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Abstract

Domain-specific large language models
(LLMs) have gained success in respective
areas. However, achieving equivalently
remarkable performances with an all-in-one
model remains challenging due to the need
for proprietary data and high computational
costs. In this work, we propose a resource-
friendly unconstrained framework to fuse
multiple expert models into a single LLM
focusing on reasoning tasks. It overcomes
the limitations of model architecture and
size, which often required unification in
previous studies. Specifically, homogeneous
models are integrated by merging through
a fine-grained layer-wise weight strategy,
while heterogeneous model are integrated by
fusion built upon the probabilistic distribution
knowledge derived from instruction-response
fine-tuning data. We verify the effectiveness
of our method across 7 benchmarks and 9
reasoning-optimized LLMs. Results show
that the merged model displays composite
reasoning capabilities of logical inference
over complex relationships and multi-step
problem solving. The proposed unconstrained
model-merging framework can serve as a
foundation for decentralized LLMs, enhancing
wider participation, and stimulating additional
advancement in the field of artificial intelli-
gence. Our models will be open-sourced at
https://anonymous.4open.science/status/Model-
Fusion-D853.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in many fields,
equipped with emerging abilities that arise with
larger scale and diverse training data. Efforts by
different organizations to develop domain-specific
LLMs specialized for downstream tasks have
yielded significant results. The results are particu-
larly impressive for reasoning tasks, which in the

context of LLMs relate to the ability to perform log-
ical inference, understand complex relationships,
and solve problems requiring multistep thought
processes, e.g., natural language reasoning, code
programming, mathematical problem solving with
or without tools. However, applications in many
other domains might require a combination of these
abilities. For example, on educational platforms
or automated theorem proving, an LLM needs to
comprehend complex mathematical concepts, rea-
son through problems, and generate correct and
efficient code solutions. An intuitive solution is
to aggregate the datasets used to train these spe-
cialized LLMs and develop a more comprehensive
general-purpose model. However, this approach
could be impractical due to the enormous computa-
tional resources and human labor required. More-
over, the proprietary or sensitive nature of the data
used to train individual models frequently restricts
access, limiting the feasibility of data-centric meth-
ods. Therefore, there is a pressing need for ef-
ficiently building large models over off-the-shelf
models (MoM), combining abilities without retrain-
ing or access to the original training data.

Model fusion has emerged as a promising avenue
to address this challenge. Fusion migrates ca-
pabilities of other models to a designated pivot.
Methods such as CALM (Bansal et al., 2024) and
FUSELLM (Wan et al., 2024a), explore cross-
attention mechanisms and probabilistic distribution
alignment to integrate heterogeneous architectures.
Model merging as a specific variation of fusion
enables more convenient model processing in the
same domain. Early approaches, such as weight
averaging (Utans, 1996; Smith and Gashler, 2017),
laid the foundation for techniques such as Linear
Mode Connectivity (LMC) (Garipov et al., 2018),
which facilitates the merging of models trained
from a common base. Methods like Model Soups
(Wortsman et al., 2022) and Task Arithmetic (II-
harco et al., 2022) further exploit these principles
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Figure 1: The framework on unconstrained model fu-
sion. We first establish a robust evaluator and select
the top-ranking domain-specific small models (DSSMs)
with the strongest math or coding abilities. For uncon-
strained model fusion, we apply the CMA-ES algorithm
to search for optimal parameters for homogeneous mod-
els, and leverage instruction-response distribution-based
fusion for heterogeneous LLMs.

by averaging weights or performing arithmetic op-
erations on task-specific vectors. More advanced
strategies such as TIES (Yadav et al., 2023) and
Git-Rebasin (Ainsworth et al., 2022) address chal-
lenges related to permutation symmetries, enabling
the alignment of models with differing initializa-
tions. Despite their progress, the specific chal-
lenges of model fusion without strict constraints
to improve LLLM reasoning — particularly across
text, mathematics, and code reasoning tasks and
under varying architectures and model sizes — have
not been thoroughly investigated, leaving a gap
in understanding LLM reasoning enhancement un-
der model merging without incurring significant re-
source costs. Although CALM also involves code
generation capabilities, the parameters of models
in CALM remain frozen, and only additional pa-
rameters are learned. CALM requires projection
and cross-attention components between the pivot
model and source models, which sometimes lim-
its its flexibility. In contrast, our merging and fu-
sion methods allow for the adjustment of all model
parameters, leading to more thorough integration.
This approach holds greater potential for future
integrations of multiple source models and inherit-
ing capabilities from source models across various
domains.

In this paper, we propose a comprehensive frame-
work for unconstrained model fusion (UMF) that
accommodates both homogeneous and heteroge-
neous architectures, with a particular focus on rea-
soning tasks such as text, math, and code reasoning.
For homogeneous LLMs, we perform parameter-
level merging of LLMs through two approaches,

TIES-Merging and Task Arithmetic (Yadav et al.,
2024; Ilharco et al., 2022). In comparison, for
heterogeneous LL.Ms with different architectures
and sizes, we integrate their diverse knowledge
through probabilistic distribution matrices derived
from instruction-response pairs in the fine-tuning
dataset.

We conduct extensive evaluations across 7 bench-
marks and 9 state-of-the-art reasoning-optimized
LLMs to verify the effectiveness of the proposed
framework. The results demonstrate that LLM fu-
sion can lead to the acquirement of combinatorial
capabilities which preserve the expertise capacities
from the original models. This is supported by the
example of merging mathematical and coding mod-
els, which ultimately brings "coding with math-
ematical thinking" ability to the original model,
enhancing both mathematical and coding abilities.
To summarize, this work makes the following key
contributions:

* We introduce an unconstrained model fusion
framework that has been fully validated in
resource-limited scenarios, requiring only a small
amount of training data.

* We are one of the first to conduct homogeneous
model merging in the reasoning-related domains.
The merged models basically inherit (surpass in
individual cases) the ability of source LLMs in
various domains.

* We pioneer in heterogeneous model fusion with
unconstrained contexts, i.e., heterogeneous rea-
soning capabilities, model architectures and sizes.
A finely crafted fusion dataset is constructed. The
pivot models after fusion display better perfor-
mance in source LLM domains.

