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Abstract

To build a math MLLM, current research ef-
forts predominantly rely on elaborate training
schemes or high-quality multi-modal math rea-
soning data. On the other hand, model merging
has attracted much attention recently due to
its low-cost and tune-free property, which has
shown great potential for constructing math
MLLM. However, most recent attempts ei-
ther assume all parameters are task-relevant
or adopt a less interpretable parameter selec-
tion strategy, thus merging parameters on a
coarse granularity, leading to limited or even
degrading performance. In this paper, we
propose a causal-analysis—guided parameter
merging framework, which identifies the math
reasoning-related parameters in a finer granu-
larity and interpretable manner, then merges the
math LLMs with MLLM. Specifically, we first
construct targeted arithmetic and logical tasks,
generate reference and counterfactual samples,
and then apply intervention-based causal attri-
bution to localize parameters that are causally
responsible for math reasoning. Once we iden-
tify the crucial reasoning parameters in the
math LLM that exhibit higher causal effects,
we can more precisely align and merge only
the corresponding parameters from the math
LLM into the base MLLM. The procedure is
tuning-free and enhances both math reasoning
and general reasoning abilities. Experimental
results of three model families on four math
reasoning benchmarks and two general reason-
ing benchmarks validate the effectiveness of
the proposed approach.

1 Introduction

Mathematical reasoning is a core capability of large
language models (LLMs) and plays a crucial role in
solving complex analytical and symbolic tasks (Mi-
naee et al., 2024). Progress in this area has been
accelerated by the development of high-quality
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Figure 1: (a) General model merging methods merge
all the parameters without selection, which may hinder
reasoning performance after merging. (b) We first iden-
tify the crucial parameters through casual analysis, then
select to merge the crucial parameters in the math LLM
with MLLM to obtain the math MLLM.

math reasoning datasets (Yu et al., 2024a) and ad-
vanced training paradigms, enabling models such
as DeepSeek-R1 and Qwen to deliver strong per-
formance across a wide range of text-based math
benchmarks (Minaee et al., 2024; Bai et al., 2023;
Gou et al., 2024). However, math reasoning re-
mains difficult partly due to the high cost of col-
lecting and annotating high-quality multimodal rea-
soning data for multimodal large language models
(MLLMs) (Gao et al., 2025; Zheng et al., 2024).

Serving as a low-cost and tuning-free alterna-
tive, model merging has recently been employed
to enhance multi-modal math reasoning by directly
merging a math LLM with a base MLLM, enabling
the transfer of specialized reasoning capabilities
without additional training (Chen et al., 2025; Hu
et al., 2026). An MLLM is usually finetuned from
a base LLM, consisting of a visual encoder and a
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foundation LLM as its core components (Liu et al.,
2023): the visual encoder extracts visual features,
while the LLM is responsible for the reasoning
process, which often shares an identical architec-
ture with math LLMs. General model merging
approaches (Ilharco et al., 2022; Yadav et al., 2023)
derive task vectors for each model by subtracting
the pre-trained weights from the fine-tuned weights
(.e., AW = Wy — W), and then combine
them with MLLM via addition or weighted in-
terpolation. However, as demonstrated in fig. 1,
such methods implicitly assume that all parame-
ters are task-relevant, ignoring the need to isolate
task-specific parameters, which often results in sub-
optimal or even detrimental to model performance.
Recent advances, such as IP-Merging (Hu et al.,
2026), attempt to select reasoning parameters via
computing layer-wise subspace similarities of pa-
rameters. However, IP Merging requires an extra
math model for comparing the similarities and op-
erates at a coarse layer-wise granularity (fig. 2(a)),
which lacks interpretability and limits their effec-
tiveness (fig. 2(b)). This raises a fundamental ques-
tion: How can we accurately and explainably iden-
tify the parameters responsible for math reasoning?

In this paper, inspired by recent progress in
mechanistic interpretability (MI) (Stolfo et al.,
2023; Zhang et al., 2024a; Nikankin et al., 2025;
Chen et al., 2025; Yang et al., 2025), we propose
a causal analysis—guided framework to perform
fine-grained and interpretable parameter selection
in a data-driven manner. Treating LLMs as causal
graphs, MI studies (Lin et al., 2025) have shown
that model capabilities are often localized within
sparse functional circuits composed of specific at-
tention heads and MLP blocks, which can be re-
vealed via attribution patching. Motivated by this
insight, we design two targeted reasoning tasks, i.e.,
arithmetical calculation (e.g., 041 =7) and logical
operation calculation (e.g., 0&1 =7). We generate
approximately 200K samples per task and retain
only those that the model answers correctly. We
then construct reference—counterfactual input pairs
(e.g., 0+ 1 vs. 2 — 3). For each block, we replace
the reference sample’s activations with those of
the counterfactual sample, measuring the resulting
change in output logits as a causal score. As demon-
strated in fig. 2 (a), blocks with a large causal score
are identified as reasoning-critical parameters. Un-
der this paradigm, we can alleviate the need for the
extra math LLLM and locate reasoning parameters
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Figure 2: (a) We use attribution patching to identify
the key reasoning-related parameters within Qwen2.5-
Math-7B, darker color represents higher importance. IP
merging identifies key parameters in a coarse manner.
(b) We merge the top eight reasoning-related attention
heads in the math LLLM and compare our method with
other model merging methods in MathVista.

accurately and explainably in finer granularity.

