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Selective Perturbations as a Diagnostic
for Benchmark-Based LLM Comparisons

Anonymous Authors1

Abstract
Benchmark accuracy is a useful summary of
model performance, but it does not show how sen-
sitive a model comparison is to question wording.
We study this sensitivity with selective perturba-
tions: small edits to multiple-choice questions
that change the answer of one target model while
preserving other models’ answers. We implement
this idea with a reference-preserving search con-
straint and evaluate the resulting perturbations
on both reference models used during search and
unseen models held out from the search. On the
full MMLU dev split, unconstrained perturbations
often degrade several models at once. With the
selectivity constraint, a large target-specific com-
ponent remains: across Gemma-3-12B, Llama-
3.1-8B, and Qwen3.5-9B, target accuracy drops
by 0.38–0.44, while reference drops remain at
most 0.04 and unseen-model drops at most 0.10.
Smaller supporting experiments on GPQA Dia-
mond, within the Gemma family, with Gemini-
2.5-Flash as target, and with selective improve-
ment show the same qualitative pattern. Manual
inspection suggests that the target-specific com-
ponent is structured: Qwen3.5-9B is more often
affected by coarse substitutions that corrupt do-
main anchors, while Gemma-3-12B is affected
by milder edits such as near-synonyms, register
shifts, and casing changes. These results sug-
gest that aggregate benchmark scores can hide not
only how often models fail, but also which local
changes expose their failures.

1. Introduction
Benchmarks such as MMLU (Hendrycks et al., 2020), BIG-
bench (Srivastava et al., 2023), GPQA (Rein et al., 2024),
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and evaluation suites such as HELM (Liang et al., 2022) are
widely used to compare large language models. A single
accuracy number is useful because it gives a compact sum-
mary of performance and makes models easy to rank. This
convention continues the earlier leaderboard-based evalua-
tion tradition of GLUE (Wang et al., 2018) and SuperGLUE
(Wang et al., 2019). But the same compactness hides local
structure: two models can obtain similar scores while rely-
ing on different parts of the question, different surface cues,
or different interactions between the stem and the answer
choices.

This matters most when benchmark scores are used com-
paratively. A small gap between two models may reflect a
stable difference in performance, or it may depend on de-
tails of the particular item wording and evaluation protocol.
Prior work has shown that evaluation results can shift under
prompt-format changes (Sclar et al., 2023), answer-order
permutations (Zheng et al., 2023), answer-extraction and
implementation choices (Biderman et al., 2024), paraphrase-
level edits (Alzahrani et al., 2024; Nalbandyan et al., 2025),
dataset-quality issues (Gema et al., 2024), and benchmark
contamination (Zhou et al., 2023; Xu et al., 2024; Zhao et al.,
2024). These results suggest that an aggregate benchmark
score is not only a property of a model and a dataset, but
also of a particular rendering of the task.

We ask a more targeted question: can local edits isolate the
part of benchmark sensitivity that is specific to one model
rather than shared across models? This question differs
from measuring whether a model can be attacked at all. A
perturbation that lowers one model’s accuracy may simply
make the item harder for every model. For benchmark com-
parison, the more informative quantity is the gap between
the target model’s degradation and the degradation of the
models against which it is being compared.

We study this question through selective perturbations.
Given a target model and a set of non-target models, we
search for edits to a multiple-choice question that change the
target’s answer while preserving the others. This separates
two effects that are mixed together in ordinary adversar-
ial degradation. Some perturbations make an item broadly
harder and transfer to many models. Others expose model-
specific sensitivity: the target changes its answer, while
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other models remain stable. An overview of the protocol is
shown in Figure 1.

To make this distinction meaningful, we separate non-target
models into reference and unseen models. Reference mod-
els are used during perturbation search through a custom
selectivity constraint. Unseen models are not queried during
search and are evaluated only after perturbations are found.
This prevents the main selectivity claim from relying only
on the models whose stability was explicitly enforced, and
turns selective perturbation search into a diagnostic for com-
parative robustness rather than a standard attack benchmark.

Overall, this paper makes the following contributions:

- We use selective perturbations as a diagnostic for
decomposing benchmark sensitivity into shared and
model-specific components. Non- selective attacks re-
veal broad sensitivity; selective attacks isolate cases
where one model is affected while others remain stable.

- We implement this diagnostic with TextAttack (Mor-
ris et al., 2020) and a reference-preserving constraint,
and evaluate the resulting perturbations on held-out
unseen models. This reference/unseen split separates
constraint satisfaction during search from post-hoc evi-
dence of selectivity.

- On the full MMLU dev split, we find that selective per-
turbations preserve a large target-specific drop while
sharply reducing collateral effects on reference and
unseen models. The same pattern holds on GPQA
Diamond as a second benchmark.

- We test the same diagnostic in supporting settings cov-
ering same-family models, an API-only frontier target,
character-level attacks, and the reverse objective of
selective improvement.

- We qualitatively inspect successful perturbations and
find that the target-specific component is structured
rather than uniform across models.

The code, data, and model outputs are available in an
anonymized repository.

2. Related Work
Benchmark sensitivity. Several studies quantify how
LLM benchmark measurements change under evaluation
choices that are not part of the nominal task. Prompt tem-
plates and formatting choices can substantially affect model
behavior (Sclar et al., 2023), and multiple-choice models are
sensitive to answer-order permutations and selection biases
(Zheng et al., 2023). Other work studies benchmark per-
turbations and leaderboard stability, showing that rankings

can shift under paraphrases, item variants, or alternative
subsets (Alzahrani et al., 2024; Nalbandyan et al., 2025).
Broader evaluation frameworks such as HELM (Liang et al.,
2022) and reproducibility-focused work on language-model
evaluation (Biderman et al., 2024) similarly emphasize that
scores depend on implementation details, prompting con-
ventions, and scoring choices. Benchmark refinements such
as MMLU-Pro (Wang et al., 2024a) and audits such as
MMLU-Redux (Gema et al., 2024) further reflect the need
for evaluation protocols that expose more than a single ag-
gregate score. Contamination studies (Zhou et al., 2023; Xu
et al., 2024; Zhao et al., 2024) raise a related concern: static
benchmark scores may partly reflect training-data exposure
rather than stable task competence. These works motivate
our setting, but most report aggregate changes in score. We
instead condition on the stability of other models to isolate
the part of the change that is specific to a target model.

