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Abstract

Parameter-Efficient Fine-Tuning (PEFT) has
become a dominant paradigm for deploying
LLMs in multi-task scenarios due to its ex-
treme parameter efficiency. While Mixture-
of-Experts (MoE) based LoRA variants have
achieved promising results by dynamically rout-
ing tokens to different low-rank experts, they
largely overlook the hierarchical nature of task
complexity. Existing methods typically em-
ploy experts with uniform architectures, limit-
ing their ability to capture diverse feature granu-
larities required by distinct tasks—where some
tasks demand high-level semantic abstraction
while others require fine-grained syntactic ma-
nipulation. To bridge this gap, we propose
Expert Pyramid Tuning (EPT), a novel archi-
tecture that integrates the multi-scale feature
pyramid concept from computer vision into the
realm of PEFT. Unlike standard LoRA, EPT de-
composes task adaptation into two stages: (1) A
shared meta-knowledge Subspace that encodes
universal linguistic patterns in low dimensions;
(2) A Pyramid Projection Mechanism that uti-
lizes learnable up-projection operators to re-
construct high-dimensional features at varying
scales. A task-aware router then dynamically
selects the optimal combination of these multi-
scale features. Extensive experiments across
multiple multi-task benchmarks demonstrate
that EPT significantly outperforms SOTA MoE-
LoRA variants. Crucially, thanks to the re-
parameterization capability of our design, EPT
achieves this performance improvement while
simultaneously reducing the number of train-
ing parameters. Our code is publicly available
at: https://anonymous.4open.science/r/
EPT-BOE4.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable generalization capabilities
across a wide spectrum of natural language pro-
cessing tasks (OpenAl et al., 2024; Touvron et al.,

Rank | MRPC RTE SST-2 CoLA
1 89.7 776 944 60.9
2 89.2 787 946 60.0
4 88.7 80.5 94.8 61.9
8 892 77.6 945 63.3
16 89.2 80.1 944 62.3
32 89.5 79.1 945 60.5

Table 1: LoRA-based Fine-tuning Performance of T5-
base with varying ranks on different tasks

2023b). However, adapting these general-purpose
models to specific downstream scenarios remains
a significant challenge, particularly in multi-task
settings. Full fine-tuning is often computationally
prohibitive and storage-intensive due to the im-
mense scale of parameters (Lv et al., 2024). Con-
sequently, Parameter-Efficient Fine-Tuning (PEFT)
has emerged as a dominant paradigm (Mangrulkar
et al., 2022; Liu et al., 2022; Zhang et al., 2024).
Among PEFT techniques, LoRA (Hu et al., 2022)
has gained widespread adoption by freezing the
pre-trained weights and optimizing low-rank de-
composition matrices, thereby striking a favorable
balance between adaptation performance and re-
source efficiency.

Despite its success, standard LoRA struggles
to handle the conflicting gradients often inherent
in multi-task learning, leading to significant per-
formance degradation known as "negative trans-
fer." To mitigate this, recent studies have integrated
the Mixture-of-Experts (MoE) architecture into
LoRA (Liu et al., 2024a; Luo et al., 2024; Dou
et al., 2024), utilizing gating mechanisms to dy-
namically route tokens to different low-rank ex-
perts. While promising, these methods typically
overlook a fundamental characteristic of language
processing: the hierarchical nature of task complex-
ity. Existing MoE-LoRA variants predominantly
employ experts with a uniform architecture (i.e.,
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identical rank and capacity) (Gao et al., 2025; Lin
et al., 2025). This "one-size-fits-all" design is sub-
optimal, as different tasks require feature adapta-
tion at varying granularities, as demonstrated by
the results in Table 1. For instance, simple tasks
may only require high-level semantic abstraction,
whereas complex reasoning or syntactic parsing
often demands fine-grained manipulation of repre-
sentations. Forcing uniformly structured experts
to handle such diverse complexities restricts the
model’s expressiveness and parameter efficiency.

To address this limitation, we draw inspiration
from the multi-scale feature hierarchies widely
successful in Computer Vision, such as Feature
Pyramid Networks (FPN) (Lin et al., 2017). In
visual processing, recognizing objects at different
scales requires capturing features at varying reso-
lutions. We posit that a similar principle applies
to parameter-efficient tuning: effective multi-task
adaptation requires a "Parameter Pyramid" capa-
ble of reconstructing features at multiple levels of
granularity. Instead of learning independent, redun-
dant matrices for every expert, we argue that task
adaptation should be decomposed into a universal
linguistic basis and a task-specific scale projection.
Specifically, we first optimize a low-dimensional
LoRA incremental matrix. Treating deconvolu-
tion layers as experts, we train multiple deconvolu-
tional modules with varying dimensions to project
this low-dimensional linguistic basis onto different
scales. To align the projected matrices with the
dimensions of the frozen pre-trained parameters,
EPT incorporates a novel Adaptive LoRA Pruner.
This design enables experts across different tasks
to share communal knowledge while preserving
unique, task-specific information. Furthermore,
to fully exploit the discrepancies and correlations
among tasks for accurate expert selection, we de-
velop a Contrastive Learning (CL)-based Task Em-
bedding Module. This module assigns a dedicated
embedding to each task and employs contrastive
optimization to ensure the quality and discrimi-
native power of the learned representations. We
conducted experiments on a wide range of bench-
marks to verify the effectiveness of EPT. Our main
contributions are as follows:

