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Abstract

Large Language Models (LLMs) with long chain-of-thought
(CoT) capability, termed Reasoning Models, demonstrate su-
perior intricate problem-solving abilities through multi-step
long CoT reasoning. To create a dual-capability model with
long CoT capability and domain-specific knowledge with-
out substantial computational and data costs, model merg-
ing emerges as a highly resource-efficient method. How-
ever, significant challenges lie in merging domain-specific
LLMs with long CoT ones since nowadays merging meth-
ods suffer from reasoning capability degradation, even gib-
berish output and output collapse. To overcome this, we intro-
duce RCP-Merging: Merging Long Chain-of-Thought Mod-
els with Domain-Specific Models by Considering Reasoning
Capability as Prior, a novel merging framework designed to
integrate domain-specific LLMs with long CoT capability,
meanwhile maintaining model performance in the original
domain. Treating reasoning model weights as foundational
prior, our method utilizes a reasoning capability indicator
to preserve core long CoT capability model weights while
selectively merging essential domain-specific weights. We
conducted extensive experiments on Qwen2.5-7B, Llama3.1-
8B, and Qwen2.5-1.5B models in BioMedicine and Finance
domains. Our results show that RCP-Merging successfully
merges a reasoning model with domain-specific ones, im-
proving domain task performance by 9.5% and 9.2% over
state-of-the-art methods, without significantly harming the
original long CoT reasoning capability.

Code — https://github.com/ZeroNLP/RCP-Merging
Datasets — https://github.com/ZeroNLP/RCP-Merging

Introduction

Large Language Models (LLMs) with long chain-of-thought
(CoT) capability, termed Reasoning Models, have demon-
strated exceptional performance on complex reasoning tasks
(Jaech et al. 2024; OpenAl 2025; Guo et al. 2025; xAl
2025). Mostly trained on verifiable tasks like code genera-
tion and mathematical reasoning, the results in Table 1 show
that the reasoning model demonstrates relatively weak per-
formance compared with models that specifically fine-tune
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Figure 1: Performance comparison of RCP-Merging
and other methods in merging Qwen2.5-7B, Meditron3-
Qwen2.5-7B, and DeepSeek-R1-Distill-Qwen-7B on eight
datasets in Math, Code, BioMedicine, and Knowledge ar-
eas.

on a certain domain. However, long CoT’s multi-step rea-
soning deduction is critical for complex problem-solving
in specific domains like BioMedicine and Finance, extend-
ing beyond simple information retrieval (Cui et al. 2025;
Tang et al. 2025). Moreover, the scarcity of models specifi-
cally trained for these fields remains a key challenge. This
difficulty stems from current long CoT realization rely-
ing on additional training, which introduces challenges like
catastrophic forgetting, inefficient resource allocation, not to
mention the inherent difficulty in obtaining high-quality do-
main reasoning data (Dong et al. 2025; Zeng et al. 2025).
Fortunately, model merging (Li et al. 2023; Ilharco et al.
2023; Yang et al. 2024a) has recently emerged as a resource-
efficient technique to create a single model with dual ca-
pabilities without requiring extra training data. However, a



significant gap exists that current model merging focuses
on combining models for certain domains, such as merg-
ing a model specialized in General Knowledge with one for
Chinese. As results show in the LiveCodeBench (Jain et al.
2024) and AIME (Veeraboina 2023) datasets in Figure 1,
trying to merge a reasoning model with a domain-specific
one often leads to a collapse of the output and a sharp per-
formance decline. Therefore, it is highly valuable to find
a method that can successfully integrate a domain-specific
model with a reasoning model and subsequently boost the
merged model’s performance on its original domain-specific
tasks.

