
FREE-Merging: Fourier Transform for Efficient Model Merging

Shenghe Zheng
Harbin Institute of Technology
shenghez.zheng@gmail.com

Hongzhi Wang*

Harbin Institute of Technology
wangzh@hit.edu.cn

Abstract

With the rapid growth of deep learning, there is an in-
creasing availability of open-source models for various
tasks. However, single fine-tuned models often fall short
of meeting the diverse needs of users. Model merging has
thus emerged as an efficient method to integrate the ca-
pabilities of existing models into a unified model. Nev-
ertheless, existing model merging methods face challeng-
ing trade-offs between performance and deployment costs,
primarily due to task interference. For the first time, we
reveal that task interference is evident in the frequency
domain of model parameters, yet current efforts only fo-
cus on spatial domain solutions, which are largely inef-
fective in addressing frequency domain interference. To
mitigate the impact of frequency domain interference, we
propose FR-Merging, an innovative method that effectively
filters harmful frequency domain interference on the back-
bone with minimal computational overhead. Since perfor-
mance loss is inevitable with cost-free methods, we pro-
pose a lightweight task-specific expert module that dynam-
ically compensates for information loss during merging.
This proposed framework, FREE-Merging (FR-Merging
with experts), strikes a balanced trade-off between train-
ing cost, inference latency, storage requirements, and per-
formance. We demonstrate the effectiveness of both FR-
Merging and FREE-Merging on multiple tasks across CV,
NLP, and Multi-Modal domains and show that they can be
flexibly adapted to specific needs. Our code is available at:
https://github.com/Zhengsh123/FREE-Merging.

1. Introduction

In the current era of deep learning, the pretrain-finetune
paradigm is a standard procedure [9, 37, 40]. However, edge
applications often lack powerful computing resources and
data, favoring ready-to-use models for specific scenarios.
The recent growth of open-source platforms like Hugging-
Face [43] has made this feasible. Yet, practical demands
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are often not fully covered by a single existing model and
are typically a union of several models [23, 52]. However,
running separate models for each subtask increases storage
and inference costs, especially with large models. Model
merging attempts to combine existing models to build a
model capable of addressing all target tasks [21, 33, 48].
This method reduces training costs, data privacy issues in
multi-task learning (MTL) [20, 56] and deployment costs,
garnering widespread attention.

While model merging aims to reduce training costs, it
often suffers from performance loss due to task interfer-
ence [20]. To mitigate this issue, existing methods develop
along three directions. The first direction computes merg-
ing coefficients based on weights or data [23, 33]. The sec-
ond uses the parameter differences before and after fine-
tuning (i.e. task vectors) for merging [21, 48, 52, 58]. The
third method introduces independent knowledge for each
task [20, 29]. While the third way balances performance
and costs, it still faces two critical limitations. First, it ne-
glects backbone optimization during merging, resulting in
subpar performance. Second, it requires high computation
and storage, making it impractical for edge deployment.

We argue that an effective model merging method re-
quires addressing both of the above issues. First, since the
backbone constitutes the majority of parameters and thus
determines performance, an efficient backbone merging
method is essential to reduce performance loss. Then, given
the no free lunch theorem, cost-free merging cannot avoid
task interference. Therefore, introducing task-specific ex-
perts is necessary. However, they must remain lightweight
to avoid storage and inference overhead. Thus, we propose
FREE-Merging, a two-stage method that ensures an effi-
cient backbone and lightweight experts as shown in Fig 1.

For backbone merging, the key lies in eliminating task
interference [51]. We identify a compelling phenomenon
in which task interference is evident in the frequency do-
main of model parameters. And we present in Sec. 4 that
frequency-domain interference is strongly correlated with
performance. Notably, existing methods, which focus only
on spatial-domain operations, fail to address frequency-
domain interference, leading to suboptimal outcomes. Ex-
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Figure 1. The workflow of FREE-Merging involves two main steps. First, FR-Merging utilizes high-pass filtering to remove harmful
specialized information from each model, thereby constructing a high-quality merged backbone. Second, it employs lightweight extraction
of task experts, which are dynamically added during inference to mitigate the impact of task interference.

perimental evidence reveals that task interference is severe
in the low-frequency region. This occurs because, high-
frequency signals represent fine-grained variations, while
low-frequency parts capture the global structure [18], which
is more likely to contain task-specific information that leads
to task interference. Leveraging the inherent redundancy
in fine-tuned parameters [27, 47, 53], we propose to di-
rectly filter out low-frequency parts with severe task in-
terference. As detailed in Sec. 5.2, this high-pass filtering
substantially enhances generalization with minimal perfor-
mance loss, preventing task interference during merging.
Our lightweight yet highly effective approach, FR-Merging,
is the first to apply Fourier filtering to neural network pa-
rameters, showing its potential for broader applications.

