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Abstract

Model merging dramatically reduces storage
and computational resources by combining
multiple expert models into a single multi-task
model. However, existing methods struggle
to maintain performance gains as the number
of merged models increases. In this paper, we
investigate the key obstacles that limit the scala-
bility of model merging. We prove that the lim-
ited effective parameter space imposes a strict
constraint on the number of models that can be
successfully merged. Through Gaussian Width
analysis, we show that marginal benefits dimin-
ish according to a strictly concave function as
more models are merged. Using Approximate
Kinematics Theory, we further prove the ex-
istence of a unique optimal threshold beyond
which additional models yield negligible im-
provements. To address this limitation, we pro-
pose a straightforward Reparameterized Heavy-
Tailed method to extend the merged model’s
coverage and enhance performance. Empiri-
cal results on 19 benchmarks, including both
knowledge-intensive and general-purpose tasks,
validate our theoretical analysis. We believe
that these results spark further research beyond
the current scope of model merging.

1 Introduction

Artificial General Intelligence is the ultimate goal
pursued by researchers. Model merging offers a
promising solution by integrating multiple task-
specific expert models into a unified multi-task
model (Yang et al., 2024; Yang et al.; Lu et al.,
2024; Wang et al., 2025, 2026). Most existing
works utilize LoRA fine-tuning to efficiently ob-
tain experts with varying capabilities (Shah et al.,
2024; Jang et al., 2023; Stoica et al.; Liu et al.,
2025c; Marczak et al.; Ding et al., 2025; Liu et al.,
2026). By combining the strengths of diverse ex-
pert models, a merged system can handle a broader
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Figure 1: Exploration of the upper bound of effective ex-
pert merging in GENOME (Zhang et al., 2025), which
verified scalability by enlarging the population size un-
der a fixed expert pool.

range of tasks and adapt more effectively to com-
plex problems, significantly reducing deployment
resource consumption compared to using multiple
separate models.

The simplest approach directly adds or averages
the weights of multiple models (Wortsman et al.,
2022; Rame et al., 2022). However, this naive op-
eration ignores parameter conflicts among expert
models, often causing task interference and perfor-
mance collapse. To address this, selection-based
methods (Yadav et al., 2023; Yu et al., 2024) fil-
ter conflicting parameters before merging, which
ignore deep-level overlaps and conflicts among
parameter subspaces. Orthogonality-based strate-
gies (Gao et al., 2024; Po et al., 2024; Zhang and
Zhou, 2025) decompose parameters into orthog-
onal components and merge only non-interfering
parts. This may discard some performance-critical
non-orthogonal information. The latest evolution-
ary algorithms (Liu et al., 2025b; Feng et al.; Zhang
et al., 2025) achieve new SOTA (state-of-the-art)
by incorporating dynamic perception.

These merging methods have achieved landmark
performance, but still have limitations in model
merging. As shown in Figure 1, performance
quickly plateaus as more experts are merged. A

45460



similar phenomenon can be observed with other
merging methods. We find that the SOTA methods
reach saturation after merging about six models
on most datasets (see Table 1), which greatly re-
stricts the potential of model merging. Although
some classical works (Yadav et al., 2024; Tao et al.,
2024; Lee et al., 2025b) suggest the presence of
a saturation effect in model merging, the reasons
behind it are unexplored. Analyzing the underlying
principles of this phenomenon is essential for over-
coming the limitations of model merging capacity.

Therefore, we leverage high-dimensional geom-
etry (Vershynin, 2015) and the Approximate Kine-
matics Theory (Amelunxen et al., 2014) to inves-
tigate the causes of the saturation phenomenon in
model merging. First, we provide a theoretical
analysis of how the parameter space of the merged
model evolves as the number of experts increases.
The findings show that Gaussian Width (Vershynin,
2015) of the parameters ceases to grow with ad-
ditional experts, indicating that the effective pa-
rameter space of the merged model gradually sat-
urates, leading to a performance bottleneck. Fur-
thermore, we analyze the merged model through
Approximate Kinematics Theory and reveal that
performance degradation arises from parameter re-
dundancy. We also observe that the effective pa-
rameter space of the merged model is highly sparse,
resulting in limited coverage. To improve the scal-
ability of merging methods, we propose a simple
Reparameterized Heavy-Tailed (RHT) method that
enhances coverage of the parameter space by am-
plifying the heavy-tailed distribution, thereby im-
proving overall performance. Experiments on both
knowledge-intensive and general-purpose tasks ver-
ify the correctness of our method and theories. The
main contributions of this work are:
• We prove that as the number of experts increases,

the effective parameter space of the model rapidly
saturates, leading to diminishing returns in per-
formance;

• We prove the existence of an upper bound for
model merging and provide its analytical ex-
pression, highlighting performance limitations
caused by parameter redundancy and offering
theoretical guidance for optimizing expert model
merging;

• We introduce a simple Reparameterized Heavy-
Tailed method to enhance the coverage of the
merged model by extending its heavy-tailed dis-
tribution;

• Extensive experiments on both general-purpose

and knowledge-intensive tasks validate the cor-
rectness and effectiveness of our theories and
method.

2 Related Work

Expert fine-tuning Acquiring experts using ef-
ficient parameter fine-tuning (PEFT) is a popular
paradigm. PEFT (Li and Liang, 2021; Liu et al.,
2024a,b, 2025d) has emerged as the dominant strat-
egy for this purpose, valued for its ability to adapt
models by modifying only a small subset of pa-
rameters. This substantially lowers the computa-
tional cost of creating multiple experts. In the con-
text of model merging, PEFT techniques such as
LoRA (Choi et al., 2024; Zhang et al., 2023; Luo
et al., 2024) are frequently employed to efficiently
integrate these experts into a single, parameter-
efficient representation. However, this approach
introduces a fundamental tension: while PEFT is
primarily designed to optimize performance on in-
dividual downstream tasks, this objective is not
always aligned with the goal of retaining and fus-
ing the diverse knowledge of all experts. As a
result, there exists an inherent trade-off between
the efficiency of fine-tuning and the comprehensive
integration of expertise.

Model Merging Model merging aims to opti-
mize performance by leveraging complementary
capabilities of different models. Static methods
(Jang et al., 2024; Si et al., 2025b; Zeng et al., 2025;
Luo et al., 2025) merge parameters without addi-
tional data, while dynamic methods (Yang et al.;
Prabhakar et al., 2025; Wu et al.; Liu et al., 2025a)
optimize merging weights for multi-skill composi-
tion. Recent research has modeled the merging of
LLMs as an optimization problem, with approaches
like (Akiba et al., 2025; Lee et al., 2025a; Feng
et al.). However, the former tends to simplify evo-
lutionary mechanisms or focus solely on merging
coefficients, while the latter adjusts model weights
using swarm intelligence, which may lead to local
optima. GENOME, on the other hand, enhances
the effectiveness of the evolutionary algorithm by
incorporating genetic-level and population-level
operations. Despite these efforts to merge multiple
experts, the actual number of experts effectively
merged for optimal performance is often much
lower than anticipated. To investigate this phe-
nomenon, we first examine the parameter space of
experts and then expand it to enable the effective
merging of more experts.
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3 Theory

To formally describe the merging process, let θ0 ∈
Rd denote the weights of the pre-trained model,
{θ1, θ2, · · · , θn} represent the expert parameters,
where n represents the number of experts.

We prove the existence of an upper bound for
model merging and provide a theoretical adaptive
termination condition (Theorem 1). We reveal that
the marginal contribution of additional experts to
the overall subspace gradually diminishes, caus-
ing performance saturation (Theorem 2). Through
Approximate Kinematics Theory, we reveal that
parameter redundancy leads to performance degra-
dation (Theorem 3). Based on these insights, we
propose RHT to improve the parameter space cov-
erage of the merged model (Theorem 5).

Theorem 1 (Upper Bound of Model Merging). As
the number of merging experts increases, the vari-
ance of the combined model approaches a constant,
and the performance of the model approaches sat-
uration (Proof in Appendix A.1).

Based on prior literature (Si et al., 2025a) and
our preliminary experimental results (Wang et al.,
2024; Huang et al., 2024a; Zhang et al., 2025)(Ap-
pendix Figure 8), the parameters of the expert
model follow a Gaussian distribution. Specifi-
cally, the weights follow θi ∼ N (µi, σ

2
i ), with

covariance between models i and j given by
Cov(θi, θj) = ρij σi σj , where |ρij | ≤ 1. The
variance of the merged model is given by:

σ2
merge = σ2

(
ρ+ (1− ρ)

∑n
i=1 α

2
i

)
. (1)

In the uniform weight case αi = 1/n, as the
number of experts n → ∞, the merged vari-
ance approaches limn→∞ σ2

merge = σ2ρ, indicat-
ing a theoretical lower bound σ2ρ. To ensure
each additional expert reduces variance by at least
∆ > 0, we consider the marginal variance drop:
σ2
merge(n − 1) − σ2

merge(n) ≥ ∆, leading to an
upper bound:

n(n− 1) ≤ σ2(1− ρ)/∆. (2)

This shows merging too many experts offers di-
minishing returns. Larger ∆ requires fewer ex-
perts for strong performance. Regularizing ρ to
enforce orthogonality can further improve merging.
An adaptive stopping condition can be defined as
∆ = E[σ2

merge(n − 1) − σ2
merge(n)], terminating

merging when variance reduction falls below this
threshold.

3.1 Marginal Effects in Parameter Subspace
Theorem 2 (Diminishing Marginal Effects in
Model Merging). Let θ∗ denote the parameters ob-
tained by merging all n experts, and L(θ∗) denote
the corresponding loss. The goal of model merg-
ing is to find the minimal merging size M such
that the merged model achieves optimal merging
performance. This objective is formulated as the
following constrained minimization problem:

min
M∈Z+

M s.t. inf
θ∈ΘM

L(θ) ≤ L(θ∗) + ϵ, (3)

where ΘM ⊂ RD is the parameter space achiev-
able by merging M experts, and the feasible set:

S(ϵ) = {θ ∈ RD : L(θ) ≤ L(θ∗) + ϵ}. (4)

Here, S(ϵ) is the set of admissible parameter con-
figurations for an M-expert model, ϵ is the perfor-
mance tolerance threshold. Locally near θ∗, S(ϵ)
can be approximated as an ellipsoid defined by
the Hessian H of L(θ). The Gaussian Width (Ver-
shynin, 2015) of the set S(ϵ) can be proven as
(Appendix A.2):

w(S(ϵ)) ≈
√
2ϵ · Tr(H−1). (5)

For M experts, the Gaussian Width becomes:

w(SM ) ≈
√
2ϵ ·∑M

i=1 1/λi, where λi is the i-th
eigenvalue of H . The marginal contribution of
adding the M -th expert is: ∆wM = w(SM ) −
w(SM−1). Since the square root function is con-
cave, the marginal gain decreases as M increases:
∆wM > ∆wM+1.

