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Abstract

Recent studies integrate Low-Rank Adaptation
(LoRA) and Mixture-of-Experts (MoE) to fur-
ther enhance the performance of parameter-
efficient fine-tuning (PEFT) methods in Large
Language Model (LLM) applications. Exist-
ing methods employ homogeneous MoE-LoRA
architectures composed of LoRA experts with
either similar or identical structures and capac-
ities. However, these approaches often suf-
fer from representation collapse and expert
load imbalance, which negatively impact the
potential of LLMs. To address these chal-
lenges, we propose a heterogeneous Mixture-
of-Adapters (MoA) approach. This method dy-
namically integrates PEFT adapter experts with
diverse structures, leveraging their complemen-
tary representational capabilities to foster ex-
pert specialization, thereby enhancing the effec-
tive transfer of pre-trained knowledge to down-
stream tasks. MoA supports two variants: (i)
Soft MoA achieves fine-grained integration by
performing a weighted fusion of all expert out-
puts; (ii) Sparse MoA activates adapter experts
sparsely based on their contribution, achieving
this with negligible performance degradation.
Experimental results demonstrate that heteroge-
neous MoA outperforms homogeneous MoE-
LoRA methods in both performance and pa-
rameter efficiency. Our project is available at
https://github.com/DCDml1m/MoA.

1 Introduction

The rapid development of Large Language Models
(LLMs) (Achiam et al., 2023; Yang et al., 2025;
Grattafiori et al., 2024a) is reshaping the field of
NLP, demonstrating cross-domain generalization
capabilities across a wide range of tasks. How-
ever, as model sizes continue to grow, the com-
putational, storage, and deployment costs of tra-
ditional full fine-tuning methods increasingly be-
come bottlenecks in practical applications. As a
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result, parameter-efficient fine-tuning (PEFT) meth-
ods (Houlsby et al., 2019; He et al., 2022; Li and
Liang, 2021; Lester et al., 2021; Zhang et al., 2024;
Han et al., 2024; Lin et al., 2025) are emerging as
a key research direction for adapting LLMs. These
methods introduce a small number of trainable,
lightweight adapter modules on top of frozen pre-
trained weights. By doing so, they effectively guide
the activation and adjustment of the model’s exist-
ing knowledge representations while maintaining
low overhead, enabling fast transfer and adaptation
to specific downstream tasks.

The Low-Rank Adaptation (LoRA) method (Hu
et al., 2021) reparameterizes weight matrices with
low-rank decomposition, enabling the approxima-
tion of full fine-tuning using only a small number
of trainable parameters. However, increasing the
rank does not consistently improve performance,
as the representational capacity of LoRA tends to
saturate (Chen et al., 2022; Zhu et al., 2023). To
overcome this limitation, recent methods integrate
LoRA into the Mixture-of-Experts (MoE) architec-
ture (Shazeer et al., 2017), giving rise to the MoE-
LoRA framework (Zadouri et al., 2023; Zhu et al.,
2023). In this setup, multiple structurally identical
LoRA experts are dynamically routed at the token
level via a learnable routing mechanism, thereby
enhancing the model’s adaptability to diverse in-
puts and increasing its representational flexibility.

Although MoE-LoRA hybrids enhance represen-
tational capacity by introducing multiple LoRA
experts, their homogeneous design causes the ex-
perts to tend toward learning similar representa-
tions during training, leading to representation
collapse (Chi et al., 2022; Wang et al., 2024; Lin
et al., 2024). This undermines expert diversity
and specialization. Moreover, the dynamic routing
mechanism is prone to expert load imbalance in
homogeneous architectures, where a few initially
well-performing experts consistently receive the
majority of tokens, suppressing the participation
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Figure 1: MoA architecture with heterogeneous PEFT adapters. It is worth noting that in Sparse MoA, the Prompt
Tuning module is deactivated due to its non-token-level activation mechanism.

of other experts. These mechanisms ultimately re-
sult in redundant experts (Zhou et al., 2022), which
limit the expressiveness of the model and reduce
the efficiency of resource utilization.

Based on the above analysis, we posit that the
representational convergence of homogeneous ex-
perts may limit the performance ceiling of PEFT
methods. To address the issues of redundant ex-
perts and load imbalance in MoE-LoRA, we pro-
pose a Mixture-of-Adapters (MoA) approach
with heterogeneous structures (Figure 1). MoA con-
sists of PEFT adapter experts with diverse architec-
tural forms and employs token-level dynamic rout-
ing to activate experts on demand. By leveraging
the complementary representational capacities of
different structures, MoA promotes expert special-
ization through functional differentiation among
experts. This mechanism enables more refined uti-
lization of pre-trained knowledge and enhances the
ability of models to transfer and generalize across
diverse downstream tasks. Our main contributions
are as follows:

(i) We propose MoA based on heterogeneous
experts, which constructs adapters with comple-
mentary representational capacities by integrating
structurally diverse PEFT modules. This effectively
enhances expert specialization, mitigating the is-
sue of expert redundancy commonly observed in
traditional MoE-LoRA architectures. In addition,
MoA achieves efficient adaptation to downstream
tasks using fewer trainable parameters, fully lever-
aging the knowledge representations embedded in
the pre-trained model.

(ii) Building on this foundation, we further de-
sign two variants: Soft MoA and Sparse MoA.
In Sparse MoA, a threshold function dynamically
selects active experts that valuable contribute to the

current input. This reduces redundant computation
while enabling the model to engage more experts
for critical tokens, thereby improving representa-
tional capacity.