After obtaining a high-performance backbone through
FR-Merging, we use a lightweight task-specific expert to re-
cover the inevitable information loss with minimal storage.
Unlike existing methods that store extensive knowledge, we
rescale low-frequency signals, which store task-specific in-
formation, retaining task expertise with only 1% of the pa-
rameters. Inspired by MoE [39, 57], we employ a router for
dynamic expert routing, enhancing model flexibility.

In summary, we introduce FREE-Merging, which uti-
lizes FR-Merging to reduce task interference and incorpo-
rates lightweight experts to eliminate information loss of
model merging. Our main contributions are: 1). We iden-
tify frequency-domain task interference as a critical fac-
tor that greatly impacts merging performance but remains
challenging to address through spatial-domain methods. 2).
To tackle frequency-domain interference, we propose FR-
Merging, which reduces interference while preserving per-
formance, constructing the merged backbone. 3). We theo-
retically validate the necessity of introducing new informa-
tion during merging and propose an effective expert con-
struction method. 4). Extensive experiments show that

FR-Merging and FREE-Merging effectively enhance per-
formance across vision, language, and multi-modal tasks.

2. Related Work
Model Merging. Model merging integrates existing mod-
els to handle multiple tasks without training [21, 23, 49], but
faces task interference challenges [36, 48]. Simple averag-
ing [44] causes great performance degradation. Methods
like Fisher-Merging [33] and RegMean [23] use matrices to
determine merging coefficients but are computationally ex-
pensive or data-intensive, limiting edge deployment. Task
Arithmetic [21] merges task vectors instead of weights,
while Ties-Merging [48] resolves parameter conflicts, and
AdaMerging [52] automates coefficient selection. However,
these approaches have data distribution requirements and
limited applicability. Techniques such as DARE [53] and
PCB-Merging [12] mitigate performance drops but still face
task conflicts. EMR-Merging [20] and Twin-Merging [29]
store task-specific knowledge but require large storage and
neglect backbone optimization. Our method uses high-pass
filtering and lightweight experts to balance merging costs
and effectiveness across various tasks. For further details,
please refer to Appendix C.2.
Model Ensemble. Model ensemble combines outputs from
multiple models [11, 15, 22], but with large models, it faces
storage and inference challenges. In contrast, Model merg-
ing enables a single model to solve multiple tasks, signifi-
cantly reducing storage and inference costs.
Multi-task Learning. Multi-task learning (MTL) aims to
solve multiple tasks using a single model [4, 28, 41], but in
the era of large models, it faces challenges like high training
costs, data privacy issues, and expertise requirements [52].
In contrast, model merging uses existing open-source mod-
els to create a multi-task model with little or no training,
significantly reducing deployment costs.
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Figure 2. a) The frequency domain amplitude power distribution
of an attention head across different fine-tuned ViT-B-32 models.
b) The correlation between the merging performance of ViT-B-32
and the variance of frequency domain amplitude power. Normal-
ized accuracy is defined as the ratio of merged model performance
to fine-tuned model performance on the same task.

3. Preliminaries

Notation. Assume that fθ(x) → y represents a neural net-
work parameterized by θ, where x ∈ Rm is the input and
y ∈ Rn is the output. Recent studies have focused on model
merging via task vectors. For task k, the task vector is de-
fined as vk = θk − θpre, where θk is the fine-tuned model
for task k, and θpre is the corresponding pre-trained model.
Additionally, ek represents the task expert that retains the
ability to solve the task k with few parameters.
Problem Definition. The objective of model merging is to
combine models {θk}Kk=1 for tasks T = {ti}Ki=1 into a sin-
gle model θm that can handle all tasks in T . We focus on
a practical scenario where a shared pre-trained model θpre
serves as the base for all fine-tuned models. It is formu-
lated as θm = λ

∑K
k=1 Ĝ(θk), and with task vector, it be-

comes θm = θpre+λΣK
k=1G(vk), where λ is the coefficient,

and Ĝ/G is transformation on the parameters. Assuming a
shared pre-trained model aligns with trends toward founda-
tion models, like LLaMa [40] for language and CLIP [37]
for vision, which are then fine-tuned for specific tasks.

4. Task Interference in Frequency Domain

Task interference is a key factor that leads to the decrease
in merging performance. While current methods focus on
addressing interference in the spatial domain [48, 50, 53],
we observe that task vectors from different fine-tuned mod-
els also exhibit great misalignment in the frequency domain.