To tackle this problem, existing merging methods often
struggle to preserve long CoT capabilities when integrating
reasoning models with domain-specific ones. For instance,
some methods (Ilharco et al. 2023; Wan et al. 2024) operate
under the assumption that larger weights are more impor-
tant. By trimming the smaller weights (Yadav et al. 2023) or
rescaling the larger weights (Yu et al. 2024), these methods
create significant risks as the large-magnitude weights from
a domain-specific model can easily overwrite the smaller,
yet more critical weights for long CoT capability. Other
works (Liu et al. 2025; Nobari et al. 2025) utilize the prod-
uct of weight magnitude and its gradient on a certain domain
to identify how crucial the model weight is. Some do this by
identifying key neurons to preserve crucial knowledge (Ma
et al. 2025) while others resolve knowledge conflicts before
merging (Sun et al. 2025a,b). However, domain-specific gra-
dient is not a suitable proxy for long CoT, as they often track
performance adjustments on certain domains instead of the
multi-step reasoning deduction that is crucial for long CoT
capability. These superficial gradients make it challenging to
identify and preserve the specific weights that are essential
to long CoT capability (Thapa et al. 2025; Hao et al. 2025;
Zeng et al. 2025). Consequently, merged models through
these methods inadvertently compromise long CoT capabil-
ity. Moreover, as shown in Figure 3, these models lead to
the generation of non-sensical gibberish outputs, highlight-
ing the primary challenge of improving performance in a
specific domain without sacrificing long CoT capability.

Motivated by this objective, we propose our core method:
Merging Long Chain-of-Thought Models with Domain-
Specific Models by Considering Reasoning Capability as
Prior (RCP-Merging) RCP-Merging is a framework de-
signed to equip a domain-specific model with long CoT
capability by merging with a reasoning model and further
boosting the merged model’s performance on its original
domain-specific tasks. The cornerstone of our method is the
Reasoning Preservation Indicator. Instead of relying on
conventional methods focusing on the gradient of loss on
a certain domain and the magnitude of model weight, our
method treats the model’s long CoT capabilities as a guid-
ing principle for the merge. It conceptually views reasoning
model’s parameters as a stable prior, constraining updates
that would significantly deviate from this established reason-
ing foundation using the Fisher Information Matrix (Fisher
1925) gained from each calibration data. This ensures that
as the model acquires new domain-specific knowledge, it
is given an indicator for each model weight to ensure the
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merged weight does not greatly harm the long CoT capabil-
ity, consistently preventing catastrophic forgetting, gibberish
output, and long CoT capability degradation that emerged
from previous methods. Our framework complements this
with Domain Knowledge Sensitivity to identify and re-
tain important domain-specific weights. Finally, Reasoning-
preserved Merging step synthesizes these factors, utilizing
both the reasoning preservation matrix and domain sensi-
tivity as a comprehensive guide to select the most critical
parameters for the final model, achieving a robust balance
between domain-specific knowledge and long CoT capabil-
ity.

We demonstrate that RCP-Merging, requiring only a
small number of open-source calibration samples, can ef-
fectively integrate long CoT reasoning capabilities into
a domain-specific model. Through extensive experiments
across various tasks and model architectures like Qwen2.5
(Qwen 2024) and Llama3.1 (Grattafiori et al. 2024), our
method consistently produces merged models that not only
preserve domain-specific expertise but also exhibit sur-
prisingly long CoT capabilities when addressing domain-
specific questions, ultimately elevating their performance in
certain domains. Notably, the average performance of the
merged model on eight datasets improves by 9.5% and 9.2%
compared with the state-of-the-art method on BioMedicine
and Finance domains, respectively. Moreover, though model
merging aims to find a comprehensive model that com-
promises the performance of original models, our method
improved performance by 4.5% and 0.7% on PubMedQA
and MedQA datasets (Jin et al. 2019, 2020), respectively,
and improved performance by 0.5% on ConvFinQA dataset
(Cheng, Huang, and Wei 2024) compared to the original
domain-specific models. To sum up, our contributions in-
clude:

* We propose a novel model merging framework, RCP-
Merging, which effectively integrates a domain-specific
model with a long CoT reasoning model by treating rea-
soning ability as a prior.

* We conduct extensive experiments across multiple
benchmarks, demonstrating that RCP-Merging surpasses
existing methods by preserving both specialized knowl-
edge and long-CoT reasoning capabilities.

Results surprisingly demonstrate that models merged via
RCP-Merging exhibit emergent long CoT reasoning ca-
pabilities within model outputs when handling domain-
specific problems.

