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Abstract

When LLM agents work together, they seem to
be more powerful than a single LLM in math-
ematical question answering. However, are
they also more robust to adversarial inputs?
We investigate this question using adversari-
ally perturbed math questions. These pertur-
bations include punctuation noise with three
intensities (10%, 30%, 50%), plus real-world
and human-like typos (WikiTypo, RZATA).
Using a unified sampling-and-voting frame-
work (Agent Forest), we evaluate six open-
source models (Qwen3-4B/14B, Llama3.1-
8B, Mistral-7B, Gemma3-4B/12B) across four
benchmarks (GSM8SK, MATH, MMLU-Math,
MultiArith), with various numbers of agents
n € {1,2,5,10,15,20,25}. Our findings
show that 1) Noise type matters: punctuation
noise harm scales with its severity, and the
human typos remain the dominant bottleneck,
yielding the largest gaps to Clean accuracy
and the highest attack success rate (ASR) even
with a large number of agents; 2) Collaboration
reliably improves accuracy as the number of
agents, n, increases, with the largest gains from
n=1 to n=>5 and diminishing returns beyond
n~10. However, the adversarial robustness gap
persists regardless of the agent count. Code is
available on GitHub'.

1 Introduction

Large Language Models (LLMs) have made re-
markable progress in solving a variety of reasoning-
intensive tasks (Zhao et al., 2025), including math-
ematical problem solving. Beyond simply scal-
ing model size, recent work shows that treating
multiple LLLM instances as agents and combin-
ing their outputs through debate, voting, or self-
consistency can substantially boost performance.
Li et al. (2024a) demonstrate that even a simple
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Figure 1: Average accuracy across datasets and models
as a function of agent count. Lines denote noise types
(Clean, Punct-10/30/50, WikiTypo, RZATA). Markers
show mean accuracy across datasets.

sampling-and-voting strategy, essentially allowing
multiple agents to propose answers and then aggre-
gating them, can rival more sophisticated collab-
orative frameworks. These findings suggest that
collaboration between agents is a powerful and rel-
atively simple way to enhance reasoning accuracy.
At the same time, another body of research high-
lights a major weakness of LLMs: their fragility
when inputs are perturbed. While the semantic
meaning of a math problem may remain unchanged,
minor surface-level changes, such as synonym re-
placements (Shi et al., 2023a), typos (Gemma Team
et al., 2024), or even random punctuation inser-
tions, can significantly reduce model accuracy. For
instance, Abedin et al. (2025) show that insert-
ing punctuation noise, despite leaving the problem
content intact, can cause accuracy drops on well-
established benchmarks like GSM8K (Cobbe et al.,
2021) and MultiArith (Roy and Roth, 2016). These
two perspectives converge on an important open
question: If multiple agents can enhance reason-
ing performance on Clean inputs, can they also
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improve robustness under noisy conditions? Un-
derstanding whether ensemble-based multi-agent
setups show resilience to noise would provide valu-
able insights for designing more reliable and trust-
worthy LLM systems.

To address this gap, we investigate the robust-
ness of Agent Forest (a multi-LL.M-agent setup)
to adversarially perturbed math questions. We de-
velop a taxonomy of noise types for adversarial
modification and systematically introduce them
across multiple reasoning datasets for mathematical
question answering, enabling a controlled evalua-
tion of their impact. We use ArithmAttack (Abedin
et al., 2025) to generate synthetic noise, while for
real-world noise we rely on natural typos from
Wikipedia (Aliakbarzadeh et al., 2025) and ad-
versarial perturbations introduced by the Adver-
sarial Typo Attack (Gan et al., 2024). We as-
sess the impact of input noise perturbations on
open-source LLMs, specifically Qwen (Yang et al.,
2025), Llama (Dubey et al., 2024), Mistral (Jiang
et al., 2023), and Gemma (Gemma Team et al.,
2025), across multiple parameter scales. By doing
so, we evaluate not only how noise affects individ-
ual models but also whether multi-agent collabo-
ration enhances resilience and preserves reasoning
accuracy in the presence of such perturbations.

Figure 1 gives an overview of the results of our
investigation. Across all experiments, we observe
a consistent, monotonic gain from increasing the
number of collaborating agents. Averaged over
datasets and models, accuracy rises from 0.6579
with a single agent to 0.7740 with 25 agents, with
the largest jump occurring between one and five
agents and clear diminishing returns beyond 10.

The relative ordering of noise conditions is
stable: With the Clean performance at the top,
Punct-10 (i.e., inserting punctuation noise in as
many spaces as 10 percent of the question length)
causes a consistent accuracy drop, then even larger
drops are caused by Punct-30 and Punct-50,
while WikiTypo is consistently the most challeng-
ing, causing a drop of around 8% on average across
all the settings with different numbers of agents.
R?ATA causes a slightly larger drop than Punct-10
in our aggregate.

2 Related Work

Recent work has shown that current open-source
large language models (LLMs) exhibit limited re-
silience to naturally occurring input noise, such

as spelling mistakes, typographical errors, and mi-
nor punctuation artifacts, raising serious concerns
about their reliability in real-world deployments
(Dong et al., 2023; Abedin et al., 2025). A sub-
stantial body of research has analyzed the impact
of input perturbations across multiple granularities.
At the character level, studies examine misspellings
and typos (Gao et al., 2018; Li et al., 2018); at the
word level, attacks involve synonym substitution
or word shuffling (Garg and Ramakrishnan, 2020;
Moradi and Samwald, 2021); and at the sentence
level, robustness is tested via paraphrasing or in-
sertion of irrelevant context (Shi et al., 2023b; Lan-
ham et al., 2023; Arora et al., 2025). Even seem-
ingly innocuous changes, such as random punctu-
ation insertion, have been shown to significantly
degrade performance (Abedin et al., 2025). These
perturbations have been evaluated across a range of
tasks and settings. Prior analyses of LLMs under
noisy inputs include text classification (Eger and
Benz, 2020), natural language inference (Formento
et al., 2021, 2023), and multilingual scenarios (Ali-
akbarzadeh et al., 2025), offering valuable insights
into task-specific vulnerabilities.

In parallel, a growing line of work (Talebirad and
Nadiri, 2023; Seo et al., 2025; Wang et al., 2025)
demonstrates that multi-agent ensembles can sub-
stantially boost reasoning performance on Clean
inputs. These systems often form complex net-
works of LLMs, coordinating via peer-to-peer or
distributed configurations (Tran et al., 2025). For
example, multi-agent debates allow models to it-
eratively propose and critique answers (Du et al.,
2024), a process that can be further optimized us-
ing sparse communication networks to reduce error
propagation (Li et al., 2024b). Despite the sophisti-
cation of such topologies, Lu et al. (2024) show that
simple strategies such as majority voting often rival
complex debate frameworks, allowing ensembles
of smaller models to match much larger single mod-
els. However, the robustness of these collaborative
setups remains an open question. Helmi (2025)
provide preliminary evidence that multi-agent rea-
soning degrades under high noise, highlighting a
critical vulnerability.

Together, these observations reveal a severe gap.
While both noise robustness and multi-agent collab-
oration are active research areas, their intersection
has not been systematically explored. Although
recent frameworks continue to introduce highly
complex, multi-round network topologies (Becker
et al., 2025; Asad et al., 2025), understanding their
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Datasets

Figure 2: Overview of the experimental framework
for evaluating multi-LLM-agent robustness. The sys-
tem processes input questions from four datasets under
Clean and noisy conditions. For each condition, a single
LLM generates multiple independent answers (LLM; to
LLM,,), which are then aggregated by majority voting
to produce the final answer.

fundamental vulnerabilities first requires a solid,
isolated baseline. By focusing on a sampling-and-
voting topology, our work directly addresses this
gap, establishing a baseline for evaluating the ad-
versarial robustness of multi-LLM-agent systems.

3 Methodology

Figure 2 depicts our pipeline for evaluating the
adversarial robustness of LLMs from noisy dataset
generation to answer extraction.

3.1 Noisy Dataset Creation

To systematically analyze the influence of noise on
multi-agent LLMs, we introduce a taxonomy that
distinguishes between synthetic noise and human-
like noise. This taxonomy enables a structured
evaluation of model performance under both arti-
ficially generated perturbations and noise patterns
that more closely resemble human input.

