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Abstract

Large Language Models (LLMs) have demonstrated strong
performance across a wide range of tasks, yet they still strug-
gle with complex mathematical reasoning, a challenge fun-
damentally rooted in deep structural dependencies. To ad-
dress this challenge, we propose CAusal MAthematician
(CAMA), a two-stage causal framework that equips LLMs
with explicit, reusable mathematical structure. In the learning
stage, CAMA first constructs the Mathematical Causal Graph
(MCG), a high-level representation of solution strategies, by
combining LLM priors with causal discovery algorithms ap-
plied to a corpus of question-solution pairs. The resulting
MCG encodes essential knowledge points and their causal
dependencies. To better align the graph with downstream rea-
soning tasks, CAMA further refines the MCG through itera-
tive feedback derived from a selected subset of the question-
solution pairs. In the reasoning stage, given a new question,
CAMA dynamically extracts a task-relevant subgraph from
the MCG, conditioned on both the question content and the
LLM’s intermediate reasoning trace. This subgraph, which
encodes the most pertinent knowledge points and their causal
dependencies, is then injected back into the LLM to guide its
reasoning process. Empirical results on real-world datasets
show that CAMA significantly improves LLM performance
on challenging mathematical problems. Furthermore, our ex-
periments demonstrate that structured guidance consistently
outperforms unstructured alternatives, and that incorporating
asymmetric causal relationships yields greater improvements
than using symmetric associations alone.

Code — https://github.com/huawei-
noah/trustworthy Al/tree/master/research/CAMA

Introduction

Large Language Models (LLMs), such as the GPT se-
ries (OpenAl et al. 2024), DeepSeek series (DeepSeek-Al
et al. 2025b,a), and Pangu series (Yin et al. 2025; Tang
et al. 2025), have achieved remarkable advances across a
wide spectrum of language tasks, including question an-
swering, code synthesis, and information retrieval (Ouyang
et al. 2022; Gu 2023; Dai et al. 2024).
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Despite these advances, LLMs still struggle with chal-
lenging mathematical problems (Han, Puduppully, and Chen
2023), where solutions require formal rigor, symbolic ma-
nipulation, and multi-step deduction (Cobbe et al. 2021).
This limitation can be attributed primarily to two key chal-
lenges. First, the inherent architectural constraints of trans-
formers impose a fixed depth on reasoning, limiting the
model’s ability to carry out deep and interdependent logi-
cal inferences (Merrill and Sabharwal 2023; Liu, Lin, and
Liu 2024). Second, LLMs primarily rely on statistical pat-
tern recognition, making them sensitive to minor changes in
problem phrasing and prone to brittle or inconsistent out-
puts (Mirzadeh et al. 2024; Jiang et al. 2024).

To address these challenges, we advocate for a shift from
purely data-driven prediction toward structured reasoning
guidance. Drawing inspiration from the dictum “teach a man
to fish rather than give him a fish,” we argue that equipping
a model with explicit, reusable problem-solving strategies is
an efficient way to strengthen its reasoning abilities. To this
end, we formalize such strategies as a Mathematical Causal
Graph (MCG): a directed acyclic graph in which each node
is a knowledge point (e.g., Area of a circle) and each edge
encodes a causal dependency (e.g., computing Volume of a
cylinder first requires the circle’s area). The MCG stores in-
formation that is generally applicable across contexts, and
the edge direction specifies the order of reasoning, which is
especially valuable when the required chain of knowledge
spans many steps. Integrating such a graph into the prompt
helps decompose complex problems into coherent subtasks,
reduce reliance on implicit reasoning, and increase inter-
mediate accuracy, while curbing hallucinations and redun-
dancy.

