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Abstract

Parameter-efficient fine-tuning (PEFT) enables
low-cost adaptation of large language models
but often suffers from limited representational
flexibility. To address this, we incorporate a
Mixture-of-Experts (MoE) design and propose
Efficient and Expressive split-path experts that
enhance specialization while maintaining low
resource overhead. Split-Path Adaptive Rep-
resentation Mixture-of-Experts (SparMoE) re-
places discrete hard routing with a soft routing
and fully-activated mixture, enabling stable op-
timization. Each expert is parameterized as a
split-path modulation module, consisting of a
scaling path that promotes expert specialization
and a bias path that preserves expert-specific
signals. This design significantly enhances ex-
pressive capacity while maintaining strict pa-
rameter efficiency and architectural compatibil-
ity with PEFT. Extensive evaluations on GLUE,
GSMSK, MBPP, and a text rewriting task from
SmolTalk show that our approach consistently
outperforms or matches state-of-the-art PEFT
methods under comparable parameter budgets,
achieving a favorable trade-off between adapt-
ability and efficiency.

1 Introduction

In recent years, artificial intelligence systems have
achieved remarkable success in a diverse array
of domains, including visual recognition, contin-
ual learning, and domain-specific perception tasks
(Xia et al., 2025; Yang and Wang, 2025). Large
Language Models (LLMs) (Brown et al., 2020;
Touvron et al., 2023a) have established a new
paradigm in natural language processing, demon-
strating state-of-the-art performance across diverse
domains(Yang et al., 2025b).

However, as model parameters scale to unprece-
dented sizes, full fine-tuning becomes computa-
tionally prohibitive due to the massive overhead in
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Figure 1: Comparison of SparMoE with other PEFT
methods on the GLUE benchmark, using RoBERTa-
large as the base model.

gradient computation and weight storage (Strubell
et al., 2019). Parameter-Efficient Fine-Tuning
(PEFT) has emerged as a crucial alternative, adapt-
ing pretrained models by updating only a minimal
fraction of parameters. Methods such as Adapters
(Houlsby et al., 2019) and LoRA (Hu et al., 2021)
have become standard practices, significantly re-
ducing storage costs while maintaining competitive
performance (Dettmers et al., 2023).

Despite their success, the constrained parameter
space of existing PEFT methods often limits their
representational capacity, particularly when tack-
ling complex, multi-faceted tasks. To break this
bottleneck, recent literature has explored the inte-
gration of Mixture-of-Experts (MoE) with PEFT.
Contemporary efforts typically employ LoRA-style
low-rank modules as experts (Gao et al., 2025; Dou
et al., 2024), aiming to combine the parsimony
of PEFT with the specialized modeling power of
MoEs. However, we argue that a fundamental mis-
match exists between conventional MoE formula-
tions and the requirements of parameter-efficient
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adaptation. First, LoRA is not inherently designed
for multi-expert composition; extending it to MoE
settings results in a parameter footprint that scales
linearly with the number of experts, rapidly erod-
ing the very efficiency advantage that makes PEFT
attractive. Second, the combination of discrete,
sparse routing and the use of low-rank experts of-
ten induces optimization challenges under data-
scarce conditions. This often manifests as under-
trained or inactive experts, highlighting that the
high-variance nature of discrete selection is ill-
suited for the highly restricted parameter space
of PEFT. Consequently, such hybrid strategies fre-
quently struggle to reconcile model expressivity
with parameter efficiency.

To address these limitations, we propose Split-
Path Adaptive Representation Mixture-of-Experts
(SparMoE), a lightweight MoE framework explic-
itly tailored for stable and efficient adaptation.
SparMoE departs from the discrete hard routing
by employing a soft routing, fully activated mix-
ture mechanism, which ensures stable, end-to-end
gradient flow without the need for complex auxil-
iary load-balancing objectives. To maintain strict
parameter efficiency, we introduce a split-path ex-
pert design: each expert consists of a scaling path
for task-specific specialization and a bias path to
preserve essential signals under regularization. By
eschewing heavyweight feed-forward experts and
unstable hard routing, SparMoE significantly en-
hances the model’s representational power.

Our contributions are summarized as follows:

* We analyze and identify the fundamental lim-
itations of existing PEFT and replication-
based MoE methods in parameter- and data-
constrained fine-tuning scenarios.

* We propose SparMoE, a lightweight MoE
framework that combines a soft routing mech-
anism with a split-path expert design, enhanc-
ing representational power.

* We conduct extensive experiments across mul-
tiple LLM backbones, demonstrating that
SparMoE achieves superior performance, im-
proved robustness, and higher parameter
efficiency compared to existing PEFT ap-
proaches.

2 Related Work

PEFT methods strive to adapt large pre-trained
models by optimizing only a small subset of pa-

rameters, thereby mitigating the computational and
memory burdens associated with full-model fine-
tuning.