Adversarial text perturbations. Text attacks span
character-level methods (Ebrahimi et al., 2017; Gao et al.,
2018), word-level substitutions (Ren et al., 2019; Jin et al.,
2020; Garg & Ramakrishnan, 2020; Li et al., 2020), and
sentence-level paraphrasing, syntactic transformations, or
style transfer (Iyyer et al., 2018; Ribeiro et al., 2018; Qi
et al., 2021). Related robustness-testing frameworks, in-
cluding CheckList (Ribeiro et al., 2020), Robustness Gym
(Goel et al., 2021), TextFlint (Gui et al., 2021), and Ad-
vGLUE (Wang et al., 2021), use transformations or chal-
lenge sets to probe failures that are hidden by held-out accu-
racy.Frameworks such as TextAttack (Morris et al., 2020),
OpenAttack (Zeng et al., 2020), and PromptBench (Zhu
et al., 2023) provide abstractions for transformations, con-
straints, and search. We use TextAttack as a scaffold, but
the quantity of interest is not target degradation alone. It
is the difference between target degradation and non-target
stability under a matched perturbation recipe.

Transferability and model-specific failures. Adversarial
perturbations can transfer between models, but transfer is
incomplete. Prior work has studied this phenomenon in
benchmark perturbations (Alzahrani et al., 2024), adversar-
ial data collection and dynamic benchmarking (Nie et al.,
2020; Kiela et al., 2021), universal triggers (Wallace et al.,
2019), and prompt-level attacks (Zhu et al., 2023; Wang
et al., 2024b; Biswas et al., 2025). In most of this work,
transferability is treated as a property of attacks or a measure
of attack strength. Our protocol uses incomplete transfer as
a measurement signal. Reference models constrain search,
while unseen models test whether perturbations remain se-
lective beyond the models used to construct them. This
makes the reference/unseen split central: reference stability
alone shows constraint satisfaction, whereas unseen-model
stability suggests the perturbation is not merely broad degra-
dation that happens to satisfy the search constraint.
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Figure 1. Selective-perturbation evaluation protocol. (a) We start from multiple-choice items from MMLU and GPQA. (b) Models are
split into target, reference, and unseen roles. The target is the model whose answer we try to change; references constrain the search;
unseen models are evaluated only after perturbations are found. (c) Candidate perturbations are produced with TextAttack transformations,
and appendix experiments also consider a sentence-level surrogate rephrasing pipeline. In the main TextAttack experiments, only the
question stem is modified. (d) Non-selective attacks require only a target change, while selective attacks additionally require reference
predictions to remain unchanged. (e) We evaluate the resulting items by comparing original and perturbed accuracies for target, reference,
and unseen models, separating broad degradation from target-specific degradation or improvement.

3. Method
Diagnostic setup. For each run, we choose a target model
Mt, a set of reference models Mr, and a set of unseen
models Mu. Reference models are used during perturbation
search; unseen models are held out and evaluated only after
perturbations are found.

For a model M , let SM (Q) be its accuracy on the origi-
nal questions Q and SM (Q′) its accuracy on the perturbed
questions Q′. We report the accuracy drop

DM = SM (Q)− SM (Q′), (1)

so positive values indicate degradation. For plots, we also
report the target-reference gap

∆t = DMt −
1

|Mr|
∑

Mi∈Mr

DMi . (2)

A larger ∆t means that the perturbation affects the target
more than the reference models.

Selective perturbations. For selective degradation, we
search for a perturbed question q′ such that the target
changes from correct to incorrect, while reference models
preserve their original correct prediction:

Mt(q) = y, Mt(q
′) ̸= y, (3)

Mi(q
′) = Mi(q) = y, Mi ∈ Mr. (4)

The non-selective baseline uses the same attack recipe but
does not enforce the reference-preservation constraint. This
baseline measures shared sensitivity: perturbations that
make the question broadly harder or less stable across mod-
els. The selective variant conditions on reference stabil-
ity and therefore isolates a target-specific component. We
always report the non-selective baseline alongside the se-
lective variant, using the same attack recipe, query budget,
and item ordering. The comparison between the two is the
basis of the diagnostic: if the target/reference gap is small in
the non-selective setting and grows under the selective con-
straint, the additional gap can be attributed to the constraint
rather than to the underlying recipe.

Attack success rate (ASR) is computed with respect to the
attempted examples for the evaluated model. For target mod-
els, success corresponds to changing an originally correct
prediction into an incorrect one in the degradation setting.
For non-target models, the same statistic measures how of-
ten the perturbation changes their originally correct answer,
so lower non-target ASR indicates better selectivity.

Implementation. The main experiments use TextAttack
with the BAE word-substitution recipe (Garg & Ramakr-
ishnan, 2020). We add a custom reference-preservation
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constraint, SelectivityMin, which rejects a candidate
perturbation if any reference model’s prediction differs from
its prediction on the original question. The attack modifies
only the question stem; the system prompt, answer choices,
and answer marker are fixed.

Prompting and scoring details. All examples are ren-
dered as four-choice questions with a fixed instruction: the
model is asked to return only the letter of the correct answer.
The same prompt template is used for MMLU and GPQA.
Each input contains the system instruction, the question
stem, the four answer choices, and the answer marker; dur-
ing attack search, only the question-stem field is exposed
to TextAttack’s modification operator. This restriction is
important for interpretation. It rules out attacks that merely
permute answer choices, alter the label format, or change
the output marker, so a successful perturbation reflects sen-
sitivity to the local wording of the question rather than to a
change in the evaluation interface. Model outputs are scored
by extracting the first occurrence of a valid answer letter.
Calls are deterministic where supported, with temperature
zero, a single completion, and a fixed seed.

Attack recipe and query accounting. The BAE recipe
proposes word substitutions with a masked-language-model
proposal distribution and a greedy word-importance search.
We use 60 candidate substitutions per step, a Universal Sen-
tence Encoder similarity threshold of 0.88, and the standard
repeat and stopword pre-transformation constraints. The
query budget is 600 target-model calls per item and 250
reference-model calls per item. Reference predictions on
the original input are cached once per item; candidate pertur-
bations are then rejected whenever any reference prediction
changes. If the reference budget is exhausted, subsequent
candidates for that item are rejected rather than treated as
successful. This makes the selective condition conserva-
tive: failure to verify reference stability cannot create an
apparently selective example.

Model access and role assignment. All main TextAt-
tack runs are executed through the same API interface
with provider fallbacks disabled. The cross-family experi-
ments cycle Gemma-3-12B, Llama-3.1-8B, and Qwen3.5-
9B through the target role, while the other two models form
the reference set. The unseen set is evaluated only after
attack search and includes a frontier model, an API-only
Gemini model, and, where applicable, a larger same-family
model. Thus the reported selectivity is tested in two ways:
directly, by enforcing reference stability during search, and
indirectly, by checking whether models that were not avail-
able to the search remain more stable than the target.