(iii) We systematically evaluate the architectural
advantages and practical effectiveness of MoA
across multiple tasks. Experimental results show
that MoA significantly outperforms SoTA MoE-
LoRA methods in GPU memory usage, training
efficiency, and inference speed. Moreover, it
achieves higher parameter efficiency and knowl-
edge transfer capability while maintaining or
even improving downstream performance.

2 Related Works
2.1 Parameter-Efficient MoE

In non-PEFT scenarios, standard sparse MoE
(Shazeer et al., 2017; Fedus et al., 2022; Jiang
et al., 2024) architectures must employ discrete
top-k routing strategies to reduce computational
overhead. In contrast, under PEFT settings, where
PEFT experts occupy significantly less parameters
than the pre-trained LLMSs, it becomes feasible
to compute a soft-weighted output by averaging
experts’ predictions according to the router’s distri-
bution. Thus, we categorize PEFT-based MoE into
two paradigms: sparse parameter efficient MoE
and soft-weighted parameter efficient MoE.

Sparse parameter efficient MoE Building on
the demonstrated superiority of standard sparse
MoE architectures, recent works has integrated
sparse MoE with parameter-efficient fine-tuning
(PEFT) methods to enhance resource-constrained
adaptation performance. Most of these approaches
are based on LoRA, leveraging its superior effi-
cacy in parameter-efficient adaptation as a foun-
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dational component. SiRA (Zhu et al., 2023) en-
forces top-k experts routing with per-expert capac-
ity constraints, limiting the maximum tokens each
expert processes, and uses dropout to the gating net-
work to mitigate overfitting. MoELoRA (Luo et al.,
2024) employs contrastive learning to encourage
experts to learn different features, thus mitigating
the random routing phenomenon observed in MoE.
To reduce redundancy, MoLA (Gao et al., 2024) ex-
plores layer-wise expert redundancy by assigning
a different number of LoRA experts to each Trans-
former layer, revealing that the lower layers exhibit
higher redundancy in the sparse MoE-LoRA frame-
works. Advancing this line, AdaMoLE (Liu and
Luo, 2024) dynamically adjusts the activation of
LoRA experts for each input token via a threshold
network integrated into the top-k routing.

Soft-weighted parameter efficient MoE
MoLoRA (Zadouri et al., 2023) proposes a soft-
weighted MoE-LoRA method with a token-level
routing strategy. LoRAMOE (Dou et al., 2024)
integrates LoRA experts using a linear router to
alleviate the forgetting of the world knowledge
previously stored in LLMs. MOLE (Wu et al.,
2024) proposes to efficiently compose multiple
trained LoRAs while preserving all their charac-
teristics by training only the router within each
layer. HydralLoRA (Tian et al., 2024) introduces
an asymmetric structure with a shared matrix,
further enhancing parameter efficiency compared
to other MoE-LoRA methods. Diverging from
methods that ensemble the outputs of individual
experts, certain approaches such as AdaMix (Wang
et al., 2022), SMEAR (Mugeeth et al., 2024), and
MoV (Zadouri et al., 2023) adopt a strategy of first
merging expert parameters via routing, followed
by computation using the merged parameters. This
aims to reduce computational overhead.

2.2 Heterogeneous MoE

AutoMoE (Jawahar et al., 2023) employs the neural
architecture search to obtain heterogeneous MoE
subnetworks from original FEN experts on a small-
scale MoE model that utilizes the top-1 routing
strategy. HMoE (Wang et al., 2024) constructs het-
erogeneous experts by varying the dimensions of
FFN experts, thereby endowing them with diverse
capacities. UNIPEFT (Mao et al., 2022) employs
distinct gated networks for various PEFT methods
in instance-level to adapt to different examples.

3 Method

Homogeneous MoE methods inherently suffer
from the representation collapse and load imbal-
ance issues, fundamentally stemming from their
experts’ identical structures and capacities, which
lead to insufficient specialization of individual ex-
perts. To address this, we construct inherently het-
erogeneous MoE experts leveraging structurally
diverse and positionally varied PEFT adapters for
each Transformer block.

LoRA, Parallel Adapter, and Prompt Tuning ap-
proaches can be simplified into a unified view (He
et al., 2022):

h =F(x)+ E(x), (1)

where F'(x) denotes the transformer module to
which the corresponding PEFT Adapter E is ap-
plied. Our selection of heterogeneous PEFT ex-
perts comprises LoRA (Hu et al., 2021), Parallel
Adapters (He et al., 2022), and the zero-initialized
Prompt Tuning (Zhang et al., 2023), the details of
these methods and the unified view are shown in
Appendix A.

3.1 Soft MoA

In each transformer layer, our Soft MoA com-
prises a soft-weighted router R and a set of experts
{E1, Ea,...,E,} that are composed of PEFT
adapters of different types and placements. Our
router network commonly consists of a dense layer
with trainable weights W, € R4*" followed by a
sigmoid function which takes an intermediate to-
ken representation x as input and output weights
R(x) for experts:

R(x) = Sigmoid(W ). )

Then, each expert’s weight R(x); is applied to its
output E;(x), controlling the influence of expert
FE; in that transformer layer:

Unlike previous MoE methods (Zadouri et al.,
2023; Dou et al., 2024), our MoA leverages hetero-
geneous experts of various types within the Trans-
former module to process each token. Due to the
diverse characteristics and capacities of these het-
erogeneous experts, MoA neither suffer from the
representation collapse problem nor need a load-
balancing loss. Moreover, MoA employs a sig-
moid function in the router, rather than the tra-
ditional softmax activation used in conventional
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MOoE (Shazeer et al., 2017; Fedus et al., 2022), en-
couraging cooperation among experts instead of
competition and fully capitalizing on their unique
specializations.