As shown in Fig. 2(a), we visualize the amplitude power

Table 1. The impact of current methods on the mean variance of
frequency-domain amplitude across 8 image classification tasks.

Method ViT-B/32 ViT-L/14
Task Arithmetic [21] 0.059 0.110

DARE [53] 0.057(↓3%) 0.108(↓2%)
Ties-Merging [48] 0.058(↓2%) 0.109(↓1%)
Breadcrumbs [7] 0.058(↓2%) 0.107(↓3%)

PCB-Merging [12] 0.056(↓5%) 0.107(↓3%)
FR-Merging(ours) 0.045(↓24%) 0.088(↓20%)

distribution in the frequency domain of task vectors from
a ViT-B-32 attention head fine-tuned on various tasks [21].
Here, greater distance from the center represents a higher
frequency. Since amplitude indicates signal strength, merg-
ing two signals with vastly different strengths inevitably re-
sults in the weaker signal being masked. Therefore, task
interference in the low-frequency part are severe.

Furthermore, in Fig.2(b), we train multiple groups of
models on eight image tasks [21] and find a clear negative
correlation between the variance of amplitude power among
models and the normalized merging performance (details
can be found in Appendix D.1), confirming the great impact
of frequency-domain interference on merging performance.

Additionally, as shown in Table 1, we show that existing
works addressing task interference in the spatial domain fail
to effectively mitigate frequency-domain task interference.
Therefore, we propose our approach to tackle this issue.

5. Methodology
This section presents FREE-Merging: Sec. 5.1 explains

the need for a two-part design, Sec. 5.2 and Sec. 5.3 cover
the FR-Merging for the backbone and the lightweight ex-
pert module, respectively, followed by the FREE-Merging
in Sec. 5.4 and a complexity analysis in Sec. 5.5.

5.1. Motivation
We first analyze why both merging optimization for the

backbone and the introduction of experts are necessary.
First, backbone optimization is crucial but overlooked

by current expert-based merging ways. As the backbone
holds most parameters, its performance is key to the over-
all success. For instance, upgrading from LLaMa2 [40] to
LLaMa3 [13] greatly improves results even with the iden-
tical fine-tuning. Thus, we propose a training-free merging
method to reduce task interference in the backbone.

Next, we present a theorem showing the necessity of task
experts. Based on Theorem 5.1, introducing additional in-
formation is essential. For proof, see Appendix B, and the
effectiveness of task experts is proved in Appendix D.4.

Theorem 5.1 Model Merging has no free lunch. Merged
model θm cannot simultaneously retain the capabilities of
{θk}Kk=1 without introducing additional information.
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5.2. FR-Merging
We propose an effective backbone merging method by

addressing task interference in the low-frequency fine-tuned
parameters as discussed in Sec. 4, which is hard to resolve in
the spatial domain. Given the high redundancy of fine-tuned
parameters [53], we apply high-pass filtering to directly re-
move the interfering regions. Let v(x, y) be the task vector
and G(x, y) the transformed result. Then we have:

G(x, y) = F−1{H(η, γ) · F{v(x, y)}}, (1)

where

H(η, γ) =

{
1,

√
η2 + γ2 ≥ D0

0,
√
η2 + γ2 < D0

, (2)

where F and F−1 represent the Fourier and inverse Fourier
transform, respectively. D0 is the adjustable cutoff fre-
quency. And η and γ are the distances from the frequency
domain center along the x- and y-axes.

Next, we analyze why high-pass filtering is effective from
both intuitive and experimental perspectives. Fine-tuned
weights occupy distinct positions in the loss landscape, and
linear interpolation often leads to high-loss regions, caus-
ing task interference [1, 50]. To address this, we minimize
model differences while preserving performance, bringing
them closer in the loss landscape to increase the likelihood
of the merged model falling into a loss basin [45].

Results in Sec. 4 show great differences in low-frequency
regions. This is because, if we consider neural network pa-
rameters as signals carrying training information, inspired
by image processing [3, 35], high-frequency signals repre-
sent sharp variations, while low-frequency parts define the
overall structure [5]. Since most information resides in the
structure, filtering out low-frequency signals removes key
task-specific information. Then, the likelihood that the in-
terpolation falls within the loss basin increases [1].

Experimentally, we validate that high-pass filtering en-
hances model generalization with minimal performance
loss as shown in Fig 3. We fine-tune ViT-B/16 [37] on 30
visual tasks following [20]. We find that removing low-
frequency information results in a smaller performance drop
(diagonal) compared to the improvement in generalization
(off-diagonal). This indicates that low-frequency parts carry
task-specific information that boosts task performance but
reduces generalization. Thus, applying filtering like FR-
Merging helps alleviate task interference during merging.