e We propose Expert Pyramid Tuning (EPT), a
novel parameter-efficient framework that in-
troduces the concept of multi-scale feature hi-
erarchies to LoRA-based MoE. By construct-
ing a expert pyramid, EPT dynamically allo-

cates representational capacity based on task
complexity, effectively mitigating negative
transfer while maintaining high parameter ef-
ficiency.

e To ensure compatibility with frozen pre-
trained weights, we introduce an Adaptive
LoRA Pruner, which aligns the projected
multi-scale features with the model’s intrinsic
dimensions, allowing for flexible and granular
feature adaptation.

e We develop a Contrastive Learning-based task
embedding module to optimize expert rout-
ing. This mechanism ensures precise expert
selection, enabling the model to better dis-
tinguish between conflicting tasks and share
knowledge across correlated ones.

o Extensive experiments on diverse benchmarks
demonstrate that EPT significantly outper-
forms SOTA PEFT and MoE-LoRA baselines.
Our results confirm that EPT not only achieves
superior performance in multi-task settings
but also exhibits better parameter efficiency
and robustness.

2 Related Work

2.1 Parameter-Efficient Fine-Tuning

PEFT has become crucial for adapting LLMs
with minimal computational cost (He et al., 2022).
Among them, LoRA (Hu et al., 2022) has taken a
dominant position in this field due to its efficient
inference performance. Its core principle lies in
indirectly updating the model weights by introduc-
ing trainable low-rank matrices, which can then
be merged back into the original network during
inference. This approach enables fine-tuning of the
model with almost no additional latency. Recent
improvements to LoRA generally fall into two cat-
egories: stability and scaling optimizations, such
as DoRA (Liu et al., 2024b) and rsLoRA (Kala-
jdzievski, 2023); and resource-efficiency improve-
ments, such as the quantization-based QLoRA
(Dettmers et al., 2023) and subspace deconvolu-
tion in DCFT (Zhang et al., 2025b). Attempts have
also been made to introduce dynamic rank allo-
cation. For instance, DyLoRA (Valipour et al.,
2023) and AdaLLoRA (Zhang et al., 2023) explore
dynamic rank training and budget allocation, re-
spectively. However, these methods are predomi-
nantly designed for single-task adaptation and of-
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Figure 1: The overall framework of EPT. The overall architecture of EPT resembles a parameter pyramid, consisting
of a shared meta-knowledge subspace and multiple deconvolutional projection layers of varying dimensions.

ten incur substantial computational overheads due
to complex implementation. They fail to address
the core challenge of multi-task scenarios, where
task complexity varies significantly. Consequently,
it is imperative to develop a unified PEFT frame-
work capable of dynamic rank adaptation across
multiple tasks, all while maintaining strict training
efficiency.

2.2 Mixture of LoRA

Recent advancements integrate the MoE paradigm
(Jacobs et al., 1991) into PEFT by treating LoORA
modules as experts. These architectures leverage
token-level routing to scale capacity while reduc-
ing training and inference costs. Foundational
mechanisms, such as sparsely-gated top-k routing
(Shazeer et al., 2017; Fedus et al., 2022) and aux-
iliary load-balancing losses (Lepikhin et al., 2021;
Zoph et al., 2022), are adapted to optimize ex-
pert utilization; others employ Expert-Choice rout-
ing (Zhou et al., 2022) to invert the selection pro-
cess. In this domain, MoELoRA (Liu et al., 2024a;
Luo et al., 2024) and AlphalLoRA (Qing et al.,
2024) focus on contrastive guidance and layer-
wise quality allocation. To mitigate redundancy,
MoLA (Gao et al., 2025) and HydralLoRA (Tian
et al., 2024) optimize expert allocation and fusion.
Furthermore, MixLoRA (Li et al., 2024) targets
high-throughput inference, while MoRE (Zhang
et al., 2025a) and SMoRA (Zhao et al., 2025) ad-
vocate for fine-grained, rank-level expert sharing.
However, these Multi-LoRA schemes remain con-
strained by adapter duplication and selection over-
head, leading to parameter inflation and suboptimal
latency. We introduce EPT, a lightweight design
leveraging a a shared meta-knowledge subspace

and a pyramid projection mechanism to achieve a
superior trade-off between accuracy and efficiency.

