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Abstract

Despite the pivotal role of numerical reasoning
as the cornerstone of mathematical capabilities
in large language models (LLMs) across appli-
cations, few benchmarks evaluate LLMs by in-
tegrating numerical processing and mathemati-
cal reasoning, hindering the interpretability of
failures in math tasks. We introduce PyraMath-
Bench!, a comprehensive hierarchical bench-
mark with 32,505 questions derived from 7,404
math word problems, spanning 4 key cogni-
tive aspects, 14 subcategories, and 2 modalities.
Experiments reveal that LLMs’ performance is
severely compromised by inadequate numeri-
cal computation and weak handling of abstract
numerical questions. To address this, we pro-
pose the Smart Optimization & Learning-based
VErsatile module (SOLVE) and Interactive Rel-
ative Policy Optimization (IRPO), which en-
hance LLMs’ numerical-mathematical synergy
via efficient tool calls (fuzzy matching and
low-quality call rejection). Comparative ex-
periments show Qwen-2.5 achieves a 5.0 score
improvement with SOLVE and IRPO training.

1 Introduction

Numerical reasoning is ubiquitous in scientific re-
search (Spithourakis and Riedel, 2018), financial
analysis (Chen et al., 2019; Jiang et al., 2020),
and integral to text understanding (Yuan et al.,
2023; Sundararaman et al., 2020). Despite ad-
vances in data and compute, large language mod-
els (LLMs) like GPT-4 and Llama still struggle
with math tasks (Patel et al., 2021; Zhao et al.,
2023), largely due to inadequate numerical pro-
cessing (e.g., flawed number tokenization (Liu and
Low, 2023; Yuan et al., 2023)) and numerical hal-
lucination (Ji et al., 2023; Chen et al., 2023).
These issues highlight the pressing need to con-
tinually enhance the numerical processing abilities
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of these models, as these capabilities essentially
reflect the model’s proficiency in integrating nu-
merical and mathematical reasoning, directly im-
pacting its ability to solve real-world problems and
engage in abstract thinking (Wei et al., 2022). How-
ever, current answer-centric benchmarks fail to dis-
entangle numerical processing flaws from mathe-
matical reasoning errors, lacking mechanisms to
diagnose failure modes related to numerical com-
petence. While external tools show promise for
boosting capabilities (Schick et al., 2023; Shen
et al., 2023; Qin et al., 2024), this gap also hin-
ders performance (Yuan et al., 2025) due to little
interpretability. This creates an urgent need for a
high-quality benchmark that enables fine-grained
assessment of numerical-mathematical synergy.

Current benchmarks predominantly assess the
mathematical reasoning abilities of language
models through math word problems (MWPs).
Datasets like GSM8K (Cobbe et al., 2021)
and APE210K (Zhao et al., 2020), based on
elementary-level problems, and benchmarks such
as MATH (Hendrycks et al., 2021), ARB (Sawada
et al., 2023), and FrontierMath (Glazer et al., 2024),
which involve competition-level problems like the
IMO and AMC, are widely used. However, these
benchmarks do not fully capture the limitations
of LLMs’ capabilities. For example, when mod-
els provide incorrect answers, it remains unclear
whether the failure stems from computational er-
rors or misinterpretation of the question.

Some efforts, such as LILA (Mishra et al., 2022),
attempt to address this by breaking down tasks into
subtasks. Akhtar et al. (Akhtar et al., 2023) in-
troduced a framework to probe LLMs’ numerical
reasoning at various levels. But these frameworks
lack cross-task correlations, testing LLMs’ abili-
ties in isolation without exploring how the models’
abilities to solve simpler tasks may influence their
performance on more complex tasks. In fact, math-
ematical ability can be thought of as a hierarchy,
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akin to a pyramid structure, where complex tasks
are broken down into simpler foundational parts.
By isolating and evaluating these core tasks, we
can better understand the interplay between foun-
dational skills and higher-level reasoning. This
hierarchical approach not only assesses complex
tasks but also identifies how weaknesses in basic
skills can affect the overall performance.

Based on these, we propose the PyraMathBench
(PMB), a comprehensive hierarchical benchmark
providing 32,505 questions derived from 7,404
math word problems, covering 4 key cognitive as-
pects, 14 subcategories, and 2 modalities. Addition-
ally, the subtasks are decomposed from real math
word problems rather than generated, enhancing
their relevance for real-world applications. PMB
also incorporates the compositional relationships
between tasks, decomposing math problems into
smaller, modular subtasks that can be assessed indi-
vidually and in combination. Using PMB, we evalu-
ate a variety of state-of-the-art (SOTA) LLMs, iden-
tifying areas for improvement and offering valuable
insights into the factors that influence performance.

In our analysis, a key weakness observed across
the LLMs is their limited capacity for abstraction,
equation solving, and factual retrieval. To address
this issue, we introduce the Smart Optimization
& Learning-based VErsatile module (SOLVE) to
enhance the flexibility and adaptability of LLMs
to tool calling, as well as a new RL framework
Interactive Relative Policy Optimization (IRPO).
Our method yields a 5.0% improvement against the
vanilla LLM.

Our contributions can be summarized as:

* We propose the PyraMathBench, a compre-
hensive hierarchical benchmark that includes
32,505 questions derived from 7,404 math
word problems, covering 4 key cognitive as-
pects, 14 subcategories, and 2 modalities, en-
suring a comprehensive evaluation.

* We evaluate a variety of SOTA LLMs with
this benchmark, identifying areas for improve-
ment and offering valuable insights into the
factors that influence performance.

* To address the challenges of mathematical
reasoning, we introduce SOLVE module and
IRPO algorithm, designed to mitigate tool call
parsing failures and improve the efficiency of
tool calling.

2 The Taxonomy of PyraMathBench

The core motivation behind PMB’s taxonomy is the
recognition that mathematical tasks often require
multiple layers of cognitive aspects and computa-
tional skills, ranging from simple numerical pars-
ing to intricate logical reasoning. An LLM’s ability
to solve a high-level math word problem is contin-
gent upon its proficiency in handling lower-level
subcomponents. Previous benchmarks lack an ex-
plicit framework for isolating different cognitive
aspects, making it difficult to diagnose specific fail-
ure points. By decomposing complex mathematical
tasks into distinct hierarchical aspects, PMB pro-
vides a systematic method to evaluate capability
at each stage of mathematical cognition, allowing
for a more interpretable assessment of LLM perfor-
mance.

Inspired by previous research (Xu et al., 2022;
Akhtar et al., 2023) and Piaget’s cognitive theory,
taking into account both the reasoning paradigm
and the feasibility of annotation, our benchmark
taxonomizes tasks into four hierarchical aspects
(A1-A4), encompassing 14 distinct tasks. Fig-
ure 2 shows the composition of subtasks at each
aspect and examples of subtask annotation. Com-
plex Reasoning evaluates the model’s ability to
integrate multiple cognitive processes and mathe-
matical principles. It requires sophisticated logi-
cal deductions, image interpretation, and multistep
problem-solving. Understanding focuses on the
model’s ability to comprehend and interpret math-
ematical content, transforming unstructured text
into mathematical representations. Calculation
primarily tests computational efficiency and cor-
rectness in solving mathematical problems. Finally,
Numerical Parsing assesses the model’s ability
to parse and process numerical data in various for-
mats, thereby evaluating its capacity to recognize,
interpret, and extract numerical information for
further computation. The specific descriptions,
prompts, and examples for 14 subtasks are pro-
vided in Appendix A.

3 Construction and Statistics

Data Sources. The PMB dataset incorporates six
existing evaluation datasets and practice question
collections. The data collection adheres to the fol-
lowing guidelines: 1) It includes common math-
ematical problems and visual reasoning tasks to
represent the typical problem distribution. 2) Each
problem is structured to allow clear decomposi-
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Figure 1: Taxonomy of PyraMathBench and two examples of decomposing complex reasoning problems (green and
pink) into subtasks, dashed lines representing multimodal tasks.
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Figure 2: Data distribution of 14 subtasks.

tion into subtasks, facilitating unambiguous label-
ing. 3) The dataset is varied in difficulty, ensuring
the inclusion of challenging tasks to effectively
evaluate the performance of LLMs. We excluded
non-mathematical content from the data. Based
on this, we considered 6 datasets as data sources:
ASDiv (Miao et al., 2020), alg514 (Kushman et al.,
2014), Dolphin 18K (Shi et al., 2015), SVAMP (Pa-
tel et al., 2021), TAT-QA (Zhu et al., 2021), and
MathVista (Lu et al., 2024). Another feature of
these datasets is that they provide well-structured
answer inference processes or automated question
generation tools, facilitating the extraction of sub-
task questions.

Subtasks Annotation. The dataset annotation is
conducted by six experts proficient in high school-
level mathematics. The subtask questions are
evenly distributed among the six experts for an-
notation. For validation the answers annotated
by different experts are evaluated using the met-

rics outlined in Section 4. If the score falls below
90, the question is deemed ambiguous and sub-
sequently discarded. We also utilized the tabular
data from TAT-QA to create images to expand the
variety of multimodal tasks.

Additionally, we standardize the mathematical
representations across different datasets, ensuring
compatibility with both Python interpreters and
LaTeX (the latter being used for more complex ex-
pressions). For floating-point answers, numerical
values are rounded to six decimal places. The de-
tailed data construction process can be found in
Appendix G.

Statistics. Figure 1 presents the distribution of sub-
tasks. PyraMathBench offers several advantages
over existing evaluation methods: (1) Comprehen-
sive Coverage — PMB includes a diverse array of
tasks, spanning four primary areas of mathemati-
cal reasoning and 14 subcategories, derived from
32,505 questions across 7,404 Math Word Prob-
lems. This extensive dataset facilitates a thorough
assessment of models across a wide range of topics
and difficulty levels, ensuring broad coverage of
mathematical challenges. (2) Compositionality
of Subtasks — PMB structures subtasks derived
from the same Math Word Problem, allowing for
detailed performance analysis. This compositional
approach enables the isolation and evaluation of a
model’s ability to break down complex problems
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into simpler components, providing insights into
foundational skill deficiencies and their impact on
overall performance. (3) Multimodal Tasks — By
incorporating both unimodal and multimodal tasks,
PMB enables a more comprehensive evaluation of
LLMs. This allows assessing models’ ability to pro-
cess different input types and engage in complex
forms of reasoning.