After identifying the crucial parameters, we fur-
ther analyze their patterns and functional behav-
iors. We first analyze the identified parameters in
the math LLM. To better understand how reason-
ing capabilities are encoded into model weights,
we further investigate the evolution of parameter
importance before and after math post-training.
Our analysis reveals a distinct subset of param-
eters whose causal influence shifts significantly
after post-training, indicating that these parame-
ters form strengthened or newly emerged reasoning
abilities. We interpret these parameters as encoding
the core reasoning abilities acquired during math
specialization. Based on this insight, we propose
a causal-aware parameter selection strategy that
prioritizes parameters with increased causal contri-
bution after post-training, enabling more effective
and interpretable knowledge transfer during merg-
ing. By comparing parameters activated by arith-
metic and logical reasoning, we observe that logical
reasoning parameters consistently contribute more
to model merging performance, suggesting that
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logical circuits encode more transferable and struc-
turally compositional reasoning abilities. Com-
pared to other model merging methods, our method
obtains higher performance, as illustrated in fig. 2
(b). We then conduct experiments among three
different model families and six datasets to vali-
date the effectiveness of the proposed method. We
summarize our contributions as follows:

* We propose a causal analysis-guided parame-
ter selection strategy for merging MLLM with
math LLM to enhance the reasoning perfor-
mance.

* We design two targeted tasks for locating the
reasoning parameter in an explainable man-
ner and analyzing the validity of identified
parameters.

* We propose a parameter selection strategy that
further enhances the model merging perfor-
mance.

» Extensive experimental results of three model
families on six reasoning benchmarks validate
the effectiveness of the proposed approach.

2 Related Works
2.1 Math Reasoning of MLLMs

The community has made substantial efforts to en-
hance mathematical reasoning, which is widely re-
garded as a fundamental capability of MLLMs. In
the pre-training stage, previous works strengthen
the reasoning ability of base models by collect-
ing large-scale mathematical corpora (Wang et al.,
2024c; Han et al., 2025; Deitke et al., 2025),
generating synthetic data (Linger et al., 2025),
and optimizing training strategies (Lin et al.,
2024). During post-training, researchers further
improve the scale and quality of mathematical
instruction data through data augmentation tech-
niques (Gao et al., 2025; Han et al., 2023; Shi et al.,
2024), while the introduction of variant fine-tuning
paradigms (Zhang et al., 2024b), reinforcement
learning algorithms (Yu et al., 2024b; Wang et al.,
2024d), and self-evolving frameworks (Zelikman
et al., 2022; Liu et al., 2024) enhances the effi-
ciency of data utilization. Recently, O1-like mod-
els have further advanced reasoning capabilities
by leveraging deep-thinking chains of thought and
tool-assisted inference scaling (Dong et al., 2025;
Deng et al., 2025; Hu et al., 2024; Zhang et al.,
2025a).

2.2 Mechanistic Interpretability

Mechanistic Interpretability (MI) methods aim to
interpret what or how the model learns via causal
analysis or sparse autoencoders (Rai et al., 2024).
For math reasoning, recent causal-mediation stud-
ies (Stolfo et al., 2023) show arithmetic informa-
tion is carried by early or mid attention to the fi-
nal position where late MLPs write result features,
identifying the specific components mediating pre-
dictions. Recent findings (Zhang et al., 2024a) also
show that a small, sparse circuit that often under
five percent of heads plus associated MLPs suffices
for calculation, and selectively tuning these parts
improves math without harming other skills. Re-
cent evidence indicates models combined activity
explains most arithmetic behavior (Nikankin et al.,
2025). Emergent symbolic mechanisms describe a
three-stage organization of abstraction, induction,
and retrieval across layers (Yang et al., 2025).

2.3 Model Merging

Model merging is a low-cost solution to elevate
large language models (LLMs) by fusing multiple
task-specialized models into a unified one (Yang
et al., 2026). Existing approaches can be broadly
categorized into pre-merging and during-merging
strategies. Pre-merging methods operate at the pa-
rameter or representation level, including weight
arithmetic (Ilharco et al., 2022; Yadav et al., 2023).
During-merging methods instead address task inter-
ference online via averaging, adaptive reweighting,
orthogonal or subspace projection techniques, dy-
namic routing, or post-merging calibration (Yang
et al., 2024¢c,b). To extend merging to low-rank
adaptation models, recent works adapt SVD-based
formulations (Gargiulo et al., 2025; Panariello
et al., 2026; Hu et al., 2026), aligning LoRA up-
dates into a shared basis to retain the efficiency
of low-rank representations while significantly im-
proving accuracy across tasks. However, these ef-
forts predominantly focus on unimodal language
models (Yang et al., 2026; Lim et al., 2024) with-
out precise or explainable parameter identification,
whereas our work locates the parameters clearly
and then merges the parameters.

3 Methodology

3.1 Model Merging for MLLM and Math
LLM

Model merging seeks to fuse multiple task-
specialized models into a single multi-task model

41434



without additional training. Consider a shared
base model W, from which both the MLLM
Wwmiim and the math LLM Wy are fine-
tuned. We define their fine-tuning deltas as
AWy = Wum — Wo and AWy =
W Math — W . With these deltas, we can derive our
math-reasoning MLLM W* by selectively merg-
ing the math-specific deltas into the MLLM. A gen-
eral formulation of model merging can be written
as

W* = F(Wo, AW niim, AWnan; M), (1)

where M represents the parameter selection or
alignment operator. Under this formulation, prior
model merging approaches can be further decom-
posed as

W* =W+ a1 f1(AWwmLLm, M)

2
+a2 fo(AW Math, M2) ,

where ay, a9 are (global or layer-wise) scaling
coefficients, and f;, fo denote mapping functions
such as identity, masking, normalization, or pro-
jection. Under this formulation, Task Arith-
metic (Ilharco et al., 2022) sets identity mask
and f1, fo as identity, yielding a weighted sum of
deltas. EMR-Merging (Huang et al., 2024) intro-
duces magnitude-based sparse masks with data-
dependent rescaling, while IP-Merging (Hu et al.,
2026) constructs M7, My via subspace similarity
and calculates scaling factors using trace ratios,
with f1, fo implemented as projection matrices.

