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Abstract

Lately, the practice of utilizing task-specific fine-tuning has
been implemented to improve the performance of large lan-
guage models (LLM) in subsequent tasks. Through the inte-
gration of diverse LLMs, the overall competency of LLMs
is significantly boosted. Nevertheless, traditional ensemble
methods are notably memory-intensive, necessitating the si-
multaneous loading of all specialized models into GPU mem-
ory. To address the inefficiency, model merging strategies
have emerged, merging all LLMs into one model to reduce
the memory footprint during inference. Despite these ad-
vances, model merging often leads to parameter conflicts
and performance decline as the number of experts increases.
Previous methods to mitigate these conflicts include post-
pruning and partial merging. However, both approaches have
limitations, particularly in terms of performance and storage
efficiency when merged experts increase. To address these
challenges, we introduce Channel Merging, a novel strategy
designed to minimize parameter conflicts while enhancing
storage efficiency. This method clusters and merges channel
parameters based on their similarity to form several groups
offline. By ensuring that only highly similar parameters are
merged within each group, it significantly reduces parame-
ter conflicts. During inference, we can instantly look up the
expert parameters from the merged groups, preserving spe-
cialized knowledge. Our experiments demonstrate that Chan-
nel Merging consistently delivers high performance, match-
ing unmerged models in tasks like English and Chinese rea-
soning, mathematical reasoning, and code generation. More-
over, it obtains results comparable to model ensemble with
just 53% parameters when used with a task-specific router.

Introduction

Recent advancements in large language models (LLMs)
such as LLaMA (Touvron et al. 2023) and Mistral (Jiang
et al. 2023a) have significantly pushed the boundaries of
artificial intelligence, achieving near-human performance
across various general tasks. Despite these achievements,
a notable performance gap remains in specialized domains
such as coding and mathematics. Addressing this gap, many
LLMs undergo task-specific fine-tuning to enhance their ca-
pabilities within these targeted areas (Zhou and Yuqi 2024;
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Yu et al. 2023; Wu et al. 2023). In multi-task scenarios, it is
common to ensemble LLMs specialized in different tasks to
optimize performance. However, as shown in Figure 1 (a),
traditional ensembling methods (Tang et al. 2024; Lu et al.
2023) require loading all specialized models into GPU mem-
ory, which is highly storage-intensive.

Method | Performance | Efficiency

One-size-fit-all (Yu et al. 2024) X v
Partial Merging (Jiang et al. 2023b) v X
Channel Merging (Ours) v v

Table 1: This table compares the scalability of different
merging approaches in terms of maintaining performance
and efficiency as the number of experts increases.

To combat the inefficiency of the model ensemble, model
merging strategies (Yadav et al. 2024; Yang et al. 2024) have
been introduced, where delta parameters (Ilharco et al. 2023)
from each expert are merged into the pre-trained parameters,
allowing the system to load weights equivalent to a single
expert during inference. Nevertheless, as shown in Figure 1
(b), this one-size-fits-all merging can exacerbate parameter
conflicts as the number of experts increases, often leading to
a decline in downstream performance. To mitigate parame-
ter conflicts, previous approaches can be divided into two
main strategies: (1) Post pruning, which prunes delta pa-
rameters—the alteration of the model parameters before and
after fine-tuning (Yu et al. 2024; Yadav et al. 2024). How-
ever, performance degradation still occurs as the number of
merged experts increases. (2) Implementing partial merging
(Jiang et al. 2023b), which merges task-agnostic parame-
ters and maintains task-specific ones. Nonetheless, this strat-
egy becomes less storage-efficient with the escalation in the
number of experts, as it necessitates the retention of more
separate parameters.

To effectively mitigate parameter conflicts while enhancing
storage efficiency, we specifically analyze the layer-by-layer
channel similarities between several experts and highlight
that merging with finer granularity can further reduce pa-
rameter conflicts. Based on our analysis, we introduce a
novel strategy called Channel Merging. As illustrated in Fig-
ure 1(c), this approach first clusters channel parameters that
are across various experts into several groups based on their
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Figure 1: This diagram contrasts various methods of handling multiple experts in LLMs. Panel (a) illustrates the conventional
model ensemble approach, which requires loading all expert models into memory, leading to significant storage inefficiency.
Panel (b) depicts the model merging strategy that simplifies the memory load but results in performance degradation due to
parameter conflicts. Panel (c) presents our proposed Channel Merging method, which clusters and merges channel parameters,
retaining each expert’s unique features and ensuring efficient and effective performance.

similarities, merging only those within identical groups to
minimize conflicts. Subsequently, during inference, Channel
Merging adaptively looks up the task-specific parameters re-
quired for each expert. Compared with model merging and
model ensemble methods, Channel Merging mitigates per-
formance degradation by retaining the unique knowledge
of each expert model while reducing the total parameters
loaded to GPU memory.

