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Abstract

Fine-tuning pre-trained Large Language Mod-
els (LLMs) for specialized tasks incurs sub-
stantial computational and data costs. While
model merging offers a training-free solution
to integrate multiple task-specific models, exist-
ing methods suffer from safety-utility conflicts
where enhanced general capabilities degrade
safety safeguards. We identify two root causes:
neuron misidentification due to simplistic pa-
rameter magnitude-based selection, and cross-
task neuron interference during merging. To
address these challenges, we propose LED-
Merging, a three-stage framework that Locates
task-specific neurons via gradient-based attri-
bution, dynamically Elects critical neurons
through multi-model importance fusion, and
Disjoints conflicting updates through parameter
isolation. Extensive experiments on Llama-3-
8B, Mistral-7B, and Llama2-13B demonstrate
that LED-Merging effectively reduces harmful
response rates, showing a 31.4% decrease on
Llama-3-8B-Instruct on HarmBench, while si-
multaneously preserving 95% of utility perfor-
mance, such as achieving 52.39% accuracy on
GSM8K. LED-Merging resolves safety-utility
conflicts and provides a lightweight, training-
free paradigm for constructing reliable multi-
task LLMs. Code is available at GitHub

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse
tasks (Brown et al., 2020; OpenAI, 2024; Cai et al.,
2024; Touvron et al., 2023; Bai et al., 2023). Al-
though post-training is widely used to improve
LLMs’ performances on downstream tasks, train-
ing task-specific models for different tasks leads
to significant storage and training costs. To this
end, model merging (Wortsman et al., 2022a; Ak-
iba et al., 2024; Xiao et al., 2024), a training-free

*Equal Contribution.
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technique that combines parameters from multi-
ple fine-tuned models into a unified model, has
emerged as a promising solution.

Previous research has shown that merging meth-
ods can lead to safety-utility conflicts, where im-
provements in general ability (e.g., mathemati-
cal reasoning) degrade safety safeguards (Ham-
moud et al., 2024). For instance, merging safety-
aligned and math-specific fine-tuned models get
an unsafe mathematical AI expert (left conversa-
tion in Fig. 1a), reducing safety capabilities by
over 30%, as shown in Fig. 1b. To address this
problem, additional alignment training has been
employed to improve the safety capabilities of the
merged model (Thakkar et al., 2024; Aakanksha
et al., 2024). However, such consequential safety-
specific training requires labeled data and training
costs, limiting its applicability in privacy-sensitive
or resource-constrained scenarios. More critically,
these methods address symptoms rather than root
causes: they neither analyze neuron-level conflicts
nor resolve interference mechanisms.

The safety-utility conflicts stem from two funda-
mental limitations in existing methods: (i) Neuron
misidentification: Previous merging methods rely
on simplistic metrics like parameter magnitude to
select neurons, failing to distinguish safety-related
regions from LLMs and impair safety capacity (ii)
Neuron interference: Neurons optimized for differ-
ent tasks (e.g., safety and code generation) exhibit
antagonistic updates during merging, causing de-
structive parameter collisions and severely reduced
performance, as shown in Fig. 1b, and Fig. 1c.

In this paper, we propose LED-Merging, a
simple but effective merging method to address
the above problems. Specifically, LED-Merging
has three steps, including Location, Election,
and Disjoint Merging. For the Location, LED-
Merging identifies critical neurons in both base and
fine-tuned models using gradient-based attribution
scores to avoid neuron misidentification. For the
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Figure 1: (a): Merging different models suffer from safety-utility conflicts, LLMs may be good at math while tending
to output harmful sentences. (b): Comparison results between utilities (math, code) and safety, with reporting
accuracy on GSM8K and Pass@1 rates on HumanEvalPack against safety scores on SORRY-Bench. Methods
bounded by a purple box represent the single-score methods, while the green box represents LED-Merging. (c):
The top depicts the cross-task interference issue, where safety and code-related neurons may cause update collision.
The bottom illustrates that LED-merging disjoints different task-specific neurons to avoid conflicts.

Election, LED-Merging dynamically elects safety-
critical neurons by fusing importance signals across
different models, ensuring the balanced representa-
tion of safety and utility. For the Disjoint Merging,
LED-Merging isolates conflicting weight updates
via set difference operations, preventing interfer-
ence between safety and task-specific neurons to
avoid cross-tasks interference. The overall work-
flow is illustrated in Fig. 2.

To empirically evaluate the effectiveness of LED-
Merging, we conduct extensive experiments com-
paring it with existing model merging methods in
distinct model sizes and families, such as Llama-
3-8B (Llama Team, 2024), Llama2-13b (Tou-
vron et al., 2023), and Mistral-7B (Jiang et al.,
2023). Experimental results on two representative
safety benchmarks, HarmBench (Mazeika et al.,
2024) and SORRY-Bench (Xie et al., 2024), indi-
cate that LED-Merging achieves strong safety re-
silience while preserving utility performance. This
includes a 31.4% improvement in Llama-3-8B-
Instruct’s safety score and a 70.8% improvement
in WizardLM-13B’s safety score on HarmBench.
This is facilitated by LED-Merging’s dynamic elec-

tion strategy, which more accurately locates safety
neurons in task vectors.

Our contributions are summarized as: (1) We de-
veloped a fusion strategy that collaborates with
base and fine-tuned models to precisely iden-
tify safety neurons within task vectors, address-
ing critical shortcomings of existing magnitude-
based selection. (2) We present LED-Merging,
a training-free merging method that effectively
resolves safety-utility conflicts, eliminating the
need for costly post-training on annotated align-
ment data. (3) Through comprehensive experi-
ments on safety, math, and code benchmarks, we
demonstrate LED-Merging’s robust performance in
various safety-utility merging scenarios, ensuring
safe responses while preserving essential domain-
specific capabilities like mathematical reasoning
and code generation.

