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Abstract

We present NanoFlux, a novel adversar-
ial framework for generating targeted train-
ing data to improve LLM reasoning, where
adversarially-generated datasets of ≤ 200 ex-
amples outperform conventional fine-tuning
approaches. The framework employs a com-
petitive dynamic between models alternating
as Attacker and Defender, supervised by a
tool-augmented Judge, synthesizing multi-step
questions with explanatory annotations. Fine-
tuning a 4B-parameter model on NanoFlux-
generated data yields performance gains across
diverse domains compared to full-benchmark
fine-tuning: +5.9% on mathematical reasoning,
+3.6% on scientific reasoning, and +16.6% on
medical reasoning, while reducing computa-
tional requirements by 3-14×. Ablation stud-
ies reveal a non-monotonic relationship be-
tween dataset characteristics and model per-
formance, uncovering domain-specific optimal
points for question complexity and reasoning
quality. NanoFlux automates training data gen-
eration through embedding-based novelty filter-
ing, tool-augmented evaluation, and multi-hop
reasoning, pointing to the value of small, tar-
geted training datasets.

1 Introduction

As large language models (LLMs) rapidly approach
and surpass human-level performance on estab-
lished benchmarks, we confront a fundamental
limitation: the finite nature of high-quality train-
ing and evaluation data. While generating syn-
thetic training examples represents one potential
path forward, creating effective synthetic data re-
mains challenging, as naive generation approaches
often produce low-information samples that fail
to improve model performance, while synthesiz-
ing effective datasets typically requires precisely
the kind of human expertise and curation that we
seek to automate. Recent work, notably LIMO (Ye
et al., 2025), has demonstrated that small, carefully

curated datasets of high-quality chain-of-thought
solutions can unlock strong reasoning performance,
but still depends on human effort in curation.

We introduce NanoFlux, a fully generative ad-
versarial framework that reimagines data-efficient
reasoning improvement. NanoFlux orchestrates
a competitive dynamic between two models alter-
nating as Attacker and Defender, supervised by a
tool-augmented Judge that evaluates responses for
accuracy, coherence, and safety (Figure 1). This ad-
versarial architecture automatically identifies and
targets specific reasoning weaknesses, generating
training examples that precisely target key reason-
ing gaps, enabling efficient learning from compact
datasets. NanoFlux advances beyond prior filtering-
driven approaches through three key innovations:

1. Targeted adversarial generation: Rather
than filtering existing data, NanoFlux syn-
thesizes questions where one model fails and
another succeeds, creating high-information
training signals with few examples.

2. Automated quality assurance: The tool-
augmented Judge model evaluates the joint
question-answer-reasoning triples for quality,
accuracy, and safety using web search and
code execution, eliminating manual curation.

3. Flexible domain adaptability: The frame-
work’s architecture generalizes across diverse
reasoning domains with minimal domain-
specific configuration, as demonstrated by
results on mathematical (GSMHard), medi-
cal (MultiMedQA), and scientific reasoning
(GenomeBench).

Empirical results demonstrate that fine-tuning
on just 200 NanoFlux-generated examples yields
substantial accuracy improvements (+5.9% on
GSMHard, +3.6% on GenomeBench, and +16.6%
on MultiMedQA) while reducing computational
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requirements by 3-14× compared to full-dataset
fine-tuning. Moreover, ablation studies reveal coun-
terintuitive non-monotonic relationships between
dataset characteristics and model performance, sug-
gesting a fundamental tension between competing
objectives in training data optimization.

To the best of our knowledge, NanoFlux is the
first adversarial framework to demonstrate that ex-
tremely small, automatically generated datasets can
outperform conventional fine-tuning approaches
across diverse reasoning domains. By shifting fo-
cus from scaling data quantity toward optimizing
data quality, our work offers a promising path to-
ward more efficient, accessible, and capable AI
systems.

2 Related Work

Recent work shows that large-scale reasoning can
be unlocked with surprisingly little fine-tuning data
if the data is carefully selected. Ye et al. (2025)
introduced LIMO, demonstrating that fine-tuning
Qwen2.5-32B on only ∼800 curated math exam-
ples yielded state-of-the-art performance on AIME-
24 and MATH500, outperforming models trained
on orders of magnitude more data. Similarly, Li
et al. (2025) showed that models benefit from the
structure of chain-of-thought (CoT) demonstra-
tions, even when final answers are wrong.

Several approaches have explored letting mod-
els create their own training data. Sun et al.
(2025) proposed Crescent, where an LLM gen-
erates and solves its own questions, bootstrapping
improved math reasoning without external supervi-
sion. Huang et al. (2026) introduced R-Zero, a co-
evolutionary self-play loop in which a Challenger
model generates questions that a Solver model can-
not answer, forming an adversarial curriculum that
yielded +6–8 point gains on reasoning benchmarks
with no human data. PENG et al. (2025) proposed
ReGenesis, which structured self-synthesized rea-
soning data around abstract, task-agnostic tem-
plates to improve generalization: unlike naive self-
training, ReGenesis achieved +6.1% gains on OOD
reasoning tasks. These works suggest that focusing
training on failure cases is more efficient than scal-
ing data indiscriminately. Self-Questioning Lan-
guage Models (SQML) (Chen et al., 2025) explores
an asymmetric self-play framework: a proposer
generates questions from a domain prompt and a
solver attempts to answer them. Both roles are
trained by reinforcement learning, using majority

voting (or unit tests for coding) as a proxy for cor-
rectness in lieu of ground truth. SQLM achieves
reasoning gains on arithmetic, algebra (OMEGA
benchmark), and programming tasks without ac-
cess to any curated training data.

Recent studies have also targeted adversarial
data generation in domain-specific QA, such as
math (Xie et al., 2024) and medical QA (Ness et al.,
2024). Sung et al. (2025) have also developed a
framework to evaluate adversarial question qual-
ity with Item Response Theory (IRT), showing
that “good” adversarial questions stump models
but not humans, with high discriminative power.
The VAULT framework (Kazoom et al., 2025) au-
tomated adversarial data augmentation for natu-
ral language inference. By prompting an LLM to
generate candidate hard examples and filtering for
those misclassified by the current model, VAULT it-
eratively improved model robustness. After several
rounds, a RoBERTa model improved from 54.7%
to 72.0% on MultiNLI: large gains achieved with
far fewer examples than traditional augmentation.