Adapter-based methods insert task-specific mod-
ules within Transformer layers. For example,
the approaches proposed in (Stickland and Mur-
ray, 2019), (Riicklé et al., 2021), and (Mahabadi
et al., 2021) introduce compact neural modules
between existing layers, confining training efforts
exclusively to these inserted components for ef-
fective task adaptation. Houlsby et al. (Houlsby
et al.,, 2019) introduced bottleneck adapters us-
ing down-projection and up-projection layers.
Reparameterization-based techniques optimize in
low-rank subspaces, such as LoRA (Hu et al., 2021)
which decomposes weight updates into trainable
low-rank matrices. QLORA drastically reduces
fine-tuning memory usage. However, its quanti-
zation may introduce minor approximation errors,
slightly impacting high-precision tasks (Dettmers
et al., 2023). LoRA+ also cuts fine-tuning mem-
ory footprint (Hayou et al., 2024). Yet, it demands
more complex hyperparameter tuning, with task
performance sensitive to these choices. DoRA ex-
tends basic LoRA, enhancing pre-trained model
adaptation to specific tasks (Liu et al., 2024). How-
ever the added complexity can lengthen training
times and its effectiveness varies by base model ar-
chitecture. IA3 (Liu et al., 2022) which learns task-
specific scaling vectors. BitFit (Zaken et al., 2022)
achieves competitive task adaptation by updating
only bias terms, minimizing computational costs
while preserving pre-trained model performance.
Despite achieving parameter reduction (Ding et al.,
2023), these approaches face capacity limitations.
He et al. (He et al., 2022) show that improved
parameter efficiency may reduce representation di-
versity, particularly in complex reasoning tasks.
Representation Editing (RED) (Wu et al., 2024)
emphasizes the adjustment of hidden representa-
tions rather than weights, but it does not provide a
strategy for handling multi-task scenarios, and the
training efficacy of the model remains somewhat
limited.

Recent attempts to integrate MoE into PEFT sub-
stantially increase both trainable parameters and hy-
perparameter complexity. Existing approaches typ-
ically construct MoE structures atop LoRA-based
adaptation (e.g., LoORAMOE (Dou et al., 2024),
MoELoRA (Gao et al., 2025; Luo et al., 2024; Liu
et al., 2023), MoV (Zadouri et al., 2024)) by repli-
cating LoORA modules as multiple experts. LoRA is
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Figure 2: Architecture of the SparMoE module and its integration into a Transformer block. Inserted after the FFN
within each Transformer block, SparMoE employs multiple experts, each with two parallel adaptation paths. Expert
outputs are aggregated via soft routing, enabling full expert participation. During fine-tuning, only expert-specific
parameters and gating weights are updated (backbone frozen).

not inherently designed for multi-expert composi-
tion and such designs are inherently inefficient for
PEFT. LoRA itself introduces method-specific hy-
perparameters (low-rank dimension 7 and scaling
factor o). Expanding LoRA to an MoE frame-
work requires an additional hyperparameter for
expert count. Moreover, traditional discrete rout-
ing mechanisms introduce auxiliary gating com-
ponents and sensitive hyperparameters (e.g., top-k
selection, load-balancing loss coefficients). This
complexity is exacerbated in LoORAMOE (Dou
et al., 2024), which necessitates explicit distinc-
tion between world and task-specific knowledge
via dataset labels for expert assignment. This su-
pervised routing not only heavily relies on prior do-
main knowledge but also restricts autonomous task
adaptation, fundamentally deviating from PEFT’s
core philosophy.

In contrast, SparMoE is designed from a strictly
PEFT-oriented perspective. It diverges from ex-
isting approaches that rely on replicating heavy
adapter matrices (e.g., LORA experts) or introduc-
ing complex routing networks. Instead, SparMoE
utilizes a lightweight, vector-based expert structure
requiring minimal modulation per expert. By avoid-
ing explicit matrix multiplication within experts
and eliminating sparse routing overhead, SparMoE
enables high expert diversity and representational
flexibility while preserving the training simplic-
ity and computational efficiency of standard PEFT
methods.

3 Methodology
3.1 SparMoE Architecture

We propose SparMoE, a parameter-efficient
Mixture-of-Experts fine-tuning module designed
to enhance adaptation capacity while preserving
the lightweight property of PEFT. Unlike sparse
MoE with dynamic routing, SparMoE adopts a
fully-activated soft routing mechanism, where all
experts are evaluated for each token and combined
via static softmax weights, without auxiliary load-
balancing losses or discrete expert selection.