Synthetic noise. Following ArithmAttack (Abe-
din et al., 2025), we implement synthetic noise
with punctuation insertion, where symbols from
the set {".", ",", "I", "?", ";", ":"} are randomly
added to sentences. To study the effect of pertur-
bation strength, each noise type is applied at three
intensity levels (10%, 30%, and 50%), allowing a
controlled analysis of model performance under
progressively noisier conditions.

Human-like noise. To mimic realistic human er-
rors, we consider two complementary approaches.
The first is the Adversarial Typo Attack (ATA)
(Gan et al., 2024), which evaluates the robustness
of LLMs to typographical errors by iteratively in-
troducing common character-level mistakes typi-
cally caused by keyboard usage. These include
letter duplication, character substitution, deletion,
or insertion, and removal of spaces, all targeted
toward words that are important for the query, with

the goal of degrading model performance. For
this, we rely on the R2ATA benchmark, which ap-
plies ATA to GSM8K, BBH, and MMLU tasks.
The second approach leverages naturally occurring
spelling mistakes extracted from Wikipedia edit
histories (Aliakbarzadeh et al., 2025). Specifically,
we use the WikiTypo dictionary, which provides a
collection of real-world human spelling errors, to
replace words in the datasets with authentic typo
variants.

3.2 Agent Forest

We evaluate multi-agent performance using Agent
Forest (Li et al., 2024a), which consists of two
phases: sampling and voting. For each question
x from a dataset, we query the same base model
M multiple times with independent random seeds
and fixed decoding settings. Each call acts as
one agent and produces one candidate solution
s;. After N calls we obtain the set of candidates

S ={s1,...,sn}.

Answer extraction and normalization. For
arithmetic datasets, we extract the final numeric
answer from each s; using simple patterns that look
for common markers such as Answer or \boxed{}.
We then extract the value by removing formatting
artifacts, converting textual numbers to numerals,
and standardizing whitespace. This yields a canon-
ical answer canon(s;) for each sample.

Aggregation by voting. To specify the final an-
swer, we aggregate candidates by majority vote
over canonical answers.

Protocol and replication. For every model and
dataset, we generate exactly 25 independent single-
agent outputs per question with fixed decoding pa-
rameters. The threshold for the number of agents
was based on a preliminary study, indicating that
variance stabilizes well before this point. To study
different agent counts n € {1, 2,5, 10, 15, 20, 25},
we partition them into |25/n] disjoint groups of
size n in their generation order. Each group forms
one independent n agent ensemble whose vote
yields one prediction for that question. Thus we
obtain 25 independent predictions for n = 1, 12 for
n = 2,5 forn =5, and 2 for n = 10. For n = 15,
n = 20, and n = 25, only one ensemble is avail-
able, so we use the first n outputs. At the dataset
level, we compute accuracy for each independent
group and report the mean and the standard devia-
tion across groups when multiple groups exist. No
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fine-tuning or task-specific supervision is used, and
decoding settings are identical for Clean and noisy
inputs so that any change in accuracy is attributable
to aggregation by Agent Forest.

3.3 Evaluation Metrics

We report accuracy and Attack Success Rate (ASR).
Let D = {(x;,yi)}", be a data set with gold an-
swers y;. Let f,, denote the n agent ensemble pre-
dictor that maps an input x to a single answer by
Agent Forest voting as defined in Section 3.2. The
metric is:

Accuracy. Clean accuracy for n agents:

m

D A fulws) = wil.

=1

Acc(n) =

Attack Success Rate (ASR). ASR measures the
fraction of originally correct predictions that are
flipped to incorrect after applying the noise. For-
mally,

S AlA(AG) £ v
ASR() = S ) =]

ASR is thus defined on the subset of items that
the model with n agents solves correctly in the
Clean setting and takes values in [0, 1]. A lower
value indicates better robustness.

Reporting. As described in Section 3.2, for each
model and dataset, we generate 25 independent
single-agent outputs per question and form dis-
joint groups to realize different agent counts n €
{1,2,5,10,15,20,25}. For n € {1,2,5,10} this
yields multiple independent groups; we compute
Acc and ASR for each group and report the mean
and the standard deviation across groups. For
n € {15,20,25} only one group is available; we
report the single value.

4 Experiments

All experiments were executed on HPC GPU Clus-
ter 8 x NVIDIA GA100 [A100] GPUs with 80GB,
running under CUDA 12.2. We used Python 3.10
with the PyTorch 2.2 and HuggingFace Transform-
ers (Wolf et al., 2020) libraries. For efficient in-
ference, we employed vLLM (Kwon et al., 2023),
which allows fast batched decoding for large-scale
evaluation.

4.1 Datasets

Evaluation of mathematical reasoning capabilities
is conducted across four established benchmarks:
GSMSK (Cobbe et al., 2021), MATH (Hendrycks
et al., 2021b), the mathematics subset of MMLU
(Hendrycks et al., 2021a), and MultiArith (Roy
and Roth, 2016). This selection provides a compre-
hensive assessment spanning difficulty levels from
basic arithmetic to advanced competition problems
while incorporating both open-ended and multiple-
choice formats.

GSMSK (Cobbe et al., 2021) contains 8.5K lin-
guistically diverse grade school math word prob-
lems, with evaluation performed on the standard
1.3K test questions requiring multi-step arithmetic
reasoning. Its broad adoption as a mathematical
problem-solving benchmark offers a standard refer-
ence point for studying reasoning robustness under
input noise.

The MATH dataset (Hendrycks et al., 2021b)
consists of 12.5K challenging mathematics compe-
tition problems covering advanced topics, includ-
ing algebra, geometry, and number theory. These
problems require symbolic manipulation and multi-
step derivations, enabling assessment of how ad-
versarial noise affects complex problem-solving
capabilities compared to elementary-level reason-
ing.

Evaluation using MMLU (Hendrycks et al.,
2021a) focuses specifically on the mathematics
subsets, which provide multiple-choice questions
testing factual recall and mathematical reasoning.
This format complements the open-ended genera-
tion tasks from other datasets.

MultiArith (Roy and Roth, 2016) consists of
600 arithmetic word problems requiring multi-
step operations, with evaluation on the standard
180-question test set. This dataset serves as a
lightweight benchmark for studying noise effects
on simple yet compositional reasoning tasks.

4.2 Models

To evaluate a diverse range of capabilities while
maintaining computational efficiency, a selection
of modern open-source language models of varying
parameter sizes was chosen for evaluation to ana-
lyze the impact of model scale. The models com-
prise Qwen3-4B-Instruct and Qwen3-14B-Instruct
(Yang et al., 2025), Llama-3.1-8B-Instruct (Dubey
et al., 2024), Mistral-7B-Instruct-v0.3 (Jiang et al.,
2023), along with Gemma3-4B-IT and Gemma3-
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Figure 3: Accuracy averaged across datasets by noise type (Clean, Punct-10/30/50, WikiTypo, R?ATA) as a
function of agent count. Larger models (Gemma3-12B and Qwen3-14B) maintain higher absolute accuracy across
conditions, while smaller (and older) models (Llama3.1 and Mistral-7B) show steeper relative gains with more
agents. New small models (Gemma3-4B and Qwen3-4B) show similar performances to their larger counterparts.
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Figure 4: Attack Success Rate averaged across datasets, shown by noise category (Punctuation, WikiTypo, R?ATA).
Bars represent different models at varying agent counts. Punctuation noise vulnerability is most effectively reduced
with more agents. WikiTypo remains the most challenging across all models, and R?ATA lies in between, initially
harmful for single agents but increasingly mitigated through collaboration.

12B-IT (Gemma Team et al., 2025). These mod- lowing, we report the results and the trends across
els will be subsequently referred to as Qwen3-4B,  the adversarial models, datasets, and adversarial
Qwen3-14B, Llama3.1, Mistral-7B, Gemma3- noise, respectively.