Our experiments, including specialized tasks like English
reasoning, mathematic reasoning, code generation, and Chi-
nese reasoning demonstrate that Channel Merging achieves
performance on par with unmerged models. Additionally,
we utilize a task-specific router to optimize expert selec-
tion for each query, enhancing the model’s overall effec-
tiveness. Our findings from general tasks show that Channel
Merging, combined with the router, not only outperforms the
Chinese-Mistral-7B-Instruct-v0.1 by 1.26% on the AGIEval
benchmark and achieves a 2.13% improvement on the com-
bined MMLU+CMMLU benchmarks but also requires only
53% of the parameter load compared to traditional ensem-
ble methods, clearly demonstrating its efficacy and versa-
tility in various applications. Our contributions are mainly
three-fold:

Through a detailed analysis of layer-by-layer channel sim-
ilarities between different experts, we highlight the lim-
itations of traditional model-level merging methods and
demonstrate the necessity of finer-grained merging.

Based on our analysis, we introduce Channel Merging, a
novel strategy that merges parameters at the channel level.
This method mitigates parameter interference and main-
tains parameter efficiency as the number of experts in-
creases.

The effectiveness of Channel Merging is demonstrated
through extensive experimental results. For example, it
shows minimal performance loss compared to one-size-
fits-all and partial merging methods across various down-
stream tasks, such as English reasoning, mathematical
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reasoning, code generation, and Chinese reasoning. Ad-
ditionally, when combined with a task-specific router, it
achieves performance comparable to the model ensemble
method on general tasks while requiring only 53% of the
parameters.

Related Work

Model merging. As large pre-trained models are a reposi-
tory of extensive knowledge, fine-tuning them for new tasks
has become a prevalent method (Dodge et al. 2020). Model
merging, involving merging task-specific models fine-tuned
from the same pre-trained model, has been increasingly rec-
ognized as an effective strategy to enhance generalization
and multi-task capabilities in LLMs (Yadav et al. 2024; Yang
et al. 2024; Yu et al. 2024; Matena and Raffel 2022a; Ilharco
etal. 2023; Ainsworth, Hayase, and Srinivasa 2023; Entezari
et al. 2022). Although model merging provides enhanced
flexibility and utility (Daheim et al. 2024; Matena and Raf-
fel 2022b), straightforward techniques like model averaging
(Wortsman et al. 2022) often lead to substantial performance
degradation across multiple tasks due to parameter conflicts.
To address these conflicts, strategies such as TIES Merg-
ing (Yadav et al. 2024) and DARE (Yu et al. 2024) have
been proposed, which involve pruning some delta param-
eters before the merging process. Nonetheless, parameter
conflicts can still be stringent as the number of merged mod-
els increases. Another mitigation strategy is partial merg-
ing (Stoica et al. 2024; Kim et al. 2023; Jiang et al. 2023b),
which involves merging only a part of the parameters while
preserving others independently. For example, ZipIT (Sto-
ica et al. 2024) selectively unmerges certain layers, effec-
tively creating a multi-head model. Passthrough (Kim et al.
2023) concatenates layers from different LLMs, producing
a deeper model. BYOM (Jiang et al. 2023b) preserves some
task-specific parameters according to magnitude. However,
these partial merging methods become storage-inefficient
as the number of merged experts increases. In contrast,
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Figure 2: Layer-wise proportion of channel similarity between Instruction expert and other experts in (a) Mistral-7B model
and (b) CodeLLaMA-7B families. The blue portions represent the proportion of channels in the Instruction expert that are more
similar to the Code expert, while the red portions indicate the proportion of channels more similar to the Math expert.

our Channel Merging approach merges experts into fixed
groups, thereby retaining storage efficiency even as the num-
ber of merged experts grows. To mitigate parameter con-
flicts, Channel Merging operates at the channel level and
considers the similarity between channels of different ex-
perts. As shown in Table 1, Channel Merging preserves both
performance and efficiency as the number of merged experts
increases.