To maintain consistent output after merging, we define
the merging coefficient λi for the task vector vi as:

λi = E(vi)(
K∑
j=1

E(vj))−1, (3)

where E represents the average. Overall, we construct a
merged backbone in this part that minimizes task conflicts.
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Figure 3. High-pass filtering improves performance over the un-
filtered version. Rows represent the added task vectors, while
columns are the test datasets. The results show a significant boost
in generalization with only a slight decline in task performance.

5.3. Lightweight Expert Extraction
To compensate for information lost due to discarding

low-frequency signals, we utilize lightweight experts added
during inference. As analyzed in Sec. 5.2, low-frequency
signals contain task-specific information, but preserving
them requires an inefficient inverse Fourier transform dur-
ing each inference. Thus, we propose a more efficient way.

Since fine-tuning leads to task specialization, the most
changed parameters can be approximated as having the
greatest impact [32]. After reasonable rescaling, these se-
lected parameters serve as task experts, minimizing storage
(typically around 1% of parameters) without extra inference
computation. The validity is detailed in Appendix D.4.

Although magnitude-based extraction [48] exists, limited
research on rescaling hinders compression. As rescaling is
crucial to expert extraction, we propose a rescaling method.
Let M(vi, d) represent the top-d (d is a percentage) param-
eters for task vector vi, µi be the rescale factor, and e(vi)
be the expert for task ti. Then we have:

e(vi) = µiM(vi, d), µi = −
E(M(vi, d)) · log(d)

λi · E(vi)
. (4)

The goal is to maintain a consistent output after extrac-
tion to preserve performance. Details are in Appendix D.5.

In summary, we efficiently extract task-specific experts to
integrate into the backbone, mitigating task conflicts with-
out excessive storage or inference overhead.

5.4. FREE-Merging
This section presents FREE-Merging, combining both

parts to make it suitable for multiple tasks without affecting
inference speed. Inspired by MoE [39], a router dynami-
cally assigns tasks to activated experts. The router can take
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Table 2. Comparison of model merging performance using ViT-B/32 (B) and ViT-L/14 (L) on eight visual tasks evaluating by accuracy.

Method Base
Model

SUN397 Cars RESISC45 EuroSAT SVHN GTSRB MNIST DTD Avg.
B L B L B L B L B L B L B L B L B L

Individual 75.3 82.3 77.7 92.4 96.1 97.4 99.7 100 97.5 98.1 98.7 99.2 99.7 99.7 79.4 84.1 90.5 94.2
Traditional MTL 73.9 80.8 74.4 90.6 93.9 96.3 98.2 96.3 95.8 97.6 98.9 99.1 99.5 99.6 77.9 84.4 88.9 93.5

Weight Averaging 65.3 72.1 63.4 81.6 71.4 82.6 71.7 91.9 64.2 78.2 52.8 70.7 87.5 97.1 50.1 62.8 65.8 79.6
Fisher Merging [33] 68.6 69.2 69.2 88.6 70.7 87.5 66.4 93.5 72.9 80.6 51.1 74.8 87.9 93.3 59.9 70.0 68.3 82.2
Task Arithmetic [21] 63.8 74.1 62.1 82.1 72.0 86.7 77.6 93.8 74.4 87.9 65.1 86.8 94.0 98.9 52.2 65.6 70.1 84.5
Ties-Merging [48] 64.8 76.5 62.9 85.0 74.3 89.3 78.9 95.7 83.1 90.3 71.4 83.3 97.6 99.0 56.2 68.8 73.6 86.0
Breadcrumbs [7] 63.0 74.9 61.0 84.9 75.7 88.6 84.7 95.4 83.4 89.8 76.4 90.1 98.1 99.2 57.9 68.2 75.0 86.4
PCB-Merging [12] 65.5 75.8 64.1 86.0 78.1 88.6 80.2 96.0 84.7 88.0 77.1 90.9 98.0 99.1 58.4 70.0 75.8 86.9
FR-Merging(ours) 66.2 76.4 64.5 87.0 77.2 90.2 90.1 96.8 85.4 92.0 82.3 92.8 98.5 99.3 60.0 71.5 78.1 88.3

AdaMerging++ [52] 66.6 79.4 68.3 90.3 82.2 91.6 94.2 97.4 89.6 93.4 89.0 97.5 98.3 99.0 60.6 79.2 81.1 91.0
Twin-Merging [29] 73.6 82.6 71.7 90.3 92.1 94.9 99.3 99.4 95.3 96.7 97.2 98.0 99.1 99.4 74.0 80.1 87.8 92.7
EMR-Merging [20] 74.1 82.3 72.7 90.8 91.9 95.3 99.4 99.5 95.8 96.9 96.9 98.1 99.1 99.5 72.1 80.1 87.7 92.8
FREE-Merging(ours) 77.1 83.5 78.2 92.4 93.4 96.2 99.5 99.6 96.3 98.1 98.2 98.7 99.5 99.7 75.4 81.7 89.7 93.7

Algorithm 1 Workflow of FREE-Merging

Input: Task vectors {vi}Ki=1, pre-trained model θpre,
router R, and input data X .