Related Work

Model merging (Goddard et al. 2024a; Yang et al. 2024a;
Ruan et al. 2025; Li et al. 2023) aims to combine multi-
ple specialized models into a single, powerful model without
costly retraining (Ilharco et al. 2023; Yadav et al. 2023; Yang
et al. 2024b). Existing approaches can be broadly catego-
rized based on the information they use to determine how pa-
rameters are combined: magnitude-based methods that oper-
ate directly on parameter values, and activation-based meth-
ods that leverage model outputs or gradients on calibration
data.



Magnitude-Based Methods

Magnitude-based methods merge models by performing
arithmetic operations directly on their weight parameters or
task vectors, often using parameter magnitude as a proxy for
importance.

A foundational approach is simple Linear or weight av-
eraging, which calculates the element-wise mean of the pa-
rameters of all models to be merged (Izmailov et al. 2018).
Task Arithmetic (Ilharco et al. 2023) refines this by first
computing task vectors, defined as the difference between
fine-tuned and pre-trained weights (6, = 07 — 0p,). These
vectors, representing task-specific knowledge, are then com-
bined through arithmetic operations like addition or negation
before being applied to the base model.

To mitigate interference between task vectors, several
methods have been proposed. TIES-Merging (Yadav et al.
2023) introduces a three-step process: it trims each task vec-
tor by retaining only a top-k of high-magnitude parameters
and resetting the rest to zero, then elects a single, dominant
sign for each parameter across all task vectors. DARE (Yu
et al. 2024) and PCB-Merging (Du et al. 2024) adjust model
weights to reduce task conflicts by randomly dropping a ra-
tio of weights and rescaling the remaining ones. FuseLLM
(Wan et al. 2024) operates by leveraging the generative prob-
ability distributions of diverse source LLMs to externalize
their knowledge, which is then transferred to a single target
model through a lightweight continual training phase.

A primary drawback of magnitude-based methods is their
assumption that parameter magnitude equates to impor-
tance. This can lead to the retention of high-magnitude pa-
rameters that are harmful to other models, causing signifi-
cant knowledge conflicts and degrading the performance of
the merged model.

Activation-Based Methods

To address the limitations of magnitude-based approaches,
activation-based methods leverage data-driven signals, such
as model activations or gradients on a small calibration set,
to obtain a more nuanced understanding of parameter impor-
tance (Springenberg et al. 2015; Michel, Levy, and Neubig
2019; Maini et al. 2023; Liu et al. 2024).

Sens-Merging (Liu et al. 2025) operates at two levels to
perform task-specific analysis to identify the sensitivity of
each layer and evaluate cross-task transferability between
different models on a calibration dataset. CAT-Merging (Sun
et al. 2025a) directly tackles knowledge conflict (Sun et al.
2025b) by identifying and trimming conflict-prone compo-
nents from task vectors. Using a few unlabeled examples,
it computes layer-specific projection operators for linear
weights and masks for normalization parameters to resolve
interference before merging.

Moreover, Fisher Merging (Matena and Raffel 2022) and
RegMean (Jin et al. 2023) using Fisher Information Matrix
to determine parameter importance or utilizing local regres-
sion for model merging; however, these approaches are char-
acterized by high computational complexity. Other methods,
such as Activation-Informed Merging (AIM) (Nobari et al.
2025) and LED-Merging (Ma et al. 2025) utilize activations
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to guide the merging process, offering ways to find neurons
that are crucial to certain domains.

While these activation-based methods can more effec-
tively mitigate the knowledge conflicts seen in magnitude-
based approaches, they have their own limitations since the
gradient-based evaluation is hard to capture the complex, se-
quential reasoning patterns within the model’s weight.