This indicates that as the number of experts M
increases, adding new experts expands the dimen-
sionality of the parameter space, but the marginal
contribution of each additional dimension to the
Gaussian Width diminishes, ultimately leading to
saturation of model merging performance.

3.2 Parameter Redundancy Effects
Theorem 3 (Parameter Redundancy and Expert
Model Merging Performance). As the number of
merged experts M increases, the number of non-
zero parameters k grows. When parameter redun-
dancy exceeds a threshold, maintaining the loss
within the sublevel set becomes impossible, causing
performance decline. Specifically, when k satisfies:

k ≤ d−
d−k∑

i=1

r2i
∥θ∗ − θk∥22 + r2i

, (6)
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where d is the total number of parameters and
ri =

√
2ϵ/λi is the ellipsoid radius. Beyond this

threshold, performance degradation becomes in-
evitable (Proof in Appendix A.3).

3.3 Reparameterized Heavy-Tailed Method
The expert weights follow a Gaussian distribu-
tion (Si et al., 2025a), and the parameters of the
merged multi-expert model, w ∈ Rd, follow a
multivariate Gaussian distribution N (µ,Σ). For
simplicity, we assume Σ = σ2I, and define a
two-step transformation: 1. Gaussian difference :
w′ = w − g, g ∼ N (µ, σ2

gI), where w and g are
independent. As a result, w′ ∼ N (0, (σ2 + σ2

g)I)
(Proof in Appendix A.4); 2. Component-wise non-
linear amplification: w′′ = T (w′), T : Rd → Rd.

Theorem 4 (Heavy-Tailed Emergence From Model
Merging). Considering a single expert after Gaus-
sian perturbation and nonlinear transformation:

T (x) = sign(x) · |x|γ ·
(
1 + α · e−β|x|

)
, (7)

with 0 < γ < 1, α > 0, β > 0. For a fixed scale
σ̂, the tail probability of the transformed variable
Y = T (x) has the asymptotic form:

P (|Y | > y) ∼ C y−1/γ exp
(
−y2/γ/2σ̂2

)
. (8)

When merging multiple experts with heterogeneous
scale σ̂, the tail probability becomes a scale mix-
ture. If the distribution of scales gives enough
weight to very large variances, formally, if the dis-
tribution of θ = 1/(2σ̂2) → 0+ with exponent
δ > 0, then by Tauberian theory (Proof in Ap-
pendix A.5):

P (|Y | > y) ∝ |y|−κ, κ = (1 + 2δ)/γ. (9)

Thus, the merged model exhibits power-law
heavy tails.

Theorem 5 (Heavy-Tailed Distributions Enhance
Model Coverage). Let PHeavy = (0,∞) denote
the parameter set of heavy-tailed Student’s t-
distributions, and PExp = {∞} denote the limiting
parameter set corresponding to exponential-tailed
Gaussian distributions (Proof in Appendix A.6).
Then, PExp ⊂ PHeavy with strict inclusion.

Hence, the admissible parameter space of heavy-
tailed models strictly dominates that of exponential-
tailed models, implying that heavy-tailed families
possess strictly greater coverage and expressive
capacity in the parameter domain.
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Figure 2: Cumulative variance across different experts.

4 Experiments

4.1 Experiments Setup

Our experiments are strictly performed on high-
performance computing hardware, NVIDIA-A800-
SXM4-80GB, to ensure the efficiency and scalabil-
ity of the model. Complete training hyperparame-
ters and configurations are detailed in Appendix B.

Datasets. Our experiments rely on two cate-
gories of datasets: general-purpose and syntheti-
cally constructed. The general-purpose datasets
(Dgend) include two widely adopted benchmarks.
The first is the GLUE (Wang et al., 2018) bench-
mark, covering CoLA (Warstadt et al., 2019),
MNLI (Williams et al., 2018), MRPC (Dolan and
Brockett, 2005), QNLI (Rajpurkar et al., 2016),
QQP (Iyer et al., 2017), RTE (Giampiccolo et al.,
2007), and SST-2 (Socher et al., 2013). The second
consists of six standard LLM evaluation bench-
marks spanning key capabilities: commonsense
reasoning (MMLU (Hendrycks et al.)), mathemat-
ics (MATH (Hendrycks et al., 2021)), code genera-
tion (MBPP (Austin et al., 2021)), multilingual pro-
cessing (MGSM (Shi et al.)), affective computing
(EmoryNLP (Zahiri and Choi, 2018)), and ques-
tion answering (CSQA (Talmor et al., 2019)). In
addition, we construct synthetic datasets to evaluate
knowledge-intensive (Dknowd) scenarios, designing
two task types: title generation (Phy-title, Chem-
title, Bio-title) and translation (Phy-trans, Chem-
trans, Bio-trans). To build these datasets, we ran-
domly sample 500 seed instances from the origi-
nal expert training corpus, retrieve semantically
aligned references from domain-specific knowl-
edge bases using k-nearest neighbor search, and
generate task-specific QA pairs with GPT-4o-mini.
Low-quality samples are iteratively refined through
expert consensus until meeting quality standards.
Each dataset is then split into 150 validation and
350 test samples. For the biology title generation
task, we further ensure data reliability by directly
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Model MMLU MATH MGSM CSQA MBPP EmoryNLP
GENOME-2LoRA 55.32(0.5) 11.82(0.5) 34.22(0.6) 64.52(1.7) 43.02(0.4) 34.78(0.2)
GENOME-4LoRA 55.52(0.6) 15.82(0.9) 36.48(0.9) 70.42(0.7) 43.36(0.4) 34.40(0.7)
GENOME-6LoRA 55.54(0.3) 15.78(0.7) 36.06(1.0) 71.14(1.0) 43.44(0.2) 35.12(0.6)
GENOME-8LoRA 55.54(0.8) 15.54(0.3) 35.46(0.7) 70.10(0.6) 43.54(0.2) 35.04(0.5)
GENOME-10LoRA 54.52(0.9) 15.44(0.8) 36.14(1.3) 69.88(0.7) 43.52(0.5) 35.04(0.6)
Swarms-2LoRA 54.96(0.3) 10.10(0.4) 34.00(0.3) 64.94(0.5) 43.50(0.3) 34.54(0.4)
Swarms-4LoRA 55.70(1.0) 16.22(1.4) 36.66(1.1) 70.44(0.9) 43.48(0.4) 34.56(0.9)
Swarms-6LoRA 55.46(0.3) 15.60(0.3) 36.16(1.4) 69.76(0.8) 43.30(0.6) 34.78(0.5)
Swarms-8LoRA 55.12(1.1) 15.30(0.7) 35.30(2.1) 68.76(1.4) 43.86(0.3) 35.30(0.5)
Swarms-10LoRA 55.46(0.5) 15.04(0.9) 36.12(1.1) 69.58(1.5) 43.52(0.5) 35.86(1.3)

Table 1: Performance of GENOME and Model Swarms on Gemma-2-2B-it with 2–10 LoRA fusions over the Dgend
corpus under the DARE_TIES merging strategy. Results are averaged over 5 random seeds with standard deviations.

Phy-trans Chem-trans Bio-trans
F1 ROUGE BLEU F1 ROUGE BLEU F1 ROUGE BLEU

Base 45.95(1.1) 39.04(0.7) 50.61(0.4) 41.54(1.1) 33.83(1.0) 19.09(0.2) 28.27(0.3) 23.65(0.1) 24.49(0.8)
Single 50.64(0.7) 43.15(0.4) 53.42(0.3) 49.20(0.7) 40.48(0.7) 22.56(0.8) 35.69(0.3) 30.15(0.1) 28.65(1.5)
3-LoRA 56.70(0.5) 48.47(0.4) 51.88(0.2) 59.10(0.1) 52.08(0.1) 38.22(0.3) 39.79(0.1) 34.87(0.1) 47.68(0.1)
4-LoRA 56.19(0.9) 48.00(0.8) 51.79(0.6) 58.96(0.1) 51.98(0.2) 37.66(0.6) 39.57(0.6) 34.46(0.8) 47.60(0.1)
5-LoRA 55.22(0.9) 47.15(0.4) 51.97(0.7) 58.39(0.6) 51.28(1.0) 38.25(0.2) 39.47(0.8) 34.53(0.7) 47.63(0.2)
Base 48.67(0.5) 41.55(0.6) 49.78(0.3) 44.40(0.3) 37.82(0.4) 35.27(0.5) 29.40(0.1) 24.19(0.1) 46.49(0.5)
Single 54.92(0.5) 47.93(0.6) 49.88(0.2) 58.53(0.9) 53.08(0.7) 35.60(0.2) 39.42(0.1) 35.28(0.3) 47.19(0.3)
3-LoRA 56.26(0.1) 48.86(0.1) 52.26(0.1) 61.76(0.1) 56.43(0.5) 38.01(0.1) 39.97(0.2) 35.82(0.3) 46.51(0.3)
4-LoRA 56.28(0.3) 48.80(0.3) 52.25(0.1) 61.92(0.1) 56.47(0.1) 37.94(0.2) 39.93(0.2) 35.49(0.3) 48.72(0.3)
5-LoRA 57.08(0.3) 49.34(0.3) 52.08(0.3) 61.54(0.2) 55.81(0.3) 38.19(0.1) 40.10(0.1) 35.78(0.2) 48.70(0.1)

Phy-title Chem-title Bio-title
Model

Table 2: Zero-shot performance comparison of different settings on Gemma-2-2B-it (top) and LLaMA3.1-8B-
Instruct (bottom) models across various domain-specific tasks. “Single” to a LoRA model trained on Dknowd,
“3-LoRA”, “4-LoRA”, and “5-LoRA” correspond to the first 3, 4, and 5 items in the sequence of “physics, chemistry,
biology, finance, and medicine”.

selecting 200 validation and 1,077 test samples
from the original knowledge base, accompanied by
expert consensus evaluation.