3.2 Sparse MoA

Methods based on soft-weighted routing, including
MoA and other MoE approaches (Zadouri et al.,
2023; Dou et al., 2024; Mugeeth et al., 2024),
require computing experts F; even when their
weights R(x); ~ 0, despite negligible contribu-
tions to outputs, resulting in unnecessary computa-
tional overhead and time consumption. To address
this issue, we propose Sparse MoA, which dynami-
cally computes only the necessary experts, thereby
avoiding the computation of low-contributing ones.

To implement sparse MoA, a straightforward ap-
proach is to apply a fixed threshold I' to the experts’
weights. An expert F; is activated for computation
if and only if its weight satisfies R(x); > T', where
unselected experts are entirely excluded from the
computational graph, thus eliminating redundant
computations. The detailed computation is defined
as follows:

h— {Fi<w> + R(@)iFi(x)

if R(x); > T,
otherwise.
4

Note that when the expert F; is selected, its weight
R(x); is still used to control its influence. The
threshold-based approach can activate varying num-
bers of heterogeneous experts for each token, dy-
namically adapting to the current task and data.

However, due to the varying semantic impor-
tance of tokens in contexts (Xia et al., 2025), as-
signing token-specific thresholds can more effec-
tively harness multi-expert collaboration: lower
thresholds for critical tokens promote broader ex-
pert engagement, while higher thresholds for less
critical tokens restrict processing to fewer special-
ized experts. Inspired by AdaMoLE (Liu and Luo,
2024), we replace fixed thresholds with a learnable
threshold function. Specifically, the threshold for
each token is calculated via a linear layer followed
by a sigmoid activation:

I = e Sigmoid( Wiz + br),  (5)

where WL € R?! and br € R! are trainable
parameters, I';,,, is a hyperparameter that defines
the upper bound of threshold value.

As the core objective of PEFT methods is to fully
leverage LLMs’ pre-trained knowledge and capa-

bilities via adapters for downstream tasks (Ghosh
et al., 2024), Sparse MoA enhances this efficiency
by adaptively activating diverse combinations of
heterogeneous experts. Moreover, Sparse MoA
adjusts the number of participating experts based
on the contextual importance of tokens, thereby
mitigating redundant expert computations. In ex-
treme cases where certain tokens require no expert
intervention and can be processed solely by the
frozen LLM, Sparse MoA deactivates all experts,
thus maximizing computational efficiency.

Notably, due to its computational mechanism,
Prompt Tuning does not facilitate token-level ex-
pert allocation within a batch. Consequently,
Prompt Tuning experts are not included in our
Sparse MoA framework.

4 Experiments

4.1 Datasets

We conduct extensive experiments and analyses on
mathematical and commonsense reasoning tasks.
Details for code generation tasks are provided in
Appendix B.4. For mathematical reasoning, we
evaluate performance on six test datasets: GSM8K
(Cobbe et al., 2021), SVAMP (Patel et al., 2021),
MultiArith (Roy and Roth, 2016), AddSub (Hos-
seini et al., 2014), AQuA (Ling et al., 2017), and
SingleEq (Koncel-Kedziorski et al., 2015). The
training dataset is Math14K constructed by (Hu
et al., 2023), which includes the training sets of
GSMS8K and AQuA, augmented with rationales
generated by ChatGPT and GPT-4. For common-
sense reasoning, we test on eight datasets: BoolQ
(Clark et al., 2019), PIQA (Bisk et al., 2020), SIQA
(Sap et al., 2019), HellaSwag, WinoGrande (Sak-
aguchi et al., 2021), ARC Challenge (ARC-c),
ARC Easy (ARC-e) (Chollet, 2019), and OBQA
(Mihaylov et al., 2018). The training dataset for
commonsense reasoning, Commonsensel5K, is
sampled from Commonsensel 70K (Hu et al., 2023)
which comprises eight training sets.

4.2 Baseline Models

To validate the efficacy of our method, we com-
pare it against: (i) the standard LoRA(Hu et al.,
2021); (ii) SoTA soft-weighted parameter-efficient
MoE methods: MoLoRA (Zadouri et al., 2023) and
HydralLoRA (Tian et al., 2024); (iii) SOTA sparse
parameter-efficient MoE approaches: MoLA (Gao
et al., 2024) and AdaMoLE (Liu and Luo, 2024);
(iv) other LoRA-based methods DenselLora (Mu
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Models AddSub AQuA GSMS8k  MultiArith  SingleEq SVAMP Average Param
LoRA 87.6841.14 36.7540.99 76.144088 96.2840.79 96.98+0.30 81.27+0.45 79.1840.26 23.06M
MOLORA 91.73;|;1A02 38.06i1,86 77~46j:0,68 99.33;|;OA17 97‘18:5:041 8177:5:068 80.92i0A19 100. 14M
HydraLoRA 91.2240.15 39.114917 77.514059 99.1740.33 96.85+0.34 81.8710.25 80.951028 45.09M
MoLA 90.461+0.53 39.37.,g9 77.6lioe61 98.9410.19 97.051020 82.27+060 80.951+0.14 100.14M
AdaMoLE 90.97+0.53 40.03+237 77.5140.27 98334205 97.3140.30 82404050 81.0940.78 101.12M
FlyLORA 89.45:5‘83 34.65j:0.68 77.46j:1,10 9711:&:067 96‘52:5:0‘93 82.87:}:064 79.68i0A63 23.06M
Soft MoA 92.241089 3898+157 78.01,,,5 98941051 97.441071 83.431055 81.511035 24.52M
Sparse MoA  91.90, 44 38.064227 78.09+095 99.17,,,, 97.31,,,5 82.70,,, 81.20,,,, 22.29M

Table 1: Experiment results on mathematical reasoning benchmarks. The evaluation metric is accuracy. All methods
are run with three random seeds; mean and standard deviation are reported. “Param” indicates trainable parameters.

