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Abstract

In mathematical reasoning tasks, the advance-
ment of Large Language Models (LLMs) re-
lies heavily on high-quality training data with
clearly defined and well-graded difficulty lev-
els. However, existing data synthesis meth-
ods often suffer from limited diversity and
lack precise control over problem difficulty,
making them insufficient for supporting ef-
ficient training paradigms such as curricu-
lum learning. To address these challenges, we
propose MathMixup, a novel data synthesis
paradigm that systematically generates high-
quality, difficulty-controllable mathematical
reasoning problems through hybrid and decom-
posed strategies. Automated self-checking and
manual screening are incorporated to ensure
semantic clarity and a well-structured difficulty
gradient in the synthesized data. Building on
this, we construct the MathMixupQA dataset
and design a curriculum learning strategy that
leverages these graded problems, supporting
flexible integration with other datasets. Exper-
imental results show that MathMixup and its
curriculum learning strategy significantly en-
hance the mathematical reasoning performance
of LLMs. Fine-tuned Qwen2.5-7B achieves an
average score of 52.6% across seven mathemat-
ical benchmarks, surpassing previous state-of-
the-art methods. These results fully validate
the effectiveness and broad applicability of
MathMixup in improving the mathematical rea-
soning abilities of LLMs and advancing data-
centric curriculum learning.

1 Introduction

Recent advances in Large Language Models

(LLMs), such as DeepSeek R1 (Guo et al., 2025a),

Kimi K1.5 (Team et al., 2025) and OpenAl o3

(Achiam et al., 2023), have led to remarkable

progress in mathematical reasoning tasks. These
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Figure 1: Average accuracy comparison of different
datasets and curriculum learning (CL) strategies on
seven mathematical reasoning benchmarks across three
LLMs (Qwen2.5-7B, InternLM2.5-7B, and LLaMA3.1-
8B), with all datasets synthesized separately from
MATH and AMC-AIME seeds. MathMixup consis-
tently outperforms the MathFusion baseline, and curricu-
lum learning (MathMixup-CL) further improves perfor-
mance. Blending MathMixupQA and MathFusionQA
(Blending) yields additional gains, while Blending-
CL achieves the highest accuracy across all models
and settings. These results demonstrate that difficulty-
controllable data and curriculum learning are both ef-
fective individually, and their combination leads to the
greatest improvements in LLM mathematical reasoning.

models have demonstrated impressive performance
across a variety of mathematical benchmarks (Tang
et al., 2024a; Hendrycks et al., 2021; Cobbe et al.,
2021; Saxton et al., 2019), narrowing the gap be-
tween artificial and human-level problem solv-
ing. However, despite these advancements, a crit-
ical bottleneck remains: further improvement in
LLM mathematical reasoning is fundamentally con-
strained by the lack of high-quality training data
with explicit and controllable difficulty gradients
(Lu et al., 2024).

Against this backdrop, it is crucial to systemat-
ically examine the roles of data quality, diversity,
and organization in mathematical reasoning tasks
(Shen et al., 2025). In this context, data augmenta-
tion and synthesis (Wang et al., 2024; Zhou et al.,
2024; Fedoseev et al., 2024; Chen et al., 2025b)
have become promising approaches to providing
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high-quality and diverse data. Existing data syn-
thesis methods can be mainly categorized into two
types: the first type enhances or rewrites individ-
ual problems (Yu et al., 2024; Tang et al., 2024b;
Liu et al., 2024a; Zhang et al., 2024), which, de-
spite increasing the dataset size, often results in
generated questions that are highly similar in se-
mantics and difficulty, thus lacking diversity; the
second type, exemplified by MathFusion (Pei et al.,
2025), merges two similar problems to increase
computational complexity. While these methods
can increase problem complexity to some extent,
they still lack systematic and explicit control over
reasoning difficulty, which is essential for robust
capability improvement. Meanwhile, curriculum
learning (Liu et al., 2024b; Wang et al., 2025a)
has proven to be an effective paradigm for further
improving model reasoning abilities, and its suc-
cess is fundamentally dependent on the availability
of well-graded training data with clear and con-
trollable difficulty progression (Chen et al., 2025a;
Zhang et al., 2025a). However, current datasets and
synthesis methods are inadequate in providing such
difficulty stratification and gradients, which lim-
its the potential of curriculum learning. Therefore,
there is an urgent need for a new method capable
of generating mathematical reasoning data with
controllable and well-graded difficulty, which can
not only enhance model capability directly but also
facilitate further improvement through curriculum
learning.

To address these challenges, we propose a novel
data synthesis paradigm—MathMixup—which
centers on difficulty-controllable hybrid and de-
composed strategies to generate high-quality,
explicitly graded mathematical reasoning data,
thereby both directly improving model capabil-
ity and laying the groundwork for subsequent cur-
riculum learning. As illustrated in Figure 2, the
overall process consists of three main stages: (1)
Difficulty-Controllable Question Synthesis: Based
on large-scale mathematical datasets, we use BGE
embedding (Xiao et al., 2023) to construct pairs
of similar questions with different difficulty lev-
els, and employ both hybrid generation (to create
more challenging new problems) and decomposed
generation (to produce problems of intermediate
difficulty), thereby achieving fine-grained control
over difficulty. (2) Dataset Construction: All gen-
erated questions undergo automated self-checking
and manual screening to ensure semantic clarity
and well-graded difficulty. For each synthesized

problem, we generate high-quality solutions using
QwQ-32B, guided by auxiliary information from
similar original questions and their answers. We
then apply automated post-processing—including
answer format validation and content deduplica-
tion—to further ensure the accuracy and consis-
tency of the solutions. This pipeline results in a
structured dataset, MathMixupQA, with explicit
and reliable difficulty stratification. (3) Curriculum
Learning: During model training, we fully lever-
age the graded data in MathMixupQA, not only
implementing progressive curriculum learning on
our own dataset, but also flexibly mixing MathMix-
upQA data with other public datasets to explore
more efficient and diverse training strategies.

Based on the MATH (Hendrycks et al., 2021)
and AMC-AIME training sets, we construct a
new dataset, MathMixupQA, featuring control-
lable difficulty gradients. Experimental results
show that curriculum learning based on difficulty-
controllable data significantly improves model per-
formance in mathematical reasoning tasks. Af-
ter curriculum learning SFT on MathMixupQA,
Qwen2.5-7B achieves an average score of 47.6%
across seven mathematical benchmarks. Further-
more, when MathMixupQA is mixed with MathFu-
sionQA for curriculum learning, the average per-
formance of Qwen2.5-7B (Qwen et al., 2025) in-
creases to 52.6%, setting a new SOTA.