Baselines. We compare various representative
model merging methods, including Weight Aver-
aging, Fisher Merging (Matena and Raffel, 2022),
RegMean (Jin et al., 2023), Task Arithmetic (Il-
harco et al.), TIES-Merging (Yadav et al., 2023),
DARE, DARE_TIES (Yu et al., 2024), EMR-
Merging (Huang et al., 2024b), GENOME (Zhang
et al., 2025), and Model Swarms (Feng et al.). De-
tailed descriptions of these methods are provided
in Appendix B.2. These methods are evaluated
on multiple base models, including LLaMA3.1-
8B-Instruct (Touvron et al., 2023), Gemma-2-2B-
it (Team et al., 2024), and GPT-2 (Radford et al.,
2019). In Dgend, we employ both full-parameter
and LoRA fine-tuning. We obtain publicly avail-
able full-parameter checkpoints from Hugging
Face following the setup of EMR-Merging (Huang
et al., 2024b), and train LoRA experts on ten sub-
domains of the Tulu-v2-SFT-mixture dataset (Ivi-
son et al., 2023) according to GENOME (Zhang
et al., 2025). In Dknowd, we train LoRA models
covering fields such as physics, chemistry, biology,
medicine, and finance.

4.2 Upper Bound for Model Merging

Table 1 illustrates how the number of merged ex-
perts influences the performance of GENOME and
Model Swarms under the DARE_TIES merging
strategy. This experiment investigates the scaling
dimension of expert quantity, an aspect that has
received limited systematic attention in prior work.
Specifically, GENOME primarily focuses on scal-
ing the evolutionary population size from 10 to
40 models with a fixed expert pool, and Model
Swarms explores expert diversity within a fixed-
size pool, neither study systematically examines
the impact of expert quantity on final performance.
Our experimental results reveal a critical finding:
contrary to the default configuration of 10 experts
adopted by both methods, simply increasing the
number of experts does not guarantee monotonic
performance improvement. As shown in Table 1,
optimal performance is typically achieved when
merging about 6 experts for GENOME (and about
4 for Model Swarms), after which performance
plateaus or even declines slightly.

This saturation phenomenon can be theoretically
explained by Theorem 2, which establishes that
the marginal contribution of each additional expert
diminishes as the number of merged experts in-
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Figure 3: Heatmap of cosine similarities between sen-
tence embeddings of Dknowd and Dgend.
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Phy-trans Chem-trans Bio-trans
F1 ROUGE BLEU F1 ROUGE BLEU F1 ROUGE BLEU

Single-LoRA 54.92(0.5) 47.93(0.6) 49.88(0.2) 58.53(0.9) 53.08(0.7) 35.60(0.2) 39.42(0.1) 35.28(0.3) 47.19(0.3)
Phy+Chem 56.23(0.2) 48.99(0.3) 52.14(0.1) 61.14(0.2) 55.83(0.5) 37.98(0.2) - - -
Phy+Bio 56.15(0.1) 48.48(0.2) 52.16(0.1) - - - 40.05(0.1) 35.85(0.1) 46.15(0.1)
Chem+Bio - - - 61.07(0.1) 55.48(0.1) 38.13(0.2) 39.99(0.2) 35.53(0.5) 46.61(0.4)
Phy1+Phy2 56.07(0.2) 48.74(0.5) 51.84(0.1) - - - - - -

Model
Phy-title Chem-title Bio-title

Table 3: Performance of pairwise expert merging experiments across domains.

creases. Intuitively, the first few experts capture the
dominant directions in the Hessian curvature space,
those corresponding to large eigenvalues where
the loss function is most sensitive to parameter
changes. As more experts are added, they increas-
ingly align with low-curvature directions (smaller
eigenvalues), where parameter modifications have
minimal impact on the loss. Formally, since the

Gaussian Width grows as w(SM ) ∝
√∑M

i=1 1/λi,
the concavity of the square root function ensures
that ∆wM = w(SM )−w(SM−1) decreases as M
grows. Consequently, beyond a certain threshold,
adding more experts yields diminishing or even
negative returns due to the introduction of redun-
dant or conflicting parameters in directions that
contribute negligibly to performance improvement.
Additional evidence of this saturation behavior is
provided in Appendix Table 8.

To further verify this phenomenon, we perform
principal component analysis (PCA) (Wold et al.,
1987) on the weights of various experts used in
the experiments (see Figure 2). The results in-
dicate that the number of principal components
explaining approximately 95% of the total vari-
ance closely aligns with the number of experts at
which model performance peaks. This indicates
that the first few experts capture the dominant high-
variance directions in the parameter space, while
additional experts beyond this threshold contribute
primarily along the remaining low-variance direc-
tions. This observation is consistent with Theo-
rem 3: the performance degradation arises from
parameter redundancy in these low-variance direc-
tions. Specifically, after the first few experts have

captured the high-variance subspace, subsequent
experts introduce parameters that lie in directions
with small eigenvalues. Although DARE_TIES
employs sparsification, the cumulative number of
non-zero parameters k inevitably grows. Once k
exceeds the theoretical bound, these redundant pa-
rameters in low-variance directions introduce con-
flicts rather than improvements, because they cor-
respond to unnecessary non-zero updates in direc-
tions that could in principle remain inactive while
still achieving the target loss. As a result, they
disturb an already sufficiently good parameter con-
figuration, leading to performance degradation. In
summary, our findings align with the theoretical
analysis: expert model merging enhances perfor-
mance within a certain range, but as the number
of experts grows, the marginal benefit gradually
decreases, and performance is ultimately limited
by parameter redundancy.

4.3 Impact of Domain Similarity on Model
Merging

Figure 3 shows the cosine similarity between the
embeddings of Dknowd and Dgend, reflecting their
correlation differences. Experiments on these cor-
pus are presented in Tables 1 and 2, both exhibiting
performance saturation.

According to Theorem 1, blindly increasing the
number of experts does not always improve per-
formance. Enhancing the quality and diversity of
individual experts is often more effective than sim-
ply increasing their number. Table 3 shows the
results of merging experts from different and same
domains. Experiments in the physics domain indi-
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cate that merging models from different domains
outperforms merging those from the same domain.
Theorem 1 further indicates that the upper bound
on the number of effectively mergeable models is
constrained by inter-expert correlation, with higher
correlation imposing a stricter bound. Therefore,
prioritizing expert combinations with lower corre-
lation tends to yield better performance gains.
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Figure 5: Weight distributions of the base model vs.
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(Left) KL divergence between the base and LoRA fine-
tuned models, with the Top 10 KL values marked in red
corresponding to domain-independent tokens, indicat-
ing minimal adjustments to the overall output. (Right)
Perplexity reduction of LoRA models across physics,
chemistry, and biology, suggesting improved response
accuracy and stability.

SVD (Klema and Laub, 1980) is widely used to
extract principal components from data matrices.
Based on SVD, we analyze representation differ-
ences among five models in Dknowd, focusing on
subspace similarity across domains. We measure
the principal angles between these subspaces. As
shown in the left part of Figure 4, the principal
angles between the physics, chemistry, and biology
subspaces are close to 90 degrees, indicating near
orthogonality and minimal interference. In con-
trast, the smaller angles between finance and med-
ical subspaces suggest significant overlap, which
may cause conflicts in domain-specific information
and affect merging. The 4LoRA and 5LoRA exper-
iments in Table 2 further confirm this phenomenon:
adding medical LoRA to 4LoRA degrades perfor-
mance, indicating that subspace coupling between
finance and medical models leads to negative inter-

ference, limiting merging effectiveness.
To better quantify differences between domain

models, we perform PCA to examine the repre-
sentations of physics, chemistry, and biology in
reduced-dimensional space (see the right part of
Figure 4). The projections show that vectors from
these domains point in distinct directions along the
first two principal components, revealing signifi-
cant differences in variation patterns. Due to the
approximate orthogonality of their subspaces, the
vectors exhibit minimal overlap, effectively reduc-
ing interference during fusion and ensuring stability
and independence in parameter integration. The
relative balance in vector magnitudes indicates that
each domain contributes comparably to the fusion,
which facilitates overall improvement in the fused
model’s performance.

Table 3 demonstrates the advantages of approx-
imate orthogonality between subspaces by com-
paring the performance of individual experts with
fused pairs of approximately orthogonal expert
models. The results show that fused pairs con-
sistently outperform single-domain experts. This
orthogonality ensures the relative independence of
each adapter’s update direction, effectively facilitat-
ing efficient knowledge integration across domains.

4.4 Limitations of Experts in Merging
Figure 5 presents the weight distribution his-
tograms of the base model and the LoRA fine-tuned
model on physics (Others in the Appendix). LoRA
weights are highly sparse, indicating that the adjust-
ments made to the original model parameters are
extremely limited. Further quantification through
SVD reveals a significantly heavy-tailed singular
value distribution: only 0.195% lie between e−1

and e−2, while most are below e−9. This suggests
LoRA fine-tuning concentrates parameter changes
in a few directions, with minimal contribution to
the overall behavior of the model.

To validate the effect of parameter constraints on
model outputs, we perform token-level KL diver-
gence analysis over concatenated input and answer
sequences, comparing the output distributions of
the base and LoRA models. The left of Figure 6
shows that tokens with the largest KL divergence
are mostly domain-independent, suggesting LoRA
improves task performance by adjusting a few pa-
rameters rather than reconstructing the output dis-
tribution with new knowledge.

To further validate these findings, we compare
perplexity (PPL) across physics, chemistry, and bi-
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Method CoLA MNLI MRPC QNLI QQP RTE SST-2 Avg.
Weight Averaging 55.0 55.1 51.0 57.6 76.7 44.8 52.5 56.1
Fisher Merging 54.8 58.0 39.5 63.3 81.5 49.1 64.7 58.7
RegMean 61.7 70.4 65.4 69.7 78.8 56.0 79.7 68.8
Ties-Merging 68.4 71.4 68.4 69.6 82.4 47.7 81.8 70.0

+RHT 68.2 74.3 68.1 69.4 82.4 48.0 81.8 70.3
Task Arithmetic 68.7 68.6 69.6 70.5 81.8 47.3 83.6 70.0

+RHT 68.8 72.0 69.6 70.4 81.7 47.3 84.3 70.6
EMR-Merging 72.8 81.1 79.2 84.8 88.1 66.5 90.3 80.4

+RHT 73.7 80.4 79.4 87.1 88.1 67.5 90.6 81.0

Table 4: Multi-task performance when merging GPT-2 models on seven text classification tasks.
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Figure 7: Performance trends across different numbers of merged expert models with RHT enhancement.

ology. For each domain, we randomly select 40
questions and generate responses using both the
LLaMA3.1-8B-Instruct base model and the LoRA
fine-tuned model. As shown in the right part of Fig-
ure 6, the LoRA model generally exhibits lower per-
plexity than the base model, indicating enhanced
accuracy and stability in the target domain. The
results suggest that LoRA fine-tuning refines the
model’s inherent capabilities by optimizing a low-
dimensional manifold in parameter space, rather
than extending its knowledge boundary.