3 Method

3.1 Expert Pyramid Tuning

The overall pipeline of EPT is illustrated in Fig-
ure 1. To overcome the parameter redundancy
inherent in independent expert learning, we pro-
pose a decomposition strategy that separates shared
meta-knowledge from task-specific structural adap-
tations. We conceptualize the vast parameter space
of large language models as a manifold where di-
verse tasks share a common low-dimensional la-
tent structure. Accordingly, we explicitly construct
a shared meta-knowledge Subspace, denoted as
Zoneta € RV where h, w < dpode;. This sub-
space is designed to encode universal linguistic
patterns in low dimensions and is initialized as a
learnable parameter shared across all tasks and ex-
perts. Specifically, Z,¢; is defined as the product
of two low-rank matrices:

Zmeta =B A7 (1)

where A and B are learnable low-rank projection
matrices. While conventional LoRA-style meth-
ods typically zero-initialize one of the matrices, we
employ a random Gaussian distribution for both
A and B. This ensures that the meta-knowledge
seed Z,,etq captures a rich, non-degenerate latent
representation from the onset of training. Unlike
traditional methods that directly learn full-rank or
low-rank matrices for each expert, EPT constructs
a parameter pyramid by projecting this subspace
into varying granularities. We define a set of N
deconvolutional experts, where the i-th expert is



parameterized by a unique kernel tensor ;. Cru-
cially, to emulate the multi-scale hierarchy of visual
processing, each kernel K; is assigned a distinct
spatial configuration (i.e., kernel size s;). This
design ensures that each expert captures feature
dependencies at a specific scale. Let Deconv(-)
denote the transposed convolution operator. The
projection process for the i-th expert is defined as:

W, = Deconv(Zpeta; Ki), )

to ensure that the initial output of these experts
does not perturb the pre-trained weights, we ini-
tialize each kernel /IC; to zero. Z,,eiq SEIVEs as
the seed of meta-knowledge, reconstructed into
high-dimensional features. To ensure efficiency
and structural consistency, we set the deconvolu-
tion stride to s; and employ an Adaptive LoRA
Pruner to maintain a uniform output dimension-
ality across experts. Consequently, the resulting
set of matrices {W1,..., Wy} forms a parameter
pyramid. To adaptively combine these multi-scale
features, EPT employs a Top-k routing mechanism.
Given an input z, the gating score G(z); for the
1-th expert is defined as:

exp(r;/T)

o) = Zjep eXP(Tj/T) ,

r=W,-z, (3)

where P is the set of indices corresponding to the
top-k values in r, and W,. is the router weight, and
T is the temperature parameter that controls the
smoothness of the gating distribution. The final
weight for the EPT layer is then computed as a
weighted sum:

W =W,+) Gx); W, 4)
1€P

where Wy represents the pre-trained frozen
weights. Experts with smaller kernels focus on
local, fine-grained patterns derived from the meta-
knowledge, while experts with larger kernels cap-
ture global, long-range semantic dependencies. In
our implementation, we typically set k = 2, allow-
ing the model to jointly leverage fine-grained local
patterns (from small kernels) and global semantic
dependencies (from large kernels).

3.2 Adaptive LoRA Pruner

In multi-task scenarios, facilitating the reuse of
meta-knowledge across diverse tasks is critical
for maximizing parameter utility. While standard
MOoE-LoRA variants assign independent LoRA

modules as experts, this disjoint approach hinders
the learning of universal representations. To over-
come this, we propose the Adaptive LoRA Pruner,
a mechanism that dynamically tailors the active
parameters of the meta-knowledge base to match
the granularity required by the current task scale.
Specifically, for an expert ¢ requiring a target gran-
ularity (h¢,w), we do not utilize the full meta-
matrices. Instead, we slice the foundational ma-
trices B € RffmaeXB and A € RIFEXWmas into
B.j, . and A. .., respectively, where 12 denotes the
shared latent rank. This generates a scale-specific
meta-seed:

Zmetat) = B: he, t A wy, ®))
consequently, the resulting va?eta is a matrix of size
h: x wy, effectively capturing a sub-region of the
meta-knowledge space calibrated to the target scale.
Finally, fol)em is projected by a scale-specific de-
convolutional kernel /C; to produce the weight W,
whose dimensions are strictly consistent with the
pre-trained weights of the -th target layer.

To ensure robust multi-task learning, we first
address the data imbalance issue common in large-
scale benchmarks. Following prior work (Zhang
et al., 2025a), we employ a Balanced Data Sam-
pling strategy. For a set of 7' tasks, we ensure
that each task t € {1,...,T} is sampled with
equal probability P, = 1/T, regardless of its origi-
nal dataset size | D;|. While this strategy balances
task-level contribution, it exacerbates the update
frequency imbalance within our nested EPT layer.
Under uniform task sampling, the parameters in the
shared meta-knowledge subspace (lower-indexed
dimensions) are updated in every training step (fre-
quency fspared = 1), Whereas task-specific pa-
rameters (higher-indexed dimensions d;) are only
updated when their corresponding task is sampled
(frequency fopecific = 1 /T).To bridge this T-fold
gap in update frequency and stabilize the optimiza-
tion landscape, we introduce the dimension-aware
scaling factor d;/T. The forward pass is defined

as:
ieP T

(Wix>a (6)

here, the factor 1/7 serves as a frequency compen-
sator: it scales down the per-step gradient magni-
tude of high-frequency shared dimensions to pre-
vent them from being overwritten by rapid oscilla-
tions, while the d; term accounts for the increasing



capacity of task-specific experts. This ensures that
over the entire training trajectory, the accumulated
gradient energy remains balanced across all dimen-
sions of the meta-knowledge subspace, facilitating
stable convergence in complex multi-task scenar-
ios.