Large language model ensemble. LLM ensembling aims
to combine off-the-shelf large language models (LLMs) to
consistently improve performance across a variety of down-
stream tasks. LLM-BLENDER (Jiang, Ren, and Lin 2023)
infers outputs from all candidate models and then ranks them
using a reward function, which introduces significant com-
putational overhead. To mitigate this, Frugal GPT (Chen, Za-
haria, and Zou 2023) adopts a sequential inference process
that stops as soon as it generates a response of sufficient
quality, thereby reducing the need to infer from all mod-
els. Additionally, to cut down on computation further, sev-
eral router-based methods (Tang et al. 2024; Lu et al. 2023;
Shnitzer et al. 2023) have been developed, which employs
a trained routing function that accurately directs each query
to the LLM best suited for it. Consequently, only one expert
LLM is activated during each inference cycle. For instance,
(Shnitzer et al. 2023) shows the utility and limitations of
learning model routers from various benchmark datasets.
Zooter (Lu et al. 2023) distills a reward model to a task-
specific router, assigning queries to experts more accurately.
However, these methods often require preserving all expert
models’ weights in GPU memory, which can lead to mem-
ory inefficiencies. In contrast, our approach leverages the
channel similarities between experts by merging multiple
expert parameters into a few clusters, significantly reducing
the parameter storage requirements during inference. More-
over, our method dynamically activates and reconstructs dif-
ferent experts based on the incoming query, maintaining ex-
pert diversity while minimizing the total parameters.
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Preliminaries

Formulation of model merging. Assuming a pretrained
model, let P € RP*! represent the parameters of a spe-
cific layer, where O and I correspond to the output and in-
put channel number, respectively. From this model, we de-
rive a set of IV task-specific models with parameters 6 =
{011,0%...,0'v} € RVNXOXI each fine-tuned for a dis-
tinct task. Model merging is the process of integrating the
modifications of all task-specific models back into a sin-
gle model. This is achieved by first calculating the delta
parameters for each task-specific model, which represent
the changes made during the fine-tuning process relative to
the pretrained model. These delta parameters are defined
as §'» = @*» — P for each task n. Using the task arith-
metic method (Ilharco et al. 2023), the merged parameters,
0* € RO*! are computed as follows:

0* =P+ 1Y &',

tn

(D

where ) is a scaling factor that adjusts the influence of the
delta parameters on the merged model.

Task-specific routing. To address computational efficiency
concerns within LLM ensembles, task-specific routing is
employed. This technique strategically selects a single LLM
expert, denoted as m*, that is best suited to respond to a
given query g. This selection is determined through a scoring
function that evaluates the appropriateness of each expert for
the query, formalized as follows:

2

m* = argmax Z(q, m),
meM

where M represents the set of all available LLM experts,
and Z(+) is a function that scores each expert m based on its
predicted effectiveness in responding to query q. The expert
with the highest score is chosen for the task, optimizing the
ensemble’s computational resources by activating only the
most relevant model.

Method

In this section, we begin by analyzing the inconsistency
in channel similarity across different expert models, illus-
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Figure 3: An illustration of our Channel Merging method. The process involves two core parts: Channel-wise Merging and
Instant Lookup. In the channel-wise Merging stage, for each channel, delta parameters from each expert 6f are clustered into
different groups, and parameters within the same group are merged into ©%. St records the group index that each expert’s
parameters have been merged into (shown in ForestGreen). During inference, the activated expert can instantly look up its

parameters from the groups based on S*».

trating how simplistic merging strategies—such as merg-
ing models at the model level—can be sub-optimal. Sub-
sequently, we introduce Channel Merging, a channel-wise
merging strategy tailored to optimize both parameter com-
pression and model performance. As illustrated in Figure 1
(c), Channel Merging groups parameters from different ex-
perts in the model family according to their channel similar-
ities. During the inference, the parameters of the activated
expert are instantly looked up from these offline merged
groups, ensuring efficient and effective performance.

Similarity Inconsistency

Before we delve into Channel Merging, it’s essential to ad-
dress a fundamental question: Why merge at the channel
level instead of the model level, as was common in previous
methods? To answer this, we specifically analyze the layer-
by-layer channel similarities between the Instruction expert
and the other two experts—Code and Math. This analysis
involves quantifying how many channels in the Instruction
expert are more similar to the Code expert compared to the
Math expert based on their cosine similarities. We employ
cosine similarity to measure the similarity between param-
eters since high cosine similarity between neural network
parameters correlates with similar activations produced by
the layers (Mason-Williams and Dahlqvist 2024; Klabunde
et al. 2023). The details of LLM candidates used for com-
parison can be found in Appendix.