4.5 Results of Reparameterized Heavy-Tailed
Method

Theorem 2 identifies the fundamental cause of per-
formance saturation as the limited growth in the
geometric complexity of the merged parameter set,
measured via Gaussian Width. Theorem 4 estab-
lishes that, through reparameterization and scale
mixing, the merged model inherently develops
power-law heavy-tailed behavior, thereby overcom-
ing the restrictive nature of Gaussian tails. Building
on this result, Theorem 5 rigorously demonstrates
that the parameter space associated with heavy-
tailed distributions admits strictly greater coverage
than that of exponential-tailed Gaussian counter-
parts. Such enhanced coverage endows the merged
model with the capacity to represent a richer and
more diverse class of functions, thereby strength-

ening its expressiveness and adaptability and en-
abling it to continuously integrate knowledge from
additional experts without premature performance
saturation.

To validate the effectiveness of RHT in practi-
cal model merging, we conduct experiments un-
der both full-parameter fine-tuning and low-rank
fine-tuning scenarios. As shown in Table 4, under
the full-parameter fine-tuning setting, RHT effec-
tively improves the performance of existing merg-
ing methods. Specifically, the average accuracy
increases 0.3% compared to Ties-Merging, 0.6%
compared to Task Arithmetic and EMR-Merging.
Furthermore, in the scaling experiments based on
LoRA fine-tuned experts (see Figure 7), RHT con-
sistently outperforms other baseline methods across
all tasks. Notably, when the performance of other
methods approaches saturation, RHT continues to
maintain steady improvement. In complex reason-
ing tasks such as MMLU, MATH, and MGSM,
the performance gains of RHT are particularly pro-
nounced, indicating its superior ability to lever-
age the growing number of experts and effectively
avoid performance bottlenecks.

5 Conclusion

In this paper, we systematically investigate the fun-
damental limitations of model merging scalability
through rigorous theoretical analysis and empiri-
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cal evaluation. Our mathematical characterization,
grounded in Gaussian Width, reveals an inherent
pattern of concave diminishing returns in multi-
expert ensembles, attributed to the saturation of the
effective parameter space. The derived kinematic
threshold provides a theoretical stopping criterion
for the merging process. To address these limita-
tions, we propose a Reparameterized Heavy-Tailed
method that extends the coverage of merging pa-
rameters via heavy-tailed geometric reconstruction,
resulting in sustained performance improvements.

Limitations

This paper focuses on merging experts derived from
the same base architecture, which is the predom-
inant setting in current model merging research.
Heterogeneous merging across different architec-
tures remains underexplored due to fundamental
challenges such as parameter alignment, incom-
patible tokenization, and dimensional mismatches.
As research in heterogeneous merging matures and
standardized methodologies emerge, extending our
theoretical framework to this setting presents a
promising direction for future work. Our current
analysis establishes foundational principles for ho-
mogeneous merging that may inform subsequent
investigations into cross-architecture composition.
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A Proofs

Definition 1 (Gaussian Width (Vershynin, 2015)).
Let S ⊆ RD be a subset of the D-dimensional
Euclidean space. The Gaussian Width w(S) of S
is defined as:

w(S) =
1

2
E

[
sup
x,y∈S

⟨g, x− y⟩
]
, (10)

where g ∼ N (0, ID) is a standard Gaussian ran-
dom vector, and ⟨g, x − y⟩ represents the inner
product between g and the difference x−y between
any two points x and y in S.

The Gaussian Width quantifies the extent to
which the set S spans in random directions, thereby
reflecting its geometric complexity.

Definition 2 (Statistical Dimension (Amelunxen
et al., 2014)). For a closed convex cone C ⊆ RD,
its statistical dimension is expressed as:

δ(C) = E
[
∥ΠC(g)∥22

]
, (11)

where g ∼ N (0, ID) is a standard Gaussian ran-
dom vector, ΠC(g) is the projection of g onto the
convex cone C.

Lemma 1 (Approximate Kinematics The-
ory (Amelunxen et al., 2014)). For a closed convex
cone C ⊆ RD, any k-dimensional subspace
Sk ⊆ RD, and a Haar-distributed random
orthogonal matrix Q:

δ(C) + k ≲ D =⇒ Pr{C ∩QSk = ϕ} ≈ 1,

δ(C) + k ≳ D =⇒ Pr{C ∩QSk = ϕ} ≈ 0.
(12)

A.1 Proof of the Upper Bound Mode Merging
Proof of Theorem 1. According to the linear com-
bination properties of Gaussian random variables,
the merge parameter distribution is:

θmerge ∼ N (µmerge, Σmerge). (13)

The mean vector is:

µmerge =
n∑

i=1

αi µi. (14)

Covariance matrix:

Σmerge =
n∑

i=1

α2
i σ

2
i I +

n∑

i=1

n∑

j=1
j ̸=i

αi αj Cov(θi, θj).

(15)

Define the covariance between experts i and j as:

Cov(θi, θj) = ρij σi σj I, |ρij | ≤ 1. (16)

Substituting the covariance into the covariance ma-
trix expression above:

Σmerge =
( n∑

i=1

α2
i σ

2
i +

n∑

i=1

n∑

j=1
j ̸=i

αi αj ρij σi σj

)
I.

(17)
Simplified to scalar variance:

σ2
merge =

n∑

i=1

α2
i σ

2
i +

n∑

i=1

n∑

j=1
j ̸=i

αiαj ρij σi σj .

(18)
The merged variance in the simplified case is:

σ2
merge = σ2

( n∑

i=1

α2
i + ρ

n∑

i=1

n∑

j=1
j ̸=i

αiαj

)
. (19)

Noting (
∑n

i=1 αi)
2 =

∑n
i=1 α

2
i +∑n

i=1

∑
j=1,i ̸=j αiαj = 1, we get:

σ2
merge = σ2

(
ρ+ (1− ρ)

n∑

i=1

α2
i

)
. (20)

In the uniform weight case αi = 1/n, the variance
is:

σ2
merge = σ2

(
ρ+ 1−ρ

n

)
. (21)

When the number of experts n → ∞, the variance
after merging tends to:

lim
n→∞

σ2
merge = σ2 ρ. (22)

This shows that the merged variance converges to
σ2ρ as the number of experts increases. When
ρ > 0, this limit is a strictly positive asymptotic
variance floor; when ρ = 0, the limit becomes zero.

To characterize when further merging becomes
ineffective, we consider an adaptive stopping con-
dition based on the marginal variance drop when
adding an additional expert. Specifically, we re-
quire that the drop from n−1 to n experts satisfies:

σ2
merge(n− 1)− σ2

merge(n) ≥ ∆, (23)

where ∆ > 0 is a pre-defined threshold.
According to Equation 21, we can get:

σ2
merge(n− 1)− σ2

merge(n) =
σ2(1− ρ)

n(n− 1)
. (24)
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Thus, the stopping condition yields:

n(n− 1) ≤ σ2(1− ρ)

∆
. (25)

Therefore, the maximum number of models that
can be merged is:

nmax =

⌊√
σ2(1− ρ)

∆
+ 1

4 + 1
2

⌋
. (26)

This indicates that there exists an upper bound on
the number of models that can be merged, and this
bound is mainly determined by the variance σ2,
the correlation ρ between models, and the desired
variance drop threshold ∆.

A.2 Proof of the Gaussian Width of the
Merged Model Subspace

Proof of Theorem 2. Let L(θ∗) denote the loss of
the model obtained by merging all available experts
(i.e., n experts). The objective of model merging
is to determine the minimal merging size M such
that the merged model achieves optimal merging
performance. This objective is formulated as the
following constrained minimization problem:

min
M∈Z+

M s.t.∃θ ∈ S(ϵ), L(θ) ≤ L(θ∗) + ϵ,

(27)
where S(ϵ) is the set of admissible parameter con-
figurations for an M-expert model. This set is for-
mally defined by the performance constraint:

S(ϵ) = {θ ∈ RD : L(θ) ≤ L(θ∗) + ϵ}. (28)

Here, ϵ is the performance tolerance threshold.
Consider merging n expert models with weights θ∗

and a loss function L(θ), where θ lies in a small
neighborhood of θ∗, we approximate L(θ) using a
second-order Taylor expansion. Given that the first
derivative of L(θ) at θ∗ is zero, Equation 28 can be
reformulated as:

S(ϵ) =
{
θ ∈ RD : (θ − θ∗)TH(θ − θ∗) ≤ 2ϵ

}
,

(29)
where H is the Hessian matrix of L(θ) at θ∗. Since
H is positive definite, S(ϵ) forms an ellipsoid cen-
tered at θ∗.

We then perform a linear transformation z =

H
1
2 (θ − θ∗) to express:

S(ϵ) =
{
z ∈ RD | ∥z∥2 ≤ 2ϵ

}
. (30)

From Equation 28, we have:

sup
θ∈S(ϵ)

⟨g, θ − θ∗⟩ = sup
z
⟨g,H− 1

2 z⟩s.t.∥z∥2 ≤ 2ϵ,

(31)
which is maximized by:

z∗ =
√
2ϵ · H− 1

2 g

∥H− 1
2 g∥

. (32)

Thus, the Gaussian Width becomes:

w(S(ϵ)) = E
[√

2ϵ · ∥H− 1
2 g∥
]
. (33)

By applying Jensen’s inequality, we approximate
the expected value as:

E
[
∥H− 1

2 g∥
]
≈
√

Tr(H−1). (34)

Hence, the final Gaussian Width is:

w(S(ϵ)) ≈
√

2ϵ · Tr(H−1). (35)

For the number of experts M , the Gaussian Width
becomes:

w(SM ) ≈

√√√√2ϵ ·
M∑

i=1

1

λi
, (36)

where λi is the i-th eigenvalue of H . The marginal
contribution of adding the M -th expert is:

∆wM = w(SM )− w(SM−1)

=

√√√√2ϵ ·
M∑

i=1

1

λi
−

√√√√2ϵ ·
M−1∑

i=1

1

λi
.

