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Abstract

Large language models have achieved substantial progress
in mathematical reasoning, yet their advancement is lim-
ited by the scarcity of high-quality, high-difficulty training
data. Existing synthesis methods largely rely on transforming
human-written templates, limiting both diversity and scalabil-
ity. We propose MathSmith, a novel framework for synthesiz-
ing challenging mathematical problems to enhance LLM rea-
soning. Rather than modifying existing problems, MathSmith
constructs new ones from scratch by randomly sampling con-
cept—explanation pairs from PlanetMath, ensuring data inde-
pendence and avoiding contamination. To increase difficulty,
we design nine predefined strategies as soft constraints dur-
ing rationales. We further adopts reinforcement learning to
jointly optimize structural validity, reasoning complexity, and
answer consistency. The length of the reasoning trace gener-
ated under autoregressive prompting is used to reflect cogni-
tive complexity, encouraging the creation of more demand-
ing problems aligned with long-chain-of-thought reasoning.
Experiments across five benchmarks, categorized as easy
& medium (GSM8K, MATH-500) and hard (AIME2024,
AIME2025, OlympiadBench), show that MathSmith consis-
tently outperforms existing baselines under both short and
long CoT settings. Additionally, a weakness-focused variant
generation module enables targeted improvement on specific
concepts. Overall, MathSmith exhibits strong scalability, gen-
eralization, and transferability, highlighting the promise of
high-difficulty synthetic data in advancing LLM reasoning
capabilities.

Code — https://github.com/Jasaxion/MathSmith
Extended version — https://arxiv.org/pdf/2508.05592

Introduction

In recent years, large language models (LLMs) have
achieved remarkable progress in reasoning tasks across
mathematics, science, and programming (Guo et al. 2025;
Jaech et al. 2024; Zhang et al. 2024; Gu et al. 2024; Ding
et al. 2025). As models continue to scale in both size and ar-
chitectural sophistication, their capabilities have expanded
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from solving elementary-level math problems to address-
ing Olympiad-level challenges (Shao et al. 2024; OpenAl
2025; Lu et al. 2023), gradually revealing their potential for
general-purpose intelligence. However, the advancement of
reasoning ability now faces a critical bottleneck: the scarcity
of high-quality, high-difficulty mathematical problems for
training and evaluation limits the upper bound of model per-
formance. Moreover, a lack of diversity in existing problem
distributions raises concerns about models memorizing re-
curring patterns rather than truly reasoning (Huang et al.
2025a; Zhao et al. 2025b), further highlighting the urgent
need for diverse and challenging mathematical data to sup-
port continued progress.

Most existing approaches to mathematical problem syn-
thesis rely on extracting templates, structures, or con-
ceptual patterns from existing questions (Huang et al.
2025b), followed by rewriting (Yu et al. 2024), augmen-
tation (Toshniwal et al. 2025; Liu et al. 2025), question
back-translation (Lu et al. 2024), or evolutionary transfor-
mations (Luo et al. 2023). While these methods enhance data
diversity to some extent, they remain fundamentally con-
strained by the distribution and structure of human-authored
problems, often lacking generation autonomy and precise
difficulty control. As articulated in the Bitter Lesson (Sut-
ton 2019), sustainable progress in Al is ultimately driven
by general purpose, computation-heavy methods rather than
handcrafted knowledge. In line with this perspective, we
argue that future reasoning agents should be able to au-
tonomously generate high-quality, intellectually challenging
problems. To this end, we introduce MathSmith, a novel
framework that emulates the role of a mathematical black-
smith: it extracts raw materials (i.e., concept and explanation
pairs) and progressively refines them into complex and co-
herent mathematical problems.

To enhance both the difficulty and the quality of the syn-
thesized problems, we begin by analyzing the structural and
cognitive features of existing high-difficulty questions. This
analysis leads to the formulation of nine pre-defined diffi-
culty strategies in Figure 1, including multi-step reasoning,
cross-topic integration, implicit or reverse logic, distractor
construction, abstract modeling, multiple solution paths, ad-
vanced manipulation extreme conditions and non-standard
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Figure 1: The MathSmith workflow, comprising the phases of concept and explanation collection, supervised fine-tuning, and

reinforcement learning.