Preliminary

Task Vector. We adopt the concept of task vectors from
the field of model merging. A task vector, d, represents the
knowledge acquired by a model during fine-tuning for a
specific task. It is computed as the difference between the
weights of the fine-tuned model and base model, ;, where ¢
represents the domain-specific task. The weights of the orig-
inal pre-trained base model is represented by 0,,..:

5t = 6‘,5 - 9W67 fort € {1, ,T} (1)

In our framework, we define a task vector for each domain-
specific model, 6; = 6; — 0,,., and a task vector for the
reasoning model, 6, = 6, — 0,,., where 6, and 0, are the
weights of the domain-specialized model and the long-chain
reasoning model, respectively. Task vector-based merging
combines these task vectors into a single, static model:

T
gmerged = epre + Z A 5157
t=1
where the coefficient A\ represents the importance of each
merged task vector.

2

Fisher Information Matrix. The Fisher Information Ma-
trix (FIM) is a fundamental concept in information geometry
that quantifies the amount of information an observable ran-
dom variable, x, carries about an unknown parameter, ¢, of
a statistical model. For a model with parameters 6, the FIM
element F'(6);; is defined as the expected value of the outer
product of the gradients of the log-likelihood function, the
(4, j)-th element of the matrix can be denoted as:

FO)s = Bunptan | (5 10u0(al0)) (5 080ta10) ).
3)

This can also be expressed as the negative expected value of
the Hessian of the log-likelihood:

In the context of autoregressive tasks where the loss func-
tion £(0,x) is the negative log-likelihood, i.e., £(6, x)
—logp(x|@), the diagonal elements F; of the FIM can be
approximated by the expected squared gradient of the loss
function. For a single i-th diagonal parameter 6; and a
dataset D,., this approximation is:

= Eq4p, [(91.0)%] ;

oL, d)\>
S

00;
where g; ; is the gradient of the loss with respect to the pa-

rameter 6’ for a given data sample d. This approximation is
pivotal for calculating our reasoning capability indicator.

2
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Figure 2: RCP-Merging consists of three stages. (1) Domain Knowledge Sensitivity. This step quantifies each weight’s impor-
tance for a specific domain by measuring the change in model loss when that weight is removed. (2) Reasoning Preservation
Indicator. To protect the model’s core reasoning capabilities, this stage applies a preservation term to weights that are crucial
for reasoning. (3) Reasoning-preserved Merging. The final stage balances domain sensitivity and the reasoning preserving
matrix, merging only the weights that enhance domain knowledge without harming reasoning capabilities.

Methodology

Our methodology is designed to merge models by integrat-
ing domain-specific knowledge while preserving long CoT
capability. This is achieved by first identifying parameters
crucial for domain-specific tasks and then applying a preser-
vation term derived from the Bayesian rule to mitigate the
degradation of reasoning abilities. The final model is con-
structed by selectively merging domain-specific task vectors
based on a reasoning-aware constraint matrix, as shown in
Figure 2.

Domain Knowledge Sensitivity

To quantify the importance of each parameter on the
domain-specific model for a task ¢, by setting the corre-
sponding model as the domain-specific task model 6;, we
introduce the concept of Domain Knowledge Sensitivity,
S} - This metric measures the impact on the model’s per-
formance when a particular weight is nullified.

Given a domain-specific model with parameters 6,
[01,02,...,0N] and a calibration dataset {D;}, the sensi-
tivity of the i-th parameter 6} with respect to a data sample
d¥ € Dy is defined as the change in the loss function:

= [£(6:) 0;)]

where 6 is a vector with only the i-th parameter being non-
ZEero.

For computational efficiency, we approximate this value
using a first-order Taylor expansion. This simplifies sensi-
tivity to the product of the parameter and its corresponding

Stk — L(0; - (6)

d=dk
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gradient, g; &= Og(g‘), as follows:
OLO) i
f,k ~ — b ~ ||gf,dk. 04l g—ar- N
26! s

A lower sensitivity score indicates that the parameter 6 con-
tributes positively to the model’s performance in the specific
domain, as its presence reduces the loss.