(37)

Since the square root function is concave, the
marginal gain decreases as M increases:

∆wM > ∆wM+1. (38)

Thus, diminishing marginal return arises from the
concavity of the square root function, leading to
progressively smaller contributions from each ad-
ditional expert to the overall Gaussian Width.

A.3 Proof of Parameter Redundancy Effects
Proof of Theorem 3. Let the weight of the merged
model of M experts be θk, which represents a k-
sparse vector containing exactly k non-zero pa-
rameters. Let θ∗ be the weight vector obtained by
merging all expert models. We decompose θ∗ into
two parts:
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• θk = [θ∗1, θ
∗
2, . . . , θ

∗
k], which represents the pa-

rameters contributed by M expert models (M ≤
N ).

• θ′ = [θ∗k+1, θ
∗
k+2, . . . , θ

∗
d], which represents the

parameters contributed by the remaining N −M
expert models.

Given θk, the sublevel set of the loss function is
defined by:

S(θ′, ϵ) =
{
θ′ ∈ Rd−k : L([θk, θ′]) ≤ L(θ∗) + ϵ

}
.

(39)
To demonstrate the existence of parameter redun-
dancy in the model merging process, we need to
show that there exists a θk such that the zero vector
0 ∈ Rd−k belongs to S(θ′, ϵ).

Next, consider the statistical dimension of the
projection cone of the set S(θ′, ϵ). The statistical di-
mension of the projection cone is closely related to
the geometric structure of the set. Using Lemma 1,
we aim to prove that the statistical dimension of
the projection cone of S(θ′, ϵ) is full, meaning its
dimension is d− k.

Let C = p(S(θ′, ϵ)) represent the result of pro-
jecting the set S(θ′, ϵ) onto the unit sphere Sd−1.
According to existing research (Amelunxen et al.,
2014), there is the following relationship between
statistical dimension and Gaussian Width:

w2(C) ≤ δ(C) ≤ w2(C) + 1. (40)

Therefore, the relationship between the projected
Gaussian Width w(p(S(θ′, ϵ))) and statistical di-
mension is:

w(p(S(θ′, ϵ)))2 ≳ d− k. (41)

From Equation 29, we know that S(θ′, ϵ) is an
ellipsoid, and all points x ∈ S(θ′, ϵ) are projected
onto the unit sphere Sd−1, with the projection op-
eration given by:

p(S(θ′, ϵ)) =
{

x− θk

∥x− θk∥ : x ∈ S(θ′, ϵ)
}
. (42)

According to Equation 35, the Gaussian Width of
the ellipsoid w(S(ϵ)) is approximately:

w(S(ϵ))2 ≈ 2ϵTr(H−1) = 2ϵ
d∑

i=1

1

λi
=
∑

i=1

r2i ,

(43)
From (Larsen et al.), we modify r2i to:

r2i
∥θ∗ − θk∥22 + r2i

. (44)

Therefore, the projected Gaussian Width is given
by:

w(p(S(θ′, ϵ)))2 =
d−k∑

i=1

r2i
∥θ∗ − θk∥22 + r2i

. (45)

Here, ri =
√

2ϵ
λi

is the radius of the ellipsoid, and
λi is the eigenvalue of the Hessian matrix of the
loss function L([θk, θ′]) with respect to θ′.

From formulas 41 and 45, it can be observed
that as the number of expert models increases, the
number of non-zero parameters k in the network
also increases, and the parameter θk approaches θ∗,
which makes:

r2i
∥θ∗ − θk∥22 + r2i

≈ 1. (46)

In this case, the projected Gaussian Width will
approach d− k, that is: w(p(S(θ′, ϵ)))2 ≈ d− k.

When each fraction r2i
∥θ∗−θk∥22+r2i

approaches 1, it
means that the contribution from each direction is
close to 1. At this point, the projected Gaussian
Width will be close to:

w(p(S(θ′, ϵ)))2 =
d−k∑

i=1

1 = d− k. (47)

Thus, 0 ∈ S(θ′, ϵ), meaning all the unmerged pa-
rameters become redundant.

A.4 Proof of the Difference of Gaussian
Distributions

Proof of Section 3.3. According to the properties
of independent Gaussian random variables, their
linear combination is still Gaussian, with the mean
and variance given by the linear combination of the
means and variances, respectively. Therefore,

E[w′] = E[w]− E[g] = µ− µ = 0,

Var[w′] = Var[w] + Var[g]

= σ2I+ σ2
gI = (σ2 + σ2

g)I.

(48)

Thus, w′ ∼ N (0, (σ2 + σ2
g)I).

A.5 Proof of Heavy-Tailed Emergence From
Expert Merging

Proof of Theorem 4. Let w′ ∼ N (0, (σ2 + σ2
g)I)

be a zero-mean multivariate Gaussian distribution.
Consider the nonlinear transformation:

T (w′
i) = sign(w′

i) · |w′
i|γ ·

(
1 + αe−β|w′

i|
)
,

(49)
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where 0 < γ < 1, α > 0, and β > 0. For simplic-
ity, denote:

T (x) = sign(x) · |x|γ ·
(
1 + αe−β|x|

)
. (50)

When |x| is sufficiently large, we have e−β|x| → 0,
hence:

T (x) ≈ sign(x) · |x|γ . (51)

Consequently, for Y = T (X),

|Y | ≈ |X|γ , i.e. |X| ≈ |Y |1/γ . (52)

Therefore, for large y,

P (|Y | > y) ≈ P (|X| > y1/γ). (53)

For a standard Gaussian random variable X ∼
N (0, σ2), the tail probability satisfies the well-
known asymptotic relation:

P (|X| > t) ∼ 2σ√
2π t

exp

(
− t2

2σ2

)
, t → ∞.

(54)
Setting t = y1/γ yields:

P (|X| > y1/γ) ∼ 2σ√
2π

y−1/γ exp

(
−y2/γ

2σ2

)
.

(55)
Let C = 2σ/

√
2π, the tail probability for a single

expert becomes:

P (|Y | > y) ∼ C y−1/γ exp

(
−y2/γ

2σ2

)
. (56)

Now consider the merging of multiple experts with
heterogeneous scale parameters σ. Define:

θ :=
1

2σ2
,⇒ exp

(
−y2/γ/2σ2

)

= exp(−θy2/γ).
(57)

Let the probability density of θ be gθ(θ). Then the
merged model’s survival function (tail probability)
can be approximated by:

S(y) = P (|Y | > y)

≈ y−1/γ

∫ ∞

0

1√
πθ

e−θy2/γ gθ(θ) dθ.
(58)

Define:

φ(θ) :=
1√
πθ

gθ(θ), u := y2/γ , (59)

thus:

S(y) = y−1/γ L{φ}(u),

L{φ}(u) :=
∫ ∞

0
e−θuφ(θ) dθ.

(60)

By the Tauberian theorem, as y → ∞ (i.e., u →
∞), the asymptotic behavior of L{φ}(u) is deter-
mined by the behavior of φ(θ) as θ → 0+. If there
exist δ > 0 and a constant C ′ > 0 such that:

φ(θ) ∼ C ′ θδ−1, θ → 0+, (61)

then:

L{φ}(u) ∼ C ′ Γ(δ)u−δ, u → ∞. (62)

Therefore,

S(y) ∼ C ′ Γ(δ) y−1/γ (y2/γ)−δ

=
(
C ′ Γ(δ)

)
y−(1+2δ)/γ .

(63)

That is, the tail probability obeys a power-law de-
cay:

P (|Y | > y) ∝ y−κ, κ =
1 + 2δ

γ
. (64)

This establishes that if the mixing distribution
gθ(θ) behaves as a power law near θ = 0, then the
merged model exhibits heavy-tailed behavior.

A.6 Proof of Heavy-Tailed Distributions
Expanding the Model Function Space

Proof of Theorem 5. In the model merging
paradigm, standard weighted averaging (i.e.,
Gaussian mixtures) yields light-tailed models
with exponential decay. By contrast, introducing
a two-stage nonlinear transformation with scale
mixing leads to heavy-tailed power-law behavior
(Equation 64). We next prove that heavy-tailed
distributions cover a much broader parameter
space than exponential-tailed ones, offering greater
applicability and expressive power.

Let X be a random variable with survival func-
tion:

S(x) = P (|X| > x). (65)

Exponential-tailed distributions are those whose
tail decays at least as fast as an exponential function.
A prototypical example is the Gaussian distribution,
whose survival function satisfies:

S(x) ∼ exp(−axb), a > 0, b ≥ 1. (66)
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Heavy-tailed distributions decay slower than any
exponential function and often follow a power-law
decay:

S(x) ∼ cx−α, α > 0, (67)

where α is the tail index. A natural distribution
family interpolating between these behaviors is the
Student’s t-distribution, parameterized by its de-
grees of freedom ν > 0:

(a) Heavy tail for finite ν

For any finite ν ∈ (0,∞), when x → ∞, the
probability density function (PDF) satisfies:

f(x; ν) ∝
(
1 +

x2

ν

)− ν+1
2

∼ x−(ν+1).

(68)
Integrating the PDF, the survival function sat-
isfies:

S(x; ν) ∼ cx−ν , (69)

which is a power-law decay, confirming that
any Student’s t-distribution with finite degrees
of freedom is heavy-tailed.

(b) Exponential tail in the limit ν → ∞
It is a classical result that as ν → ∞, the Stu-
dent’s t-distribution converges in distribution
to a standard normal distribution:

lim
ν→∞

f(x; ν) =
1√
2π

e−x2/2. (70)

The Gaussian distribution is a canonical ex-
ample of an exponential-tailed distribution.

In the family of t-distributions, the set of pa-
rameters corresponding to heavy-tailed behavior
is the entire positive real axis: PHeavy = (0,∞),
which is a continuous open interval containing in-
finitely many points. In contrast, the parameter
corresponding to an exponential-tailed distribution
corresponds only to the limiting case of the degrees
of freedom ν → ∞, which is a boundary point of
the parameter space: PExponential = {∞}. There-
fore, compared to exponential-tailed distributions,
heavy-tailed distributions have a significantly larger
coverage in the parameter space, offering greater
expressiveness and applicability.

B Experimental Setup

To obtain the expert models, we fine-tune the
base models using LoRA with the LLaMA-Factory

framework (Zheng et al., 2024). The complete
training hyperparameters and configurations for
this process are provided in Table 5.