Building on these insights, we present CAusal
MAthematician (CAMA), a plug-and-play framework
that integrates causal discovery with LLMs to construct
and exploit MCGs. CAMA operates in two stages: (1) in
the learning stage, CAMA parses LLM-generated chain-of-
thought solutions to extract underlying knowledge points,
then infers the causal dependencies among them. The graph
is subsequently refined via feedback from the model’s own
question-answering accuracy. (2) In the reasoning stage,
CAMA feeds this structured information back into the LLM
via natural-language prompts to boost problem-solving
performance, without the need for any parameter updates,
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Figure 1: The CAMA framework consists of two stages: learning and reasoning. In the learning stage, (1) CAMA constructs
an initial Mathematical Causal Graph (MCG) from question—solution pairs by combining LLM outputs with classical causal
discovery methods to identify key knowledge points and their causal dependencies; (2) the MCG is then refined using feedback
from the LLM’s answers to better align with the downstream reasoning task. In the reasoning stage, the optimized MCG is used
to solve new questions through a three-step process: generating a reasoning trace, extracting a relevant subgraph, and guiding

the LLM to produce the final answer.

such as supervised fine-tuning, making it lightweight and
adaptable.

Our main contributions are as follows:

* We propose the Mathematical Causal Graph (MCG),
a reusable, high-level representation that captures the
causal structure of mathematical solution strategies.

We develop CAMA, a lightweight and plug-and-play
framework that combines LLMs with causal discovery
to automatically derive and utilize MCGs for reasoning-
enhanced problem solving.

We empirically demonstrate that CAMA outperforms
standard prompting methods on real-world datasets. In
particular, structured, directed guidance via MCGs leads
to more reliable and accurate solutions than unstructured
or symmetric alternatives.
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Related Works
Causal Discovery

Identifying causal relationships is a fundamental problem
across many empirical sciences. Traditionally, such rela-
tionships are inferred through interventions or randomized
controlled experiments. However, these approaches are of-
ten costly, time-consuming, or even infeasible in practice.
As an alternative, causal discovery algorithms aim to in-
fer a causal graph, such as a directed acyclic graph (DAG),
from passively collected observational data that are typi-
cally easier to obtain. A wide range of causal discovery
methods have been developed, falling into several main cat-
egories: constraint-based methods (e.g., PC, FCI) (Spirtes,
Glymour, and Scheines 2000; Spirtes, Meek, and Richard-
son 1995), which rely on conditional independence tests;
noise-based methods (e.g., LINGAM) (Shimizu et al. 2011;
Peters, Janzing, and Scholkopf 2017), which exploit asym-



metric patterns of noise in the data; score-based methods
(e.g., GES) (Chickering 2002b), which search for high-
scoring graph structures; and optimization-based methods
(e.g., NOTEARS) (Zheng et al. 2018), which frame DAG
learning as a continuous optimization problem. For a com-
prehensive review of these methods, please refer to these
surveys (Assaad, Devijver, and Gaussier 2022; Glymour,
Zhang, and Spirtes 2019). In addition, several practical
Python libraries have emerged to support causal discov-
ery (Zhang et al. 2021; Zheng et al. 2024). Despite their
theoretical appeal, practitioners should remain mindful that
each method’s assumptions may not always hold in complex
environments (Ait-Bachir et al. 2023). For example, the PC
algorithm (Spirtes, Glymour, and Scheines 2000) assumes
faithfulness and causal sufficiency (Spirtes, Glymour, and
Scheines 2000), meaning that all statistical independencies
within the observed data are encoded in the causal graph
and there are no unobserved hidden common causes. More-
over, some methods, such as PC and GES, typically recover
only a Markov equivalence class (MEC) of DAGs, which
includes all graphs that encode the same set of conditional
independencies. These equivalence classes are commonly
represented by a completed partially directed acyclic graph
(CPDAG) (Chickering 2002a).

Recently, the rapid advancement of LLMs and the avail-
ability of vast amounts of unstructured data, particularly
text, have drawn significant attention to leveraging LLMs to
extract causal concepts and identify the relationships among
them (Scholkopf et al. 2021; Liu et al. 2024; Wang et al.
2025).