4B, and Gemma3-12B, respectively.
5.1 Models

S Results Figure 3 (also Table 1 in detail in Appendix B)

The overall trends, regarding the impact of each  presents the impact of input perturbations across
adversarial perturbation method, show themselves = models and agent counts. Increasing the number
when we average the results over datasets and mod-  of agents reliably improves performance under all
els. This can be seen in Figure 1, depicting that  noise types. The largest improvements occur be-
all the methods cause a consistent robustness gap,  tween n=1 and n=>5, with diminishing returns be-
with WikiTypo having the largest one. In the fol- yond n>10. As the agent count approaches n=15,
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Figure 5: Accuracy averaged across models, shown separately for each dataset as a function of agent count.
Collaboration improves accuracy under all noise types, with the largest gains on MATH, MultiArith, and GSM8K.
In contrast, MMLU shows smaller absolute drops under noise and saturates more quickly with increasing agent
count.
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Figure 6: Attack Success Rate averaged across models, shown separately for each dataset. Noise impact differs
by task: more difficult datasets, such as MATH and MMLU, exhibit higher ASR, which remains stable with the

increase of agents, while easier datasets (GSM8K and MultiArith) show lower ASR values and more benefits from

increasing agent count.

the accuracy curves smooth out (we also see this
with agent numbers up to 50 as shown in the ex-
tended ablation in Figure 8 in Appendix B). The
performance delta among n € {25, 30,40, 50} re-
mains negligible and is comparable to the minor
fluctuations observed across runs, indicating that
the ensemble effectively reaches a steady state and
justifying our focus on agent counts up to n=25
for the primary evaluation.

As shown in Figure 3, accuracy decreases
as punctuation intensity rises from Punct-10 to
Punct-50. This degradation is visible at the single-
agent level (n=1), where models lose between 5 to
15 percentage points compared to the Clean base-
line. However, collaboration rapidly compensates
for these losses by n=>b, the performance gap be-
tween Punct-10 and Clean inputs becomes negli-
gible for most model families, and even Punct-30
and Punct-50 recover a substantial share of their
accuracy.

Despite the accuracy gains from collaboration,
noise affects models similarly. As we can see in
Figure 4, the ASR values stay almost the same
when increasing the number of agents. This indi-
cates that under simple surface-level perturbations,
the collaboration between agents is as vulnerable
to noise as a single LLM.

5.2 Datasets

Figures 5 and 6 reveal distinct robustness profiles
by dataset. MATH is the most difficult benchmark
in absolute terms. Accuracy starts lowest and im-
proves with more agents, yet gaps to the Clean
baseline remain under all types of adversarial in-
puts even at large agent counts. Its ASR is also
the highest among the datasets and hardly declines
with increasing n, indicating that long, multi-step
solutions are sensitive to both synthetic punctua-
tion and human-like typos.

For the GSM8K dataset, moving from one to five
agents recovers much of the loss from punctuation
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Figure 7: Attack Success Rate averaged across datasets, shown per model family and agent count. Generally, all the
investigated noise types consistently decrease the model performance across different numbers of agents. WikiTypo,
however, seems to be the strongest across the models and agent counts.

noise, and ASR drops steadily with n. WikiTypo
consistently induces the largest degradation at a
fixed agent count, suggesting heterogeneous hu-
man errors are more disruptive than punctuation
insertions on these short, compositional problems.
MMLU (math subset) is comparatively stable. Ac-
curacies cluster tightly and rise smoothly with
agent count, but its ASR is slightly higher than
in GSMS8K across noise types.

MultiArith is near the ceiling. Performance in
this dataset is higher than other datasets both with
and without noise. In addition, ASR is the lowest,
which can be attributed to the fact that the dataset is
less difficult compared to others. The short, struc-
tured arithmetic chains offer limited headroom for
noise to reduce performance or for collaboration to
yield large additional gains.

Overall, easier datasets with simpler tasks
(GSMB8K, MultiArith) are less affected by noise,
which is reflected in their lower ASR values. Any
performance degradation can be compensated for
more easily through multi-agent collaboration. In
contrast, more challenging datasets (MATH and
MMLU) suffer greater absolute performance drops
under noise, and even with larger agent counts,
the recovery remains incomplete, highlighting that
task difficulty amplifies the impact of input pertur-
bations.

5.3 Adversarial noise types

Figure 7 presents the Attack Success Rate (ASR)
aggregated across datasets, broken down by model
family and agent count. Two major patterns emerge.
Across all conditions, we observe an almost sta-
ble ordering of impact: WikiTypo > Punct-50 >
Punct-30 > R?ATA > Punct-10, with R?ATA typi-
cally close to the Clean baseline. This ranking can
be more visibly seen in Figure 1.

However, the punctuation noise types as well
as RZATA seem to generally have a similar nega-
tive impact on the performance of all the investi-
gated models. This impact is also somewhat sta-
ble as we increase the number of agents. By con-
trast, WikiTypo remains the dominant bottleneck.
Even at n=25, ASR typically stays above 0.10,
far higher than for punctuation. Human typos in-
troduce heterogeneous and context-dependent dis-
tortions that majority voting cannot fully absorb,
making them the most persistent source of errors.

6 Discussion

Our results reveal two distinct failures in multi-
agent reasoning under adversarial perturbations:

Semantic vs. Morphological Noise. We at-
tribute the disproportionate impact of human
spelling errors (WikiTypo) compared to punctu-
ation noise to the degradation of semantic integrity
during tokenization. Punctuation noise, while visu-
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ally distracting, often preserves the morphological
root of keywords, allowing the model’s attention
mechanism to recover the original intent. In con-
trast, real-world typos fundamentally alter the in-
put’s representation in the embedding space. This
causes a drastic divergence from the target seman-
tic vector, a gap that the smaller models in our
study (Mistral-7B, Llama-3.1-8B) cannot bridge
as the perturbed tokens might map to unrelated or
out-of-vocabulary ones.

The Consensus Paradox. While classic ensem-
ble theory assumes that agent errors are statisti-
cally independent (Condorcet, 1785; Theisen et al.,
2023), adversarial noise introduces a systematic
bias. This bias forces the underlying model into
specific, repeatable failure modes. Consequently,
the agents do not exhibit the random variance re-
quired for self-correction through majority voting.
Instead, they converge on the same erroneous out-
put, causing the consensus mechanism to repli-
cate the systematic failure rather than mitigate it.
This could explain why the robustness gap remains
nearly constant despite increasing the number of
agents.

Trend Analysis. By aggregating these results,
we move beyond simple repetition of dataset per-
formance, observing that collaboration boosts the
baseline accuracy but fails to compensate for the
reasoning failure of the system against adversar-
ial distortions. The consistency of this gap across
six different model families suggests a fundamental
limitation in how LLM agents process non-standard
orthography.

7 Conclusion

This work provides a systematic study of multi-
LLM-agent robustness for question answering un-
der synthetic and human-like input noise. Using a
unified sampling-and-voting framework across four
datasets (GSM8K, MATH, MMLU-Math, Multi-
Arith) and six open-source models, we examined
accuracy and ASR as a function of the number of
collaborating agents. Three findings emerge: First,
collaboration reliably improves accuracy, with the
largest gains between one and five agents and di-
minishing returns beyond ten. However, ASR re-
mains almost stable as the agent count increases.
This pattern holds across models and datasets, indi-
cating that multi-agent collaboration via majority
voting is effective in improving accuracy, but the

adversarial robustness gap persists.

Second, the noise type matters. Punctuation cor-
ruption degrades performance roughly in propor-
tion to its intensity, yet is largely neutralized by five
to ten agents. Human typos (WikiTypo) remain the
dominant bottleneck: WikiTypo consistently in-
duces the largest gaps to Clean accuracy and the
highest ASR, even at high agent counts. R?ATA (an
adversarial perturbation method) occupies a mid-
dle ground. Finally, model-level comparisons show
that robustness does not strictly correlate with pa-
rameter count. While the midsize models show the
highest attack success rates, both the larger and
the smaller ones show more robustness. Within
families such as Qwen and Gemma, larger models
consistently achieve lower ASR values and thus
demonstrate stronger inherent robustness. Their
smaller counterparts show similar robustness while
benefiting more from collaboration. Promising di-
rections include noise-aware sampling and aggre-
gation objectives, verifier- or tool-assisted agents,
and training-time augmentation targeted at human
typos. Extending beyond our scope, open-source
models, and character-level corruptions to other
domains, languages, and real-world pipelines will
test the breadth of these gains. Finally, our frame-
work can also be used to evaluate the robustness of
different agentic topologies to adversarial noise.