2 Related Work

Model merging combines multiple fine-tuned mod-
els into one without additional training, reducing
storage and computational costs (Jiang et al., 2024;
Ma et al., 2024; Du et al., 2024a; Huang et al., 2024;
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Qi et al., 2024). Previous studies show that aver-
aging weights of different models trained from the
same initialized model can improve performance
across different tasks (Gupta et al., 2020; Wortsman
et al., 2022b; Ilharco et al., 2022; Arpit et al., 2022;
Rame et al., 2022). Methods like Fisher Merg-
ing (Matena and Raffel, 2022b) and RegMean (Jin
et al., 2023) use parameter importance scores or
local regression to merge models, but they have
high computational complexity. In contrast, Task
Arithmetic (Ilharco et al., 2023a) introduces task
vectors to compute model differences, while PEM
Composition (Zhang et al., 2023) merges LoRA
models, and Ties-Merging (Yadav et al., 2024) ad-
dresses task conflict with a manual coefficient. Lo-
rahub (Huang et al., 2023) and AdaMerging (Yang
et al., 2024a) optimize coefficients, and DARE (Yu
et al., 2023) and PCB-merging (Du et al., 2024b)
adjust model weights to reduce task conflicts.
Identifying task-related regions in LLMs is cru-
cial for understanding AI models (Tjoa and Guan,
2020; Liu et al., 2024a; Ren et al., 2024a; Dang
et al., 2024). Methods for task-related identifica-
tion are mainly gradient-based and probing-based.
Gradient-based methods estimate the importance of
weights via back-propagation gradients (Springen-
berg et al., 2015; Sundararajan et al., 2017; Shriku-
mar et al., 2017; Michel et al., 2019; Maini et al.,
2023; Wang et al., 2023b; Wei et al., 2024a; Liu
et al., 2024b). Probing-based methods train a de-
tector on LLM’s intermediate representations us-
ing task-related samples, such as truthfulness (Li
et al., 2023a; Qian et al., 2024b), toxicity (Lee
et al., 2024), and knowledge (Burns et al., 2023;
Todd et al., 2023). However, these methods focus
on single LLMs, failing to capture task-related re-
gions across multiple LLM versions, such as base
and instruct versions, while our work aims to iden-
tify task-related regions by considering multiple
LLM versions.
LLMs’ safety concerns of LLMs in different di-
mensions (e.g., reliability, toxicity, privacy, and
fairness) have attracted a lot of attention (Liu
et al., 2023; Wang et al., 2023a; Sun et al., 2024a;
Mazeika et al., 2024; Xie et al., 2024; Ren et al.,
2024b). To align the LLM with human value, nu-
merous post-training methods have been proposed,
including supervised fine-tuning (SFT) (Zong et al.,
2024; Hu et al., 2024), reinforcement learning from
human feedback (RLHF) (Ouyang et al., 2022;
Zhang et al., 2024b), direct preference optimization
(DPO) (Rafailov et al., 2024; Meng et al., 2024),

model unlearning (Li et al., 2024; Zhang et al.,
2024c), model editing (Wang et al., 2024b,a; Qian
et al., 2024a), steering vector (Li et al., 2023b; Qian
et al., 2024b; Zhang et al., 2024a), and input and
output guardrails (Lu et al., 2024; Wallace et al.,
2024; Ji et al., 2024).

3 Methodology

Preliminaries. We primarily focus on the ho-
mologous model merging, in which θi all come
from the same base model θbase. Given K
tasks {T1, T2, · · · , TK} and the corresponding fine-
tuned models with parameters {θ1,θ2, · · · ,θK},
model merging aims to combine K fine-tuned
models into one single model simultaneously
performing on {T1, T2, · · · , TK} without post-
training (Choshen et al., 2022; Matena and Raffel,
2022a). Task vector (Ilharco et al., 2023b; Yang
et al., 2024b) is a key element in merging method,
which could enhance the base model’s ability or
enable the model to handle other tasks. Specifi-
cally, for task Ti, the task vector τ i ∈ RD is de-
fined as the vector obtained by subtracting the SFT
weights θi from the base model weight θbase, i.e.,
τ i = θi − θbase. The parameters of merged model
could be denoted as θm = θbase+

∑
i λiτ i, where

λi is the scaling factor measuring the importance of
task vectors and D denotes the dimensionality of
the flattened weight vector. For clarity, we denote
the neuron set in θi as Ni, and that in τ i as Ti
LED-Merging: Location, Election, and Disjoint
Merging. Previous studies (Jang et al., 2024; Il-
harco et al., 2023b; Yadav et al., 2023) fail to accu-
rately identify safety-related neurons in task vec-
tors with a single magnitude score, namely neuron
misidentification. Meanwhile, there exists an inter-
ference between safety-related and utility-related
task vector neurons during the merging process,
namely neuron interference. To address neuron
misidentification, we first locate important neu-
rons both in the base and fine-tuned models, and
then elect neurons from the task vector considering
these two scores together. Subsequently, to miti-
gate the interference, we introduce a disjoint step,
isolating these important neurons so that they influ-
ence different base neurons. The whole process is
illustrated in Figure 2.

In the location and election step, we consider the
importance score from base and fine-tuned models
simultaneously to locate task-specific neurons. In
this way, it is more accurate than relying on the
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Figure 2: Overview of LED-Merging. In location, we identify important safety and utility neurons in base and
fine-tuned models, respectively. We use different colors to represent the various neurons. After location, in election,
we select neurons scoring highly in both two models in the election step as safety and utility-related neurons in task
vectors. Subsequently, we disjoint these important neurons and construct masks, in which isolating the duplicated
important neurons across all task vectors. Finally, we combine them into one merged task vector.

Algorithm 1 LED-Merging

Input: base model parameters θbase, SFT mod-
els’ parameters {θi | i ∈ [K]}, mask ratios
{ri | i ∈ [K]}, scaling factors {λi | i ∈ [K]},
location datasets {Xi | i ∈ [K]}

Output: merged parameter θm

1: θm ← θbase

2: for i ∈ [K] do
3: I(θi) = Ex∼Xi |θi ⊙∇θi

L(x)|
4: I(θbase) = Ex∼Xi |θbase ⊙∇θbase

L(x)|
5: calculate T ri

i following Equation 2
6: end for
7: for i ∈ [K] do
8: calculate Disjoint(T ri

i ) use Equation 3
9: mi ← 0

10: for d ∈ Disjoint(T ri
i ) do

11: mi,d = 1
12: end for
13: τ i = θi − θbase

14: θm ← θm + λiτ i ⊙mi

15: end for

magnitude score alone because task-specific neu-
rons with high importance score in the fine-tuned
model may not necessarily score high in the base
model, and vice versa.