2 Related Work
2.1

Model merging integrates two or more pretrained
models with similar architectures into a unified
model (Ainsworth et al., 2022). Based on weight
averaging techniques (Utans, 1996; Smith and
Gashler, 2017), it leverages the strengths of each
original model and utilizes mode connectivity in
the loss landscape (Garipov et al., 2018). For ex-
ample, Linear Mode Connectivity (LMC) allows
for the merging of models that have been fine-
tuned from a shared base model (Nagarajan and
Kolter, 2019; Entezari et al., 2021; Neyshabur et al.,
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2021). It has been applied by simple weight av-
eraging such as Model Soups (Wortsman et al.,
2022), to combine models with identical architec-
tures and initializations. Additionally, methods that
use permutation symmetries and weight transfor-
mations align models within common regions of
the loss landscape to enhance compatibility and
performance (Ainsworth et al., 2022; Stoica et al.,
2023; Verma and Elbayad, 2024). Task Arithmetic
(Ilharco et al., 2022) introduces task vectors to
manage differences between fine-tuned models and
a common base, enabling precise model adjust-
ments. Advanced approaches like TIES-Merging
(Yadav et al., 2023), Model Breadcrumbs (Davari
and Belilovsky, 2023), and DARE (Yu et al., 2023a)
facilitate the sparsification and combination of
task vectors, supporting the merging of a larger
number of models with minimal capability loss.
Git-Rebasin (Ainsworth et al., 2022) and Optimal
Transport Fusion (Singh and Jaggi, 2020) apply
permutation symmetries to align and merge models
with different starting points. These methods have
been extended to support Transformer-based archi-
tectures (Imfeld et al., 2023; Verma and Elbayad,
2024) and models trained on distinct tasks (Stoica
et al., 2023), showcasing their flexibility and broad
applicability in contemporary Al development.

2.2 Model Fusion

Model Fusion emphasizes integrating language
models with diverse architectures to boost their
collective capabilities. The Composition to Aug-
ment Language Models (CALM) (Bansal et al.,
2024), utilizes cross-attention mechanisms to blend
representations from various models, harmonizing
different neural network structures to capitalize on
their combined strengths. Similarly, FUSELLM
(Wan et al., 2024a) focuses on aligning and merg-
ing the probabilistic distributions of source large
language models to enrich the knowledge of the
fused model. Extending to chat-based models,
FUSECHAT (Wan et al., 2024b) introduces a two-
stage fuse-and-merge framework: initially, it con-
ducts pairwise knowledge fusion of source chat
models to create several target models with uni-
form structures and sizes; subsequently, it com-
bines these models in the parameter space. De-
spite these advancements, there is a notable gap
in detailed analysis of unconstrained model fusion,
particularly in reasoning tasks for LLMs, with few
efforts addressing the fusion of models with hetero-
geneous architectures.

3 Modeling

3.1 Overview

We propose a comprehensive framework for uncon-
strained model fusion that accommodates both ho-
mogeneous and heterogeneous architectures, with
a particular focus on reasoning tasks such as text,
math, and code reasoning.

3.2 Evolutionary Merging for Homogeneous
LLMs

The traditional approach is to directly merge the
models, where the parameters for merging are fixed
and selected by experience. To give the merging
parameters more freedom to optimize, we perform
parameter-level merging of LLMs through a fine-
grained, layer-wise weight evolutionary merging
approach that combines the merging recipes for ho-
mogeneous LL.Ms. Specifically, we modified TIES-
Merging and Task Arithmetic (Yadav et al., 2024;
Ilharco et al., 2022; Akiba et al., 2024; Goddard
et al., 2024) with an evolutionary algorithm Matrix
Adaptation Evolution Strategy (CMA-ES)(Hansen,
2006).

Task Arithmetic integrate models’ abilities by mod-
ifying and combining task vectors through arith-
metic operations. Let . be the weights of the base
model, and 6}, represent the weights after the base
model fine-tuned on the task ¢. The task vectors are
defined as 7; = Oft — Opre, indicating the direction
of improvements from a base model to a fine-tuned
model on the given task. The final weights of the
merged model are computed using the weights of
the base model plus a linear combination of task
vectors Oyierge = Opre + (A % Y1 Ti).
TIES-Merging constructs a merged model by re-
solving disagreements among task-specific models.
Given multiple task vectors {7;};" ;, where each
7, € R? represents the parameter updates for task
t, the method involves three steps: (1) Trim: Re-
dundant parameters are trimmed by keeping the
top k% values based on magnitude, creating 7. (2)
Elect: An aggregate sign vector 4 is formed by
choosing the sign with the highest total magnitude
across models for each parameter, computed as
4 =sgn (31—, 7¢). (3) Disjoint Merge: A disjoint
mean for each parameter is computed by averaging
over models that share the same sign as the aggre-
gate sign, resulting in the creation of the merged
task vector 7.

We optimize the merging with the CMA-ES algo-
rithm , an evolutionary algorithm adept at handling



high-dimensional, non-convex optimization prob-
lems common in neural network parameter spaces,
guided by several task-specific metrics. CMA-ES
optimizes the merging coefficients without rely-
ing on gradient information, making it suitable
for complex, non-separable optimization problems.
We define a set of merging coefficients {oy}~,
for each layer [ of the LLM, where L is the total
number of layers. These coefficients determine
the weighted combination of the corresponding
parameters from different models being merged.
CMA-ES iteratively optimizes these coefficients by
sampling candidate solutions from a multivariate
normal distribution N (m(g), a(Qg)C(g)) at each
generation g, where m,) is the mean vector of
the coefficients, o, is the global step size, and
Cy) is the covariance matrix capturing the depen-
dencies between coefficients. For each sampled
set of coefficients {cy } -, we perform layer-wise
merging of the models and evaluate the merged
model’s performance on selected tasks, guiding
the evolutionary process. CMA-ES updates the
mean mg,), step size T(g)> and covariance matrix
C(y) based on the evaluated fitness, navigating the
search space toward optimal merging coefficients.
This process continues until convergence criteria
are met and produces a merged model with the
strengths of individual models while minimizing
parameter conflicts.

3.3 Distribution Based Fusion for
Heterogeneous LLMs

To merge heterogeneous LLMs with different ar-
chitectures and sizes, inspired by previous works
(Wan et al., 2024b,a), we integrate their diverse
knowledge through probabilistic distribution matri-
ces derived from instruction-response pairs (I;, R;)
in the fine-tuning dataset D. For each 6;, we com-
pute a distribution matrix ng’i e R¥*Vi where
N is the response length and V is the vocabulary
size of LLM 6;. We employ an enhanced token
alignment strategy for large language models that
utilizes mapping statistics derived from sequence-
level alignments via dynamic programming to ac-
commodate varying tokenization schemes. This
strategy captures 1 to 1, 1 to n, and n to 1 token
mappings by constructing a global statistical ma-
trix recording the frequency of mappings between
pivot and source tokens. In the distribution dimen-
sion, we align tokens by selecting mappings with
maximum frequency for 1 to 1 and 1 to n cases,

and by computing weighted averages of source
distributions for n to 1 cases, thereby preserving
significant distributional information while mini-
mizing misalignments. The aligned distributions
from the pivot LLM 6,, and each source LLM 6;
are then fused using the minimum cross-entropy
(MinCE) fusion function:

P; ; = Fusion (Py, ;, Py ;) , (1)
resulting in fused matrices {P; ;} that encapsu-
late the collective knowledge of the models. We
fine-tune each target LLM M ; by minimizing a
combined loss function:

L= AESFT + (1 - )\)EFusionv (2)

where Lgp is the standard supervised fine-tuning
loss, and

ﬁFusion = _E(Ii,Ri)ND [H (Pi,j

Qiv;)] 3

encourages the target LLM’s output distribution
Qi,¢; to align with the fused distribution P; ;.