Following the same framework in (2), our
method defines f; and f5 using causal attribution
scores to identify reasoning-critical attention heads
and MLP modules, from which we build selec-
tion masks M, M by retaining parameters with
high causal importance. For notation clarity, we
denote the selected parameters used for merging as
AW, AW RSS! € R™*", and the remaining
unmodified MLLM parameters as AW . To
preserve general abilities, we follow prior work (Hu
et al., 2026) and fix a; = 1. To prevent the math
delta from dominating the merge, we compute
a9 via SVD-based normalization (Marczak et al.,

Algorithm 1: Parameter Identification
Input: Set Dq of reference and
counterfactual pairs (x,, z.); frozen
model M with components N
Output: Causal effect score F,, for each

nenN
1 foreach (z,,z.)® € Dq do
2 Run M (z,) and cache activations A,;
run M (z.) and cache activations A,
3 Let y,, y. be correct answers for x,., x.
4 foreach n € N do
5 Al A,, Al[n] + A.[n]
6 Al Ag, Aln] + Ar[n]
7 P(y,) < M(z,,A,) original X,
logits
8 P'(y,) < M(x,, AL) patched
X, logits
9 P(y.) < M(x.,A.) original
X logits
10 P'(ye) <+ M(z., A.) patched
X, logits
1 s
%[P’(yf))—P(yc) + P(yr)—P’(yr)]
(ye) P(yr)
12 return F,, = \Dsz| E‘Dm gl)
2025):
AW = > ohubsvly
i=1
Wiittm = Z Uvuv’vv ) (3

E O' (0%
VX2 = Z
=1 M

where 7 is the number of the singular values. This
formulation scales the math parameters according
to their relative spectral magnitude, enforcing bal-
anced contribution from reasoning parameters. The
final merged model preserves general MLLM pa-
rameters, merges selected reasoning parameters
with controlled strength:

W* = W+ AWRET + AWRiy

+a AWselect (4)
2 Math -

3.2 Parameter Identification
3.2.1 Task Data Formulation

We design two controlled reasoning tasks, i.e., arith-
metic computation and logical reasoning, to con-
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Arithmetic Calculations
{A}+{B} = {C}
{A}-{B} ={C}
{A}*{B} = {C}

Logical Calculations
{A} AND{B} = {C}
{A} OR{B} = {C}
{A} XOR{B} = {C}

{A}/{B} = {C} NOT {A} ={C}
(a)
0 =
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Figure 3: (a) Prompt generation template for arithmetic
and logical operation tasks. (b) We demonstrate the
causal map for attention heads involved in math calcu-
lation and the location of the top 1% attention heads.
(c) We select the top 1% of attention heads ranked by
causal importance and apply existing model merging
methods both with and without this parameter selection.

struct reference-counterfactual prompt pairs (tem-
plates shown in fig. 3(a)). The arithmetic task, for-
matted as { A} +{B} =, evaluates direct numerical
computation by instantiating operands { A}, { B} €
[0, 300], yielding inputs such as “0+1="and “2-3="
. The logical task is formulated as { A} AND { B} =
to probe multi-step symbolic reasoning, which re-
quires intermediate representation conversion. For
instance, solving “2 AND 3” involves converting
decimals to binary (2 — 10, 3 — 11), performing
bitwise AND (10 A 11 = 10), and converting the
result back to decimal (10 — 2), making its reason-
ing trajectory structurally deeper than arithmetic.
Sampling operands from the same numerical range
ensures that both tasks produce prompts that are
semantically homogeneous yet causally distinct in
their reasoning paths, a property essential for isolat-
ing functional components via attribution patching.
We generate 200K samples for each task. To ensure
intervention signals reflect faithful model behav-

ior, we filter the generated pool and retain only
instances that the model answers correctly, which
are then used to construct reference-counterfactual
pairs for causal analysis.

3.2.2 Method

The computation of the LLM can be reorganized as
a graph with N nodes (Stolfo et al., 2023), where
each node is a computation component, includ-
ing attention heads, MLP blocks, the residual con-
nections, and each edge represents the data flow
that the output of the previous node will be trans-
posed to the input of the later node. To identify
the key reasoning parameters, we adopt the attribu-
tion patching approach (Wang et al., 2024a). Con-
cretely, given i-th reference prompt :csf), simply x,
(e.g., ‘0+1=") that the model answers correctly and
a counterfactual prompt x. (e.g., “2-3=") with a
different correct answer, we run the frozen model
on both inputs and cache intermediate activations
for every component n, denoted as A, and A, re-
spectively. We then perform a targeted intervention
patching: we run z,. again, but we perturb exactly
one component n with the activation taken from
A., while keeping all other activations unchanged.
Let P and P’ denote the output token distributions
before and after patching, and let y, and y,. be the
correct answers for x, and x., respectively. The
causal effect score (Wang et al., 2022) for compo-
nent n at data pair ¢ is defined as

S(z) _1 P,(yc) - P(yC) P(yr) - Pl(yr)
"o P(ye) P'(yr) (5’)

which captures both the relative increase in the
probability of the counterfactual answer y,. and the
relative decrease in the probability of the reference
answer y, caused by patching. We repeat this pro-
cedure over (z,,z.) pairs in the generated target
set Dq across all model components, and average
s&f ) to get I, obtaining the causal score for each
component. See detailed algorithm in algorithm 1.