In summary, this work makes three key contribu-
tions: 1) We propose MathMixup, a framework for
difficulty-controllable data synthesis, and construct
the MathMixupQA dataset. MathMixup systemati-
cally generates mathematical reasoning problems
with explicit and controllable difficulty, providing
high-quality, well-structured data resources for im-
proving LLM mathematical reasoning. 2) We intro-
duce a curriculum learning strategy that leverages
the explicit difficulty gradients in MathMixupQA,
and supports flexible integration with other datasets.
By combining the graded data generated by Math-
MixupQA with existing datasets, we achieve more
efficient and flexible curriculum learning for LLMs.
3) Extensive experiments demonstrate the effective-
ness and generalizability of our approach. Data syn-
thesis paradigm and curriculum learning strategies
of MathMixup significantly enhance the mathemat-
ical reasoning abilities of LLMs, outperforming
existing baselines and achieving new state-of-the-
art results.
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2 Related Work
2.1 Mathematical Reasoning in LLMs

Large language models (LLMs) have made sig-
nificant strides in mathematical reasoning, driven
by advances in architecture, scaling laws, and
large-scale mathematical datasets. Recent models
such as DeepSeek R1 (Guo et al., 2025a), Ope-
nAl 03 (Achiam et al., 2023), Kimi K1.5 (Team
et al., 2025), and Qwen3 (Yang et al., 2025) have
achieved higher accuracy and reasoning depth
on various benchmarks. However, some LLMs
(Grattafiori et al., 2024; Jiang et al., 2023; Cai et al.,
2024) still struggle with complex multi-step reason-
ing and precise logical deduction. Techniques such
as chain-of-thought prompting (Xu et al., 2025a;
Zhang et al., 2025b), external tool augmentation
(Jiang et al., 2025; Zheng et al., 2025), super-
vised fine-tuning (Wen et al., 2025b; Ma et al.,
2025a; Tian et al., 2025), and reinforcement learn-
ing (Guan et al., 2025; Xu et al., 2025b; Huang
et al., 2025; Chung et al., 2025) have been pro-
posed to address these issues. Nevertheless, the
lack of high-quality, difficulty-stratified training
data remains a key bottleneck. Our work targets
this gap by synthesizing training data with control-
lable difficulty for supervised fine-tuning of LLMs.

2.2 Data Synthesis for Math Reasoning

High-quality and diverse datasets (Saveliev et al.,
2025; He et al., 2025; Li et al., 2024b,c) are es-
sential for mathematical reasoning in LLMs. Re-
cent works (Luo et al., 2023; Yu et al., 2024;
Pei et al., 2025; Liu et al., 2024a) have explored
automatic problem generation, paraphrasing, and
augmentation to enrich data diversity, including
template-based and adversarial example construc-
tion (Mitra et al., 2024; Li et al., 2024a; Huang
et al., 2024; Tang et al., 2024b). However, most
synthetic datasets (Zhang et al., 2024) still lack fine-
grained control over problem complexity and often
do not guarantee validity or solvability. Difficulty-
controllable synthesis remains largely unexplored.
In contrast, our approach enables explicit and fine-
grained difficulty control during data synthesis, en-
suring each question is both valid and appropriately
challenging.

2.3 Curriculum Learning for Reasoning

Curriculum learning (Shi et al., 2025; Wang et al.,
2025b) improves LLM training efficiency and gen-
eralization, especially for tasks with distinct diffi-

culty levels, such as mathematical reasoning. By
organizing data according to explicit difficulty lev-
els or conceptual progression (Ma et al., 2025b;
Deng et al., 2025), curriculum learning allows mod-
els to build foundational knowledge before tack-
ling harder problems. Recent studies (Song et al.,
2025; Wen et al., 2025a; Xia et al., 2025) have
explored manual annotation, automatic difficulty
estimation, and adaptive sampling for curriculum
design. Yet, reliably constructing controllable diffi-
culty gradations—particularly when blending syn-
thetic data—remains challenging. Our approach
addresses this by synthesizing mathematical ques-
tions with controllable difficulty, enabling more ef-
fective curriculum learning both within our dataset
and in combination with others.

3 Method

3.1 Overview

The overall MathMixup pipeline is illustrated in
Figure 2. Our method consists of three system-
atic stages: (1) Controllable Question Synthesis,
which includes constructing pairs of similar ques-
tions and generating new questions with control-
lable difficulty via hybrid and decomposed strate-
gies; (2) Dataset Construction, involving verify-
ing question quality, solution generation (with aux-
iliary information) and automated post-processing
to build the structured MathMixupQA dataset; and
(3) Curriculum Learning, where we leverage the
graded data for progressive curriculum learning,
both on MathMixupQA alone and in combination
with other datasets, enabling more flexible and ef-
fective model training.

3.2 Difficulty-Controllable Question Synthesis
3.2.1 Question Pairs Construction

To ensure the difficulty and quality of the synthe-
sized data, we use MATH (Hendrycks et al., 2021)
and AMC-AIME as seed training datasets to con-
struct question pairs. The MATH training set con-
tains a total of 7.5K math problems. For the AMC-
AIME dataset, we compile AIME problems from
1984-2023 and AMC problems prior to 2023 as
training data, totaling 4K math problems. Let the
dataset be denoted as:

D= {((]u ag, dl)}i\il

where ¢; is the i-th question, a; is its answer, and d;
is the corresponding difficulty level. The difficulty
labels d; are sourced from official annotations. For