Reinforcing Mathematical Reasoning Ability of
LLMs

Improving the mathematical reasoning ability of LLMs has
recently attracted significant attention, with advancements
emerging from both pre-training and post-training strategies.
Math-specific pre-trained models such as Llemma (Azer-
bayev et al. 2023), DeepSeekMath (Shao et al. 2024),
InternLM-Math (Ying et al. 2024), and Qwen2-Math (Yang
et al. 2024) enhance performance by training on curated,
math-rich corpora. These models benefit from data sourced
from scientific texts, programming content, and formal
mathematical proofs, enabling them to develop a deeper do-
main understanding. In addition, post-training techniques
further refine reasoning through supervised fine-tuning on
specialized datasets. Program-of-Thought (PoT) (Chen et al.
2022), evol-Instruct (Luo et al. 2023), and Tool-Integrated
Reasoning (TIR) (Gou et al. 2023) are representative ap-
proaches that teach models to solve problems step-by-step,
often by generating executable code or integrating exter-
nal tools such as Python for reliable calculations. Models
such as WizardMath (Luo et al. 2023) and MetaMath (Yu
et al. 2023) exemplify how instruction tuning and reason-
ing format alignment significantly improve math bench-
mark performance. Beyond supervised learning, preference-
based methods like Step-DPO (Lai et al. 2024) and online
RLHF (Wang et al. 2025) focus on optimizing the reasoning
process itself by learning from step-level feedback. These
strategies train models to prefer correct intermediate steps,
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rather than only focusing on final answers, resulting in more
robust and interpretable solutions. While these efforts have
led to substantial improvements, they primarily rely on sta-
tistical learning or preference signals.

The CAMA Framework
Problem Setup

Dataset Description We are given a dataset D
{(¢, si,ai)}?_, of n independently drawn triples from the
product space Q x S x A, where ¢g; € Q is an unstructured
question, s; € S is the corresponding detailed solution, and
a; € A is the ground-truth answer (integer or symbolic).

Learning Objective The goal of CAMA is to learn a map-
ping

f : (Q X S x A)n — Ga f({(Qszﬂal)};n:l) =g.

However, most existing mathematical datasets do not pro-
vide detailed solution steps. To address this limitation, we
leverage an LLM to generate a chain-of-thought solution s;
for each question g;, thereby constructing the solution set
{sitic1:

We denote the Mathematical Causal Graph (MCG) as
G = (V,E) € G, with its components described in detail
in the following section. In this graph, V. = {V;,..., Vi }
is the set of k£ nodes, each corresponding to a distinct math-
ematical knowledge point (e.g., Volume of a cylinder, Area
of a circle), and E is the set of edges capturing the causal
relationships among these knowledge points.

To construct G, we first learn an intermediate mapping

h: (Q X S)n - {07 1}n><k? h({(qia Si) ?:1) =1,

where Z € {0,1}"**. Each row corresponds to a ques-
tion—solution pair, and each column to a knowledge point.
The element Z; ; € {0,1} indicates whether knowledge
point V; is required to solve question g;: Z; ; = 1 if the
knowledge point V; is necessary for solving question g¢;;
otherwise Z; ; = 0. In practice, Z is obtained through a
multi-step pipeline consisting of knowledge point extrac-
tion, deduplication, and parsing (via the function {(-) defined
later). Thus, the mapping h(-) should be regarded as a com-
posite procedure rather than a separate model. To extract and
formalize the set of knowledge points V. = {V1,...,Vi}
from the input pairs {(g;, s;) }7_,, we leverage the language
understanding and domain knowledge capabilities of the
LLM. Once the binary matrix Z is obtained, a causal dis-
covery algorithm (denoted by CD) is applied to infer the
structure of the graph. This graph is then iteratively refined
using feedback from a selected subset of question—answer
pairs, allowing it to better align with downstream reasoning
tasks.