Models BoolQ PIQA SIQA HellaSwag WinoGrande ARC-C ARC-E OBQA Average Param

LoRA 72.9410.29 86.2240.64 78.78+0.64 86.344+1 37 80.014+71.87 82.08+0.51 92.63+0.98 86.934+0.81 83.24+0.58 23.06M
MoLoRA  73.8910.77 87.3240.73 78.9810.96 88.52 1 58 82.1140.41 84.8441.04 93.4510.45 87.33+0.99 84.56+0.58 100.14M
HydraLoRA 73.524.0.25 86.65+0.65 79.17+0.42 87.46+1.00 82.304+0.39 83.87+0.45 93.284+0.49 86.73+1.50 84.09+0.31 45.09M
MoLA 73.1940.42 87.0140.44 79.3240.75 87.60+0.67 82.53 19 90 834.95+0.42 93.3540.33 87.60+0.92 84.45+0.22 100.14M
AdaMoLE 73.60+0.37 88.08 (g1 79.7240.4888.7010.65 81.2941.14 85.0410.81 93.27+0.19 89.13 (g1 84.85, 5; 101.12M
Soft MoA  72.8640.40 88.0810.55 79.32 4 o 79 87.8240.44 83.03+0.70 85.8410.31 93.49  ( 46 89.27.10.5084.96 (.96 24.52M
Sparse MOAMiO.Bl 87.36i0,27 78.51i0‘23 87.97i0,24 81.66i0A91 Mio.lS 93.53i0A09 88.67i0,58 84.62i0‘09 22.29M

Table 2: Experiment results on commonsense reasoning benchmarks. The evaluation metric is accuracy.

et al., 2025) and FlyLoRA (Zou et al.).

4.3 Experiment Settings

Our experiments use the LLaMA3.1-8B model
(Grattafiori et al., 2024b), Qwen3-8B model, and
the larger Qwen3-14B model (Yang et al., 2025).
To ensure fair comparisons, we apply identical con-
figurations to all LoRA-based methods: LoRA
is inserted into four weight matrices in the self-
attention module (W,, W}, W,, W,) and one in
the FFN module (W4own). For our MoA methods
and all MoE-LoRA baselines, we set the number
of experts to 8, with both the rank and alpha fixed
at 8. To ensure a fair comparison with our MoA
methods, we adjust the ranks of LoRA, FlyLoRA,
and DenseLLoRA to 16, 32, and 256, respectively,
to maintain an equivalent number of trainable pa-
rameters. MoA integrates 7 heterogeneous experts,
including five LoORA modules, parallel adapters in
the FFN layer, and a zero-initialized prompt-tuning
module. The bottleneck dimension of the paral-
lel adapter is set to 16, and the prompt length to
10. We use the AdamW optimizer with a learning
rate of 6e-3. For commonsense reasoning, input
sequences are truncated to 200 tokens; for mathe-
matical reasoning, to 300 tokens. All models are
trained on A6000-48G GPUs.

The experimental results on Qwen3-8B and the
larger Qwen3-14B are given in the appendix B.3.

4.4 Experiment Results

As shown in Tables 1 and 2, Soft MoA and Sparse
MoA consistently outperform homogeneous MoE-
LoRA baselines on both mathematical and com-
monsense reasoning tasks. Soft MoA achieves the
highest accuracy on math benchmarks (81.51%)
with only 24.52M trainable parameters—nearly 4x
fewer than AdaMoLE and MoLoRA. Sparse MoA
delivers strong performance (81.20% math, 84.62%
commonsense) with the smallest parameter count
(22.29M), surpassing all other methods in mathe-
matical accuracy. These results demonstrate that
heterogeneous experts in MoA enhance both per-
formance and efficiency, effectively addressing
redundancy in existing MoE-LoRA designs.

S Ablation Study
5.1 Ablation Study on Soft MoA Components

The token-level soft-weighted router effectively
leverages the distinct characteristics of heteroge-
neous experts. Table 3 shows the performance of
individual PEFT methods and their naive combina-
tion on two reasoning tasks. Among the three stan-
dalone PEFT methods, LoRA achieves the high-
est accuracy. Notably, the naive composition of
these three PEFT methods degrades performance,
failing to effectively leverage the functionalities
of diverse experts. In contrast, our Soft MoA in-
tegrates seven heterogeneous experts via a token-
level router, achieving significant improvements
over standalone LoRA (+2.33 on mathematical rea-
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Figure 2: Comparison of different models under identical batch sizes (1* 48G GPU): (a) Training time per epoch,
(b) GPU memory consumption during training, and (c) Average inference time per sample.

Modules Router Commonsense Math
Prompt-tuning x 78.03 78.06
Parallel Adapter (PA) x 81.62 79.20
LoRA x 83.24 79.18
LoRA Sigmoid R 84.23 80.50
LoRA-+Prompt+PA X 81.58 78.28
LoRA+Prompt+PA  Softmax R 84.16 80.21
Soft MoA Sigmoid R 84.96 81.51

Table 3: Ablation study of each type of PEFT expert
and the activation function of the Router in MoA.

soning, +1.72 on commonsense reasoning). This
demonstrates that Soft MoA’s router dynamically
assigns experts based on token-specific contex-
tual demands, fully exploiting the complementary
strengths of these structurally diverse modules.