2499



- N
1 Seed ]
1
1

Dataset Construction Curriculum Learning

Dataset ! -~ —----— ,m—==- mm——————s === mm—mmmm. | mmmm—————-
I—l ) Questlon Palr\ ' Hybrid Question Ny Question Quality \I ) MathMixupQA |]
1 =N : 1 Construction : ! Generation : : Verification Pl Dataset '
1 ps—— 1 I 1 ] 1 | I
1 1 ! ! real world N o ! % 11
1 ? 1 1 | : 7 +® soenery | : @ [ Clarity  Complete Pl :
: R : = | 1} —’+ pr—— | (@ Solvable Quality I|(?E : |
QuestionQ | 1 | 1 &« 1
| . 1(qad €0AD I | difficulty Gtzg:gn ) @ @ Format Relevant ) :
b 1! I L N o .
B AR o = |
[ | e ! 1 [=1T
oA o, e\I<:° : =] . I
1 A ‘/.l; |- _1 _____ - B _____ | — :
U nswerd ! : Embedding 1 ,° Decomposed Question “\ ;” Solution Generation & \| : Stage2 |
! ! Difficulty 1| Generation Y Post-processing Original 1
I 1 ! Filterin | L
g 1L 1 G |
= o '[F : I = =D |
— ! 11 raletive 1 E . I 1
! ! | | ) 1 ? |2
| ﬂ by @ ‘:@ : : dlfflculty | : & Y g . /| & |
1 P B d| &= o “ 11 Stage3 |
Question Pairs w/ | | ? @ GPT-40 ccompose! 1 boxe O 1 1
I‘ Difficulty D 1 l Difficulty Variation | \ L Ques"on L Mixup detection VRN Hybrid ]
N e - - 14 N == ~ = == - N ——— P2

Figure 2: Overview of the MathMixup pipeline. The process includes question pairs construction, question generation
(hybrid and decomposed), question verification, solution generation with auxiliary information, and automated
post-processing. MathMixup enables the synthesis of high-quality data with controllable difficulty, and supports
curriculum learning strategies that further enhance LLM mathematical reasoning performance.

each question ¢;, we compute its embedding using
BGE embeddings (Xiao et al., 2023):

e; = BGE(¢;)

where e; € R? is the embedding vector for ques-
tion ¢;. To identify similar question pairs, we cal-
culate the cosine similarity between embeddings:

e'-ej

S 43) = e e,

We then construct the set of similar question pairs:

sim(g;, qj) > 7',}

P={(@ad). @aa) | 75

where 7 is a predefined similarity threshold, and
d; # dj; ensures that the paired questions have
different difficulty levels. By retaining only those
pairs with different difficulty levels, we enable bet-
ter control over the difficulty when synthesizing
new questions. This pairing strategy provides the
foundation for generating both easier and harder
variants of the original problems, supporting ex-
plicit difficulty stratification in subsequent synthe-
sis.

3.2.2 Question Generation

After obtaining pairs of similar questions, we use
GPT-40 (Achiam et al., 2023) to perform mixup on
the two questions in two distinct ways.

For Hybrid Question Generation, the objective is
to create a new question that is more difficult than
the harder of the two originals. This is achieved by
analyzing the mathematical structures, variables,

Case 1: Hybrid Question Generation

Original Question 1: How many integers n > 2 are there
such that whenever z1, z2, . .., zn are complex numbers
with

|21|:‘22‘::|2:n|:1 and

zitz2+- - +20 =0,

then the numbers z1, 22, . . ., zn, are equally spaced on the
unit circle in the complex plane?
Difficulty 1: 7.0

Original Question 2: How many nonzero complex numbers
2 have the property that 0, z, and z*, when represented by
points in the complex plane, are the three distinct vertices
of an equilateral triangle?

Difficulty 2: 4.0

Hybrid Question: A researcher is studying wave patterns
generated by buoys anchored at points on the unit circle
in the complex plane. The buoys are placed at n points
21,22, ..., Zn such that:

1. Each zy, is a complex number with |zi| = 1.

2. The buoys are equally spaced around the unit circle
(i.e., zr = e2mik/n fork = 0,1,...,n — 1), so
z1+z2+ -+ 2, =0

3. For each buoy zy, the points 0, zy, and z} are three
distinct vertices of an equilateral triangle in the com-
plex plane.

For how many values of n > 2 is it possible to place the
buoys in this way?
Difficulty: 8.0

and solution strategies of both problems, then iden-
tifying common themes or real-world contexts to
construct a unified scenario. The resulting question
integrates core elements from both problems and
introduces realistic constraints, thereby increasing
both difficulty and contextual richness. An example
is shown in Case 1.
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For Decomposed Question Generation, the goal
is to synthesize a question whose difficulty lies
between that of the two originals. This is done
by decomposing and recombining elements from
both problems, simplifying complex dependencies
while retaining essential concepts. This process pro-
duces intermediate-difficulty questions that support
a smooth and controllable difficulty progression for
curriculum learning. A representative case is shown
in Case 2.

Case 2: Decomposed Question Generation

Original Question 1: How many integers n > 2 are there
such that whenever z1, z2, . .., zn are complex numbers
with

|z1]| = |z2| = =l|za| =1 and

z1+z2+ -+ 20 =0,

then the numbers z1, 22, . . ., zn, are equally spaced on the
unit circle in the complex plane?
Difficulty 1: 7.0

Original Question 2: How many nonzero complex numbers
2z have the property that 0, z, and z°, when represented by
points in the complex plane, are the three distinct vertices
of an equilateral triangle?

Difficulty 2: 4.0

Decomposed Question: Let z1, z2, z3, z4 be complex num-
bers with |z1| = |z2| = |z3| = |z4] = 1 and z1 + 22 +
23+ 24 = 0. How many distinct quadruples (21, z2, 23, z4)
(up to rotation) are there such that the points are not all
equally spaced on the unit circle?

Difficulty: 5.0

For both generation strategies, prompts guide the
creation of logically clear, self-contained problems
with unique answers, and include self-check steps
to ensure completeness, solvability, and clarity. Af-
ter hybrid and decomposed question generation,
we obtain synthesized data with controllable diffi-
culty compared to the original dataset. The explicit
construction of decomposed, original, and hybrid
questions provides a three-level difficulty gradient,
which is directly leveraged in our curriculum learn-
ing framework. For detailed prompts, please refer
to Appendix A.

3.3 Dataset Construction

3.3.1 Question Verification

To ensure the quality and reliability of synthesized
questions, we adopt a two-stage verification pro-
cess, focusing on key dimensions such as clarity,
completeness, formatting, relevance, solvability,
and logical flow. In the first stage, GPT-40 (Achiam
et al., 2023) performs automated self-checks and
corrections, filtering out questions with obvious

issues in these aspects. In the second stage, we
manually validate a randomly selected 10% sample
of the questions, applying the same criteria. This en-
sures that each question is clear and understandable,
contains all necessary conditions and parameters,
uses standard mathematical notation, and is appro-
priate for the intended academic level. Questions
exhibiting serious ambiguity, missing information,
logical contradictions, or irrelevant assumptions
are flagged as low-quality and excluded. This con-
sistent two-stage process guarantees that all syn-
thesized questions are logically consistent, mean-
ingful, and suitable for inclusion in the dataset,
thereby ensuring the overall quality of the difficulty-
controlled data.