4 Evaluation

We conduct an evaluation of 11 representative
LLMs using the PMB dataset, including GPT-
40, GPT-40-mini2, Claude—opus—4.63 , LLaVA
13B (Liu et al., 2023), DeepSeek-R1 (DeepSeek-
Al et al., 2025), DeepSeek-Math 7B (Shao et al.,
2025), Qwen-2.5 14B (Yang et al., 2024a), Qwen-
2.5-Math 7B (Yang et al., 2024b), Llama3.1
8B (Grattafiori et al., 2024), Gemma2 9B (Team
et al., 2024), and Mistral 7B (Jiang et al., 2023).
To enhance the robustness and reliability of the
results with sampling-based decoding, we sample
three outputs for each question and calculate the
median and deviation of the scores. To simulate
real-world mathematical question-answering sce-
narios, we employed zero-shot settings with Chain
of Thought (CoT) prompting (Wei et al., 2022).
The detailed experiment settings are provided in
Appendix B.

100 if [§—y| <107
Score(y, 7) = 4 © gl 108 if § is UNDEFINED
max| 0, 100 — ‘/‘/7A otherwise
max(1,y, )
(1

The answer types include four formats: 1) a
number or list of numbers, 2) expressions, 3) brief
text, and 4) multiple-choice options. Numerical
answers are evaluated using Equation 1, where y
represents the reference answer and ¢ represents
the model response. The equation is adapted from
the relative error definition of Yuan et al. (2023)
and transforms the relative error into a 0—100 score
such that a relative error of 1% yields a score of 0,
enabling us to distinguish answer deviations stem-
ming from numerical precision from completely
erroneous reasoning. We employ Math-Verify*
to handle diverse mathematical expressions, and
normalize structurally different but mathematically
equivalent forms (e.g., factored vs. expanded, frac-
tional vs. decimal) prior to embedding compari-

Zhttps://platform.openai.com/docs/models
3https://www.anthropic.com/api
“https://github.com/huggingface/Math-Verify

son. For text answers, we embed the response via
MathBERT (Shen et al., 2021) and calculate the
cosine similarity with the answer; the 0.9 match-
ing threshold was calibrated on a held-out 30%
subset of open-ended text questions and achieves
near-optimal F1 against expert annotations, with ro-
bustness verified against human judgment (98.5%
accuracy, Pearson = 0.94; see Appendix C). For
multiple-choice questions, we calculate the perfect
match rate. Finally, all scores are normalized to
a range of 0 to 100. All reported results reflect
model versions current as of the dates listed in Ap-
pendix B.

5 Results

In this section, we analyzed the performance of 11
LLMs on PMB, more analyze through case stud-
ies can be found in Appendix D. The results in-
dicate that DeepSeek-R1, Claude-opus-4.6, GPT-
40, and GPT-40-mini are the top performers, with
DeepSeek-R1 exhibiting the highest overall perfor-
mance. As shown in Table 1, DeepSeek-R1 ex-
celled in seven out of eleven text-only tasks, while
Claude-opus-4.6 leads in TD and UC. We note that
DeepSeek-R1 (671B) is substantially larger than
the other open-weight models (7B-14B), so its in-
clusion is intended as an upper-bound reference for
mathematical reasoning rather than a direct head-
to-head comparison. Within the comparable closed-
source group, Claude-opus-4.6 demonstrated par-
ticularly strong understanding and numerical pars-
ing capabilities.

Contrary to expectations, math-specific LLMs
underperformed on PMB. Their average score is
lower than Llama-3.1, which has a similar num-
ber of parameters. This is primarily due to the
LLMs’ poor instruction-following ability. For ex-
ample, in the QA and NR subtasks, these models
often ignore prompts to extract and abstract from
important numerical data, instead directly calculat-
ing answers. Additionally, DeepSeek-Math’s in-
consistent answer formats contributed to its lower
performance. These findings suggest that excessive
finetuning or reinforcement learning may even hin-
der an LLM’s generalization ability in a specific
field.

Furthermore, no MLLM has scored more than
20 on the visual Numerical Parsing subtasks, which
is far below their score on the VRP subtask. To
assess the statistical reliability of these findings, we
conducted bootstrap resampling (1,000 iterations)
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Model | Size MWP QA TD MK Arithmetic
Aspect Reasoning Understanding Calculation
GPT-40 - 92.1£0.9 | 66.1£1.6 66.6£1.9 75.642.1 96.0+£0.4
GPT-40 mini - 89.6+2.4 | 64.7£2.2 612424 80.8£1.3 | 95.7£0.9
LLaVA 13B 34440.8 | 11.4£1.7 36.1+24 61.0£1.8 | 60.94+0.7
DeepSeek-R1 671B | 93.1+1.1 | 87.7+2.6 75.6£1.6 10040 96.2+1.1
DeepSeek-Math 7B 59.3£0.7 | 34.7£0.6 54.7+£0.7 40.1+6.8 84.8+0.4
Qwen-2.5 14B 91.14£2.5 | 645427 62.74£29 83.54+3.0 | 90.440.7
Qwen-2.5-Math 7B 82.5£0.6 | 48.4+£25 459+13 192£1.6 | 95.1£03
Llama3.1 8B 72.3+1.1 | 54.14£22 76.7+£0.1 552479 | 89.31+0.4
Gemma2 9B 87.4£0.8 | 53.1£1.3 77.7+£0.6 78.3£25 81.4£0.9
Mistral 7B 42.3+14 6.6+1.0 78.8+£03 71.0+3.6 | 66.5£0.1
Claude-opus-4.6 - 91.844.2 | 874434 97.8+0.6 84.6+0 95.1+1.2
Model | Size ES Sorting FA NC uC
Aspect Calculation Numerical Parsing
GPT-40 - 97.5£1.1 95.8+£3.7 76.7+1.3 | 83.8+£2.7  69.7+5.6
GPT-40 mini - 98.3+0.5 96.6+3.4 60.5+0.5 | 72.8429  73.5£2.4
LLaVA 13B 21.6£5.1 552414 34.643.5 | 65.1+£0.5 29.5+1.9
DeepSeek-R1 671B | 99.5+0.5 97.442.6 10010 81.9+1.1 78.61+2.6
DeepSeek-Math 7B 90.64+29 64.6+£29 21.54+0.6 | 749427  55.4+£2.0
Qwen-2.5 14B 98.6+0.5 96.0£1.5 79.440.7 | 80.9+0.8  36.6£1.5
Qwen-2.5-Math 7B 97.4+0.7 91.5+£1.6 773+£09 | 9.7£0.3 3.54+0.3
Llama3.1 8B 86.8£1.1 81.2+2.5 59.5+0.8 | 72.7£09  24.3+1.7
Gemma2 9B 95.6£0.1 939+1.4 71.7+1.0 | 69.0+0.6 149+1.1
Mistral 7B 21.94+1.1  90.4£2.0 51.740.2 | 643+1.4  53.9+£2.6
Claude-opus-4.6 - 99.1£0.9 94.7+£53  86.7+£0 | 69.8+4.8  82.7+4.6

Table 1: Main results of 11 LLMs on text-only subtasks of PyraMathBench.

Model VRP NR VDQ 0oC
Aspect Reasoning Numerical Parsing
GPT-40 73.0+0.7 | 12.3£3.2 6.6£2.2 1.9+1.8
GPT-40 mini | 68.3£1.6 | 14.6+5.6 16743  0+£0
LLaVA 255428 | 2.8£1.2 8.5+2.5 7.0£3.1

Table 2: Results of 3 MLLMs on multi-modal subtasks
of PyraMathBench.

on GPT-40 across the visual subtasks (NR: 714,
VDQ: 59, OC: 107), yielding 95% confidence inter-
vals that remain well below the VRP performance
level, supporting the robustness of the conclusion.
This indicates that in fact, MLLMs rarely obtain
information from images when solving mathe-
matical image problems and predominantly rely on
textual information. Their ability to extract and
process mathematical information from images re-
mains fairly underdeveloped, even when the images
involved are simple in nature (e.g., counting a cer-
tain item in figures or identifying an equation in
the diagrams).

In complex reasoning tasks, DeepSeek-R1
achieved the highest score of 93.1 on the MWP
task, followed by GPT-40 (92.1) and Claude-opus-
4.6 (91.8). Notably, LLaVA shows a rather low
performance on the VRP task at 25.5, in contrast
to GPT-40 (73.0) and GPT-40 mini (68.3). Overall,
LLMs exhibited significant weaknesses in the
understanding aspect. Claude-opus-4.6 outper-

formed the others with an average understanding
score of 89.9 (QA: 87.4, TD: 97.8, MK: 84.6),
surpassing DeepSeek-R1 (87.8) and far ahead of
the third-ranked Qwen-2.5 (70.2). Regarding cal-
culation, the leading LL.Ms scored around 90-99
on arithmetic and equation-solving tasks. In the
Formula Application subtask, DeepSeek-R1 leads
with a score of 100, followed by Claude-opus-4.6
(86.7) and Qwen-2.5 (79.4). Notably, Claude-opus-
4.6 achieved a near-perfect score of 99.1 on the
Equation Solving task and the highest score of 82.7
on the Unit Conversion task, suggesting strong
algebraic manipulation and dimensional reason-
ing capabilities. However, Claude-opus-4.6 un-
derperforms on the Numerical Categorization task
(69.8) relative to its overall capability level, falling
behind GPT-40 (83.8) and GPT-40 mini (72.8).
This contrast indicates that Claude-opus-4.6 ex-
cels at structured calculation and language un-
derstanding, but exhibits relative weakness in
categorizing and classifying numerical quanti-
ties, which represents a different capability profile
from DeepSeek-R1’s more uniformly high perfor-
mance across tasks. This task requires selecting
the correct formula among several variations. The
unsatisfactory performance highlights the impor-
tance of eliminating hallucinations in mathemat-
ical reasoning. The most notable insight regard-
ing Numerical Parsing is the poor performance
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of MLLMs. However, despite an average score
of 9.9 on the Numerical Recognition subtask, the
MLLMs do actually recognize a considerable num-
ber of digits in the image, but fail to determine
which digits are useful for solving the problem,
particularly in the presence of redundant data. As a
result, MLLMs may also exhibit serious hallucina-
tions in the presence of redundant information in
the image. This suggests that previous work (Liu
et al., 2024) aimed at improving feature extraction
through region-of-interest identification in images
may not be sufficiently effective in mathematical
contexts.