In the Mistral-7B model family (Figure 2(a)), overall, the
Instruction expert channels show closer similarity to the
Code expert channels, with the proportion of more similar
channels typically being higher. However, even in the lay-
ers where the similarity proportion peaks, more than 20%
of Instruction channels are closer to the Math expert, high-
lighting significant similarity inconsistency between those
experts. Moreover, the CodeLLaMA-7B model family (Fig-
ure 2(b)) exhibits more random variations in similarity. Ap-
proximately half of the channels in all layers show greater
similarity to the Code expert, while the other half are more
aligned with the Math expert. These experiments highlight
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a crucial insight: Finer granularity, such as channel-level
merging, can further reduce parameter conflicts arising
from insufficiently similar parameters.

Merging with Channel Similarity

To effectively merge multiple expert LLMs while accom-
modating significant variations in channel similarities, we
introduce a novel method termed Channel Merging. As illus-
trated in Figure 3, our method unfolds in two parts: Channel-
wise Merging and Instant Lookup.

Channel-wise merging. In this stage, we cluster the delta
parameters for each output channel from different ex-
perts based on cosine similarity. Specifically, for the i-
th output channel, delta parameters across all experts
d; {80r,80%,...,8/7} € RNX! are grouped using
the K-Means clustering algorithm into K clusters C; =
{C},C?,...,CE} (K < N). This clustering ensures that
each group contains parameters with high similarity, thus
reducing conflicts during merging. These similar parameters
within each cluster k£ are then merged with the task arith-
metic (Ilharco et al. 2023):

@f =P+ > o
sineck

3)

Repeating the clustering and merging for all channels in
the layer, we can obtain K groups new parameters ® &
REXOXI "where the k-th group parameter ®* can be repre-
sented as:

eF e RO = (o}, 0k . ek} 4)
Additionally, an index set S = {Si",..., Sk} € RI*O,
where Sf m € {1,..., K}, is maintained for each expert t,,
indicating which group their channel parameters are merged
into. It is worth noting that the Channel-wise Merging stage
is executed offline, thus imposing no additional computa-
tional overhead during inference.

Instant lookup. Channel Merging merges different channels
from each expert into distinct groups, thereby preserving the



Method ‘ Instruction Expert (%) 1 Math Expert (%) 1 Code Expert (%) 1 Chinese Expert (%) 1
| CommonSenseQA  TriviaQA ~ Avg. | GSMS8K Math  Avg. | HumanEval MBPP  Avg. | CMMLU CEVAL  Ave.
Baseline \ 75.86 5839 67.12 | 7392 2062 4727 | 4536 4320 4428 | 4752 4750 4751
BYOM 75.67 63.86  69.77 | 6508 1695 41.02 43.62 4023 4193 | 48.15 47.83  48.00
TIES 70.62 50.06 6034 | 6351 10.84 37.17 30.26 3580 33.03 | 43.05 4580  44.42
DARE 73.85 51.93 6289 | 63.02 1038 36.70 31.58 3626 3392 | 44.32 4596 45.14
TIES-CM (Ours) 73.61 60.85 6723 | 68.14 1826 432 43.28 4181 4255 | 4793 4738  47.66
DARE-CM (Ours) 75.27 6449  69.88 | 70.05 19.89 44.95 4513 43.00 44.06 | 48.41 47.69  48.05
DARE-CM + router (Ours) 75.27 6449  69.88 | 70.01  19.85 44.93 45.12 43.00 44.06 | 4841 47.69  48.05

Table 2: Comparison on downstream tasks. ‘Baseline’ refers to the performance metrics of experts when unmerged. TIES-CM
and DARE-CM represent TIES and DARE methods combined with Channel Merging, respectively.

unique characteristics of each expert compared to one-size-
fits-all merging. During inference, we can selectively acti-
vate the expert that is the most suitable to respond to the
input query. Since the merged parameter groups and expert
index are constructed offline in the Channel-wise Merging
stage, the parameter of the activated expert can be instantly
looked up and concatenated from the corresponding groups
according to the index stored in S*~. Specifically, the layer-

level parameters of activated experts 6> € RO*I can be
formally written as:

o= @ e, S

S:" €Stn

where €D denotes the concatenation operation, which aligns
the channel parameters from selected groups to reconstruct
the full parameter set for each layer of the ¢,,-th expert. This
concatenation ensures that the structural and functional char-
acteristics of each expert’s layers are maintained, while only
the parameters of the relevant expert are activated.