3.3.2 Solution Generation

We used QwQ-32B (Team, 2025) to generate solu-
tions for the synthesized data. Existing approaches
often rely solely on models like GPT-40 (Pei et al.,
2025) or use majority voting (Guo et al., 2025b),
which increases inference costs and may not guar-
antee correctness, especially for complex problems.
In our method, we incorporate original questions
and their answers as auxiliary information when
generating solutions for new questions. This addi-
tional context guides the model to produce answers
that are more relevant and better matched to the
intended difficulty. Leveraging such mixup-based
information reduces noisy outputs and improves ef-
ficiency compared to majority voting, which simply
selects among independently generated answers.

3.3.3 Solution Post-processing

To further ensure the correctness of the generated
solutions, we perform post-processing and, if nec-
essary, regeneration. Specifically, we check each
solution for the presence of properly formatted
\boxed{} expressions, ensuring that the answer is
complete and not empty. Additionally, we conduct
n-gram (2-gram and 3-gram) analysis to detect and
prevent repetitive or meaningless content. If any
such issues are found, the solution is regenerated.
This post-processing step further enhances the qual-
ity and clarity of the final solutions in our dataset,
making them suitable for robust LLM training.

3.4 Curriculum Learning

In the final stage, we train models directly on
MathMixupQA dataset and leverage the difficulty-
controllable data for curriculum learning (CL) to
further enhance the mathematical reasoning abili-
ties of LLMs.
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3.4.1 Curriculum Learning on
MathMixupQA

We design a curriculum learning framework that
exploits the explicit difficulty gradation in Math-
MixupQA. The synthesized questions are orga-
nized into several levels (decomposed, original, hy-
brid) according to their difficulty, and the model
is trained progressively from easier to harder prob-
lems. This staged process enables the model to
build foundational reasoning skills before tackling
more complex concepts, providing a data-driven
and controllable curriculum learning strategy.

3.4.2 Blended Curriculum Learning with
Other Datasets

To further improve training flexibility and general-
ization, we extend our approach by blending Math-
MixupQA with MathFusionQA datasets. We merge
and re-rank questions from both datasets based on
their difficulty and categories in Figure 3, construct-
ing a unified curriculum that covers a broader range
of problem types and complexities. This blended
curriculum allows the model to benefit from more
data diversity and explicit difficulty stratification,
promoting robust reasoning abilities.

4 MathMixupQA Dataset

4.1 Dataset Statistics

With MathMixup, we synthesize both Hybrid and
Decomposed types of data for the original MATH
and AMC-AIME datasets, forming the MathMix-
upQA dataset. As shown in Table 1, it contains
three difficulty levels—original, hybrid, and decom-
posed—with 22.5K entries based on MATH and
12K entries based on AMC-AIME, respectively.

Dataset MATH AMC-AIME Total
MathMixupQA (Decomposed) — 7.5K 4K 11.5K
MathMixupQA (Original) 7.5K 4K 11.5K
MathMixupQA (Hybrid) 7.5K 4K 11.5K
MathMixupQA 22.5K 12K 34.5K

Table 1: Statistics of the MathMixupQA dataset.

4.2 Difficulty Analysis

As previously mentioned, MathMixup aims to syn-
thesize data with controllable difficulty, forming
three explicit difficulty levels to support curriculum
learning and enhance model reasoning. To quanti-
tatively analyze the difficulty distribution, we use
the difficulty scoring prompts from DeepScaleR
(Luo et al., 2025) and GPT-40 to assign scores to
both MathMixupQA (Decomposed, Original and

Hybrid) and MathFusionQA (Conditional, Paral-
lel and Sequential) (Pei et al., 2025). The results,
shown in Figure 3, indicate that the decomposed,
original, and hybrid subsets in MathMixupQA form
a clear and controllable difficulty gradient, which
strongly supports curriculum learning. Notably, the
hybrid subset consistently shows higher difficulty
scores than MathFusionQA on both MATH and
AMC-AIME seeds, further validating the quality
and controllability of our data synthesis.

1.0 MATH
AMC-AIME

Relative Difficulty

o
o

0.4

Decomposed Original Conditional Parallel Sequential Hybrid

Figure 3: Difficulty scores of different components in
the MathMixupQA and MathFusionQA datasets. Note
that Conditional, Parallel, and Sequential are synthesis
methods proposed in MathFusion.

5 Experiment

5.1 Implementation Details

5.1.1 Data Synthesis.

We use GPT-40 (Achiam et al., 2023) to synthe-
size new questions from similar question pairs, and
use QwQ-32B (Team, 2025) to generate the long
CoT responses. We empirically set the similarity
threshold 7 in the range of 0.75 to 0.9.