Let h € RS*H denote the hidden representa-
tion produced by the feed-forward network (FFN),
where S is the sequence length and H is the hidden
dimension. SparMoE inserts an MoE adaptation
layer after the FFN, consisting of E parallel ex-
perts. Each expert applies a lightweight split-path
transformation to h, producing an expert-specific
output z(©):

206 — (e)

- Zscaling

(e)
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To aggregate expert outputs, a soft routing func-
tion G : RY — R¥ produces token-wise mixture
weights:

p = softmax(G(h)) € R%*E. (2)

The final adapted representation is obtained as a
weighted sum over all experts:

E
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During fine-tuning, only the expert parameters
and the routing function G are updated, while the
pretrained backbone remains frozen, ensuring strict
parameter efficiency. The aggregated output h’ is
subsequently passed to the residual Add & Norm
layer.

3.2 Split-Path Expert Design

Each expert in SparMoE employs a split-path struc-
ture composed of a scaling path and a bias path,
both parameterized by learnable vectors in R,
The scaling path modulates feature dimensions mul-
tiplicatively and is followed by dropout to induce
expert diversity, while the bias path introduces ad-
ditive expert-specific shifts that remain stable under
normalization and stochastic perturbations:

@ __1 (e)
zscaling - ip (h © lscaling © m) ; (4)
Zéeia)a‘s = h + ll(a?as’ (5)

where léiihng, 1](:1;8 € RH are expert-specific pa-

rameters, and m ~ Bernoulli(1 — p) is a dropout
mask.

The combination of stochastic scaling and de-
terministic bias enables experts to diverge in both
random and structured manners. Specifically, the
expected squared distance between the outputs of
two experts e and €’ can be decomposed as:

E Hz(e) — z(¢) ‘2 ~E ‘ z(e)l. - (6/)1. ?
scaling scaling
(6)
n ‘ 1© @
bias bias

where the approximation follows from the inde-
pendence between dropout-induced noise and bias
parameters, as well as the near-zero-mean prop-
erty of normalized hidden representations. This
formulation highlights that expert diversity arises
jointly from stochastic scaling perturbations and
deterministic bias offsets. Moreover, the bias path
provides a robust signal when dropout suppresses
the scaling path. For each hidden dimension ¢, the
expert output satisfies:
(e)
scaling,?

+ z(e)

bias,i’

zfe) = 1—
(e)

zbias,i’

m; = 1, (7)
m; = O,
ensuring that expert-specific information is pre-

served even when multiplicative signals are
dropped.

4 Experiments

In this section, we assess the performance of Spar-
MOoE across four representative benchmarks span-
ning diverse tasks: GLUE for natural language
understanding, GSMS8K for arithmetic reasoning,
MBPP for program synthesis, and the explore-
instruct-rewriting subset of the SmolTalk dataset.
Detailed specifications of these datasets are pro-
vided in Appendix A. To strike a pragmatic balance
between performance and parameter efficiency, we
set the number of experts to 4 for RoOBERTa and
LLaMA models, whereas 8 experts are employed
for Qwen models. All experiments are imple-
mented on NVIDIA 4090 and L20 GPUs.

4.1 Experimental Setup

GLUE. Experiments are conducted on the GLUE
benchmark (Wang et al., 2019). RoBERTa-base
and RoBERTa-large serve as the backbone models.
The training protocol, including the division of
validation and test sets and checkpoint selection,
follows the guidelines outlined in (Wu et al., 2024).

GSMBS8K. For evaluating mathematical reason-
ing capabilities, we utilize GSM8K (Cobbe et al.,
2021), a benchmark dataset comprising multi-step
arithmetic word problems. The LLaMA2-7B-base
model (Touvron et al., 2023b) is fine-tuned on the
training split, and evaluation is conducted on the
test set using the OpenCompass.

MBPP. We train on the official MBPP (Austin
et al., 2021) training split and perform evaluation
on the sanitized MBPP test set following the Open-
Compass evaluation framework. The underlying
base model is LLaMA2-13B-base (Touvron et al.,
2023b).

SmolTalk We conduct experiments on the
explore-instruct-rewriting subset of the
SmolTalk dataset (Allal et al., 2025). This dataset
consists of high-quality instruction—response pairs
focusing on rewriting, paraphrasing, and controlled
text transformation tasks. We fine-tune Qwen-
series models (Yang et al., 2025a) on the official
training split and evaluate performance on the cor-
responding validation set following the standard
evaluation protocol.