3.3 Results

We first take the arithmetic task as an example and
locate the crucial attention heads in Qwen2.5-Math-
7B-Instruct, as illustrated in fig. 3(b). We then rank
all heads by their causal scores and retain only the
top 1% of attention heads that exhibit the strongest
causal influence on reasoning performance, then ap-
ply the model merging methods using the selected
parameters (fig. 3(c)). Instead of merging all pa-
rameters or selected layers as in prior approaches,
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Figure 4: (a) Causal map of base model and its post-
trained math model. The math model has a more sparse
causal map. For attention heads, the post-training pro-
cess up-weights middle to later layers of parameters
and down-weights the front layers. For MLP layers, the
post-training process upweights later layers. (b) Causal
shift distribution in attention heads and MLP layers. A
small part of the parameter has a high causal shift.

we restrict the merge operation to the sparse set of
causally verified attention heads. Experimental re-
sults demonstrate that merging on this fine-grained
parameter subset consistently improves math rea-
soning accuracy across benchmarks. These find-
ings validate that the located attention heads cap-
ture critical reasoning pathways, and elective merg-
ing is more effective than merging all parameters.

3.4 Parameter Selection Strategy

In this section, we analyze which parameters en-
code enhanced math reasoning capabilities after
post-training by comparing the base LLM and its
math-specialized variant in section 3.4.1. We ob-
serve that a small subset of parameters exhibits
significant growth in causal attribution scores, in-
dicating strengthened or newly acquired reasoning
functions. Based on this, we propose a parameter
selection strategy that prioritizes parameters with
the largest causal influence shifts in section 3.4.2.

3.4.1 Which Parameters Encode Enhanced
Reasoning Abilities?

We further investigate how reasoning abilities are
encoded during post-training, i.e., how the math
LLM structurally modifies the parameter space of
the base model to enhance the math reasoning abil-
ities. Since the math LLLM is a post-trained variant

of the base LLM, we perform attribution patching
on both models and compute the causal effect score
of every attention head and every MLP block. By
comparing the causal contributions before and after
training, we can quantify whether the causal effect
of each parameter increases, decreases, or remains
unchanged. Parameters that show an increase in
causal effect are interpreted as the components re-
sponsible for the enhanced reasoning ability gained
from math post-training.

We present the causal maps of the base LLM
(Qwen-2.5-7B) and the post-trained math LLM
(Qwen-2.5-Math-7B-Instruct) in fig. 4(a). The
causal heatmap of the math LLM becomes sig-
nificantly more sparse, indicating that math post-
training does not uniformly modify the entire
model but instead reallocates causal influence to
a compact set of reasoning-critical components.
Specifically, for attention heads, we observe that
post-training consistently up-weights middle to late
layers (layers 16-27) while down-weighting early
layers. This suggests that math reasoning shifts the
burden of computation toward deeper attention lay-
ers, where more abstract symbolic representations
are formed. For MLP blocks, the effect is even
more concentrated: post-training strongly increases
causal influence in the final layers, indicating that
mathematical reasoning relies on late-stage feature
transformation and decision refinement. We further
plot the causal shift distribution in fig. 4(b) further
confirms this structural specialization. Only a small
fraction of attention heads and MLP blocks exhibit
large causal shifts, while the majority undergo mini-
mal change. These observations collectively reveal
that math LLLMs gain reasoning ability not by uni-
formly increasing capacity, but by specializing a
sparse circuit within deeper layers of the model.

3.4.2 Selection Strategy

Based on the above analysis, we propose a pa-
rameter selection strategy to identify reasoning-
enhanced parameters in the math LLM. Let
MaBaserim and Mpyamiim denote the base and
math post-trained models, respectively, where both
consist of NV computational nodes. From the causal
attribution described in section 3.3, each node n is
assigned a causal influence score, denoted as E23
for the base model and E™™ for the math model.
To quantify how much reasoning capability each
node gains after math post-training, we measure
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Table 1: We merge LLaVA 3 with Deepseek-R1-Distilled-LLaMA, Qwen2.5-VL-7B-Instruct with Qwen-2.5-Math-
7B-Instruct models, InternVL3-8B-Instruct with DeepSeek-R1-distilled-Qwen-7B, respectively. Bold represents the

best. Underline represents the second best.

Math Reasoning General Reasoning
Approach
MathVista MathVerse DynaMath MathVision | MMstar MMMU Pro
LLaMA3-LLaVA-Next-8B as Base Model

Base Model 37.8 18.4 23.9 14.1 43.0 12.1
Task Arithmetic 35.5 17.6 23.4 13.6 39.3 9.8

Ties Merging 33.1 18.0 234 13.3 39.1 8.2
EMR Merging 38.1 19.3 154 13.1 42.0 12.3

IP Merging 38.1 18.4 23.8 14.6 42.9 12.4
Ours 38.7 18.6 24.1 14.7 43.4 12.5

InternVL3-8B-Instruct as Base Model

Base Model 66.1 38.5 50.7 24.9 66.5 27.5
Task Arithmetic 32.0 16.9 20.1 6.2 22.3 94

Ties Merging 25.0 153 16.1 9.6 25.1 11.5
EMR Merging 49.2 30.1 39.3 18.8 51.3 21.1

IP Merging 67.6 39.0 514 25.2 67.3 27.7
Ours 68.4 38.8 52.0 25.6 68.3 28.7

Owen2.5-VL-7B-Instruct as Base Model

Base Model 68.2 46.5 51.9 25.1 63.9 34.7
Task Arithmetic 25.6 9.7 14.1 8.2 23.3 6.9