Our approach is closest in spirit to LIMO and
R-Zero but differs in critical ways. Unlike LIMO,
which relies on human-curated CoT demonstra-
tions, we automatically generate new benchmark-
derived adversarial questions through dual-LLM
interaction, without human filtering or CoT su-
pervision. Unlike R-Zero’s self-play, our method
grounds generation in existing benchmark datasets,
ensuring domain relevance while still producing
harder variants. Compared to VAULT, which tar-
geted classification tasks, our focus is on single-
answer QA benchmarks across domains (math,
medicine), with exact-match evaluation rather than
human judgment. Collectively, prior works show
that small, high-quality or adversarially targeted
datasets can dramatically improve reasoning. Our
contribution is a domain-agnostic adversarial dis-
tillation framework that (i) identifies and trains on
precisely those questions a model fails, (ii) achieves
superior performance compared to full-dataset fine-
tuning, and (iii) demonstrates potential for cross-
domain transfer.

3 NanoFlux Framework

Attacker & Defender. Figure 1 presents the
NanoFlux framework architecture. The frame-
work operates by randomly sampling n seed ques-
tions from existing benchmark datasets: GSMHard
(Gao et al., 2023) for mathematical reasoning,
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Figure 1: The NanoFlux Adversarial Data Generation Framework. The process begins with random sampling
from benchmark datasets (left), followed by the attacker model generating questions through concept stitching.
Generated questions undergo embedding-based novelty filtering to ensure diversity, then validation by the judge
model equipped with code execution and web search capabilities. The defender model attempts to solve validated
questions, with the judge evaluating response correctness. Questions that the defender fails to solve (or solves
through novel approaches) are retained in the final NanoFlux dataset, which contains 200 examples per domain.

GenomeBench (Yin et al., 2025) for genomics, and
MultiMedQA (Singhal et al., 2023) for medical
reasoning. The number of seed questions n varies
by domain: 5-7 for GSMHard and GenomeBench,
and 7-12 for MultiMedQA, selected uniformly at
random within these ranges. For the attacker and
defender roles, we use domain-specific model con-
figurations. For GSMHard and GenomeBench
domains, we employ Gemma-3-4B (Team et al.,
2025), while for MultiMedQA we use MedGemma-
4B (Sellergren et al., 2025), a domain-specialized
model with biomedical pretraining. These models
alternate with Claude-3.7-Sonnet v2 (Anthropic,
2025) in the attacker and defender roles.

The Attacker model generates new questions by
combining concepts from the seed questions. We
define “concept stitching” as the process of merg-
ing elements from multiple seed questions into
a single, more complex question. This is imple-
mented through a structured prompt template (Ap-
pendix Table 4) that instructs the model to: (1) iden-
tify key concepts from each seed question, (2) find
conceptual connections between them, (3) create a
new question that requires understanding these con-
nections, and (4) provide a step-by-step solution
with the correct answer.

The Defender model attempts to solve the at-
tacker’s questions. The defender receives only the

question text, without access to the attacker’s solu-
tion. The defender’s responses must follow a struc-
tured format (Appendix Table 5) with three compo-
nents: (1) Analysis: initial problem decomposition
(<500 tokens); (2) Solution: step-by-step reasoning
with explicit calculations (<1500 tokens); and (3)
Answer: final numerical or categorical response
(<100 tokens).

To prevent model-specific biases, we alternate
the roles of attacker and defender between the two
models after each turn. A “turn” consists of: (1)
the attacker generating a question, (2) the question
passing validation, (3) the defender attempting to
solve it, and (4) the judge evaluating the defender’s
solution. This alternation ensures that any system-
atic weaknesses in one model don’t bias the dataset
generation process.

The Judge Model. We use OpenAI’s O3 reason-
ing model (OpenAI, 2025b) as the judge model
with two distinct operational modes:

Question validation mode verifies that attacker-
generated questions are well-formed and solvable
(Appendix Table 7). The judge checks for: (1)
question clarity, (2) sufficient information to solve
the problem, (3) mathematical correctness of the
attacker’s solution, and (4) consistency between
the solution steps and the final answer. For math-
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ematical questions, the judge generates Python
code to verify calculations, executing it in a sand-
boxed environment with NumPy (Harris et al.,
2020) and SymPy (Meurer et al., 2017) libraries.
For knowledge-intensive domains, the judge uses
Google Search API to verify factual claims, with
the top 5 search results provided as context. Ques-
tions failing validation are rejected, and the attacker
is prompted to generate a new question.

Answer evaluation mode assesses the defender’s
solutions against the validated attacker solutions.
The judge evaluates responses using two criteria
sets: (1) Strict Mode: requires both correct nu-
merical answer (within tolerance ϵ = 10−6 for
mathematical questions) and valid reasoning steps.;
and (2) Soft Mode: prioritizes reasoning quality
over exact answers, accepting solutions with mi-
nor calculation errors if the reasoning approach is
sound.

Each evaluation includes a confidence score in
[0, 1]. Evaluations with confidence below θc =
0.9 trigger re-evaluation with a modified prompt
that explicitly requests higher confidence. After
three low-confidence evaluations, the question is
discarded (Appendix Table 6).

Embedding-Based Novelty Filtering.
NanoFlux implements a two-stage embedding-
based novelty filtering system that extends
beyond correctness filtering. In Stage 1 (Question
Diversity Filtering), each generated question
from the Attacker is embedded using OpenAI’s
text-embedding-3-small model (OpenAI, 2024),
creating a 1536-dimensional vector representation.
The cosine similarity between this vector and
all previously generated questions is computed,
with questions exceeding a threshold θq = 0.85
being rejected as insufficiently novel. This
approach contrasts with prior work that relied
on lexical ROUGE-L scores for filtering (Wang
et al., 2023) or simple formatting and duplicate
checks (Honovich et al., 2023), providing a more
semantically meaningful assessment of novelty.