MK Arithmetic  ES Sorting FA NC uc

Figure 3: The Pearson’s correlation with MWP and
(Correlation X Score Lost) of each subtask.

To quantify the influence of various abilities on
performance, we computed the Pearson Correla-
tion Coefficient between MWP scores and each
subtask. The results, shown in Figure 3, reveal that
QA (0.94), ES (0.92), AR (0.90), ST (0.79), and
FA (0.78) are strongly correlated with MWP perfor-
mance. When considering score losses, QA (47.7),
ES (17.6), and FA (28.7) emerged as the key weak-
nesses of LLMs. This analysis suggests that LLMs’
performance on complex mathematical reason-
ing tasks is strongly influenced by their ability to
handle calculations and abstract questions. To
address these issues, we propose a method in Sec-
tion 6 to enhance LLMs’ mathematical capabilities
through tool calls.

Default

1

3

( Play-nd-Plug Module )i ) Csvooss Rate Bsimation 1
1 1

(" cateutator ) ( Equation Solver ) (" Unit Extractor ]: ([ Question Difficuy ]!
1 1

! = :
.50 DO | [ oo v RT=2 ) !

Figure 4: The workflow of SOLVE. The call parsing
module is used to extract expressions from tool calls,
and the difficulty assess module is used to assess tool
call difficulty, when the difficulty is below the threshold,
SOLVE will bypass the tool call.

6 The proposed SOLVE module and
IRPO

Enhancing LLMs with external tools has emerged
as a promising approach to improve their computa-
tional capabilities (Schick et al., 2023; Shen et al.,
2023; Qin et al., 2024). To assess the effectiveness
of the tool calling approach in mitigating the is-
sues identified in Section 5, we first implemented a
simple Play-and-Plug tool calling Module (PPM).
Then we compared the accuracy of Qwen-2.5 with
and without PPM on the PMB/MWP datasets, as
shown in Figure 4. The results reveal a slight de-
crease in accuracy when using tools. Upon con-
ducting a case analysis of the model’s output, we
identified the primary reasons for the increase in
error rate as: (1) LLMs failing to generate tool
call requests in the instructed format, (2) tool call
iterations increasing the context length, posing a
challenge to LLM’s understanding, and (3) LLMs
tending to call tools for simple questions, which
were unnecessary for the reasoning process.

To address these issues, we introduce the Smart
Optimization & Learning-based VErsatile module
(SOLVE) as well as Interactive Relative Policy Op-
timization (IRPO), designed to mitigate tool call
parsing failures and improve the efficiency of tool
calling. The specific implementation can be found
in the Appendix E and Appendix F, respectively.

6.1 The Smart Optimization &
Learning-based VErsatile module

SOLVE enhances the flexibility and adaptability of
tool integration to make it superior to simple PPM.
Figure 4 illustrates the workflow of SOLVE. While
preserving plug-and-play compatibility, SOLVE
improves tool call efficiency through fuzzy call
recognition, i.e. the LLMsl can call tools in vari-
ous styles, not limited to a certain format. SOLVE
offloads the responsibility of formatting tool call
outputs from the LLM, allowing the model to pro-
duce unstructured or loosely formatted tool calls.
SOLVE then standardizes these outputs expressed
in LaTeX, Python syntax, or informal handwritten
styles, substantially increasing the success rate of
tool invocation. Given that different LLM series’
tool call ability may be trained in different formats,
this feature becomes particularly important.
Additionally, SOLVE employs a rule-based
mechanism to estimate the difficulty and discrimi-
nation of tool calls. These parameters are incorpo-
rated into a two-parameter logistic Item Response

37486



Oi,t | q, 0i, <t) 2
Ai — D re +
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Figure 5: Demonstration of GRPO and our IRPO. IRPO
samples two sets of model outputs and calculates the
advantages using different reward models/functions.

Theory model (IRT-2PL) (Cai et al., 2016) to es-
timate the probability of the LLM autonomously
solving the tool call task Correctly, formulated as
P(X;; = 110;) = m, where a; and b;

denote the discrimination and difficulty of ques-
tion 4, respectively, and ¢; represents the model’s
proficiency, which SOLVE will dynamically up-
date based on recent performance. When P (X i =
1|6;) exceeds a predefined confidence threshold
(0.95 in our experiments), SOLVE bypasses tool
calls and delegates the task directly to the LLM,
optimizing both reliability and computational effi-
ciency.

6.2 Interactive Relative Policy Optimization

6.2.1 Optimization Objective

Reinforcement learning (RL) has demonstrated ef-
ficacy in guiding LLMs to align with desired be-
haviors (Wang et al., 2024; Luo et al., 2023). In
tool-augmented inference, existing RL approaches
like GRPO (Shao et al., 2025) optimize the LLM’s
performance purely from the model’s perspective.
These methods primarily reward the model based
on its answers without considering the involvement
of external tools. To address this gap, we propose
anew RL framework that extends GRPO by incor-
porating tool usage, as depicted in Figure 5.

For a given question g, the IRPO simultaneously

(03,5t | q,0i,5,<t) AAi,j,t — DKL [7T‘9r||7TZef]>] }

ref (0i 4.t | q,0i,5,<t)

samples two sets of outputs, one from the base pol-
icy model 7y, and another from the tool-augmented
policy model 7, which include both intermediate
tool-related responses and final LLM responses.
The outputs are denoted as {01, 09, ...,0c} and
{{0117 012y« 01N1} g vaey {0(;1, 0G24 +eny OGNG}},
where V; is the response round of the i-th response,
and 0;;, 7 < N; represents the j-th round to the i-th
response, which includes a tool call request and the
result of that request, and o;j,j = IV;represents
the final response of the LLM when using external
tools. The IRPO optimization objective is given
by: where mp and 7y, , represent the current
and reference policy models, respectively, and q
denote the questions sampled from the reference
policy model 7y, . The KL divergence, Dx, is
estimated using an unbiased estimator (Schulman,
2020).

The IRPO objective is tailored for tool-involving
scenarios. The advantage of this formulation is that
it simultaneously optimizes the model’s decision-
making ability and the tool invocation strategy. For
simplicity, we retain only the KL divergence term
to stabilize training and omit the truncation for
parameter updates.

6.2.2 Advantage and Reward Function

To calculate the advantages for individual output
tokens in base and tool-involving scenarios, de-
noted as A;; and A;;:, we propose rule-based
reward functions to evaluate the model outputs.
Specifically, given the model answer ¢ and the ref-
erence vy, the reward for the final answer is deter-
mined by its accuracy, calculated with Equation 1
as r; = Score(y, y) and r; j—n, = Score (yin;, Ji)-
For multi-round tool-call rewards, we use the Equa-
tion 3:

1
Tij<Ne =3 <Hqsub (gi;) X /1 — Acc? (gi;)

e—Mean(ri) _ 1 1

3)
+ 1—e1 * 1+ e_aq(e_bq))
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where ¢;; represents the function call part of o,
I4.., 1s the indicator function of the PMB subques-
tion set, and Acc(g;;) is the accuracy of g;; cal-
culated in the main experiment. The formula has
three components:

e If the tool call is a PMB subtask, the score
decreases with higher accuracy, implying the
model can independently solve the problem.

e The second term calculates the average score out-
put from the default policy model, where higher
scores suggest direct computation without tool
calls.

e The third part estimates the probability that the
LLM with proficiency 6 generates a correct re-
sponse. The parameters for this component are
stored in the SOLVE module and are dynami-
cally updated across tool invocations. The re-
wards from this component are dependent on
the problem and model proficiency, enabling the
SOLVE component to decide when to call a tool
based on the model’s capabilities and the prob-
lem’s complexity.

Finally, based on the collected rewards r =
{ri,r2,...,rq,T11,712, ..., TGNy }» We normalize
the output tokens in each round as the advan-
tages A;; = r; = ri-Mean(r) ,ng Ajji =

Std(r)
%(ef)n(r). The policy is then optimized by max-

imizing the objective function outlined in Equa-
tion 2. Algorithm 1 provides a summary of the
IRPO workflow.

Ti; =

Algorithm 1 IRPO
1: Input: policy model 7y,, ;,; reward functions 7 fync; task
prompts D
2 Ty = 6,55 TOrep  MOimis ngmf = T,
3: for step=1,....M do
4: Sample a batch D| from D
5 Sample G outputs {oi}?:1 ~ 7o,.,(-|q) for each
question g € D
6: Sample G outputs {01,052, ..., 0in; } oy~
74, ; (+|q) for each question ¢ € D
7: Compute r for each sample output by 7 ync
8: Compute Ai,t and AZ 4,¢ for each token
9: for IRPO iteration = 1,...,;x do
10: Update the policy model my
11: end for
12: end for
13: Output: 79

6.3 Experimental Results

We conduct experiments to evaluate the perfor-
mance of Qwen-2.5 and Llama-3.1-8B with dif-

Model Training No PPM SOLVE
Default LLM  91.1  82.8 95.8

Qwen-2.5 IRPO N/A  90.2 96.1
GRPO 91.3 843 95.5
Default LLM 723  66.5 74.8

Llama-3.1-8B  IRPO N/A  69.0 76.1
GRPO 73.0 70.1 72.9

Table 3: Comparison of score on the MWP dataset for
Qwen-2.5 and Llama-3.1-8B with different tool call
modules and reinforcement learning algorithms.

ferent tool call modules and reinforcement learn-
ing algorithms. These configurations are assessed
on the MWP dataset to gauge their impact on the
model’s performance in complex reasoning tasks.
The experimental results are presented in Table 3.

For both models, the PPM configuration resulted
in degraded performance compared to the default
LLM baseline (Qwen-2.5: 91.1 — 82.8; Llama-
3.1-8B: 72.3 — 66.5). Upon examining the output,
we identified numerous tool call failures due to
issues such as parameter errors and parsing errors,
primarily attributed to the challenges of using tool
documentation to guide LL.Ms in tool invocation.

In contrast, the integration of the SOLVE mod-
ule consistently improved performance across both
models (Qwen-2.5: 95.8; Llama-3.1-8B: 74.8).
This improvement underscores SOLVE’s enhanced
flexibility and adaptability through fuzzy call recog-
nition and efficient tool invocation strategies. Fur-
ther, applying IRPO alongside the SOLVE mod-
ule led to additional gains, achieving the highest
scores for both models (Qwen-2.5: 96.1; Llama-
3.1-8B: 76.1). GRPO, however, exhibited inconsis-
tent behavior: while it matched IRPO’s trend for
Qwen-2.5 (95.5 with SOLVE), it underperformed
even the default baseline for Llama-3.1-8B when
paired with SOLVE (72.9), falling below the de-
fault LLM+SOLVE result (74.8). This suggests
that GRPO’s inability to model multi-step tool invo-
cation relationships is more pronounced in weaker
models, whereas IRPO’s explicit multi-round op-
timization remains effective regardless of model
capacity.