Ties Merging 25.6 34 14.1 10.2 14.7 1.3
EMR Merging 23.7 10.7 15.7 22.3 9.9 5.6

IP Merging 69.5 46.2 52.4 26.3 64.8 35.3
Ours 71.4 46.8 53.4 27.1 65.3 35.8

the causal influence change as 2025b), DynaMath (Zou et al., 2025), MathVi-

sion (Wang et al., 2024b) and general QA bench-
AE, = EMh _ phase, ©6) (Wang )and g Q

We then rank all nodes in descending order based
on |AE,| and select the top-k nodes with the
largest shifts, thereby constructing the selection
masks M7, Ms in Eq. 2 that define the set of
reasoning-critical parameters. During merging, we
merge the selected reasoning-enhanced parameters
into the MLLM. In this way, our strategy priori-
tizes parameters that gain the reasoning abilities
during post-training, enabling a more effective and
interpretable transfer of reasoning abilities while
avoiding interference from irrelevant or unchanged
parameters.

4 Experiments

4.1 Experiments Setup

‘We test our models on six benchmarks, i.e., Math-
Vista (Lu et al., 2024), MathVerse (Zhang et al.,

marks MMMU Pro (Yue et al., 2024), and MM-
Star (Chen et al., 2024). We compare our method
with general model merging techniques such as
Task Arithmetic (Ilharco et al., 2022), Ties Merg-
ing (Yadav et al., 2023), EMR Merging (Huang
et al., 2024) and IP Merging (Hu et al., 2026). We
conduct experiments using three model families,
i.e., Qwen series, LLaVA series, and InternVL3 se-
ries. See more details in section B in the appendix.

4.2 Benchmark Performance

We conduct experiments and report the results on
four math reasoning benchmarks and two general
reasoning benchmarks using three different types
of models in table 1. We use the logical calculation
task to identify the reasoning parameters in the base
and math LLM (section 4.3), then adopt the selec-
tion strategy and merge the selected parameters us-
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Figure 5: (a) Parameter location map for arithmetical and logical calculations in Qwen2.5-7B-Math-Instruct. (b) We
compare the performance of merging different parameters in the math LLM with MLLM using different merging

strategies.

ing eq. (3). Across all three base architectures and
six benchmarks, our causal-analysis—guided merg-
ing consistently outperforms existing approaches
while avoiding the severe degradation frequently
induced by coarse-grained methods such as Task
Arithmetic and Ties Merging. By selectively inte-
grating parameters with the largest causal-influence
shifts, our method stabilizes or improves math-
reasoning performance. For instance, preserving or
slightly enhancing MathVista, MathVerse, and Dy-
naMath, whereas prior approaches often collapse
accuracy (e.g., Task Arithmetic reducing MathVista
by 30% to 40% on InternVL3-8B and Qwen2.5-
VL-7B). Importantly, our strategy also maintains
strong general-reasoning performance: unlike Ties
Merging and EMR, which markedly degrade MM-
Star and MMMU-Pro across multiple backbones,
our method either matches or surpasses the base
models, such as achieving 68.3% on MMStar with
InternVL3-8B and 35.8% on MMMU-Pro with
Qwen2.5-VL-7B. These results substantiate our
core claim that reasoning-critical parameters form
a sparse, transferable subset and that aligning these
causally identified components enables principled
and effective integration of math-reasoning capa-
bilities into MLLMs without compromising their
general reasoning performance. See more experi-
mental results in section A.

4.3 Parameter Analysis

We further analyze the parameter circuits identi-
fied via arithmetic and logical reasoning tasks. Us-
ing Qwen2.5-Math-7B-Instruct and DeepSeek-R1-
Distill-Llama-8B, we visualize the spatial distri-
bution of parameters in fig. 5(a). The visualiza-
tion shows that only a sparse subset of attention
heads and MLP blocks contributes significantly to
the model’s reasoning capability. This observation
aligns with prior findings that reasoning emerges
from a compact set of specialized components,

rather than the full parameter space (Wang et al.,
2024a; Nikankin et al., 2025). Across both models,
reasoning-related attention heads are located in the
middle and later layers, whereas important MLP
blocks are more concentrated in the later layers. To
evaluate whether these parameters transfer crucial
reasoning ability, we perform selective parameter
merging in fig. 5(b). Specifically, we merge only
the top 1% parameters ranked by causal importance
for each task (arithmetic vs. logical). We further
compare two merging strategies: merging the union
of both parameter sets (i.e., “Combined”) and merg-
ing only their intersection (i.e., “Overlapped”). As
shown in fig. 5(b), merging logical reasoning pa-
rameters leads to larger performance gains than
merging arithmetic parameters, indicating that log-
ical parameters encode more complex reasoning
knowledge and can be better transferred to MLLM
for multi-modal math reasoning. Moreover, merg-
ing the overlapped subset yields performance com-
parable to merging the full combined set, despite in-
volving significantly fewer parameters. This result
confirms that the reasoning capability of a math-
specialized LLM is governed by a minimal, highly
informative circuit, and tcausality-guided param-
eter merging can enhance reasoning performance
while avoiding unnecessary parameter interference.

5 Case Studies

We further provide several user cases in fig. 6 to
illustrate the improved reasoning consistency after
merging the math LLM. Across numerical, graph-
ical, and pattern-recognition tasks, the merged
model corrects multiple systematic errors made
by the base MLLM: it identifies the correct local
maximum in a function plot, accurately counts val-
ues below a threshold, pinpoints the year of the
steepest increase in a time-series graph, and in-
fers the missing shape in a visual pattern puzzle.
These examples highlight that the merged model
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Question: For what x / \
does f reach its local N A

maximum?