3.3 Task Embedding

Although existing MoE approaches have achieved
notable progress in multi-task learning, they of-
ten fail to effectively disentangle the shared meta-
knowledge from task-specific unique features. This
limitation creates a bottleneck for the performance
of PEFT in multi-task scenarios. To overcome this
limitation, we propose introducing learnable task
embeddings to explicitly model the latent correla-
tions and discrepancies among tasks.

Specifically, we parameterize the set of all tasks
as a matrix E = {ej, ey,...,er}, where e; de-
notes the latent task prototype of the i-th task. To
endow these embeddings with explicit semantic
capabilities, we design a task-aware Contrastive
Learning objective. Let f; be the feature of sample
x; and e, be the corresponding task embedding.
We define the temperature-scaled similarity score
as s, = sim(f;,e;)/7. The contrastive loss is
formulated as:

ﬁcon =37 log —7T < (N
M i=1 Do €50

where M is the batch size and 7’ is the total number
of tasks. This objective essentially maximizes the
mutual information between sample features and
their task prototypes. Essentially, this loss function
maximizes the mutual information between sample
features and their corresponding task embeddings
while pushing away irrelevant task embeddings,
thereby compelling E to capture the intrinsic prop-
erties of the tasks. Furthermore, to ensure the gen-
erative capability of the model, we jointly optimize
the standard generation task loss:

L
Egen = _Zlogp(yj‘y<j;xy et)a (8)
j=1

where y denotes the ground truth tokens. By jointly
optimizing Liotqr = Lgen + Alcon, We achieve
high-quality task representation learning in an un-
supervised setting, significantly enhancing the ro-
bustness of multi-task fine-tuning.

4 Experiment

4.1 Experimental Settings

We use PyTorch (Paszke et al., 2019) to implement
all the algorithms. LLaMA2-7B (Touvron et al.,
2023a) and T5-base (Raffel et al., 2020) are em-
ployed as our foundational backbones. Optimiza-
tion is performed using the AdamW optimizer with
a peak learning rate of 3 x 10~%, accompanied by a
linear decay schedule and a 500-step warmup phase.
All models are trained for 5 epochs with a global
batch size of 32 and a maximum input sequence
length of 128 tokens. For the EPT-specific hyper-
parameters, we set the contrastive loss weight A to
0.1 and the softmax temperature 7 to 0.05. specific
hyperparameters are detailed in Appendix D. Com-
putational resources consist of a single NVIDIA
Tesla A100 GPU for T5-base and a cluster of three
NVIDIA Tesla A800 GPUs for LLaMA2-7B.

4.1.1 Datasets

For evaluation, we adopt the GLUE benchmark
(Wang et al., 2018), a widely recognized bench-
mark for natural language understanding, including
CoLA (Warstadt et al., 2019), SST-2 (Socher et al.,
2013), MRPC (Dolan and Brockett, 2005), QQP
(Wang et al., 2018), STS-B (Wang et al., 2018),
MNLI (Williams et al., 2018), QNLI (Rajpurkar
et al., 2016) and RTE (Dagan et al., 2006). Addi-
tionally, we included datasets like BoolQ (Clark
et al., 2019), OBQA (Mihaylov et al., 2018), and
ARC (Clark et al., 2019) to test commonsense rea-
soning abilities. We present the dataset statistics in
the Appendix A.1 and A.2.

4.2 Overall Performance

As shown in Table 2 and Table 3, the perfor-
mance on the GLUE benchmark and commonsense
reasoning tasks indicates that the EPT method
demonstrates exceptional results in few-parameter
fine-tuning multi-task scenarios, outperforming the
LoRA series of methods. In the GLUE task, we
adopt T5-base as the backbone. Specifically, with
only 0.41M parameters per task, EPT achieved
an average score of 87.0% across eight GLUE
tasks. It attained the best performance on six of
these tasks—MNLI, QNLI, SST-2, MRPC, RTE,
and CoLA—significantly surpassing all other com-
parative methods, including those with higher pa-
rameter efficiency as well as advanced methods
with comparable or greater parameter counts. This
suggests that EPT achieves optimal overall perfor-