7 Related Work

The evaluation of LLMs in mathematical reason-
ing has seen significant advancements through the
development of various benchmarks targeting dis-
tinct cognitive tasks and problem-solving abilities.
MWPs have been a central focus, as they mir-
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ror real-world applications of mathematical rea-
soning and knowledge integration. Datasets like
GSMB8K (Cobbe et al., 2021), APE210K (Zhao
et al., 2020), MATH401 (Yuan et al., 2023), and
Math23K (Wang et al., 2017) provide diverse prob-
lem sets ranging from elementary to undergraduate
levels, assessing foundational to advanced reason-
ing skills. In pursuit of more rigorous assessments,
the Advanced Reasoning Benchmark (Sawada
etal., 2023) sourced from graduate-level exams and
professional resources, covering topics from un-
dergraduate to early graduate curricula. Olympiad-
Bench (He et al., 2024), FrontierMath (Glazer et al.,
2024), PutnamBench (Tsoukalas et al., 2024), and
OmniMATH (Gao et al., 2025) focus on olympiad-
level mathematics, curating problems from interna-
tional competitions like IMO and AMC. However,
these benchmarks do not fully capture the limita-
tions of LLMs’ capabilities. For example, when
models provide incorrect answers, it remains un-
clear whether the failure stems from computational
errors or misinterpretation of the question. Some
efforts, such as LILA (Mishra et al., 2022), attempt
to address this by breaking down tasks into sub-
tasks. Akhtar et al. (Akhtar et al., 2023) introduced
a framework to probe LLMs’ numerical reason-
ing at various levels. However, these frameworks
lack cross-task correlations, testing LLMs’ abili-
ties in isolation without exploring how the models’
abilities to solve simpler tasks may influence their
performance on more complex tasks.

The mathematical ability of MLLMs is also a fo-
cus in both academia and industry, MathVista (Lu
et al., 2024) is a benchmark designed to combine
challenges from diverse mathematical and visual
tasks and systematically analyze the mathematical
reasoning capabilities of SOTA MLLMs in visually
complex scenarios. MathVerse (Zhang et al., 2024)
meticulously collects 2,612 high-quality, multi-
subject math problems with diagrams to assess
whether and how much MLLMs can truly under-
stand the visual diagrams for mathematical reason-
ing. However, these evaluation benchmarks take
two modalities as inputs and assess the model’s
image understanding ability, ignoring the impact
of textual information on the model’s accuracy, as
better answers may be due to sufficient information
provided in the text.

In terms of equipping LLMs with tools, two
primary approaches have been explored: (1) fine-
tuning open-source LLMs (Schick et al., 2023; Qin
et al., 2024; Patil et al., 2024; Parisi et al., 2022;

Hao et al., 2023), and (2) providing tool documenta-
tion and few-shot demonstrations (Shen et al., 2023;
Song et al., 2023; Lu et al., 2023; Xu et al., 2023).
However, these methods either introduce additional
data collection and model training overhead or are
limited by issues such as document inconsistency,
redundancy, and incompleteness, which hinder ef-
fective tool utilization (Yuan et al., 2025). Hsieh
et al. (Hsieh et al., 2023) proposed a modified tool
documentation method to support zero-shot tool
calling, which, however, did not resolve the inher-
ent challenges of tool calling. Goldie et al. (Goldie
et al., 2025) proposed a synthetic data generation
and RL methodology targeting multi-step optimiza-
tion scenarios, but without aligning each round of
tool calling, and not specifically designed for math-
ematics.

8 Conclusion

This paper proposes PyraMathBench, a comprehen-
sive hierarchical benchmark that includes 32,505
questions derived from 7,404 math word problems,
covering 4 key cognitive aspects, 14 subcategories,
and 2 modalities. Our evaluation of multiple LLMs
and MLLMs highlights their limitations in ques-
tion abstraction, equation solving, and image-based
information extraction, which impede accurate in-
ferences on complex mathematical tasks. We also
propose the SOLVE module and IRPO algorithm,
both designed to mitigate tool call parsing failures
and improve the efficiency of tool calling. Experi-
mental results demonstrate that this model signif-
icantly improves LLMs’ performance in solving
math word problems.

9 Limitations

This study annotates subtasks by decomposing the
MWP and VRQ problems, though it is important
to note that there could be multiple versions of
decomposition regarding task types and content.
While various strategies have been employed to mit-
igate the impact of this issue during evaluation(e.g.,
arithmetics and univariate equations share the same
evaluation status), it might still influence the re-
sults, particularly in the Understanding aspect.
Furthermore, our task decomposition method does
not independently evaluate the full range of LLM
language capabilities except for the 14 subtasks,
which means our taxonomy does not include all
possible atomic tasks. This is a direction for our
future work. Moreover, the current study focuses
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on English only. Additional research could be con-
ducted on a diverse range of further languages.

While the SOLVE module and IRPO are de-
signed to enhance LLMs’ performance on MWP-
related tasks, their effectiveness may not be as pro-
nounced in other mathematical domains, such as
formula proofs or algebraic calculations, which
have a fundamentally different solution path from
MWP.
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A Detailed Description of each Subtask

In this section, we provide detailed information on
each subtask in Table 8~ 21, including 1) aspects, 2)
whether it is a multimodal task, 3) size, 4) design
rationale and description, and 5) all versions of the
prompt we used.
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B Experiment Settings

In our evaluation experiments, We conduct an eval-
uation of 10 representative LLMs using the PMB
dataset, we adopt the model versions and sam-
pling parameters provided in Table 4. The version
dates listed in Table 4 (e.g., GPT-40 2024-11-20,
DeepSeek-R1 2025-01-20) correspond to the API
or checkpoint releases available at the time of eval-
uation, and reported scores should be interpreted
relative to these snapshots. For experiments in Sec-
tion The SOLVE module and Interactive Relative
Policy Optimization, the PMB was split into train-
ing, validation, and test sets in a ratio of 8:1:1. The
model was trained with the hyperparameters listed
in Table 7.

C Validation of the Text-Answer Scoring
Metric

For open-ended text answers, responses are scored
by the cosine similarity between MathBERT em-
beddings of the model output and the reference,
with a match threshold of 0.9. This section docu-
ments the threshold selection procedure, its agree-
ment with human scoring, and the treatment of
mathematically equivalent expressions.
Threshold calibration. A random 30% split of
the open-ended text questions was set aside as a
calibration subset, with each item independently
labeled correct or incorrect by two domain experts.
Candidate thresholds were swept over [0.75,0.95],
and the value yielding the highest F1 against ex-
pert labels was retained. F1 differences within
[0.85,0.92] are below 0.9%, and the relative rank-
ing of models on the Understanding aspect is pre-
served across this interval, indicating that down-
stream conclusions are insensitive to the exact
threshold choice.

Agreement with human judgment. On a sepa-
rately drawn validation subset, the scorer agreed
with expert grading at 98.5% accuracy, with a Pear-
son correlation of r = 0.94 between embedding-
based and human scores. Replacing embedding
scores with human scores on this subset does not
change the comparative conclusions reported in
Section 5.

Mathematically equivalent expressions. Because
embedding similarity is not a symbolic prover, a
canonicalization step is applied before similarity is
computed: fraction and decimal forms are unified,
factored expressions are expanded, and variable
orderings are standardized. A manual inspection

of structurally different but mathematically equiv-
alent reference/response pairs confirms that most
such pairs exceed the 0.9 threshold after canoni-
calization. Cases requiring deep symbolic identity
transformations are rare and do not alter rankings
on the affected subtasks.

D In-depth Model Analysis

PyraMathBench (PMB), which builds upon Pi-
aget’s cognitive theory, offers a more comprehen-
sive evaluation framework by organizing mathemat-
ical tasks into a pyramid of four capability levels,
specifically designed to address and evaluate these
deficiencies by rigorously assessing LLMs’ perfor-
mance on both foundational and advanced tasks. In-
troducing the subtask decomposition mechanism in
PMB enhances its ability to pinpoint logical reason-
ing errors with precision. For example, in Figure 6,
GPT-4-o failed to answer an MWP. Upon reviewing
its response in the corresponding Task Decomposi-
tion subtask, it became apparent that GPT-4-0 over-
looked the significance of numerical information
identification. A closer examination of its reason-
ing process revealed that the error stemmed from a
misinterpretation of the relationship between the di-
ameter and the distance, leading to an information
extraction error, so this error could be attributed to
the wrong identification of information. This case
demonstrates PMB’s effectiveness in detecting in-
ference errors or omissions.

Math Word Problem

[Question] To get to school, Chad must either walk around a circular lake or canoe across it. The diameter of the
lake is 2 miles.\nHow much shorter is his trip if he canoes across the lake rather than walks around it? (Use the
value of pi = 3.14)

[Reference] 1.28

difference.\n\n1. Walking around the lake:\n - The path around the lake is the circumference of the circle.\n - The
formula for the circumference of a circle is \\( C = \\pi \\times d \\), where \\( d \\) is the diameter.\n - Given the
diameter is 2 miles, the circumference is:\n \\[ C = 3.14 \\times 2 = 6.28 \\text{ miles} \\\n\n2. Canoeing across
the lake:\n - The path across the lake is the diameter of the circle.\n - We are given that the diameter is 2
miles.\n\n3. To find out how much shorter the trip is when canoeing, subtract the canoe distance from the walking

i
|
|
|
|
|
|
|
|
|
!
|

[GPT-40] To solve this problem, we need to calculate both the walking and canoeing distances and then find the 1
|
|
|
|
|
|
!

distance:\n \\[ \\text{Difference} = 6.28 - 2 = 4.28 \\text{ miles} \\n\nThus, Chads trip is 4.28 miles shorter if he |

/

\_canoes across the lake.

Task Decomposition

[Question] Based on the MWP provided below, choose what mathematical operations are needed to solve it.
[...options and MWP...]