The sigmoid activation function outperforms
softmax in the MoA router. Conventional MoE
methods with homogeneous experts typically use
routers with softmax activation, which enforces
weight trade-offs over experts (3, R(x); = 1).
For comparison, we replaced the sigmoid func-
tion with softmax in our framework. As shown
in Table 3, while the softmax-based router im-
proves upon standalone LoRA and the naive com-
position, it underperforms MoA equipped with a
sigmoid router. This indicates a fundamental op-
erational difference: homogeneous MoE experts
function within a competitive paradigm, whereas
MoA’s heterogeneous experts leverage collabora-
tive computation (sigmoid permits non-exclusive
activation). The sigmoid router dynamically scales
expert contributions - enabling full-capacity col-
laboration (R(x); ~ 1 for all experts) or complete
deactivation (R(x); ~ 0)—thereby maximizing
the utility of architectural diversity.

The five LoORA modules contribute the most,
while the Parallel Adapter and Prompt Tuning

further improve performance. The superior per-
formance of LoORA over Prompt-tuning and Parallel
Adapter, combined with its inherent inclusion of
positionally diverse expert modules, motivated our
extension of LoRA’s multi-module experts with a
token-level router. While this adaptation yielded
significant improvements over standalone LoRA
(e.g., +1.32 on mathematical reasoning), it under-
performed the full MoA (-1.01), highlighting two
critical insights: 1. MoA’s primary strength derives
from leveraging multiple LoORA modules as hetero-
geneous experts. 2. The distinct mechanisms of
Prompt Tuning and Parallel Adapter further com-
plement these LoRA-based experts.

6 In-depth Analysis

6.1 Efficiency Comparison

To systematically compare the differences between
Soft MoA, Sparse MoA, and baseline methods, Fig-
ure 2 presents the training time per epoch, GPU
memory requirements, and average inference la-
tency per sample under identical configurations
(single GPU setup, fixed batch size (BS)).

As shown in Figure 2(a), under identical batch
size conditions (BS=2), both Soft MoA and Sparse
MOoA require significantly less training time com-
pared to other MoE methods. Notably, Soft
MOoA achieves less than half the training time of
MoLoRA and HydralLoRA. This efficiency ad-
vantage stems not only from reduced parameter
counts but also from architectural optimizations -
for instance, while HydraLoRA contains half the
parameters of MoLoRA, their training times re-
main comparable. Sparse MoE methods (MoLA
and AdaMoLE) exhibit nearly double the training
time of MoLoRA despite having the same param-
eter counts. This discrepancy occurs because, un-
like traditional MoE approaches, PEFT-based MoE
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Figure 3: Comparison of router weight distributions between Soft MoA and AdaMoLE on the BoolQ test set under
different random seeds. The MoA method exhibits strong consistency, whereas AdaMoLE does not.

methods feature experts with significantly fewer
parameters and computations relative to the frozen
LLM backbone; besides, the sparse token-to-expert
routing process within each batch brings additional
computational overhead. This phenomenon is also
observable between Soft MoA and Sparse MoA.
However, as the batch size increases (e.g., BS=8 in
Figure 2(a)), two key effects emerge: (i) the sparse
per-batch routing overhead becomes relatively less
significant, and (ii) the reduction strategy of redun-
dant expert computation in Sparse MoA becomes
more effective, ultimately causing its training time
to converge with Soft MoA’s.

As shown in Figure 2(b), both Soft MoA and
Sparse MoA maintain memory requirements com-
parable to LoRA, with Sparse MoA demonstrat-
ing additional memory efficiency through its dy-
namic threshold function that selectively activates
experts per token. This advantage becomes more
pronounced at larger batch sizes - for instance, at
BS=8, Sparse MoA reduces memory consumption
by 3.86GB compared to Soft MoA. Figure 2(c) re-
veals that the inference latency of both Soft MoA
and Sparse MoA approaches that of standalone
LoRA, while maintaining significant advantages
over other MoE methods.

In summary, both MoA variants demonstrate no-

table advantages over MoE-LoRA methods across
training time, GPU memory usage, and inference
latency, nearing the performance of LoRA. Specifi-
cally:(i) Sparse MoA exhibits superior memory ef-
ficiency compared to Soft MoA through its sparse
token-to-expert routing strategy. (ii) The memory
and computational benefits of Sparse MoA scale
favorably with increasing batch size, making it par-
ticularly well-suited for resource-intensive applica-
tions.

6.2 Difference between MoA and MoE

The heterogeneous experts in the MoA method
ensure expert specialization. As shown in Fig-
ure 3, we compare the expert weight distributions
across 32 Transformer layers on 50 test samples for
Soft MoA and AdaMoLE, trained with different
random seeds. Soft MoA exhibits highly consistent
expert weight distributions across seeds, as illus-
trated in the first row. Experts in the lower 16 layers
tend to be more active than those in the upper lay-
ers. Among the experts, LORA(Q, K) and Prompt
experts show higher activation than LoRA(O, V,
Down) and the Parallel Adapter. This indicates that
MoA is capable of leveraging the distinct adapta-
tion capabilities of heterogeneous experts accord-
ing to their structural characteristics and positions
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Figure 4: Visualization of average router weights per layer for Soft MoA (left) and Sparse MoA (right) on ARC-
Challenge, averaged over tokens within 50 samples. Sparse MoA also includes the average per-layer threshold and
the average count of activated experts. The average count of activated experts across layers in Sparse MoA is 3.55.

within the model. In contrast, as shown in the
second row, AdaMoLE fails to exhibit such consis-
tency under different seeds, aligning with findings
from prior work such as HMoE (Wang et al., 2024),
which identifies under-specialization as a common
issue in homogeneous expert settings.