4.2 Results on GLUE with RoBERTa

Results on RoBERTa-base are reported in Table 1.
With only 0.11M trainable parameters, SparMoE
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Method ‘ #param | MNLI SST-2 MRPC CoLA QNLI QQP RTE STS-B Avg.
RoBERTa-Base

FT (Full fine-tuning) | 125M 87.3 944 87.9 624 92.5 91.7 783 90.6 85.6
MoELoRa 1.7M 84.8 91.3 91.0 62.2 92.6 86.3 764 909 844
DoRA 1.1IM 87.4 93.8 90.3 58.1 93.1 89.1 734 91.1 845
QLoRA 1.0M 83.1 91.5 91.1 54.5 91.5 763 719 909 814
LoRA+ 1.0M 86.9 93.6 90.1 55.6 927 89.1 748 90.6 842
MoV 0.71M 85.2 93.6 914 - 89.1 86.5 60.7 84.2 -

Adapter 0.4M 87.0 93.3 88.4 60.9 925 905 76.5 90.5 85.0
LoRA 0.3M 86.6 93.9 88.7 59.7 926 904 753 90.3 84.7
Adapter-FFN 0.3M 87.1 93.0 88.8 58.5 920 90.2 777 904  84.7
BitFit 0.1IM 84.7 94.0 88.1 54.0 91.0 87.3 69.8 89.5 82.3
1A3 0.06M 85.4 93.4 86.4 57.8 91.1 88.5 735 88.5 83.1
RED 0.02M 83.9 93.9 89.2 61.0 90.7 87.2 78.0 904 843
SparMoE (Ours) 0.11M 86.2 94.7 92.7 63.5 92.4 87.7 803 914 86.1

RoBERTa-Large

FT (Full fine-tuning) | 355M 88.8 96.0 91.7 68.2 93.8 91.5 85.8 92.6 88.5
MoELoRa 2.9M 90.5 93.6 89.0 61.3 94.4 89.8  83.7 87.8  86.3
DoRA 2.3M 88.4 94.3 923 67.4 94.3 90.0 83.2 91.8 877
QLoRA 1.8M 89.9 95.4 87.3 58.2 93.6 88.5 755 90.1 84.8
LoRA+ 1.8M 89.8 95.2 923 61.3 94.0 88.3 824 89.6  86.6
MoV 1.4M 89.0 93.6 78.4 52.0 - 88.2 - 88.5 -

Adapter 0.9M 90.1 95.2 90.5 65.4 946 914 853 91.5 88.0
LoRA 0.8M 90.2 96.0 89.8 65.5 947 90.7 86.3 91.7 88.1
Adapter-FFN 0.8M 90.3 96.1 90.5 64.4 94.3 913 84.8 90.2 877
BitFit 0.27M 90.0 94.3 91.0 65.9 94.4 87.7 809 89.8  86.8
1A3 0.15M 90.1 94.5 87.1 63.2 93.9 89.3 853 91.5 86.9
RED 0.05M 89.5 96.0 90.3 68.1 93.5 88.8 86.2 913 87.9
SparMoE (Ours) 0.29M 90.2 96.1 93.5 68.3 94.4 88.7 856 922 88.6

Table 1: Performance comparison of RoBERTa fine-tuned by SparMoE and other PEFT methods on the GLUE

benchmark.

achieves an average GLUE score of 86.1, outper-
forming all PEFT baselines and surpassing full
fine-tuning (85.6) by 0.5 points. Notably, SparMoE
attains the best PEFT performance on SST-2 (94.7),
MRPC (92.7), CoLA (63.5), RTE (80.3), and STS-
B (91.4), covering a diverse range of task types
including sentiment analysis, paraphrase identifica-
tion, linguistic acceptability, and semantic similar-
ity.

We note that MoV exhibit missing results on cer-
tain tasks. This is primarily due to the increased pa-
rameter and hyperparameter complexity introduced
by extending LoRA into an MoE formulation. In
practice, these methods require tuning both LoRA-
specific hyperparameters (e.g., rank r and scaling
factor o) and additional routing-related configura-
tions, which makes stable reproduction across all
GLUE tasks challenging. In contrast, SparMoE
avoids explicit LoRA replication and gating mech-
anisms, resulting in more stable and consistent per-
formance across tasks.

Results for RoBERTa-large are also presented
in Table 1. Under a larger backbone, SparMoE
achieves the highest average GLUE score of 88.6
among all evaluated methods, while introducing
only 0.29M trainable parameters, slightly exceed-
ing full fine-tuning (88.5). SparMoE obtains the
best performance on SST-2 (96.1), MRPC (93.5),
and CoL.A (68.3), demonstrating its effectiveness
in modeling both semantic relations and syntactic
acceptability under parameter-efficient constraints.