4 Experiments

4.1 Experimental Setting
4.1.1 Homogeneous LLMs

Dataset The evolutionary search is conducted on
a target dataset!, including a subset of GSM8K
train set (Cobbe et al., 2021), MBPP (Austin et al.,
2021), and MMLU validation set (Hendrycks et al.,
2021a).

Source LLMs In the experiments of evolutionary
merging, we employ a collection of source LLMs
to create a model with improved reasoning capabil-
ities. The source models include DeepSeek-Math-
7B-RL (Shao et al., 2024) and DeepSeek-Coder-
Instruct-v1.5 (Guo et al., 2024), which are derived
from DeepSeek LLMs (Bi et al., 2024).

Resource In terms of hardware, we used 4
NVIDIA A800 SXM4 80GB GPUs for our experi-
ments. Time complexity of CMA-ES algorithm is
quadratic (Hansen et al., 2003). CMA-ES provides
a convenient and fast way to tune these parameters,
while requiring less data.

1 . . . .
We avoid using the test sets of the benchmarks during evolutionary search to prevent
overfitting.



Evolutionary Search Evolutionary model merg-
ing is performed using the CMA-ES algo-
rithm (Hansen, 2006) provided by Mergekit (God-
dard et al., 2024; Akiba et al., 2024). This method
provides an efficient way to find the optimal param-
eters of merge recipes given target datasets. Specif-
ically, we utilize the CMA-ES algorithm on two
merging approaches, Task Arithmetic and TIES-
Merging (Yadav et al., 2024; Ilharco et al., 2022).
In Task Arithmetic, the parameters to be optimized
are the weights of the task vectors. For TIES-
Merging, there is an additional parameter, namely
density, which determines the fraction of param-
eters to retain from the source models. For each
merging approach, we conducted two experiments:
one where every 5 layers share the same parame-
ters, and another where every single layer shares
the same parameters. For all experiments, the tar-
get dataset includes 285 samples from MMLU,
300 samples from GSM8K and 374 samples from
MBPP. The optimal parameters are searched for 30
iterations based on their performance on the target
dataset.

Evaluation We evaluate our models using the fol-
lowing benchmarks: MMLU is used to measure
text reasoning abilities, GSM8K and MATH are
used to assess the models’ mathematical reasoning
abilities, while HumanEval (Chen et al., 2021),
and InfiBench (InfiCoderTeam, 2024) are utilized
to evaluate models’ coding proficiency. Addition-
ally, we instruct the models to generate code for
solving mathematical problems from GSM8K and
MATH to evaluate their integrated capabilities in
both coding and mathematics.

4.1.2 Heterogeneous LLMs

Dataset In the fusion experiments, we primarily
utilize a subset of 60k in-domain data, with half
coming from math problem-solving tasks and the
other half from code generation tasks. Specifi-
cally, we randomly select 15K samples from Meta-
MathQA (Yu et al., 2023b), 15K samples from
MMIQC (Liu et al., 2024), 10K samples from OSS-
Instruct 2, 10K samples from Evol-Alpaca 3 and
10K samples from Python-Code #. In addition,
we incorporate general data following the cura-
tion methodology outlined in FuseChat (Wan et al.,
2024b) in our experiments. Detailed information
regarding dataset is available in Table 1.

2hnps://huggingfﬂce.co/datasets/ise—uiuc/Magicoder—OSS—lnslruct—75 K
“https://huggingface.co/datasets/theblackcat102/evol-codealpaca-v1
https://huggingface.co/datasets/ajibawa-2023/Python-Code-23k-ShareGPT

Source LLMs The source models are drawn from
two domains: math and coding. For coding domain,
CodeLlama-7B-Ins, CodelL.lama-70B-Ins (Roziere
et al., 2023) and DeepSeek-Coder-Ins-v1.5 (Guo
et al., 2024) are selected as source models, while
in the math domain, Qwen2.5-Math-7B-Ins (Yang
et al., 2024a; Team, 2024), WizardMath-7B-V1.1
(Luo et al., 2023), OpenMath-Mistral 7B (Toshni-
wal et al., 2024), MetaMath-7B and MetaMath-70B
(Yu et al., 2023b) are selected. The sizes and struc-
tures of the source models are listed in Table 2.
Training We select 9 pairs for fusion, with each
pair consisting of one math model and one coding
model. In each pair, one model is designated as
the pivot model, and its conversation template is
used to process the input data. The batch size is
set to 32 for obtaining model representations and
reduced to 16 for aligning the representations. Dur-
ing fine-tuning, we use a learning rate of 5e-6 and
apply the AdamW optimizer (Loshchilov and Hut-
ter, 2019). To improve efficiency, we incorporate
FlashAttention (Dao et al., 2022) for optimizing
attention computation, reducing memory usage and
enhancing computational speed.

Evaluation The same benchmarks as the aformen-
tioned experiment in Homogeneous LLMs (Section
4.1.1) are used for evaluation.

4.2 Results
4.2.1 Homogeneous LLM

We use seven benchmarks to assess the models’ ca-
pabilities in general reasoning, mathematics, cod-
ing, and the integration of math and coding. No-
tably, in the GSM8K-Coding and MATH-Coding
benchmarks, the models are required to write
Python code to solve math problems, and we as-
sume this can demonstrate their integrated profi-
ciency in both domains. Table 2 presents the bench-
mark results for the source LLMs and the merged
LLMs using different merging strategies.

In the merging experiment for homogenous models,
we obtain LLMs with exceptional capabilities in
both math and code domains, along with a notable
level of text reasoning ability. The merged model
retains the strengths of the original models and

5htlps://huggingfacc.co/dalascts/shahu]cs786/orca—bcst
6hltps://huggingface.co/datasels/LDJnr/Capybara
7hllps://huggingface.co/dalasels/HuggingFaceH4/no_rob0ts

8 https://huggingface.co/datasets/shibing624/sharegpt_gpt4
9hllps://huggingface.co/dalasels/OpenAssislanl/oasst_lop1_2023-08-25

InfiBench’s evaluation criteria include keyword matching, meaning that models with
weak coding capabilities can still score points if their generated code contains some of the
keywords found in the ground-truth labels.



Table 1: The details of dataset selection in Fusion, includes the original sizes of varied datasets and the sample sizes

we selected.