1: FR-Merging: ▷ Only excute once.

2: Get backbone θm = θpre +
∑K

i=1 λiG(vi), where G
and λ are defined by Eq. 1 and Eq. 3, respectively.

3: Expert Extraction: ▷ Only excute once.

4: Get task experts {ei}Ki=1 as Eq. 4.
5: Inference:
6: for x ∈ X do
7: [w1, ...wK ]← argmax(R(x))

8: θ∗ = θm +
∑K

i=1 wiei
9: Y ← Y ∪ f(x; θ∗)

10: end for
Output: Output Y for input X .

various forms [24], allowing for more flexibility in handling
different tasks. Detailed discussions about router can be
found in Appendix D.6. For detailed algorithms, see Alg 1.

First, we obtain the merged backbone (line 2) and the task
experts (line 4). Then, during the inference, we dynamically
route the experts based on inputs (lines 7-9).

5.5. Time Complexity and Storage Space Analysis
This section analyzes the merging time complexity and

storage requirements. We aim to minimize both for practi-
cal use. Assume there are n models to merge, each with m
parameters and requiring storage space s.

The time complexity includes the merging and inference
part. In the merging part, FR-Merging has a complexity of
O(nmlogm) [14] while expert extraction is O(nm), mak-
ing the overall merging complexity O(nmlogm), which is
manageable. For instance, merging three 10B models re-
quires only O(1012) addition operations, a minor load for
modern devices. Moreover, with only a lightweight router
added, the extra inference cost is negligible.

Next, we analyze storage cost. We typically save only
about 1% additional parameters per model, requiring (1 +
0.01n)s storage, which is far less than the requirement of ns
for the model ensemble. For large models, reducing storage
requirements is crucial for alleviating storage pressure on
edge users. For detailed analysis, please refer to Sec 6.7.

6. Experiments
In this section, we evaluate the proposed methods across

various tasks. We compare FR-Merging with other cost-free
methods (which do not require additional training or data),
including Weight Averaging, Fisher Merging [33], Task
Arithmetic [21], Ties-Merging [48], Breadcrumbs [7], and
PCB-Merging [12]. We also compare our FREE-Merging
with popular methods, including RegMean [23], AdaMerg-
ing [52], EMR-Merging [20], and Twin-Merging [29]. The
original EMR-Merging uses a perfect router; however, we
use an imperfect router for realism. Some experiments in-
clude traditional MTL with data from all tasks as a baseline.
The evaluation covers CV, NLP, and multi-modal tasks.

6.1. Merging Vision Models
Merging 8 ViTs. We select the two visual encoders of
CLIP, ViT-B/32 and ViT-L/14 [37], as the pre-trained mod-
els and choose eight image classification tasks as target
tasks: SUN397, Cars, RESISC45, EuroSAT, SVHN, GT-
SRB, MNIST, and DTD [52]. Additionally, an MLP is
used as the lightweight router. Detailed information on the
datasets and baselines can be found in the Appendix C.1.

Table 2 presents the comparative results. First, FR-
Merging outperforms other cost-free methods, improv-
ing ViT-B/32 by 2.5% and ViT-L/14 by 1.5% over PCB-
Merging [12], demonstrating its effectiveness in reducing
performance loss caused by task interference. Through FR-
Merging, we can construct a merged backbone that can
be used independently at a low cost. Here, we focus on
the basic FR-Merging. In Sec. 6.6, we discuss further im-
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Table 3. Comparison of model merging results using ViT-B/16
on 30 visual tasks. Additional Cost indicates whether additional
training or additional data is required during model merging.