Compared with Adapter, LoORA, and QLoRA,
SparMoE achieves comparable or superior perfor-
mance with substantially fewer trainable parame-
ters. This advantage stems from its split-path expert
design, which enhances representational diversity
without incurring the parameter growth and hy-
perparameter burden commonly associated with
LoRA-based MoE extensions. Meanwhile, ultra-
lightweight methods such as IA3 and BitFit, al-
though highly parameter-efficient, consistently un-
derperform across most tasks, indicating a clear
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LLaMA2-7B (GSMSK)

LLaMA2-13B (MBPP)

Method \ #Param Peak Memory (GB) Training Time (min) \ #Param Peak Memory (GB) Training Time (s)
LoRA (r=8) 8.4M 25.3 18.2 - - -
LoRA (r=4) 4.2M 19.9 18.2 - - -
LoRA 2.1M 16.4 16.2 3.3M 28.5 57.6
DoRA (r=8) 8.9M 25.2 35.7 - - -
DoRA (r=4) 4.8M 25.0 35.8 - - -
DoRA 2.6M 20.8 35.7 4.1M 46.2 181.9
LoRA+ 2.1M 16.4 16.3 3.3M 28.5 57.5
QLoRA 2.1M 9.8 49.2 3.3M 13.7 202.0
1A3 1.2M 16.6 14.6 1.9M 28.8 50.7
SparMoE (Ours) 1.6M 16.3 14.7 2.5M 28.1 57.3

Table 2: Resource efficiency comparison of SparMoE and representative PEFT methods on GSM8SK with LLaMA2-

7B and MBPP with LLaMA2-13B.
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Figure 3: Performance comparison of PEFT methods
on GSMS8K using LLaMA2-7B.

performance ceiling.

4.3 Experimental Results with LLaMA2

4.3.1 Performance with LLaMA?2

Table 2 and Figures 3—4 report the performance
of various PEFT methods on the GSM8K and
MBPP benchmarks. Due to GPU resource con-
straints, we were unable to successfully run experi-
ments with larger values of r or other MoE-based
methods, as these configurations consistently re-
sulted in out-of-memory errors. On GSMS8K with
LLaMAZ2-7B (Touvron et al., 2023b), SparMoE
achieves the highest accuracy of 23.12% using
only 1.6M trainable parameters, outperforming the
best LoRA (r=8, 22.29%, 8.4M parameters) by 0.8
points while reducing parameter usage by ~80%.
In comparison, DoRA (r=8) and LoRA+ attain
16.53% (8.9M) and 16.68% (2.1M), respectively,
and IA3 (1.2M) reaches only 4.93%, highlighting
SparMoE’s superior efficiency-performance trade-
off in complex arithmetic reasoning.

On MBPP with LLaMA2-13B (Touvron et al.,

Number of Parameters (M)

Figure 4: Performance comparison of PEFT methods
on MBPP using LLaMA2-13B.

2023b), SparMoE attains 29.18 with 2.5M parame-
ters. While LoRA+ achieves a slightly higher score
(30.35) using 3.3M parameters, it introduces ad-
ditional hyperparameters and tuning complexity,
including separate learning rate adjustments for
the A and B projection matrices. Other baselines
perform substantially worse, confirming that Spar-
MokFE’s split-path expert design effectively enhances
programmatic reasoning with strong parameter ef-
ficiency.

4.3.2 Efficiency Analysis

SparMoE demonstrates superior efficiency not only
in parameter count but also in memory usage
and training time. On GSMS8K with LLaMA2-
7B, it consumes 16.25 GB of memory. Its train-
ing duration (14.7 m) is substantially shorter than
LoRA and LoRA+. On MBPP with LLaMA2-
13B, SparMoE maintains efficient memory usage
(28.05 GB) and achieves the second-best results
in both memory footprint and training time (57.3
s). These results confirm that SparMoE effectively
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Model Method | #Param Ratio | BLEU; ROUGE-1; ROUGE-2; ROUGE-L; METEOR;
SparMoE | 0.51M  0.10% | 4.81 24.72 9.56 19.11 31.26
Qwen2.5-0.5B-Instruct LoRA 054M  0.11% | 3.85 22.90 8.08 17.25 29.30
MoOELORA | 9.8M  1.98% | 445 23.59 8.95 18.17 30.52
SparMoE | 0.69M  0.12% | 4.69 24.43 10.03 19.22 29.79
Qwen3-0.6B-Base LoRA LI5SM  0.19% | 3.50 2157 7.58 16.46 27.46
MOELORA | 11.24M  1.89% | 3.54 272 7.85 17.83 26.23
Owen3-$B.B SparMoE | 3.54M  0.04% | 3.13 21.36 7.90 16.54 23.19
wens-oB-base LoRA 3.83M  0.047% | 0.99 14.67 2.93 10.68 17.40
Owen3-14B-Base SparMoE | 4.92M  0.03% | 7.25 32.05 16.21 27.13 32.16
LoRA 524M  0.036% | 3.11 19.90 7.13 15.60 22.97

Table 3: Parameter efficiency and performance comparison of SparMoE, LoRA, and MoELoRA. 1 indicates that

higher values are better.