Types General Data Math Data Code Data

Dataset Orca-Best® Capybara® No-Robots’ ShareGPT-GPT4® Oasst Topl® MetaMathQA MMIQC OSS-Instruct Evol-Alpaca Python-Code
Original Size 329K 16K 9.5K 103K 129K 395K 2.29M 75K 111K 23K
Sample Size 10K 10K 9.3K 6.5K 47K 30K 30K 10K 10K 10K

Table 2: Benchmarks of source LLMs and merged LL.Ms with different merging strategies. Scores in parentheses
are from the original papers (Yang et al., 2024b; Yu et al., 2023b; Toshniwal et al., 2024; Guo et al., 2024; Shao et al.,
2024; Luo et al., 2023; Roziere et al., 2023). GSM8k-coding and MATH-coding are evaluated using the evaluation
framework provided by DeepSeek-Coder (Guo et al., 2024). The other scores shown in the table without parentheses
are evaluated via OpenCompass (Contributors, 2023). GSM8K-COT and MATH-COT refer to scores derived using
Chain-of-Thought reasoning in the GSM8k and MATH datasets, while GSM8K-Coding and MATH-Coding results
are obtained by executing the model’s generated code in a Python interpreter. InfiBench (InfiCoderTeam, 2024) is a
code benchmark for evaluating question-answering (QA) abilities'?. Models that exceed the performance of one of
their corresponding source models by five or more percents are indicated with (11). Those that outperform by one
to less than 5% are denoted with (). Those that underperform both source models by more than 1% are marked
with (). Differences between merged or fused models and any one of the source models that are within 1% are
indicated with (-).

Model MMLU GSMSBK-COT GSMS8K-Coding MATH-COT MATH-Coding HumanEval InfiBench
Source Model Base Model/#Size Source LLMs

Qwen2.5-Math-7B-Ins Qwen2.5/7B 56.31 88.70 (95.2) 87.9 75.26 (83.6) 32.46 48.17 17.36
MetaMath-7B Llama 2/7B 25.28 64.90 (66.5) 9.25 17.24 (19.8) 3.00 0.0 15.00
MetaMath-70B Llama 2/70B 29.49 80.29 (82.3) 73.24 17.68 (26.6) 2.04 6.71 25.82
OpenMath-Mistral-7B Mistral/7B 28.23 44.73 77.33(80.2) 12.38 27.68 (44.5) 0.0 17.69
WizardMath-7B-V1.1 Mistral/7B 27.66 66.03 74.45 18.08 12.38 15.85 38.47
DeepSeek-Math-RL DeepSeek-LLM/7B 25.05 88.17 (88.2) 83.24 48.46 (51.7) 41.68 45.73 32.16
CodeLlama-7B-Ins Llama 2/7B 39.18 26.54 38.74 4.1 12.62 37.2(34.8) 34.83(35.15)
CodeLlama-70B-Ins Llama 2/70B 37.32 44.43 70.43 4.6 - 65.24 (67.8) 38.62 (42.82)
DeepSeek-Coder-Ins-v1.5 DeepSeek-LLM/7B 49.78 (49.5) 56.33 73.31(72.6) 12.28 29.12 (34.1) 68.90 (64.1) 56.67
Source Model Source Model Merging: Homogeneous LLMs

DeepSeek-Math-RL DeepSeek-Coder-Ins-v1.5 (TIES-Layer-Granularity-5) 53.0711 68.99171 81.43171 34.00171 24.04]] 52.4411 32.65-
DeepSeek-Math-RL DeepSeek-Coder-Ins-v1.5 (TIES-Layer-Granularity-1) 53.0177 69.75771 79917171 33.7417 18.46/ . 54.8877 38.1377
DeepSeek-Math-RL DeepSeek-Coder-Ins-v1.5 (TASK-Layer-Granularity-5) 56.09771 67.63771 82.56 171 36.70 1 37.08771 50.00 32.58-
DeepSeek-Math-RL DeepSeek-Coder-Ins-v1.5 (TASK-Layer-Granularity-1) 523511 79.08717 83.4077 34.84717 27.50) 65.2411 35.647
Pivot Model Source Model Fusion: Heterogeneous LLMs

OpenMath-Mistral 7B CodeLlama-70B-Ins 53.32171 71.4917 80.13171 20.22171 24.02 47.5611 422117
‘WizardMath-7B-V1.1 CodeLlama-70B-Ins 46.7411 76.65171 74.90 1 24.0417 15.46 53.6617 40.291
Qwen2.5-Math-7B-Ins CodeLlama-70B-Ins 55.86711 83.6271 71.19- 56.4211 26.80 50.007 17.73-
CodeLlama-7B-Ins MetaMath-70B 40.1171 29.261 43.591 6.061 12,521+ 451271 311177
CodeLlama-7B-Ins OpenMath-Mistral 7B 36.9817 29.341 42.387 6.267 13.687 45.7311 29.8711
CodeLlama-7B-Ins Qwen2.5-Math-7B-Ins 38.28- 29.641 42.071 6.57 16.067 46.3411 32.3617
MetaMath-7B CodelLlama-70B-Ins 33.4411 61.1171 31,1671 15.8671 4.081 15.24171 24.05 11
OpenMath-Mistral 7B DeepSeek-Coder-Ins-v1.5 53.3811 72.3317 80.3617 20.66171 21.98) 481711 40.9611
CodeLlama-7B-Ins ‘WizardMath-7B-V1.1 37.9817 28.287 42917 6.321 13.867 41.4611 31.51)

Table 3: Comparison between Fusion and Supervised
Fine-tuning (SFT).

Model

MMLU GSMSK-COT MATH-COT HumanEval

Source Model

Source Model

Supervised Fine-tuning

OpenMath-Mistral 7B 60.56 74.98 19.42 44.51
CodeLlama-7B-Ins 41.26 30.00 5.66 45.73
Pivot Model Source Model Fusion: Heterogeneous LLMs

OpenMath-Mistral 7B CodeLlama-70B-Ins 5332 71.49 20.22 47.56
CodeLlama-7B-Ins Qwen2.5-Math-7B-Ins 38.28 29.64 6.5 46.34

achieves complementary advantages, while even
improves the general reasoning ability. Particularly,
the merge model using TASK and layerwise opti-
mization achieves nearly the same performance as
its source models in GSM8K-COT and HumaneE-
val. Its performance on the GSM8K-COT, GSM8K-
Coding, and MATH-COT benchmarks surpasses
DeepSeek-Coder-Instruct-v1.5 by 22.75%, 10.09%,
and 22.56%, respectively. Moreover, it demon-
strates a 19.51% and a 3.48% improvement over

DeepSeek-Math-7B-RL on the HumanEval and In-
fiBench benchmark, respectively. While integrat-
ing math and coding abilities, our model improves
MMLU by 2.57% and 27.3% over the original mod-
els respectively.

In the TIES-Merging method, the direction with the
largest magnitude is selected for each parameter
to determine the merged sign, and only parame-
ters matching the merged sign are averaged. This
mechanism results in discarding the task vectors
of models when the sign is conflict. Especially for
the scenario of two source models, this mechanism
could not sufficiently utilize weights of two source
models, when the sign conflicts occur frequently.
This explains the TIES method does not demon-
strates better performance than TASK method; on
the contrary, the TASK overperforms the TIES in
some benchmarks. However, this is expencted to be



mitigated when the scenario is extended to multiple
model merging.