From the graph, f'(x) is positive for x<0, zero at x=0, and
negative for x>0, meaning the function increases
before 0 and decreases after. Therefore, the local

Question: How many
years have value less
than 10%?

To find how many years fall below 10%, we count the
bars under the 10% mark. From the data, the years
2011 (8.8%), 2014 (5.3%), 2018 (2.4%), and 2019 (-6.8%)

are below this threshold, giving a total of 4 years. 83
To find how many years fall below 10%, we simply

count the bars under the 10% mark. From the data, the
years 2011 (8.8%), 2014 (5.3%), 2017 (8.5%), 2018

Model  Mmaximum occurs atx =0. 8/3
e To find where f(x) reaches its local maximum, we look
"‘:‘ for the point where the graph changes from increasing
to decreasing. From the graph, this occurs at x = 3.
Merged  Thus, the local maximum is attained at 3.
Model Q\%)
o

Question: When does
the expenditure per
student in Jamaica
have the greatest
increase?

The largest increase in Jamaica’s expenditure per
student occurs between 2004 and 2005, where the

Base value rises sharply from about 38% to roughly 55%, a
Model jump of approximately 17 percentage points.
l@@ Jamaica’s expenditure per student shows its steepest
U increase from 2004 to 2005, where the graph displays
Merged a clear upward jump. Final value: 2005.
Model

A

&

(2.4%), and 2019 (-6.8%) are all below this threshold,
giving a total of 5 years. Q%)

@O 2 [N
*/C/@/A

We first have a black octagon, then a white hexagon,
then a white trapezoid. So the missing shape should be
a black trapezoid to continue both the color and shape
pattern. Answer: D.

Question: Can you find
the missing shape in this
picture puzzle?

The shapes follow a pattern in both color and number of sides:
a black octagon, then a white hexagon, then a white trapezoid.
The color alternates black-white-white, so the next should be

black, and the polygons decrease in sides (8 » 6 > 5). Thus, the
missing shape should be a black pentagon, which corresponds

to option A. v

Figure 6: More user cases

not only improves quantitative reasoning but also
shows stronger visual and numerical alignment and
pattern abstraction. Such gains demonstrate that
integrating reasoning-enhanced parameters enables
the MLLM to generalize more reliably across het-
erogeneous multimodal tasks.

6 Conclusion

In this work, we present a causal-analysis—guided
parameter merging framework to strengthen multi-
modal math reasoning without model fine-tuning.
Through causal attribution, we find that only a
sparse subset of parameters is truly responsible
for reasoning. Logical reasoning parameters trans-
fer more effectively than arithmetic ones. Param-
eters whose causal influence increases after math
post-training encode the most valuable reasoning
abilities for merging. Guided by these findings,
we selectively align and merge only the identi-
fied parameters into the MLLM, preserving general
multi-modal capabilities while improving reason-
ing performance. This work demonstrates that fine-
grained, interpretable parameter selection is cru-
cial for effective reasoning enhancement and pro-
vides a practical, training-free solution for building
stronger reasoning-aware MLLMs.

7 Limitation

Our framework primarily addresses models that
share the same architecture, which enables direct
alignment and merging of parameters. We leave
architecture-agnostic parameter mapping and cross-
structure model merging as future work.
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A More Experimental Results

A.1 Merging Math MLLM with Math LLM

We further evaluate the effectiveness of our ap-
proach by merging two math reasoning MLLMs
with their corresponding math LLMs, as reported
in table 2. We select two representative models, i.e.,
R1-VL-7B (Zhang et al., 2025a) and VL-Rethinker-
7B (Wang et al., 2026), both of which are en-
hanced through SFT and RL from a base MLLM
to strengthen visual reasoning. For R1-VL-7B, the
merged model yields consistent improvements on
MathVista, MMStar, and MMMU-Pro, indicating
that causally guided parameter selection effectively
amplifies its reasoning ability. Likewise, for VL-
Rethinker-7B, our merging strategy achieves higher
accuracy across all evaluated benchmarks, demon-
strating strong generalization across architectures
and task formats. These results collectively demon-
strate that reasoning-critical parameters identified
through causal analysis can be successfully trans-
ferred to further enhance mathematical reasoning,
while maintaining overall general reasoning ability.

Table 2: We merge Math MLLM with the math LLM
model. Bold represents the best performance.

B | RI-VL-7B | VL-Rethinker-7B
enchmarks

‘ Base Model Ours ‘ Base Model Ours
MathVista 60.2 61.1 72.7 74.6
MathVerse 37.6 38.5 51.7 52.1
DynaMath 38.9 39.2 55.3 55.5
MathVision 24.1 24.3 28.1 29.3
MMStar 57.8 58.3 63.5 64.7
MMMU Pro 23.2 24.6 36.8 37.8

A.2 Number of Merged Parameters

We compare the number of merging parameters
in fig. 7 using Qwen2.5-VL-7B-Instruct as an ex-
ample. General methods such as Task Arithmetic,
Ties Merging, and EMR Merging merge nearly the
entire model (6.5B parameters), while IP-Merging
still involves 1.8B parameters. In contrast, our
method merges only 0.63B parameters as it selec-
tively integrates only the reasoning critical circuits
identified by our causal analysis. This compact
merge footprint highlights the efficiency and preci-
sion of our approach.