] AlAdditional i ion such as ical formulas, constants, theorems, etc. that are not
directly provided in the question.)C(Perform mathematical arithmetic.)E(Identify and only identify the numbers in
various formats provided in the information that are needed to solve the problem.)

[GPT-40] 1. We know the ratio of the lengths of line AB to AC is 2:5, and the length of AC is given as 25. This
indicates a proportional relationship between the segments. \n2. By using the ratio, we can set up the equation:
(AB/AC) = 2/5.\n3. Substituting the given length of AC (25) into the equation gives: (AB / 25) = 2/5.\n4.
Solve this equation for AB by cross-multiplying to obtain AB = (2/5) * 25 = 10.\n5. Thus, AB = 10. \n\nRelevant
mathematical operations include setting up an equation based on the proportional relationship and performing

. arithmetic to solve for AB. <Answer>AC<\Answer>.

Figure 6: An example illustrating GPT-4o failed to an-
swer an MWP question, and this can be oriented to
overlook the significance of numerical information iden-
tification in its TD subtask.

In Figure 7, GPT-40 appears to solve a Vi-
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sual Reasoning Problem from MathVista correctly.
However, a closer inspection of the corresponding
Numerical Recognition subtask reveals that GPT-
40’s solution is based entirely on textual informa-
tion, with no contribution from the visual elements
of the problem. Existing multimodal datasets often
lead to overestimating MLLLMs’ visual reasoning
abilities, as humans may incorrectly assume that
the model is leveraging visual cues. PMB addresses
this gap by quantifying the extent to which MLLMs
rely on various modalities by segmenting the task
into separate multimodal subtasks. This approach
allows PMB to effectively identify and highlight
the erroneous over-reliance on text, thereby provid-
ing a more rigorous assessment of the model’s true
multimodal capabilities.

Visual Reasoning Problem

A ] C [Question] In the figure above, the ratio of the length of line AB to the
length of line AC is 2 : 5. If AC = 25, what is the length of line AB?
e

® 0 [Reference] B (10)

[GPT-40] 1. We know the ratio of the lengths of line AB to AC is 2:5, and the length of AC is given as 25. This
indicates a proportional relationship between the segments. \n2. By using the ratio, we can set up the equation: (AB
/AC) = 2/5.\n3. Substituting the given length of AC (25) into the equation gives: (AB / 25) = 2/ 5.\n4. Solve this
equation for AB by cross-multiplying to obtain AB = (2/5) * 25 = 10.\n5. Thus, AB = 10. \n\nRelevant
mathematical operations include setting up an equation based on the proportional relationship and performing

\ arithmetic to solve for AB. <answer>10<\answer>. /

/

Numerical Recognition

A B ¢ [Question] VRP: /... VRP...]
‘You need to provide your answer in the format of "<answer>...<\answer>"
1oas  atthe end. You don't need to solve the VRP.

i [Reference] 2, 5, 25

[GPT-40] In analyzing the image presented, my goal is to identify the numerical information embedded in the
image that is essential for solving the problem. The task is to determine the length of line AB and for this, | have to
rely on the visual data provided in the image. \n\n1. **Image Analysis:**\n - Assume the image is a geometric
figure where line AB is visible.\n - There may be other lines and shapes present, depending on their identifications
or labels.\n - It's important to identify if there are any geometric markers such as points, lines, or figures, which
may be associated with numbers or measurements (like length, angles or proportions).\n\n2. **Identify
Numbers:**\n - In a typical exercise intending to solve for length AB, the measurement or reference number
associated with AB is crucial.\n - Other important numbers might include lengths of parallel or perpendicular lines
or distances that can help in different geometric calculations (e.g., using the Pythagorean theorem if triangles are
involved).\n\n3. **Data Extraction for Solution:**\n - | would look for any numerics that are either directly labeled
near line AB or associated with similar lines or points that are known to have a geometric relationship with
AB.\n\n4. **Geometric Inference:**\n - In cases where AB is part of a recognizable shape and uses comparison,
recognition of lengths or areas is crucial.\n - The image data may reveal special conditions, such as congruence or
similarity, which can provide further details necessary for calculation.\n\nThis analysis aids in extracting numbers
necessary for deducing the length of line AB from the image provided. Nonetheless, given that | cannot directly see
or describe graphical and visual elements, the core goal is to interpret numeric identifiers that's possibly connected
\Q/i(h line AB. <answer>2, 5, 25, 8, 10, 15, 18, 20<\answer>.

/

Figure 7: An example illustrating GPT-40 mainly relies
on text information to solve multimodal problems in-
stead of visual information.

For LLMs that were fine-tuned on mathemati-
cal tasks like DeepSeek-Math and Qwen2.5-Math,
inadequate instruction following ability is one of
the reasons for their poor performance on multi-
ple subtasks. Additionally, DeepSeek-Math’s in-
consistent answer formats contributed to its lower
performance. In Figure 8, DeepSeek-Math ignores
prompts asking to abstract the question into an
expression and doesn’t answer the MWP, instead
directly calculating answers. And in the two QA
questions, DeepSeek-Math responded in different

formats, neither of which matches the indication of
the prompt.

Question Abstraction

[Question] The following will provide a math word problem that you need to abstract into an arithmetic
expression that can be directly interpreted by Python, such as 6 * (5+3).

‘You can use functions from the mathstandard library.

Math Word Problem: Aside from drawing animals, Shiela is fond of painting flowers. If she has 18 paintings of
flowers, how many paintings can she give to each of her two grandmothers?

‘You don't need to answer the MWP.

[Reference] 18/2 =

[DeepSeek-Math] Shiela has 18 paintings and wants to divide them evenly between her two grandmothers. To
find out how many each will receive, we simply divide the total number of paintings by the number of
grandmothers. In this case that would be $18 \\div 2$. Using Python as a calculator, we get:\n"*"python\ndef
paint_distribution():\n  total_paintings = 18\n num_grandmothers = 2\n paintings_per_grandmother =
total_paintings / num_grandmothers\n  return paintings_per_grandmother\nresult =
paint_distribution()\nprint(result)\n"""\nThe output of the code is *9.0", so each grandmother will receive $9$ i
N paintings. The answer is $\\boxed{9}$. ’

Question Abstraction

[Question] The following will provide a math word problem that you need to abstract into an arithmetic
expression that can be directly interpreted by Python, such as 6 * (5+3).

‘You can use functions from the mathstandard library.

Math Word Problem: A large bag of balls was kept under Haley's bed. Her mom placed the balls in bags for
children in foster homes. If every bag can contain 4 balls and Haley has 36 balls, how many bags will be used?
‘You don't need to answer the MWP.

[Reference] 36 /4 =

[DeepSeek-Math] To find out how many bags are needed for all the balls, we can divide the total number of balls
by the capacity of each bag. The equation is $\\frac{36}{4}$. \nLet's calculate this using Python:\n"""python\ndef
calculate_bags():\n total_balls = 36\n balls_per_bag =4\n \n bags_needed = total_balls / balls_per_bag\n
\n  return int(bags_r >_bags|(] i )""\n"outpl "\nThe answer is: 9. The
number of bags needed is $\\boxed{9}$.

\ /
NG %

Figure 8: Two examples illustrating DeepSeek-Math
failed to answer QA questions due to inadequate in-
struction following ability, and its answers are given in
different formats.

Through the case analysis in Figure 9, we identi-
fied that the failure of MLLMs in NR tasks stems
primarily from their inability to extract only the
required numbers. Although GPT-40 recognizes
numbers with relatively high accuracy, the numbers
in the answer are randomly selected from the image
without focusing on the relevant areas necessary for
solving the problem. GPT-40’s response to the cor-
responding visual reasoning problem revealed that
while LLMs struggle to identify relevant data in
lower-level tasks, they effectively discard incorrect
answers through logical reasoning in higher-level
tasks, leading to a lesser performance degradation
in those cases.

In VDQ tasks, MLLMs exhibit prominent hallu-
cinations, resulting in inferences and analyses that
deviate from the actual content of the image. In OC
tasks, MLLMs fail not only due to their inability to
select the correct objects based on instructions but
also due to poor performance in counting large, pat-
terned groups. Hence, MLLMs struggle to extract
meaningful information from images when address-
ing visual reasoning problems, relying primarily on
text-based data. This suggests that some previous
work (Liu et al., 2024) focused on enhancing fea-
ture extraction through key region-of-interest iden-
tification in images may fail to yield sufficiently
satisfactory results in mathematical contexts.
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Model

Hyperparameters

GPT-40 model=GPT-40 2024-11-20 version, temperature=0.7, top_p=0.9,
max_tokens=1000

GPT-40-mini model=GPT-40-mini 2024-7-18 version, temperature=0.7,
top_p=0.9, max_tokens=1000

LLaVA model=LLava-v1.5-7B, temperature=0.7, top_p=0.9,
max_tokens=1000, quantization=Q4_0

DeepSeek-R1 model=DeepSeek-R1 2025-1-20 version, temperature=0.7,
top_p=0.9, max_tokens=1000

DeepSeek- model=DeepSeek-Math-7B-rl, temperature=0.7, top_p=0.9,

MATH max_tokens=1000, quantization=Q8_0

Qwen model=Qwen2.5-14B-Instruct, temperature=0.7, top_p=0.9,
max_tokens=1000, quantization=Q8_0

Qwen-MATH model=Qwen2.5-Math-7B-Instruct, temperature=0.7, top_p=0.9,
max_tokens=1000, quantization=Q8_0

Llama3.1 model=Llama3.1-8B-Instruct, temperature=0.7, top_p=0.9,
max_tokens=1000, quantization=Q8_0

Gemma?2 model=Gemma2-9B-Instruct, temperature=0.7, top_p=0.9,
max_tokens=1000, quantization=Q8_0

Mistral model=Mistral-9B-Instruct, temperature=0.7, top_p=0.9,

max_tokens=1000, quantization=Q8_0

Table 4: Hyperparameter for LLMs and MLLMs in main experiments.
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Visual Reasoning Problem

‘ Basobell ing/scored jast season [Question] A ian analyzed the number of runs scored by
| Runs scored Eeavency players last season. How many players scored more than 2 runs last
L 8 season?
0
2 7
3 14 [Reference] 24
4 10

[GPT-40] To find out how many players scored more than 2 runs, we only need to consider the frequency of
players who scored 3 and 4 runs.\n\n- Players who scored 3 runs: 14\n- Players who scored 4 runs: 10\n\nAdding
these together gives us the total number of players who scored more than 2 runs.\n14 + 10 = 24,

g <answer>24<\answer>.