Reasoning Preservation Indicator

To prevent the primary drawback of output collapse emerg-
ing from previous methods when merging with reasoning
models, we introduce a preserving function to indicate im-
portant weights in the model merging process. Inspired
by Kirkpatrick et al. (2016), we adopt the Bayesian rule
where the reasoning model’s parameter distribution serves
as a prior for the posterior distribution of the final merged
model’s parameters. Our goal is to find the parameters
0, that maximize the posterior probability (MAP estima-
tion), which is equivalent to minimizing the negative log-
posterior:

log P(0:|Dy)].  (8)

Opap = arg I%in[* log P(Dy|0;) —
t

The term — log P(6;|D,.) acts as a regularization term, dis-
couraging the parameters from deviating significantly from
the optimal weights learned on the reasoning task, which we
denote as 6.

However, directly computing the true posterior P(6;|D,.)
is intractable for complex neural networks. To address this,
we employ the Laplace approximation, which approximates



the posterior with a Gaussian distribution centered at the
mode 0: P(6,|D,) ~ N(0,|0;, F,~!). The precision ma-
trix of this Gaussian is the Fisher Information Matrix (FIM),
F’., which measures the curvature of the log-likelihood land-
scape. The probability density function is:

Fr 1/2 1 . .
(|27r|)k/2 exp (—2(9t —0;)" F.(6, — 9r)) :
9

By taking the natural logarithm and discarding terms that
are constant with respect to 6;, we simplify the expression
for optimization purposes. This yields a tractable form for
the log-posterior preservation matrix:

P(6:|Dy) =~

log P(6:| D) ~ _%(et —OYTR (0 —07).  (10)
This quadratic term measures how much the updated param-
eters 6, have diverged from the reasoning-optimal parame-
ters 0, weighted by the FIM F,.. A higher value in F;. for a
certain parameter indicates its importance for the reasoning
task, and thus incurs a larger preservation for any deviation.

To make this computation more feasible, we assume a di-
agonal FIM. As shown in Equation 5, this simplifies p,it into
a sum of per-parameter contributions, where for each param-
eter 0}, the penalty is log P(0}|D,) ~ —3F,.(0; — 0; ;)%
The i-th diagonal elements of the FIM, F}. ;;, can be approx-
imated by the average of the squared gradients over the cal-
ibration reasoning dataset D,. = {d} ,{y;l. Combining these
steps, we define the final reasoning preservation indicating
matrix pi’t for each parameter 6° as:

. (11)

i
pr,t -

1 X . .
TON. Z(gf,dk)Q(@i - 95)2
" k=1

Here, g/, is the gradient of the loss for sample dj with

respect to parameter 6%. This metrics quantifies how much
the new parameter 0; impairs the model’s reasoning ability.

Reasoning-preserved Merging

To integrate domain knowledge while preserving core rea-
soning skills, we propose reasoning-aware merging strat-
egy. We implement this by defining a Constraint metric Cir, ,i
for each parameter 6; to quantify the importance of long
CoT capability, combining its Domain Knowledge Sensitiv-
ity (S; 1) and Reasoning Capability Indicator (pfﬂ’t):
Cii =Stk + M by (12)

Here, the hyperparameter A, balances the trade-off between
domain performance and long CoT capability preservation.

Next, we filter parameter updates using a majority vote
criterion. An update for parameter 6! is accepted if the num-
ber NV of data samples in the domain dataset D; yielding a
negative conflict score is greater than the number NV of those
yielding a non-negative one:

Update 6; if N(C[y <0)> N(Ciy >0). (13)

This condition generates a binary mask M € {0,1}%,
where M, = 1 signifies an accepted update for the corre-
sponding parameter.
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Finally, we use this mask to create a filtered domain-
specific task vector, (5{ itered ' \ia an element-wise product
with the original task vector §; = 6; — ... The final model
weights, O,,¢rged, are then obtained by adding the complete
reasoning vector 9, and the weighted sum of these filtered
task vectors to the pre-trained weights 6,,.:

5tfiltered Mo §t7 (14)

T
omerged = 91)7‘6 + 57‘ + Z /\t . 5tletered’ (15)
t=1

where 7" is the number of domain-specific tasks and \; are
scaling coefficients. This approach ensures the model ben-
efits from domain-specific knowledge while robustly main-
taining its reasoning abilities.