Method Additional Cost Avg. Acc
Individual ✗ 93.02
Weight Averaging ✗ 42.51
Task Arithmetic [21] ✗ 48.88
Ties-Merging [48] ✗ 37.53
Breadcrumbs [7] ✗ 43.57
FR-Merging(ours) ✗ 53.90
RegMean [23] ✓ 68.13
AdaMerging [52] ✓ 60.24
Twin-Merging [29] ✓ 75.52
EMR-Merging [20] ✓ 76.39
FREE-Merging(ours) ✓ 79.67

Table 4. Language model merging results: RoBERTa fine-tuned
on 8 discriminative tasks, T0-3B on 11 discriminative tasks with
IA3, and Qwen-14B on 3 generative tasks with LoRA.

Method Base
Model

Full PEFT Avg.RoBERTa T0-3B Qwen-14B

Individual 85.55 71.35 72.07 76.32

Weight Averaging 51.34 58.01 66.80 58.71
Task Arithmetic[21] 66.65 63.91 66.40 65.65
Ties-Merging [48] 64.04 66.41 67.46 65.97
Breadcrumbs [7] 68.19 54.64 66.77 63.20
PCB-Merging [12] 67.86 66.10 66.69 66.39
FR-Merging(ours) 70.02 66.88 68.00 68.30

RegMean [23] 70.01 58.01 67.52 65.18
EMR-Merging [20] 74.20 67.11 70.98 70.76
Twin-Merging [29] 78.29 66.70 71.68 72.22
FREE-Merging(ours) 80.16 68.68 72.78 73.87

provements achieved by combining it with existing meth-
ods. Then, compared to methods requiring extra informa-
tion, FREE-Merging also improves performance by 2%,
leveraging lightweight computation and efficient expert ex-
traction, requiring only 1% additional storage per model,
outperforming 3% of EMR-Merging [20] and 2% of Twin-
Merging [29]. Thus, FREE-Merging provides an excellent
balance between storage, computation, and performance.

Merging 30 ViTs. We select ViT-B/16 as the pre-trained
model and evaluate the model merging performance across
30 image classification tasks following [20].

Table 3 presents the results, with detailed analysis pro-
vided in Appendix E.1. It is evident that our proposed
FR-Merging and FREE-Merging exhibit remarkable per-
formance. Although merging a large number of models is
uncommon in practice, this experiment underscores the ef-
fectiveness of Fourier filtering and lightweight task experts
in mitigating performance loss caused by task interference.
These results highlight the robustness and broad applicabil-
ity of our methods across diverse scenarios.

Table 5. Comparison of performance of different model merging
methods after full fine-tuning LLaMa2-13B on three tasks: In-
struction Following (LM), Math, and Code Generation.

Method AlpacaEval GSM8K MBPP Avg.
LM Fine-tuned [46] 88.9 45.9 31.4 55.4
Math Fine-tuned [30] 22.3 63.5 23.0 36.5
Code Fine-tuned [31] 16.2 18.8 27.0 20.7
Task Arithmetic [21] 72.1 48.3 0 40.1
TIES-Merging [48] 77.5 66.9 27.2 57.2
DARE [53] 77.5 62.7 29.4 56.5
DELLA-Merging [8] 80.4 61.8 31.4 57.9
PCB-Merging [12] 81.2 60.6 30.7 57.5
FR-Merging(ours) 87.5 64.3 32.8 61.5
Twin-Merging [29] 83.5 61.4 30.4 58.4
EMR-Merging [20] 82.6 62.3 31.2 58.7
FREE-Merging(ours) 88.1 65.7 31.8 61.8

6.2. Merging Language Models
Merging Medium-sized Language Models. We investi-
gate the generalization ability of our method on medium-
scale language models, using RoBERTa [59] as the pre-
trained model with full fine-tuning on eight discriminative
tasks [48]. Details can be found in Appendix C.1.

The average merging results of the eight tasks are pre-
sented in Table 4, with complete results in Appendix E.2. It
can be observed that, FR-Merging outperforms other cost-
free methods by nearly 2%. Additionally, FREE-Merging
also exhibits remarkable effectiveness, achieving optimal
results on almost all datasets and surpassing current meth-
ods in average performance. This highlights the great po-
tential of our proposed methods for language models.
Merging PEFT models. PEFT is a popular method that re-
duces fine-tuning costs [10], but storing PEFT parameters
for multiple tasks remains space-inefficient [55]. The effec-
tiveness of our approach on PEFT demonstrates the gener-
alization capability and offers an efficient deployment way.