8 Limitations

This study has several limitations. First, we restrict
evaluation to English, math-reasoning benchmarks,
and character-level corruptions; we do not test mul-
tilingual data, formatting/layout perturbations (e.g.,
LaTeX/OCR noise), or adaptive adversaries that
react to model outputs. Second, our multi-agent
scheme is a single instantiation-independent sam-
pling from the same base model with fixed prompt-
s/decoding and simple majority voting, so we do
not compare against debate, tool-augmented agents,
verifier-guided aggregation, diversity-promoting
sampling, or cost/latency-aware strategies; the ef-
ficiency-robustness frontier therefore remains un-
derexplored. Third, answer extraction is based on
rule-based numeric parsing. Residual parsing er-
rors can inflate ASR or deflate accuracy. Fourth,
all agents share the same base model, so errors
can be correlated, and our analysis does not dis-
entangle correlation structure from the benefits of
voting. Fifth, limited computational and financial
resources constrained us from scaling the full eval-
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uation to n=100 or sweeping various hyperparame-
ters. However, we submit that our protocol remains
robust for the claims made. A pilot study on a
data subset scaling to n=50 confirmed that the ad-
versarial robustness gap remains constant once the
ensemble variance stabilizes at lower agent counts.

9 Ethical Considerations

The persistence of the adversarial robustness gap
has significant implications for the deployment of
LLM agents in safety-critical, high-stakes environ-
ments. As these systems are integrated into finan-
cial modeling, medical coding, or legal reasoning,
their susceptibility to simple typographical errors
represents a severe reliability risk. Our findings
emphasize that "scaling agents" is not a substitute
for "improving base-model robustness." We high-
light the necessity for character-robust tokeniza-
tion or pre-processing guardrails before deploying
multi-agent systems in environments where human-
entered data, which is naturally noisy, is the pri-
mary input.

In addition to these safety concerns, we have
conducted this research following standard ethical
guidelines. We evaluate only open-source LLMs
on public math benchmarks (GSM8SK, MATH,
MMLU-Math, MultiArith), which contain no per-
sonal or sensitive data. No human subjects were
involved. Practitioners must assess risks carefully
when transferring these methods beyond research.
To polish the language and code, we used Al assis-
tants, manually controlling the generated content
to avoid producing harmful or biased material.
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A Qualitative Failure Cases

The following are some of the failure cases under
different attacks:

Dataset: MATH

Noise type: punctuation_10
Ground truth: %, —%

Question:

Here is a math problem written in LaTeX:
Find all real numbers & such that 24 4 k2 +
22 4 4kx + 16 = 0 is true for exactly , one
real number x = r. Enter all the possible
values of ! k, separated by commas.

Solve it step by step. - If the correct answer
has units, write the units OUTSIDE the
box in plain text. - Inside \boxed{...}
put only the Latex style exact numeric
expression (with units) (e.g., rational-
ized denominator, reduced fractions,
simplified radicals). At the very end of
your response, output exactly one line:

\boxed{<simplest_exact_value>}

If units are required, add as a
\text{ unit } and then the
units in words after the box, e.g.:
\boxed{ 12 \text{ square inches }}
Do not add any extra commentary after that
line.

Let P(z) = z* + ka® + 22 + 4kzx + 16.
We require P(z) = 0 to have exactly one
real root z = r. We can rewrite P(x) as:
P(z) = 2 4+ 2% + 16 + ka3 + dkz =
(2 +1)% + kx(z? + 4) = 0.

If k = 0, then P(x) = 2% + 22 + 16. The
discriminant of z# + 22416 is 16 —4(16) =
16 — 64 = —48 < 0. Since the leading
coefficient is positive, P(x) > 0 for all real
x. Therefore, P(x) = 0 has no real roots.
Consider £ # 0. Suppose r is a repeated
root of P(x). Then P(r) = 0and P'(r) =
0. P'(z) = 423 + 3kx? + 2z +4k. P(r) =
rd+kr3+r2+4kr+16 = 0 P'(r) = 4r3+
3kr?+2r+4k = 04r3 +3kr? 4+ 2r +4k =
0= k(3r2+4) = —4r3—2rIf3r’+4 # 0,
then k = =25=2 Substituting this into
P(r) = 0, we get r* + 7_??:23;57"7“3 +r? +
o s
=321 +16 = 0 Multiplying by 3r2+4,
we get r#(3r2 +4) — 476 — 2 +r2(3r2 +
4) — 167 — 8r2 +16(3r2 +4) = 0 3r5 +
47t —4r8 — 274 4 304 4+ 492 — 1602 — 812 +
48r24+64 =0 —r®—11r1+ 4412+ 64 = 0
0+ 11r* — 4472 — 64 = 0 Let y = r2.
Then 3% + 11y? — 44y — 64 = 0. Since 7 is
real, y = r2 > 0.

However, we are seeking for exactly one real
root. Consider the case where z* + kz3 +
22 +4kz+16 = (22 +az+b)(2® +cz+d)
where a, b, c,d are real numbers. Since
P(x) has degree 4, we have z* + k3 + 22 +
4kx+16 = (2% +az+b) (22 +cx+d) = 21+
(a+c)x®+ (ac+b+d)x®+ (ad+be)x+bd
Comparing coefficients, we have a + ¢ = k
ac+b+d=1ad+ bc =4k bd = 16 If
b=d=4,thenac+8 =1,s0ac = —T.
4a+4c=4k,soa+c=k.Soa+c=k
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and ac = —7. a and c are roots of the equa-
tion t> — kt — 7 = 0. The discriminant is
k2 + 28. For a, c to be real, k2 4+ 28 > 0,
which is always true. t = kEVA+28 V’§2+28. Thus
a = BEVRE ang ¢ = E=VRIES ey

P(z) = (a2 + (BEB)y 4 g)(2 +

(h=vh 428 V];Q”S)x +4) We want exactly one real

root. We need x% + (E=VA£28y, 1 4 — ¢

to have no real roots, so (E=VA“+28 ”52*28)2 -
2_ 2 2
4-1 < 0. k 2k\/k1—28+k‘+28_4<0

2k? +28—2kVE2 +28 < —162k% 444 <
2kvVk2 + 28 k? 4 22 < kv/k? + 28 Squar-
ing both sides: (k% + 22)? < k?(k* + 28)
kA +44k% +484 < k*4-28k2 16k* < —484,
which is impossible since & is real.

Ifb=d=16,thenac+ 16 + 16 = 1, so
ac= —31. 16a+ 16¢c = 4k,soa+c = ik‘.
Then a and c are roots of ¢ — %t —31=0.

k k2
‘= 1TV ie 124 k4 k211984
= 2 = 8

require ’f—; + 124 < 0, which is impossible.
Let k = 0. Then z* + 2 + 16 = 0. This
has no real roots. Let P(x) = 0. If P(x)
has only one real root then P'(z) = 0 at
that root. Thus z = r must be a double root.
Then P(r) = 0 and P'(r) = 0.

Let k = 2/2. P(z) = 2t + 2213 + 22 +
4v/2z + 16.

Final Answer: The final answer is @

. Then we

Takeaway: This example shows how punctuation
noise can disrupt the model’s reasoning in complex
mathematical problems. The model incorrectly
assumes that exactly one real root must be a
repeated root, leading to a flawed approach and
incorrect conclusion. This highlights that noise
can cause the model to make invalid assumptions
and fail to apply correct mathematical principles.

Dataset: GSM8K

Noise type: Wikitypo
Ground truth: 18

Question:

Can you solve the following math problem?
Janet’s ducks lay 16 eggs por day. The
eats three por breakfast every morning Rand
bakes muffins por heir friends every days

Width four. The sells Then remainder nat
Then farmers’ markets daily por $2 por fresh
dock egg. How much im dollars does The
made every days nat Then farmers’ market?
Explain your reasoning. Your final answer
should be a single numerical number, in the

form [ answer ], at the end of your response.

Output:

Here’s how to break down the problem and
solve it step-by-step: 1. **Eggs laid per
day:** Janet’s ducks lay 16 eggs per day.
2. **Eggs eaten:** Each day, the ducks
eat 3 eggs. 3. **Eggs remaining after be-
ing eaten:** 16 eggs - 3 eggs = 13 eggs 4.
**Muffins baked per day:** Janet bakes 4
muffins per day. This information is irrele-
vant to the final result. 5. **Eggs sold:**
Janet sells the remaining 13 eggs. 6. **In-
come from egg sales:** She sells each egg
for $2, so she makes 13 eggs * $2/egg = $26.
7. **Total earnings:** Janet makes $26 per
day at the farmers’ market.