Experiment
Experimental Setup

Baselines. We compare RCP-Merging with multiple
merging baselines: Average (Izmailov et al. 2018), Task
Arithmetic (Ilharco et al. 2023), TIES-Merging (Yadav
et al. 2023), DARE-Merging, DARE-Merging with TIES
(Yu et al. 2024), FuseLLM (Wan et al. 2024), FuseLLM
with AIM, DARE TIES with AIM (Nobari et al. 2025),
Sens-Merging (Liu et al. 2025), and CAT-Merging (Sun
et al. 2025a). We utilize mergekit (Goddard et al. 2024b) as
merging tools for baseline methods.

Datasets&Metrics. We assess merged model perfor-
mance through four pillars: (1) Mathematical reasoning
(Math) via GSM8k (Cobbe et al. 2021) and AIME2024
(Veeraboina 2023) (Accuracyt with CoT); (2) Code genera-
tion (Code) evaluated by HumanEval (Chen et al. 2021) and
LiveCodeBench (Jain et al. 2024) (Pass@17); (3) Medical
question answering (BioMedicine) through PubMedQA (Jin
et al. 2019) and MedQA (Jin et al. 2020) (Accuracy?); (4)
General knowledge question answering with ARC-C (Clark
et al. 2018) and GPQA (Rein et al. 2023) (Accuracy?).

Models. The experiment involves a set of models built
upon the Qwen2.5-7B (Qwen 2024) Base model architec-
ture. The domain-specific model is Meditron3-Qwen2.5-7B
(Chen et al. 2023) for BioMedicine, and the Reasoning
model is DeepSeek-R1-Distill-Qwen-7B (Guo et al. 2025).

RCP-Merging’s Superior Performance

RCP-Merging achieves a SOTA average performance of
49.4 on the BioMedicine domain, surpassing all baselines
by superiorly balancing domain expertise and reasoning ca-
pabilities, as shown in Table 1. It obtains top scores of 55.5
on PubMedQA and 54.1 on MedQA, effectively integrating
domain knowledge. Simultaneously, it enhances reasoning,
achieving state-of-the-art performance among merged mod-
els in Math, with scores of 84.3 on GSM8K and 33.3 on
AIME2024, and in Code, scoring 71.3 on HumanEval. This
highlights RCP-Merging’s unique effectiveness, as baseline
methods typically sacrifice reasoning for domain perfor-
mance.



Method/Task ‘ Math ‘

Code |

BioMedicine | Knowledge

‘ Average

| GSMSK AIME2024 | HumanEval LiveCodeBench | PubMedQA MedQA | ARC-C GPOQA |
Base 69.4 0.0 50.6 12.4 32.5 22.9 60.9 7.6 32.0
BioMedicine 81.5 0.0 54.3 2.2 51.0 53.5 74.9 9.6 40.9
Reasoning 86.7 56.7 76.6 29.8 38.0 30.2 76.5 15.2 51.2
Linear 46.4 0.0 32.3 2.8 34.0 20.2 32.6 15.7 23.0
Task Arithmetic 63.5 0.0 21.3 2.8 31.0 39.3 27.7 14.7 25.0
TIES-Merging 40.6 0.0 39.6 1.3 22.5 22.5 25.8 1.0 19.2
DARE Linear 70.2 0.0 494 2.5 31.5 37.3 29.5 14.7 294
DARE TIES 43.1 0.0 38.4 4.3 24.5 41.4 24.6 8.6 23.1
FuseLLM 41.5 26.7 53.7 5.0 35.0 27.3 57.2 9.6 32.0
DARE TIES AIM | 37.8 0.0 18.9 0.4 22.0 19.3 24.2 2.0 15.6
FuseLLM AIM 40.3 20.0 26.2 3.8 20.5 25.5 57.8 7.6 25.2
Sens-Merging 79.8 16.7 53.0 21.7 34.0 46.6 59.4 8.1 39.9
CAT-Merging 60.7 10.0 39.0 20.1 39.0 40.4 60.7 8.1 34.8
RCP-Merging 84.3 333 71.3 18.4 55.5 54.1 82.5 15.7 49.4

Table 1: Performance comparison of merging Qwen2.5-7B (Base), Meditron3-Qwen2.5-7B (BioMedicine) and DeepSeek-R1-
Distill-Qwen-7B (Reasoning) on all datasets. Best performance of all merging methods on each dataset is highlighted in bold.
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Figure 3: Gibberish rate comparison for merging Qwen2.5-7B (Base), Meditron3-Qwen2.5-7B (BioMedicine), and DeepSeek-
R1-Distill-Qwen-7B (Reasoning) on all datasets, where a lower rate indicates higher-quality content.