B.1 Evaluation Metrics

To comprehensively assess the performance of our
model across various tasks, we employ a set of
widely adopted evaluation metrics tailored to differ-
ent data categories, as summarized in Table 6. For
general-purpose tasks such as question answering,
classification, and coding, accuracy, weighted-F1,
and pass@1 are used to evaluate correctness and
robustness.

For knowledge-intensive tasks, including ti-
tle generation and text translation, we adopt
several text-level evaluation metrics to capture
fluency, faithfulness, and semantic similarity.
Specifically, BLEU (Papineni et al., 2002) mea-
sures n-gram overlap between generated and
reference texts; ROUGE (Fang et al., 2023)
evaluates recall-oriented summarization quality;
BERTScore (Zhang et al.) leverages contextual
embeddings to assess semantic similarity; and F1
score balances precision and recall.

B.2 Baselines

Weight Averaging takes a simple linear average
of the weights from each expert model, where each
model is assigned an equal coefficient.

Fisher Merging (Matena and Raffel, 2022)
leverages the Fisher information matrix to assign
importance weights to parameters during merging.
Parameters with higher Fisher information scores,
which indicate greater sensitivity to model outputs,
receive proportionally larger influence in the final
merged model.

RegMean (Jin et al., 2023) formulates model
merging as a regularization-based optimization
problem that operates without training data. It reg-
ularizes the merged weights to stay close to the
original expert models while minimizing prediction
disagreements, effectively balancing contributions
from each expert.

Task Arithmetic (Ilharco et al.) is a widely used
training-free model merging baseline. Its core idea
is to compute the weight differences between a fine-
tuned model and a pretrained model (i.e., the "task
vectors") and linearly combine these task vectors
to enable model editing and multi-task fusion.
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TIES-Merging (Yadav et al., 2023) aims to in-
troduce sparsification and sign-alignment strate-
gies in the process of model parameter merging
to mitigate weight conflicts and information can-
cellation. It employs a "Trim, Elect Sign, Disjoint
Merge" procedure: first removing redundant pa-
rameters, then averaging only the weights with con-
sistent signs, and selecting a dominant direction
for weights with inconsistent signs, thereby effec-
tively improving the stability and performance of
the merged model.

DARE (Yu et al., 2024) operates by randomly
dropping a large portion of weights within the task
vector and subsequently applying a proportional
scaling to the remaining weights.

EMR-Merging (Huang et al., 2024b) represents
a recent advancement in tuning-free model merg-
ing. While traditional methods like Task Arith-
metic and TIES-Merging directly merge model
weights, EMR-Merging takes a different approach
by decomposing the merging process into unified
task vectors and task-specific modulators, allowing
for dynamic adjustment during inference without
additional training overhead.

Model Swarms (Feng et al.) A collaborative
search algorithm designed to adapt large language
model (LLM) experts using principles of swarm
intelligence. Inspired by Particle Swarm Optimiza-
tion (PSO), the method treats each LLM as a “par-
ticle” navigating the model weight space. Guided
by a utility function and influenced by personal
best, global best, and worst checkpoints, these ex-
pert models iteratively update their weights and
directions to optimize for a target objective.

GENOME (Zhang et al., 2025) A population-
based evolutionary framework for adapting large
language models (LLMs) based on genetic opti-
mization. Inspired by biological evolution, the
method treats each LLM as an “individual” with pa-
rameters functioning as digital genes. A population
of expert models evolves through three key opera-
tions: crossover, which merges weights from parent
models; mutation, which introduces random pertur-
bations to enhance diversity; and selection, which
prioritizes high-performing individuals based on a
fitness function.

C More Detailed Results

This section provides comprehensive experimen-
tal results that complement the main findings pre-
sented in the paper.

Table 7 reports detailed results on LLaMA3.1-
8B-Instruct for GENOME and RHT when merging
2 to 10 LoRA experts across six benchmarks. Ta-
ble 8 further presents the detailed performance of
GENOME on Gemma-2-2B-it under DARE and
TIES merging strategies when merging 2 to 10
LoRA experts on the Dgend corpus, demonstrating
the existence of an upper bound on the number of
experts that can be effectively merged. Table 9
reports complete the complete Gemma-2-2B-it re-
sults for five model merging methods (GENOME-
DARE, GENOME-TIES, GENOME-DARE-TIES,
Model Swarms, and RHT), averaged over five
random seeds on six datasets (MMLU, MATH,
MGSM, CSQA, MBPP, and EmoryNLP).

Figure 8 visualizes the weight distributions of
expert models from three representative methods:
LoRA-Flow (Wang et al., 2024), LoraHub (Huang
et al., 2024a), and GENOME (Zhang et al., 2025).
The histograms demonstrate that expert weights
across different domains consistently follow Gaus-
sian distributions, which supports the theoretical
assumptions underlying our analysis.

For the Dknowd corpus experiments, Tables 10
and 11 report the performance of Gemma-2-2B-
it and LLaMA3.1-8B-Instruct on domain-specific
title generation tasks (physics, chemistry, and bi-
ology) across five random seeds, evaluated using
F1, ROUGE, BLEU, and BERT Score metrics. Ta-
ble 12 presents the corresponding results for trans-
lation tasks using BLEU as the evaluation metric.

To investigate cross-domain merging effects, Ta-
bles 13, 14, and 15 analyze pairwise LoRA fu-
sion experiments. Specifically, Table 13 exam-
ines physics title generation when merging physics
experts with chemistry, biology, or other physics
expert. Table 14 extends this analysis to chem-
istry and biology title generation tasks with cross-
domain expert combinations. Table 15 reports the
translation task results for all pairwise domain com-
binations (physics, chemistry, and biology), evalu-
ated using BLEU scores across five random seeds.
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Dataset Samples LoRA rank/alpha Learning rate Warmup ratio Batch size Epochs

CoT 49747 8/16 2.00E-04 0.1 32 5
Code Alpaca 20016 8/16 2.00E-04 0.1 32 5
Flan v2 49123 8/16 2.00E-04 0.1 32 5
GPT4 Alpaca 19906 8/16 2.00E-04 0.1 32 5
Open Assistant 1 7331 8/16 2.00E-04 0.1 32 5
Open-Orca 29683 8/16 2.00E-04 0.1 32 5
Science Literature 7468 8/16 2.00E-04 0.1 32 5
ShareGPT 111912 8/16 2.00E-04 0.1 32 5
WizardLM 29810 8/16 2.00E-04 0.1 32 5
LIMA 1018 8/16 2.00E-04 0.1 32 5
Physics 19999 8/16 2.00E-04 0.1 32 5
Chemistry 19999 8/16 2.00E-04 0.1 32 5
Biology 20000 8/16 2.00E-04 0.1 32 5
Finance 100000 8/16 5.00E-05 0.1 32 5
Medicine 22000 8/16 2.00E-04 0.1 32 5

Table 5: Training configurations for different datasets. The learning rate decay follows a cosine schedule.

vaild test
CSQA Question Answering accuracy 200 1000

EmoryNLP Affective Computing weighted-F1 200 697
MATH Mathematics accuracy 200 1000
MBPP Code Generation pass@1 200 774
MGSM Multilingual Processing accuracy 200 2637
MMLU General Knowledge accuracy 200 1000
SST-2 Text Classification accuracy - 872
QQP Text Classification accuracy - 40430

CoLA Text Classification accuracy - 1043
MNLI Text Classification accuracy - 9832
MRPC Text Classification accuracy - 408
QNLI Text Classification accuracy - 5463
RTE Text Classification accuracy - 277

Physics_title Title Generation BERT Score, F1, ROUGE, BLEU 150 350
Physics_trans Text Translation BLEU 150 350

Chemistry_title Title Generation BERT Score, F1, ROUGE, BLEU 150 350
Chemistry_trans Text Translation BLEU 150 350

Biology_title Title Generation BERT Score, F1, ROUGE, BLEU 200 1077
Biology_trans Text Translation BLEU 150 350

SizeDataset Category Metrics

Knowledge
Intensive

Data

General
Purpose

Data

Table 6: Datasets and Evaluation Metrics for Benchmarking.

CSQA MMLU MATH MGSM MBPP EmoryNLP

2LoRA_GENOME 0.753 0.726 0.328 0.594 0.637 0.349
4LoRA_GENOME 0.758 0.724 0.326 0.596 0.638 0.344
6LoRA_GENOME 0.761 0.730 0.327 0.597 0.637 0.361
8LoRA_GENOME 0.757 0.736 0.331 0.597 0.634 0.359
10LoRA_GENOME 0.756 0.732 0.326 0.586 0.633 0.358

2LoRA_RHT 0.764 0.729 0.330 0.596 0.634 0.358
4LoRA_RHT 0.765 0.731 0.336 0.590 0.634 0.360
6LoRA_RHT 0.764 0.728 0.324 0.598 0.640 0.365
8LoRA_RHT 0.767 0.737 0.337 0.603 0.636 0.373
10LoRA_RHT 0.765 0.734 0.336 0.590 0.632 0.358

Table 7: Performance of GENOME and RHT on LLaMA3.1-8B-Instruct when merging 2 to 10 LoRA experts. The
upper block shows GENOME results under the DARE_TIES merging strategy.
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Figure 8: Histogram of expert model weights from LoRA-Flow (Wang et al., 2024), LoraHub (Huang et al., 2024a),
GENOME (Zhang et al., 2025), demonstrating a Gaussian distribution.

Model MMLU MATH MGSM CSQA MBPP EmoryNLP
DARE-2LoRA 50.80(1.1) 08.22(0.5) 24.01(1.0) 69.12(0.8) 38.75(1.3) 34.78(0.1)
DARE-4LoRA 52.88(0.9) 14.28(0.5) 31.19(1.6) 69.18(0.9) 42.53(0.7) 35.45(0.7)
DARE-6LoRA 54.68(1.0) 14.36(0.8) 32.30(1.0) 67.36(2.5) 42.89(0.5) 35.31(0.5)
DARE-8LoRA 53.88(0.9) 15.50(0.5) 34.41(2.7) 68.60(1.2) 42.81(0.5) 34.99(0.4)
DARE-10LoRA 53.20(1.6) 15.12(0.8) 32.04(1.2) 67.88(2.2) 42.40(0.4) 34.65(0.6)
TIES-2LoRA 55.16(0.5) 13.06(0.3) 36.23(0.2) 71.26(1.0) 42.87(0.2) 34.46(0.8)
TIES-4LoRA 55.68(0.9) 15.48(0.8) 35.98(0.7) 71.42(0.8) 42.87(0.3) 34.23(0.5)
TIES-6LoRA 55.64(0.7) 15.66(0.9) 36.62(0.7) 70.94(1.2) 43.36(0.3) 34.58(0.4)
TIES-8LoRA 55.26(1.0) 15.90(0.3) 37.68(2.1) 69.90(2.3) 43.44(0.3) 34.82(0.4)
TIES-10LoRA 55.18(1.1) 15.82(0.1) 37.04(1.6) 69.04(0.8) 42.99(2.0) 34.06(0.3)

Table 8: Performance of GENOME on Gemma-2-2B-it with 2–10 LoRA fusions over the Dgend corpus under the
DARE and TIES merging strategy. Results are averaged over 5 random seeds with standard deviations.