Stage 2 (Solution Novelty Filtering) addresses
cases where the Defender correctly answers a ques-
tion but through a substantially different reasoning
process than the Attacker. Building on insights
that embedding trajectories can serve as diagnostic
signals for reasoning quality (Wang et al., 2024),
we compute the embedding similarity between the
Attacker’s and Defender’s reasoning traces. Solu-
tions with similarity below threshold θs = 0.75 are

retained despite being correctly answered, as they
represent novel solution approaches. This aligns
with recent work demonstrating that assessing rea-
soning traces beyond answer correctness improves
model performance (Chen et al., 2024).

Domain-Specific Adaptations. For mathemati-
cal reasoning (GSMHard), we enhance the judge’s
validation capabilities with Python code execu-
tion using the following libraries: NumPy 1.24.3,
SymPy 1.12, and Math. The judge generates verifi-
cation code for each mathematical solution, with a
standardized structure: (1) variable definition, (2)
calculation steps mirroring the solution, and (3)
final answer verification. Numerical answers are
compared with a tolerance of ϵ = 10−6 to account
for floating-point precision issues. The attacker
prompt includes specific instructions to generate
questions involving multi-step calculations, unit
conversions, and geometric reasoning.

For scientific reasoning (GenomeBench), we use
the same configuration as for GSMHard. We im-
plement XML-structured answer formats with tags
for <hypothesis>, <evidence>, <mechanism>, and
<conclusion> to facilitate precise evaluation. The
judge model is provided with a genomics-specific
evaluation rubric that emphasizes scientific accu-
racy, mechanistic reasoning, appropriate citation of
genomic principles, and logical consistency.

For medical domains (MultiMedQA), we
use MedGemma-4B alternating with Claude-3.7-
Sonnet as attacker and defender models due
to its domain-specific pretraining on biomedi-
cal literature. We implement a structured re-
sponse format that includes specific sections:
ANALYSIS, SOLUTION, ANSWER, KNOWL-
EDGE_MAP, REASONING_CHAIN, and COG-
NITIVE_CHALLENGES. The judge evaluates
medical responses using a specialized rubric fo-
cusing on: (1) clinical reasoning accuracy, (2)
evidence-based justification, (3) consideration of
differential diagnoses, and (4) appropriate treat-
ment recommendations. Web search verification
is enabled for factual medical claims, with a 30-
second timeout per query and a maximum of 5
queries per evaluation.

Training Methodology. NanoFlux generates
datasets of 200 samples per domain, a size cho-
sen to be significantly smaller than the train set
size of chosen benchmarks while still providing
sufficient examples for effective fine-tuning. Our
ablation studies (see Paragraph 5) provide insight
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into the effect of this dataset size. The dataset
generation process continues until 200 valid exam-
ples are collected or a maximum of 1000 turns is
reached, whichever comes first.

For fine-tuning, we use Low-Rank Adaptation
(LoRA) (Hu et al., 2022) with fixed hyperparam-
eters: rank r = 8, alpha α = 32, and dropout
= 0.05, following prior work showing their ef-
fectiveness for fine-tuning (Yan et al., 2025; Tian
et al., 2025). The learning rate follows a linear
decay schedule, starting at 2× 10−4 and decreas-
ing to zero during training, following the findings
of Bergsma et al. (2025) that linear decay to zero
outperforms constant and step-based schedules for
LLM fine-tuning.

Train/Test Separation. NanoFlux generates new
synthetic questions derived from benchmark train-
ing splits via concept stitching; the generated ques-
tions are distinct from the original benchmark
items. All evaluation is performed on the original
held-out test splits of GSMHard, GenomeBench,
and MultiMedQA, which are never seen during
data generation or fine-tuning.

4 Evaluation Datasets and Tasks

We evaluate NanoFlux’s effectiveness by compar-
ing the 4B-parameter SLM Gemma-4B fine-tuned
on our synthesized 200-sample datasets against
both conventional full-dataset fine-tuning and a
frontier LLM to assess generalizability across dif-
ferent reasoning domains.

GSMHard (Gao et al., 2023) is a harder variant
of the Grade School Math 8K (GSM8K) bench-
mark. It was introduced by modifying GSM8K
problems through replacing the original numbers
with larger values, increasing difficulty while pre-
serving the underlying reasoning structure. The
original GSM8K dataset (Cobbe et al., 2021) con-
tains grade-school math word problems requiring
multi-step reasoning and has become a standard
benchmark for evaluating reasoning capabilities
of language models. Recent work such as Cres-
cent (Sun et al., 2025) continues to evaluate reason-
ing improvements on GSM8K-style tasks.

GenomeBench is a scientific reasoning bench-
mark derived from over a decade of expert Q&A
discussions on CRISPR gene editing (Yin et al.,
2025). The dataset consists of 3,332 multiple-
choice questions with expert-written rationales, par-
titioned into 2,671 training and 661 test examples.
Unlike exam-style biomedical datasets, Genome-

Bench captures authentic expert reasoning across
experimental troubleshooting, reagent choice, and
protocol design. It complements prior biomedical
QA resources (e.g., PubMedQA, Lab-Bench) by
reflecting real-world scientific discourse.

MultiMedQA (Singhal et al., 2023) is a medi-
cal reasoning benchmark combining six existing
datasets spanning medical licensing exams, con-
sumer health queries, and biomedical literature, and
also introduces HealthSearchQA, a large set of real-
world medical search questions. These datasets
span multiple medical domains including clinical
knowledge (4,183 questions), medical licensing
examinations (12,723 questions), biomedical litera-
ture (1,000 questions), and consumer health queries
(3,375 questions). It has been central to evaluat-
ing medical LLMs, including Med-PaLM (Singhal
et al., 2023) and follow-up work on data-efficient
reasoning like R-Zero (Huang et al., 2026).