RCP-Merging’s Output Stability. To address model sta-
bility, we measure gibberish rate: the frequency of nonsensi-
cal outputs identified by a GPT4 evaluator (OpenAlI 2023) to
validate genuine performance against output degeneration.
As shown in Figure 3, RCP-Merging demonstrates superior
stability, achieving a low 14.3% average gibberish rate of
0% on PubMedQA and 5.8% on MedQA. This starkly con-
trasts with baseline methods like 82.3% on TIES and 79.5%
on DARE TIES AIM, which suffer from significant output
collapse. This confirms RCP-Merging’s robust performance
stems from genuine capability integration.

Different Domain-specific Task. To verify generalizabil-
ity, we shifted the domain from BioMedicine to Finance,
merging the WiroAl-Finance-Qwen-7B model with the
same Base and Reasoning models. Shown in Table 2, RCP-
Merging achieved the highest average score of 72.2, outper-
forming baselines across all benchmarks: ConvFinQA (Fi-
nance) (Cheng, Huang, and Wei 2024), GSM8k (Math), Hu-
manEval (Code), and ARC-C (Knowledge). This result con-
firms our method’s cross-domain scalability and its ability
to balance domain knowledge with long-CoT capabilities.

Method/Task | Math Code Fin. Know.|Avg.
Base 694 50.6 503 609 |57.8
Finance 502 1.2 587 479 |395
Reasoning 86.7 76.8 362 76.5 |69.1
Linear 16.6 323 34.0 27.7 |27.7
Task Arithmetic 84 396 174 433 [272
TIES-Merging 7.2 213 18.8 42.0 |223
DARE Linear 84 494 17.7 43.1 [29.7
DARE TIES 7.6 384 184 43.6 |27.0
FuseLLM 74 537 184 42.7 |30.6
DARETIES AIM| 6.4 189 19.7 46.5 |229
FuseLLM AIM 53 262 204 47.1 |248
Sens-Merging 60.7 53.7 42 25.8 |36.1
CAT-Merging 60.7 39.0 10.1 24.8 |33.7
RCP-Merging 82.0 713 592 764 |72.2

Table 2: Performance comparison of merging Qwen2.5-
7B (Base), WiroAl-Finance-Qwen-7B (Finance) and
DeepSeek-R1-Distill-Qwen-7B  (Reasoning) on four
datasets across Math, Code, Finance and Knowledge areas.
Best performance of all merging methods on each dataset is
highlighted in bold.
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Different Model Architecture

RCP-Merging demonstrates consistent performance across
different architectures. We have verified this by conduct-
ing experiments on the Llama3.1-8B based models, which
is distinct from our primary setup. In this alternative config-
uration, we used Llama3.1-8B (Grattafiori et al. 2024) as the
Base model, Llama3-OpenBioLLM-8B (Ankit Pal 2024) as
the BioMedicine model, and DeepSeek-R1-Distill-Llama-
8B (Guo et al. 2025) as the Reasoning model.

We use GSMS8k, HumanEval, ARC-C and PubMedQA
to indicate the performance of different merge methods on
Math, Code, Knowledge and BioMedicine domain. As the
results in Table 3, RCP-Merging achieves the best aver-
age score of 68.3 among all merging methods. Although
FuseLLM AIM shows a slightly better score in the specific
BioMedicine domain, RCP-Merging has the best overall ca-
pability.