A.3 Ablation Studies

We conduct ablations to analyze how the low-rank
merging dimension and the percent of causally se-
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Figure 7: Comparison of the number of merging param-
eters in different methods.
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Figure 8: (a) Ablation results of rank. (b) Ablation
results of the percentage of selected parameters.

lected parameters affect overall performance using
Qwen series models. As shown in fig. 8 (a), the
model is relatively stable across a wide range of
ranks/ Performance gradually improves from rank
64 to rank 1024, reaching the highest accuracy at
rank 1024, suggesting that moderate ranks provide
a better balance between information preservation
and noise suppression. When the rank becomes too
large (e.g., 2048 or 4096), accuracy slightly drops,
implying that overly large subspaces may reintro-
duce redundant or task-irrelevant components. In
fig. 8 (b), varying the top-k percentage reveals that
using a small subset of high-influence parameters
is most effective. Accuracy peaks at 2 percent, after
which including more parameters causes a small de-
cline, confirming that reasoning-critical parameters
form a sparse parameter subset.

B Detailed Experimental Settings

B.1 Datasets

We test our models on four math reasoning bench-
marks, i.e., MathVista (Lu et al., 2024), Math-
Verse (Zhang et al., 2025b), DynaMath (Zou
et al., 2025) and MathVision (Wang et al., 2024b),
two general reasoning benchmarks, i.e., MMMU
Pro (Yue et al., 2025) and MMStar (Chen et al.,
2024). All experiments are conducted using two
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Table 3: Results of different hyperparameters of baseline methods in different models.

LLaMA3-LLaVA-Next-8B

InternVL3-8B-Instruct

Qwen2.5-VL-7B-Instruct

Methods
MathVista MathVerse MathVision MMMU Pro | MathVista MathVerse MathVision MMMU Pro | MathVista MathVerse MathVision MMMU Pro
Task Vector
scale=0.1 31.8 17.6 13.6 7.9 25.6 1.7 5.0 0.8 32.0 16.9 153 9.4
scale=0.3 355 16.0 119 9.1 24.7 6.1 8.1 0.5 26.9 9.7 9.2 4.7
scale=0.5 32.8 10.6 11.0 9.8 27.1 9.7 8.2 1.8 239 1.5 8.7 3.8
scale=0.7 35.0 74 9.8 79 23.8 38 1.4 6.9 223 0.6 9 35
scale=0.9 314 32 9.9 8.5 225 1.5 6.9 2.1 21.7 0 6.2 1.9
Ties Merging
R=0.3, P=0.1 29.6 17.3 12.7 7.1 24.0 1.7 9.3 1.3 25 10.5 8.3 6.5
R=0.3,P=0.3 31.4 16.1 11.9 8.2 233 3.4 6.2 0.7 229 10.6 8.5 4.6
R=0.3, P=0.5 30.2 14.5 10.8 8.0 25.6 33 8.6 0.9 215 45 7.1 39
R=0.3,P=0.7 32.1 13.5 9.6 7.8 22.1 0.7 4.1 0.9 20.7 1.3 7.7 0.8
R=0.3, P=0.9 29.6 9.4 9.3 6.7 24.0 0.2 6.8 0.3 21.8 0.4 7.1 2.1
R=0.2, P=0.1 30.2 17.7 13.3 7.0 235 1.7 9.4 12 219 13.1 8.4 34
R=0.2,P=0.3 30.5 17.2 12.6 7.7 24.5 3.0 6.8 1.0 235 38 73 29
R=0.1, P=0.5 31.7 16.1 10.2 7.7 23.7 23 7.5 0.8 24.6 3.8 9.3 6.2
R=0.2, P=0.7 33.1 14.6 9.9 7.7 21.8 1.6 10.2 0.8 19.9 1.6 55 8.2
R=0.2, P=0.9 30.8 11.3 9.6 7.6 23.8 0.3 10.1 1.2 19.9 0 4.6 6.9
R=0.1, P=0.1 28.6 18.0 12.6 74 234 0.9 1.4 1.3 22,6 15.3 8.9 6.1
R=0.1,P=0.3 29.3 17.2 12.6 7.7 242 2.8 6.6 0.3 22.5 14.8 9.6 115
R=0.1, P=0.5 314 16.4 10.7 7.7 225 2.4 74 1.2 214 2.9 4.7 0.1
R=0.1, P=0.7 32.5 13.6 10.0 7.1 21.9 0.5 6.2 0.9 20.7 0 6.5 0.1
R=0.1,P=0.9 315 11.2 9.1 7.8 24.1 0.3 9.4 1.3 19.8 0 1.9 0.1
EMR Merging 38.1 19.3 13.1 12.3 23.7 10.7 9.9 5.6 49.2 30.1 18.8 21.1
IP Merging
sim=0.1 37.6 18.4 13.8 12.4 69.0 46.2 25.0 353 66.1 382 23.6 27.5
sim=0.3 36.4 18.1 14.6 12.4 69.3 46.1 26.3 353 66.9 38.7 25.7 27.6
sim=0.5 36.2 18.3 14.6 12.3 69.5 46.1 26.2 352 67.0 39.0 25.0 277
sim=0.7 36.8 18.4 14.2 12.2 69.4 45.8 25.8 349 67.6 38.4 24.0 275
sim=0.9 38.1 18.4 14.1 12.1 69.1 45.8 26.2 34.7 67.2 38.0 24.1 274
RTX 4090 gpus. model’s generalization capability by measur-

MathVista assesses the MLLMs’ multimodal
mathematical skills, the testing data can be
divided into five subsets: Figure Question An-
swering (FQA), Geometry Problem Solving
(GPS), Math Word Problems (MWP), Text-
book Question Answering (TQA), and Visual
Question Answering (VQA). For evaluation,
following (Lu et al., 2024; Shi et al., 2024),
we first employ GPT-4 to extract the predicted
choices or answers from responses, then re-
port the answer accuracy, which determines
whether the final answer matches the ground
truth.