The main experiments use the full MMLU dev split
(Hendrycks et al., 2020) and the first 50 items of GPQA

Diamond (Rein et al., 2024). The target is cycled across
Gemma-3-12B, Llama-3.1-8B, and Qwen3.5-9B; the other
two models serve as references. Unseen models include
GPT-5.4, Gemini-2.5-Flash, and a larger same-family model
when applicable. Supporting experiments use Gemma-3-
4B/12B/27B in an intra-family setting, Gemini-2.5-Flash as
an API-only target, and a selective-improvement objective.
Full prompts, model identifiers, attack parameters, query
budgets, and scoring details are listed in Appendix A. The
50-item pilot corresponding to the main MMLU experiment
is reported separately in Appendix B.

4. Results
4.1. Full MMLU dev split

The main experiment uses the full MMLU dev split and
cycles Gemma-3-12B, Llama-3.1-8B, and Qwen3.5-9B as
targets. For each target, the other two models serve as
references during search, while GPT-5.4, Gemini-2.5-Flash,
and a larger same-family model are evaluated only after
perturbations are found.

Table 1 reports the full per-model breakdown. Non-selective
perturbations produce large target drops, but they also de-
grade non-target models. This is the shared-sensitivity com-
ponent: many local edits make a question broadly harder or
less stable across models. The selective constraint changes
this pattern. Across the three targets, the target still drops
by 0.38–0.44, while the maximum reference drop is 0.04.
Held-out unseen models also remain much more stable than
the target, with drops of at most 0.10.

The gap between selective and non-selective attacks is cen-
tral to the interpretation. The non-selective attack shows that
the base perturbation mechanism can degrade many models
at once. The selective attack shows that a sizeable part of the
degradation remains after conditioning on reference-model
stability. The unseen-model columns make the result less
dependent on the two references used during search: in all
three target settings, unseen drops are much smaller than tar-
get drops. The 50-item pilot version of the same experiment
is reported in Appendix B.

4.2. GPQA Diamond

To check that the pattern is not specific to MMLU, we
repeat the cross-family setup on the first 50 questions of
GPQA Diamond (Rein et al., 2024), a harder benchmark
whose baseline accuracies are substantially lower. Results
are reported in Table 2.

The absolute target drops are smaller than on MMLU, which
is expected given the lower original accuracies. The rele-
vant pattern remains: under the selective constraint, the
target drops by 0.16–0.20, while reference drops are at most
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Table 1. Selectivity evaluation of the BAE attack on the full MMLU dev split (285 questions) for all three cross-family targets. Each block
groups a distinct target. Selective: attack uses our custom selectivity constraint; Non-selective: standard BAE. Models marked with † are
targets; models marked with ‡ are in the optimization reference set; all others are unseen (not used during adversarial optimization). Calls:
number of model queries during optimization (unseen models receive one call per question). ASR: attack success rate. The selectivity gap
observed on the 50-question pilot (Table 8) is preserved at full-split scale: target drops of 0.38 to 0.44 under the selective constraint with
at most 0.04 drop on reference models and at most 0.10 drop on unseen models.

Target Evaluated model Orig. Acc. Selective Non-selective

Calls Acc. ASR Calls Acc. ASR

Gemma-3-12B

Gemma-3-12B † 0.73 33835 0.29−0.44↓ 0.59 93489 0.12−0.61↓ 0.84
Qwen3.5-9B ‡ 0.79 34564 0.78−0.02↓ 0.04 460 0.62−0.17↓ 0.22
Llama-3.1-8B ‡ 0.66 32076 0.64−0.02↓ 0.05 460 0.48−0.18↓ 0.31
GPT-5.4 0.90 408 0.86−0.05↓ 0.05 460 0.71−0.19↓ 0.21
Gemini-2.5-Flash 0.87 408 0.82−0.05↓ 0.07 460 0.68−0.19↓ 0.23
Gemma-3-27B 0.74 408 0.67−0.07↓ 0.10 460 0.49−0.25↓ 0.35

Llama-3.1-8B

Llama-3.1-8B † 0.68 30256 0.30−0.38↓ 0.56 69030 0.13−0.55↓ 0.81
Gemma-3-12B ‡ 0.74 31060 0.72−0.02↓ 0.04 444 0.56−0.18↓ 0.26
Qwen3.5-9B ‡ 0.81 28201 0.79−0.01↓ 0.03 444 0.64−0.17↓ 0.21
GPT-5.4 0.90 394 0.87−0.03↓ 0.04 444 0.76−0.14↓ 0.16
Gemini-2.5-Flash 0.87 394 0.85−0.02↓ 0.03 444 0.73−0.14↓ 0.17
Llama-3.1-70B 0.77 394 0.73−0.04↓ 0.06 444 0.63−0.14↓ 0.20

Qwen3.5-9B

Qwen3.5-9B † 0.79 38356 0.41−0.39↓ 0.49 91781 0.14−0.65↓ 0.82
Gemma-3-12B ‡ 0.73 40226 0.69−0.04↓ 0.06 470 0.46−0.27↓ 0.37
Llama-3.1-8B ‡ 0.67 36799 0.65−0.01↓ 0.04 470 0.49−0.17↓ 0.29
GPT-5.4 0.90 395 0.83−0.07↓ 0.09 470 0.71−0.19↓ 0.21
Gemini-2.5-Flash 0.88 395 0.78−0.10↓ 0.12 470 0.65−0.23↓ 0.27
Qwen3.5-27B 0.87 395 0.80−0.07↓ 0.09 470 0.64−0.23↓ 0.27

0.02 and unseen drops at most 0.05. This suggests that the
shared-versus-target-specific decomposition is not specific
to MMLU, although the absolute magnitudes depend on
benchmark difficulty.

Because this experiment uses only the first 50 GPQA Dia-
mond items, we treat it as a cross-benchmark check rather
than a full-scale estimate of GPQA selectivity. Its role is to
test whether the qualitative separation between shared and
target-specific sensitivity persists when the baseline task is
much harder and original accuracies are lower.

4.3. Supporting settings

Figure 2 summarizes three settings: the full MMLU cross-
family experiment, the Gemma intra-family experiment, and
GPQA Diamond. The detailed side-experiment tables are in
Appendix C, Appendix D, Appendix E, and Appendix F.

Within the Gemma family, selectivity is weaker than in the
cross-family setting, but target drops of 0.33–0.44 remain
larger than same-family reference drops. With Gemini-2.5-
Flash as an API-only target, the selective attack produces
a 0.41 target drop while both reference models remain un-
changed in accuracy. The selective-improvement setting
shows the same idea in the opposite direction: local edits
can selectively raise target accuracy while mostly preserving
reference behavior. Character-level attacks produce weaker
and less informative selectivity gaps than word-level substi-

tutions.