Methods params/task MNLI QQP QNLI SST-2 STS-B MRPC RTE CoLA AVG
Finetuning 28M 85.7 91.1 92.0 92.5 88.8 90.2 754 54.9 83.8
Adapters 1.8M 86.3 90.5 93.2 93.0 89.9 90.2 70.3 61.5 84.4
PT 9.6k 85.6 90.6 93.2 93.9 89.9 86.3 67.6 55.3 82.8
LoRA,—g 0.39M 85.8 89.2 93.1 93.2 90.4 89.9 76.3 62.8 85.1
LoRA;—16 0.78M 84.9 89.6 93.0 93.7 90.4 88.7 80.6 63.9 85.6
HyperFomer 638K 85.7 90.0 93.0 94.0 89.7 87.2 754 63.7 84.8
MPT 10.5K 84.3 90.0 93.0 93.3 90.4 89.2 82.7 63.5 85.8
MultiLoRA 1.56M 85.9 89.7 92.8 94.5 89.8 88.2 80.6 66.9 86.0
MixLoRA 1.49M 85.8 90.0 92.9 93.7 90.3 89.2 78.4 67.2 859
MOELoRA 0.81M 86.3 90.4 93.2 94.2 89.8 90.7 79.9 65.3 86.240.15
MoRE 0.81M 85.6 90.2 93.1 93.9 89.9 90.7 77.7 68.7 86.2.10.03
EPT 0.41M 86.4 90.2 93.6 94.5 90.0 90.7 82.0 68.9  87.0+0.05

Table 2: Performance on GLUE benchmark. For STS-B, we report Pearson correlation coefficients. For CoLA, we
report Matthews correlation. For all other tasks, we report Accuracy. The best score , and second best score are
red, and orange, respectively. Subscripts denote the standard deviation of the average score over three runs.

Methods params/task BoolQ OBQA ARC-E ARC-C AVG
LoRA 2.1M 74.0 74.0 80.9 63.5 73.1
MultiLoRA 10M 76.5 68.2 81.2 61.9 72.0
MOELoRA 4.5M 73.3 67.8 71.5 57.5 67.5
MoRE 4.5M 74.7 80.5 80.0 64.5 74.9
EPT | 33M 76.1 784 81.4 66.2 75.5

Table 3: Accuracy of all methods on Commonsense Reasoning tasks. The backbone is Llama2-7B.

mance while maintaining high parameter efficiency.
The results show that by employing a task-specific
embedding mechanism and a multi-scale pyramid
projection mechanism, EPT can efficiently manage
task information and accurately capture the low-
dimensional latent structures across different tasks,
thereby enhancing model performance without ex-
cessive parameter tuning. In contrast, parameter-
efficient fine-tuning baseline methods, which lack
mechanisms for integrating shared knowledge and
require larger amounts of training data, perform
poorly on small datasets. Although multi-task base-
line methods consider knowledge sharing, they fail
to adequately distinguish subtle differences among
tasks, resulting in performance that lags behind
EPT.

In commonsense reasoning tasks, we employ
the larger LLAMA-2-7B as the backbone model.
As the model parameters increase, EPT achieves
the highest accuracy while using only 3.3M pa-
rameters per task, demonstrating its robustness
across diverse scenarios. Compared to simple en-
semble methods such as MixLoRA or MoELoRA,
MOoRE proves more effective at handling the com-

plex and nuanced demands of commonsense rea-
soning tasks.

4.3 Expert Allocation Analysis

After fine-tuning each task, we analyzed the distri-
bution of expert weights across all layers. Experts
1-8 represent gradually increasing deconvolution
dimensions, as shown in Figure 2(a). The anal-
ysis results indicate that different tasks typically
correspond to different experts with the highest ac-
tivation counts, which is largely consistent with our
design philosophy. Furthermore, the figure reveals
that the model learns to employ more advanced
experts for larger, more challenging datasets. For
instance, the large datasets QNLI and QQP pre-
dominantly utilize Expert 8, while MNLI relies
more on Expert 7. In contrast, smaller and simpler
datasets like STSB and RTE activate lower-level
experts, such as Experts 1 and 2, more frequently.
This confirms that EPT can effectively assign suit-
able experts to different tasks, thereby enhancing
multi-task processing capabilities.
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Figure 2: We present a visualization of the dataset analysis. Figure (a) shows the activation of each expert during the
GLUE benchmark testing. Figure (b) displays the task embeddings from the final layer of the self-attention module.

Methods MNLI QQpP QNLI SST-2 STS-B MRPC RTE CoLA AVG
EPT-2 86.0 90.4 93.2 94.8 90.2 90.2 83.5 63.7 86.5
EPT-4 86.1 90.4 93.2 94.4 89.8 88.2 82.0 65.7 86.2
EPT-6 85.9 90.3 93.4 93.7 90.3 90.7 74.8 68.0 85.9
EPT-8 86.2 90.4 93.5 94.3 90.4 89.2 79.1 67.6 86.3
EPT-2468 86.4 90.2 93.6 94.5 90.0 90.7 82.0 68.9 87.0

Table 4: Ablation Experiment Results. We conduct ablation experiments on initialization methods (AB init), Top-K,

and the Adaptive LoRA Pruner (ALP) modules.