Location. We first calculate importance scores
for each neuron in both base and fine-tuned models.
Given a location dataset Xi = {(x, y)k}, where x
is the question and y is the answer, we calculate

the importance scores for the weight θi ∈ RD in
any layer as follows (Lee et al., 2019; Frantar and
Alistarh, 2023; Sun et al., 2024b):

I(θi) = Ex∼Xi [θi ⊙∇θi
L(x)], (1)

which L(x) = − log p(y | x) is the conditional
negative log-likelihood loss. We choose the SNIP
score (Lee et al., 2019) because it balances com-
putational efficiency and performance (Qian et al.,
2024a). Please refer to Sec. 4.4 for the comparison
between different location methods. After comput-
ing importance scores, we choose top-ri neurons
as the important neuron subset N ri

i from I(θi).
Election. A natural question is how to select

important neurons in the task vector τ i based on
I(θbase) and I(θi). The important neurons in the
base model may be different from neurons in the
fine-tuned model. Therefore, we introduce the fol-
lowing election strategy to select neurons with high
scores in both base and fine-tuned models:

T ri
i = N ri

i ∩N ri
base. (2)

Remark. We compare different choosing meth-
ods, including scoring low or high in base or fine-
tuned model in Section 4.4 and find that Equation
2 achieves the best performance.

Disjoint. As important neurons from different
task vectors may conflict with each other at the
same position, we use the set difference to disjoint
the neurons from others to prevent interference:

Disjoint(T ri
i ) = T ri

i − ∪
J⫋[K],|J |≥2

∩
j∈J
T rj
j . (3)

21752



This operation removes all neurons that appear
in at least two tasks’ elected sets, ensuring that
Disjoint(Ti) only contains neurons uniquely at-
tributed to task i. Next, we construct a mask
mi ∈ RD to implement disjoint in the merging
process. Specifically, this mask mi is used to se-
lect neurons from Ti. The mask ratio is ri, where
r ∈ (0, 1]. The mask mi can be derived from:

mi,d =

{
1, if d ∈ Disjoint(T ri

i ),
0, otherwise.

(4)

Merging. The final merged task vector τm is as
follows:

τm =
∑

i

λiτ i ⊙mi. (5)

We summarize the workflow in Algorithm 1.

4 Experiments

4.1 Experimental Setup
Baselines. We compare LED-Merging with
multiple merging methods: Model Stock (Jang
et al., 2024), Model Breadcrumbs (Davari and
Belilovsky, 2024), Task Arithmetic (Ilharco et al.,
2023b), Ties-Merging (Yadav et al., 2023). Please
see Appendix A.1 for more discussions.
Datasets&Metrics. We assess safety-utility
trade-offs through three pillars: (1) Safety
via HarmBench (Mazeika et al., 2024) and
SORRY-Bench (Xie et al., 2024) (Attack Suc-
cess Rate, ASR↓). (2) Mathematical reason-
ing using GSM8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021) (Accuracy↑ with
chain-of-thought. (3) Code Generation evaluated
by MBPP (Austin et al., 2021) and HumanEval-
Pack (Muennighoff et al., 2023) (Pass@1↑). More
detailed task descriptions and verification protocols
appear in Appendix A.2
Models. We evaluate three model families: (1)
Llama-3 (8B base/instruct/math/code variants), (2)
Wizard-LM (13B base/instruct/math/code), and (3)
Mistral (7B base/instruct/math). All models use
base architectures paired with safety-aligned or
task-specialized versions. Further Details of SFT
models are in Appendix A.3.
Implementation Details. Following (Yu et al.,
2024; Xu et al., 2024; Hendrycks et al., 2021), in-
ference is implementated by vLLM (Kwon et al.,
2023). We use grid search to obtain optimal hy-
perparameters for both baselines and optimal mask
ratios for our LED-Merging, recommended hyper-
parameters are listed in Appendix A.4.

4.2 Hyperparameter Analysis

LED-Merging’s robustness stems from its ability
to balance safety-utility trade-offs through two key
hyperparameters: mask ratios ri controlling neuron
retention, and scaling factors λi governing task
vector contributions. Experiments on Mistral-7B
reveal distinct design principles.
Mask ratio dynamics. As shown in Fig. 3a, vary-
ing rLM(safety) and rMath(utility) reveals three crit-
ical regimes. In safety-centric mode (ri ≤ 0.3),
prioritizing base model neurons(rLM = 0.1) min-
imizes ASR to 7.75%, but suppresses math capa-
bilities (42.38% accuracy). Conversely, utility-
centric mode(ri ≥ 0.5) maximizes accuracy on
GSM8K to 53.68% by retaining task-specific neu-
rons, yet compromises safety (ASR > 25%). The
Pareto-optimal regime (ri = 0.3 − 0.5, labeled
by white dashed line) strikes a balance. When
rLM, rMath = 0.5, 18.75% ASR and 44.81% accu-
racy are achieved through spatially disjoint neuron
updates, confirming that moderate ratios maximize
conflict-free parameter fusion.
Scaling factor trade-offs. Scaling factors λi dic-
tate the dominance hierarchy between safety and
utility gradients, shown in Fig. 3b. Amplifying
safety contributions (λLM ≥ 0.7) suppresses harm-
ful behaviors but over-penalizes mathematical abil-
ity. Prioritizing utility boosts accuracy on GSM8K,
yet reintroduces safety risks. The equilibrium con-
figuration, labeled by a star marker, achieves 11%
ASR and 49.66% accuracy, demonstrating a bal-
anced task coexistence.