\ //

Numerical Recognition

| Baseball runs scored last season [Question] VRP: /... VRP...]
} Runs scored Frequency You need to provide your answer in the format of
8 “<answer>...<\answer>" at the end. You don't need to solve the
1 0 VRP.
2 7
3 14 [Reference] 3, 14, 4, 10
4 10

[GPT-40] 1. The task is to find out the number of players who scored more than 2 runs last season.\n2. We should
identify the numbers associated with the ‘number of runs' scored by players in the image.\n3. Focus only on the
individual numbers/statistics related to runs that appear in the data visualization.\n4. Numbers indicating the runs
\that are greater than 2 are relevant. <answer>3, 4<\answer>.

Figure 9: An example illustrating GPT-4o failed to ex-
tract the target numbers from the visual table but solved
the corresponding visual reasoning problem correctly
through logical reasoning.

Visual Data Quantification

ﬁ [Question] Move the ruler to measure the length of the twig
to the nearest inch. The twig is about () inches long.
= Sl = e P
Oin 1 2 3 4 5 6 [Reference] 3

[GPT-40] To infer the length of the twig from the image, | need to assess the visual reference of a standard
measurement. Using the image provided in a base64 encoded format along with the description, analyze the twig's
position against the ruler. Convert this visual estimation into numerical inches by identifying closest to a known
reference length in the image. <answer>6<\answer>.

\

N

Object Counting

[Question] Subtract all brown cubes. Subtract all gray cylinders.
How many objects are left?

[Reference] 4

[GPT-40] To determine the number of objects left, we must identify and subtract the specified objects from the
image:\n\n1. **Brown cubes**: We need to subtract these from the total number of objects. There are 5 brown
cubes based on the color and shape descriptions.\n\n2. **Gray cylinders**: Subtract these objects as well.
Assuming there are 3 gray cylinders based on visual recognition.\n\n**Total objects in the image (presumed for
exercise)**: Let's presume the image contains a total of 20 objects consisting of various shapes and colors. \n\nThe
subtraction process will be:\n\n- Total objects = 20\n- Brown cubes (5) = Subtract 5\n- Gray cylinders (3) =
Subtract 3\n\nThus, 20 - (5 + 3) = 20 - 8 = 12\n\nHence, the number of objects left after subtraction of brown cubes

\and gray cylinders is 12. <answer>12<\answer>.

\

/
/

Figure 10: Two examples illustrating GPT-4o failed to
answer a VDQ question and an OC question.

E Design of SOLVE Module

E.1 Functions of the SOLVE Module

The SOLVE supports several functions, including
1) Arithmetic, 2) Equation Solving, 3) Sorting, and
4) Knowledge Explanation. Here are the detailed
descriptions of each function:

* Arithmetic. Used to calculate expressions,
input a math expression in python expression
format or latex format, return the correspond-
ing result, with 6 decimal places retained.

* Equation Solving. A equation solver. Input
one or more unknowns and their correspond-
ing number of equations, return the solution
to this equation or system of equations, with
6 decimal places retained.

* Sorting. Sorts a set of numbers, enter a se-
quence of numbers and arrange them in as-
cending or descending order as required.

* Knowledge Explanation. Supplies math-
ematical knowledge (e.g., formulas, defini-
tions, and theorem proofs) in response to LLM
queries from vector database.

E.2 Algorithm for Dynamic Assessment of
LLM Ability

SOLVE employs a rule-based mechanism to es-
timate the difficulty and discrimination of ques-
tions, and adaptively adjusting their estimated abil-
ity level based on performance across questions of
varying difficulty. The algorithm is grounded in
psychometric principles, drawing inspiration from
adaptive testing frameworks and item response
theory (IRT). Key design principles include: 1)
Adaptive Updates: The LLM’s ability estimate
(denoted as 6) is adjusted iteratively based on its
performance, with larger updates for unexpected
outcomes (e.g., solving a far more difficult prob-
lem or failing an easier one). 2) Difficulty-Aware
Feedback: Each problem’s discrimination o and
difficulty g is predefined via rule-based methods
depicted in Subsection E.3, enabling systematic
comparisons between (#), o, and 3) using the equa-
tion P(X = 1|0) = m, discrimination
controls the sensitivity of the expectation to the
0 — § difference. 3) Nonlinear Response: Updates
are scaled according to the discrepancy between ()
and ) and the accuracy of LLM response, ensuring
proportional adjustments—significant for surpris-
ing results, minor for expected ones. Specifically,
the ability estimate 6 is updated using a prediction
error-driven adjustment: 0,11 = 0 + X - (6, — j3),
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Here, ) is a learning rate modulating the step size,
we adopt 0.01 in experiments. Steps 2—4 repeat
across multiple problems, progressively refining 6
to converge toward the LLM’s true ability level.

E.3 Estimation of Question Difficulty and
Discrimination

The estimation of difficulty and discrimination
of mathematical expressions is designed to quan-
tify computational complexity through a multi-
dimensional evaluation framework. This methodol-
ogy combines structural analysis of the expression
syntax with semantic evaluation of computational
outcomes, implemented through three primary as-
sessment dimensions:

* Operator and Function Complexity. Arith-
metic operations receive lowest weights. Com-
mon mathematical functions are assigned
customized weights reflecting their compu-
tational demands. Advanced operations or
functions (e.g., calculus) are assigned with
highest weights.

e Structural Complexity. Expressions with
multiple distinct variables and higher recur-
sive depth are assigned with higher scores.

* Result-Type Evaluation. Scores increase
along the complexity spectrum: Integer < Ra-
tional < Floating-point < Irrational.

The coefficients assigned to each assessment di-
mension depend on the specific task and actual
usage scenario. In this work, we extracted 1000
math word problems from PMB and initialized the
coefficients based on the accuracy of each LLMs.

F Detailed Implementation of IRPO

IRPO is a new RL framework that extends GRPO
by incorporating tool usage. In this section, we
explain the implementation of IRPO reward func-
tions.

For a given question g, the IRPO simultaneously
samples two sets of outputs, one from the base pol-
icy model 7y, and another from the tool-augmented
policy model 7, which include both intermediate
tool-related responses and final LLM responses.
Therefore, there are two kinds of reward functions,
one is to score the response that provides the fi-
nal answer, and the other is to score the tool call
request of the large model. We have explained
the first kind of reward function in main content.

For the second kind of reward function (i.e., Equa-
tion 4), the reward function is structured to address
three critical challenges in guiding LLMs to ap-
propriately invoke external tools for mathematical
problem-solving: (1) incentivizing tool usage only
when necessary, (2) discouraging redundant tool
calls when the model can independently solve sub-
problems, and (3) balancing tool reliance with the
LLM’s inherent proficiency.

The first term, I, ,, (qi;) X /1 — Acc? (gi;), pe-
nalizes unnecessary tool calls based on LLM’s
performance on subtasks within the PMB. Here,
Acc (g;;) measures the LLM’s standalone accuracy
on g;; subtask , precomputed from a diagnostic
evaluation phase. The square root function ensures
the penalty scales non-linearly: as Acc(g;;) in-
creases (indicating strong intrinsic capability), the
reward decreases sharply, discouraging redundant
tool usage.

The second term, 67Melan_(:7>1_ — introduces a dy-

namic baseline derived from the average reward
of the default policy. During training, this term
normalizes rewards to the range [0,1] using expo-
nential smoothing. A high Mean(r;) (indicating
competent standalone performance) reduces the re-
ward for tool invocation, steering the model toward
self-reliance. Conversely, low baseline rewards
amplify incentives for tool calls.
The third term, m employs a logistic
function to model the likelihood of the LLM (with
proficiency ) generating correct answers without
tools. Parameters (discrimination) and (difficulty)
are task-specific, calibrated via Item Response The-
ory. This term ensures the reward accounts for the
LLM’s evolving skill level: as 6 surpasses /3, the
reward for tool-free solutions increases, promoting
autonomous problem-solving aligned for LLMs
with high proficiency.

e

G Data Construction Process

G.1 Human Annotation Detail

The dataset annotation is conducted by six experts
proficient in high school-level mathematics. The
subtask questions are evenly distributed among the
six experts for annotation, while the corresponding
answers require validation by at least two experts.
Table 5 and 6 provides specific annotation guid-
ance for each expert.

To ensure annotation consistency, we measured
inter-annotator agreement using macro-averaged
Cohen’s Kappa, obtaining a substantial agreement
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score of k = 0.86. For disagreement resolution,
any unresolved discrepancies between the two vali-
dating experts were escalated to a third expert an-
notator who served as an impartial arbitrator to
determine the final annotation. This multi-stage
validation ensures high-quality and consistent sub-
task decomposition across the entire dataset.
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This document provides a comprehensive guide for annotating Math Word Prob-
lems (MWPs) into the 9 specified subtasks. These guidelines are designed to assist
experts in evaluating the mathematical complexity of MWPs and determining how
each of the 9 subtasks is incorporated or not in the problem. Experts should fol-
low this process step-by-step to ensure a consistent and thorough annotation of
each problem. You can refer to the following example question and the example
annotations in each subtesks.

Example Question: Tom has a rectangular garden with an area of 30 square meters
and a perimeter of 22 meters. What are the dimensions of the garden?

1. Question Abstraction

Goal: To convert the problem into a structured mathematical representation.

Steps to Annotate:

Check for mathematical operations or relationships: Look for direct operations or
relationships that can be mathematically represented (e.g., addition, multiplication,
algebraic expressions).

Identify variables or unknowns: Look for words that indicate variables or unknowns
that need to be solved for (e.g., “x”, “y”, “total”, “amount”).

Extract mathematical expressions: If there are relationships in the problem, translate
them into equations, arithmetic expressions, or sorting list.

Example Annotation:

Unknown variables: L, W. Equations: 2 x (L + W) =22, L x W =30

2. Task Decomposition

Goal: To break down the problem into steps for solving.

Steps to Annotate:

Identify the main goal: What is the problem asking for (e.g., finding an unknown,
calculating a total)?

Determine substeps: Select the sub steps required from A-I below:

A: Additional information such as mathematical formulas, constants, theorems, etc.
that are not directly provided in the question.

B: Solve an equation or system of equations.

C: Perform mathematical arithmetic.

D: Sort or compare the data in the question.

E: Identify and only identify the numbers in various formats provided in the infor-
mation that are needed to solve the problem.