45479



Dataset
Setting 2-LoRA 4-LoRA 6-LoRA 8-LoRA 10-LoRA 2-LoRA 4-LoRA 6-LoRA 8-LoRA 10-LoRA 2-LoRA 4-LoRA 6-LoRA 8-LoRA 10-LoRA

0.5030 0.5370 0.5460 0.5300 0.5480 0.0880 0.1370 0.1360 0.1510 0.1480 0.2241 0.3026 0.3242 0.3136 0.3178
0.5280 0.5300 0.5640 0.5280 0.5070 0.0800 0.1460 0.1340 0.1610 0.1540 0.2397 0.3003 0.3151 0.3735 0.3409
0.5070 0.5180 0.5470 0.5480 0.5300 0.0770 0.1380 0.1460 0.1570 0.1460 0.2473 0.3140 0.3345 0.3303 0.3117
0.5000 0.5390 0.5390 0.5460 0.5440 0.0860 0.1480 0.1520 0.1500 0.1440 0.2480 0.3386 0.3117 0.3311 0.3212
0.5020 0.5200 0.5380 0.5420 0.5310 0.0800 0.1450 0.1500 0.1560 0.1640 0.2416 0.3038 0.3295 0.3720 0.3102
0.5430 0.5610 0.5620 0.5680 0.5500 0.1340 0.1610 0.1650 0.1560 0.1590 0.3584 0.3694 0.3546 0.3883 0.3644
0.5520 0.5630 0.5530 0.5510 0.5540 0.1320 0.1420 0.1650 0.1570 0.1570 0.3644 0.3595 0.3641 0.3925 0.3565
0.5550 0.5570 0.5620 0.5400 0.5630 0.1310 0.1570 0.1480 0.1610 0.1570 0.3637 0.3489 0.3686 0.3955 0.3970
0.5530 0.5420 0.5590 0.5530 0.5570 0.1250 0.1620 0.1470 0.1590 0.1580 0.3625 0.3587 0.3735 0.3557 0.3659
0.5550 0.5610 0.5460 0.5510 0.5350 0.1310 0.1520 0.1580 0.1620 0.1600 0.3625 0.3629 0.3705 0.3523 0.3682
0.5470 0.5640 0.5580 0.5630 0.5530 0.1130 0.1530 0.1630 0.1530 0.1590 0.3440 0.3510 0.3570 0.3640 0.3610
0.5520 0.5480 0.5530 0.5630 0.5310 0.1160 0.1490 0.1500 0.1520 0.1410 0.3490 0.3750 0.3610 0.3500 0.3650
0.5590 0.5580 0.5600 0.5490 0.5470 0.1250 0.1650 0.1590 0.1540 0.1590 0.3380 0.3630 0.3730 0.3470 0.3480
0.5560 0.5530 0.5520 0.5450 0.5510 0.1210 0.1530 0.1660 0.1580 0.1570 0.3460 0.3630 0.3650 0.3590 0.3520
0.5520 0.5530 0.5540 0.5570 0.5440 0.1160 0.1710 0.1510 0.1600 0.1560 0.3340 0.3720 0.3470 0.3530 0.3810
0.5530 0.5560 0.5550 0.5510 0.5590 0.0940 0.1630 0.1570 0.1610 0.1620 0.3360 0.3720 0.3730 0.3560 0.3760
0.5520 0.5570 0.5510 0.5510 0.5470 0.1010 0.1590 0.1530 0.1500 0.1400 0.3390 0.3740 0.3390 0.3360 0.3650
0.5460 0.5570 0.5590 0.5430 0.5510 0.1030 0.1650 0.1600 0.1430 0.1430 0.3420 0.3770 0.3660 0.3530 0.3580
0.5510 0.5720 0.5560 0.5700 0.5590 0.1040 0.1820 0.1550 0.1570 0.1530 0.3410 0.3510 0.3600 0.3860 0.3600
0.5460 0.5430 0.5520 0.5410 0.5570 0.1030 0.1420 0.1550 0.1540 0.1540 0.3420 0.3590 0.3700 0.3340 0.3470
0.5540 0.5550 0.5560 0.5650 0.5450 0.1270 0.1580 0.1580 0.1590 0.1590 0.3641 0.3766 0.3769 0.3917 0.3970
0.5520 0.5480 0.5540 0.5750 0.5600 0.1290 0.1480 0.1660 0.1680 0.1690 0.3743 0.3747 0.3542 0.3940 0.3944
0.5500 0.5480 0.5540 0.5680 0.5600 0.1430 0.1630 0.1540 0.1690 0.1560 0.3713 0.3777 0.3557 0.4042 0.3834
0.5510 0.5590 0.5570 0.5640 0.5430 0.1370 0.1680 0.1630 0.1740 0.1600 0.3584 0.3853 0.4050 0.3970 0.3970
0.5500 0.5640 0.5530 0.5500 0.5410 0.1340 0.1640 0.1660 0.1670 0.1600 0.3735 0.3701 0.3970 0.4224 0.3838

Dataset
Setting 2-LoRA 4-LoRA 6-LoRA 8-LoRA 10-LoRA 2-LoRA 4-LoRA 6-LoRA 8-LoRA 10-LoRA 2-LoRA 4-LoRA 6-LoRA 8-LoRA 10-LoRA

0.7000 0.6950 0.6840 0.6720 0.6900 0.3837 0.4251 0.4251 0.4315 0.4238 0.3475 0.3589 0.3458 0.3455 0.3518
0.6800 0.6830 0.6530 0.6900 0.6910 0.3979 0.4341 0.4302 0.4315 0.4225 0.3488 0.3612 0.3533 0.3479 0.3434
0.6950 0.7060 0.6860 0.6750 0.6870 0.3708 0.4238 0.4367 0.4315 0.4315 0.3480 0.3541 0.3596 0.3555 0.3426
0.6960 0.6890 0.6420 0.6960 0.6870 0.3811 0.4160 0.4276 0.4199 0.4225 0.3456 0.3558 0.3533 0.3503 0.3543
0.6850 0.6860 0.7030 0.6970 0.6390 0.4044 0.4276 0.4251 0.4264 0.4199 0.3493 0.3428 0.3537 0.3504 0.3403
0.7070 0.7110 0.7160 0.6920 0.6830 0.4276 0.4315 0.4315 0.4367 0.4354 0.3462 0.3373 0.3416 0.3413 0.3376
0.7230 0.7180 0.7080 0.7090 0.6900 0.4276 0.4315 0.4380 0.4367 0.3967 0.3501 0.3496 0.3437 0.3477 0.3396
0.7230 0.7030 0.7240 0.6630 0.6890 0.4315 0.4289 0.4328 0.4354 0.4496 0.3372 0.3392 0.3452 0.3534 0.3382
0.7060 0.7150 0.7060 0.7210 0.7030 0.4276 0.4238 0.4341 0.4302 0.4367 0.3546 0.3407 0.3505 0.3494 0.3461
0.7040 0.7240 0.6930 0.7100 0.6870 0.4289 0.4276 0.4315 0.4328 0.4315 0.3351 0.3446 0.3481 0.3494 0.3415
0.6560 0.7030 0.7220 0.6970 0.7070 0.4320 0.4330 0.4340 0.4350 0.4320 0.3480 0.3330 0.3460 0.3510 0.3550
0.6500 0.7010 0.7040 0.7030 0.7050 0.4240 0.4280 0.4340 0.4350 0.4370 0.3500 0.3490 0.3450 0.3530 0.3510
0.6630 0.7110 0.6980 0.7110 0.6970 0.4330 0.4350 0.4370 0.4380 0.4350 0.3500 0.3470 0.3590 0.3500 0.3550
0.6360 0.6950 0.7160 0.6990 0.6910 0.4300 0.4390 0.4320 0.4350 0.4300 0.3450 0.3420 0.3550 0.3550 0.3410
0.6210 0.7110 0.7170 0.6950 0.6940 0.4320 0.4330 0.4350 0.4340 0.4420 0.3460 0.3490 0.3510 0.3430 0.3500
0.6540 0.6920 0.6860 0.6770 0.7050 0.4320 0.4410 0.4430 0.4370 0.4340 0.3450 0.3330 0.3470 0.3510 0.3500
0.6440 0.7110 0.6980 0.6860 0.7000 0.4350 0.4330 0.4300 0.4420 0.4300 0.3490 0.3590 0.3560 0.3570 0.3430
0.6530 0.7160 0.7090 0.7120 0.7070 0.4370 0.4320 0.4340 0.4380 0.4330 0.3390 0.3460 0.3420 0.3600 0.3670
0.6510 0.7000 0.6960 0.6800 0.6700 0.4380 0.4350 0.4280 0.4420 0.4370 0.3490 0.3420 0.3460 0.3490 0.3740
0.6450 0.7030 0.6990 0.6830 0.6970 0.4330 0.4330 0.4300 0.4340 0.4420 0.3450 0.3480 0.3480 0.3480 0.3590
0.7080 0.7180 0.7210 0.7140 0.7100 0.4289 0.4315 0.4302 0.4432 0.4380 0.3470 0.3482 0.3524 0.3688 0.3597
0.7080 0.6930 0.7150 0.7060 0.7190 0.4328 0.4289 0.4289 0.4406 0.4406 0.3436 0.3454 0.3435 0.3582 0.3514
0.7120 0.7150 0.7300 0.7070 0.7050 0.4276 0.4328 0.4354 0.4315 0.4406 0.3468 0.3452 0.3477 0.3639 0.3456
0.7130 0.7200 0.7120 0.7070 0.6530 0.4289 0.4289 0.4302 0.4419 0.4457 0.3465 0.3491 0.3537 0.3575 0.3531
0.7120 0.7220 0.7150 0.7180 0.7130 0.4315 0.4341 0.4354 0.4367 0.4354 0.3480 0.3552 0.3440 0.3647 0.3463

GENOME-DARE-TIES

Swarms

RHT

MATH MGSM

CSQA MBPP EmoryNLP

GENOME-DARE

GENOME-DARE

GENOME-TIES

GENOME-TIES

MMLU

GENOME-DARE-TIES

Swarms

RHT

Table 9: Performance of different model merging methods (GENOME-DARE, GENOME-TIES, GENOME-DARE-
TIES, Model Swarms, and RHT) on Gemma-2-2B-it when merging 2 to 10 LoRA experts on MMLU, MATH,
MGSM, CSQA, MBPP, and EmoryNLP. Results are reported over 5 experimental runs.