Mathematical Causal Graph (MCG) We represent high-
level solution strategies for mathematical problems using
a Mathematical Causal Graph (MCG), denoted as G =
(V,E). In this graph, nodes correspond to relevant theo-
rems or definitions, while edges capture causal relationships
and the potential order in which these knowledge points are
applied during problem solving. For simplicity and without



Volume of a cylinder

Figure 2: An example of a Mathematical Causal Graph
(MCQG) is shown, illustrating three knowledge points: Area
of a circle, Volume of a cylinder, and Volume of a cone. The
edges indicate that understanding the Area of a circle is re-
quired to compute both the Volume of a cylinder and the
Volume of a cone.

loss of generality, we assume that the MCG is a directed
acyclic graph. Figure 2 illustrates an example MCG with
three knowledge points: Area of a circle, Volume of a cylin-
der, and Volume of a cone. A directed edge from Area of
a circle to Volume of a cylinder (and similarly to Volume
of a cone) indicates that computing the area of the circle is
a prerequisite for determining the cylinder’s volume. More
generally, each edge represents a possible (though not nec-
essarily unique) reasoning path.

Mathematical Dataset Construction To construct the
Mathematical Causal Graph (MCG), it is crucial to curate
the dataset D = {(q;, 54, a;) }7_;. We begin with a readily
available dataset QA = {(g;, a;)}?_,. For each question ¢;,
we employ an LLM (denoted £L£ M) together with a prompt
template p, to generate a detailed chain-of-thought solution
s; and a predicted answer a;:

84,05 = ECM(Qiapg)‘

The solution s; is retained and paired with ¢; only if the
predicted answer matches the ground truth, i.e., a; = a;. By
concatenating each retained solution with its corresponding
question, we obtain the set of question—solution pairs QS =

{(@i,80) Hiza-

Overview of the CAMA Framework

This section introduces the two-stage CAMA framework, il-
lustrated in Figure 1, comprising a learning stage and a rea-
soning stage. In the learning stage, CAMA first builds an ini-
tial Mathematical Causal Graph (MCG) from a set of ques-
tion—solution pairs and then refines it using feedback from
a downstream reasoning task. In the reasoning stage, a new
question is solved in three sequential steps guided by the
MCG, ultimately producing the final answer.

Learning Stage

The learning stage of the CAMA framework consists of
two key components: (1) constructing an initial Mathemati-
cal Causal Graph (MCG) from question—solution pairs, and
(2) refining the graph by aligning it with the reasoning task
through LLM-based feedback.

Initial MCG Construction This step involves three
main sub-tasks: extracting knowledge points from ques-
tion—solution pairs, forming a structured representation, and
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applying causal discovery to infer the initial MCG. The in-
put consists of n pairs: QS = {(g;,s;)},. For each pair
(gi, si), LLM is prompted with p,, to extract up to A rele-
vant knowledge points:

Vi = EEM(q“ Sis )\app)'

Each knowledge point Vi € V' is a tuple: V; =
(Vi key» V} des) Where V7, is a short label, and V. is
a detailed description. The parameter A\ controls the gran-
ularity of extracted knowledge points: smaller A leads the
LLM to produce broader, more general knowledge points,
while larger A allows for more specific and detailed extrac-
tions tailored to each question—solution pair. Given the sen-
sitivity of LLMs to prompt phrasing and input order (Razavi
et al. 2025; Mirzadeh et al. 2025), knowledge extraction is
performed independently for each question to avoid prompt
interference. This results in a set of extracted knowledge
points for each item in the dataset. The union of all extracted

sets is:
n
V=[]V
i=1

The aggregated set V' may contain redundant or semanti-
cally overlapping entries. To address this, we employ an-
other £LLM with prompt template p,. to identify and remove
redundant knowledge points:

V.0 = LLM(V',pr),

where V is the deduplicated set, and each pair (V;,V;) € O
indicates that V}, an element in V' \ 'V, can be replaced by
V; € V.Finally, we reconstruct the structured representation
Z by parsing the original extracted sets {V!,... V"} with
'V using the replacement mapping O. Specifically, each row
of Z corresponds to a question—solution pair (g;, s;), and
each column represents a knowledge point in V. A column
is set to 1 if the corresponding knowledge point either ap-
pears in V? or replaces an element of V* according to O;
otherwise, it is set to 0. This parsing process is defined by
the function I(-):

Z=I1{V'...,V"},V,0).