representation, which serve as soft constraints during gen-
eration. Additionally, we introduce a reinforcement learn-
ing stage to optimize the generation process across three di-
mensions: structural validity, reasoning complexity, and an-
swer consistency. Drawing inspiration from the long CoT
paradigm (Guo et al. 2025; Wang et al. 2024a), we adopt
the reasoning trace length, as produced by models under
autoregressive CoT prompting, as an indirect estimation of
problem difficulty, and incorporate it into our reward de-
sign. We observe that more challenging problems tend to
elicit significantly longer reasoning traces, as shown in Fig-
ure 2, suggesting a potential link between problem difficulty
and reasoning depth. While it remains uncertain whether
such problems definitively enhance the reasoning capabili-
ties of LLMs, they offer a promising direction worth explor-
ing. Building on this insight, our method synthesizes prob-
lems that induce longer reasoning sequences, enriching the
pool of high-difficulty data and fostering deeper reasoning
in LLMs.

We categorize widely used benchmarks into two diffi-
culty tiers: easy & medium (GSMS8K, MATH-500) and hard
(AIME2024, AIME2025, Olympiad). Compared to a variety
of existing methods, MathSmith achieves significantly bet-
ter performance under both short-CoT and long-CoT prompt
settings, producing relative improvements of 9.8%—18.1%
on the hard benchmarks. In addition, our weakness-focused
variant generation mechanism effectively improves model
performance on specific underperforming concepts, and the
synthesized problems generalize well across different rea-
soning tasks. Moreover, extended experiments show that
MathSmith maintains strong performance as both the num-
ber of problems and the model size increase, demonstrating
its superiority in reasoning depth, scalability, and effective-
ness on larger models.
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Our main contributions are as follows: (1) We synthe-
size mathematical problems by randomly sampling con-
cept—explanation pairs and constructing problems through
step-by-step rationale generation, avoiding reliance on real-
world templates and minimizing data contamination; (2) We
propose the MathSmith framework, which incorporates nine
difficulty strategies, a multi-objective reinforcement learn-
ing mechanism for optimizing structural integrity, reason-
ing depth, and solution consistency, as well as a weakness-
focused variant generation module for targeted concept-level
improvement; (3) We conduct extensive evaluations demon-
strating that the synthesized problems significantly enhance
model performance on challenging benchmarks such as
AIME2024, AIME2025, and Olympiad, particularly under
long-chain-of-thought prompting setups.

Related Work

Mathematical Reasoning with Large Language Models.
Large language models (LLMs) have shown growing ca-
pabilities in mathematical reasoning, driven by both train-
ing and inference advancements. At the training stage, some
works enhance mathematical foundations through continued
pre-training on large-scale corpora (Wang et al. 2024b; Du
et al. 2025; Zhang et al. 2025), while others focus on post-
training with curated instruction datasets such as OpenMath-
Instruct (Toshniwal et al. 2025), Mammoth (Yue et al. 2024)
and DART-Math (Tong et al. 2024). For inference, Chain-
of-Thought (CoT) prompting (Wei et al. 2022) enables step-
by-step reasoning, and Program-of-Thought (PoT) (Chen
et al. 2023) incorporates the use of tools for solving com-
plex problems. PromptCOT (Zhao et al. 2025a) combines
concept-driven prompts with multi-step planning to gener-
ate Olympiad-level problems and is most relevant to our
work, though it still relies on human-selected concepts and
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Figure 2: Average reasoning trace token length under thinking mode (Qwen3-30B-A3B) across various open-source math
datasets. Problems synthesized by MathSmith variants elicit significantly longer reasoning, reflecting higher complexity.

lacks deeper reasoning control. Other approaches, such as
Llemma (Azerbayev et al. 2024) and MathPrompter (Imani,
Du, and Shrivastava 2023), further explore structured or
task-specific alignment. In contrast, our method controls the
reasoning structure from the source, targeting logical consis-
tency and difficulty through both supervised and reinforce-
ment training.