MathVerse includes a diverse set of math
problems that require understanding and rea-
soning over both textual and visual informa-
tion, such as charts, diagrams, and equations.
The testing data can be divided into five sub-
sets, i.e., Text Dominant, Text Lite, Vision
Intensive, Vision Dominant and Vision Only.

DynaMath is a dynamic visual mathematics
benchmark developed for comprehensive eval-
uation of MLLM. It consists of 501 carefully
curated seed problems, each implemented as a
Python program, enabling the assessment of a
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ing its robustness across multiple input varia-
tions derived from the same underlying seed
question.

MathVision is a carefully constructed dataset
comprising 3,040 high-quality visual math-
ematics problems collected from real-world
math competitions. Covering 16 mathemat-
ical domains and organized into 5 difficulty
levels, it offers a broad and balanced bench-
mark for assessing the visual mathematical
reasoning capabilities of MLLMs.

MMMU Pro is an upgraded version of the
MMMU benchmark that provides a more
rigorous evaluation of advanced AI models
across multiple modalities. Compared with
the original MMMU, it introduces several en-
hancements that make the tasks more challeng-
ing and realistic, allowing us to better measure
a model’s true ability to understand and inte-
grate visual and textual information.

MMStar is a carefully curated multimodal
benchmark with 1,500 vision-dependent chal-
lenge samples designed to test six core ca-
pabilities and eighteen finer axes of LVLMs.
Samples are selected through an automated
pipeline and strict human review to ensure



true visual dependency, minimal data leakage,
and the need for advanced multimodal reason-
ing.

B.2 Details of Hyperparameter Selection

Following previous works in model merging (Ya-
dav et al., 2023; Huang et al., 2024), we adopt the
grid search for hyperparameters for the baseline
methods, specifically, we set the hyperparameters
based on the following range:

e Task Arithmetic (Ilharco et al., 2022) in-
volves the scaling coefficients for merged task
vectors, which are set ranging from [0.1, 0.3,
0.5, 0.7, 0.9].

* Ties Merging (Yadav et al., 2023) involves
the scaling coefficient and ratio to retain large
parameters, the scaling coefficients are set
ranging from [0.1, 0.3, 0.5, 0.7, 0.8, 0.9], ratio
to retain parameters with largest-magnitude
values: [0.1, 0.2, 0.3].

* EMR Merging (Huang et al., 2024) does not
involve specific hyperparameters.

* IP Merging involves the similarity threshold
to determine whether the layer should be se-
lected for merging, the similarity thresholds
are set ranging from [0.1, 0.3, 0.5, 0.7, 0.8,
0.9].

We show the results of different hyperparameters
of baseline methods in table 3. For Task Arithmetic,
the scale in the table represents the scaling factor.
For Ties Megring, “R" represents the retain rate and
“P" is the rescaling factor. EMR merging does not
invlove hyperparameters. The “sim" in IP merging
represents the similarity threshold.

B.3 Models and Comparison Methods

We employ the LLaVA series (Liu et al., 2023),
Qwen 2.5 series (Wang et al., 2024c) and In-
ternVL3 (Zhu et al., 2025) series as our base
MLLM. We use other fine-tuned Math LLMs such
as Deepseek-R1-distilled-Llama3 model, Qwen2.5-
Math models (Yang et al., 2024a) and Deepseek-
R1-distilled-Qwen model. The pretrained foun-
dation of Qwen series models is the Qwen-2.5
model (Wang et al., 2024c). The InternVL model is
trained based on the Qwen2.5 models. We use RTX
4090 GPUs for all of our experiments. We com-
pare our proposed methods with prevailing model
merging techniques:

* Base Model The performance of base MLLM
on three tasks, we reproduce the results with
the officially released code.

» Task Arithmetic (Ilharco et al., 2022) com-
bines all the task vectors extracted from the
models into one multi-task model.

* Ties Merging (Yadav et al., 2023) addresses
task inference by pruning redundant parame-
ters. The process involves three steps: Trim,
Elect Sign, and Disjoint Merge.

* EMR Merging (Huang et al., 2024) com-
putes one unified task vector and computes
task-specific masks based on a unified task
vector. The final task vector is computed by
combining all the masked task vectors and
weighting all the task vectors by rescaling pa-
rameters.

* JP Merging (Hu et al., 2026) uses svd based
approach to first select layers that are crucial
for model merging, then use rescaling and
projection to merge the model parameters se-
lectively.

We list the models used in the experiments in ta-
ble 4.
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Table 4: List of MLLMs and LLM:s.

Models Type Pretrained Base Model ~ Source LLM
LLaVA-Next-Llama3-8B MLLM Llama-3-8B Llama-3-8B
InternVL3-8B-Instruct MLLM Qwen2.5-7B Qwen2.5-7B
VL-Rethinker MLLM Qwen2.5-VL-7B-Instruct Qwen2.5-7B
R1-VL-7B MLLM  Qwen2-VL-7B-Instruct Qwen2-7B
Qwen2.5-VL-7B-Instruct MLLM Qwen2.5-7B Qwen2.5-7B
Qwen2.5-Math-7B-Instruct LLM Qwen2.5-7B Qwen2.5-7B
DeepSeek-R1-distilled-Qwen-7B LLM Qwen2.5-Math-7B Qwen2.5-7B
DeepSeek-R1-distilled-Llama-3-8B  LLM Llama-3-8B Llama-3-8B
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