5.1.2 Training.

For supervised fine-tuning (SFT), we use 360-
LLaMA-Factory (Zou et al., 2024) to train each
model for 3 epochs, with a cosine learning rate
schedule, 1% warm-up, maximum learning rate
le-5, and sequence length 32,768 tokens. Experi-
ments are conducted on Qwen2.5-7B (Qwen et al.,
2025), LLaMA3.1-8B (Grattafiori et al., 2024), and
InternLM?2.5-7B (Cai et al., 2024). Each model is
trained directly on MathMixupQA based on dif-
ferent seed datasets and we use a three-stage SFT
process aligned with the decomposed, original, and
hybrid subsets for curriculum learning. To ensure
fair comparison, we also reproduce MathFusion us-
ing the same data synthesis protocol as our baseline.
Further details are provided in the Appendix B. To
evaluate generalizability, we conduct additional ex-
periments by blending MathMixupQA with Math-
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Method Seed # Samples AIME25 AIME24 OlympiadBench AMC23 MATHS500 Minerva Math GSM8K AVG
Qwen2.5-7B
MathFusion' 22.5K 27.19 26.77 33.93 44.58 74.60 25.00 87.11  45.60
MathMixup MATH 22.5K 28.13 28.33 35.85 45.78 74.20 25.37 86.58  46.32
MathMixup-CL TSKR¥3 2833 2875 ¢ 3674 4699 7680 2647 8749 47.37
MathFusion' 12K 28.23 28.65 34.67 45.78 71.40 23.16 86.28 4545
MathMixup AMC-AIME 12K 27.81 30.94 35.70 45.78 73.80 26.10 8749  46.80
MathMixup-CL 4K*3 28.96 32.50 36.00 44.58 75.40 27.57 88.17  47.60
InternLM2.5-7B
MathFusion' 22.5K 9.27 6.35 18.52 24.10 53.80 8.82 7437  27.89
MathMixup MATH 22.5K 8.54 7.50 18.81 24.10 56.80 10.29 75.06  28.73
MathMiwpCL_ 75K*3 1125 688 ] 1970 2410 5620 1243 7528 2936
MathFusion' 12K 11.15 7.50 15.41 18.07 45.20 10.66 7036 25.48
MathMixup AMC-AIME 12K 13.54 7.60 17.78 19.28 46.40 9.56 70.74  26.41
MathMixup-CL 4K*3 12.29 9.48 17.04 21.69 48.00 11.76 75.80  28.01
LLaMA3.1-8B
MathFusion' 22.5K 10.00 5.63 17.33 19.28 48.40 10.29 72771 26.23
MathMixup MATH 22.5K 11.25 8.13 17.04 21.69 52.80 11.03 73.01  27.85
MathMiwpCL_ 75K*3 1010 6ds ] 1926 2651 5260 1140 7589 2884
MathFusion' 12K 11.67 6.67 15.11 14.46 42.20 11.40 68.23  24.25
MathMixup AMC-AIME 12K 13.13 8.13 17.78 16.87 43.20 9.56 73.01 25.95
MathMixup-CL 4K*3 13.75 9.27 16.89 18.07 43.20 12.50 73.16  26.69

Table 2: Performance comparison on mathematical benchmarks including AIME25, AIME24, OlympiadBench,
AMC23, MATHS500, Minerva Math and GSMS8K. The table is organized by the base model and seed datasets.
Baseline labeled with T, which is our own runs. The best results are highlighted in bold.

FusionQA, constructing a mixed training set. We
perform both standard SFT (Blending) and curricu-
lum learning SFT (Blending-CL), with curriculum
stages determined by the difficulty gradients in Fig-
ure 3. This setup allows us to assess the benefits
of integrating our difficulty-controllable data with
existing high-quality datasets. Note that we group
every two consecutive difficulty levels into one
training stage.

5.2 Evaluation and Metrics

We evaluate the fine-tuned models on AMC2023,
MATH (Hendrycks et al., 2021), Minerva Math
(Lewkowycz et al., 2022), OlympiadBench (He
et al., 2024), GSM8K (Cobbe et al., 2021),
AIME2024, and AIME2025, using the Light-R1
framework (Wen et al., 2025c). For the first five
benchmarks, we report avg@ 1. Due to the smaller
size of AIME2024 and AIME2025, we use the av-
erage of 32 random samplings (Avg@32) for more
stable results. For detailed hyperparameter settings,
please refer to the Appendix C.

5.2.1 SFT on MathMixupQA

As shown in Table 2, MathMixup consistently out-
performs the MathFusion baseline across all mod-
els and both seed datasets under the same data
volume. For example, Qwen2.5-7B fine-tuned on
MathMixupQA based on AMC-AIME achieves
46.80% average accuracy, surpassing MathFu-
sionQA’s 45.45%. This trend holds across indi-

vidual benchmarks and other models. Applying
curriculum learning (MathMixup-CL) further im-
proves performance for all models, with Qwen2.5-
7B reaching 47.60% and notable gains on challeng-
ing benchmarks such as OlympiadBench. We also
observe that models with higher baseline perfor-
mance, such as Qwen2.5-7B, benefit more from
increased data diversity and curriculum learning,
especially when trained with more challenging data.
In contrast, models with lower baseline abilities,
like LLaMA3.1-8B, gain less from high-difficulty
data without sufficient curriculum support. These
results highlight the importance of tailoring data
difficulty and curriculum design to match model
capacity. Overall, MathMixup provides higher-
quality, difficulty-controllable training data than
existing baselines. The improvements across mod-
els and benchmarks demonstrate the robustness and
generalizability of our approach.

5.2.2 SFT on Blending Datasets

As illustrated in Figure 4, blending MathMix-
upQA and MathFusionQA (Blending) further im-
proves model performance compared to using ei-
ther dataset alone. This effect is amplified with cur-
riculum learning (Blending-CL), as shown by the
outward expansion of the radar plots. To account
for the large differences in absolute scores across
benchmarks, we normalize the results. The gains
are consistent across both easier (e.g., GSM8K,
MATHS500) and more challenging (e.g., AIME24,
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OlympiadBench) benchmarks. These results con-
firm that combining difficulty-controllable data
with existing high-quality datasets, together with
curriculum learning, can fully unlock the potential
of LLMs for mathematical reasoning, achieving
new state-of-the-art performance. Detailed numeri-
cal results are provided in the Appendix E.

Model: InternLM2.5-78 Model: LLaMA.1-8B Model: LLaMA3.1-88
Secd: AMC-AIME Secd: MATH Seed: AMC-AIME

Figure 4: Normalized performance on seven mathemat-
ical reasoning benchmarks for three LLMs using dif-
ferent data synthesis and training strategies. “Blending”
denotes SFT on the mixed dataset of MathMixupQA
and MathFusionQA, while “Blending-CL” denotes cur-
riculum learning SFT on the same mixture.

5.3 Ablation Study

5.3.1 Training Data Components

As shown in Table A4, both hybrid and decom-
posed data play critical roles in enhancing model
reasoning performance. Consistent findings emerge
across the two seed datasets (MATH and AMC-
AIME): By comparing combinations 1 vs. 3 and
2 vs. 3, we observe that decomposed and hybrid
data contribute more significantly to improving rea-
soning abilities than original data. Furthermore,
combination 3 (integrating both decomposed and
hybrid data) achieves the optimal results, validating
the value of these two data components. Note that
we show the average accuracy.

Seed # Decomposed Original Hybrid AVG

1 v v 44.37

MATH 2 v v 43.36

3 v v 45.67

1 v v 44.83

AMC-AIME | 2 v v 43.59
3 v v 45.65

Table 3: Effect of data components on Qwen2.5-7B.