[T Expert A [0 Expert B [ Expert C [ Expert D

RTE A

QQP

MRPC

CoLA A

0.0 02 04 056 08 1.0
Average Gate Probability (sum=1)

Figure 5: Distribution of expert activations across tasks
for SparMoE based on RoBERTa-large.

balances representational power and computational
efficiency, positioning it as a state-of-the-art PEFT
approach for complex reasoning and programming
tasks.

4.4 Experimental Results with Qwen

Table 3 compares SparMoE with representative
PEFT methods across various Qwen backbones,
including Qwen2.5-0.5B-Instruct and the Qwen3
series (Yang et al., 2025a). Across all models,
SparMoE consistently achieves superior generation
performance while updating a smaller fraction of
parameters, demonstrating strong robustness to ar-
chitectural variations. On Qwen2.5-0.5B-Instruct,
SparMoE uniformly outperforms LoRA under com-
parable trainable budgets, indicating more effective
parameter utilization. Notably, SparMoE also sur-
passes MoELoRA despite using an order of mag-
nitude fewer trainable parameters, highlighting the
limitations of naively combining MoE with LoRA.
On Qwen3 models ranging from 0.6B to 14B pa-
rameters, the performance gap between SparMoE
and LoRA further widens as model scale increases,

suggesting improved scalability. Even under ex-
tremely low trainable ratios, SparMoE consistently
delivers substantial gains across BLEU, ROUGE,
and METEOR. In conclusion, these results demon-
strate that SparMoE consistently outperforms ex-
isting PEFT methods, proving highly effective for
both the continuous optimization of instruction-
tuned models and the elicitation of instruction-
following capabilities in base models. Representa-
tive generation examples and qualitative case stud-
ies are deferred to Appendix C.

4.5 In-depth Analysis

4.5.1 Analysis of Expert Specialization
Patterns

To assess expert specialization in SparMoE, we
examine the learned expert weight distributions
across four GLUE tasks using separately fine-tuned
models. As shown in Figure 5, different tasks con-
sistently prioritize distinct experts: RTE relies on
Experts A and B for entailment reasoning; QQP as-
signs higher weight to Expert D for paraphrase de-
tection; MRPC emphasizes Expert B for sentence
similarity; and CoLA favors Expert C, reflecting
syntactic processing. These results indicate that,
even without dynamic routing or task-specific con-
ditioning, SparMoE naturally induces functional
specialization, supporting diverse task competen-
cies.

4.5.2 Ablation Study

We conduct ablation studies to validate key Spar-
MoE components (dropout, scaling/bias paths,
router) on 8 GLUE tasks with RoBERTa-base (Ta-
ble 4). Abolishing dropout causes consistent per-
formance drops (e.g., 1.6% SST-2, 1.4% RTE),
confirming its role in fostering expert diversity
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Method #Param MNLI

SST-2 MRPC CoLA QNLI

QQP RTE STS-B

SparMoE (full)

w/o dropout

w/o scaling

w/o bias

w/o router (expert=1)

0.11M 86.2 94.7
0.11M 85.7 93.1
0.07M 86.2 929
0.07M 82.6 92.0
0.02M 84.2 94.5

92.7 63.5 924 87.7 80.3 914
89.6 62.2 92.1 869 789 90.2
89.6 60.5 924 8715 7115 90.7
88.4 51.0 89.2 859 740 88.0
90.2 62.3 91.1 854 784 90.4

Table 4: Results of the ablation studies on different datasets from the GLUE benchmark using the RoBERTa-base.

Model Method

| #Param Ratio | BLEU; ROUGE-1; ROUGE-2; ROUGE-L; METEOR;

SparMoE (n=4)
SparMoE (n=8)

258K
516K

0.05%

Qwen2.5-0.5B-Instruct 0.10%

2.94 20.23 6.71
4.81 24.72 9.56

15.52
19.11

23.76
31.26

Table 5: Effect of the number of experts on Qwen2.5-0.5B-Instruct.

#Experts | #Params | CoOLA RTE MRPC
2 0.06 60.7 79.1 90.7
4 0.11 63.5 80.3 92.7
6 0.16 62.5 80.4 92.6
8 0.22 63.3 80.7 92.8

Table 6: Effect of the number of experts on performance
across GLUE tasks.

and mitigating overfitting. Removing the scal-
ing path induces significant losses on low-resource
tasks (4.0% CoLA, 2.8% RTE), underscoring task-
adaptive activation. Eliminating the bias path leads
to severe deterioration (3.6% MNLI, 12.5% CoLA),
verifying its necessity for bias signal preservation
and representation stabilization. Router removal
impairs performance, highlighting expert selection
value.