4.4 Task Embeddings Analysis

In this section, we explore the critical role of task
embeddings in EPT’s selection of experts. We visu-
alize these embeddings using Principal Component
Analysis (PCA) from the final layer of the self-
attention module, as shown in Figure 2(b). The
results reveal clear clustering patterns for simi-
lar tasks (such as QNLI and MNLI) and signifi-
cant separation for tasks with notable differences
(like STSB and CoLLA). This is because QNLI and
MNLI are both natural language inference tasks
with similar formats and objectives, whereas STSB
(a semantic textual similarity regression task) and
CoLA (a linguistic acceptability judgment task)
differ fundamentally in their required reasoning.
These findings confirm that EPT can effectively dis-
tinguish and relate tasks through task embeddings,
thereby optimizing the expert selection mechanism
and enhancing the overall performance of EPT.

4.5 EPT Analysis

A core motivation of EPT is that tasks of vary-
ing complexities require different representational
granularities. To verify the necessity of the multi-
scale pyramid structure, we conduct a compar-
ative analysis by fixing the expert dimensions.
Specifically, we compare our EPT-2468 configura-

tion (with expert dimensions {2,2, 4,4, 6,6, 8, 8})
against four baselines where all experts are as-
signed identical dimensions: EPT-2, EPT-4, EPT-
6, and EPT-8. In all settings, the total number of
experts is maintained at eight to ensure a fair com-
parison of architectural influence. As illustrated
in our experimental results, the EPT-2468 config-
uration consistently outperforms all counterparts
across the majority of multi-task benchmarks. We
observe that while EPT-8 provides high capacity
for linguistically complex tasks (e.g., CoLA), it of-
ten suffers from over-parameterization on simpler
tasks (e.g., RTE), leading to suboptimal general-
ization. Conversely, EPT-2 maintains high effi-
ciency but lacks the expressive power required for
deep semantic reasoning. The superiority of EPT
stems from its structural diversity. By projecting
the shared meta-knowledge subspace into a multi-
dimensional pyramid, EPT creates a more flexible
hypothesis space. The router is not merely choos-
ing between redundant experts of the same scale,
but is dynamically allocating the most appropriate
resolution of features for each task. This allows the
model to capture fine-grained syntactic patterns via
low-dimensional projections while simultaneously
leveraging high-dimensional projections for global
semantic abstraction. These results confirm that



ABinit Top-K ALP | MNLI QQP QNLI SST-2 STS-B MRPC RTE CoLA AVG
X X X 85.5 90.0 927 93.7 89.0 90.2 813  65.7 86.0
X X 4 85.6 902 93.1 93.9 89.9 90.7 717 687 86.2
v X 4 86.3 904 932 94.3 90.2 88.7 80.6  68.1 86.5
4 v/ X 86.1 90.0 935 93.9 90.4 88.7 82.0 652 86.2
X 4 v 86.2 902 934 94.8 90.3 90.2 79.1 69.4 86.7
v v v 86.4 90.2  93.6 94.5 90.0 90.7 82.0 68.9 87.0

Table 5: Ablation Experiment Results. We conduct ablation experiments on initialization methods (AB init), Top-K,

and the Adaptive LoRA Pruner (ALP) modules.

the EPT effectively mitigates negative transfer by
providing a specialized capacity for diverse task
demands, which a homogeneous expert pool fails
to achieve.

4.6 Ablation Study

In this section, we conduct a comprehensive ab-
lation study to systematically evaluate the contri-
bution of each component in our framework. All
experiments are performed under the same set of
hyperparameters. The results are shown in Table 5,
where the method that simultaneously adopts AB
initialization, Top-K, and Adaptive LoRA Pruner
achieves the best overall performance.

Effectiveness of AB init. Comparing the first
and third rows, we observe that replacing the stan-
dard zero-initialization with our random Gaussian
initialization for both A and B matrices (AB init)
leads to a performance gain (from 86.2 to 86.5 in
average score). This confirms our hypothesis that
a non-degenerate latent representation at the onset
of training provides a richer meta-knowledge seed,
which is crucial for subsequent deconvolutional
reconstruction.

Impact of Top-K Routing. The routing mech-
anism plays a pivotal role in multi-scale feature
fusion. When comparing the third and sixth rows,
the inclusion of Top-K routing (with k& = 2) con-
sistently improves performance across most tasks,
particularly on RTE (+1.4) and QNLI (+0.4). This
suggests that adaptively selecting and combining
experts with different kernel sizes allows the model
to better balance local fine-grained patterns and
global semantic dependencies.