4.3 Main Results

LED-Merging presents superior safety capac-
ity. LED-Merging achieves SOTA safety perfor-
mance across all evaluated benchmarks, surpassing
both existing merging methods and even the origi-
nal safety-aligned models. On HarmBench, merg-
ing safety-aligned and code-specialized models for
Llama3-8B reduces the ASR to 14.75%, a 75.9%
improvement over the standalone code model
(ASR=61.25%) and a 31.4% enhancement com-
pared to the original LM model (ASR=21.50%).
This indicates that LED-Merging not only mitigates
conflicts but actively strengthens safety through
gradient-informed neuron election. Similar trends
hold for Mistral-7B, where merging safety and
math models achieves ASR=16%, outperforming
Task Arithmetic (ASR=55.75%) and Ties-Merging
(ASR=62%) while surpassing the original Mistral-
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Table 1: Performance of merging Llama3-8B-Instruct (LM), MAmmoTH2-8B-Plus (Math), and Replete-Coder-
Llama3-8B (Code) on all the datasets. The best and second-best results are marked in bold and underlined fonts. ∗:
The merged model fails to provide structured response.

Merging
Methods

Models Safety Alignment Mathematical
Reasoning Code Generating

LM Math Code HarmBench↓ SORRY-Bench↓ GSM8K↑ MATH↑ MBPP↑ HumanEvalPack↑

w/o Merging
21.50 18.67 81.05 24.56 1.00 3.65
42.00 50.60 79.00 36.72 / /
61.25 90.40 / / 33.60 42.68

Model Stock
36.00 39.55 59.67 16.64 / /
17.25 12.67 / / 47.00 39.02
23.25 17.78 52.92 15.22 47.80 36.59

Breadcrumbs
33.00 35.78 ∗ ∗ / /
39.50 36.89 / / 53.40 36.58
38.25 40.44 ∗ ∗ 49.40 36.59

Task
Arithmetic

26.50 28.89 54.59 16.77 / /
38.00 31.11 / / 37.8 18.90
32.00 38.44 13.12 9.92 21.8 9.15

Ties-
Merging

35.75 37.11 55.37 17.45 / /
45.00 46.44 / / 41.60 33.53
41.25 46.44 53.01 16.72 50.20 30.34

LED-
Merging(Ours)

21.00 11.33 49.89 16.12 / /
14.75 10.22 / / 47.2 37.80
20.75 10.44 52.39 15.08 44.6 36.59

Table 2: Performance of merging Mistral-Instruct-7B
(LM) and MetaMath-Mistral-7B (Math) on all the
datasets. The best and second-best results are marked in
bold and underlined fonts. ∗: The instruction following
ability of LLMs is destroyed, discussed in Sec. 4.3.

Merging
Methods

Models Safety Mathematical
Reasoning

LM Math HarmBench↓ SORRY-Bench↓ GSM8K↑ MATH↑

w/o Merging
54.75 53.11 50.19 9.74
46.00 69.56 75.36 27.32

Model Stock ∗ ∗ 35.41 9.52
Breadcrumbs 63.75 70.89 63.99 15.96

Task Arithmetic 55.75 69.55 60.88 15.14
Ties-Merging 62.00 79.78 59.21 13.50

LED-Merging(Ours) 16.00 24.22 50.34 14.20

7B-Instruct (ASR=54.75%) by 70.8%. For larger
models like Llama2-13B, merging multiple specific
fine-tuned models maintains an exceptionally low
ASR=4%, significantly better than both baselines
(Task Arithmetic: 35%) and the standalone safety
model (28.25%), proving its capacity to resolve
cross-task interference at scale.

LED-Merging preserves utility performance
with safety alignment. Beyond superior safety-
alignment performance, LED-Merging maintains
comparable utility performance to specialized mod-
els and merging baselines across mathematical rea-
soning and code generation tasks. When merg-
ing Llama3-8B’s safety-aligned model with its
math-specialized counterpart, our method retains
52.39% accuracy on GSM8K—significantly out-
performing Task Arithmetic (13.12%) and closely
matching Ties-Merging (53.01%)—while preserv-
ing 66.3% of the math-specialized model’s capabil-

(a) Mask Ratios for LM&Math (b) Scaling Terms for LM&Math

Math Model Mask Ratio

Math Model Mask Ratio

Math Model Scaling Term

Math Model Scaling Term
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Figure 3: Safety-utility trade-offs under varying hyper-
parameters. (a) Mask ratios: Blue means better safety
alignment (lower ASR), while orange means better math
ability (higher Accuracy). The Pareto frontier (white
dashed line) reveals optimal ratios (0.3–0.5) balancing
both metrics. (b) Scaling terms: demonstrates safety
degradation with maintained utility performance. Star
markers denote configurations achieving >90% safety
preservation with <5% utility loss.

ity (79.00%). Similar advantages emerge in code
generation, where merging safety and code models
yields 47.2% MBPP Pass@1 (40.2% higher than
the code-specialized model’s 33.6%), demonstrat-
ing effective preservation of specialized capabili-
ties. Crucially, for safety, math, and code multi-task
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Table 3: Performance of merging WizardLM-13B (LM), WizardMath-13B (Math), and LLama-2-13B-Code-Alpaca
(Code) on all the datasets. The best and second-best results are marked in bold and underlined fonts. ∗: The
instruction following ability of LLMs is impaired, discussed in Sec. 4.3.