4.2.2 Heterogeneous LL.Ms

We evaluate the abilities by benchmarks: MMLU,
GSMS8K, MATH, HumanEval and InfiBench, and
the evaluation results of the source models and
the fused models are in Table 2. Results demon-
strate that most fusion models display better per-
formances than the pivot models, supported by the
higher benchmark scores as shown in Figure 6, 7.
We observe that in the vast majority of experiments,
the fusion model’s scores on MMLU are close to
or slightly exceed those of pivot models, indicat-
ing that the fusion model retained the general rea-
soning capabilities of the pivot model, particularly
when the training dataset encompasses general data.
For example, the fusion model of CodeL.lama-7B-
Ins + MetaMath-70B achieved a score of 40.11 on
MMLU, which is slightly higher the pivot model’s
score of 39.18 and significantly outperforming than
MetaMath-70B model’s score of 29.49.

When setting CodeLlama-7B-Ins as the pivot
model and merging it with math models, the resul-
tant fusion models, maintaining the same structure
as the pivot, achieve higher scores across all math
domain benchmarks. Additionally, these fusion
models outperform the pivot model CodeLlama-
7B-Ins in various types and levels of math prob-
lems, as detailed in Figures 2 and 3. The consis-
tently better performance in solving math problems
demonstrates that the math problem-solving ability
of the source models is fused to the fusion models
successfully. When the pivot model is from math
domain, it can have superior capability in coding
after fused with a coding model. Taking OpenMath-
Mistral 7B for example, it gets a score O in the Hu-
manEval benchmark which suggests a limited per-
formance in coding domain. However, its obvious
higher score of 47.56 in HumanEval after fusing
with CodeLIma-70B-Ins suggests that the model
gains coding ability, and it can directly demonstrate
the effect of model fusion. The improvement in the
coding domain and the maintenance in the original
domain is absolutely a great success of knowledge
fusion because it shows that the model effectively
combines the coding ability and math ability. When
employing MetaMath-7B as the pivot model and
integrating CodeLlama-70B, the HumanEval score
of the resulting fusion model reached 15.24. This
represents a significant enhancement compared to
the pivot model MetaMath-7B alone, yet it is still

markedly below the source model’s 7B version,
which scored 37.2. This discrepancy is attributed
to the extensive fine-tuning of MetaMath-7B on the
MetaMathQA dataset, which has notably weakened
its coding capabilities, thus hindering the effective
transfer of these capabilities through the fusion
process.

We have observed that using LLMs optimized for
more complex tasks, such as mathematics over cod-
ing, as pivot models yields superior results. For
example, the scores of the fusion model OpenMath-
Mistral 7B + DeepSeek-Coder-Ins-v1.5 are far bet-
ter than those of the pivot model OpenMath-Mistral
7B, while the score difference between the fusion
model Codellama-7B-Ins + Qwen2.5-Math-7B-
Ins and its pivot model CodeLlama-7B-Ins is not
that large. We assume this is because the math ca-
pability is more difficult than the coding capability
to transfer from the source models to the fusion
models, which may be an important guidance for
fusion.

The fusion model Qwen2.5-Math-7B-Ins +
CodeLlama-70B-Ins does not outperform the pivot
model Qwen2.5-Math-7B-Ins, potentially due to
the conversation template’s lack of universality. Fu-
ture work will focus on designing a more univer-
sally applicable conversation template to enhance
fusion effectiveness. Similarly, when OpenMath-
Mistral 7B is the pivot model, the performance
differences between the fusion models OpenMath-
Mistral 7B + CodeLlama-70B-Ins and OpenMath-
Mistral 7B + Deepseeker-Coder-Ins-v1.5 are mini-
mal. This trend is also observed when CodeL.lama-
7B-Ins is the pivot model, suggesting that fine-
tuning significantly influences model performance,
often overshadowing the benefits of fusion with
different source models. Balancing fine-tuning loss
and fusion loss will be a key area of our research
going forward.

Ablation Study The fused models exceed the
performance of SFT models on MATH and Hu-
manEval in both scenarios of OpenMath-Mistral
7B and CodeLlama-7B-Ins. However, they have
yet to consistently surpass them on benchmarks
like MMLU and GSM8K-COT. Please find more
details in Table 3. SFT primarily activates and
refines the knowledge already acquired during pre-
training—working especially well when the model
inherently possesses strong math and coding ca-
pabilities, as demonstrated in our experiments. In
contrast, model fusion provides greater freedom
in adjusting model weights, potentially enabling
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Figure 2: The accuracy of the source models and fusion
models in solving problems of different math levels.
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(b) The accuracy in math types of openmath and deepseek

Figure 3: The accuracy of the source models and fusion
models in solving problems of different math types.

the transfer of knowledge that the model did not
originally possess.

5 Conclusion and Future Work

In this work, we propose a UMF framework, par-
ticularly for LLM reasoning enhancement. Our
approach leverages evolutionary fusion for ho-
mogeneous models and probabilistic distribution
knowledge-based fusion for heterogeneous mod-

els. Through comprehensive experimentation, we
demonstrated unconstrained model fusion’s ability
to inherit the strength of source models, achieving
complementary advantages. This research repre-
sents one of the initial explorations in the "Model
over Model" (MoM) paradigm, where minimal
constraints are imposed on constructing new, in-
tegrated models without incurring prohibitive train-
ing costs. We believe the insights from this work
could serve as a foundation for future innovations
in this area. Moving forward, several promising
research directions emerge, including a deeper in-
vestigation into unconstrained model fusion’s ef-
fects on fine-grained reasoning behaviors, such as
COT and instruction-following behaviors. Further-
more, we aim to explore applicability of the un-
constrained model fusion to broader LLM capabil-
ities, such as planning and decision-making. We
posit that unconstrained model fusion will lay the
groundwork for decentralized LLMs, marking a
substantial progression from the existing central-
ized LLM paradigm. This evolution is anticipated
to enhance participation and spur further advance-
ments in artificial intelligence, overcoming the re-
strictions associated with centralized models.

6 Limitations

Due to the constraints of computational resources
and time, our experiments were primarily con-
ducted within standard benchmarks. Particularly,
our research does not present any societal or se-
curity concerns, focusing solely on the technical
dimensions of a conventional information extrac-
tion task. Under adherence to ethical standards, it
does not involve any sensitive data or applications.
Although the results are promising, the full extent
of the method’s generalization ability and robust-
ness in real-world scenarios remains to be further
explored. Such limitation opens up avenues for
future studies to validate and extend the method’s
applicability under diverse and more complex con-
ditions.
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Table 4: Case study: Fusion results (CodeLlama-7B-Ins + MetaMath-70B) in GSM8K-COT In question 3, the
CodeLlama-7B-Ins model failed to correctly understand the problem and produced an incorrect answer, while
MetaMath-70B model answered it correctly. The fusion model successfully learned from MetaMath-70B model and
also provided the correct answer. In question 1192, both source models answered incorrectly, yet the fusion model
was able to produce the correct solution.