Inter-expert activation similarity. To analyze
the architectural differences between MoA and ho-
mogeneous MoE-LoRA, we measure expert spe-
cialization using the inter-expert activation stan-
dard deviation (o4¢). This metric is computed per
token across all layers and subsequently averaged.
A higher o,; indicates distinct expert specializa-
tion, whereas a lower value signifies "representa-
tion collapse”, a state where experts exhibit high
redundancy and respond nearly identically to in-
puts. The metric is defined as:

=1

where N is the number of experts, a; is the acti-
vation of expert F;, and a is the mean activation
across all experts.

Dataset Soft MoA Sparse MoA AdaMoLE MoLoRA

AddSub  0.2330 0.2769 0.0643 0.0553
BoolQ 0.2109 0.2412 0.0572 0.0424

Table 4: Comparison of Inter-expert Activation Stan-
dard Deviation (0,¢, T) among MoA, AdaMoLE, and
MoLoRA on the AddSub and BoolQ Datasets.

The results in Table 4 highlight a significant di-
vergence between MoA and the two homogeneous
MOoE-LoRA methods. The negligible inter-expert
activation standard deviation in AdaMoLE and
MoLoRA suggests representation collapse, where

experts fail to specialize. Conversely, MoA main-
tains a high degree of specialization, a benefit we
attribute to its heterogeneous expert architecture.

6.3 Expert Activation Comparison

Sparse MoA significantly reduces expert
computations with nearly no accuracy loss
relative to Soft MoA. Figures 4 and 5 (see
Appendix) present a comparison of expert activa-
tion weights between Soft MoA and Sparse MoA
on ARC-Challenge and GSMS8K datasets. The
distribution patterns of router weights for experts
exhibit notable similarities between Soft MoA
and Sparse MoA. However, Soft MoA activates
a fixed total number of experts per token, whereas
Sparse MoA employs a thresholding function
for selective expert activation. As illustrated in
Figure 4 (right), the average number of activated
experts in Sparse MoA drops to merely 1-2 in
certain intermediate layers. The average number of
activated experts across all layers is reduced from
6 to 3.55, reducing 40% expert computations with
a negligible accuracy drop of 0.3%.

7 Conclusion

We present MoA, a novel heterogeneous parameter-
efficient fine-tuning (PEFT) method that adapts
LLMs to downstream tasks using PEFT adapters
with diverse architectures and a minimal number
of trainable parameters. Comprehensive experi-
ments are conducted on commonsense and math-
ematical reasoning tasks, demonstrating that het-
erogeneous MoA outperforms the state-of-the-art
homogeneous MoE-LoRA approaches, exhibiting
superior performance in training time, inference
latency, and GPU memory consumption.

21063



Limitations

While our proposed Sparse MoA method reduces
GPU memory consumption compared to Soft MoA,
its training and inference times are longer at a small
batch size due to the additional computational over-
head of sparse token-to-expert routing, achieving
comparable or reduced time consumption only at
larger batch sizes. Furthermore, sparse routing
methods, including Sparse MoA, necessitate token-
to-expert assignment within a batch, thus limit-
ing support to PEFT Adapters where input tokens
within a sample can be computed independently.
Consequently, methods like zero-initialized Prompt
Tuning, where token computations within a sample
are interdependent, are not compatible with Sparse
MoA.
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A PEFT Methods And The Unified Form

LoRA (Hu et al., 2021): LoRA injects train-
able low-rank matrices into transformer layers
to approximate the weight updates. For a pre-
trained weight matrix W € R%**, LoRA repre-
sents its update with a low-rank decomposition
W +AW = W +W 4500 W up, where W g4, €
RAxr, W € R™>* are tunable parameters. For
a specific input x to the linear projection in the
transformer layer, the computation of LoRA is as
follows:

h=aW +a- oW goun W, (6)

where « is a scalar hyperparameter.

Parallel Adapter (He et al., 2022): Parallel
Adapters involve adding small adapter modules
in parallel to the Feed-Forward Network (FFN) or
Attention blocks within Transformer layers. The
adapter module is normally moulded by a two-layer
feed-forward neural network with a bottleneck: a
down-projection with W g5, € R?*" to project
the input @ to a lower-dimensional space specified
by bottleneck dimension r, followed by a nonlin-
ear activation function f(-), an up-projection with
W € R™4 to project back to the input size. The
parallel adapter can be defined as:

h = F(m) + f(deown)Wupa (7)

where F'(-) represents FFN or Attention block here.

Prompt tuning (Zhang et al., 2023): An ad-
vanced zero-initialized prompt tuning method adap-
tively incorporates instructional signals while pre-
serving the pre-trained knowledge in LLMs. In
each transformer layer, let P € R¥*9 denote the
learnable prompts, the zero-initialized prompt tun-
ing in the attention block computed as:

Q= :EWq, (8)

h = Attn(Q, W, xW )+
g - Atin(Q, PW ., PW,), (9)

where g is a learnable scalar for each head ini-
tialized with zero, W,, W, W, are frozen pre-
trained matix. Note that the first term in Equation 9
is the original attention without prompts; only the
second term includes trainable parameters.