F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.5671 0.4832 0.2177 0.8975 0.5662 0.4818 0.2221 0.8974 0.5534 0.4719 0.2067 0.8943
0.5717 0.4891 0.2241 0.8984 0.5729 0.4882 0.2229 0.8981 0.5626 0.4787 0.2175 0.8969
0.5588 0.4786 0.2141 0.8954 0.5459 0.4654 0.2084 0.8950 0.5464 0.4672 0.2209 0.8960
0.5673 0.4841 0.2194 0.8974 0.5629 0.4836 0.2199 0.8974 0.5521 0.4711 0.2132 0.8967
0.5705 0.4885 0.2225 0.8981 0.5621 0.4815 0.2225 0.8967 0.5466 0.4689 0.2126 0.8959

F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.5917 0.5200 0.2469 0.9121 0.5881 0.5181 0.2398 0.9120 0.5848 0.5183 0.2356 0.9102
0.5911 0.5224 0.2420 0.9122 0.5903 0.5206 0.2343 0.9107 0.5909 0.5222 0.2449 0.9127
0.5907 0.5201 0.2426 0.9125 0.5914 0.5234 0.2404 0.9113 0.5904 0.5199 0.2457 0.9124
0.5926 0.5191 0.2457 0.9125 0.5902 0.5194 0.2431 0.9124 0.5765 0.5050 0.2258 0.9097
0.5892 0.5226 0.2459 0.9120 0.5881 0.5181 0.2398 0.9120 0.5770 0.4989 0.2273 0.9085

F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.3973 0.3495 0.0627 0.8625 0.3974 0.3498 0.0622 0.8626 0.4016 0.3506 0.0644 0.8631
0.3983 0.3488 0.0630 0.8628 0.4015 0.3504 0.0653 0.8630 0.3954 0.3484 0.0623 0.8625
0.3978 0.3478 0.0632 0.8626 0.4010 0.3511 0.0658 0.8633 0.3980 0.3488 0.0628 0.8626
0.3988 0.3512 0.0653 0.8634 0.3932 0.3441 0.0628 0.8621 0.3792 0.3328 0.0567 0.8551
0.3978 0.3464 0.0633 0.8624 0.3857 0.3280 0.0563 0.8592 0.3979 0.3460 0.0619 0.8620

3-LoRA 4-LoRA 5-LoRA

Bio-title
3-LoRA 4-LoRA 5-LoRA

Phy-title
3-LoRA 4-LoRA 5-LoRA

Chem-title

Table 10: The performance comparison of different LoRA fusion settings on Gemma-2-2B-it across various
domain-specific tasks.
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F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.5620 0.4895 0.2508 0.8886 0.5614 0.4886 0.2562 0.8864 0.5752 0.4962 0.2568 0.8898
0.5620 0.4890 0.2506 0.8884 0.5588 0.4861 0.2489 0.8879 0.5666 0.4918 0.2536 0.8893
0.5629 0.4905 0.2533 0.8903 0.5683 0.4917 0.2536 0.8892 0.5721 0.4948 0.2540 0.8895
0.5641 0.4856 0.2510 0.8900 0.5639 0.4903 0.2534 0.8896 0.5687 0.4890 0.2541 0.8890
0.5620 0.4888 0.2517 0.8904 0.5620 0.4833 0.2503 0.8858 0.5716 0.4956 0.2574 0.8900

F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.6206 0.5688 0.3193 0.9070 0.6192 0.5655 0.3122 0.9064 0.6120 0.5537 0.2950 0.9030
0.6176 0.5676 0.3166 0.9070 0.6181 0.5665 0.3116 0.9065 0.6153 0.5611 0.3081 0.9057
0.6165 0.5571 0.3034 0.9046 0.6193 0.5632 0.3091 0.9052 0.6163 0.5561 0.3002 0.9037
0.6155 0.5601 0.3103 0.9055 0.6196 0.5652 0.3103 0.9066 0.6153 0.5600 0.3066 0.9047
0.6180 0.5680 0.3182 0.9072 0.6199 0.5635 0.3080 0.9060 0.6180 0.5598 0.3048 0.9050

F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.4029 0.3614 0.0712 0.8568 0.3977 0.3538 0.0713 0.8587 0.4000 0.3582 0.0710 0.8531
0.3996 0.3588 0.0713 0.8553 0.3975 0.3557 0.0688 0.8548 0.4008 0.3535 0.0696 0.8540
0.3965 0.3542 0.0712 0.8547 0.3986 0.3525 0.0701 0.8559 0.4004 0.3565 0.0695 0.8536
0.4013 0.3610 0.0715 0.8567 0.4044 0.3612 0.0728 0.8593 0.4015 0.3602 0.0716 0.8552
0.3983 0.3561 0.0705 0.8552 0.3987 0.3518 0.0697 0.8537 0.4023 0.3607 0.0703 0.8546

Phy-title
3-LoRA 4-LoRA 5-LoRA

Chem-title
3-LoRA 4-LoRA 5-LoRA

Bio-title
3-LoRA 4-LoRA 5-LoRA

Table 11: The performance comparison of different LoRA fusion settings on LLaMA3.1-8B-Instruct across various
domain-specific tasks.

3-LoRA 4-LoRA 5-LoRA 3-LoRA 4-LoRA 5-LoRA 3-LoRA 4-LoRA 5-LoRA
0.5189 0.5199 0.5250 0.3872 0.3857 0.3816 0.4772 0.4772 0.4753
0.5208 0.5088 0.5094 0.3820 0.3678 0.3840 0.4762 0.4781 0.4777
0.5207 0.5250 0.5248 0.3843 0.3735 0.3807 0.4755 0.4748 0.4782
0.5161 0.5233 0.5152 0.3808 0.3782 0.3856 0.4781 0.4753 0.4733
0.5177 0.5129 0.5241 0.3770 0.3778 0.3807 0.4775 0.4746 0.4769
0.5218 0.5247 0.5251 0.3833 0.3805 0.3824 0.4629 0.4911 0.4860
0.5237 0.5221 0.5213 0.3782 0.3821 0.3839 0.4627 0.4825 0.4857
0.5240 0.5212 0.5223 0.3792 0.3763 0.3807 0.4635 0.4863 0.4870
0.5219 0.5223 0.5152 0.3792 0.3766 0.3819 0.4702 0.4891 0.4888
0.5218 0.5226 0.5203 0.3807 0.3818 0.3807 0.4668 0.4901 0.4879

Phy-trans Chem-trans Bio-trans

LLaMA

Gemma

Model

Table 12: The performance comparison of different LoRA fusion settings on Gemma-2-2B-it and LLaMA3.1-8B-
Instruct across various domain-specific tasks. The evaluation metric is BLEU.

F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.5607 0.4887 0.2533 0.8861 0.5610 0.4860 0.2503 0.8890 0.5608 0.4913 0.2564 0.8899
0.5618 0.4892 0.2549 0.8861 0.5622 0.4862 0.2497 0.8887 0.5581 0.4867 0.2579 0.8898
0.5662 0.4953 0.2607 0.8888 0.5587 0.4814 0.2465 0.8849 0.5635 0.4899 0.2552 0.8883
0.5607 0.4882 0.2538 0.8863 0.5634 0.4859 0.2515 0.8904 0.5625 0.4911 0.2582 0.8895
0.5622 0.4885 0.2549 0.8861 0.5623 0.4846 0.2513 0.8899 0.5590 0.4785 0.2471 0.8857

Phy-title
Phy+Chem Phy+Bio Phy1+Phy2

Table 13: Performance of pairwise LoRA fusion experiments across domains (Physics).

F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.6073 0.5491 0.2982 0.9021 0.6121 0.5532 0.3001 0.9052
0.6128 0.5579 0.3063 0.9051 0.6119 0.5556 0.3036 0.9056
0.6114 0.5620 0.3107 0.9053 0.6084 0.5552 0.3139 0.9063
0.6119 0.5580 0.3107 0.9047 0.6101 0.5551 0.3002 0.9055
0.6137 0.5650 0.3122 0.9057 0.6110 0.5552 0.3015 0.9051

F1 ROUGE BLEU BERT Score F1 ROUGE BLEU BERT Score
0.4006 0.3581 0.0722 0.8570 0.3984 0.3539 0.0709 0.8587
0.4010 0.3591 0.0720 0.8572 0.4005 0.3575 0.0727 0.8587
0.3996 0.3577 0.0715 0.8583 0.4022 0.3594 0.0726 0.8589
0.4009 0.3586 0.0709 0.8570 0.4014 0.3588 0.0719 0.8594
0.4006 0.3593 0.0715 0.8571 0.3970 0.3473 0.0695 0.8564

Chem-title
Phy+Chem Chem+Bio

Bio-title
Phy+Bio Chem+Bio

Table 14: Performance of pairwise LoRA fusion experiments across domains (Chemistry and Biology).
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Phy+Chem Phy+Bio Phy1+Phy2 Phy+Chem Chem+Bio Phy+Bio Chem+Bio
0.5216 0.5215 0.5190 0.3762 0.3813 0.4614 0.4633
0.5205 0.5212 0.5185 0.3810 0.3811 0.4614 0.4705
0.5207 0.5212 0.5185 0.3805 0.3800 0.4637 0.4612
0.5215 0.5234 0.5162 0.3788 0.3848 0.4613 0.4655
0.5231 0.5207 0.5201 0.3827 0.3796 0.4599 0.4703

Phy-trans Chem-trans Bio-trans

Table 15: Performance of pairwise LoRA fusion experiments across domains. The evaluation metric is BLEU.
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