Firstly, we use T0-3B [38] as the pre-trained model and
(IA)3 [26] as the PEFT method, fine-tuning on 11 discrim-
inative tasks [20]. Our proposed FR-Merging and FREE-
Merging improve performance by nearly 1%, as shown in
Table 4. Next, we employ Qwen-14B [2] with LoRA [19]
as the PEFT way, fine-tuning on three generative tasks [29].
The results show that our methods lead to a 2% advantage in
both cost-free and full frameworks. This confirms the feasi-
bility with PEFT and strong generalization of our methods.
Full results are available in the Appendix E.2.
Merging Large Language models. We explore large
model merging using LLaMa2-13B [40] as the pre-trained
model, with WizardLM [46] for instruction following, Wiz-
ardMath [30] for math, and WizardCoder-Python [31] for
coding. Experiments are conducted on AlpacaEval (instruc-
tion following), GSM8K (math), and MBPP (code) [53].

Table 5 shows that our proposed FR-Merging even sur-
passes existing methods that rely on additional information.
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Table 6. Results of merging multi-modal BEiT3 models on five vision-language tasks.

Methods Task COCO-Retrieval COCO-Captioning ImageNet-1k Classification NLVR2 VQAv2
Metric Accuracy(↑) BLEU4(↑) CIDEr(↑) METEOR(↑) ROUGE-L(↑) Accuracy(↑) Accuracy(↑) Accuracy(↑)

Individual 0.8456 0.394 1.337 0.311 0.601 0.8537 0.7765 0.8439

Weight Averaging 0.1893 0.031 0.001 0.115 0.159 0.6771 0.2800 0.6285
Task Arithmetic [21] 0.3177 0.033 0.000 0.118 0.176 0.6732 0.3809 0.6933
Ties-Merging [48] 0.3929 0.029 0.001 0.108 0.167 0.6978 0.3206 0.6717
Breadcrumbs [7] 0.1893 0.011 0.012 0.065 0.114 0.6323 0.6073 0.6823
FR-Merging(ours) 0.7010 0.016 0.019 0.096 0.141 0.6992 0.6407 0.6965

EMR-Merging [20] 0.7946 0.289 1.060 0.272 0.534 0.7742 0.7475 0.7211
Twin-Merging [29] 0.7937 0.325 1.078 0.278 0.558 0.7730 0.7762 0.7232
FREE-Merging(ours) 0.8093 0.347 1.195 0.289 0.572 0.7850 0.8168 0.7297
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Figure 4. Visualization of the loss landscape on EuroSAT before
and after high-pass filtering (top vs. bottom) in the model merging
of the fine-tuned ViT-B/32 on EuroSAT and DTD tasks [21].

This indicates that our findings in FR-Merging regarding
low-frequency signals and task interference also hold when
extended to large models. This is crucial for practical us-
age of large models. Additionally, our proposed FREE-
Merging also demonstrates strong advantages, enabling ef-
ficient cross-domain deployment of large models.

6.3. Merging Multi-Modal Models

We merge various fine-tuned BEiT3-base [42] models
across five tasks: ImageNet-1k (Classification), VQAv2
(Visual Question Answering), NLVR2 (Reasoning), COCO
Captioning (Image Captioning), and COCO Retrieval
(Image-Text Retrieval). COCO Captioning is evaluated
with BLEU4, CIDEr, METEOR, and ROUGE-L, while the
others use accuracy [20]. Details are in Appendix C.1.

Table 6 shows that our methods gain great improvements
in multi-modal models. Unlike vision or language model
merging, which often involve similar tasks, such as clas-
sification, the task similarity here is relatively low. The
strong performance highlights the generalization ability of
our methods, making them widely applicable.

Table 7. Ablation of FREE-Merging components on 8 visual tasks.

FR-Merging Equa.3 Top-K Expert Scaling ViT-B/32 ViT-B/16 ViT-L/14
✗ ✗ ✗ ✗ 70.10 75.24 84.50
✔ ✗ ✗ ✗ 76.96 81.34 88.21
✗ ✔ ✗ ✗ 71.43 77.41 84.20
✔ ✔ ✗ ✗ 78.10 82.54 88.30
✗ ✗ ✔ ✗ 65.24 68.98 70.13
✔ ✔ ✔ ✗ 79.38 84.31 89.53
✗ ✗ ✔ ✔ 82.32 86.87 90.47
✔ ✔ ✔ ✔ 89.68 91.09 93.70

6.4. Fourier Transform Analysis

In this section, we explain why Fourier high-pass filtering
improves merging performance from an optimization per-
spective. Previous work [25] shows that landscape geome-
try impacts model generalization. Fig. 4 demonstrates that
high-pass filtering widens the valley in the loss landscape
(bottom plot). Since fine-tuned models from the same pre-
trained model are closer in the landscape [34], a wider val-
ley increases the probability of merged results falling within
the loss basin as shown in the bottom plot of Fig. 4, leading
to better performance. Without filtering, the landscape is
flat at a high level, which has little effect on model merging
and only highlights the advantage of pre-training [17].