Role of Adaptive LoRA Pruner. The ALP mod-
ule is designed to maintain structural consistency
and balance update frequencies. As shown in the
fifth and sixth rows, the full EPT model (incorpo-
rating ALP) achieves the highest average score of
87.0%. Notably, on the CoLLA and SST-2 datasets,
the presence of ALP significantly contributes to

stability and accuracy. The results indicate that
the dimension-aware scaling and the dynamic slic-
ing mechanism in ALP effectively prevent univer-
sal meta-knowledge from being overwritten during
task-specific adaptations.

5 Conclusion

In this paper, we introduced Expert Pyramid Tun-
ing (EPT), a novel parameter-efficient fine-tuning
framework that addresses the inherent limitations
of uniform architectures in existing MoE-LoRA
variants. By drawing inspiration from the multi-
scale feature hierarchies in computer vision, EPT
effectively captures the diverse granularities re-
quired by different linguistic tasks. Our approach
decomposes task adaptation into a shared meta-
knowledge subspace and a Pyramid Projection
Mechanism, allowing the model to reconstruct fea-
tures at varying scales through deconvolutional ex-
perts. To ensure structural consistency and training
stability, we proposed the Adaptive LoORA Pruner
(ALP), which utilizes a dimension-aware scaling
factor to balance update frequencies across shared
and task-specific parameters. Furthermore, our
Contrastive Learning-based task embedding mod-
ule significantly enhances expert routing by explic-
itly modeling the latent correlations and discrep-
ancies among tasks. Extensive experiments on the
GLUE benchmark and commonsense reasoning
tasks demonstrate that EPT achieves SOTA perfor-
mance, outperforming existing PEFT and MoE-
LoRA baselines with high parameter efficiency.
Notably, the re-parameterization capability of EPT
achieves these performance gains with fewer train-
ing parameters. We believe that the concept of a
parameter pyramid provides a promising direction
for future research in multi-task adaptation and the
deployment of Large Language Models in resource-
constrained environments.



Limitations

This study has two main limitations. First, al-
though the proposed expert pyramid introduces
multi-dimensional projections within a single layer
to capture diverse feature granularities, the spe-
cific configuration of these dimensions is currently
treated as a static hyperparameter. Future research
could explore dynamic dimension allocation or au-
tomated gating mechanisms to further refine the ef-
ficiency of this multi-dimensional projection. Sec-
ond, due to computational resource constraints, our
evaluation is primarily focused on downstream fine-
tuning tasks. While these results demonstrate the
efficacy of the proposed method, its performance
and stability during large-scale pre-training from
scratch remain to be validated. Exploring the scala-
bility of the expert pyramid in foundational model
training is a crucial next step.
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A Datasets

A.1 NLU Datasets

For evaluation, we adaopt the GLUE benchmark
(Wang et al., 2018), including CoLA (Warstadt
et al., 2019), SST-2 (Socher et al., 2013), MRPC
(Dolan and Brockett, 2005), QQP (Wang et al.,
2018), STS-B (Wang et al., 2018), MNLI (Williams
et al., 2018), QNLI (Rajpurkar et al., 2016) and
RTE (Dagan et al., 2006). We present the dataset
statistics of GLUE in the following table 6.

Dataset ‘ Metric #Train #Valid #Test #Label
CoLA Mce 8.5k 1,043 1,063 2
SST-2 Acc 67k 872 1.8k 2
MRPC Acc 3.7k 408 1.7k 2
QQpP Acc/F1 364k 404k 391k 2
STS-B Corr 5.7k 1.5k 1.4k 1
MNLI Acc(m/mm) 393k 20k 20k 3
QNLI Acc 105k 55k 5.5k 2
RTE Acc 2.5k 277 3k 2

Table 6: Dataset Sizes and Evaluation Metrics in the
GLUE Benchmark. "Mce," "Acc," "F1," and "Corr" de-
note the Matthews correlation coefficient, accuracy, F1
score, and Pearson correlation coefficient, respectively.
"Acc(m/mm)" indicates accuracy results for matched
and mismatched datasets within MNLL.

A.2 Commonsense Datasets

We present the dataset statistics of commonsense
reasoning in the table 7. Additionally, we included
datasets like BoolQ (Clark et al., 2019), OBQA
(Mihaylov et al., 2018), and ARC (Clark et al.,
2019) to test commonsense reasoning abilities.

Dataset ‘ Metric #Train #Valid #Test #Label

BoolQ Acc 9.4k 3.3k 3.2k 2
OBQA Acc 4.9k 500 500 4
ARC-E Acc 2.2k 570 2.4k 4
ARC-C Acc 1.1k 299 1.2k 4

Table 7: Dataset Sizes and Evaluation Metrics in
the commonsense question-answering datasets, where
BoolQ is a binary classification (yes/no) task, while
OBQA and ARC are multiple-choice questions. ARC is
divided into two subsets: Easy (ARC-E) and Challenge
(ARC-C).
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B Algorithm

In this section, we provide a comprehensive break-
down of the Expert Parameter Pyramid (EPT) fine-
tuning pipeline. The EPT framework is designed
to bridge the gap between low-rank adaptation and
multi-scale expert modeling by generating a hierar-
chical set of adapters from a shared meta-parameter
space.