Model size reduction analysis. Assuming each expert in
a model zoo has ¥ parameters, managing N distinct ex-
perts would require storing N'W parameters separately. In
contrast, our Channel Merging method organizes each ex-
pert’s parameters by clustering them along the output chan-
nel dimension into K distinct categories, each containing
a full set of U parameters. Consequently, the total storage
required for parameters is reduced to K. Although each
expert maintains an index S', the size of this index is con-
siderably smaller than W—equivalent to the total number of
channels—therefore, it can be considered negligible in the
overall parameter count. With the implementation of Chan-
nel Merging, the total number of parameters necessary is
effectively diminished to £% = £ (K < N). Since K
is a constant, unlike partial merging, Channel Merging can
maintain storage efficiency even as the number of merged
experts increases.

Task-specific Routing

As shown in Figure 1(c), following the paradigm of previous
LLM ensemble methods (Liu et al. 2024), we employ a task-
specific router to determine which expert to activate and re-
construct for a given query. To train this router efficiently, we

operate under the assumption that an expert will perform op-
timally on queries that originate from its fine-tuning dataset.
To implement this, we sample a set of queries ) from the
datasets of various tasks, using the originating task classes
(e.g., code, math, instruction, Chinese) as the label Y. The
optimization process for training the router is then defined
as follows:

Z* = argmin Z
(,9)€(Q,Y)

—y-log(Z(qg,m))  (6)

In this equation, Z(q,m) calculates the probability that ex-
pert m is the most suitable for handling query ¢, based
on the learned task-specific affinities. Once this model is
trained, the arrival of a new query triggers the task-specific
router, which employs the optimized function Z* to deter-
mine which expert should be activated. This process en-
sures that each query is handled by the expert most likely
to achieve the best performance, thereby enhancing overall
efficiency and effectiveness.

Experiments
Experimental Setting

Test datasets. To evaluate the performance of merging, we
report accuracy on several benchmarks across different do-
mains: CommonSenseQA (Talmor et al. 2019) and Trivi-
aQA (Joshi et al. 2017) for the instruction, GSM8K (Cobbe
et al. 2021) and MATH (Hendrycks et al. 2021b) for the
mathematics, HumanEval (Chen et al. 2021) and MBPP
(Austin et al. 2021) for the code, and CEval (Huang et al.
2024) and CMMLU (Li et al. 2023) for the Chinese. Besides,
we evaluate the merged model with the task-specific router
on several general task benchmarks: MMLU (Hendrycks
et al. 2021a), CMMLU, and AGIEval (Zhong et al. 2024).
We use the OpenCompass toolbox (Contributors 2023) to
evaluate all datasets.

Implementation details. For model merging, we cluster the
expert weights into several groups. Subsequently, we use the
commonly used model merging algorithms from MergeKit
(Goddard et al. 2024) to merge the parameters in the same
group: (1) DARE-CM, we randomly prune 30% of the delta
parameters for each expert before merging. (2) TIES-CM,
we prune 30% of the delta parameters based on their mag-
nitude and sign for each expert before merging. A in Eq. (3)
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(%) (%)

Model Total Activate ‘ AGIEval (%) 1 MMLU+CMMLU (%) 1
Param. (B) Param. (B) ‘ Chinese English Gaokao Avg. | Humanities Social Stem  Other Chinese Avg.
Dolphin-2.2.1-Mistral-7B 6.7 6.7 32.30 39.21 34.84 3545 56.26 59.61 44.63 5776 4180  52.01
MetaMath-Mistral-7B 6.7 6.7 31.65 37.63 3453  34.60 54.91 58.615 43.675 57.35 40.3 50.97
Speechless-Code-Mistral-7b-V1.0 6.7 6.7 32.53 39.16 35.890 3586 55.67 59.67 4436 57.89 4030 51.58
Chinese-Mistral-7B-Instruct-v0.1 6.7 6.7 36.10 37.09 37.30  36.75 56.30 49.95 51.65 56.75 46.80  52.29
BYOM + router 14.7 6.7 35.51 37.93 3941  37.62 57.86 61.83 50.03 5597 46.08 54.35
Model Ensemble + router 26.8 6.7 36.10 39.21 39.44  38.25 58.30 60.32  51.72 57.04 4480 54.43
DARE-CM + router (Ours) 14.3 6.7 35.99 38.49 39.57 38.01 58.29 62.51 46.14 5949 4569 5442

Table 3: Comparison of general tasks across multiple domains. ”Total Param.” and ”Activate Param.” refer to the total number

and the activated number of parameters, respectively.