Takeaway: This example illustrates how Wikitypo
noise (intentional typos/misspellings) can cause
the model to overlook critical arithmetic operations.
The noisy text changed "eats three for breakfast"
to "eats three por breakfast" and introduced other
distracting misspellings like "por" instead of
"for," "nat" instead of "at," and "im" instead of
"in." While the model correctly extracted the key
numbers (16 eggs, 3 eaten, $2 per egg), it failed
to recognize that the muffins information was
entirely irrelevant noise and incorrectly performed
the subtraction (16-3=13) to get $26, when the
correct interpretation should have been that all 16
eggs are sold directly without any subtraction for
breakfast consumption. The typos obscured the
logical relationships between quantities, leading to
an incorrect arithmetic operation and final answer.

Dataset: MultiArith

Noise type: punctuation_50
Ground truth: 72

Question:

Can you solve the following math problem?
Megan . ; earned ? ; ? 8. points ? for
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each bag of cans she recycled. . If . , she
had , 14 bags, but didn’t recycle 5 : of them,
how ; many points ! would she have earned?
Explain your reasoning. Your final answer
should be a single numerical number, in the

form [answer ], at the end of your response.

Output:

First, let’s figure out the points Megan
earned for recycling each bag of cans. She
earned 8 points for each bag.

Maybe we can add that up for all the bags
she recycled. That would be 8 points / bag
times 14 bags =

However, she didn’t recycle 5 bags, so we
can’t add anything for those un-recycled
bags.

Therefore, she would have earned
points before she recycled only 14 bags of
cans.

Takeaway: This example demonstrates how
inserting punctuation noise can lead to task
misunderstanding. The original problem intended
that Megan earned 112 points for 14 bags, it
noted the 5 un-recycled bags but the model failed
to subtract them from the total, resulting in an
incorrect calculation.

Dataset: MMLU

Noise type: R?ATA
Ground truth: (B)

Question:

Can you answer the following question as
accurately as possible? Question: State-
ment 1 | Any set of ttwo vectors in R?
is linearly indrpendent. Statement 2 | If
V = span(vl,...,vk) ajd vl,...,vk are
linearly independent, then dim(V) = k.
: Choices: A) True, True, B) False, False, C)
True, False, D) False, True. Briefly explain
your reasoning. Choose only one of A, B, C,
or D. At the end, output only one final an-
swer like‘ (A) ‘, ‘ (B) ‘, ‘ @)} or‘ (D) ‘ Do
not add extra commentary after the answer.
Do not include anything else on that final
line.

Output:

Statement 1 is False. In R2, we can find
two vectors that are linearly dependent (e.g.,
vl = (1,0) and v2 = (2,0)). Statement
2 is True. If V. = span(vl,...,vk) and
vl, ..., vk are linearly independent, then the
vectors v1, ..., vk form a basis for V/, and
the dimension of V' is equal to the number
of vectors in the set, which is k. | (B)

Takeaway: This example demonstrates how char-
acter substitution noise (R?ATA) can lead to logi-
cal inconsistencies in the model’s reasoning. The
model correctly identifies Statement 1 as false,
but then contradicts itself by stating Statement 2
is true while selecting option (B) which requires
both statements to be false, showing confusion in
maintaining logical consistency throughout the re-
sponse.
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Figure 8: Model accuracy trend by the number of agents (Noise type: clean). The graph shows the performance of
four different models (qwen3:4B, qwen3:14B, Llama-3.1-8B-Instruct, and Mistral-7B-Instruct-v0.3) as the number
of agents increases from 1 to 50. All models demonstrate improved accuracy with more agents, with qwen3:14B
achieving the highest performance, followed closely by qwen3:4B and Llama-3.1-8B-Instruct. Mistral-7B-Instruct-
v0.3 shows lower overall accuracy but still benefits from the multi-agent approach.

B Extended Results
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Model Agent Count Clean Punct-10 Punct-30 Punct-50 WikiTypo RZATA Avg
Llama-3.1 1 0.532£0.192 0.5324+0.213 0.515+£0.204 0.505+0.206 0.444 +0.177 0.540 £+ 0.208 | 0.511
5 0.688 £0.219 0.666 +0.234 0.641 £0.227 0.626 +0.220 0.570 £0.206 0.671 £ 0.227 | 0.644
10 0.752 £0.205 0.725 +£0.220 0.695 £0.224 0.686 +0.211 0.626 + 0.203 0.724 £ 0.212 | 0.701
20 0.775 £0.192  0.747 £0.207 0.718 £0.213  0.709 £ 0.209 0.657 £ 0.197 0.753 £ 0.200 | 0.727
Mistral-7B 1 0.395 £0.228 0.384 +0.233 0.360 £ 0.213  0.340 +0.203 0.296 +£0.178 0.376 & 0.228 | 0.359
5 0.497 £0.292 0.480 +0.297 0.457 £0.274 0.431 +£0.271 0.381 £0.239 0.465 £+ 0.287 | 0.452
10 0.553 £0.298 0.526 +0.311 0.512+0.287 0.489 +0.287 0.435+0.266 0.517 £ 0.297 | 0.505
20 0.578 £0.301 0.556 £0.316 0.543 £0.291 0.517 £0.303 0.470 +£0.270 0.543 +0.302 | 0.535
Qwen3-14B 1 0.800 £0.172 0.782+0.186 0.779 £0.188 0.777 £0.184 0.730 £0.179 0.785 £ 0.185 | 0.776
5 0.846 £0.138 0.824 +£0.157 0.826 £0.156 0.824 +0.160 0.780 £ 0.158 0.821 £ 0.160 | 0.820
10 0.863 £0.116 0.847 +0.128 0.844 £0.132 0.844 +0.138 0.796 + 0.140 0.836 +0.142 | 0.838
20 0.880 £0.091 0.864 +£0.105 0.855+£0.120 0.859 £0.118 0.814+£0.117 0.856 £ 0.117 | 0.855
Qwen3-4B 1 0.786 £ 0.164 0.757 £0.170  0.741 £0.157 0.748 £ 0.159 0.646 £ 0.167 0.749 £+ 0.164 | 0.738
5 0.848 £0.127 0.831 +£0.142 0.816 £0.135 0.813 +0.140 0.735 £ 0.150 0.820 4 0.135 | 0.811
10 0.864 £0.114 0.852+0.126 0.836 £0.116 0.835+0.123 0.763 +£0.133 0.838 £0.117 | 0.831
20 0.876 £0.103 0.865+0.110 0.848 £0.105 0.849 +0.106 0.780 £0.123  0.855 & 0.096 | 0.846
gemma-3-12b 1 0.841 £0.147 0.8354+0.139 0.831 £0.134 0.818 £0.136 0.750 £ 0.130 0.834 +0.147 | 0.818
5 0.862 £0.134 0.856 +0.130 0.855+£0.125 0.838 £0.131 0.782+£0.130 0.855 £ 0.132 | 0.841
10 0.868 £0.126 0.860 +0.129 0.861 £0.118 0.844 +£0.127 0.791 £0.127 0.862 £+ 0.125 | 0.848
20 0.874 £ 0.119 0.861 +0.129 0.866 + 0.115 0.846 4 0.130 0.798 £ 0.124 0.866 + 0.121 | 0.852
gemma-3-4b 1 0.771 £0.161 0.745£0.166 0.733 £0.171 0.725 +£0.174 0.611 +0.148 0.731 +0.184 | 0.719
5 0.822 £0.138 0.792+0.144 0.787 £0.148 0.777 £0.149 0.675+0.137 0.782 £ 0.151 | 0.773
10 0.837 £0.125 0.805 4+ 0.134 0.800 £0.140 0.786 4+ 0.146  0.692 + 0.135 0.800 & 0.131 | 0.787
20 0.845+£0.118 0.807 £0.134 0.810£0.131 0.793 +£0.146 0.697 £ 0.132 0.807 £ 0.131 | 0.793
Average 1 0.688 £0.243  0.672 +£0.246  0.660 £ 0.245 0.652 +0.248 0.580 £ 0.161 0.669 £ 0.247 | 0.654
5 0.760 £ 0.227 0.741 +£0.235 0.730 £0.233 0.718 £ 0.236 0.654 +0.142  0.736 £ 0.233 | 0.723
10 0.789 £0.210 0.769 £0.222 0.758 £0.219 0.747 £0.222 0.684 +0.126 0.763 £ 0.218 | 0.752
20 0.805 £0.202 0.793 £0.213 0.773 £0.210 0.773 £0.219 0.703 £ 0.118 0.780 £ 0.209 | 0.771