5.3.2 Curriculum Leaning Stage Order

As shown in Table A5, curriculum learning that
starts with decomposed data followed by hybrid
data (Decomposed+Hybrid) consistently achieves

the highest accuracy across seven challenging
benchmarks. Using original data as the first stage
yields lower accuracy, and Decomposed+Original
performs worst. These findings demonstrate that in-
troducing decomposed data early in the curriculum
better prepares the model for complex questions,
highlighting the importance of explicit difficulty
control in curriculum design. We provide more re-
sults of ablation studies in Appendix G.

Seed Stagel Data  Stage2 Data AVG
Decomposed Original 43.24

MATH Original Hybrid 46.19
Decomposed Hybrid 46.88

Decomposed Original 43.90

AMC-AIME Original Hybrid 46.72
Decomposed Hybrid 47.26

Table 4: Effect of curriculum learning stage order on
Qwen2.5-7B across seven benchmarks.

5.3.3 [Effectiveness of Solution Generation

As illustrated in Figure 5, the solution generation
strategy consistently outperforms majority voting
with 16 candidate solutions across benchmarks.
While majority voting is commonly used to filter
noisy solutions, it is computationally expensive and
does not always guarantee correctness. By incorpo-
rating relevant original questions and answers as
auxiliary information, we yield higher-quality and
more reliable solutions, while also reducing infer-
ence costs. These improvements further strengthen
the overall effectiveness of the MathMixup.

op 82 037 .
80 Majority Voting 8.

71.80
69.40

50 46.99
> 44.58
33.0433.04

26.41
6462615 25.83,, oo 24.6324.63

AIME24. AIME25 OlympiadBench AMC23 MATHS500

Benchmark

Figure 5: Effectiveness and efficiency of solution gener-
ation in MathMixup.

Minverva Math GSMBK

6 Conclusion

We propose MathMixup, a novel method for boost-
ing LLM mathematical reasoning with difficulty-
controllable data synthesis and curriculum learn-
ing. By explicitly generating and organizing prob-
lems with controllable difficulty levels, MathMixup
enables the construction of the MathMixupQA
dataset and supports the design of controllable,
data-driven curricula for LLMs.
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Limitations

Although MathMixup provides a principled way
to synthesize difficulty-controllable mathematical
reasoning data, several constraints remain. The au-
tomatic generation and validation process cannot
fully eliminate subtle errors in problem statements
or solutions. Due to the high cost of manual review,
only about 10% of the synthesized problems were
randomly inspected, which may leave undetected
issues in the remaining data. Moreover, our study
primarily investigates two-level fusion strategies,
leaving richer compositions of multiple problems
and alternative retrieval mechanisms largely un-
explored. Finally, the constructed MathMixupQA
dataset, though useful for curriculum learning, is
modest in size compared with broader mathemat-
ical corpora, and its domain coverage is not yet
exhaustive.
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Appendix
A Prompts

We present the key steps of the prompts used for
Hybrid Generation in Prompt 3, Decomposed Gen-
eration in Prompt 4 and Question Verification in
Prompt 5, which are partially derived from Math-
Fusion.

B MathFusion Reproduction

Since MathFusion does not perform data synthesis
on the AMC-AIME seed dataset and the GSM8K
seed dataset it uses is relatively simple, we re-
produce MathFusion using the MATH and AMC-
AIME seed datasets to ensure a fair comparison.
We adopt the three synthesis prompts provided in
the original paper (Conditional, Sequential, and
Parallel), without controlling for difficulty. Apart
from the prompt types and the lack of difficulty
control, all other procedures remain consistent with
those used in MathMixup to guarantee comparabil-
ity between the two methods. Additionally, during
training, we downsample the synthetic data gener-
ated by our MathFusion reproduction to match the
amount of synthetic data used in our own method.

C Hyperparameter Settings

C.1 Data Synthesis.

For data synthesis, we set GPT-40’s temperature
to 0.7 and the maximum generation length to 4096
tokens. For QwQ-32B, we use the official recom-
mended hyperparameters: temperature 0.6, TopP
0.95, MinP 0, TopK 40, and no repetition penalty.
The maximum response length for QwQ-32B is set
to 32,768 tokens.

C.2 Training.

For supervised fine-tuning (SFT), we train all pa-
rameters on the MathMixupQA dataset using Deep-
Speed ZeRO Stage 3 for efficient scaling. The ef-
fective batch size per device is 1, with gradient
accumulation over 4 steps, and sequence paral-
lelism of 8. We use the Adam optimizer (81 = 0.9,
B = 0.95, ¢ = 1 x 1078), weight decay 0.1,
and gradient clipping at norm 1.0. Training uses
bfloat16, FlashAttention v2, and gradient check-
pointing to save memory. All experiments use a
fixed random seed for reproducibility.

C.3 Evaluation.

For the standard avg@1 setting, each model is eval-
uated with temperature O and one sample per input.
The model generates responses up to 32,768 to-
kens, with a batch size of 2048 and top-p 0.95. For
avg@32, we follow SimpleRL-Zo0’s temperature
of 1.0 and generate 32 samples per input, keeping
other parameters unchanged.

D Dataset Statistics and Comparison

In Table A1, we compare MathMixupQA with pre-
vious mathematical datasets. Despite its relatively
moderate scale, our experiments demonstrate that
MathMixupQA achieves superior performance un-
der the same data volume, surpassing the state-of-
the-art (SOTA) MathFusion method. Furthermore,
the explicit difficulty control within each compo-
nent of MathMixupQA enables effective curricu-
lum learning, which further improves the model’s
mathematical reasoning performance.

E Results of SFT on Blending Datasets

Tables A2 and A3 provide the detailed numerical
results for three representative models (Qwen2.5-
7B, InternL.M2.5-7B, and LLaMA3.1-8B) on seven
mathematical benchmarks, using the MathMix-
upQA dataset with both Blending and Blending-
CL settings. Results are reported separately for the
MATH and AMC-AIME seed datasets. The raw
scores presented in these tables correspond to the
original (unnormalized) benchmark results, which
serve as the basis for the normalized radar charts
shown in Figure 4 of the main text.

F Method

The detailed pseudocode of the MathMixup method
is provided in Algorithm 1.

G Ablation Study

We provide the evaluation results of the fine-tuned
Qwen2.5-7B on seven benchmarks in Tables A4
and AS.
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Case 3: Hybrid Question Generation

### Role: Hybrid Scenario Problem Architect

#### Profile

You are an expert in designing advanced, real-world mathematical problems. Your task is to create a hybrid real-world
scenario that seamlessly blends "#Problem 1#" and "#Problem 2#", ensuring their essential mathematical elements are
preserved and deeply intertwined, leading to a single, culminating challenge. The new problem must be self-contained and
must not reference or mention Problem 1 or Problem 2.