The character-level comparison is useful as an ablation on
the perturbation class. DeepWordBug changes the surface
form of tokens through small character edits, whereas BAE
replaces words with masked-language-model proposals sub-
ject to semantic and syntactic constraints. In our 50-item
MMLU comparison, the character-level attacks still some-
times change the target answer, but the target drops are
smaller and the gap between selective and non-selective
conditions is less stable. This suggests that the strongest
diagnostic signal in our setting comes from substitutions
that preserve a readable question while changing the lex-
ical cues available to the model. It also helps rule out a
trivial explanation in which any perturbation budget would
automatically yield the same selective effect.

The supporting experiments therefore play different roles.
The intra-family study asks whether selectivity persists
when target and references share more training and archi-
tectural structure; the frontier-target study asks whether the
method requires open-weight access; the improvement study
checks whether the same search logic can move accuracy
upward rather than only downward; and the character-level
study tests whether the effect depends on the word-level
substitution space. Across these variants, the magnitude
changes, but the diagnostic distinction between shared and
target-specific sensitivity remains visible.
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Table 2. Selectivity evaluation of the BAE attack on the first 50 questions of GPQA Diamond for all three cross-family targets. Each block
groups a distinct target. Selective: attack uses our custom selectivity constraint; Non-selective: standard BAE. Models marked with † are
targets; models marked with ‡ are in the optimization reference set; all others are unseen (not used during adversarial optimization). Calls:
number of model queries during optimization (unseen models receive one call per question). ASR: attack success rate. The selectivity gap
is preserved on this harder benchmark, with reference and unseen models exhibiting near-zero drops under the selective constraint despite
substantial drops on the targets.

Target Evaluated model Orig. Acc. Selective Non-selective

Calls Acc. ASR Calls Acc. ASR

Gemma-3-12B

Gemma-3-12B † 0.27 2614 0.10−0.17↓ 0.64 7911 0.02−0.25↓ 0.92
Qwen3.5-9B ‡ 0.37 2044 0.38+0.01↑ 0.00 62 0.34−0.03↓ 0.06
Llama-3.1-8B ‡ 0.32 1942 0.32+0.00 0.00 62 0.30−0.02↓ 0.06
GPT-5.4 0.53 59 0.54+0.01↑ 0.00 62 0.48−0.05↓ 0.08
Gemini-2.5-Flash 0.35 59 0.32−0.03↓ 0.00 62 0.34−0.01↓ 0.11
Gemma-3-27B 0.33 59 0.34+0.01↑ 0.00 62 0.30−0.03↓ 0.13

Llama-3.1-8B

Llama-3.1-8B † 0.30 3056 0.14−0.16↓ 0.53 6375 0.06−0.24↓ 0.80
Gemma-3-12B ‡ 0.24 2626 0.24+0.00 0.00 62 0.22−0.02↓ 0.08
Qwen3.5-9B ‡ 0.39 2369 0.38−0.01↓ 0.00 62 0.38−0.01↓ 0.05
GPT-5.4 0.58 58 0.56−0.02↓ 0.03 62 0.56−0.02↓ 0.07
Gemini-2.5-Flash 0.33 58 0.36+0.03↑ 0.06 62 0.30−0.03↓ 0.13
Llama-3.1-70B 0.50 58 0.48−0.02↓ 0.04 62 0.48−0.02↓ 0.04

Qwen3.5-9B

Qwen3.5-9B † 0.38 3440 0.18−0.20↓ 0.53 13529 0.12−0.26↓ 0.68
Gemma-3-12B ‡ 0.28 3419 0.26−0.02↓ 0.07 63 0.26−0.02↓ 0.07
Llama-3.1-8B ‡ 0.32 2988 0.32+0.00 0.00 63 0.32+0.00 0.00
GPT-5.4 0.58 60 0.60+0.02↑ 0.00 63 0.50−0.08↓ 0.11
Gemini-2.5-Flash 0.33 60 0.28−0.05↓ 0.13 63 0.32−0.01↓ 0.06
Qwen3.5-27B 0.49 60 0.52+0.03↑ 0.00 63 0.44−0.05↓ 0.13

Taken together, these experiments show variation rather than
a single universal effect size. The model-specific component
is largest in the cross-family MMLU setting, smaller on
GPQA where baseline accuracies leave less headroom, and
weaker within one model family. This is consistent with
the diagnostic view: the protocol measures how much of
a model’s sensitivity is shared with its references and how
much is target-specific.

5. Qualitative Analysis
To connect the aggregate drops to concrete changes in the
questions, we manually inspected successful selective per-
turbations for two targets in the cross-family experiment:
Gemma-3-12B and Qwen3.5-9B. This is a descriptive anal-
ysis rather than a complete taxonomy of either model. Rep-
resentative examples are shown in Table 3; extended notes
are in Appendix G.

The inspected perturbations suggest different local failure
profiles. Qwen3.5-9B is often affected by coarse substi-
tutions that remove or corrupt a domain anchor, such as
replacing a technical term with a generic or incompatible
word. These edits can look semantically odd to a human
reader, but the reference models often preserve the original
answer, apparently using the remaining context and answer
choices.

Gemma-3-12B is more often affected by milder edits: near-

synonyms, register shifts, casing changes, or small changes
in function words. These are closer to ordinary wording
variation, although not all of them are strict paraphrases.
The point is not that one target is globally more robust than
the other, but that their target-specific components have
different linguistic content.

These examples also clarify why we treat selective perturba-
tions as a diagnostic rather than as a claim about semantic
equivalence. Some successful edits are close to benign
benchmark variation: for example, replacing a technical
noun with a near-synonym or changing the register of a
short phrase. Other edits are less faithful because they dam-
age a domain anchor while leaving enough context for other
models to answer correctly. Both types are informative,
but they answer different questions. The former indicates
brittleness to wording that a human annotator might plau-
sibly accept; the latter indicates which lexical anchors a
model overuses or fails to recover from. Separating these
cases is important for future use of the protocol, because the
same aggregate target drop can be produced by qualitatively
different perturbation mixtures.

This qualitative difference helps interpret the quantitative
results. Selective perturbations do not merely identify that a
model can be made wrong. They show what kinds of local
changes are disproportionately associated with one model’s
failures while other models remain stable.
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Figure 2. Target and reference drops across the main and supporting settings. Panels show the full MMLU cross-family experiment,
the Gemma intra-family experiment, and GPQA Diamond. Light bars show non-selective perturbations; dark bars show selective
perturbations. Labels report the target-reference drop gap. Selective perturbations reduce collateral reference degradation while preserving
a target-specific component.

Table 3. Representative successful selective attacks (BAE with custom constraint) against Gemma-3-12B (top) and Qwen3.5-9B (bottom)
on the MMLU dev split. The substituted token is shown in bold. In all cases shown, the target answers correctly on the original and
incorrectly on the perturbed input, while both reference models answer correctly on both versions.