. - i
Granularity ‘ Instruction Expert (%) 1 Math Expert (%) 1 Code Expert (%) T Chinese Expert (%) 1

| CommonSenseQA  TriviaQA  Avg. | GSMS8K Math ~ Avg. | HumanEval MBPP Avg. | CMMLU CEVAL  Avg.

Channel 75.27 6449  69.88 | 70.05 19.89 44.95 4513 43.00 44.01 | 4841 47.69  48.05

Layer 74.85 63.80 6933 | 67.70 1826 4298 4328 4133 4231 | 4845 4753  47.99

Model 75.61 6120 6841 | 6620 1520 407 40.25 4020 4023 | 4738 4720 47.29

Table 4: Experimental results on different merging granularities.

is set to 0.5. Unless otherwise specified, we define the num-
ber of groups as two. The detail of model candidates can be
found in Appendix. The merging experiments can be done
on only a single A100 GPU. To fairly assess the performance
loss due to model merging, we only activate the correspond-
ing expert for each task during downstream task testing. For
general tasks, we use a task-specific router to activate dif-
ferent experts based on the task requirements. We show the
detail of the task-specific router in Appendix.

Contenders. For the one-size-fit-all merging strategy, we
compare with DARE (Yu et al. 2024) and TIES (Yadav et al.
2024) which use the same post-pruning strategy as we men-
tioned in implementation details and merge all experts into
one model. For the partial merging strategy, we compare our
method with BYOM (Jiang et al. 2023b), which retains the
top 30% of parameters by magnitude for each expert and
merges the remaining parameters into one group.

Main Results

Downstream tasks. To assess the necessity of channel-level
merging, we conduct experiments across various down-
stream tasks to compare different merging methods, with
and without the incorporation of channel merging. We use
unmerged-downstream models as our baseline to establish
a clear performance benchmark. The results, as shown in
Table 2, highlight the effectiveness of channel-level merg-
ing. For example, in the Instruction Expert tasks, DARE-
CM improves performance significantly, achieving an aver-
age score of 69.88%, compared to 62.89% with the model-
level DARE. This represents a substantial 6.99% increase in
performance, underscoring the reduced performance degra-
dation offered by our channel-level approach. Similarly, in
the Code Expert tasks, DARE-CM scored 44.01% on av-
erage, outperforming DARE by 7.31%. When comparing
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DARE-CM to BYOM, we observe that DARE-CM consis-
tently outperforms BYOM across various metrics. For in-
stance, in the Math Expert tasks, DARE-CM achieves an av-
erage score of 44.95%, compared to BYOM’s 41.02%. No-
tably, our DARE-CM yields the most optimal results, main-
taining performance levels close to or even surpassing the
baseline in specialized tasks such as Instruction and Chi-
nese tasks. These findings demonstrate that our method not
only mitigates the performance loss but can also enhance the
model’s effectiveness in handling domain-specific queries.
We also compare the performance metrics with and with-
out the use of the trained router on DARE-CM. The results
in Table 2 clearly demonstrate that the router’s deployment
maintains the effectiveness of our model.

General tasks. Given that the goal of model merging is to
achieve a more versatile model, we integrate our merged
models DARE-CM with a task-specific router and com-
pare their performance on general tasks against the un-
merged baseline models. As indicated in Table 3, these
benchmarks encompass a variety of tasks including those in
Chinese, English, mathematics, and coding. Consequently,
Channel Merging combined with the router consistently
outperforms the separate unmerged models. For example,
Channel Merging exhibited a 1.26% higher average ac-
curacy over the Chinese-Mistral-7B-Instruct-v0.1 in the
AGIEval benchmark, and a 2.13% improvement in the com-
bined MMLU+CMMLU benchmarks. Moreover, we find
that DARE-CM can surpass BYOM in several benchmarks.
For instance, in the AGIEval and MMLU+CMMLU bench-
marks, DARE-CM + router achieves an average score of
38.01% and 54.42%, notably higher than the 37.62% and
37.62% of BYOM + router, respectively. When compared
to the traditional model ensemble with the router, Channel
Merging achieves comparable outcomes across all bench-