After obtaining the binary matrix Z from the ques-
tion—solution pairs QS, we apply a causal discovery method
(CD), to infer the MCG:

G = CD(Z).

In our experiments, we employ the PC algorithm,
which yields a completed partially directed acyclic graph
(CPDAG) comprising both directed and undirected edges.
The resulting edges should be viewed as dataset-level aver-
ages, links appearing in only a few instances are generally
pruned. This method relies on two standard assumptions:
causal sufficiency — no unobserved knowledge point acts
as a common prerequisite for any pair in V, and faithfulness
— the inferred graph G captures all dependencies among the
knowledge points. Although we adopt PC here for concrete-
ness, our framework is agnostic to the specific causal discov-
ery method and can accommodate alternatives such as FCI,
provided that their assumptions align with the data.



MCG Alignment via Question—-Answer Feedback To
adapt the edge set E of the MCG G to downstream reason-
ing tasks, we iteratively update G with feedback from £LLM,
which generates answers conditioned on the current graph.
The alignment aims to maximize £LM’s precision on a des-
ignated subset of question—answer pairs. Formally we seek

g = argmgax E(insiaai)NDs [1{55/‘/‘(97(1171)0:(11‘}] )

where D® = {(¢;, si,a;)}", denotes a subset of m sam-
ples drawn from D, for each question g; the model uses G
through the prompt template p, and returns

a; = ££M(ga Qi7pa)a

the indicator function 1., outputs 1 when a; matches the
ground truth a; and O otherwise.

To solve this problem, we adopt a batch-based iterative
optimization procedure over n. epochs. At each optimiza-
tion round o, we draw a batch of s; samples from D?:

D;, = {(g), 85, a5)};2, C D
Instead of using the full graph G,, we extract a subgraph
GJ C G, for each question g; that includes only relevant
knowledge points. To do this, we first ask the £LL£M using
prompt template p; to analyze the question and produce a
candidate chain-of-thought solution:
We then use the generated reasoning trace ¢; along with g;
and the full graph G,, to generate the matched subgraph using
prompt p,,:

g(]) = ££M<g07tja Q_]vpm)

The model is then queried as follows:

dj = LEM(Q(J), Qjapa)'

We record the quadruple (g;,s;,G7,1{a,—q,}) and repeat
the process for all s, questions.

After the batch is finished, these quadruples together with
an optimization history over r previous rounds:

H = {(90_1,50—1)7 ceey (go—r,ﬁo—r)}

are given to the model through the update prompt p,, to ob-
tain the next graph:

go+1 = ’C'CM({(QM Sj, gga 1{&j=aj})};b:iv Hapu)v
Edges that support correct reasoning are reinforced, whereas

those linked to errors are revised. Here, £,_ represents the
precision achieved in the previous round with graph G,_1:

1 &

b Z Lia;=a;}

j=1

Eo—l

At the end of each epoch, we evaluate the precision of
Go+1 over D?. After all epochs, the graph with the high-
est precision on D? is selected as the final optimized graph
G*. To improve efficiency, the optimization process is termi-
nated early if the graph remains unchanged for c,;,,, consec-
utive batches. We further assume that MCGs derived from
the alignment and downstream samples share partial struc-
tural overlap, enabling strategy preferences learned during
alignment to transfer effectively to downstream reasoning.
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Reasoning Stage

In the reasoning stage, a new question is processed in three
successive steps using the MCG G*, ultimately yielding the
final answer. This procedure mirrors the alignment process
used during training.