4.5.3 Impact of Expert Number

To analyze the scaling behavior of SparMoE, we
vary the number of experts N, € 2,4,6,8. On
the GLUE benchmark (Table 6), increasing N,
from 2 to 4 yields consistent performance gains,
particularly on RTE and MRPC, indicating that
moderate expert expansion improves task-specific
specialization. Further increasing N, leads to
marginal or task-dependent improvements, with
non-monotonic behavior observed on CoLA, likely
due to limited training data and higher optimiza-
tion variance. In contrast, on the Qwen2.5-0.5B-
Instruct backbone (Table 5), scaling the number of
experts from N, = 4 to N, = 8 results in substan-
tial and consistent improvements across all genera-
tion metrics, demonstrating that larger expert pools
can be beneficial for instruction-tuned generative
models.

4.5.4 Hyperparameter Sensitivity Analysis

We evaluate SparMoE’s sensitivity to learning rate
and dropout on CoLA and MRPC tasks. On
CoLA, performance remains stable for moderate
learning rates [0.007,0.01]. On MRPC, consistent
high scores across a wide range of dropout values
(0.01 to 0.5) indicate robust performance without
over-masking. Overall, SparMoE exhibits robust-
ness to hyperparameter variations, where moderate
dropout promotes expert specialization. Detailed
hyperparameter analysis results are presented in
Appendix B.

5 Conclusion

We propose SparMoE, a PEFT framework with
split-path expert design and soft routing. By in-
corporating scaling and bias paths, it encourages
expert specialization while preserving optimiza-
tion stability. Its fully activated, lightweight ex-
pert modules introduce only a very small number
of additional parameters, resulting in a parameter
footprint comparable to that of existing PEFT ap-
proaches. Extensive evaluations on RoBERTa (for
GLUE tasks), LLaMA?2 (for math and code rea-
soning), and Qwen-series models (for instruction-
following generation) consistently demonstrate that
SparMoE achieves state-of-the-art or competitive
performance compared with strong PEFT baselines.
Notably, experiments attest to its excellent scalabil-
ity and architecture agnosticism. Moreover, Spar-
MoE maintains favorable memory efficiency and
training speed, rendering it a practical and effec-
tive PEFT solution for diverse model families and
downstream tasks.
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Limitations

This work primarily focuses on the design and eval-
uation of the SparMoE framework. We have not ad-
dressed the forgetting of pre-existing knowledge in
instruction-tuned models, nor have we conducted
extensive robustness testing. Due to limited re-
sources, experiments were not performed on mod-
els larger than 30B. These aspects will be explored
in future work.
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A Datasets
A.1 GLUE Benchmark

The General Language Understanding Evaluation
benchmark comprises a variety of datasets, includ-
ing CoL A (Warstadt et al., 2018), SST-2 (Socher
et al., 2013), MRPC (Dolan and Brockett, 2005),
QQP (Wang et al., 2019), STS-B (Cer et al., 2017),
MNLI (Williams et al., 2017), QNLI (Demszky
et al., 2018), and RTE (Bar-Haim et al., 2006).The
division of the datasets is presented in Table 7.

A2 GSMSK

The GSMS8K benchmark (Cobbe et al., 2021) is
a high-quality dataset of school-level math word
problems designed to evaluate the arithmetic rea-
soning capabilities of language models. Each prob-
lem is presented in natural language and requires
multi-step reasoning to derive the final answer. The
dataset is split into 7,473 training examples and
1,319 test examples. GSM8K emphasizes not just
numerical computation, but also the ability to inter-
pret and reason through natural language descrip-
tions of mathematical tasks. Our approach is evalu-
ated using the OpenCompass framework (Contrib-
utors, 2023), which provides a standardized and
reproducible environment for benchmarking large
language models across a wide range of tasks. For
the GSMS8K benchmark, we adopt the built-in eval-
uation pipeline with the GSM8K_0shot configura-
tion.

A3 MBPP

The MBPP benchmark (Austin et al., 2021) com-
prises a set of Python programming problems col-
lected via crowdsourcing. Each task includes a
natural language description, a function signature,
and multiple test cases, targeting fundamental algo-
rithmic skills suitable for entry-level programmers.
In our experiments, models are trained on the full
version of the MBPP dataset and evaluated on the
sanitized version. Our approach is evaluated us-
ing the OpenCompass framework. For the MBPP
benchmark, we adopt the sanitized_mbpp_0Oshot
configuration.

A.4 SmolTalk

SmolTalk is a synthetic dataset designed for super-
vised fine-tuning of large language models, contain-
ing 1M instruction-following samples (Allal et al.,
2025). It was developed to improve over public
SFT datasets, covering diverse tasks including text
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editing, rewriting, summarization, and reasoning.
During the development of SmolLM2, data abla-
tions at the 1.7B scale guided the incorporation
of additional public datasets to enhance capabili-
ties such as mathematics, coding, system prompt
compliance, and long-context understanding.