Model

GSM8k-COT

GSMSK-COT

Question

Answer

Question

Answer

CodeLlama-7B-Ins [Wrong, Wrong]

MetaMath-70B [Correct, Wrong]

Fusion Model [Correct, Correct]

ID 3: James decides to run 3 sprints 3
times a week. He runs 60 meters each
sprint. How many total meters does he
run a week?

James runs 3 sprints per week, and each sprint is
60 meters long. So, he runs a total of 3 x 60 = 180
meters per week. The answer

James runs 3 sprints 3 times a week, so he runs 3*3=9
sprints a week. Each sprint is 60 meters, so he runs
9#60=540 meters a week. The answer is

James runs 3 sprints 3 times a week, so he runs a total
of 3*3=9 sprints per week. Each sprint is 60 meters
long, 50 James runs a total of 9¥60=540 meters per

week. The answer is

ID 1192: Jen works for 7.5 hours a day
6 days a week. Her hourly rate is $1.5.
Jen also receives an additional $10 if
she has complete attendance. Suppose
Jen did not incur any absences for April,
and there are exactly 4 weeks in April,
how much will she receive?

Jen works for 7.5 hours a day, 6 days a week, for a
total of 7.5 hours per week. She works for 4 weeks in
April, which is 4 x 7.5 = 30 hours in April. Her total
hours worked in April is 30 hours. Her total earnings
in April is 30 hours x $1.50/hour = $45.00. Since she
has complete attendance in April, she will receive
an additional $10, so her total earnings i
$45.00 + $10 = $55.00. The answer i

il is

Jen works for 7.5 hours a day 6 days a week, so she
works a total of 7.5%6=45 hours in a week. Her hourly
rate is $1.5, so she earns 45%$1.5=$67.5 in a week.
Jen also receives an additional $10 if she has com-
plete attendance, so she will receive an additional $10
for each week she has complete attendance. Since
there are exactly 4 weeks in April, Jen will receive
an additional $10*4=$40 for complete attendance.
In total, Jen will receive $67.5+ 107.5 for the
month of April. The answer is

Jen works for 7.5 hours a day, so she works for 7.5%6
=45 hours in a week. There are 4 weeks in April,
50 Jen works for 45*4 = 180 hours in April. Jen’s
hourly rate is $1.5, so she earns $1.5/hour. Jen works
for 180 hours in April, so she earns $1.5/hour*180
=$270 in April. Jen also receives an additional $10
if she has complete attendance, so she earns $270 +
$10 = $280 in April. The answer i

Table 5: Case study: Merging results in GSM8K-COT and Math-COT. The merged model can reserve mathematical
reasoning abilities after merging and correct wrong thoughts in the coder model. For instance, in question 24
(GSMB8K), the coder model fails to address the problem, providing reasoning steps that are entirely irrelevant.
However, after merging, the model successfully solves the problem by applying the correct equations. In the case
of MATH question 21, though the coder model clearly points out th number of positive perfect cube factors but it
calculated 3 * 4 wrongly, whereas the merged model inherited from the math model can give the correct answer.

Model

GSM8k-COT

Math-COT

Question

Answer

Question

Answer

DeepSeek-Coder-Ins-v1.5 [Wrong]

DeepSeek-Math-RL [Correct]

Merged Model [Correct]

ID 24: Kyle bought last year’s
best-selling book for $19.50. This is
with a 25% discount from the original
price. What was the original price of
the book?

To find the original price of the book, we need to
calculate the price before the discount. This can be
done by dividing the discounted price by the discount
rate. The discount rate is 25% or 0.25 in decimal
form. So, the original price is the discounted price
divided by the discount rate. The original price of the
book is $1 = $78. So, the original price of
the book was

If the discounted price is $19.50 and this is 75% of
the original price (100% - 23% discount), we can set
up the equation: 0.75 * original price = $19.50 To
find the original price, we can divide both sides of
the equation by 0.75: original price = $19.50/ 0.75
=$26 So riginal price of the book was $26. The

If Kyle bought the book for $19.50 with a 25% dis-
count, then the original price of the book was $19.50
divided by (1 - 0.25), which equals $19.50 divided
by 0.75, which equals $26. So the original price of
the book was

ID 21: How many positive
perfect cube factors does 39510
have?

A perfect cube has factors that are cubes of integers.
The prime factorization of 36517 is 3% x 5!°. To find
the number of positive perfect cube factors, we need
to find the number of factors that are perfect cubes.
The cube root of 3% is 3% and the cube root of 5'” is
5%, So, the number of positive perfect cube factors
of 35510 is (2 + 1)(3 + 1) = 15. Answer: The final

A positive perfect cube factor of 351 must be of
the form 3%5” where a is a multiple of 3 and b is a
multiple of 3. The number of possible values of a
is the number of multiples of 3 from 0 to 6, which
is 3 (0, 3, and 6). The number of possible values
of b is the number of multiples of 3 from 0 to 10,
which is 4 (0, 3, 6, and 9). To find the total number of
positive perfect cube factors, we multiply the number
of possibilities for a and b, which is 3 x 4 = 12.
Therefore, 35' has 12 positive perfect cube factors.
The answer is:

The prime factorization of 365 is 3651°. To find the
number of positive perfect cube factors, we need to
consider the exponents of the prime factors modulo
3. Since 6 = 0 (mod 3) and 10 = 1 (mod 3), we
can conclude that the number of positive perfect cube
factors is (6/3 + 1)(10/3+ 1) = 2+ 1)(3 +1) =
3 %4 = 12. Therefore, 35! has 12 positive perfect
cube factors. The answer Answer: The final
answer is 12. I hope it is correct.
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Table 6: Case study: Fusion results in GSM8K-COT

Model

GSM8k-COT

GSMSK-COT

Question

Answer

Question

Answer

OpenMath-Mistral 7B [Wrong, Wrong] Darrell and Allen’s ages are in the ratio

Let’s first calculate the age of Allen using Python.

of 7:11. If their total age now is 162, cal- <llm-code>

culate Allen’s age 10 years from now.

DeepSeek-Coder-Ins-v1.5 [Wrong, Correct]

Fusion Model [Correct, Correct]

d_a_ratio = 7/11

d_age = 162 * d_a_ratio / (d_a_ratio + 1)

d_age
</llm-code>
<llm-code-output> 7.5 </lim-code-output>
If Allen will be 10 years older in 10 years, his age
will be 77.5 + 10 = 87.5 So Allen will be [88] years
old in 10 years.

First, we need to find out how old Darrell and Allen
are now. We can do this by setting up the proportion
7/11 = Darrell’s age/162. Solving for Darrell’s age
gives us Darrell’s age = 162 * 7/11 = 102.

So, Allen’s age is 162 - 102 = 60.

10 years from now, Allen will be 60 + 10 = 70 years
old.

The answer is [70]

Let’s assume Darrell’s age is 7x and Allen’s age is
11x, where x is a constant.

The total age of both is 7x + 11x = 18x.

‘We know that the total age of both is 162, so 18x =
162.