Table 1: Averaged accuracy (mean = std) across datasets for each model and agent count under different noise types.
Larger models (e.g., Qwen3-14B, Gemma3-12B) achieve the highest overall accuracies, while smaller variants
(Qwen3-4B, Gemma3-4B) show steeper gains with increasing agent count. Mistral-7B remains lowest across all
settings, highlighting model-specific limitations. Bold values indicate the best accuracy per column.
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Model Agent Count Clean Punct-10 Punct-30 Punct-50 WikiTypo RZATA Avg
Llama-3.1 1 0.518 £0.015 0.490 £0.016 0.469 +0.014 0.451 £0.013 0.441 £0.014 0.501 £+ 0.015 | 0.478
5 0.623 +£0.011 0.588 £0.012 0.574 4+ 0.008 0.553 +£0.010 0.537 £0.010 0.603 & 0.010 | 0.580
10 0.662 + 0.010 0.630 £0.011 0.620 & 0.008 0.597 £+ 0.007 0.575 £ 0.008 0.639 + 0.009 | 0.621
15 0.679 £ 0.004 0.650 £0.010 0.626 & 0.005 0.611 £ 0.009 0.591 £ 0.004 0.656 & 0.005 | 0.636
20 0.683 +0.003  0.658 £0.007 0.635 4 0.004 0.621 +0.004 0.603 £ 0.004 0.665 & 0.004 | 0.644
25 0.686 + 0.000 0.663 £ 0.000 0.635 4+ 0.000 0.624 +0.000 0.607 £ 0.000 0.672 & 0.000 | 0.648
Mistral-7B 1 0.374 £0.013  0.369 £0.015 0.358 +£0.012 0.350 +£0.010 0.339 £0.013 0.370 &+ 0.015 | 0.360
5 0.421 £0.010 0418 £0.012 0.405+0.010 0.394 +0.009 0.380 £0.010 0.418 & 0.009 | 0.406
10 0.442 £ 0.006 0.431 £0.006 0.421 4+ 0.008 0.416 +0.009 0.395 £ 0.008 0.437 & 0.006 | 0.424
15 0.448 +0.004 0.437 £0.005 0.430 +0.005 0.425+0.007 0.402 £ 0.006 0.444 + 0.006 | 0.431
20 0.449 £ 0.006 0.444 £0.005 0.4324+0.005 0.420 £0.003 0.403 £ 0.003 0.448 + 0.006 | 0.433
25 0.455+£0.000 0.449 +£0.000 0.437 4 0.000 0.426 +0.000 0.411 £0.000 0.447 & 0.000 | 0.437
Qwen3-14B 1 0.822 +0.007 0.814 £0.006 0.808 & 0.006 0.804 + 0.007 0.788 £ 0.009 0.807 & 0.007 | 0.807
5 0.836 + 0.005 0.828 +£0.005 0.822 4+ 0.006 0.823 +0.004 0.803 £ 0.006 0.823 & 0.004 | 0.822
10 0.836 +0.003  0.830 +£0.004 0.821 & 0.004 0.824 +0.004 0.806 £+ 0.004 0.824 £ 0.003 | 0.824
15 0.833 £ 0.002 0.829 £0.003 0.822 4+ 0.002 0.823 £0.003 0.806 £ 0.005 0.825 + 0.004 | 0.823
20 0.834 +0.003 0.829 £0.002 0.825+0.002 0.823 +0.003 0.804 £ 0.002 0.826 & 0.001 | 0.824
25 0.832 +0.000 0.830 +0.000 0.830 & 0.000 0.821 £ 0.000 0.805 £ 0.000 0.827 4 0.000 | 0.824
Qwen3-4B 1 0.829 + 0.006 0.817 £0.009 0.802 & 0.006 0.797 £ 0.009 0.765 £ 0.007 0.815 £ 0.007 | 0.804
5 0.850 + 0.004 0.842 £ 0.006 0.824 4+ 0.004 0.815+0.004 0.792 £ 0.006 0.840 £ 0.005 | 0.827
10 0.853 £ 0.003 0.845 +£0.004 0.829 4+ 0.005 0.819 +0.004 0.795 £ 0.005 0.841 £ 0.004 | 0.830
15 0.856 + 0.003  0.847 £0.002 0.829 & 0.003 0.819 +0.002 0.795 £ 0.002 0.843 £ 0.002 | 0.832
20 0.858 £ 0.002 0.845 £0.002 0.830 &+ 0.003 0.821 £0.003 0.793 £ 0.002 0.845 £ 0.003 | 0.832
25 0.858 +0.000 0.840 £ 0.000 0.831 4 0.000 0.818 £ 0.000 0.795 £ 0.000 0.844 + 0.000 | 0.831
Gemma-3-12B 1 0.850 + 0.005 0.845 £ 0.008 0.843 4+ 0.008 0.829 £ 0.006 0.793 £ 0.008 0.850 + 0.006 | 0.835
5 0.866 + 0.004 0.864 +£0.005 0.870 &+ 0.004 0.851 +0.005 0.817 £0.005 0.868 & 0.004 | 0.856
10 0.870 + 0.003  0.867 +£0.004 0.873 +0.003 0.856 + 0.003 0.823 £ 0.003 0.872 £ 0.003 | 0.860
15 0.870 + 0.001  0.868 +0.004 0.878 +0.002 0.860 + 0.003 0.825 £ 0.002 0.874 & 0.002 | 0.862
20 0.870 +0.001  0.868 £0.002 0.878 +0.002 0.859 £ 0.001 0.828 £ 0.002 0.874 + 0.002 | 0.863
25 0.871 + 0.000  0.868 + 0.000 0.879 & 0.000 0.860 + 0.000 0.826 = 0.000 0.880 & 0.000 | 0.864
Gemma-3-4B 1 0.731 £0.008 0.723 £0.010 0.709 &+ 0.011  0.707 £ 0.008 0.650 £ 0.009 0.713 £ 0.009 | 0.706
5 0.767 £ 0.006 0.754 £0.006 0.748 & 0.007 0.743 £ 0.008 0.686 £ 0.006 0.745 £ 0.006 | 0.740
10 0.774 £ 0.004 0.765 £0.004 0.757 +£0.005 0.751 £0.007 0.695 £ 0.005 0.753 & 0.005 | 0.749
15 0.779 £ 0.003  0.769 £ 0.003 0.760 & 0.003  0.756 £ 0.004 0.699 £ 0.004 0.757 + 0.004 | 0.753
20 0.781 £ 0.001  0.767 £0.003 0.763 +0.002 0.758 £ 0.003 0.699 £ 0.002 0.760 + 0.002 | 0.755
25 0.775 £ 0.000 0.771 £0.000 0.765 4 0.000 0.759 £+ 0.000 0.701 £ 0.000 0.762 + 0.000 | 0.755