6.5. Ablation Study

In this section, we conduct ablation experiments on the
components of our method. All experiments are performed
on ViT-B/32 with eight classification tasks as target tasks.
Ablation on FR-Merging. We analyze the impact of FR-
Merging on the backbone and overall performance. Ta-
ble 7 shows that the performance of various models greatly
improves after employing FR-Merging. We then compare
high-pass filtering with other cost-free methods, including
Ties [48], Top-K, Task Arithmetic [21], outlier dropout [7],
EMR-Merging [20], and PCB-Merging [12], as well as low-
pass and band-pass filtering, with results in Fig. 5a. For
fairness, all experts use 1% additional parameters.

Our proposed FR-Merging outperforms other cost-free
methods on both the backbone and with task experts, min-
imizing task interference. Examining the different filtering
methods, we find that low-pass filtering leads to great per-
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Figure 5. a) The ablation experiments on FR-Merging show that our proposed methods achieve optimal performance. b) Performance of
experts at different sparsity rates. c) In experiments with random routers, our approach demonstrates optimal performance.

Table 8. Transferability analysis of FR-Merging on 8 visual tasks.

Method FR-Merging ViT-B/32 ViT-L/14
Ties-Merging [48] ✗ 73.6 86.0
Ties-Merging [48] ✔ 78.3 88.4
Breadcrumbs [7] ✗ 75.0 86.4
Breadcrumbs [7] ✔ 78.8 88.9

TSVM [16] ✗ 83.9 91.9
TSVM [16] ✔ 84.8 92.5

formance degradation, confirming that task interference in
low-frequency regions is severe. Band-pass filtering also
performs worse than FR-Merging, and this is because some
high-frequency signals preserve abrupt changes in the sig-
nal and their removal harms the performance of the model.
Ablation on Merging Coefficients. We conduct an abla-
tion study on our merging coefficients as in Eq. 3, with
results in Table 7. Using them instead of simple averag-
ing yields slight improvements by considering output varia-
tions, benefiting tasks with varying fine-tuning magnitudes.
Ablation on Task Expert. We conduct an ablation study on
the expert extraction way. Table 7 shows that incorporating
our experts and rescaling method results in significant im-
provements, confirming their effectiveness. To validate the
superiority of our method, we evaluate expert-only perfor-
mance with varying parameter proportions, comparing Top-
K selection, Bernoulli selection [53], SVD extraction [29],
and our Top-K selection with rescaling. Fig. 5b shows that
our method excels, particularly under high sparsity.
Router Analysis. We analyze the proposed router method,
aiming for strong merging performance despite sub-optimal
routing. Since router inaccuracies may arise from limited
training resources or edge deployment issues, our methods
maintain performance in real-world scenarios. Using a ran-
dom router to simulate inaccuracy, we compare our method
with existing router-based approaches. Our method outper-
forms Twin-Merging by 13.5% and EMR-Merging by 8.5%
on average, as shown in Fig. 5c, indicating that our methods

Table 9. Trade-off of performance, training, inference, and storage
costs using ViT-L/14 across 8 image classification tasks.

Method Training
Tokens

Training
Cost

Storage
Param.

Inference Cost
(/1000 items) Acc.

Individual 0 0 2.4B 31.0s 94.2
MTL 304M 12h 304M 31.0s 93.5
FR-Merging 0 0 304M 31.0s 88.2
Twin-Merging 0.9M 147s 352M 32.2s 92.7
FREE-Merging 0.9M 147s 328M 32.2s 93.7

construct a reasonable backbone and generalizable experts.

6.6. Transferability Analysis
Our proposed FR-Merging can integrate with other meth-

ods, as it addresses frequency-domain task interference that
current methods overlook. As shown in Table 8, combining
various methods with FR-Merging leads to performance im-
provements. Therefore, FR-Merging can be integrated with
more approaches to achieve greater benefits.

6.7. Speed and Storage Space Analysis
This part analyzes training costs, inference speed, and

storage as shown in Table 9. FR-Merging achieves strong
performance with significantly reducing storage costs with-
out extra training or inference costs, while FREE-Merging
slightly increases overhead for better performance. Both of
these two methods enhance deep learning deployment.

7. Conclusion
In this paper, we propose FR-Merging and FREE-

Merging to efficiently build a multi-task model by merging
existing ones. FR-Merging constructs a backbone without
training by high-pass filtering to remove information that
dominates task interference. Meanwhile, FREE-Merging
employs lightweight experts to offset information loss dur-
ing merging. Our method balances training, storage, infer-
ence costs, and performance, showing high practical value.
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