Pattern Original (excerpt) Perturbed (excerpt)

Target: Gemma-3-12B — failures on near-paraphrases

Near-synonym . . . telescope with an aperture of 50 cm. . . . telescope with an opening of 50 cm.
Near-synonym . . . how many attempts . . . , according to the med-

ical knowledge . . .
. . . how many attempts . . . , pursuant to the med-
ical knowledge . . .

Casing only Consider a computer design . . . consider a computer design . . .
Polarity flip The presence of homologous structures . . . indi-

cates . . .
The absence of homologous structures . . . indi-
cates . . .

Target: Qwen3.5-9B — failures on semantically incongruent substitutions

Domain-anchor removal What is the embryological origin of the hyoid
bone?

What is the actual origin of the hyoid bone?

Domain-anchor removal . . . accurate statement concerning arthropods? . . . accurate statement concerning diversity?
Incongruent term Why is Mars red? Why is Mars purple?
Incongruent term Every function from a finite set onto itself . . . Every function from a continuous set onto itself

. . .

6. Discussion
Shared and model-specific sensitivity. The central ob-
servation is that local benchmark perturbations contain both
shared and model-specific components. Non-selective at-
tacks expose the shared component: many edits degrade sev-
eral models at once. Selective attacks condition on reference-
model stability and reveal a remaining target-specific com-
ponent. This distinction is useful for interpreting benchmark
comparisons, especially when two models have similar ag-
gregate accuracy.

Unseen models are necessary. Reference models are part
of the construction, so their stability alone is not enough
to support a selectivity claim. The held-out unseen models

provide the more informative test. In the full MMLU ex-
periment, unseen-model drops remain much smaller than
target drops across all three targets, suggesting that the per-
turbations are not simply broad degradations that happen to
satisfy the reference constraint.

Ranking is not invariant to local wording. A concrete
consequence of the main result is that the order of two
similar-performing models on a benchmark can be reversed
by local edits. On the full MMLU dev split, Qwen3.5-9B
and Gemma-3-12B differ by 6 points in original accuracy
(0.79 versus 0.73). Under selective edits with Qwen as
target, Qwen drops to 0.41 while Gemma stays at 0.69. The
two models swap places in the ranking, even though the
answer choices, prompt format, and benchmark items are

7
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unchanged. This concerns the comparison itself, not only
whether a model can be made wrong.

A practical implication is that benchmark reports should not
treat a single accuracy gap as self-explanatory. When two
models are close in aggregate score, selective perturbation
slices can indicate whether the apparent gap is stable across
local wording changes or depends on idiosyncratic sensitiv-
ity. This does not replace aggregate benchmarks, but adds a
diagnostic layer for close comparisons.

Why the non-selective baseline matters. The selective
result would be hard to interpret without the matched non-
selective attack. A large target drop alone could mean that
the target is fragile, but it could also mean that the pertur-
bation recipe simply makes many benchmark items invalid
or harder for all models. The non-selective baseline esti-
mates this shared component under the same recipe and
item ordering. The selective condition then asks how much
degradation remains after explicitly conditioning on refer-
ence stability. In this sense, the method is not an attack
leaderboard. It is a paired diagnostic: the difference be-
tween the two conditions is the evidence that the observed
failure mode is more target-specific than the perturbation
recipe by itself.

Reference choice affects the question being asked. The
reference set defines the comparison class. If the references
are close variants of the target, as in the Gemma intra-family
experiment, the constraint is stricter with respect to family-
shared behavior and the selectivity gap becomes smaller. If
the references come from different model families, the proto-
col is better suited for detecting model-specific sensitivities
that do not transfer broadly. Neither choice is universally
correct. For leaderboard interpretation, references should
be the models whose comparison with the target is substan-
tively important. For robustness analysis, references can be
chosen to control for a hypothesized nuisance factor, such as
prompt format sensitivity or shared benchmark familiarity.

Semantic validity is a spectrum. The perturbations found
by the search are local edits, not a curated set of human-
validated paraphrases. Some preserve meaning closely; oth-
ers corrupt a domain term or make the question less co-
herent. We treat them as interventions on model behavior
rather than as a pure paraphrase benchmark. This choice
is appropriate for diagnosing which local changes expose
model-specific failures, but it also limits how the results
should be interpreted.

7. Limitations
Our perturbation class is limited: the main experiments use
word-level TextAttack substitutions, with character-level

and sentence-level variants reported only as supporting stud-
ies. The perturbations are not all meaning-preserving, so
the protocol is different from a human-validated paraphrase
robustness benchmark. The qualitative analysis covers two
targets in detail and should be treated as descriptive, not
as a mechanistic explanation of model behavior. The ex-
periments use widely studied benchmarks, so pretraining
contamination may affect both original accuracy and per-
turbation sensitivity. We do not run multi-seed reruns of
the search procedure, so per-cell numbers are single-seed
estimates. Finally, all evaluated frontier models are accessed
through APIs and may change over time.

A second limitation is that the protocol measures selectivity
relative to the chosen references, not an absolute property
of a perturbation. A perturbation that is selective against
two reference models may still transfer to a different unseen
model with similar inductive biases. We partially address
this by evaluating held-out models after search, but this is
still a finite sample of possible non-target systems. The
method should therefore be interpreted as evidence about
a comparison set rather than as a guarantee that an edit is
uniquely harmful to one model.

8. Conclusion
Selective perturbations can serve as a diagnostic for
benchmark-based LLM comparisons. The main result is
not only that such perturbations can be constructed, but
that they separate two kinds of benchmark sensitivity. Non-
selective perturbations often reveal shared sensitivity, de-
grading several models at once. With a reference-preserving
constraint, a large target-specific component remains: on the
full MMLU dev split, target models drop by 0.38–0.44 while
reference and unseen models remain much more stable. The
same qualitative pattern appears on GPQA Diamond and in
supporting settings, although the effect size changes. Man-
ual inspection suggests that the target-specific component
is structured: different models fail under different kinds of
local edits.

Software and Data
We provide an anonymized repository with the code, at-
tack configurations, perturbed datasets, model outputs, and
scripts used to produce the results:

https://anonymous.4open.science/r/
Selective_attacks
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A. Reproducibility Details
This appendix lists the experimental details needed to interpret the results in the main paper. The released artifact contains
per-example outputs, successful perturbations, aggregate selectivity tables, and scripts for reproducing the plots. All main
TextAttack experiments are run through the OpenRouter API.

A.1. Datasets and prompts

Table 4 summarizes the dataset splits, item counts, ordering, and choice formatting used in the MMLU and GPQA
experiments.

Table 4. Dataset settings. MMLU is used for the main full-split experiment and for 50-item supporting studies. GPQA Diamond is used in
the cross-benchmark experiment.