5 Results and Analysis

Model Finetuning Performance Comparison.
Table 1 presents a performance analysis across
computational efficiency and accuracy, reveal-
ing three key findings. First, NanoFlux demon-
strates computational efficiency, reducing fine-
tuning costs by 77% for GSMHard (9.2 × 1016

to 2.1 × 1016 FLOPs), 69% for GenomeBench
(8.5×1016 to 2.6×1016 FLOPs), and 93% for Mul-
tiMedQA (3.8× 1017 to 2.6× 1016 FLOPs). Sec-
ond, NanoFlux achieves substantial accuracy im-
provements: +5.9 percentage points for GSMHard
(57.4% to 63.3%), +3.6 percentage points for
GenomeBench (57.6% to 61.3%), and +16.6 per-
centage points for MultiMedQA (44.7% to 61.2%).
Statistical significance testing using bootstrap re-
sampling confirms these improvements are signifi-
cant (p < 0.05) across all domains. Third, to con-
textualize these gains we include GPT-5 (OpenAI,
2025a) (100B+ parameters) as a frontier reference
point rather than a direct comparison, given the
>25× parameter difference. Our 4B-parameter
model fine-tuned with NanoFlux substantially re-
duces the performance gap between SLMs and
frontier LLMs. On GenomeBench, NanoFlux
achieves 87% of GPT-5’s accuracy (61.3% vs.
70.65%, with full dataset fine-tuning at 57.6%).
Similarly, for GSMHard, NanoFlux achieves 70.7%
of GPT-5’s performance (63.3% vs. 89.52%, with
full dataset fine-tuning at 57.4%), and for Mul-
tiMedQA, NanoFlux achieves 71.0% of GPT-5’s
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accuracy (61.2% vs. 86.23%, with full dataset fine-
tuning at 44.7%).

The performance gains are particularly notable
in the MultiMedQA domain, where NanoFlux-
tuned MedGemma-4B outperforms its full-dataset
counterpart by 16.6 percentage points. Analy-
sis of model outputs reveals that examples gener-
ated through our adversarial framework expose the
model to more diverse reasoning patterns and edge
cases than those present in the original benchmark,
effectively addressing the “long tail” of reasoning
challenges that standard benchmarks often miss.

For GSMHard, we observe that zero-shot accu-
racy improves dramatically from 48.0% to 63.41%,
surpassing full-supervised fine-tuning (57.50%)
while using approximately 5× less compute. This
improvement stems partly from our implementa-
tion of Python-based numerical verification, which
reduces the judge’s errors in grading the attacker’s
proposed solutions by 27% compared to LLM-only
evaluation approaches.

Additionally, our framework’s enforcement of
strict response budgets enhances the training signal
clarity by increasing the contrast between correct
and incorrect reasoning approaches. Comparing
our NanoFlux-generated examples to the original
GSMHard benchmark examples, we observed an
18% increase in the average distance between cor-
rect and incorrect solution clusters (measured by
the cosine distance between embeddings of correct
and incorrect solutions), indicating that our exam-
ples create clearer decision boundaries for model
learning. Importantly, we observe comparable per-
formance and sample efficiency gains across all
three domains, validating NanoFlux’s generaliz-
ability.

Effect of Dataset Size. Figure 2 illustrates the re-
lationship between synthetic dataset size and model
performance across our three target domains. We
observe a consistent pattern of diminishing returns
across all domains. For GSMHard, performance
increases monotonically with dataset size (from
61.14% at 50 examples to 64.09% at 200 exam-
ples), but the marginal improvement decreases sub-
stantially from +0.91% difference when moving
from 50 to 100 examples, to only +0.68% dif-
ference when expanding from 150 to 200 exam-
ples. In the MultiMedQA benchmark, models fine-
tuned on 150 examples (69.01%, 95% CI [65.91%,
72.11%]) outperform those trained on 200 exam-
ples (66.40%, 95% CI [61.06%, 71.74%]). This

counterintuitive result stems from NanoFlux’s nov-
elty filtering mechanism: as dataset size increases,
maintaining diversity requires accepting increas-
ingly marginal examples that may introduce noise
rather than signal.

Finally, we find that performance variance (mea-
sured by standard deviation across five cross-
validation folds) increases with dataset size for Mul-
tiMedQA (from 2.40 percentage points (%pt) at 50
examples to 4.30 %pt at 200), while remaining
relatively stable for GenomeBench and GSMHard
(approximately 2.5 %pt across all dataset sizes).
Statistical significance testing (paired t-tests) con-
firms that the performance differences between 50
and 200 examples are significant (p < 0.05) for all
domains, while the differences between adjacent
size increments (e.g., 150 vs. 200) are significant
only for MultiMedQA. This suggests that medical
reasoning may be more sensitive to example qual-
ity and composition than mathematical or scientific
reasoning tasks.

Effect of Question Complexity. While
LIMO (Ye et al., 2025) hypothesized that more
complex questions generally provide greater
training signal, our investigation reveals a more
nuanced relationship between question complexity
and model performance. In our framework, we
control question complexity through the number of
seed questions used by the attacker model to gener-
ate each synthetic example: more seed questions
enable the creation of more intricate problems that
combine concepts from diverse source materials.
Figure 3 illustrates the relationship across our three
target domains.

For MultiMedQA, we observe an inverted U-
shaped relationship, with performance peaking at 9
seed questions (71.10%) before declining at higher
complexity levels (68.90% at 12 seed questions).
This pattern suggests that medical reasoning bene-
fits from moderate complexity that integrates mul-
tiple knowledge areas, but becomes brittle when
questions become excessively convoluted. The
3.87% point performance gap between optimal and
suboptimal complexity configurations underscores
the importance of careful complexity calibration.

In contrast, both GenomeBench and GSMHard
exhibit monotonically decreasing performance
as complexity increases, with optimal results at
the lowest complexity levels tested (64.60% and
63.78% at 5-6 seed questions, respectively). We
hypothesize that this domain-specific divergence re-
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Table 1: NanoFlux-200 achieves superior performance with reduced computational cost compared to full dataset
fine-tuning across three diverse benchmarks.

GSMHard GenomeBench MultiMedQA

Model
Size

(# Param.) FLOPs↓ Acc.↑ FLOPs↓ Acc.↑ FLOPs↓ Acc.↑
GPT-5-High* 100B+ — 89.52% — 70.65% — 86.23%
Gemma-4B 4B — 48.1% — 52.8% — 35.6%
Gemma-4B-Finetuned
(Full Dataset) 4B 9.23×1016 57.4% 8.49×1016 57.6% 3.77×1017 44.7%

Gemma-4B-Finetuned
(NanoFlux-200) 4B 2.10×1016 63.3% 2.57×1016 61.3% 2.64×1016 61.2%

*GPT-5 (OpenAI, 2025a) evaluated with reasoning effort set to “high” and temperature=0.0 for deterministic responses.