Method/Task  |Math Code BioMed. Know.|Avg.
Base 609 427 550 60.7 |54.8
BioMedicine 394 378 58.0 56.0 |47.8
Reasoning 68.8 89.6 51.5 84.0 |73.5
Linear 32 372 31.0 59.0 |32.6
Task Arithmetic | 55.3 482  23.0 459 |43.1
TIES-Merging 47.5 40.2 53.5 62.2 |50.9
DARE Linear 583 402 230 459 |41.9
DARE TIES 456 476 32.5 22.2 137.0
FuseLLM 488 61.0 555 53.3 |54.7
DARE TIES AIM | 38.1 494 13.0 26.0 |31.6
FuseLLM AIM 56.1 59.8 575 59.3 |58.2
Sens-Merging 65.7 46.3 55.5 65.5 |58.3
CAT-Merging 625 555 540 64.3 |59.1
RCP-Merging 67.2 732 57.0 75.8 | 68.3

Table 3: Performance comparison of merging Llama-
3.1-8B (Base), Llama3-OpenBioLLM-8B (BioMedicine)
and DeepSeek-R1-Distill-Llama-8B (Reasoning) on four
datasets across Math, Code, BioMedicine, and Knowledge
areas. Best performance of all merging methods on each
dataset is highlighted in bold.

Hypterparameter Analysis

We performed a hyperparameter search for the reasoning-
preserving coefficient A on the Qwen2.5-7B architecture to
balance domain-specific knowledge integration with foun-
dational reasoning. As detailed in Figure 3, our results iden-
tify A = 0.3 as optimal for the 7B model. This value
yields peak performance on the BioMedicine Benchmark
with 55.5% on PubMedQA and 54.2% on MedQA in Fig-
ure 4(a) while maintaining high accuracy on reasoning tasks
like GSM8k and HumanEval in Figure 4(b).

Ablation Study

This section performs an ablation study to evaluate the ef-
fectiveness of the parameter-specific trimming techniques in
RCP-Merging, including the pruning of Knowledge Sensi-
tivity and Reasoning Preservation. As results shown in Ta-
ble 4, excluding Domain Sensitivity (w/o Domain Sensi-
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Figure 4: Hyperparameter Analysis. Performance com-
parison when merging Qwen2.5-7B (Base), Meditron3-
Qwen2.5-7B (BioMedicine), and DeepSeek-R1-Distill-
Qwen-7B (Reasoning) on BioMedicine (Figure 4(a))
and Reasoning (Figure 4(b)) benchmarks using different
reasoning-preserving coefficients \.

tivity) causes the average score to drop significantly from
68.3 to 48.7. The effect is even more severe when removing
the Reasoning Preservation (w/o Reasoning Preservation),
which plunges the average score to 41.4. These results un-
derscore that both trimming strategies are indispensable.

Method/Task |Math Code BioMed. Know. | Avg.

Base 609 427 550 60.7 |54.8
BioMedicine | 39.4 37.8  58.0 56.0 |47.8
Reasoning 68.8 89.6 515 84.0 |73.5
w/o Domain 584 56.1 33.0 474 [48.7
w/o Reason. 57.1 372 305 409 |41.4
RCP-Merging| 67.2 732 57.0 75.8 |68.3

Table 4: Ablation Study. Performance comparison when
merging Qwen2.5-7B (Base), Meditron3-Qwen2.5-7B
(BioMedicine) and DeepSeek-R1-Distill-Qwen-7B (Rea-
soning) on four datasets across Math, Code, BioMedicine,
and Knowledge areas. The best performance under certain
dataset is highlighted in bold.

Conclusion

We propose a novel model merging framework, RCP-
Merging, which effectively integrates domain-specific mod-
els with long-chain-of-thought reasoning models by treat-
ing reasoning ability as a prior. Our method applies a rea-
soning capability penalty to preserve core reasoning param-
eters while selectively merging essential domain-specific
weights. Notably, RCP-Merging enhances performance in
the BioMedicine and Finance domains by 9.5% and 9.2%
respectively, compared to state-of-the-art methods. Our
approach creates powerful, unified models that excel in
both domain-specific knowledge and general long-chain-of-
thought reasoning, effectively addressing the challenge of
balancing domain performance with reasoning capability.
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