Dataset | #Train #Validation #Test Metric
CoLA 8.5K 522 521 MCC
SST-2 67K 436 436 ACC
MRPC 3.7K 204 204 ACC
QQpP 364K 1K 39K ACC
STS-B 5.7K 750 750 CORR
MNLI 393K 1K 8K ACC
QNLI 105K 1K 4.5K ACC
RTE 2.5K 139 138 ACC

Table 7: The sizes of the training, validation, and test
sets in the GLUE benchmark.

B Hyperparameter Sensitivity Analysis
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Figure 6: Sensitivity of SparMoE on MRPC with vary-
ing learning rates (x-axis) and dropout probabilities (y-
axis).

As shown as Figure 7 and Figure 6 We eval-
uate SparMoE’s sensitivity to learning rate and
dropout on CoLA and MRPC tasks. On CoLA,
performance remains stable for moderate learning
rates [0.007,0.01] and high dropout rates (> 0.1),
while a lower dropout rate limits the adaptabil-
ity to low-resource tasks. The optimal point at
(Ir = 0.009,dropout = 0.5) balances effective
feature utilization and stable convergence. On
MRPC, consistent high scores across a wide range
of dropout values (0.01 to 0.5) indicate robust per-
formance without over-masking. Learning rates
between 0.009 and 0.03 show minor effects, demon-
strating a wide stable training range. Overall, Spar-
MOoE exhibits robustness to hyperparameter vari-

ations, where moderate dropout promotes expert
specialization.
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Figure 7: Sensitivity of SparMoE on CoL A with varying
learning rates (x-axis) and dropout probabilities (y-axis).

C Case-Based Performance Comparison
of Rewriting

As shown as Figure 8, we first examine a sen-
tence rewriting task (starting with a participial
phrase): the reference expects a participial phrase
opener, while SparMoE produces a clause with
redundant "despite that fact" (weaker but retains
core meaning), LORA/MoE-LoRA deviate entirely
from the original context (shifting to Sarah’s air-
port or grocery scenarios). For the tense-conversion
task: the reference requires full present-tense verbs,
SparMOoE only adjusts partial details (e.g., "it was
out of stock") but keeps most content aligned;
LoRA/MoE-LoRA again drift from the original
(e.g., adding a flower shop detour or a home return
plot). Across both cases, SparMoE consistently
maintains the core content and task constraints, un-
like LoORA/MoE-LoRA’s context deviation. This
demonstrates stronger adherence to user instruc-
tions, and it outperforms the comparative methods
in task alignment and content fidelity.
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"prompt'': <System>\nYou are an Al rewriting assistant. You will be provided with a text and you need to
rewrite it according to the user's instructions.\n</System>\n<User>\nRewrite this sentence to start with a
participial phrase: The child, who was already late for school, struggled to tie his shoes:\nThe child struggled
to tie his shoes although he was already late for school.\n</User>\n<Assistant>\n

"reference': "Already late for school, the child struggled to tie his shoes."

[SparMoE] Although the child was already late for school, he struggled to tie his shoes despite that fact.

[LoRA] Although she had been waiting in line all morning, Sarah finally made her way through the crowd of
people at the airport without any issues. She arrived just as the plane took off, feeling relieved that everything
would go smoothly from there on out.

[MoELoRA] Although she had been waiting in line all morning, Sarah finally made her way through the
crowd of people at the grocery store. She found what she needed quickly before heading home.

"prompt": "<System>\nYou are an Al rewriting assistant. You rewrite the input text following the user's
instructions. Do not include analysis or thinking process, and provide the answer
directly.\n</System>\n<User>\nPlease change the verbs in each sentence within this passage to be written in
the present tense:\nl went to the store to buy some bread, but they were out. Next, I walked to the bakery down
the street. The air smelled sweet and I found myself looking at all the treats in the window. I always go to this
bakery because their pastries are the best.\n</User>\n<Assistant>\n",

"reference': "I go to the store to buy some bread, but they are out. Next, I walk to the bakery down the
street. The air smells sweet and I find myself looking at all the treats in the window. I always go to this
bakery because their pastries are the best."

[SparMoE] I went to the store to buy some bread, but it was out of stock. Next, I walked to the bakery down
the street. The air smelled sweet and I found myself looking at all the treats in the window. I always go to
this bakery because its pastries are the best.

[LoRA ] I headed to the grocery store with my groceries when I realized that there was no bread left. Instead
of walking towards a nearby bakery on the corner, however, I decided to take a detour into the neighboring
park where I discovered a charming flower shop selling fresh flowers for sale.

[MoELoRA] I went to the store to buy some bread, so it was there when I arrived. Next, I walked to the bakery
down the street where the air smelled sweet and I saw a variety of delicious pastries on display. Finally, after
enjoying my treat, I returned home with a satisfied smile.

Figure 8: Comparison of rewriting by Qwen2.5-0.5B-Instruct.
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