#### Guidelines
Step 1: Carefully analyze the mathematical structures, variables, solution strategies, standard answers, and difficulty levels of
both problems, as well as their possible real-world interpretations.

Step 2: Identify common themes, physical principles, or practical contexts that can naturally link the two prob-
lems together.

Step 3: Construct a hybrid scenario where these themes converge, introducing realistic constraints and details
that bind the mathematical frameworks of both problems into a coherent, practical setting.

Step 4: Design a sophisticated, unified problem statement where solving the underlying mathematical challenges
from both original problems is necessary to resolve the real-world scenario.

Step 5: When constructing the new problem, take into account the standard answers and difficulty levels of both
original problems. Avoid making the new problem’s answer a simple sum, product, or direct reuse of the original answers.
Ensure the new problem’s difficulty is at least as high as the more difficult of the two original problems, and ideally, it should
present a new layer of challenge or synthesis.

Step 6: The new problem must be a single, standalone question with only one main objective and must not be
split into multiple subproblems, parts, or steps. The answer should be unique and clearly defined. Do not require the solver to
provide multiple separate answers, perform open-ended analysis, or combine results from different objectives.

Self-Check and Correction:

After constructing the hybrid problem, carefully review it by answering the following:

- Does the problem statement include all necessary information and constraints?

- Does the scenario contain any irrelevant or unnecessary details?

- Is the problem well-posed and solvable (i.e., is there at least one solution, and is the solution unique or well-defined)?

- Does the problem require only one specific answer, and is the objective clearly stated as a single maximization, minimization,
or unique solution?

If any issues are found, revise and improve the problem statement to ensure it is complete, relevant, solvable, and
meets the single-objective requirement.

Only output the final, corrected problem statement. Do not include the self-check process or any commentary in
your final output.

Important:

- Do not mention or allude to Problem 1, Problem 2, or their answers/difficulty in the new problem.

- The final problem must have only one main objective and require only one answer.

- The new problem’s objective must be clearly defined and not require separate maximization and minimization.

- Do not split the new problem into multiple subproblems, parts, or steps. Do not require multiple distinct answers or
open-ended analysis. It must be a single, unified question with a single, well-defined answer.

- After outputting the new problem statement, do not add any further explanation, commentary, or additional information. End
your output immediately after the new problem statement.

#### Output Format
Please reply strictly in the following format:

#Core Elements#:
(Briefly list the main mathematical concepts, variables, or techniques from both problems that will be integrated.)

#Scenario Integration#:
(Describe how the real-world scenario is constructed to blend the mathematical elements of both problems, and how the
scenario ensures the necessity of resolving both underlying mathematical challenges.)

#New Problem#:

(Present the fully integrated, standalone, and self-checked real-world problem statement with a single, clearly defined

objective and a unique answer. Do not split it into multiple subproblems or parts. Do not require multiple answers or
open-ended analysis. End your output here.)
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Case 4: Decomposed Question Generation

### Role: Advanced Mathematical Problem Decomposer

#### Profile:

You excel at decomposing advanced mathematical problems, transforming originally complex problems into easier-
to-master questions, while retaining their educational value and challenge. Your task is to analyze a combination
of two similar but differently difficult problems, namely "#Problem I#" and "#Problem 2#". Based on the lower
difficulty problem, simplify the higher difficulty problem by reducing its complex parts while retaining the essential
concepts. The result should be a new problem that still offers learning and thought value. The new problem must be
self-contained and should provide clear steps to reach the solution, without mentioning or referencing Problem I or Problem 2.

#### Guidelines:
Step 1: Carefully analyze the mathematical structures, variables, solution strategies, and difficulty levels of the two
challenging problems provided, especially the problem with high difficulty.

Step 2: Identify opportunities to simplify the problem:

- Consider the similarities between the high and low difficulty problems and simplify complex interdependencies between
variables to more direct relationships.

- Break the problem down into simple components focused on key concepts.

- Design the new problem so that one logical method leads to the solution.

- Ensure it maintains a logical sequence, clarity, and avoids any confusion. If new variables or conditions are introduced,
make their determination clear and unambiguous.

Step 3: Identify common themes of the two problems. After that, consider the way to discompose the two prob-
lems and design a new problem. When designing the new problem, consider the standard answers and difficulty levels of
the two original problems. Avoid making the answer a simple subtraction, division, or direct reuse of the original answers.
Ensure that the difficulty of the new problem is at least as high as the simpler of the two original problems. Ideally, it should
present a clearer problem statement.

Step 4: Craft a coherent problem statement that encompasses simplified elements derived from the original com-
plex problems, ensuring all necessary information is provided for solving the problem. Design a clear problem statement
fully considering elements from both problems, ensuring all interdependencies are clear and necessary for the solution.
The new problem must be a single, standalone question with only one main objective and must not be divided into multiple
subproblems, parts, or steps. The answer should be unique and clearly defined.

Self-check and Revision:

After creating the new problem, review it by answering the following questions:

- Does the problem statement include all necessary information and constraints?

- Is the problem well-posed and solvable (i.e., is there at least one solution, and is the solution clear)? If any issues are found,
revise and improve the problem statement to ensure it is complete, relevant, and solvable.

- Adjust parts that could lead to misunderstandings or ambiguity.

- Thoroughly review the output to spot any unreasonable elements, ensuring it is an easier version of "#Problem 1#", but has
higher difficulty than "#Problem 2#".

Important:

- Do not mention or imply specific details or answers of the original challenging problems in the new problem.

- The final problem must have only one main objective and require only one answer.

- Ensure the new problem remains unified and is not split into multiple subproblems or parts.

- After presenting the new problem statement, do not include further explanation, commentary, or additional information. End
your output immediately after the new problem statement.

- For a given set of problem1 and problem2, output only one decomposed problem.

- The generated problem must not be presented in a multiple-choice format.

- Conclude the output immediately after presenting the new statement.

#### Output Format:
Please respond strictly in the following format, do not include any content from the input.:

#Core Elements#:
(Briefly list the key mathematical concepts, variables, or techniques that will be simplified and integrated into the new problem.)

#Simplification Strategy#:
(Explain how simplification is achieved by reducing complexity and focusing on key concepts. Describe how the new
problem’s difficulty compares to the original challenging problems.)