Table 2: Aggregated accuracy (mean =+ std) on the MMLU benchmark for each model and agent count under
different noise conditions. Only the global best values per column are bolded. Larger models (e.g., Qwen3-14B,
Gemma-3-12B) achieve the highest accuracies, while smaller ones (e.g., Qwen3-4B, Gemma-3-4B) show steeper
gains with increasing collaboration. Mistral-7B performs lowest across all settings.
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Model Agent Count Clean Punct-10 Punct-30 Punct-50 WikiTypo RZATA Avg
Llama-3.1 1 0.233 £ 0.029 0.215 +0.027 0.211 +£0.028 0.203 +=0.032 0.185 £ 0.036 0.237+£0.024 | 0.214
5 0.370 £0.027  0.330£0.021  0.311+0.025  0.308 £0.030  0.287+£0.029  0.348 £0.022 | 0.326
10 0.466 £+ 0.016 0.416 +0.017 0.367 £+ 0.021 0.386 4+ 0.020 0.348 +0.023 0.427 +£0.021 | 0.402
15 0.506 £0.019  0.435+£0.011  0.393+0.015  0.407+0.017 0.370+£0.019  0.457+£0.019 | 0.428
20 0.508 £0.020  0.453 £0.011  0.410+0.010  0.410+0.016  0.385+0.014  0.473 £0.014 | 0.440
25 0.540 £0.000  0.480£0.000  0.440+0.000  0.410+0.000  0.370+£0.000  0.490 £0.000 | 0.455
Mistral-7B 1 0.068 £0.020  0.057 £0.019  0.058 £0.019  0.049 +0.023  0.042+0.017  0.055+0.016 | 0.055
5 0.100 £0.022  0.078 £0.020  0.084+0.018  0.069 +£0.026  0.066 £0.023  0.073+£0.016 | 0.078
10 0.148 £0.017  0.099 £0.022  0.1254+0.015  0.101 +£0.027  0.089 +£0.019  0.106 +0.017 | 0.111
15 0.156 £ 0.009 0.123 £0.011 0.143 £ 0.015 0.112 4+ 0.022 0.105 £+ 0.011 0.1154+0.020 | 0.126
20 0.168 £0.013  0.120£0.008  0.1524+0.004  0.103+0.014  0.123+0.009  0.122+0.009 | 0.131
25 0.180 £0.000  0.130£0.000  0.140+0.000  0.100+0.000  0.120+0.000  0.130 £0.000 | 0.133
Qwen3-14B 1 0.522 £0.032 0476 £0.027  0.472+0.029  0.477+0.031  0.444+£0.025  0.486 £0.021 | 0.479
5 0.629£0.026  0.570£0.021  0.5774+0.023  0.567+0.021  0.534+£0.018  0.565 +£0.018 | 0.574
10 0.689 £0.016  0.646 £0.017  0.640 +£0.014  0.631+£0.018  0.582+0.011  0.613 £0.020 | 0.633
15 0.728£0.011  0.685+0.028  0.661+0.012  0.666 +0.009  0.619+0.011  0.655 +0.013 | 0.669
20 0.757£0.011  0.710£0.013  0.675+0.016  0.685+0.013  0.645+0.005  0.682+0.012 | 0.692
25 0.770 £ 0.000 0.710+0.000 0.690+0.000 0.700+ 0.000 0.660+ 0.000 0.700 + 0.000 | 0.705
Qwen3-4B 1 0.524 £0.035  0.481£0.034  0.484+0.038  0.489+0.027 0.410+0.037  0.488 £0.025 | 0.479
5 0.649 £0.017  0.607 £0.027  0.602+0.033  0.592+0.016  0.535+£0.023  0.610 £0.023 | 0.599
10 0.688 £0.012  0.657 £0.023  0.656 +0.018  0.645+0.012  0.597+£0.013  0.657 £0.013 | 0.650
15 0.714 4+ 0.009 0.680 +0.013 0.676 = 0.015 0.658 +0.018 0.625 £+ 0.007 0.698 +0.022 | 0.675
20 0.722+£0.011  0.702+£0.020  0.688+0.011  0.692+0.011  0.638 £0.004  0.715+0.014 | 0.693
25 0.730 £0.000 0.740 +0.000 0.700 £ 0.000 0.690 % 0.000 0.650 4+ 0.000  0.740 + 0.000 | 0.708
Gemma-3-12B 1 0.604 £0.031  0.609£0.024  0.612+0.028  0.595+0.027  0.553+£0.033  0.597 £0.033 | 0.595
5 0.645 £+ 0.024 0.644 +0.017 0.650 £+ 0.025 0.622 4+ 0.020 0.582 £+ 0.022 0.641 +£0.030 | 0.631
10 0.665 £0.017  0.651£0.019  0.668 +£0.016  0.635+0.011  0.594+£0.010  0.659 £0.014 | 0.645
15 0.667 +0.014 0.656 +0.014 0.676 £+ 0.010 0.635 +=0.015 0.603 £ 0.009 0.664 +0.019 | 0.650
20 0.683 £0.016  0.650 £0.010  0.678 £0.007  0.633+0.016  0.608 £0.007  0.670 £0.016 | 0.654
25 0.680 +0.000 0.660 £0.000 0.680+0.000 0.650=+0.000 0.600+0.000 0.660=+0.000 | 0.655
Gemma-3-4B 1 0.534 £0.033  0.488£0.026  0.473+0.030  0.458 +£0.026  0.400 £0.037  0.447+£0.038 | 0.467
5 0.629 £+ 0.026 0.575 +0.018 0.568 +0.028 0.554 +0.021 0.488 £+ 0.033 0.556 +0.024 | 0.562
10 0.670 £0.013  0.606 £0.018  0.594+0.016  0.567+£0.017  0.509+£0.018  0.611 +£0.017 | 0.593
15 0.682 £0.009  0.616 £0.012  0.605+0.011  0.585+0.019  0.510+0.012  0.624 +£0.014 | 0.604
20 0.692 £0.007  0.612+£0.007  0.622+0.012  0.583+0.007  0.520+£0.014  0.623 £0.009 | 0.609
25 0.680 £0.000  0.620 £0.000  0.630 +0.000  0.590 +0.000  0.530 +0.000  0.620 £+ 0.000 | 0.612

Table 3: Aggregated accuracy (mean =+ std) on the Math benchmark for each model and agent count under different
noise conditions. Only the single highest value per column is bolded. Overall, Qwen3-14B achieves the top accuracy
in most categories, followed closely by Gemma-3-12B.
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Model Agent Count Clean Punct-10 Punct-30 Punct-50 WikiTypo RZATA Avg
Llama-3.1 1 0.632 £ 0.011 0.637 +0.011 0.624 £+ 0.010 0.615 +0.010 0.466 £+ 0.012 0.608 +0.013 | 0.597
5 0.799 £0.018  0.788£0.013  0.763+0.013  0.763+0.009  0.588+£0.016  0.766 £ 0.020 | 0.745
10 0.886 + 0.004 0.869 + 0.005 0.846 £ 0.008 0.839 + 0.006 0.668 £ 0.007 0.843 +£0.007 | 0.825
15 0.905+£0.003  0.886+£0.002  0.866 +0.005  0.858 +0.003  0.695+0.005  0.865+0.004 | 0.846
20 0.911 £0.001  0.891 £0.002  0.874+0.002  0.869 +0.003  0.708 £0.003  0.877 £0.003 | 0.855
25 0.913+£0.000  0.901£0.000 0.877+0.000 0.871+0.000 0.713+£0.000 0.877 £0.000 | 0.859
Mistral-7B 1 0.428 £0.010  0.397 £0.009  0.368 £0.011  0.338+0.015  0.264 +£0.010  0.385+0.013 | 0.363
5 0.553£0.019  0.512+£0.021  0.484+0.024 0.433+0.018 0.341+£0.013  0.490 £0.019 | 0.469
10 0.659 £0.009  0.614£0.008  0.582+0.013  0.538 +0.005  0.420 +0.007  0.594 + 0.008 | 0.568
15 0.692 £0.004  0.657 £0.003  0.621+0.008  0.581+0.005 0.4564+0.004  0.632+0.006 | 0.606
20 0.718 £0.002  0.678 £0.007  0.641 +0.003  0.607 +£0.003  0.476 £0.006  0.652 £ 0.004 | 0.629
25 0.732£0.000  0.690 £0.000  0.656 +0.000  0.618 +0.000  0.480+0.000  0.657 +0.000 | 0.639
Qwen3-14B 1 0.875+£0.005  0.868 £0.006  0.861+0.006  0.862+0.005 0.750 £0.009  0.863 +0.006 | 0.846
5 0.921 £0.003  0.917+£0.003  0.9154+0.004  0.918 £0.004  0.808 £0.006  0.906 £+ 0.004 | 0.898
10 0.931 £0.003  0.928£0.003  0.924+0.002  0.929 +£0.002  0.824 £0.003  0.918 £0.002 | 0.909
15 0.933£0.002  0.931+£0.001  0.926+0.002  0.932+0.002 0.830+£0.002  0.920 £0.001 | 0.912
20 0.934 £0.001  0.932+£0.001  0.927+0.001  0.933+0.002 0.833+£0.003  0.921 £0.002 | 0.913
25 0.934 +0.000 0.934+0.000 0.929 +£0.000 0.9344+0.000 0.837+0.000 0.924 +£0.000 | 0.915
Qwen3-4B 1 0.819£0.007  0.790 £0.009  0.777£0.009  0.788+0.008  0.573+0.010  0.761 £0.007 | 0.751
5 0.898 £0.006  0.880£0.006  0.869 +0.007  0.872+0.007  0.670+£0.010  0.846 £0.010 | 0.839
10 0.916 £0.002  0.905+0.005  0.890+0.004  0.899+0.004 0.702+0.004 0.868 £0.006 | 0.863
15 0.922 £ 0.002 0.913 4+ 0.003 0.895 £ 0.003 0.906 £ 0.002 0.712 £ 0.005 0.873 +£0.005 | 0.870
20 0.925£0.002  0.914£0.001  0.900+0.002  0.910+0.002  0.717+0.003  0.878 £0.002 | 0.874
25 0.930 £ 0.000 0.916 £ 0.000 0.899 £ 0.000 0.914 4+ 0.000 0.722 £+ 0.000 0.882 4+ 0.000 | 0.877
Gemma-3-12B 1 0.911£0.004  0.907 £0.005  0.900+0.005  0.897+0.005  0.740 £0.007  0.898 £0.004 | 0.875
5 0.935 £+ 0.002 0.930 = 0.002 0.921 4+ 0.004 0.918 + 0.004 0.783 £+ 0.006 0.919 +£0.004 | 0.901
10 0.938£0.002  0.933+£0.002 0.9244+0.002 0.921+0.002  0.796 £0.004  0.923 £0.002 | 0.906
15 0.941 £+ 0.002 0.933 +0.001 0.925 £ 0.003 0.923 +0.002 0.801 £ 0.004 0.924 +0.002 | 0.908
20 0.941£0.001  0.935+£0.001  0.927+0.001  0.922+0.001  0.802+0.001  0.924 £0.001 | 0.909
25 0.942 +0.000 0.933£0.000 0.928 +0.000 0.923 £ 0.000 0.802 £ 0.000  0.924 + 0.000 | 0.909
Gemma-3-4B 1 0.849 £0.006  0.840£0.007  0.817+0.009  0.803+0.006  0.582+0.007  0.823 £0.008 | 0.786
5 0.898 + 0.004 0.889 %+ 0.005 0.874 £+ 0.005 0.857 + 0.006 0.651 £+ 0.005 0.873 +£0.004 | 0.840
10 0.906 £0.002  0.896 £0.003  0.882+0.003  0.869+0.004 0.672+0.006 0.883 +£0.003 | 0.852
15 0.908 £0.001  0.897 £0.001  0.887+0.002  0.871+0.003  0.676 +0.003  0.886 + 0.003 | 0.854
20 0.909£0.001  0.899+£0.001  0.888+0.001  0.873+0.002 0.676 £0.002  0.888 £0.001 | 0.855
25 0.909 £0.000  0.898 +£0.000  0.888 +0.000  0.876 +0.000  0.674 +0.000  0.892 + 0.000 | 0.856