Cluster Method ‘ Instruction Expert (%) 1 Math Expert (%) 1 Code Expert (%) 1 Chinese Expert (%) 1
| CommonSenseQA ~ TriviaQA  Avg. | GSMS8K Math  Avg. | HumanEval MBPP Avg. | CMMLU CEVAL  Avg.
KMeans 75.27 64.49 69.88 70.05 19.89 44.95 45.13 43.00 44.01 48.41 47.69  48.05
Random 75.01 63.45 69.23 68.84 19.07 43.96 44.21 41.00 42.61 47.82 46.05 46.94
Sign 75.93 64.96 70.45 68.69 19.73 44.21 45.01 42.1 43.56 48.09 47.93 48.01
Table 5: Experimental results on different cluster methods.
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Figure 4: Experimental results on four different task categories as the number of experts varies from one to six. ’Channel’ and
’Model’ represent the accuracy achieved with channel-level and model-level merging, respectively.

marks, requiring only 53% of the parameter used by tradi-
tional methods.

Ablation Studies

Merging granularities. A key distinction of our Chan-
nel Merging approach compared to other merging meth-
ods lies in the granularity at which the merge is exe-
cuted—specifically, at the channel level. To assess the im-
pact of different merging granularities on model perfor-
mance, we conducted an ablation study. This study involved
merging operations at three different levels: Channel, Layer,
and the entire Model, with subsequent performance evalu-
ation on downstream tasks. As shown in Table 4, channel-
level merging outperformed both layer-level and model-
level merging across various tasks, achieving the highest av-
erage performance metrics. This suggests that finer granular-
ity in merging helps to reduce parameter conflicts, thereby
preserving more of the downstream task performance.

The sensitivity to the merged experts number. To explore
how the number of experts influences the effectiveness of
Channel Merging, we carry out experiments that assessed
the performance across various downstream tasks when in-
tegrating varying numbers of expert models. We expand our
set of candidate models to include Hercules-2.5-Mistral-7B
and CollectiveCognition-v1.1-Mistral-7B, allowing for the
integration of up to six experts. Additionally, we compare
channel-level merging with results from model-level merg-
ing. The experimental results, as depicted in the figures,
show that, in contrast to model-level merging, channel-level
merging exhibits a markedly slower rate of performance
degradation as the number of merged experts increases, par-
ticularly in tasks involving mathematic reasoning and code
generation.

The effect of clustering methods. To validate the appro-
priateness of using the KMeans method for clustering chan-
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nel parameters, we compare its impact on experimental re-
sults with two alternative clustering strategies: (1) Random,
where channels are grouped randomly, and (2) Sign (Yadav
et al. 2024), where parameters are grouped based on having
the same sign. The results, as shown in Table 5, reveal that
both KMeans and Sign clustering significantly outperform
the random grouping method. This indicates that logically
group parameters (either by minimizing intra-cluster vari-
ance in KMeans or aligning parameter signs) lead to better
performance than arbitrary grouping.

Conclusion

In this paper, we introduced Channel Merging, a novel strat-
egy designed to enhance the efficiency and performance of
merging LLMs specialized in various tasks. By clustering
and merging channel parameters based on their similari-
ties, Channel Merging mitigates the parameter conflicts as-
sociated with traditional one-size-fits-all merging methods.
Through extensive experiments, we have demonstrated that
Channel Merging achieves comparable performance to un-
merged experts in tasks such as English reasoning, mathe-
matical reasoning, code generation, and Chinese reasoning.
Additionally, when integrated with a task-specific router,
Channel Merging outperforms traditional ensemble methods
in general tasks while requiring only 53% of the parameters,
showcasing significant improvements in both performance
and storage efficiency.

Limitation and future work. Channel Merging requires
that the experts to be merged are fine-tuned from the same
pretrained model. Additionally, compared to one-size-fits-all
approaches, Channel Merging may increase the parameters
of the merged model. In future work, we plan to explore fur-
ther compression of the merged model’s parameter size by
setting different groups for each layer.
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