Generate Reasoning Trace Given a new question g;, we
first prompt LLM using a template p; to produce a candi-
date chain-of-thought solution:

tj = LEM(Q]apt)

Extract Relevant Subgraph Next, the generated reason-
ing trace t; is used, along with the question g; and the full
graph G*, to extract a relevant subgraph via the prompt tem-
plate p,: _

Answer the Question Finally, the model is prompted with
the matched subgraph G7, the question g;, and the answering
prompt p, to generate the predicted answer:

a; = LLM(G?, 45, Da)-

To enable effective reasoning, in practice, the subgraph G’
is encoded into natural language. Each edge between knowl-
edge points is verbalized. For instance, a directed edge from
Area of a circle to Volume of a cylinder is expressed as:
“Area of a circle is a prerequisite for Volume of a cylin-
der. If Volume of a cylinder is used, then Area of a circle
could also be used.” If the edge is undirected, we phrase it
as: “Area of a circle and Volume of a cylinder are associated,
but the direction of dependency is unclear. Either could be
a prerequisite for the other.” This verbalization follows di-
rectly from the way we build the structured matrix Z. For
each question—solution pair, a knowledge point’s presence
is encoded as 1 and its absence as 0. A directed edge from
one knowledge point to another therefore means the source
point always appears whenever the target does, allowing us
to interpret the source as a prerequisite for the target.

Experiments

To assess the effectiveness of CAMA in enhancing the
LLM’s mathematical reasoning, we conduct the following
experiments.

Datasets We evaluate our framework on three mathemati-
cal benchmarks: AIME, Omni-MATH (Gao et al. 2024), and
OlympiadBench (He et al. 2024). The American Invitational
Mathematics Examination (AIME) is a high-level compe-
tition for high school students, with 30 questions per year
spanning four categories: algebra, geometry, number the-
ory, and combinatorics. Omni-MATH is a recent Olympiad-
style benchmark containing 4,428 problems across nine
subdomains. For our experiments, we use a 200-question
subset, referred to as Omni-MATH-200, which focuses on
the same four categories. OlympiadBench includes 8,476
international Olympiad problems. We evaluate on a fil-
tered subset of 674 English, non-proof questions, called
OlympiadBench-674, which is also grouped into the same
four categories.



Evaluation Setup and Compared Methods We adopt
DeepSeek-V3-0324 (DeepSeek-Al et al. 2025b) (DSV3)
and Qwen3-32B (Yang et al. 2025) (Qwen3) as our base
LLMs, adopting a sampling temperature of 0.6 following
prior work (DeepSeek-Al et al. 2025a). DSV3 is accessed
via API, whereas Qwen3 is deployed locally. The version
enhanced with our proposed CAMA framework is denoted
CAMA. Unless otherwise specified, we set the knowledge

point granularity to A = 3, batch size to s, = 5, num-
ber of epochs to n, = 10, history length to » = 7, and
early stopping threshold to ¢y, = 3. We also evaluate

two ablated variants: CAMA w/o Alignment, which ex-
cludes the alignment stage, and CAMA w/o Directed Edge,
in which all directed edges in the MCG are replaced with
undirected edges. For comparison, we include two base-
lines based on the chain-of-thought prompting (Wei et al.
2022): COT-ZeroShot, which uses no examples, and COT-
FewShot, which uses the full AIME2023 dataset along with
detailed solutions as in-context examples (due to input to-
ken length limitations, AIME2022 questions are excluded).
To construct the MCG, we apply the PC algorithm from the
gCastle library (Zhang et al. 2021) with the G-squared
test and default settings.

Evaluation Metric Model performance is evaluated with
the Pass@ 1 metric, defined as the fraction of test questions
answered correctly on the first attempt. A prediction is con-
sidered correct if it exactly matches or is mathematically
equivalent to the ground truth. Formally, given a test set
Q = {q1,-..,qn}, let a; be the model’s answer and a; the
ground truth for ¢;. An indicator function judge(a;, a;) re-
turns 1 if the answer is correct, and 0 otherwise, leading to

1 n
Pass@1 = — > judge(a;, a;).
ass nZ]u ge(a;, a;)

i=1

Experimental Setup To construct the MCG, we use a
training set of 60 questions sourced from AIME2022 and
AIME2023. We prompt DeepSeek-R1 (DeepSeek-Al et al.
2025a) to produce detailed chain-of-thought solutions for
each question. Alignment is performed using the same data
as the training set. Model performance is then evaluated on
four test sets: AIME2024, AIME2025, Omni-MATH-200,
and OlympiadBench-674. Given that answers in the AIME
datasets are purely numeric, correctness is evaluated using
a strict equality check: judge(a;,a;) = 1 if and only if
a; = a;. For Omni-MATH-200 and OlympiadBench-674,
where answers may include symbolic expressions, we em-
ploy Omni-Judge (Gao et al. 2024), an evaluator built on
LLaMA-3.1-8B-Instruct, to assess correctness.