Algorithm 1 outlines the end-to-end training pro-
cedure for EPT. Unlike traditional LoRA (Hu et al.,
2022) which applies a single fixed-rank update,
EPT constructs a pyramid of expert weights W,
with varying dimensionalities. This allows the
model to capture both coarse-grained task features
and fine-grained linguistic nuances simultaneously.

C Parameter Efficiency Analysis

In this section, we provide a quantitative analysis
of the parameter efficiency of EPT compared to
existing Mixture-of-Experts (MoE) based LoRA
variants. For a fair comparison, we use the T5-base
model as the backbone (d = 768) and evaluate
the additional trainable parameters per layer (ex-
cluding router parameters). We assume a standard
configuration with N = 8 experts and a hidden
rank r = 8.

Comparison with BaselinesTraditional MoE-
LoRA architectures assign independent low-rank
matrices to each expert. The total parameters per
layer are calculated as N x (d X r + r x d). For
N = 8, this results in:

PyvoE-Lora = 8 X (768 x 8 + 8 x 768) = 98, 304

©)
Recent variants like MoRE attempt to reduce redun-
dancy by sharing parameters across experts. While
this significantly lowers the overhead, it effectively
reduces to a single set of shared low-rank matrices:

Puiore = T68 x 8 + 8 x 768 = 12,288  (10)

EPT Efficiencyln contrast, EPT optimizes effi-
ciency by decomposing the adaptation into a shared
meta-knowledge subspace and a lightweight pyra-
mid projection mechanism. Our parameter count
consists of two parts:Shared Meta-knowledge Sub-
space: We employ a reduced-dimension subspace
(dsup = 384,r = 8), yielding 2 x (384 x 8) =
6, 144 parameters.Pyramid Projection Kernels: In-
stead of full matrices, EPT utilizes small decon-
volutional kernels. For a pyramid with scales
s € {2,4,6,8}, the parameters are > 2 x s?



Algorithm 1 EPT Fine-tuning Pipeline

Input: Pre-trained Model f, (frozen); Dataset D; Initial EPT parameters © = {A, B, K, E, W, }.
Output: Optimized EPT parameters ©*.
1: Initialize: A, B ~ Gaussian, IC < 0, E < Random
2: Freeze backbone parameters ¢
3: while training do
4. for each batch {(z,t,y)} C D do
5: /I 1. Parameter Pyramid Generation (Offline per batch)
6: Zmeta «~B-A
7 for: =1to N do
8 W, < Deconv(Slice(Zmeta, d;i); K;) {Build Expert Pyramid}
9

: end for
10: /I 2. Multi-task Forward Propagation
11: h « f4(x) {Backbone feature extraction}
12: Lcon < Contrastive(h, E, t) {Task embedding alignment}
13: /I 3. Layer-wise EPT Adaptation
14: P « Top-k(Router(x; W,.)) {Identify task-appropriate scales}
15: Ah <Y . pG(x); - (%) - (W;h) {Pyramid aggregation}
16: /1 4. Prediction and Joint Optimization
17: y < Head(h + Ah) {Residual-style adaptation }
18: Lgen < CrossEntropy(y, y)
19: Liotal < Egen + ALcon
20: /1 5. Parameter Update
21: O + 0 — nVeLiota {Update only EPT modules}

22:  end for
23: end while
24: return ©

2 x (22 + 42 4 62 + 82) = 240. The total parame-  evaluation set during the training process.
ters for EPT are:

Hyperparameter Value
Pepr = 6,144 4 240 = 6, 384 an —
Optimizer AdamW
D Hyperparameters Learning Rate 3x 1074
) . Weight Decay 0.01
All experiments were conducted using the Deep- Total Batch Size 39
Speed framework on 4 NVIDIA GPUs. We em- Training Epochs 5
ployed the AdamW optimizer with a learning rate Max Sequence Length 128
of 3 x 107, a linear learning rate scheduler, and Warmup Steps 500
a warmup phase of 500 steps. The training was LoRA Rank (R) ]
performed for 5 epochs with a per-device batch LoRA Alpha (a) 32
size of 8, resulting in a total effective batch size Target Modules qk v o up down

of 32. For parameter-efficient fine-tuning, we inte- MOoE Top-k )
grated LoRA adapters with a rank (R) of 8 and an Expert Kernel Sizes [2,2,4,4,6,6,8,8]

alpha («) of 32, targeting all primary projection lay-
ers including @), K, V, O and MLP matrices. Fur- Table 8: Hyperparameter settings.
thermore, we implemented a Mixture-of-Experts
(MokE) strategy using a Top-2 routing mechanism
and a multi-scale expert kernel configuration of
2,2,4,4,6,6,8, 8] to capture features across vary-
ing dimensions. The final model was selected
based on the best performance achieved on the
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