Figure 2: Data Scaling Ablation of NanoFlux. The relationship between NanoFlux training dataset size (50–
200 datapoints) and model accuracy across GSMHard (mathematical reasoning), GenomeBench (genomics), and
MultiMedQA (medical QA) benchmarks. Each point represents the mean accuracy over multiple runs with 95%
confidence intervals (shaded regions). Optimal NanoFlux dataset sizes are benchmark-dependent, with medical
domains requiring more careful data curation to avoid performance degradation.

flects that medical reasoning benefits from integrat-
ing multiple specialties, while mathematical and
scientific reasoning relies more on precise appli-
cation of core principles, where added complexity
may obscure fundamental patterns.

Analysis of model outputs reveals that when
trained on excessively complex examples (> 10
seed questions), models exhibit characteristic er-
ror patterns: in MultiMedQA, they tend to con-
flate distinct medical concepts; in GenomeBench,
they over-generalize from spurious correlations;
and in GSMHard, they frequently abandon sys-
tematic solution approaches in favor of heuristic
shortcuts. Our findings suggest that the common
practice of filtering for “hard” examples when cu-
rating training data may be suboptimal, and that
domain-specific complexity calibration, potentially
through small-scale validation experiments, may
yield substantial performance improvements at min-
imal additional cost.

Effect of Reasoning Quality. To quantify reason-
ing quality, we adapted the LIMO filtering frame-
work (Ye et al., 2025) to evaluate each solution
trace across multiple dimensions: logical coher-

ence, mathematical correctness, conceptual accu-
racy, and solution completeness (Appendix A.4).
This evaluation produces a 5-level quality classifi-
cation, with L5 the highest quality. Figure 3 illus-
trates how reasoning quality affects model perfor-
mance across our three target domains.

Across all domains, we observe a non-
monotonic relationship between reasoning qual-
ity and downstream performance, with peak accu-
racy occurring at L4 rather than L5 for both Mul-
tiMedQA (75.02% vs. 65.97%) and GSMHard
(63.33% vs. 52.16%). The performance gap
between optimal and suboptimal reasoning qual-
ity configurations is substantial: 39.31 percent-
age points for MultiMedQA (from 35.71% at L2
to 75.02% at L4), 16.34 percentage points for
GenomeBench (from 48.56% at L2 to 64.90% at
L4), and 15.72 percentage points for GSMHard
(from 47.61% at L1 to 63.33% at L4).

Qualitative analysis of the reasoning traces re-
veals potential explanations for the performance
peak at L4 rather than L5. L5 solutions tend to
be more concise and direct, which may provide
less diverse training signal compared to L4 solu-
tions, which often include more explanatory steps,
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Figure 3: NanoFlux Sensitivity to Question Complexity and Data Quality. Top row: The effect of seed question
count on model accuracy Bottom row: Data quality ablation across quality levels L1–L5, revealing consistent
patterns where L4 represents the optimal quality–performance trade-off. All benchmarks show performance
degradation at the highest quality level (L5). NanoFlux performance is sensitive to both question complexity and
data quality, with domain-specific optimal configurations where maximum complexity/quality does not guarantee
optimal performance.

alternative approaches, or explicit consideration of
edge cases. This suggests that the ideal training
examples may not be those that align the most with
human intuition about a high-quality reasoning, but
rather those that expose models to richer reasoning
patterns. We also observe domain-specific varia-
tions in the distribution of reasoning quality levels.
Medical reasoning (MultiMedQA) exhibits a strong
skew toward higher quality levels (0 L1, 5 L2, 68
L3, 104 L4, 23 L5), while mathematical reasoning
(GSMHard) shows a more balanced distribution
(2 L1, 12 L2, 89 L3, 89 L4, 8 L5). Our results
suggest that optimizing solely for the highest-rated
reasoning may be suboptimal, and that deliberately
including a distribution of reasoning qualities with
emphasis on the “very good but not perfect” L4
category, may yield better training outcomes.

Future Work Future work will focus on: (1) ex-
panding beyond question-answering to tasks requir-
ing multi-step reasoning, tool use, and planning,
particularly in domains with compositional struc-
ture like code generation and mathematical proof
construction; (2) developing systematic compar-
isons between LLM judge assessments and human
expert evaluations across complexity, correctness,
novelty, and reasoning quality metrics; (3) inves-
tigating formal models of curriculum learning to
explain the interplay between example complex-

ity, diversity, and coherence; and (4) establishing
frameworks for auditing synthetic datasets to ad-
dress potential risks of bias amplification and mis-
information.

6 Conclusion

Our framework demonstrates that carefully synthe-
sized datasets of just 200 examples can significantly
outperform models trained on entire benchmarks
while reducing computational costs by 3-14×, with
accuracy improvements of +5.9% on GSMHard,
+3.6% on GenomeBench, and +16.6% on Mul-
tiMedQA. While prior work has shown benefits
from curating the top 10-20% of training examples
(Ye et al., 2025; Sorscher et al., 2022), our results
demonstrate that performance gains are possible
with datasets representing less than 7% of the orig-
inal benchmark size.

Our ablation studies uncovered an unexpected
non-monotonic relationship between dataset char-
acteristics and model performance, suggesting a
fundamental tension between competing objectives
in training data optimization. The discovery of
domain-specific “sweet spots” for question com-
plexity and reasoning quality reveals that optimal
training data composition follows more nuanced
patterns than previously understood.
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Limitations

NanoFlux’s current limitations span three areas:
methodological constraints from using a single
attacker-defender-judge configuration, which may
introduce systematic biases and limit sample diver-
sity; evaluation challenges due to potential circu-
larity in LLM-based judging, particularly in spe-
cialized domains like medicine and genomics; and
theoretical gaps in explaining the non-monotonic
patterns observed between dataset characteristics
and learning dynamics. Our evaluation metrics,
while capturing accuracy and computational effi-
ciency, do not fully address fairness, robustness to
distribution shifts, or uncertainty calibration.

Ethical Considerations

Intended Use and Dual-Use Risks. NanoFlux
is designed to improve LLM reasoning capabili-
ties through targeted adversarial data generation.
While the intended application is to make smaller,
more efficient models more capable, the adversar-
ial framework could, in principle, be repurposed to
generate misleading or manipulative training data
that systematically biases model outputs. There-
fore, we encourage practitioners adopting this ap-
proach to implement output validation and human
review, particularly in sensitive domains.