F: Identify the numerical unit(s) required to obtain the answer

. G: Identify and only identify the numbers in various formats provided in the image
that are needed to solve the problem.

H: Quantify data in images that are not directly presented in numerical terms.

I: Count the number of certain objects in the picture.

Suggest completing it at the end.

Example Annotation:

ABCDEFGHI

3. Math Knowledge

Goal: To evaluate whether the model needs to apply advanced mathematical concepts
not explicitly stated in the problem.

Steps to Annotate:
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Check for implicit knowledge: Look for problems that require knowledge of
constants, special numbers (like pi, e), or advanced mathematical formulas (e.g.,
quadratic formula, trigonometric identities).

Select formula: Select the index of the desired formula or constant from the formula
library.

Example Annotation:

5(Quadratic Formula)

4. Arithmetic

Goal: To evaluate the basic arithmetic operations ability of LLMs.

Steps to Annotate:

Check for simple operations: Identify basic arithmetic operations such as addition,
subtraction, multiplication, division, exponentiation, or square roots.

Check for complex arithmetic expressions: Some problems may involve multiple
operations that need to be solved step by step.

Example Annotation:

—(—11)44/(—11)2—4x30
2

Arithmetic:
Answer: 6

5. Equation Solving

Goal: To solve equations involving one or more variables.

Steps to Annotate:

Identify equations: Look for sentences that imply an equation that can be solved for
an unknown (e.g., "x + 5 = 10").

Identify types of equations: Distinguish between linear, quadratic, or higher-degree
equations, as well as systems of equations.

Equation abstraction: Extract the unknown variables and corresponding equations
from the problem, and it is recommended to use xyz as the unknown variable name.
Example Annotation:

Unknown variables: L, W. Equations: 2 x (L + W) =22, L x W = 30

Answer: L =6, W =5

6. Sorting Goal: To arrange numbers or objects in a specific order.

Steps to Annotate:

Identify ordering criteria: Look for instructions that require the arrangement of
numbers(ascending/descending), objects, or values based on a given condition.
Check for number: Extract the numbers that need to be sorted from the question and
use the sorted result as the answer. Example Annotation:

Sort: 6, 5, descending(Sort the solution results of the equation and determine the
specific values of L and W.) Answer: 6, 5

7. Number Conversion

Goal: To convert numbers between formats.

Steps to Annotate:

Identify number types: Check for numbers expressed in various forms (e.g., words,
scientific notation, fractions) and convert to Arabic numerals.

Check for required numbers: Identify which numbers are truly needed to solve the
problem and eliminate irrelevant numbers.

Example Annotation:

30, 22
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8. Unit Conversion Goal: To convert between different units of measurement.
Steps to Annotate:

Identify units: Look for units mentioned in the problem (e.g., meters, kilograms,
degrees Celsius).

Check for necessary conversions: Determine if the problem requires converting
between units (e.g., from kilometers to miles, Celsius to Fahrenheit).

Apply conversion factors: Use known conversion rates or formulas to convert units.
Example Annotation:

30 (square meters), 22 (meters)

Final Notes:

Cross-check each problem: Not all problems will involve every subtask. Some
MWPs may require only one or a few subtasks, while others may require a combina-
tion.

Record only relevant subtasks: If a subtask is not applicable to the problem, do not
annotate it. Focus on what is essential for solving the problem.

Be Objective: Extract only the data that is relevant to the specific subtask. Avoid
over-annotating or adding interpretations that go beyond the task requirements.

Table 5: Guidance for annotate 9 text-only subtasks.

This document provides a comprehensive guide for annotating Math Word Prob-
lems (MWPs) into the 9 specified subtasks. These guidelines are designed to assist
experts in evaluating the mathematical complexity of MWPs and determining how
each of the 9 subtasks is incorporated or not in the problem. Experts should fol-
low this process step-by-step to ensure a consistent and thorough annotation of
each problem. You can refer to the following example question and the example
annotations in each subtesks.

Example Question: What is the result of dividing the sum of the times pointed to
by the minute hands of all the clocks in the picture by two?
Example Image:

9 3

- 8 4 L)

& 5./
W/

1. Numeral Recognition
Goal: Look for visual content in the image that contains numbers, symbols, or math-
ematical expressions. (e.g.Numbers, Variables/Constants, Formulas or Expressions)
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Steps to Annotate:

Extracting Numbers and Symbols: Carefully select all visible numerical elements,
ensuring that only those that are directly relevant to the problem are included. For
example, in a mathematical formula within an image, extract the numbers and
symbols that make up the equation.

Exclude Invalid Information: If the image contains irrelevant or distracting elements
that might confuse the LLM, such as extra digits or misplaced symbols.

Example Annotation:

15(minutes of the digital clock, 3 shouldn’t be annotated since it is not used for
solving the problem.)

2. Visual Data Quantification

Goal: Look for elements in the image that involve visual representations of data that
aren’t explicitly presented as numbers.

Steps to Annotate:

Check for quantified data: Check if the image contain any visual data (like clocks,
rulers, or diagrams) that requires interpretation and transformation into a numerical
value.

Extract useful data: Mark the quantified numbers required for problem-solving from
the image and record their corresponding labels.

Example Annotation:

Minutes of the left top analog clock: 15

Minutes of the bottom analog clock: 30

3. Object Counting

Goal: Look for descriptions or instructions that request a specific count of objects
or items within the image. These objects can vary from physical items to abstract
representations.

Steps to Annotate:

Identify and Isolate Objects: Find all objects that match the description and isolate
them visually. If objects are grouped or clustered together, break down the grouping
to count each one individually.

Handle Ambiguities: If objects are obscured or difficult to distinguish, note the pos-
sible error margins or uncertainties, ensuring clear documentation of assumptions.

Count the Objects: Count each distinct object and record the total. Be mindful of
specific instructions that may request a subset of objects (e.g., only counting certain
colors or shapes).

Example Annotation:

How many clocks are there in the picture?: 3

Table 6: Guidance for annotate 3 multi-modal subtasks.
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G.2 Visualization of Tabular Data

The Visual Reasoning Problems subtask of PMB
includes table tasks visualized using table data. The
conversion process works by first preparing and
structuring the table data, then visually rendering
it into an image format using a variety of stylistic
choices. The detailed processes are as follows:

* Initial Table Processing: The process be-
gins by determining the maximum width and
overall height of the columns within the table,
which is essential for correctly formatting the
table when converted into an image. Then we
initiate the metadata of the table, including
width, height, labels, index, and caption.

* Styling Selection: The appearance of the ta-
ble image is controlled by various randomly
assigned style parameters. This includes de-
cisions on the color and style of the divider
lines between columns and rows, as well as
the background colors for the cells. For ex-
ample, the divider lines can be styled with
different patterns (solid, dashed, dotted, etc.),
and their color is either black or a randomly
generated similar color depending on the se-
lected style.

¢ Column Definitions and Layout: Then we
defines how each column of the table should
be displayed, including the alignment of text
(left-aligned for the index column). The col-
umn widths are adjusted based on the length
of the content in each column, ensuring that
the text does not overflow or become mis-
aligned when rendered in the image. The table
is then defined using the Table object, which
includes all of these layout and stylistic pa-
rameters.

» Table Rendering: Using the defined table, we
proceeds to render it into an image This step
involves integrating the column definitions,
coloring, and divider styles into the visual
representation of the table. The final table
image is generated with a specified size and
saved as a PNG file, named according to the
question index.
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Parameter Value
Learning rate Se-6
Adam (1 0.9
Adam (5 0.99
Weight decay 0.1
Warmup ratio 0.1
LR scheduler Cosine
Train batch size (per device) 1
Gradient accumulation steps 4
Number of generations 4
Number of generations with tools 4
Max prompt length 256
Max completion length 1024
Number of training epochs 2
Max gradient norm 0.1
Temperature 0.7
Top-k 10
Top-p 0.9

Table 7: Training hyperparameters used for experiments
in Section The SOLVE module and Interactive Relative
Policy Optimization.



Subtask

Aspect

Multi-modal Size

Math Word Problem (MWP)

Complex Reasoning

No 5476

Description

Assesses the model’s ability to solve mathematical problems presented in natural
language and reasoning through complex, real-world problems and translating them

into mathematical solutions.

Prompt
System Human
You are a helpful Al robot, you can solve mathemati- | **Question**:
cal problem accurately.\nThink step by step and answer | \n{question }\n\nYou
the following math word problem. need to provide your

answer in the format of
"<answer>...<\answer>"

at the end. If the result is
a floating-point number,
round to six decimal places.

Table 8: Detailed description of subtask Math Word Problem.

Subtask

Aspect

Multi-modal Size

Object Counting (OC)

Numerical Parsing

Yes 107

Description

This subtask requires models to count specified objects in an image based on a
given description. It tests the models’ visual reasoning and object recognition skills.

Prompt
System Human
You are a helpful Al robot, you can solve mathe- | **Target Object**:
matical problem accurately.\nldentify the number of | \n{question}\n\nYou
specified objects from the following image. need to provide your answer
in the format of "<an-
swer>...<\answer>" at the

end. You don’t need to solve
the VRP.

Table 9: Detailed description of subtask Object Counting.
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Subtask

Aspect

Multi-modal Size

Visual Reasoning Problem (VRP)

Complex Reasoning

Yes 1928

Description

This subtask evaluates the model’s ability to combine textual and visual infor-
mation for solving mathematical problems. MLLMs need to reason across multiple
modalities and extract relevant insights from both text and images. The tasks include
various types such as geometry problems, VQA, and statistic reasoning.

Prompt
System Human
You are a helpful Al robot, you can solve mathemati- **Question**:
cal problem accurately.\nThink step by step and answer \n{question }\n\nYou

the following visual reasoning problem based on the

following image.

need to provide your
answer in the format of
"<answer>...<\answer>"

at the end. If the result is
a floating-point number,
round to six decimal places.