Results Table 1 presents the mean Pass@ 1 scores for each
method on four benchmark datasets using two base LLMs,
with each result averaged over three repetitions. Overall,
CAMA achieves the strongest performance in most cases.
The comparisons across method variants reveal several key
observations. First, CAMA consistently outperforms COT-
FewShot, indicating that structured information encoded in
the MCG is more effective for enhancing mathematical rea-
soning than raw text prompting. Second, the comparison
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Figure 3: This figure shows the Pass@1 scores of CAMA
using MCGs built with different knowledge point granular-
ities, controlled by the parameter A (ranging from 2 to 7).
Each X produces a distinct MCG from the AIME2022 and
AIME2023 training data, and results are averaged over three
repetitions. Performance is reported on both the training set
(AIME2022 and AIME2023) and the test set (AIME2024).
The base LLM is DSV3, with its scores included as refer-
ences, shown with purple diamonds for the training sets and
a green triangle for the test set.

between CAMA and CAMA w/o Directed Edge demon-
strates the importance of asymmetric (directed) relations
in the MCG over purely symmetric ones, confirming the
value of capturing causal directionality. Third, the compar-
ison with CAMA w/o Alignment underscores the benefit
of the alignment step in refining the graph and adapting it
more closely to the LLM’s reasoning needs. Finally, the rel-
atively moderate performance of CAMA based on DSV3
on OlympiadBench-674 can be partially attributed to limited
utilization of the benchmark’s knowledge components in the
MCG. This limitation can be eased by adopting a coarser
knowledge point granularity: with A = 2, CAMA attains a
Pass@1 score of 67%, nearly matching the 67.2% achieved
by the COT-ZeroShot.

Impact of Knowledge Point Granularity A\ In this part,
we investigate how the granularity of knowledge points, con-
trolled by J, influences the performance of CAMA. For this
experiment, we use AIME2022 and AIME2023 as the train-
ing set and AIME2024 as the test set. The value of )\ is var-
ied from 2 to 7 in increments of 1. For each setting, an MCG
is constructed from the training data and then reused to an-
swer both training and test questions. Figure 3 reports the
Pass@1 scores of CAMA based on DSV3 on both sets, with
each result averaged over three repetitions. The results re-
veal an interesting finding: as \ increases, performance im-
proves on the training set but declines on the test set. This
suggests a trade-off between generalization and specificity
of the extracted knowledge points. When A is small, the ex-
tracted knowledge points are coarser and more broadly ap-
plicable across datasets. In contrast, larger A values lead to
finer-grained, more detailed knowledge that better fits the
training questions but may overfit, reducing robustness on



AIME2024 | AIME2025 | Omni-MATH-200 | OlympiadBench-674
Base LLM Method Pass@1(1) | Pass@1(1) Pass@1(1) Pass@1(1)
COT-ZeroShot 42.2% 35.6% 42.2% 672%
COT-FewShot 433% 31.0% 41.0% 65.2%
DSV3 DSV3 39.2% 28.8% 42.0% 65.0%
CAMA w/o Directed Edge |  43.3% 33.3% 43.7% 65.8%
CAMA w/o Alignment 47.8% 38.9% 43.0% 66.8%
CAMA (ours) 50.0% 38.9% 45.0% 66.4%
COT-ZeroShot 75.6% 72.2% 68.7% 81.4%
COT-FewShot 66.7% 61.1% 58.5% 77.1%
Owens3 Qwen3 74.4% 65.6% 64.2% 81.2%
we CAMA w/o Directed Edge |  75.6% 72.2% 67.0% 82.0%
CAMA w/o Alignment 78.9% 74.4% 67.3% 82.2%
CAMA (ours) 82.2% 76.7% 69.0% 83.3%