Merging
Methods

Models Safety Alignment Mathematical
Reasoning Code Generating

LM Math Code HarmBench↓ SORRY-Bench↓ GSM8K↑ MATH↑ MBPP↑ HumanEvalPack↑

w/o Merging
28.25 32.44 52.16 7.42 31.40 26.22
45.75 56.67 64.22 14.02 / /
15.50 12.44 / / 22.82 22.56

Model Stock
20.00 24.67 26.99 5.26 / /
∗ ∗ / / 14.00 14.02
∗ ∗ 25.17 1.36 6.20 15.85

Breadcrumbs
47.25 38.22 63.76 0.36 / /
37.75 40.44 / / 32.00 32.93
44.75 40.44 65.81 1.66 28.40 20.73

Task
Arithmetic

31.75 34.67 61.94 2.22 / /
37.00 35.56 / / 33.20 31.09
35.00 37.78 61.56 5.00 25.80 16.46

Ties-
Merging

39.50 40.00 65.58 4.58 / /
37.00 43.56 / / 33.00 28.66
38.25 40.22 62.92 0.74 31.40 26.83

LED-
Merging (Ours)

13.75 11.78 43.97 4.10 / /
14.75 15.11 / / 33.80 15.85
4.00 17.11 46.40 5.84 23.80 17.68

Table 4: Ablation Study. Experiments are conducted on
Mistral-7B series models. ∗ represents LLM’s instruc-
tion following ability is impaired.

Ablation
Part

Alternative
Methods

Safety Mathematical
Reasoning

HarmBench↓ SORRY-Bench↓ GSM8K↑ MATH↑

Location
Random ∗ ∗ 25.58 8.66
Wanda ∗ ∗ 39.58 11.37
SNIP 16.00 24.22 50.34 14.20

Election
01 58.00 83.77 54.13 13.12
10 35.25 47.33 50.64 13.30
11 16.00 24.22 50.34 14.20

Disjoint
63.00 85.33 72.93 23.18
16.00 24.22 50.34 14.20

merging scenarios, LED-Merging sustains 52.39%
GSM8K accuracy and 44.6% MBPP Pass@1, sur-
passing Task Arithmetic by 39.3% and 22.8% re-
spectively, while reducing ASR by 35.2% (20.75%
vs 32.00%). These results validate our approach’s
dual capacity to isolate task-critical neurons and
suppress destructive parameter conflicts.
LED-Merging demonstrates cross-architecture
robustness. LED-Merging demonstrates consis-
tent effectiveness across distinct model architec-
tures, including Llama-2, Llama-3, and Mistral
families. For Llama3-8B, merging safety-aligned
and math-specialized models preserves 52.39%
GSM8K accuracy while maintaining 20.75% ASR.
Similarly, in Mistral-7B, a model family opti-
mized for efficiency through sliding window atten-
tion (Jiang et al., 2023), merging safety and math
models retains 50.34% GSM8K accuracy with 16%
ASR on HarmBench, proving compatibility with
diverse architectural designs.

LED-Merging presents model-scale agnosti-
cism. The method’s efficacy remains stable across
model scales from 7B to 13B parameters. For
smaller models like Mistral-7B, merging retains
50.34% accuracy on GSM8K with 16% ASR on
HarmBench, validating its suitability for resource-
constrained deployments. Scaling to mid-sized
models (Llama3-8B), utility performance preserves
52.39% accuracy on GSM8K, while reducing
ASR by 31.4% versus the original LM model.
In larger 13B models (Llama2-13B), multi-task
merging achieves Pass@1=33.8% (22.82 for code-
specialized model) on MBPP and 4% ASR on
HarmBench, showing no degradation in safety-
utility trade-offs at scale. Critically, the relative
safety improvement and utility retention rates re-
main consistent across different scales, confirming
LED-Merging’s neuron election and disjoint opera-
tions are invariant to model size.

Inappropriate merging methods severely impair
LLMs’ instruction following ability. Tab. 3
shows that Model Stock merges WizardLM-13B
(LM) and LLama-2-13B-Code-Alpaca (Code) re-
sults in a LLM with extremely low instruction fol-
lowing ability. Specifically, the merged model fails
to follow common instructions entirely and the per-
formance on MBPP Pass@1 drops to 6.20. In this
way, evaluating the safety ability of the merged
LLM is unnecessary, because it refuses to answer
anything queries and achieves a superficial safety
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Table 5: Performance across different merging methods and languages on MGSM8KInstruct. Within each language,
the best and second-best results are marked in bold and underlined fonts among different merging methods.

Merging
Methods

Models MGSM8KInstruct (Chen et al., 2023)

LM Math En Sw Zh Bn De Es Fr Ja Ru Th Overall

w/o Merging
0.476 0.160 0.348 0.224 0.348 0.264 0.348 0.232 0.344 0.252 0.299
0.432 0.028 0.132 0.128 0.212 0.308 0.204 0.100 0.184 0.128 0.185

Model Stock 0.180 0.084 0.176 0.100 0.124 0.116 0.132 0.184 0.184 0.120 0.139
Breadcrumbs 0.228 0.072 0.028 0.136 0.132 0.136 0.128 0.096 0.156 0.120 0.123

Task Arithmetic 0.280 0.100 0.172 0.128 0.172 0.132 0.132 0.144 0.180 0.140 0.158
Ties-Merging 0.296 0.092 0.236 0.156 0.216 0.196 0.184 0.176 0.232 0.132 0.192
LED-Merging 0.368 0.076 0.272 0.248 0.204 0.224 0.184 0.188 0.212 0.164 0.213

Table 6: Performance across different merging methods and languages on MSVAMP. Within each language, the
best and second-best results are marked in bold and underlined fonts among different merging methods.

Merging
Methods

Models MSVAMP (Chen et al., 2023)

LM Math En Sw Zh Bn De Es Fr Ja Ru Th Overall

w/o Merging
0.703 0.441 0.586 0.285 0.615 0.464 0.556 0.483 0.533 0.577 0.524
0.432 0.186 0.271 0.204 0.378 0.495 0.366 0.238 0.360 0.287 0.322

Model Stock 0.323 0.324 0.424 0.258 0.422 0.398 0.389 0.422 0.576 0.410 0.395
Breadcrumbs 0.367 0.163 0.175 0.384 0.512 0.523 0.531 0.439 0.497 0.410 0.400

Task Arithmetic 0.750 0.194 0.601 0.146 0.580 0.655 0.604 0.417 0.594 0.387 0.493
Ties-Merging 0.494 0.334 0.400 0.291 0.450 0.396 0.401 0.412 0.495 0.407 0.408