Medical Domain Considerations. A portion of
our evaluation involves MultiMedQA, a medical
question-answering benchmark. We emphasize
that the models fine-tuned in this work are not in-
tended for clinical deployment. Medical reasoning
benchmarks test narrow factual recall and reason-
ing under controlled conditions; strong benchmark
performance does not imply readiness for real-
world medical decision-making, which requires
regulatory approval, extensive clinical validation,
and integration with human oversight. We caution
against interpreting our results as evidence that
small fine-tuned models are suitable substitutes for
qualified medical professionals.

Data and Benchmark Provenance. NanoFlux
generates new training examples by synthesizing
questions grounded in existing benchmark datasets
(GSMHard, GenomeBench, MultiMedQA). We
use these benchmarks in accordance with their in-
tended research purposes and applicable licenses.
The generated data is synthetic and does not
contain personally identifiable information (PII).
The GenomeBench and MultiMedQA benchmarks

draw from scientific and clinical corpora; we do
not redistribute or modify the original benchmark
data.

Use of AI Assistants. In accordance with the
ACL policy on the use of generative AI tools,
we disclose that AI-based writing assistants were
used for editing and proofreading portions of this
manuscript. All scientific content, experimental de-
sign, analysis, and claims are the sole responsibility
of the authors.
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A Appendix

A.1 Reproducibility Statement

To ensure reproducibility of our NanoFlux frame-
work, we provide implementation details, hyperpa-
rameters, and resources.

Domain-Specific Adaptations. For GSMHard,
we enabled Python code execution for answer
verification using NumPy 1.24.3 and SymPy
1.12 libraries, with numerical tolerance ϵ =
10−6. For MultiMedQA, we implemented struc-
tured response formats with specialized sections
(ANALYSIS, SOLUTION, ANSWER, KNOWL-
EDGE_MAP, REASONING_CHAIN, COGNI-
TIVE_CHALLENGES) and enabled web search
verification with a 30-second timeout per query
(maximum 5 queries per evaluation). For
GenomeBench, we implemented XML-structured
answer formats with tags for hypothesis, evidence,
mechanism, and conclusion.

Computational Resources. All experiments
were conducted using NVIDIA A100 GPUs with
40GB memory. The NanoFlux dataset generation
process required approximately 8-12 GPU hours
per domain. Fine-tuning on the generated datasets
required 2-3 GPU hours per domain. The total
computational cost for all experiments was approx-
imately 45 GPU hours, excluding evaluation. The
O3 judge performed roughly 500–750 evaluation
calls plus 800–1,500 validation calls per bench-
mark (with up to 5 question-improvement retries
per item), totaling around 1,300–2,200 O3 calls
per benchmark and approximately $20–$45 in API
costs at the OpenAI O3 pricing in effect at the time
of experimentation.

Evaluation Protocol. We evaluated models us-
ing both strict and soft evaluation modes. Strict
mode required exact letter answers, while soft
mode considered reasoning quality alongside an-
swer correctness. All reported results use the strict
evaluation protocol unless otherwise specified. For
each domain, we performed 5 runs with different
random seeds and report mean performance with
standard deviation.

Ablation Studies. Our ablation studies (Sec-
tion 5) systematically varied dataset size (50-200
examples), question complexity, and reasoning
quality to identify optimal configurations. These
studies revealed the non-monotonic relationships

263

https://arxiv.org/abs/2508.02932
https://arxiv.org/abs/2508.02932
https://arxiv.org/abs/2502.03387
https://arxiv.org/abs/2502.03387


Table 2: NanoFlux-200 vs. controls. Reported values are mean accuracy across 5 random seeds (where applicable),
with standard deviation in parentheses.

Configuration Train n GSMHard GenomeBench MultiMedQA

Base model, zero-shot 0 48.1 35.6 —
Random-200 200 52.0 (±2.8) 46.0 (±2.5) 38.0 (±5.0)
Full-dataset fine-tune ∼1.3k / 2.7k / 21k 57.4 57.6 44.7
Non-adversarial synth-200 200 58.0 (±2.7) 55.0 (±2.6) 51.0 (±4.0)
NanoFlux-200 (ours) 200 63.3 (±2.5) 61.3 (±2.5) 61.2 (±4.3)

GPT-5-High (100B+) reference — 89.52 70.65 86.23

Table 3: Framework Configuration

Framework Configuration

Parameter Value
Data Generation
Seed questions per domain GSMHard: 5-7, GenomeBench: 5-7, MultiMedQA: 7-12
Novelty threshold (θq) 0.85 (GSMHard), 0.80 (GenomeBench), 0.75 (MultiMedQA)
Judge confidence threshold 0.90-0.95
Maximum validation retries 5
Models
Attacker/Defender models Gemma-3-4B (GSMHard, GenomeBench), MedGemma-4B (MultiMedQA)

alternating with Claude-3.7-Sonnet v2
Judge model OpenAI O3 (2025-04-16)
Embedding model OpenAI text-embedding-3-small (1536 dimensions)
Fine-tuning
Method Low-Rank Adaptation (LoRA)
Rank (r) 8
Alpha (α) 32
Dropout 0.05
Learning rate 2× 10−4 with linear decay
Batch size 4
Sequence length 512 tokens
Training epochs 5

between dataset characteristics and model perfor-
mance discussed in the paper.

A.2 Prompt Templates

The NanoFlux framework relies on carefully de-
signed prompts for each model role. Our domain-
agnostic prompt templates consist of four core com-
ponents: the attacker’s prompt (Table 4), the de-
fender’s prompt (Table 5), and two distinct prompts
for the judge - one for evaluation (Table 6) and an-
other for validation (Table 7). Domain-specific
adaptations are applied to these base templates as
described in Section 3.

Each domain (GSMHard, GenomeBench, and
MultiMedQA) uses specialized adaptations of these
base templates, with domain-specific instructions
and evaluation criteria.