Math Instruction Synthesis and Difficulty Control. Re-
cent studies have explored data synthesis methods to im-
prove LLMs on mathematical tasks. MetaMath (Yu et al.
2024) increases the diversity of problems through rewrit-
ing, NuminaMath (Li et al. 2024a) resamples the bench-
marks with CoT guidance, and GSM-Plus (Li et al. 2024b)
increases the robustness with distribution-based augmenta-
tion, while others like ScaleQuest (Ding et al. 2024) fo-
cus on generating novel questions from scratch. To better
control difficulty, JiuZhang3.0 (Zhou et al. 2024) structures
prompts tiered by educational stage. PromptCOT, Math-
Scale (Tang et al. 2024) and WizardMath (Luo et al. 2023)
introduce concept planning, graph-based concept combina-
tion, and reinforcement-driven evolution to guide genera-
tion. Key-point-driven methods (Huang et al. 2025b) further
support multi-concept integration. However, most methods
still rely on seed prompts derived from real human-written
math problems, limiting their generative autonomy. More-
over, their difficulty control typically depends on prompt-
level labels assigned by language models, which lack ob-
jective justification. Our framework constructs problems
from randomly sampled concept—explanation pairs, bypass-
ing existing problems entirely. With structural, complexity,
and consistency-aware rewards, MathSmith generates high-
quality, verifiable problems that push LLMs toward stronger
mathematical reasoning.

Methodology

As illustrated in Figure 1, the MathSmith framework gen-
erates challenging mathematical problems through a core
three-stage process: (1) Concept-Explanation Collection:
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collecting challenging “Concept + Explanation” pairs from
PlanetMath; (2) Supervised Fine-Tuning Stage: employ-
ing SFT on a seed dataset generated by GPT-40 to equip the
model with an initial reasoning ability for formatted prob-
lem generation; and (3) Reinforcement Learning Stage:
implementing RL to refine problem difficulty, where a re-
ward function combines signals from format, solution com-
plexity, and answer consistency.

Furthermore, the traceability of MathSmith-synthesized
problems to their source concepts enables Weakness-
Focused Improvement Pipeline, a module for targeted en-
hancement of model weaknesses, as shown in Figure 3.

Concept and Explanation Collection

We construct a dataset that contains 11,000 mathematical
concepts and their explanations. The data for this dataset is
sourced from PlanetMath (PlanetMath Community 2024),
a repository known for its extensive coverage of advanced
mathematics and theoretically deep concepts. This choice
ensures our resulting collection of concepts is inherently
challenging. We first crawl the mathematics-related pages
from its website and filter out entries unrelated to mathe-
matical concepts to ensure a clear conceptual focus. Subse-
quently, we utilize the GPT-40 to automatically summarize
the core concept of each page, which generates a collection
of “Concept + Explanation” pairs.

Supervise Fine-tuning Stage

We adopt Qwen3-8B as the base model for problem genera-
tion and use GPT-40 to synthesize cold-start training data.
Specifically, we randomly sample five concepts and their
corresponding explanations from the constructed concept
collection and provide them to the model as seed inputs,
prompting it to generate math problems grounded in the
given instructions and aligned with the sampled concepts.
Each generated sample is structured into two components:
a rationale section that outlines the problem construction



process, and a problem section that presents the final ques-
tion. As illustrated in the “Cold Start Data Generation” mod-
ule of Figure 1, the rationale consists of exactly five reason-
ing steps. This format serves both as a pedagogical scaffold
and as a structural constraint during training, ensuring con-
sistency in problem synthesis.

To further enhance the difficulty of synthesized problems
and encourage advanced mathematical reasoning, we incor-
porate insights from existing challenging Olympiad prob-
lems. Based on these, we design nine predefined difficulty
strategies, also detailed in Figure 1. Each generated problem
is required to incorporate at least two strategies to ensure
sufficient complexity. Following this process, we generate
about 8k cold-start samples to fine-tune Qwen3-8B, result-
ing in MathSmith-SFT.

Reinforcement Learning Stage

We design a composite reward to guide the policy model
toward generating valid, challenging, and consistent math-
ematical problems, comprising structural, complexity, and
consistency components.

(1) Structural Reward. We assess whether the output
contains both “rationale” and “problem” segments using a
binary reward reoma € {0,1}. We further compute a step
count reward 7e, based on the number of reasoning steps
Njiep in the rationale:

Nite
%» N, step S 57 ( 1)
Tstep = Nyen—5 .
P max (1 — —%—,0), otherwise.
Tstructure = O'format * Tformat T step * Tstep- ()

Here, otformar and oyep are weighting coefficients. The reward
is maximized when the rationale contains exactly five steps,
aligning with the prompt template.

(2) Reasoning Complexity Reward. To evaluate the dif-
ficulty of each generated problem, we utilize the teacher
model Qwen3-30B-A3B to generate solutions. The com-
plexity is estimated by measuring the token length of its rea-
soning trace.