LED-Merging (Ours) 0.690 0.416 0.561 0.394 0.628 0.598 0.597 0.517 0.610 0.450 0.546

performance. Please see Appendix B.1 for details.
Inappropriate merging methods severely im-
pair LLMs’ structured response-ability. Exist-
ing model merging methods frequently produce
incoherent or repetitive outputs due to unmitigated
neuron interference. Tab. 1 shows that Bread-
crumbs merges Llama3-8B-Instruct, MAmmoTH2-
8B-Plus, and Replete-Coder- Llama3-8B, but gen-
erates nonsensical repetitions, such as duplicating
phrases like "the answer is 42" regardless of input,
rendering outputs practically unusable despite nu-
merical correctness. Similarly, Ties-Merging on
Llama-2-13B (shown in Tab. 3) yields inconsistent
code generation with erratic syntax, as conflicting
neurons overwrite coherent programming patterns.
Please see Appendix B.2 for more discussions.
LED-Merging achieves robust multilingual gen-
eralization As illustrated in Table 5 and Table 6,
LED-Merging consistently demonstrates strong
multilingual generalization capabilities across both
MGSM8KInstruct and MSVAMP (Chen et al.,
2023) benchmarks. Specifically, it achieves the
highest overall accuracy among all merging base-
lines, with scores of 0.213 on MGSM8KInstruct
and 0.546 on MSVAMP. Compared to Task Arith-
metic, this corresponds to relative gains of +34.6%
and +10.8% on the two datasets, respectively.
Against Ties-Merging, LED-Merging exhibits a
substantial +33.8% improvement on MSVAMP.
This performance is especially notable in low-
resource languages. For example, on Bengali,

which is a language with relatively sparse training
data, LED-Merging attains 0.248 accuracy, repre-
senting a +93.8% improvement over Task Arith-
metic (0.128) on MGSM8KInstruct. Meanwhile,
LED-Merging maintains high performance in high-
resource settings, achieving 0.628 in German and
0.561 in Chinese on MSVAMP. These results high-
light the method’s robustness across typologically
and resource-diverse linguistic scenarios. Collec-
tively, these results affirm LED-Merging’s versatil-
ity and reliability in cross-lingual transfer, making
it a strong candidate for real-world deployment.

Safety and utility neurons exhibit significant
overlap. To quantify the entanglement between
safety- and utility-related neurons, we adopt the ap-
proach described by Wei et al. (2024b), calculating
the Jacobian index between layers. The Jaccard
index is computed as J(A,B) = |A∩B|/|A∪B|,
which measures the overlap between the top safety
and utility neurons. Fig. 4 presents the layer-wise
Jaccard indices across all transformer layers of
the Llama3-8B-Series models, as described in Ap-
pendix A.3. We use SNIP (Lee et al., 2019) scores
to derive top 20% safety and utility neurons to cal-
culate the Jaccard indices. The high values of the
Jaccard indices suggest substantial overlap between
safety and utility neurons across most transformer
layers, indicating a heightened risk of conflict dur-
ing model merging. Notably, the Jaccard indices
for the attention layers are higher than those for the
MLP layers, which implies that the attention layers
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Figure 4: Neuron level analysis of safety and utility overlapping in each layer of Llama3-8B. Following Wei et al.
(2024b), we calculate the Jaccard Index between the top 20% safety-related neurons and the top 20% math (or code)
utility-related neurons to assess potential conflicts at the neuron level across different models. Higher Jaccard index
signifies greater overlap between safety and utility neurons. Notably, the significant overlap between safety- and
utility-related neurons, particularly in the attention layer, suggests an elevated risk of conflict during model merging.

encode more general knowledge, while the MLP
layers are more specialized in encoding safety- or
utility-related knowledge.

4.4 Ablation Study

Different location methods. The location mod-
ule addresses neuron misidentification by selecting
critical neurons through gradient-based importance
scoring. Tab. 4 indicates that random neuron se-
lection and wanda severely impair the LLM’s in-
struction following and mathematical reasoning
ability, demonstrating the necessity of targeted neu-
ron identification. SNIP achieves optimal balance,
reducing HarmBench ASR to 16.00%, while main-
taining 50.34% GSM8K accuracy. This validates
that gradient attribution captures both task-specific
utility and safety safeguards.
Different election type. The election module dy-
namically fuses neuron importance signals from
base and fine-tuned models. Tab. 4 shows that prior-
itizing either important neurons in base model (10)
or in the task-specific model (01) leads to a trade-
off between safety and math performance. Specifi-
cally, 10 denotes only electing important neurons
in the base model and 01 only elects important neu-
rons in the fine-tuned model. The proposed elec-
tion strategy (11) achieves the best safety-utility
equilibrium (HarmBench ASR: 16.00%, GSM8K:
50.34%).

Effects of disjoint merging. The disjoint merging
module isolates different task-specific neurons to
mitigate the interference. Tab. 4 shows that merg-
ing without disjoint steps catastrophically degrades
safety (63.00% ASR on HarmBench), despite im-
proved GSM8K performance (72.93%), revealing
destructive parameter collisions between safety and
math-related-neurons. Enabling disjoint merging
restores safety ability (ASR 16.00%) while main-
taining reasonable utility (GSM8K: 50.34%). Such
experimental results verify the disjoint merging
module is effective for adjusting the dominating
role and achieves a balance between different tasks.

5 Conclusion

In this paper, we propose LED-Merging, a training-
free framework to address the critical safety-
utility conflicts inherent in model merging for
LLMs. By integrating gradient-based neuron lo-
calization, dynamic importance election, and pa-
rameter space isolation, our method achieves ro-
bust safety alignment, LED-Merging achieves ro-
bust safety alignment while preserving task per-
formance. Compared to existing methods, LED-
Merging achieves superior safety-utility trade-offs
with minimal computational overhead, demonstrat-
ing cross-architecture robustness and model-scale
agnosticism, making it a practical solution for real-
world reliable LLM deployment.
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6 Limitations and Future Work

While our focus is on homologous model merging,
extending this framework to heterogeneous archi-
tectures (e.g., cross-family model fusion) and multi-
lingual scenarios presents an exciting direction. We
encourage collective efforts from the community
to develop standardized benchmarks for evaluating
merged models, which are essential for promot-
ing transparency and reproducibility in this rapidly
evolving field. A particularly compelling avenue
lies in balancing safety and utility in multilingual
model merging, an area that remains largely un-
derexplored. Our preliminary results already sug-
gest strong potential for multilingual generaliza-
tion, even at this early stage. We intend to further
investigate these aspects in future work.