Table 1: This table reports the mean Pass@1 scores for each method on four datasets using DeepSeek-V3-0324 (DSV3)
and Qwen3-32B (Qwen3), with each result averaged over three repetitions. Omni-MATH-200 is a 200-question subset of
Omni-MATH covering four categories. Likewise, OlympiadBench-674 denotes a 674-question English, non-proof subset of

OlympiadBench. Bold values indicate better performance.

unseen problems. Notably, the A\ that maximizes training
performance is not necessarily optimal for the test set.

Case Study We apply CAMA with DSV3 and focus on
Problem 14 from Exam II of AIME2024, which states:

Let b > 2 be an integer. Call a positive integer n b-
eautiful if it has exactly two digits when expressed in
base b, and these two digits sum to y/n. For example,
81 is 13-eautiful because 81 = 63, and 6+3 = /81.
Find the least integer b > 2 for which there are more
than ten b-eautiful integers.

The reasoning trace produced by DSV3 matches two
knowledge points in the MCG: Modular arithmetic for in-
teger solutions and Quadratic polynomial systems, with the
former serving as a prerequisite for the latter. This depen-
dency plays an important role in guiding DSV3’s problem-
solving approach. DSV3 first represents the two-digit num-
ber in base b as a1 - b + ag, where 1 < a; < b — 1 and
0 < ap < b— 1, and imposes the constraint (a; + ag)? =
a1 - b+ ag. Leveraging Modular arithmetic for integer solu-
tions, DSV3 introduces s = a; + ag, leading to the equation
_ s(s—=1) . . .
a; = =,—~. Since s and s — 1 are consecutive integers and
hence coprime, this implies that the denominator b—1 should
factor into a coprime pair (d, ¢) such that s = 0 (mod d)
and s — 1 = 0 (mod e). Subsequently, within the frame-
work of Quadratic polynomial systems, DSV3 invokes the
Chinese Remainder Theorem, and DSV3 deduces that each
coprime pair (d, e) yields a distinct solution for s that repeats
every b— 1 values. Since the number of such coprime factor-
izations (d, ) is 27, where +y is the number of distinct prime
factors of b — 1, DSV3 continues with additional derivations
and ultimately returns the correct solution 211. However,
without the incorporation of this prior knowledge, DSV3
does not apply modular arithmetic and the Chinese Remain-
der Theorem, but instead resorts to an exhaustive brute-force
search over possible digit pairs and ultimately returns an in-
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correct answer. Moreover, modular operations are generally
essential for solving constrained quadratic polynomial func-
tions, highlighting their broader relevance beyond this spe-
cific context.

Conclusions

In this paper, we present the Mathematical Causal Graph
(MCQG) as a high-level representation of reusable solution
strategies for mathematical problems and introduce CAusal
MAthematician (CAMA), a plug-and-play framework that
learns and exploits these graphs. CAMA extracts knowl-
edge points from chain-of-thought solutions generated by
a large language model, infers the causal relations among
them, and refines the resulting graph with feedback from
its own question-answering accuracy. Experiments on real-
world benchmarks show that incorporating structured guid-
ance consistently outperforms unstructured alternatives, and
that incorporating asymmetric causal relationships yields
greater improvements than relying on symmetric associa-
tions alone.

Although our proposed framework shows significant im-
provement, it still has some limitations. CAMA’s effective-
ness depends on the granularity parameter A, which controls
how knowledge points are extracted. The optimal value of
A on training data may not transfer well to unseen bench-
marks, posing challenges for practical deployment. Future
work could explore strategies for automatically selecting
an appropriate A for new tasks, potentially with assistance
from the LLM itself. Finally, the MCG remains static during
the reasoning stage. Enabling CAMA to dynamically update
the graph while answering questions, particularly by adding
novel knowledge points not observed during training, could
improve both its coverage and robustness.
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