Field MMLU GPQA Diamond

HuggingFace ID cais/mmlu Idavidrein/gpqa
Configuration all subjects gpqa diamond
Split dev train
Items in split 285 198
Items used in 50-item runs first 50 first 50
Question ordering as returned by HF as returned by HF
Choices shuffled no yes, seed 42
Choice format A/B/C/D A/B/C/D

The prompt template is identical across datasets:

You are a helpful assistant. Respond with only the letter of the correct answer
(A, B, C, or D).
Question: <q>
Choices:
A. <c0>
B. <c1>
C. <c2>
D. <c3>
Answer:

The input columns visible to TextAttack are system prompt, question, choices, and answer word. We use
InputColumnModification to restrict attacks to the question column. The system prompt, answer choices, and
answer marker are fixed in the TextAttack experiments.

A.2. Attack settings

Table 5 lists the TextAttack recipes, constraints, and query budgets used for the word-level and character-level experiments.

The selective constraint rejects a candidate if any reference model’s prediction differs from its prediction on the original
question. Reference predictions on original questions are cached once per item. When the per-question reference budget is
exhausted, all further candidates for that question are rejected.

A.3. Inference settings and model identifiers

Table 6 reports the shared inference settings for OpenRouter calls, and Table 7 lists the model identifiers and roles used
across experiments.

B. Pilot 50-Item Cross-Family Study
Before running the full MMLU dev split, we ran the same cross-family setup on the first 50 MMLU dev questions. Table 8
reports the pilot results. The pilot shows the same qualitative structure as the full-split result, although individual effect sizes
differ.
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Table 5. Attack settings used in the main and appendix experiments. BAE is the main word-level recipe. DeepWordBug is included as a
character-level comparison in Appendix F.

Field BAE DeepWordBug

Transformation WordSwapMaskedLM(method="bae") character edits
Candidate count 60 not applicable
Masked LM bert-base-uncased not applicable
Search method GreedyWordSwapWIR("delete") GreedyWordSwapWIR()
Goal function untargeted classification untargeted classification
Improvement goal untargeted improvement variant same
Pre-transformation constraints repeat, stopword repeat, stopword
Semantic similarity USE threshold 0.88 none
POS constraint verb/noun swaps allowed none
Edit-distance constraint none Levenshtein ϵ = 50
Target query budget 600 per item 600 per item
Reference query budget 250 per item 250 per item

Table 6. Inference settings for OpenRouter calls.

Field Value

Temperature 0
Max tokens 16
Number of completions 1
Seed 42
Reasoning disabled where supported
Provider fallbacks disabled
Timeout 60 seconds
Retry policy up to 15 attempts for transient API errors
Letter extraction first match of [ABCD]
No-letter output uniform over A/B/C/D, argmax resolves to A
Observed frequency of no-letter outputs less than 1% of calls

C. Gemma Intra-Family Study
The intra-family experiment tests whether selectivity remains visible when the target and reference models come from the
same model family. Table 9 reports the Gemma-3-4B/12B/27B results.

Selectivity is weaker within the Gemma family than in the main cross-family MMLU setting, but it does not disappear. The
selective target drops remain substantial, while same-family reference drops are smaller.

D. Frontier Target Study
This experiment uses Gemini-2.5-Flash as the target and Qwen3.5-9B and Llama-3.1-8B as references. Table 10 reports the
frontier-target results.

The selective constraint produces a large drop on Gemini-2.5-Flash while leaving both reference models unchanged in
accuracy. This suggests that the protocol does not rely on model internals or open-weight access.

E. Selective Improvement
The improvement setting reverses the direction of the objective: perturbations are selected to improve the target while
preserving non-target behavior. Table 11 reports the selective-improvement results.

Selective improvement is weaker than selective degradation in some settings, but it is reproducible across targets. This
supports the view that the protocol probes directional model-specific sensitivity.

F. Character-Level Attacks
We evaluate DeepWordBug (Gao et al., 2018) as a character-level comparison. Table 12 reports the character-level results.
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Table 7. OpenRouter model identifiers.

Display name OpenRouter identifier Role

Qwen3.5-9B qwen/qwen3.5-9b target/reference
Gemma-3-12B google/gemma-3-12b-it target/reference
Llama-3.1-8B meta-llama/llama-3.1-8b-instruct target/reference
Gemma-3-4B google/gemma-3-4b-it intra-family target/reference
Gemma-3-27B google/gemma-3-27b-it unseen / intra-family target/reference
Gemini-2.5-Flash google/gemini-2.5-flash target/unseen
GPT-5.4 openai/gpt-5.4 unseen
Llama-3.1-70B meta-llama/llama-3.1-70b-instruct unseen
Qwen3.5-27B qwen/qwen3.5-27b unseen

Table 8. Selectivity evaluation of the BAE attack on 50 MMLU dev-split questions. Each block groups a distinct target. Selective: attack
uses our custom selectivity constraint; Non-selective: standard BAE. Models marked with † are targets; models marked with ‡ are in
the optimization reference set; all others are unseen (not used during adversarial optimization). Calls: number of model queries during
optimization (unseen models receive one call per question). ASR: attack success rate. For targets, lower Acc.∆ and higher ASR indicate a
stronger attack; for non-targets, ∆ close to zero indicates better selectivity. Stronger selectivity manifests as a large target/non-target gap
in Acc.∆ and ASR.

Target Evaluated model Orig. Acc. Selective Non-selective

Calls Acc. ASR Calls Acc. ASR

Gemma-3-12B

Gemma-3-12B † 0.65 4548 0.18−0.47↓ 0.73 5490 0.10−0.55↓ 0.84
Qwen3.5-9B ‡ 0.73 4482 0.76+0.03↑ 0.00 77 0.74+0.01↑ 0.05
Llama-3.1-8B ‡ 0.61 4343 0.60−0.01↓ 0.10 77 0.50−0.11↓ 0.27
GPT-5.4 0.89 74 0.82−0.07↓ 0.07 77 0.86−0.03↓ 0.04
Gemini-2.5-Flash 0.88 74 0.78−0.10↓ 0.11 77 0.80−0.08↓ 0.09
Gemma-3-27B 0.62 74 0.54−0.08↓ 0.13 77 0.50−0.12↓ 0.19

Llama-3.1-8B

Llama-3.1-8B † 0.58 3553 0.16−0.42↓ 0.71 5930 0.10−0.50↓ 0.83
Gemma-3-12B ‡ 0.70 3814 0.66−0.04↓ 0.06 75 0.60−0.10↓ 0.17
Qwen3.5-9B ‡ 0.73 3226 0.70−0.03↓ 0.03 75 0.58−0.16↓ 0.22
GPT-5.4 0.86 70 0.82−0.04↓ 0.00 75 0.78−0.08↓ 0.13
Gemini-2.5-Flash 0.82 70 0.82+0.00 0.00 75 0.70−0.12↓ 0.17
Llama-3.1-70B 0.76 70 0.70−0.06↓ 0.08 75 0.66−0.10↓ 0.13