Max Gamma Threshold Function Math

0.2 x 81.22
0.5 x 80.92
0.8 X 78.58
0.2 v 81.24
0.5 v 81.51
0.8 v 81.36
1 v 80.61

Table 5: Comparative performance of fixed-threshold
baseline and threshold function in Sparse MoA under
varying hyperparameters I'y.

The unified form: As demonstrated above,
LoRA, Parallel Adapter, and Prompt Tuning ap-
proaches can be simplified into a unified form:

h = F(z)+ E(x), (10)

where F'(x) denotes the transformer module to
which the corresponding PEFT Adapter E is ap-
plied.

B Additional Experiments and Analyses

B.1 Effect of Threshold Function

To validate the effect of the threshold function
in Sparse MoA, we compare it against fixed-
threshold baselines under varying hyperparame-
ters I'pax € {0.2,0.5,0.8}, with an additional set-
ting of I'jx = 1 exclusive to the threshold func-
tion. As shown in Table 5, the threshold function
achieves higher performance ceilings and consis-
tently outperforms fixed-threshold methods across
all 'y ox configurations. This demonstrates that to-
kens exhibit varying contextual importance: the
dynamic threshold function assigns lower thresh-
olds to critical tokens (promoting multi-expert col-
laboration) and higher thresholds to trivial ones
(reducing redundant computations), thereby better
leveraging the LLM’s capabilities while maintain-
ing efficiency.

B.2 Comparison between Instance-level and
Token-level Routing Methods

In contrast to token-level routing approaches,
instance-level routing, wherein the model makes a
single routing decision for the entire input example,
significantly reduces the computational overhead
associated with the router. This brings the overall
computational cost closer to that of standard, non-
MoE architectures. We conducted a comparison
between token-level MoA and the instance-level
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Figure 5: Visualization of average router weights per layer for Soft MoA (left) and Sparse MoA (right) on gsmS8k,
averaged over tokens within 50 samples. The Sparse MoA plot (right) also includes the average per-layer threshold
and the average count of activated experts. The average count of activated experts across layers in Sparse MoA is

4.13.

variant of Soft MoA and the UniPEFT approach on
LLaMA3.1-8B. UniPEFT utilizes a separate gated
network for each type of adapter to control their
influence on the input sample. As presented in Ta-
ble 6, the results indicate that both instance-level
approaches yield performance inferior to token-
level routing methods. Furthermore, their perfor-
mance is also surpassed by employing a standard
LoRA adaptation alone.

This performance deficit can be attributed to key
limitations of instance-level routing in PEFT of
LLM. Firstly, these methods typically rely on the
mean pooling of input text hidden states as the
router’s input, which fails to capture fine-grained
characteristics of the sample adequately. Secondly,
the constraint of making a single routing choice
for the entire sequence precludes the possibility of
dynamically adjusting the contributions of differ-
ent experts in response to the diverse contextual
nuances within the input.

Model Routing level CommonsenselSK Math14K
UniPEFT instance 78.29 74.65
Soft MoA instance 73.18 76.11
Soft MoA token 84.96 81.51
Sparse MoA token 84.62 81.20

Table 6: Comparison between the token-level MoA
approaches and instance-level methods. The instance-
level methods include an instance-level variant of Soft
MoA and the UniPEFT method.

B.3 Foundation Model Analysis

To validate the effectiveness of our method across
different and larger foundation models, we con-
ducted experiments on Qwen3-8B and the larger-
scale Qwen3-14B (Yang et al., 2025). For the ex-
periments on Qwen3-8B, we adopted the same ex-

perimental settings as LLaMA-3.1 8B, as described
in Section 4.3. However, when using Qwen3-14B,
we encountered GPU Out-of-Memory (OOM) is-
sues for MoLoRA, HydralLoRA, and AdaMoLE
when the number of experts was set to 8. Conse-
quently, for these three methods, we set the number
of experts to 4. In contrast, for MoLA, we still
maintained a total of 8 experts, and only activated
the top 2.

As detailed in Tables 7 and 8, our proposed Soft
MoA and Sparse MoA methods outperform both
LoRA and other MoE-LoRA approaches on math-
ematical reasoning benchmarks. Specifically, on
the Qwen3-8B model, Soft MoA surpasses compet-
ing methods that utilize 2 to 4 times more parame-
ters. On the larger Qwen3-14B model, Sparse MoA
achieves the highest performance among all base-
lines while using the fewest parameters (34.50M).
These results collectively demonstrate the superior
parameter efficiency of the heterogeneous MoA
approach compared to conventional MoE-LoRA
methods, and further affirm its robustness across
different foundation models and scales.

B.4 Code generation tasks

Datasets and Evaluation To evaluate the code
generation performance of our method, we utilize
the CodeAlpaca-20k (Chaudhary, 2023) dataset
as our training set. The evaluation is conducted
on the HumanEval (Chen, 2021) benchmark. We
use the pass@Fk metrics (where k € {1, 5,10}) to
measure the performance on code generation tasks.
The pass@Fk denotes the probability of generating
at least one functionally correct solution within &
attempts.
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Models AddSub AQuA GSMS8k  MultiArith SingleEq SVAMP Average Param