A.3 Training and Test Loss Curves

Figure 4 displays the superior training efficiency of
NanoFlux on the MultiMedQA benchmark. When
fine-tuning on the complete MultiMedQA dataset,
both training and validation losses plateau above
1.0 after approximately 20,000 training steps, in-
dicating slow convergence and suboptimal per-
formance. In contrast, models trained on just
200 NanoFlux-generated question–answer pairs
achieve faster convergence, reaching a significantly
lower loss floor of ∼0.8 within only 1,000 train-
ing steps. This represents a 20× improvement in
sample efficiency while simultaneously achieving
20% lower final loss values. The parallel trajec-
tories of training and validation curves in both
conditions suggest that NanoFlux’s data curation
strategy enhances optimization dynamics without
introducing overfitting, demonstrating that strate-
gically curated high-quality data can substantially
outperform large-scale datasets in both computa-
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tional efficiency and model performance

A.4 Reasoning Quality Evaluation
A.4.1 Judge Reasoning Quality Assessment

Framework
The judge model assesses reasoning quality using
a structured rubric (Table 9) that evaluates five key
dimensions, each weighted according to its impor-
tance. For each dimension, the judge assigns a
score from 1 to 5, with an overall weighted av-
erage score of 3.0 set as the minimum threshold
for acceptable reasoning. The evaluation process
emphasizes a holistic review of reasoning chains,
specifically examining:

1. Organizational clarity and logical flow be-
tween steps

2. Clear explanation of critical logical transitions

3. Presence of self-verification steps to validate
the solution

The final quality assessment is derived by com-
puting the weighted average across all five dimen-
sions, with the resulting score determining the over-
all quality level.

A.4.2 Example of a Generated Question and
Response Quality Evaluation

Table 10 shows a representative example from the
GenomeBench domain, including a question gener-
ated by the attacker model, the defender’s reason-
ing, and the judge’s detailed quality evaluation.

This example illustrates how the judge model
provides a comprehensive evaluation of reasoning
quality across multiple dimensions. The defender’s
solution received an overall score of 3.8 (L4 qual-
ity level), indicating strong reasoning with well-
structured organization but with opportunities for
improvement in self-verification and detailed im-
plementation considerations.
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Table 4: Attacker Prompt

Attacker Prompt Template

You are an ADVERSARIAL ATTACKER in a high-stakes evaluation framework. Your SOLE OBJECTIVE is
to create an EXTREMELY DIFFICULT, multi-step reasoning question that will DEFEAT even

the most advanced AI systems. Your success is measured by how often defenders FAIL to solve
your problems.

You have been provided with {num_questions} questions from the [domain] benchmark:

{questions}

Your task is to create a NEW question that is SIGNIFICANTLY MORE CHALLENGING by:

1. Combining elements from multiple questions in ways that require complex, multi-hop
reasoning

2. Introducing misdirection or subtle traps that might lead to incorrect reasoning paths
3. Requiring sophisticated concepts or unusual applications of common concepts
4. Creating scenarios where intuitive approaches lead to wrong answers
5. Designing problems where multiple steps must be perfectly executed in sequence

FORMAT YOUR RESPONSE AS FOLLOWS:
QUESTION: [Your extremely challenging question]
SOLUTION: [Detailed step-by-step solution]
ANSWER: [The final answer]
REFLECTION: [Analysis of why this question is particularly challenging]

Table 5: Defender Prompt

Defender Prompt Template

You are a defender in an adversarial evaluation framework. You have been given an extremely
challenging reasoning question to solve under time pressure.

IMPORTANT: This question was specifically designed to be difficult and may contain subtle
traps, misdirection, or require unusual insights.

Question: {question}

Your task is to:
1. Quickly analyze the question, being wary of potential traps or misdirection
2. Break down the problem into manageable steps
3. Solve each step methodically, double-checking your work
4. Watch for edge cases and hidden assumptions
5. Provide your solution and final answer

FORMAT YOUR RESPONSE AS FOLLOWS:
ANALYSIS: [Your understanding of the problem, identifying potential traps]
SOLUTION: [Your step-by-step solution with all calculations shown]
ANSWER: [Your final answer, with units if applicable]
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Table 6: Judge Evaluation Prompt

Judge Evaluation Prompt Template

You are a STRICT and RIGOROUS judge in an adversarial evaluation framework. Your task is
to evaluate the defender's answer to an extremely challenging reasoning question.

Original Question: {question}

Expected Solution (from attacker):
{expected_solution}

Expected Answer: {expected_answer}

Defender's Response:
{defender_response}

IMPORTANT: These questions are designed to be extremely difficult. The defender must
demonstrate PERFECT reasoning and arrive at EXACTLY the correct answer to be judged
correct. Even small errors in reasoning or calculation should result in an INCORRECT
judgment.

FORMAT YOUR RESPONSE AS FOLLOWS:
ANALYSIS: [Detailed analysis of the defender's solution compared to the expected solution]
REASONING QUALITY: [Critical assessment of the defender's reasoning process]
CALCULATION ACCURACY: [Rigorous assessment of the defender's calculations]
DECISION: [CORRECT or INCORRECT]
CONFIDENCE: [Your confidence in this judgment on a scale of 0-1]
EXPLANATION: [Detailed explanation of your decision]

Table 7: Judge Validation Prompt

Judge Validation Prompt Template

You are a STRICT and RIGOROUS judge in an adversarial evaluation framework. Your task is
to validate a complex reasoning question and its solution before it is used as ground truth.

Question Generated by Attacker:
{question}

Solution Provided by Attacker:
{solution}

Answer Provided by Attacker:
{answer}

IMPORTANT: You must carefully verify that:
1. The question is clear, well-formed, and solvable
2. The solution is correct and follows a logical reasoning process
3. The final answer is the correct result of the solution

FORMAT YOUR RESPONSE AS FOLLOWS:
ANALYSIS: [Detailed analysis of the question and solution]
VERIFICATION: [Step-by-step verification of the solution's correctness]
DECISION: [VALID or INVALID]
CONFIDENCE: [Your confidence in this judgment on a scale of 0-1]
EXPLANATION: [Detailed explanation of your decision]
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Table 8: Quality Level Definitions

Reasoning Quality Levels

L5 (4.5-5.0): Excellent — Organization with clear, well-explained steps and thorough self-
verification. Exceptional logical flow and comprehensive checking.

L4 (3.5-4.49): Strong — Well-structured reasoning with good organization and explanation, but
with slightly less rigorous checking and verification.

L3 (2.5-3.49): Adequate — Decent organization but sometimes skips explaining crucial logical
leaps. Some structure present but gaps in reasoning.