Qwen3.5-9B

Qwen3.5-9B † 0.72 6159 0.40−0.32↓ 0.44 8872 0.18−0.54↓ 0.75
Gemma-3-12B ‡ 0.69 6772 0.64−0.05↓ 0.06 77 0.52−0.17↓ 0.26
Llama-3.1-8B ‡ 0.62 6100 0.60−0.02↓ 0.03 77 0.48−0.14↓ 0.26
GPT-5.4 0.89 66 0.88−0.01↓ 0.07 77 0.74−0.15↓ 0.16
Gemini-2.5-Flash 0.88 66 0.82−0.06↓ 0.09 77 0.66−0.22↓ 0.25
Qwen3.5-27B 0.80 66 0.76−0.04↓ 0.05 77 0.66−0.14↓ 0.18

DeepWordBug produces smaller target drops than BAE and a smaller difference between selective and non-selective settings,
suggesting that word-level substitutions are a stronger probe in this setup.

G. Extended Qualitative Analysis
The qualitative examples in Table 3 summarize successful selective perturbations for Gemma-3-12B and Qwen3.5-9B. The
analysis is descriptive: it connects aggregate drops to concrete local changes in question wording.

Qwen3.5-9B. Qwen3.5-9B is often affected by coarse substitutions that remove or corrupt a domain anchor. Examples
include replacing technical terms with generic or incompatible words. These changes can make the question semantically
odd, but reference models often preserve the original answer using the remaining context and answer choices.

Gemma-3-12B. Gemma-3-12B is more often affected by milder edits, including near-synonyms, register shifts, casing
changes, and small changes in function words. These edits are closer to ordinary wording variation, although not all are
strict paraphrases.

13



715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755
756
757
758
759
760
761
762
763
764
765
766
767
768
769

Selective Perturbations as a Diagnostic for Benchmark-Based LLM Comparisons

Table 9. Intra-family selectivity evaluation of the BAE attack on 50 MMLU dev-split questions across Gemma-3 models of different
scales. Each block groups a distinct target. Selective: attack uses our custom selectivity constraint; Non-selective: standard BAE. Models
marked with † are targets; models marked with ‡ are in the optimization reference set (same-family models of different size); all others are
unseen (not used during adversarial optimization). Calls: number of model queries during optimization (unseen models receive one call
per question). ASR: attack success rate. For targets, lower Acc.∆ and higher ASR indicate a stronger attack; for non-targets, ∆ close to
zero indicates better selectivity.

Target Evaluated model Orig. Acc. Selective Non-selective

Calls Acc. ASR Calls Acc. ASR

Gemma-3-27B

Gemma-3-27B † 0.64 4176 0.20−0.44↓ 0.69 4705 0.08−0.56↓ 0.88
Gemma-3-12B ‡ 0.70 4601 0.62−0.08↓ 0.11 81 0.52−0.18↓ 0.26
Gemma-3-4B ‡ 0.53 4129 0.50−0.03↓ 0.04 81 0.44−0.09↓ 0.19
GPT-5.4 0.86 74 0.80−0.06↓ 0.07 81 0.72−0.14↓ 0.16
Gemini-2.5-Flash 0.87 74 0.82−0.05↓ 0.05 81 0.78−0.09↓ 0.11
Qwen3.5-9B 0.73 74 0.66−0.07↓ 0.08 81 0.60−0.13↓ 0.19
Llama-3.1-8B 0.61 74 0.58−0.03↓ 0.07 81 0.50−0.11↓ 0.19

Gemma-3-12B

Gemma-3-12B † 0.67 4594 0.24−0.43↓ 0.65 5634 0.10−0.57↓ 0.85
Gemma-3-27B ‡ 0.64 5069 0.64+0.00 0.00 78 0.52−0.12↓ 0.19
Gemma-3-4B ‡ 0.50 4369 0.46−0.04↓ 0.08 78 0.44−0.06↓ 0.16
GPT-5.4 0.83 72 0.74−0.09↓ 0.08 78 0.86+0.03↑ 0.04
Gemini-2.5-Flash 0.90 72 0.80−0.10↓ 0.11 78 0.80−0.10↓ 0.11
Qwen3.5-9B 0.73 72 0.74+0.01↑ 0.03 78 0.70−0.03↓ 0.06
Llama-3.1-8B 0.61 72 0.60−0.01↓ 0.10 78 0.50−0.11↓ 0.27

Gemma-3-4B

Gemma-3-4B † 0.47 3484 0.14−0.33↓ 0.70 7841 0.06−0.41↓ 0.88
Gemma-3-12B ‡ 0.69 3650 0.68−0.01↓ 0.03 71 0.54−0.15↓ 0.21
Gemma-3-27B ‡ 0.63 3299 0.64+0.01↑ 0.03 71 0.50−0.13↓ 0.19
GPT-5.4 0.89 66 0.90+0.01↑ 0.02 71 0.74−0.15↓ 0.14
Gemini-2.5-Flash 0.87 66 0.84−0.03↓ 0.05 71 0.78−0.09↓ 0.12
Qwen3.5-9B 0.74 66 0.68−0.06↓ 0.06 71 0.72−0.02↓ 0.05
Llama-3.1-8B 0.61 66 0.58−0.03↓ 0.06 71 0.50−0.11↓ 0.20

H. Surrogate-Model Pipeline
We also explored a sentence-level surrogate-model pipeline. A surrogate generator produced multiple rephrasings per item,
which were scored using a target/reference objective. The resulting preferences were used for supervised fine-tuning or
direct preference optimization. These experiments are preliminary and complementary to the TextAttack setting, where
perturbation scope and constraints are easier to audit.
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Table 10. Selectivity evaluation of the BAE attack against a frontier target (Gemini-2.5-Flash) on 50 MMLU dev-split questions. Selective:
attack uses our custom selectivity constraint; Non-selective: standard BAE. The model marked with † is the target; models marked with ‡
are in the optimization reference set; the remaining models are unseen (not used during adversarial optimization). Calls: number of model
queries during optimization (unseen models receive one call per question). ASR: attack success rate. For the target, lower Acc.∆ and
higher ASR indicate a stronger attack; for non-targets, ∆ close to zero indicates better selectivity. The selective constraint maintains a
near-zero drop on reference and unseen models while still degrading the frontier target by 0.41.