LoRA 93.67+0.30 37.404258 81.80+0.67 98.17+0.86 96.85410.23 88.80+0.53 82.78+10.47 24.7TM
MoLoRA 93.76+1.30 42.2612.41 82.51i235 98.11t0.38 96.06+£1.04 90.40+030 83.85,,,, 107.35M
HydraLoRA 93.16+1.27 39.1149279 81.784148 98114025 95.214075 88.80+0.26 82.70+10.88 49.55M
MoLA 93.3340.80 42.7840.45 81.50+1.14 98334044 96.13+0.50 89.83+1.16 83.6540.06 107.35M
AdaMoLE 92244105 41.731+4.26 81.6541.00 98.2240.25 96.194080 89.1040.75 83.19+0.85 108.38M
F]yLORA 9300;‘:0,81 39~11j:1.98 86.20i0A50 98.44j:0A10 95‘87:5:086 89.23:5:0‘70 83.64:(:()‘40 24.77TM
Soft MoA 93.5040.15 43.31+4.00 85.17+103 98.064051 96.721050 88.3040.72 84.1741pg9 26.99M
Sparse MoA 93.33i0,15 40.68i2495 83.85i0435 98.1710.44 97.31i0.11 88.80i1,66 83.69i0,76 24.49M

Table 7: Experimental results on Qwen3-8B for mathematical reasoning benchmarks. The evaluation metric is
accuracy. All methods are run with three random seeds; mean and standard deviation are reported. “Param” indicates
trainable parameters.

Models AddSub AQuA GSMS8k  MultiArith SingleEq SVAMP Average Param

LoRA 96.2040.205 41.34+339 87.491086 97.831020 97.641041 90.601056 85.18+10.86 35.39M
MoLoRA 96.37;{:0_29 44.88:{:2_73 87.59:&1_12 98.33:‘:()‘29 97.90:[:0_45 9150:{:0.69 86.101072 76.84M
HydraLoRA 95.7841.39 43.70+2.39 88.05+1.20 98.174+1.04 97.771041 91.37+081 85.8141034 40.47M
MoLA 96.9640.67 42.261455 88.981068 98.6710.17 97.83+1052 91.631057 86.061066 153.68M
AdaMoLE 96.2040.25 40.554454 88.0211.26 98.5040.17 98.1040.23 91.1310.70 85.424054 78.36M
FlyLoRA 95.2740.15 41.8642924 88531052 98.111035 96.721050 91.4740.15 85.33+0.40 35.39M
Soft MoA 96.9610.25 44.88129s 88.781054 98.3310.10 98.621080 90.804025 86.401p72 37.98M
Sparse MoA 96.29i0,89 44.62i3444 88.20i1,02 98.11i0A35 98.10i0.11 91.63i0,99 86.16i0‘77 34.50M

Table 8: Experimental results on Qwen3-14B for mathematical reasoning benchmarks. The evaluation metric
is accuracy. All methods are run with three random seeds; mean and standard deviation are reported. ‘“Param”
indicates trainable parameters.

Experimental setting For the code generation = B.5 Case Study of Router Weight
task, we employ Qwen3-8B and Llama3.1-8B as
base models. We adopt hyperparameter configu-
rations similar to those used for mathematical rea-
soning. Given that different baselines exhibit sensi-
tivity to the number of training steps on the code
generation task, we perform checkpoint selection
using the validation set during training. Specifi-
cally, we train for 5 epochs on Qwen3-8B and 1
epoch on Llama3.1-8B. For code generation, the
maxmium sequence length is set to 500.

Figures 6 and 7 illustrate the router weights for a
specific sample in a particular layer for Soft MoA
and Sparse MoA models, respectively.

Main results As illustrated in Table 9, our
method outperforms both MoE-LoRA and LoRA-
based baselines (e.g., DenseLoRA and FlyLoRA)
while utilizing the fewest parameters. Specifically,
on Qwen3-8B, Sparse MoA surpasses LoRA by
10.61 points in pass@1 and exceeds the strongest
baseline, HydraLoRA, by 3.41 points. We ob-
serve that sparse MoE-LoRA methods, such as
MoLA and AdaMoLE, exhibit suboptimal perfor-
mance on code generation tasks compared to soft-
weighted variants like MoLoRA and HydralLoRA.
Furthermore, while the performance of FlyLoRA
fluctuates significantly between Llama 3.1-8B and
Qwen3-8B, our MoA method maintains consistent
superiority across both base models, demonstrating
its robust generalizability.
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\ Llama3.1-8B \ Qwen3-88B
Methods Pass@1 Pass@5 Pass@10 # Parameters Pass@1 Pass@5 Pass@10 # Parameters

LoRA 2622 5441  67.07 23.06M 39.69 7229  81.71 24.7TM
MoLoRA 34.15 63.15  72.56 100.14M 43.78 7349  82.93 107.35M
HydralLora 33.35 6096  69.51 45.090M 46.89 75.61  84.15 49.55M
MoLA 28.72 5653  67.68 100.14M 41.10 71.60  81.10 107.35M
AdaMoLE  21.52 4458  56.10 101.12M 4091 66.65  76.83 108.38M
DenseLoRA 31.58 58.71 67.07 26.74M 46.82 76.04  84.75 27.00M
FlyLoRA 3232 6321 71.95 23.06M 20.18 38.15  48.17 24.7TM
SoftMoA 31.10  59.86  70.73 24.52M 50.61 80.57  89.02 26.70M
SparseMoA 35.55 63.26  70.73 22.20M 50.30 81.12  87.81 24.49M

Table 9: Experimental results for the code generation task on Llama3.1-8B and Qwen3-8B. The evaluation metric
is pass@k. "# Parameters" indicates trainable parameters. Bold numbers indicate the highest performance scores
and underline numbers indicate the second performance scores.
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Figure 7: Router Weights of an example at Layer 14 in Sparse MoA. "Threshold" denotes the dynamic value of the
threshold function for Sparse MoA. A router weight of "0.00" for an expert indicates that the expert’s computation

is skipped. Sparse MoA avoids unnecessary computatm%gom the low-contribution expert for each token.
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