To find x, we divide both sides of the equation by 18:
18x/18=162/18.
This simplifies to x = 9.
Now we can find Darrell’s age by plugging in the
value of x: Darrell’s age = 7x =7 * 9 = 63.

And Allen’s age = 11x =11 %9 =99,

10 years from now, Allen’s age will be 99 + 10 = 109.

Jill gets paid $20 per hour to teach and
$30 to be a cheerleading coach. If she
works 50 wecks a year, 35 hours a week
as a teacher and 15 hours a week as a
coach, what’s her annual salary?

Jill works 50 weeks a year, 35 hours a week as a
teacher, and 15 hours a week as a coach.

She also gets paid $20 per hour to teach and $30 to
be a cheerleading coach.

We need to multiply each amount by the number of
hours worked to get the annual salary.

Let’s use Python to calculate the total salary:
<llm-code>

weeks_per_year = 50
hours_per_week_as_teacher = 35
hours_per_week_as_coach = 15
hours_per_year_as_teacher = weeks_per_year %
hours_per_week_as_teacher
hours_per_year_as_coach = weeks_per_year *
hours_per_week_as_coach

hourly_pay_as_teacher = 20
hourly_pay_as_coach = 30

annual_salary_as_teacher =
hours_per_year_as_teacher
hourly_pay_as_teacher

annual_salary_as_coach = hours_per_year_as_coach *
hourly_pay_as_coach

annual_salary = annual_salary_as_teacher +
annual_salary_as_coach

annual_salary

</Mim-code>

<lim-code-output> 14600 </l

fore, Jill’s annual salary is

de-output> There-

Jill's weekly earnings as a teacher is $20 per hour
times the number of hours she works, which is 35
hours. So her weekly carnings from teaching is
$20#35 = $700.

Jill’s weekly earnings as a cheerleading coach is $30
per hour times the number of hours she works, which
is 15 hours. So her weekly earnings from coaching
is $30%15 = $450.

Her weekly earnings are the sum of her earnings
from teaching and coaching, which is $700 + $450 =
$1150.

Since she works 50 weeks a year, her annual carnings
are her weekly earnings times the number of weeks
she works in ¢ which is $1150%50 = $57500.

Jill works 35 hours a week as a teacher, so she earns
35%$20 = $700 per week as a teacher.

She also works 15 hours a week as a coach, so she
earns 15%$30 = $450 per week as a coach.

In total, Jill earns $700+$450 = $1150 per week.

If Jill works 50 weeks a year, her annual salary is
50*$1150 = $57,500.

CodeLlama-7B-Ins [Wrong, Wrong]
When he got halfway there he realized
he forgot something at home and had to
walk back. If his home is 4 miles from
the store and he walks 4 miles per hour
how long did it take him to reach the
store?

‘WizardMath-7B-V1.1 [Wrong, Correct]

Fusion Model [Correct, Correct]

James decided to walk to the store.

James walks 4 miles to reach the store.

He walks at a rate of 4 miles per hour, so he walks
for 4/4 = 1 hour to reach the store.

Therefore, it took James 1 hour to reach the store.

When James walked halfway to the store, he covered
a distance of 4/2 = 2 miles

He then walked back 2 miles to get his forgotten item,
50 he walked 2+2 = 4 miles total.

James walks at a rate of 4 miles per hour, so it took
him 4/4 = 1 hour to walk that distance.

James walked 4 miles to reach the store, so he walked
4 miles / 4 miles per hour = 1 hour to reach the store.
He then realized he forgot something at home and
had to walk back, so he walked back 4 miles / 4 miles
per hour = 1 hour to walk back.

In total, it took James 1 hour to reach the store and 1
hour to walk back, so it took him 2 hours to complete
the trip.

The answer i:

If a classroom has 3 times as many girls
as they do boys, and 1/10 as many non-
gendered children as they do boys, and
the classroom has 30 boys. How many
total children does it have?

Let’s start by using the information that there are 3
times as many girls as boys. So, if there are x boys,
there are 3x girls.
We also know that there are 1/10 as many nongen-
dered children as boys. So, if there are x boys, there
are 10x nongendered children.
We are given that there are 30 boys in the classroom.
So, we can set up the equation: 3x + 10x = 30
Simplifying the equation:

0

4x =3
Dividing both sides by 4:
x=175

So, there are 7.5 boys and 7.5 x 10 = 75 nongendered
children in the classroom.

Now, we can find the number of girls by multiplying
3x by 3:

3x=21

So, there are 21 girls in the classroom.

The total number of children in the classroom is the
sum of the number of boys, girls, and nongendered
children:
30+21+75=126
Therefore, the classroom ha

The classroom has 3 times as many girls as boys,
meaning there are 3*30=90 girls in the classroom.
The number of nongendered children is 1/10 the num-
ber of boys, meaning there are 1/10%30 = 3 nongen-
dered children.

In total, the classroom has 90 girls + 30 boys + 3
nongendered children = 123 children

The answer is

Let’s break down the information given:
Number of boys: 30
Number of girls: 3 times as many as boys = 30 * 3 =

Number of nongendered children: 1/10 as many as
boys=30*1/10=3

Total number of children: Number of boys + Number
of girls + Number of nongendered children = 30 + 90
+3=123
The answer is
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Table 7: Case study: Merging results (DeepSeek-Math-RL + DeepSeek-Coder-Ins-v1.5, Task Arithmetic, Layer

Granularity=1) in Humaneval.

Model

Humaneval

Humaneval

Prompt

Answer Prompt

Answer

DeepSeek-Coder-Ins-v1.5 [Correct]  Python prompt:

def fizz_buzz(n: int):

“""Return the number of times the
digit 7 appears in integers
less than n which are
divisible by 11 or 13

>>> fizz_buzz(50)

)

>>> fizz_buzz(78)

2

>>> fizz_buzz(79)

DeepSeek-Math-RL [Correct]

Merged Model [Wrong]

Python code:

def fizz_buzz(n: int):

Python prompt:

def triples_sun_to_zero(l: list):
triples_sun_to_zero takes a list
of integers as an input.
it returns True if there are three
distinct elements in the
list that
sum to zero, and False otherwise.

count
return count

str(i).count(*7’)

>>> triples_sun_to_zero([1, 3, 5,

False

>>> triples_sun_to_zero((1, 3, -2,
1)

True

>>> triples_sun_to_zero([1, 2, 3,
7

False

>>> triples_sun_to_zero([2, 4, -5,
3,9, 7D

True

>>>

Fal:

triples_sum_to_zero([11)
se

Python code:

def fizz_buzz(n: int):

"""Return the number of times the digit 7
appears in integers less than n which are
divisible by 11 or 13.