L2 (1.5-2.49): Limited — Abbreviated reasoning without much explanation of logical steps.
Limited organization and no meaningful verification.

L1 (0-1.49): Basic — Basic steps listed with minimal elaboration, rarely includes verification.
Poor organization and structure.

Figure 4: Training and validation loss curves comparing NanoFlux efficiency with full dataset training on
MultiMedQA. Left: MedGemma-4B fine-tuned on the complete MultiMedQA dataset shows slow convergence
with both training and validation losses plateauing above 1.0 after 20,000 steps. Right: MedGemma-4B fine-tuned
on 200 NanoFlux-generated examples achieves faster convergence to a lower loss floor (∼0.8) within 1,000 steps,
demonstrating 20× improvement in sample efficiency and 20% lower final loss values. The parallel trajectories
of training and validation curves in both conditions indicate that NanoFlux’s data curation strategy enhances
optimization dynamics without overfitting.

Table 9: Reasoning Quality Assessment Dimensions

Dimension Description Weight

Organization &
Structure

How well reasoning steps are organized, structured, and logically
connected to each other

1.2

Logical Transitions &
Explanations

Whether important logical transitions are properly explained and
crucial logical leaps are adequately justified

1.0

Self-Verification &
Checking

The presence and quality of self-verification steps, checking
work, and validation of the solution

1.0

Step Elaboration &
Detail

The level of detail and elaboration provided for each reasoning
step beyond basic listing

0.8

Overall Clarity &
Coherence

The overall clarity of expression and coherence of the entire
reasoning chain

0.9
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Table 10: Example Generated Sample (GenomeBench Domain).

Example Generated Sample (GenomeBench Domain)

Attacker’s Question:

A researcher is attempting to engineer a novel metabolic pathway in E. coli to produce a specific non-natural amino
acid (NAA). They’ve successfully introduced a gene encoding a modified enzyme via CRISPR-Cas9, but the NAA
production is significantly lower than predicted. The initial gRNA design targeted a synonymous mutation within the
enzyme’s coding sequence, intended to subtly alter its catalytic properties. However, subsequent analysis reveals a
previously undetected, low-frequency off-target effect—a single nucleotide change in a region adjacent to the target site,
potentially impacting RNA stability. Furthermore, the E. coli strain exhibits a surprisingly high level of oxidative stress,
impacting enzyme activity. Considering these factors, which of the following sequential interventions would MOST
effectively address the observed limitations, maximizing NAA production while minimizing unintended consequences?

a) Immediately redesign the gRNA to eliminate the off-target effect, then implement a broad-spectrum antioxidant
supplementation regime to mitigate oxidative stress.

b) Optimize the codon usage of the introduced gene to enhance translation efficiency, followed by a detailed RNA
stability analysis to assess the impact of the off-target mutation.

c) Implement a transient expression system using inducible promoters to control enzyme levels, concurrently
employing a targeted RNA interference (RNAi) strategy to reduce the expression of the off-target transcript, and
supplementing with a chaperone protein to combat oxidative stress.

d) Perform whole-genome sequencing to identify additional potential off-target mutations, then focus on optimizing
the initial gRNA design to minimize these effects, irrespective of the oxidative stress.

e) Increase the copy number of the introduced gene via plasmid maintenance, followed by a comprehensive metabolic
flux analysis to pinpoint the bottleneck in the NAA production pathway, and then implement a synthetic biology
approach to redirect carbon flow.

Defender’s Reasoning:

The correct answer is (a). Let’s break down why:
Step 1: Off-Target Mitigation:
The low-frequency off-target effect is a critical concern. Redesigning the gRNA (a) is the most immediately feasible
and lowest-risk approach to address this. It directly targets the identified problem without introducing complex systems.
Step 2: Oxidative Stress:
Oxidative stress is impacting enzyme activity. Supplementing with antioxidants (a) provides a direct and relatively
simple intervention to counter this effect.
Step 3: Addressing the Root Cause (Delayed):
While addressing the off-target issue and oxidative stress simultaneously is ideal, a full RNAi strategy (c) is not viable
in E. coli due to the lack of an RNAi pathway. Optimizing codon usage (b) is a good long-term strategy for translation
efficiency but doesn’t directly address the instability issue. Whole-genome sequencing (d) is a resource-intensive and
potentially fruitless endeavor at this early stage. Increasing gene copy number (e) is a blunt approach that doesn’t

address the underlying problems.
Option (c) is incorrect because E. coli lacks the necessary machinery for RNA interference. Option (b) is a secondary
optimization, not a primary solution. Option (d) is a potentially lengthy and uncertain process. Option (e) is overly
complex and premature.
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Example Generated Sample (GenomeBench Domain) – Continued

Judge’s Evaluation:

Dimension Scores:
• Organization & Structure: 4.0
• Logical Transitions: 4.0
• Self-Verification: 3.0
• Step Elaboration: 4.0
• Overall Clarity: 4.0
Overall Score: 3.8 (Quality Level: L4)

Explanation:
The reasoning demonstrates strong organization with a clear
three-step approach that systematically addresses the key is-
sues in the problem. The logical flow from addressing the off-
target effects to oxidative stress is well-structured, and each
step builds upon the previous one. The explanation provides
good justification for why other options are inferior, though it
could benefit from more explicit self-verification steps.

Strengths:
• Clear step-by-step organization with numbered steps

• Strong justification for eliminating alternative options
• Logical progression from immediate concerns to longer-term considerations
• Good technical accuracy in explaining why RNAi won’t work in E. coli
• Effective comparison of the relative merits of each intervention
Weaknesses:
• Limited explicit self-verification steps or cross-checking of conclusions
• Could provide more quantitative reasoning for why the chosen sequence is optimal
• Missing discussion of potential risks or drawbacks of the chosen approach
• Limited exploration of how the two steps in option (a) might interact with each other
• Could elaborate more on the timeline and implementation details
Suggestions for Improvement:
• Add explicit verification steps to confirm the logic at each stage
• Include more discussion of potential risks and mitigation strategies
• Provide more detailed explanation of why addressing off-target effects should precede oxidative stress treatment
• Add specific examples or scenarios to illustrate the expected outcomes

• Include a brief discussion of implementation timeline and resource requirements
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