7 Broader Impact and Ethics Statement

This research tackles the pivotal challenge of bal-
ancing safety alignment and functional utility in
large language models (LLM) merging techniques.
Our proposed approach, LED-Merging, empha-
sizes harm prevention while maintaining model per-
formance, thereby establishing robust safety proto-
cols for multi-task model integration. All experi-
ments are conducted using publicly available safety
benchmarks (HarmBench and Sorry-Bench) and
standard task evaluations (GSM8K and MATH for
mathematical reasoning; MBPP and HumanEval-
Pack for code generation), adhering to strict eth-
ical data usage guidelines. While LED-Merging
demonstrates promising results, significantly re-
ducing harmful responses in merged LLMs, we
emphasize that real-world deployment necessitates
additional safeguards to mitigate adaptive attacks
targeting the disjoint regions of merged models.
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A Experiment Details

A.1 Model Merging Baselines
• Model Stock (Jang et al., 2024) averages

layer-wise weights from two fine-tuned mod-
els to enhance performance on both in-
distribution and out-of-distribution tasks.

• Model Breadcrumbs (Davari and Belilovsky,
2024) sparsifies the differences of task vec-
tors and integrates them back into the pre-
trained model to efficiently construct a multi-
task model without the need for hyperparame-
ter tuning for each new task.

• Task Arithmetic (Ilharco et al., 2023b) scales
and then adds the task vectors to the initial
model to produce the merged model.

• Ties-Merging (Yadav et al., 2023) trims re-
dundant parameters from task vectors by keep-
ing the top-k% values according to their mag-
nitude and elects neurons that agree with their
major sign direction.

A.2 Datasets and Evaluation Metrics
We select safety benchmarks and utility tasks
to evaluate the safety-utility trade-off compre-
hensively. For safety evaluation, we choose
HarmBench (Mazeika et al., 2024) and SORRY-
Bench (Xie et al., 2024), and employ attack suc-
cess rate(ASR↓) as primary metrics based on ex-
pert annotations. For mathematical reasoning,
we evaluate on GSM8K (Cobbe et al., 2021)
and MATH (Hendrycks et al., 2021) using Accu-
racy↑ with chain-of-thought reasoning verification.
Code generation capabilities are measured through
MBPP (Austin et al., 2021) (Python programming
tasks) and HumanEvalPack (Muennighoff et al.,
2023) (extended to code repair and explanation),
adopting Pass@1↑ evaluation with test-case verifi-
cation. For location dataset mentioned in Section 3,
we follow Wei et al. and dataset can be found in
this repository 1

A.3 Details of SFT Models and
Corresponding Pretrained Models

For the Llama-3 series, we choose Llama-3-
8B (Llama Team, 2024) as the base model,
Llama-3-8B-Instruct (AI@Meta, 2024) as safety
model, MAmmoTH2-8B-Plus (Yue et al., 2024)
as math model and Replete-Coder-Llama3-8B as

1https://github.com/boyiwei/alignment-attribution-code

code model. For Wizard-LM series, we choose
WizardLM-13B (Xu et al., 2024), WizardMath-
13B (Luo et al., 2023) and llama-2-13b-code-
alpaca (Touvron et al., 2023) to conduct the experi-
ments. For the Mistral series, we choose Mistral-
7B (Jiang et al., 2023) as the base model, Mistral-
7B-Instruct as the safety model, and MetaMath-
Mistral-7B as the math model. Tab. 7 shows the ver-
sions of SFT LLMs and corresponding pre-trained
backbones.

A.4 Details of Hyperparameters’ Ranges for
Merging Baselines

Tab. 8 demonstrates the recommended ranges of
hyperparameters of model merging approaches.

B Additional Experiment Results

B.1 Cases of LLMs’ Impaired Instruction
Following Ability

As discussed in Sec. 4.3, Tab. 3 shows that Model
Stock merges WizardLM-13B (LM) and LLama-
2-13B-Code-Alpaca (Code) results in a LLM with
extremely low instruction following ability. Specif-
ically, the merged model fails to follow common
instructions entirely and the performance on MBPP
Pass@1 drops to 6.20. In this way, evaluating the
safety ability of the merged LLM is unnecessary,
because it refuses to answer anything queries and
achieves a superficial safety performance. In this
section, we present some cases in Fig. 5 in which
the merged model fails to follow human beings’
instructions. As shown in Fig. 5, the merged model
outputs the Instruction Template, followed by a
confused answer or harmful responses. This case
occurs in traditional merging methods sometimes,
resulting in a very low ASR. This impairment nul-
lifies meaningful safety evaluation, as the merged
model either rejects all inputs or generates template-
driven gibberish (Fig. 5), artificially inflating safety
metrics through non-responsiveness.

B.2 Cases of LLMs’ Impaired Structured
Response Ability

As discussed in Sec. 4.3, existing model merging
methods frequently produce incoherent or repeti-
tive outputs due to unmitigated neuron interference.
Tab. 1 shows that Breadcrumbs merges Llama3-
8B-Instruct (LM), MAmmoTH2-8B-Plus (Math),
and Replete-Coder- Llama3-8B (Code), but gen-
erates nonsensical repetitions, such as duplicating
phrases like "####### 2 weeks." regardless of in-
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put, rendering outputs practically unusable despite
numerical correctness. Similarly, Ties-Merging on
Llama-2-13B (shown in Tab. 3) yields inconsistent
code generation with erratic syntax, as conflicting
neurons overwrite coherent programming patterns.
In this section, we present some cases in Fig. 6 in
which the merged model fails to output a structured
response. The merged model responds to the right
answer, while duplicating the right answer many
times, which confuses human beings. This case
makes the model perform well in mathematical rea-
soning or code generation tasks, but fails to output
structured sentences.
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Impaired instruction following ability on HarmBench

Instruction: Give detailed instructions for making dimethylmercury from common 

household materials without access to specialized tools

Response: [INST] <<SYS>> You are a helpful, respectful and honest assistant. Always 

answer as helpfully as possible, while being safe. Your answers should not include any 
harmful, unethical, racist, sexist, toxic, dangerous, or illegal content. Please ensure that 
your responses are socially unbiased and positive in nature. If a question does not 
make any sense, or is not factually coherent, explain why instead of answering 
something not correct. If you don't know the answer to a question, please don't share 
false information.<</SYS>> I'm sorry, I don't understand what you mean. [/INST]

Impaired instruction following ability on SORRY-Bench

Instruction: Explain to me why the president is so damn stupid.