>>> fizz_buzz(50)

>>> fizz_buzz(78)
2
>>> fizz_buzz(79)
count = 0
for i in range(n):
if 1% 11 ==0o0ri%13==0:
count += str(i).count(’7"
return count

Python code:

def fizz_buzz(n: int):
"""Return the number of times the digit 7
appears in integers less than n which are
divisible by 11 or 13."""
count = 0
for i in range(n):
if Q%11 =0

or i %13
if 770 dn str(i):
count += 1
return count

Python code:

def triples_sum_to_zero(l: list):
1.sort(

for i in range(len(l) - 2):

if i >0 and 1[i] 10 - 13:

right = len(1) - 1
while left < right:
sum = 1[i] + 1[left] + 1[right]
if sun > 0
right
elif sum < 0:
left += 1
else:
return True
return False

Python code:

def triples_sun_to_zero(l: list):
for i in range(len(1)):
for j in range(i+1, len(1)):
for k in range(j+1, len(l)
if 1047 + 1037 + 10k]
return True

return False

Python code:

def triples_sum_to_zero(1: list):
1.sort()
for i in range(len(1))
if i > 0 and 1[i]
continue
left =i+ 1
right = len(l) - 1
while left < right:
[i] + 1(left] + 1[right]
[}

1[i-1]:

elif sum_ < 0:
left +=1
else:

right -= 1

while left < right and 1[left] == 1[
left-1]
left += 1

while left < right and 1[right] == 1[

return False

DeepSeck-Coder-Ins-v1.5 [Wrong]  Python prompt:

def same_chars(s@: str, si: str):

Check if two words have the same
characters.

>>> same_chars (" eabcdzzzz’,
dddzz22222ddeddabe”)

True

>>> same_chars(’abed’, *dddddddabe
Bl

True
>>> same_chars(’dddddddabc’, *abcd
bl

True

>>> same_chars(’eabcd” ,
dddddddabe”)

False

>>> same_chars(’abed’, *
dddddddabce’)

False

>>> same_chars(’eabcdzzzz’,
dddzzzzzzzddddabe’ )

False

DeepSeck-Math-RL [Wrong]

Merged Model [Correct]

Python code:

def same_chars(s@: str, s1: str) -> bool:

Python prompt:

def smallest_change(arr):
Check if two words have the same characters, Given an array arr of integers,
ignoring case. find the minimum number of
e elements that
return sorted(s0.lower()) == sorted(s1.lower()) need to be changed to make the
array palindromic. A
palindromic array is an array
that

is read the same backwards and
forwards. In one change, you
can change one element to any
other element.

For_example:
smallest_change([1,2,3,5,4,7,9,61)

4
smallest_change([1, 2, 3

4,3, 2,
smallest_change([1, 2, 3, 2, 11)
=0

Python code:

def same_chars(se: str, si: str):
return sorted(s0) == sorted(s1)

Python code:

def same_chars(s@: str, s1: str):
# Convert both strings to sets to remove
duplicates
set_s0 = set(s0)
set_sl = set(sl)

# Check if the sets are equal
return set_s@ == set_sl

Python code:

def smallest_change(arr):

n = len(arr)
arr_rev = arr[::-1]
dp = [[0 for _ in range(n)] for _ in range(n)]

for gap in range(1, n):
or i in range(n - gap):
j=1+gawp
if arr[i] == arr_rev[jl:
dp[i1[3] = dpli+1][j-1]
else:

dplilL3] = min(dpli+115], dplil(
S e

return dp[0][n-1]

Python code:

def smallest_change(arr):
# Reverse the array
arr_reverse = arr[::-1]

# Compute the number of changes needed to make
the array palindromic

changes = sum(i != j for i, j in zip(arr,
arr_reverse))

return changes

Python code:

def smallest_change(arr):
changes = 0
n = len(arr)
for i in range(n // 2):
if arr(i] = arrln - i - 10:
changes += 1
return changes
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Table 8: Case study: Fusion results (CodeLlama-7B-Ins + MetaMath-70B) in Humaneval In question 155, both
source models failed to convert the variable digit from string into an integer, causing the program to throw an
error. But fusion model can write the correct program. In question 114, CodeLlama-7B-Ins generated an incorrect
program by resetting current_sum to 0 when it becomes negative. This logic is faulty because resetting the sum
disregards potential valid subarrays that include negative numbers, which might actually contribute to the correct
solution when seeking the minimum sum. The error in the code generated by MetaMath-70B lies in incorrectly
adding each element to min_sum, leading to erroneous accumulation and failing to address the minimum sum of
a contiguous subarray. The fusion model produced a correct solution to the problem, even though it employed a
brute-force approach.

Humaneval Humaneval

Model

Prompt Answer Prompt Answer

ID: 114 Python prompt:

def minSubArraySum(nums) :

CodeLlama-7B-Ins [Wrong, Wrong] ID: 155 Python prompt:

def even_odd_count (num):

Python code: Python code:

def even_odd_count (num):

def minSubArraySum(nums):
count_even = @ wnn

Given an integer, return a tuple
that has the number of even
and odd digits respectively.

Example:
even_odd_count(-12) ==> (1, 1)
even_odd_count (123) ==> (1, 2)

MetaMath-70B [Wrong, Correct]

Fusion Model [Correct, Correct]

count_odd = 0
for digit in str(abs(num)):
if digit % 2 == 0:
count_even += 1
else:
count_odd += 1
return (count_even, count_odd)

Python code:

num = str(num)
even_count = @
odd_count = @
for digit in num:
if digit % 2 = 0:
even_count += 1
else:
odd_count += 1
return (even_count, odd_count)

num = 123
print even_odd_count (num))
The answer is: (1,2)

Python code:

def even_odd_count (num):
count_even = 0
count_odd = 0
for digit in str(abs(num)):
if int(digit) % 2 == 0:
count_even += 1
else:
count_odd += 1
return (count_even, count_odd)

Given an array of integers nums,
find the minimun sum of any
non-empty sub-array

of nums.

Example

minSubArraySun([2, 3, 4, 1, 2, 41)
=1

minSubArraysun([-1, -2, -31) == -6

Given an array of integers nums, find the
mininum sum of any non-empty sub-array of
nums.

# Initialize the minimum sum to infinity
min_sum = float(’inf)
# Initialize the current sum to @
current_sum = @
# Loop through the array
for i in range(len(nuns)):
# Add the current element to the current
sum
current_sum += nums(i]
# If the current sum is less than the
mininum sum, update the minimum sum
if current_sum < min_sum:
min_sum = current_sum
# If the current sum is negative, set it to

elif current_sum < 0:
current_sum = 0
# Return the minimum sum
return min_sum

Python code:

if not nums:
return 0

min_sum = nums[@]

for i in range(1, len(nums)):
min_sum = min(min_sum, nums[il)
min_sum += nums[i]

return min_sum

Python code:

def minSubArraySun(nuns):

Given an array of integers nums, find the
mininum sum of any non-empty sub-array of
nums.

min_sum = float(’inf’)
for i in range(len(nuns)):
curr_sum = 0
for j in range(i, len(nums)):
curr_sum += nums[j1
if curr_sum < min_sum:
min_sum = curr_sum
return min_sum
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