Let 68,2 be the token length of the i-th reasoning trace
among K independent samples. The complexity reward is
computed as:

1

Tcomplexity — K-T
max

K .
S,

i=1

3

Tcomplexity S [07 1]

where T}« is a normalization constant (i.e., the maximum
allowed CoT length).

Motivation for Reasoning-based Reward. We adopt rea-
soning trace length as a heuristic measure of problem com-
plexity. Intuitively, more challenging problems tend to re-
quire deeper and more structured reasoning, leading to
longer CoT traces under autoregressive prompting. While
longer traces do not directly imply better generalization,
they often contain low-entropy intermediate tokens (Wang
et al. 2025), which are shown to provide more informative
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supervision signals during training. Thus, we encourage syn-
thesis of problems that induce longer reasoning as a proxy
for higher cognitive complexity and better transferability.

(3) Answer Consistency Reward. To evaluate solution
consistency, we sample K answers A {a1,...,ax}
from the teacher model. If a majority answer exists (i.e.,
Ja € A s.t. count(a) > K/2), we assign a reward of 1;
otherwise, 0:

L,
0,

if majority answer exists,
otherwise.

T'consistency = { 4
This encourages the policy model to generate problems
that elicit deterministic reasoning behavior from the teacher
model, indicating clarity and unambiguity in problem for-
mulation.

(4) Final Reward. We combine the complexity and con-
sistency objectives into a unified reasoning-oriented reward:

Treasoning — ﬂcomplexity * T'complexity + ﬁconsistency * Tconsistency » (5)

where Bcomplexity a1d Beonsistency are weighting coefficients.
The reinforcement signal provided to the policy model is
the sum of structural and reasoning-based components:

(6)

This reward guides the policy model to generate mathemati-
cally valid, non-trivial and verifiable problems by combining
structural alignment, reasoning complexity, and answer con-
sistency. We refer to the resulting model trained with both
complexity and consistency components as MathSmith-
HC, while the variant that excludes the consistency term
and uses only the complexity reward is referred to as
MathSmith-Hard.

We employ Group Relative Policy Optimization (GRPO)
to optimize the policy model 7y, maximizing the expected
final reward. For each input ¢, consisting of a set of five
sampled concepts and their corresponding explanation, the
policy model is prompted to generate a group of G math
problems {0; }&_,. We then evaluate each problem using our
composite reward function Eq. (6) to obtain a scalar reward
R;. The advantage of the i-th problem is calculated by nor-
malizing the token-level rewards:

T'total = Tstructure 1 Treasoning -

R; —mean({R;}§L,)

(7

it =
GRPO then maximizes the clipped objective:
Joreo(0) = Ec (0,3,
G loi]
1 1 ®)
el ; ol ; Lit — BDgr (7o mrer) |

where
L:; = min (rm(ﬁ)fli’hclip(ri’t(ﬁ), 1—e, 1+e)/12,t)7 9)

76(04,¢]¢, 04, <)

0014 (Oi,t |C, Oi,<t) .

ri(0) = (10



In these equations, 7y is the policy before the update, ¢
is the reference policy (MathSmith-SFT). The hyperparam-
eters € and [ control the clipping threshold and the KL
penalty term, respectively. By maximizing this objective, we
aim to iteratively improve the model’s capability to generate
well-structured and inherently challenging problems that de-
mand complex multi-step reasoning.

Weakness-focused Improvement Pipeline
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Figure 3: The MathSmith weakness-focused improvement
pipeline. Problems are traced to concept explanations, which
serve as a basis for generating targeted variants to strengthen
model weaknesses.

Given that each MathSmith-generated problem is explic-
itly linked to a concept set, we design a pipeline to enhance
model performance on identified weaknesses.

Practice Set (Q: We generate |@)| = 1000 problems using
the MathSmith generator, covering a broad range of con-
cepts. For each ¢ € @, we sample 32 completions from
Qwen3-30B-A3B, and select the most frequent answer as
the reference solution. After filtering, we retain 923 high-
quality items.

Variant Set (Q’: For each ¢ € ) with concept set ¢, we
generate a variant problem ¢’ ~ G(c), where G(c) denotes
the MathSmith generator conditioned on concept c. The re-
sulting set Q' forms a variant set aligned with concepts.

We fine-tune the model on a small subset of @’ using su-
pervised learning. Let My,s. denote the initial model and
Mimp the fine-tuned model. We iteratively update My —
My until:

Acco(Mimp) > T, (1D
where T is a predefined accuracy threshold on @. The result-
ing model My, is referred to as the improved model.