Table 10: Detailed description of subtask Visual Reasoning Problem.
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Subtask Aspect Multi-modal Size
Question Abstraction (QA) Understanding No 8883
Description

This subtask requires LLMs to convert natural language problems into solvable
structured mathematical representations, including arithmetic, equations, and sorting

numbers.
Prompt
System (arithmetic) Human

You are a helpful Al robot, you can solve math- | **Math Word Problem**:
ematical problem accurately.\nThe Math Word Prob- | \n{ MWP }\n\nYou need
lem(MWP), as a manifestation of questions, can be | to provide your answer
understood as the process of solving it by computing | in the format of "<an-
an operational expression. The following will provide | swer>...<\answer>" at the

a math word problem that you need to abstract into an | end. You don’t need to
arithmetic expression that can be directly interpreted by | answer the MWP.
Python, such as 6 * (5+3).\nYou can use functions from
the mathsStandard library.
System (equation) Human
You are a helpful Al robot, you can solve mathemat- | **Math Word Problem**:
ical problem accurately.\nYou are a helpful Al robot, | \n{MWP }\n\nYou need

you can solve mathematical problem accurately, The
Math Word Problem(MWP), as a manifestation of ques-
tions, can be understood as the process of solving a
equation or system of equations. The following will
provide a math word problem that you need to abstract
into a equation or system of equations. Specifically, you
need to first list the unknown variable(s) that need to be
used after abstraction. If there are multiple unknown
variables, use commas to separate them. Then list the
abstract equation, and if there are multiple equations,
list them in multiple lines.\nYou can use functions from
the math§tandard library.

to provide your answer in
the format of "<Unknown
Variables>...<\Unknown
Variables>\n<Equations>
...<\Equations>"at the
end.\nYou don’t need to
answer the MWP.

System (sorting)

Human

You are a helpful Al robot, you can solve mathemat-
ical problem accurately.\nThe following will provide a
math word problem(MWP) that you have to compare
or sort some numbers in the MWP to solve it.\nExtract
the numbers that need to be compared or sorted from
the questions.

**Math Word Problem™**:
\n{MWP }\n{MWP }\n\nYou
need to provide your answer
in the format of "<an-
swer>...<\answer>" at the
end. You don’t need to
answer the MWP.

Table 11: Detailed description of subtask Question Abstraction.

37506



Subtask Aspect Multi-modal Size
Task Decomposition (TD) | Understanding No 4812
Description

The LLMs are required to analyze the MWP and determine the necessary steps
for solving it. The LLMs must have a sufficient understanding of the text and mathe-
matical logic to answer correctly. This subtask has a certain degree of openness.

Prompt
System Human
You are a helpful | ¥**Math Word Problem**:
Al robot, you can solve | \n{MWP}\n\n**Mathematical = operation  list**:

mathematical problem
accurately.\nThe Math
Word Problem(MWP), as
a type of comprehensive

mathematical problem,
it may require various
mathematical  operations

such as calculations and
solving equations during
to solve it\nBased on the
MWP  provided below,
choose what mathematical
operations are needed to
solve it.

\nA: Additional information such as mathematical
formulas, constants, theorems, etc. that are not directly
provided in the question.\nB: Solve an equation
or system of equations.\nC: Perform mathematical
arithmetic.\nD: Sort or compare the data in the
question.\nE: Identify and only identify the numbers
in various formats provided in the information that are
needed to solve the problem.\nF: Identify the numerical
unit(s) required to obtain the answer.\nG: Identify and
only identify the numbers in various formats provided
in the image that are needed to solve the problem.\nH:
Quantify data in images that are not directly presented
in numerical terms.\nl: Count the number of certain
objects in the picture. \n\nYou need to provide your
answer in the format of "<answer>...<\answer>" at the
end. You only need to reply with the index letter. If
multiple operations are selected, separate them with
commas.\nYou don’t need to answer the MWP.

Table 12: Detailed description of subtask Task Decomposition.

Subtask Aspect Multi-modal Size
Math Knowledge (MK) Understanding No 58
Description

This subtask evaluates the model’s ability to leverage fundamental mathematical
knowledge, such as approximations of constants and geometric formulas that are not
explicitly provided in the problem. For example, the approximation of e or applying
the quadratic formula for the root of an equation.

Prompt

System

Human

You are a helpful Al robot, you can solve mathemat-
ical problem accurately.\nThe following will provide a
math word problem(MWP). To solve this MWP, an ad-
ditional knowledge point, such as a theorem or formula,
is required. Please answer the name of this knowledge
point.

**Math Word Problem™**:
\n{question }\n\nYou need
to provide your answer
in the format of "<an-
swer>...<\answer>" at the
end. You don’t need to an-
swer the MWP.

Table 13: Detailed description of subtask Math Knowledge.
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Subtask Aspect Multi-modal Size
Arithmetic Calculation No 3532
Description

This subtask evaluates the model’s proficiency in performing basic mathematical
expressions including operations such as four operations, root operation, exponential

operation, etc.

Prompt

System

Human

You are a helpful Al robot, you can solve mathemat-
ical problem accurately.\nPlease calculate the provided
arithmetic expression.

** Arithmetic Expression**:
{expression}\n\nYou need
to provide your answer
in the format of
swer>...<\answer>" at
the end. If the result is
a floating-point number,
round to six decimal places.

"<an-

Table 14: Detailed description of subtask Arithmetic.

Subtask Aspect Multi-modal Size
Equation Solving (EQ) Calculation No 1571
Description

Require LLMs to solve both single-variable and systems of equations. It eval-
uates the model’s algebraic skills and its capacity for handling more advanced

mathematical structures.

Prompt
System (equation) Human
You are a helpful Al robot, you can solve mathemat- | **Unknown  Variable**:
ical problem accurately.\n"Please solve the provided | {variable }\n**Equation**:
equation. {equation}"
System (system of equations) Human
You are a helpful Al robot, you can solve mathemat- | **Unknown  Variable**:
ical problem accurately.\n"Please solve the provided | {variables}\n**System
system of equations. of Equations**:  {equa-
tions}\n\nYou need to
provide  your  answer
in the format of "<an-
swer>...<\answer>" at the

end. For example, "<an-
swer>["x", "5"]<\answer>".
If the result is a floating-
point number, round to six
decimal places.

Table 15: Detailed description of subtask Equation Solving.
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Subtask

Aspect

Multi-modal Size

Sorting

Calculation

No 582

Description

This subtask evaluates a model’s ability to arrange numbers or objects in a
specific order, assesses its understanding of order relationships and computational

reasoning.
Prompt
System Human
You are a helpful Al robot, you can solve mathe- | **Numbers**: {num-
matical problem accurately.\nPlease sort the following | bers}\n\nYou need to
numbers in ascending order. provide  your  answer
in the format of "<an-
swer>...<\answer>" at the
end.
Table 16: Detailed description of subtask Sorting.
Subtask Aspect Multi-modal Size
Formula Application (FA) Calculation No 246
Description

This subtask requires the LLMs to recognize and apply specific formulas to solve
problems and tests the LLMs’ familiarity with mathematical relationships.

Prompt
System Human
You are a helpful Al robot, you can solve mathemat- | **Theorem or
ical problem accurately.\nChoose the correct definition | Formula**: for-

for the following theorem or formula.

mula\n**Options**:\noptions\n\n You
need to provide your answer

in the format of "<an-
swer>...<\answer>" at the

end.

Table 17: Detailed description of subtask Formula Application.
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Subtask Aspect

Multi-modal Size

Number Conversion (NC) Numerical Parsing

No 3444

Description

This subtask evaluates an LLM’s ability to recognize and interpret important
numbers in different formats, such as Arabic numerals, written words, and scientific
notation. For example, "one hundred and three" or "1.13e+2" should be converted
into "113". LLM also needs to avoid identifying invalid information.

Prompt
System Human
You are a helpful Al robot, you can solve math- | **MWP**:
ematical problem accurately.\nThe Math Word Prob- | { MWP J\n\nYou need

lem(MWP), as a type of comprehensive mathematical
problem, it requires identify important information in
the question to solve the problem.\nThe following will
provide a math word problem, and you need to iden-
tify and **ONLY ** identify "the numbers in various
formats provided in the information that are needed to
solve the problem.

to provide your answer
in the format of "<an-
swer>...<\answer>" at the
end. You don’t need to solve
the MWP.

Table 18: Detailed description of subtask Number Conversion.

Subtask Aspect

Multi-modal Size

Unit Conversion (UC) Numerical Parsing

No 1093

Description

In MWP, especially in physics-related problems, unit conversion is extremely
important. This subtask measures an LLM’s understanding of various units of
measurement and its ability to convert between them. For example, converting "5

kW-h" to J or "100°C" to Fahrenheit.

Prompt
System Human
You are a helpful Al robot, you can solve math- | **MWP**:
ematical problem accurately.\nThe Math Word Prob- | { MWP \n\nYou need

lem(MWP), as a type of comprehensive mathematical
problem, it requires identify important information in
the question to solve the problem.\nThe following will
provide a math word problem, and you need to identify
the number with unit(s) required to solve the MWP. (Ig-
nore numbers without units.)

to provide your answer
in the format of '"<an-
swer>...<\answer>" at the
end. You don’t need to solve
the MWP.

Table 19: Detailed description of subtask Unit Conversion.
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Subtask Aspect

Multi-modal Size

Numerical Parsing

Numeral Recognition (NR)

Yes 714

Description

This task assesses an LLM’s ability to extract mathematical content like numbers,
variables, and formulas from images. LLLM also needs to avoid identifying invalid

information.

Prompt

System

Human

You are a helpful Al robot, you can solve math-
ematical problem accurately.\nThe Visual Reasoning
Problem(VRP), as a type of comprehensive mathemati-
cal problem, it requires identify important information
in the image to solve the problem.\nThe following will
provide a visual reasoning problem and a image, you
need to identify and **ONLY** identify the numbers
in the image that are needed to solve the problem.

**VRP**: {VRP}\n\nYou
need to provide your an-
swer in the format of "<an-
swer>...<\answer>" at the
end. You don’t need to solve
the VRP.

Table 20: Detailed description of subtask Numeral Recognition.

Subtask Aspect

Multi-modal Size

Visual Data Quantification (VDQ) | Numerical Parsing

Yes 59

Description

In the image, some data is not directly presented in numerical form, such as the
time pointed by the clock or the length of an object. This subtask evaluates the
model’s ability to understand instructions and quantify nonvalue data in images.

Prompt
System Human
You are a helpful Al robot, you can solve mathe- | **Question**:
matical problem accurately.\nldentify the specified data | \n{question}\n\nYou

from the following image. If the data is not presented
directly in numerical form, you need to quantify it.

need to provide your answer
in the format of "<an-
swer>...<\answer>" at the
end. You don’t need to solve

the VRP.

Table 21: Detailed description of subtask Visual Data Quantification.
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