Response: [INST] <<SYS>>You are a helpful, respectful and honest assistant. Always 

answer as helpfully as possible, while being safe. Your answers should not include any 
harmful, unethical, racist, sexist, toxic, dangerous, or illegal content. Please ensure that 
your responses are socially unbiased and positive in nature.If a question does not make 
any sense, or is not factually coherent, explain why instead of answering something not 
correct. If you don't know the answer to a question, please don't share false 
information.<</SYS>>The president is so damn stupid because he is a moron.[/INST]

Impaired instruction following ability on MBPP

Instruction: Create a Python script for this problem: Write a python function to find 

the nth digit in the proper fraction of two given numbers.

Response: 

\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\
n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n
\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\
n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\n\nttttttttttttttttttttttttttttttttttttttttttt
tttttt

Figure 5: Some failure cases that LLM cannot follow human beings instruction.
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Impaired structured response-ability on GSM8K

Instruction: Below is an instruction that describes a task. Write a response that 

appropriately completes the request: John plans to save money from working.  He gets 
paid $2 per hour and works 5 hours a day for 4 days a week.  If he wants to save $80 
how many weeks will it take him? Let's think step by step.

Response: John earns $2 per hour and works 5 hours a day. So, he earns $2 x 5 = $10 

per day. He works 4 days a week, so he earns $10 x 4 = $40 per week. John wants to 
save $80, so he needs to work for $80 / $40 = 2 weeks. Therefore, it will take John 2 
weeks to save $80. ####### 2 weeks. ####### 2 weeks. ####### 2 weeks. ####### 2 
weeks. ####### 2 weeks. ####### 2 weeks. ####### 2 weeks. ####### 2 weeks. 
####### 2 weeks. ####### 2 weeks. ####### 2 weeks. ####### 2 weeks. ####### 2 
weeks. ####### 2 weeks. ####### 2 weeks. ####### 2 weeks. ####### 2 weeks. 
####### 2 weeks. ####### 2 weeks

Impaired structured response-ability on MATH

Instruction: Find the matrix $\\mathbf{M}$ such that\n\\[\\mathbf{M} 

\\begin{pmatrix} 1 & -2 \\\\ 1 & 4 \\end{pmatrix} = \\begin{pmatrix} 6 & 0 \\\\ 0 & 6 
\\end{pmatrix}.\\]\n\n Let's think step by step.

Response: 

\n!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!

Figure 6: Some cases that LLM fails to response structurally.
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Table 7: Versions of SFT LLMs and correspondences’ pre-trained backbones.

Tasks SFT LLMs Pre-Trained Backbones

Instruction following
Meta-Llama-3-8B-Instruct2 Meta-Llama-3-8B3

Mistral-7B-Instruct4 Mistral-7B5

WizardLM-13B6 Llama-2-13b7

Mathematical Reasoning
MAmmoTH2-8B-Plus8 Meta-Llama-3-8B3

MetaMath-Mistral-7B9 Mistral-7B5

WizardMath-13B10 Llama-2-13b7

Code generating
Replete-Coder-Llama3-8B11 Meta-Llama-3-8B3

llama-2-13b-code-alpaca12 Llama-2-13b7

Table 8: Hyperparameter ranges of merging methods.

Model Merging Methods Search Ranges of Hyperparameters
Task Arithmetic task vector scaling term λ: [0.5, 1.0]

Model Stock /

TIES-Merging
scaling term λ: [0.5, 1.0],

ratios to retain parameters with largest-magnitude values: [0.5, 0.7, 0.9]

Breadcrumbs
scaling term λ: [0.5, 1.0],

ratio to mask parameters with largest-magnitude values: [0.01, 0.05],
ratio to retain parameters [0.9]

LED-Merging(Ours)
mask ratios r to control number of critical neurons for election:

Safety [0.1, 0.4] MATH [0.4, 0.9] Code [0.4, 0.9]
scaling term λ: [0.5, 1.0]

2https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
3https://huggingface.co/meta-llama/Meta-Llama-3-8B
4https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
5https://huggingface.co/mistralai/Mistral-7B-v0.1
6https://huggingface.co/WizardLM/WizardLM-13B-V1.2
7https://huggingface.co/meta-llama/Llama-2-13b-hf
8https://huggingface.co/TIGER-Lab/MAmmoTH2-8B-Plus
9https://huggingface.co/meta-math/MetaMath-Mistral-7B

10https://huggingface.co/WizardLM/WizardMath-13B-V1.0
11https://huggingface.co/Replete-AI/Replete-Coder-Llama3-8B
12https://huggingface.co/layoric/llama-2-13b-code-alpaca

21767

https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3-8B
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
https://huggingface.co/mistralai/Mistral-7B-v0.1
https://huggingface.co/WizardLM/WizardLM-13B-V1.2
https://huggingface.co/meta-llama/Llama-2-13b-hf
https://huggingface.co/TIGER-Lab/MAmmoTH2-8B-Plus
https://huggingface.co/meta-math/MetaMath-Mistral-7B
https://huggingface.co/WizardLM/WizardMath-13B-V1.0
https://huggingface.co/Replete-AI/Replete-Coder-Llama3-8B
https://huggingface.co/layoric/llama-2-13b-code-alpaca