Experimental Setups
Datasets and Evaluation Metrics

To evaluate mathematical reasoning, we adopt five represen-
tative benchmarks categorized into two difficulty tiers: easy
& medium and hard, with all results reported by Pass@1.
The former includes (1) GSM8K (Cobbe et al. 2021), focus-
ing on math word problems, and (2) MATH (Lightman et al.
2023), covering high school-level reasoning. The hard tier
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comprises three competition-style benchmarks: (3) AIME
2024', (4) AIME 2025, and (5) OlympiadBench (He et al.
2024), which require symbolic and multi-step reasoning to
solve advanced mathematical problems.

Baseline

We compare with four representative math problem gener-
ation approaches. (1) OpenMathInstruct (Toshniwal et al.
2025) synthesizes new problems by prompting LLMs with
in-context examples, relying on solution extrapolation with-
out explicit control over difficulty. (2) NuminaMath (Li
et al. 2024a) reformulates seed problems through CoT-
guided sampling, aligning generated problems with existing
math benchmarks. (3) MetaMath (Yu et al. 2024) increases
problem diversity through structured rewriting techniques,
including inversion, rephrasing, and reverse construction.
(4) PromptCOT targets the difficulty level of the Olympiad
by conditioning on the mathematical concepts sampled and
guiding the generation through multistep rational planning.
For each baseline, we sample 50K problems from its offi-
cial dataset and regenerate solutions using a unified teacher
model, Qwen3-30B-A3B, in non-thinking mode for short-
CoT and thinking mode for long-CoT, ensuring consistency
across methods. We evaluated all methods in both short-
CoT, where reasoning traces are appended directly before
the final answer (Wei et al. 2022), and long-CoT, where
models are guided to perform detailed reasoning, includ-
ing intermediate planning and possible self-reflection, be-
fore producing the final chain-of-thought. For evaluation,
we use Qwen2.5-7B-Instruct and Qwen3-8B (non-thinking
mode) in the short-CoT setting, and Qwen3-8B (thinking
mode) and DeepSeek-R1-Distill-Qwen-7B in the long-CoT
setting, representing state-of-the-art models at their scale.

Implementation Details

For the MathSmith problem generation model based on
Qwen3-8B, we conduct supervised fine-tuning on 8K cold-
start samples generated by GPT-40. We apply LoRA with
rank 16 and train for 5 epochs on 8 xH100 GPUs. This stage
ensures the model learns the fundamental rationale structure
and format patterns of problem synthesis, providing a stable
foundation for subsequent reinforcement learning.

During reinforcement learning, we adopt the verl li-
brary (Sheng et al. 2024) for policy optimization. For the
structural reward defined in Eq. (2), we set weights Qgormat =
0.7 and agep = 0.3 to emphasize format consistency. For
the reasoning reward in Eq. (5), we set Scomplexity = 0.7 and
Beonsisency = 0.3 to focus on generating problems that re-
quire deeper reasoning. For both complexity and consistency
estimation, we set the number of teacher samples K = 5.
We train the model using the GRPO algorithm, executing
both teacher inference and MathSmith policy updates on
20xH100 GPUs. The final model is selected at step 100,
where performance is near convergence.

To ensure reproducibility, we adopt supervised fine-
tuning for evaluation baselines using the LlamaFac-

"https://huggingface.co/datasets/Maxwell-Jia/ AIME 2024
*https://huggingface.co/datasets/opencompass/AIME2025



Eeay & Medium

Hard

Models Method GSMS8K MATH-500 AIME2024 AIME2025 Olympiad ‘& for Hard (Rel. Imp.)

- 92.2 72.2 16.7 6.7 38.6 20.7
MetaMath 82.6 61.0 13.3 0.0 26.3 13.2 (-36.1%)
Qwen-2.5-7B-Instruct  NuminaMath-COT 87.2 734 233 3.3 36.9 21.2 (+2.4%)
short-CoT OpenMathlInstruct-2 88.2 74.6 16.7 6.7 38.4 20.6 (-0.3%)
PromptCOT 87.6 73.2 23.3 6.7 35.9 21.9 (+6.2%)
MathSmith-HC 91.2 75.2 23.3 10.0 39.9 24.4 (+18.1%)