Table 4: Aggregated accuracy (mean =+ std) on the GSM8K benchmark for each model and agent count under
different noise conditions. Only the single best value per column is bolded. Gemma-3-12B achieves the highest
performance overall, particularly under noisy settings.
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Model Agent Count Clean Punct-10 Punct-30 Punct-50 WikiTypo RZATA Avg
Llama-3.1 1 0.747 £ 0.029 0.787 +0.034 0.758 £+ 0.024 0.753 + 0.027 0.683 £ 0.038 0.8124+0.018 | 0.757
5 0.959£0.019  0.957+£0.015 0.917+0.013  0.893+0.018  0.866 £0.023  0.968 £0.012 | 0.927
10 0.995 £+ 0.003 0.986 + 0.003 0.949 £+ 0.007 0.926 +0.010 0.914 £ 0.011 0.987 +0.008 | 0.960
15 0.997 £0.003  0.987£0.002  0.954+0.004 0.933+0.004 0.929+0.010 0.994+0.004 | 0.966
20 0.996 £0.003  0.985+0.003  0.955+0.004  0.937+0.003  0.932+0.006 0.994 +0.000 | 0.967
25 1.000+0.000 0.989+0.000 0.961+0.000 0.933+£0.000 0.939+0.000 0.989+0.000 | 0.969
Mistral-7B 1 0.709 £0.026  0.712+0.029  0.657 £0.030  0.620 +0.034  0.540 £0.038  0.696 + 0.030 | 0.656
5 0.913+£0.012  0.911£0.013  0.853+0.020  0.830+0.020 0.738+£0.033  0.879+£0.019 | 0.854
10 0.962 £0.008  0.959 +£0.015  0.9194+0.011  0.902+0.012  0.836 £0.015  0.930 +0.007 | 0.918
15 0.966 £0.011  0.975+£0.010  0.939+0.007  0.926 +0.010  0.868 £0.014  0.943 £0.008 | 0.936
20 0.976 £0.007  0.981 £0.003  0.947 £0.007  0.939 +£0.003  0.879 +£0.007  0.951 £0.005 | 0.946
25 0.989 £0.000  0.983+0.000  0.950+0.000 0.939+0.000 0.878 £0.000  0.956 £+ 0.000 | 0.949
Qwen3-14B 1 0.982 £0.007  0.969£0.011  0.974+0.011  0.965+0.011  0.936 £0.017  0.986 + 0.005 | 0.969
5 0.996 £0.002  0.983+£0.004  0.990+0.005  0.989+0.007  0.974+0.008  0.990 £+ 0.003 | 0.987
10 0.996 £0.002  0.984 £0.002  0.990 +0.005 0.994+0.004 0.973+0.005 0.991 +0.003 | 0.988
15 0.995+£0.002  0.983+0.000 0.992+0.004 0.993+0.003  0.973+£0.003  0.991 +£0.003 | 0.988
20 0.994 £0.000  0.983+0.000 0.994+0.002 0.994+0.000 0.973+0.004 0.994+0.002 | 0.989
25 0.994 £ 0.000 0.983+0.000 0.994 +0.000 0.994 +0.000 0.978 +0.000 0.994 + 0.000 | 0.989
Qwen3-4B 1 0.972+£0.009  0.940£0.019  0.902+0.021  0.916 +0.017  0.836 £0.027  0.931 £0.017 | 0.916
5 0.996 £0.003  0.997 £0.004  0.967 +0.007  0.972+0.006  0.941+£0.013  0.984 £0.005 | 0.976
10 0.997 £0.003 1.000£0.001 0.970+0.006  0.977+0.006  0.959 +0.005  0.984 +£0.002 | 0.981
15 0.999 +£0.002 1.000 +£0.000 0.974 4+ 0.003 0.973 4+ 0.002 0.966 + 0.004 0.984 +£0.002 | 0.983
20 1.000+0.000 1.000+0.000 0.974+0.003 0.973+£0.002 0.9714+0.004 0.983+0.000 | 0.984
25 1.000 £ 0.000 1.000+0.000 0.978 &+ 0.000 0.9724+0.000 0.978 £0.000 0.983 £ 0.000 | 0.985
Gemma-3-12B 1 0.998 £0.003  0.979£0.009  0.967+0.009  0.950+£0.012  0.913+0.012  0.991 +£0.004 | 0.966
5 1.000 £ 0.000 0.986 + 0.006 0.978 4+ 0.004 0.960 % 0.009 0.945 £+ 0.007 0.993 +0.003 | 0.977
10 1.000+£0.000 0.990 £0.003  0.980 £0.003  0.965£0.008  0.949+0.004  0.993+0.002 | 0.979
15 1.000 £0.000 0.991 + 0.004 0.983 £+ 0.002 0.970 + 0.005 0.954 +0.003  0.994 + 0.000 | 0.982
20 1.000+£0.000 0.990+£0.004 0.981+£0.003  0.971£0.004  0.954+0.003 0.994 + 0.000 | 0.982
25 1.000 £ 0.000 0.994 4 0.000 0.983 £ 0.000 0.967 & 0.000 0.956 +£0.000  0.994 £ 0.000 | 0.982
Gemma-3-4B 1 0.969 £0.010  0.929£0.013  0.934+0.012 0.930+0.012  0.813+£0.021  0.942+0.011 | 0.920
5 0.993 £+ 0.005 0.951 +0.008 0.960 £ 0.007 0.953 + 0.005 0.873 +£0.012 0.954 +0.006 | 0.947
10 0.997 £0.003  0.952+£0.004  0.966 +0.007  0.955+0.001  0.890£0.008  0.952+0.006 | 0.952
15 0.998 £0.002  0.952+0.002  0.967 +0.008  0.956 +0.002  0.893 £0.006  0.954 +0.004 | 0.953
20 0.999 £0.002  0.950 £0.000  0.966 +0.004  0.956 +0.000  0.892+0.004  0.955+0.004 | 0.953
25 1.000 +0.000 0.950 +0.000  0.972+£0.000  0.956 £ 0.000  0.889 4+ 0.000  0.956 + 0.000 | 0.954

Table 5: Aggregated accuracy (mean =+ std) on the MultiArith benchmark for each model and agent count under
different noise conditions. Only the single highest value per column is bolded. Qwen3-14B achieves the top
accuracy in the WikiTypo and average columns, while Gemma-3-12B leads in the Clean column.
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