#New Problem#:
(Present the new, simplified problem statement, ensuring it has a single objective, is clear, and solvable. End your output
here.)
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Case 5: Question Verification

Your task is to act as an impartial judge to evaluate the statement completeness, correctness, and overall quality of a
synthesized math problem according to the following rules:

1. Clarity: Is the problem statement mostly clear and understandable, even if some wording is informal or not
perfectly concise?

2. Completeness: Are the main conditions, constraints, and parameters provided, so that a reasonably skilled stu-
dent could attempt the problem? Minor omissions or the need for standard mathematical assumptions are acceptable.

3. Formatting: Is the problem readable and uses standard mathematical notation, even if there are minor format-
ting or typographical inconsistencies?

4. Relevance: Is the problem generally relevant and appropriate for the intended academic level and topic?

5. Solvability: Is the problem likely solvable by standard mathematical methods, with at least one reasonable so-
lution? (It is acceptable if the solution is not unique, as long as the problem is meaningful.)

6. Logical Flow: Is the problem statement overall logical and consistent, and free from major irrelevant or con-
fusing information? Minor awkwardness or redundancy is acceptable.
-

Dataset Total Samples Difficulty Levels
WizardMath 96K -
MetaMathQA 395K -
MMIQC 2294K -
Orca-Math 200K -
Xwin-Math-V1.1 1440K -
KPMath-Plus 1576K -
MathScaleQA 2021K -
DART-Math-Uniform 591K -
DART-Math-Hard 585K -
RefAug 30K -
MathFusionQA 60K -
MathMixupQA-M (MATH) 22.5K Explicit: 3
MathMixupQA-A (AMC-AIME) 12K Explicit: 3

Table Al: Comparison between MathMixupQA and previous mathematical datasets. MathMixupQA is the only
dataset that explicitly controls difficulty levels during data synthesis, resulting in three well-defined difficulty
gradients (Original, Hybrid, Decomposed) for both MATH and AMC-AIME seeds.

Model Type ~ AMC23 MATH MinervaMath OlympiadBench GSMSK AIME24 AIME25
Owen2.578 Blend | 4578  76.40 2574 38.07 8832 2990  30.83
wenz.o- Blend-CL | 48.19  79.20 31.25 4133 88.40 3344 3156

Blend | 2771 5720 11.40 23.70 74.30 9.38 16.88

InternLM2.5-7B | g hdcL | 2651 63.00 11.76 21.04 7642 1115 17.29
Blend | 2892  62.00 9.19 24.74 7688 1188  17.50

LLaMA3.1-8B | b hdCL | 3253 65.60 13.60 25.78 7672 1354 1729

Table A2: Performance of three models on seven benchmarks with MathMixupQA based on MATH seed dataset.
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Algorithm 1: MathMixup Method

Require: Seed datasets Dgeeq, original data Dyyig, (optional) external data Dex,
1: // 1. Difficulty-Controllable Question Synthesis
2: for all D in Dyeeq do

3. for all (¢;,a;,d;) € Ddo

4 €e; = BGE(qZ)

5 for all (¢j,a;,d;) € D, j #ido

6: e; = BGE(qgj); sij = cos(e;, €;)

7 if Sij > T and d; 75 Clj then

8 Add ((Qi7aivdi)>(Qj’aj7dj)) to P
9 end if

10: end for

11:  end for

12: end for

13: for all pair ((q1,a1,d1), (g2, a2,dz2)) € P do
14:  Generate and verify ¢™°, ¢%¢; add to Dyyn
15: end for

16: // 2. Dataset Construction

17: for all ¢ € Dgy, do

18:  Find auxiliary set A,

19:  Generate solution a = QwQ(q, Aq)

20:  Post-process and add (¢, a) to DyamMixupQa
21: end for

22: // 3. Curriculum Learning

23: Split DMathMixupQA by difficulty

24: if Deye # () then

25:  Dplend = BlendAndRank(Dmmqa ; Dext)
26:  split by difficulty

27: end if

28: for all curriculum stage Dsgage do

29:  Fine-tune LLM on Dggyge

30: end for

Model Type AMC23 MATH Minerva Math OlympiadBench GSMSK AIME24 AIME25

Qwen2.5-7B Blend 51.81 78.20 27.21 39.26 87.49 35.52 31.98

’ Blend-CL | 62.65 77.80 30.15 40.30 89.31 36.25 31.46

Blend 22.89 51.60 9.19 19.70 71.49 13.02 18.65

InternkM2.5-7B | piong-cL | 2771 5140 8.46 24.00 7081 1250  20.42

Blend 25.30 54.60 11.40 23.11 77.18 13.75 21.98

LLaMA3.1-8B Blend-CL | 31.33 56.20 10.66 26.22 75.13 14.48 22.19

Table A3: Performance of three models on seven benchmarks with MathMixupQA based on AMC-AIME seed
dataset.

Seed Decompose Original Hybrid AIME25 AIME24 OlympiadBench AMC23 MATHS00 Minerva Math GSMSK

v v 24.90 26.35 35.11 34.94 74.60 27.21 87.49

MATH v v 23.54 25.00 31.26 39.76 73.00 24.26 86.73

v v 27.40 25.21 33.04 46.99 75.20 25.37 86.50

v v 24.90 27.19 33.04 45.78 71.20 24.26 87.41

ACM-AIME v v 24.17 23.85 33.78 40.96 70.80 24.63 86.96
v v 27.29 28.13 34.52 44.58 72.20 27.21 85.60

Table A4: Effect of data components on Qwen2.5-7B across seven benchmarks.
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Seed Stagel Data Stage2 Data AIME25 AIME24 OlympiadBench AMC23 MATHS500 Minerva Math GSMS8K

Decompose Original 23.44 23.65 32.89 37.35 72.20 26.10 87.04

MATH Original Hybrid 24.90 28.02 36.00 43.37 76.60 27.94 86.50
Decompose Hybrid 26.35 26.25 37.78 44.58 77.00 28.68 87.49

Decompose Original 24.79 24.69 35.11 36.14 71.40 26.10 89.08

AMC-AIME Original Hybrid 26.46 29.58 36.15 46.99 75.00 26.10 86.73
Decompose Hybrid 23.96 27.81 36.89 49.40 76.00 28.68 88.10

Table AS: Effect of data curriculum learning on Qwen2.5-7B across seven benchmarks.
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