- 93.4 82.8 30.0 16.7 51.0 32.6
MetaMath 923 814 30.0 20.0 51.0 33.7 (+3.4%)
Qwen-3-8B NuminaMath-COT 92.6 83.2 333 13.3 50.6 32.4 (-0.5%)
short-CoT OpenMathInstruct-2 92.8 84.0 233 13.3 51.6 29.4 (-9.7%)
PromptCOT 92.5 83.8 26.7 23.3 49.9 33.3 (+2.3%)
MathSmith-HC 92.9 84.4 333 23.3 53.1 36.6 (+12.3%)

- 89.3 88.6 433 36.7 52.4 441
DS-R1-qwen2.5-7B  Numinamath-COT 93.3 91.0 46.7 30.0 53.4 43.4 (-1.7%)
long-CoT OpenMathlInstruct-2 93.9 91.2 46.7 40.0 56.1 47.6 (+7.9%)
PromptCOT 93.5 91.0 46.7 333 55.8 45.3 (+2.6%)
MathSmith-HC 89.2 91.6 53.3 43.3 56.5 51.0 (+15.6%)

- 94.8 94.4 66.7 63.3 66.2 65.4
Qwen3-8B Numinamath-COT 95.5 96.0 73.3 63.3 68.1 68.2 (+4.3%)
long-CoT OpenMathlInstruct-2 95.5 95.8 70.0 60.0 67.4 65.8 (+0.6%)
PromptCOT 95.1 95.4 73.3 63.3 67.1 67.9 (+3.8%)
MathSmith-HC 95.1 96.4 76.7 70.0 68.8 71.8 (+9.8%)

Table 1: Baseline performance under equal data and training conditions. MathSmith achieves consistently better generalization

on challenging problems.

tory (Zheng et al. 2024) training scripts. All models are
trained for 5 epochs with a learning rate of le—5, and eval-
uated on 8 xH100 GPUs under consistent settings.

Results and Analysis
Overall Performance

The overall results are presented in Table 1, revealing several
key findings. Our method achieves state-of-the-art perfor-
mance across multiple benchmarks, demonstrating the effec-
tiveness of the synthesized data. We divide evaluation prob-
lems into two difficulty levels: easy & medium and hard.
As difficulty increases, our method yields notably stronger
results, especially under the long-CoT setting, where Math-
Smith shows significantly larger improvements over base-
lines, indicating its ability to elicit more complex reason-
ing. Unlike prior methods that extract concepts from real
math problems, MathSmith samples concept sets entirely
at random, but still generalizes well to challenging real-
world tasks. On certain benchmarks such as GSM8K, how-
ever, performance occasionally falls below that of the base
model. This trend, also observed in other baselines, prob-
ably stems from the nature of GSM8K as a word prob-
lem data set, which differs in format and complexity from
the competition-style problems emphasized during synthe-
sis. In such cases, excessive reasoning may even hinder per-
formance by introducing unnecessary complexity.

Effect of Dataset Scaling

We evaluate the scalability of our method using the
Olympiad benchmark, selected for its high difficulty, diverse
problem types, and sufficient data volume, making it a more
reliable indicator of performance. Qwen3-30B-A3B serves
as the teacher model to synthesize all training data, while
Qwen3-8B is used as the base model. As shown in Fig-
ure 4, MathSmith-HC consistently outperforms strong base-
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lines (NuminaMath-COT and OpenMathlInstruct-2) across
training sizes from 50K to 200K, with the performance gap
widening as the data volume increases.
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Figure 4: Performance on the Olympiad benchmark under
varying training data volumes (50K-200K). MathSmith-HC
scales more effectively than baseline methods.

Effect of Model Scaling

We analyze the impact of model scale using the Qwen3 se-
ries, trained on a fixed 50K dataset synthesized by Qwen3-
30B-A3B. As shown in Figure 5, MathSmith-HC performs
slightly worse on smaller models (1.7B, 4B), likely due to
limited capacity to learn complex problems. As model size
increases, our method consistently outperforms baselines,
suggesting larger models benefit more from high-difficulty
synthetic data by acquiring deeper reasoning abilities.