Evaluated model Orig. Acc. Selective Non-selective

Calls Acc. ASR Calls Acc. ASR

Gemini-2.5-Flash † 0.83 6038 0.42−0.41↓ 0.49 6666 0.12−0.71↓ 0.86
Qwen3.5-9B ‡ 0.72 6746 0.72+0.00 0.00 88 0.58−0.14↓ 0.19
Llama-3.1-8B ‡ 0.62 6248 0.62+0.00 0.03 88 0.46−0.16↓ 0.29
Gemma-3-12B 0.68 70 0.58−0.10↓ 0.18 88 0.54−0.14↓ 0.26
GPT-5.4 0.89 70 0.84−0.05↓ 0.05 88 0.70−0.19↓ 0.22

Table 11. Selectivity evaluation of the BAE attack in the improvement setting on 50 MMLU dev-split questions: the attack is configured to
increase target accuracy while preserving non-target behavior. Each block groups a distinct target. Selective: attack uses our custom
selectivity constraint; Non-selective: standard BAE. Models marked with † are targets; models marked with ‡ are in the optimization
reference set; all others are unseen (not used during adversarial optimization). Calls: number of model queries during optimization
(unseen models receive one call per question). ASR: attack success rate (fraction of questions where the target switches from incorrect to
correct). For targets, higher Acc.∆ and higher ASR indicate stronger selective improvement; for non-targets, ∆ close to zero indicates
better selectivity.

Target Evaluated model Orig. Acc. Selective Non-selective

Calls Acc. ASR Calls Acc. ASR

Gemma-3-12B

Gemma-3-12B † 0.66 2041 0.86+0.20↑ 0.30 4292 0.96+0.30↑ 0.45
Qwen3.5-9B ‡ 0.73 2626 0.74+0.01↑ 0.01 65 0.68−0.05↓ 0.07
Llama-3.1-8B ‡ 0.63 2234 0.62−0.01↓ 0.02 65 0.62−0.01↓ 0.02
GPT-5.4 0.87 60 0.88+0.01↑ 0.01 65 0.84−0.03↓ 0.03
Gemini-2.5-Flash 0.86 60 0.86+0.00 0.00 65 0.80−0.06↓ 0.07
Gemma-3-27B 0.63 60 0.66+0.03↑ 0.05 65 0.64+0.01↑ 0.02

Llama-3.1-8B

Llama-3.1-8B † 0.58 2564 0.86+0.28↑ 0.48 4508 0.88+0.30↑ 0.52
Gemma-3-12B ‡ 0.67 2854 0.68+0.01↑ 0.01 65 0.66−0.01↓ 0.01
Qwen3.5-9B ‡ 0.69 2486 0.74+0.05↑ 0.07 65 0.76+0.07↑ 0.10
GPT-5.4 0.88 64 0.82−0.06↓ 0.07 65 0.90+0.02↑ 0.02
Gemini-2.5-Flash 0.86 64 0.84−0.02↓ 0.02 65 0.80−0.06↓ 0.07
Llama-3.1-70B 0.76 64 0.74−0.02↓ 0.03 65 0.74−0.02↓ 0.03

Qwen3.5-9B

Qwen3.5-9B † 0.71 1698 0.90+0.19↑ 0.27 3311 0.98+0.27↑ 0.38
Gemma-3-12B ‡ 0.62 2205 0.70+0.08↑ 0.13 64 0.70+0.08↑ 0.13
Llama-3.1-8B ‡ 0.60 1841 0.58−0.02↓ 0.03 64 0.64+0.04↑ 0.07
GPT-5.4 0.89 59 0.86−0.03↓ 0.03 64 0.86−0.03↓ 0.03
Gemini-2.5-Flash 0.88 59 0.84−0.04↓ 0.05 64 0.86−0.02↓ 0.02
Qwen3.5-27B 0.84 59 0.82−0.02↓ 0.02 64 0.86+0.02↑ 0.02
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Table 12. Selectivity evaluation of the DeepWordBug (character-level) attack on 50 MMLU dev-split questions. Each block groups a
distinct target. Selective: attack uses our custom selectivity constraint; Non-selective: standard DeepWordBug. Models marked with † are
targets; models marked with ‡ are in the optimization reference set; all others are unseen (not used during adversarial optimization). Calls:
number of model queries during optimization (unseen models receive one call per question). ASR: attack success rate. Compared with
BAE (Table 8), DeepWordBug induces smaller target drops overall and produces less consistent selectivity, indicating that character-level
perturbations are weaker drivers of model-specific failures than word-level substitutions.

Target Evaluated model Orig. Acc. Selective Non-selective

Calls Acc. ASR Calls Acc. ASR

Gemma-3-12B

Gemma-3-12B † 0.65 1727 0.42−0.23↓ 0.34 2032 0.36−0.29↓ 0.45
Qwen3.5-9B ‡ 0.71 1314 0.76+0.05↑ 0.00 65 0.72+0.01↑ 0.05
Llama-3.1-8B ‡ 0.61 1294 0.62+0.01↑ 0.03 65 0.52−0.09↓ 0.14
GPT-5.4 0.85 61 0.84−0.01↓ 0.00 65 0.80−0.05↓ 0.07
Gemini-2.5-Flash 0.87 61 0.82−0.05↓ 0.05 65 0.82−0.05↓ 0.07
Gemma-3-27B 0.61 61 0.62+0.01↑ 0.03 65 0.52−0.09↓ 0.13

Llama-3.1-8B

Llama-3.1-8B † 0.62 1689 0.38−0.24↓ 0.41 1759 0.36−0.26↓ 0.40
Gemma-3-12B ‡ 0.68 1295 0.68+0.00 0.00 62 0.68+0.00 0.00
Qwen3.5-9B ‡ 0.76 1157 0.74−0.02↓ 0.03 62 0.72−0.04↓ 0.05
GPT-5.4 0.86 63 0.86+0.00 0.00 62 0.86+0.00 0.00
Gemini-2.5-Flash 0.88 63 0.84−0.04↓ 0.07 62 0.86−0.02↓ 0.00
Llama-3.1-70B 0.77 63 0.78+0.01↑ 0.00 62 0.74−0.03↓ 0.03

Qwen3.5-9B

Qwen3.5-9B † 0.72 1954 0.58−0.14↓ 0.19 2128 0.56−0.16↓ 0.22
Gemma-3-12B ‡ 0.68 1589 0.68+0.00 0.03 58 0.68+0.00 0.03
Llama-3.1-8B ‡ 0.62 1482 0.58−0.04↓ 0.03 58 0.60−0.02↓ 0.06
GPT-5.4 0.87 57 0.82−0.05↓ 0.05 58 0.86−0.01↓ 0.02
Gemini-2.5-Flash 0.88 57 0.86−0.02↓ 0.00 58 0.92+0.04↑ 0.00
Qwen3.5-27B 0.82 57 0.80−0.02↓ 0.02 58 0.82+0.00 0.00
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