Analysis of Problem Difficulty

We assess the relative difficulty of the problems by mea-
suring the average token length of reasoning traces gener-
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Figure 5: Accuracy on the Olympiad benchmark across
Qwen3 model series. MathSmith-HC yields greater gains
with larger models.

ated in the thinking mode of Qwen3-30B-A3B. Following
the assumption that more complex problems induce longer
reasoning sequences, we collect 50 problems from each ma-
jor open-source math dataset, including both training and
evaluation sets, and use the model to solve them in long-
CoT mode. For datasets containing fewer than 50 problems,
all available instances are included. As shown in Figure 2,
MathSmith-SFT already produces challenging problems, in-
dicating the effectiveness of synthesizing questions directly
from difficult concepts and predefined difficulty strategies.
Notably, MathSmith-HC and MathSmith-Hard result in the
longest reasoning traces across all datasets, suggesting that
our reinforcement learning stage further enhances problem
complexity and encourages deeper reasoning behavior.

Impact of Weakness-Focused Problem Generation

To evaluate the effectiveness of weakness-focused improve-
ment, we first use MathSmith-HC to generate 10 concept-
guided variants for each question in the Practice Set, tar-
geting concepts associated with incorrect predictions. We
then generate solutions to these variant problems using
Qwen2.5-Math-7B, and evaluate the accuracy of a base
model (Qwen2.5-Math-1.5B) on both the original and vari-
ant problems. As shown in Table 2, the weakness-focused
variants yield consistent accuracy improvements over the
random sampling baseline with the same number of gener-
ated problems (Epoch 1), particularly on harder problems.
Furthermore, we observe that accuracy gains on the Prac-
tice Set correlate with improved generalization to other math
benchmarks, suggesting that MathSmith-generated prob-
lems possess strong transferability.

Ablation Analysis

We perform ablation studies to assess the effects of different
training stages in MathSmith. To quantify the usability of
the problem, we define an Available Ratio, the percentage of
generated problems that are correctly formatted and solvable
by the teacher model with a valid answer.
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Sample Method ~ Ave. (Easy & Medium) Ave. Hard Acc on Practice

Original 38.2 14.5 23.6
WF Epoch 1 69.9 18.8 33.1
WEF Epoch 2 71.3 21.5 34.6
WEF Epoch 3 77.6 21.6 34.7

Random 69.4 15.6 30.0

Table 2: Effect of weakness-focused problem generation vs.
random sampling, WF denote Weakness-Focused pipeline.

After generating 50k problems for each variant, we fine-
tune Qwen3-8B using the same supervised procedure. As
shown in Table 3, MathSmith-HC achieves the highest
Available Ratio while maintaining strong performance on
hard problems. Although MathSmith-Hard shows slightly
better accuracy, its lower usability makes it less suitable for
large-scale synthesis. We further evaluate the impact of dif-
ferent teacher models. Using Qwen2.5-32B to generate so-
lutions under the Short-CoT setting, we fine-tune Qwen3-8B
on 40K training samples from the questions of each method.
Table 4 shows that MathSmith-HC remains consistently su-
perior across all benchmarks.

Training Stage  Ave. (Easy & Medium) Ave. Hard  Available Ratio

MathSmith-SFT 87.7 30.3 71.50%
MathSmith-Hard 89.25 36.6 84.92%
MathSmith-HC 88.65 36.6 95.38%

Table 3: Performance of training stages. MathSmith-HC of-
fers the best balance of accuracy and usability.

Method GSM8K MATH-500 AIME2024 Olympiad
Numinamath 92.1 76.0 233 43.8
OpenMathInstruct 91.3 78.2 13.3 423
PromptCOT 90.9 73.8 16.7 41.1
MathSmith-HC 93.1 78.8 23.3 43.8

Table 4: Effect of different teacher models. MathSmith-HC
outperforms all baselines with Qwen2.5-32B as the solver.

Conclusion

We introduced MathSmith, a framework for synthesizing
high-difficulty mathematical problems from randomly sam-
pled concept—explanation pairs, guided by predefined diffi-
culty strategies and optimized via reinforcement learning for
structural validity, reasoning depth, and answer consistency.
By encouraging longer reasoning traces as a heuristic for
problem complexity, MathSmith produces diverse and chal-
lenging problems that substantially improve LLM reasoning
on Olympiad-level benchmarks. These results highlight the
potential of scalable synthetic data to drive deeper reason-
ing capabilities in large models. Moreover, the framework
demonstrates strong generalization, showing that fully syn-
thetic problems can effectively complement limited human-
authored datasets in advancing mathematical reasoning. Fu-
ture work will focus on refining difficulty estimation, ex-
panding domain coverage, and exploring adaptive genera-
tion strategies to construct richer synthetic datasets to ad-
vance high-level mathematical reasoning.
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