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Abstract001

Parameter-Efficient Fine-Tuning (PEFT) has002
become a dominant paradigm for deploying003
LLMs in multi-task scenarios due to its ex-004
treme parameter efficiency. While Mixture-005
of-Experts (MoE) based LoRA variants have006
achieved promising results by dynamically rout-007
ing tokens to different low-rank experts, they008
largely overlook the hierarchical nature of task009
complexity. Existing methods typically em-010
ploy experts with uniform architectures, limit-011
ing their ability to capture diverse feature granu-012
larities required by distinct tasks—where some013
tasks demand high-level semantic abstraction014
while others require fine-grained syntactic ma-015
nipulation. To bridge this gap, we propose016
Expert Pyramid Tuning (EPT), a novel archi-017
tecture that integrates the multi-scale feature018
pyramid concept from computer vision into the019
realm of PEFT. Unlike standard LoRA, EPT de-020
composes task adaptation into two stages: (1) A021
shared meta-knowledge Subspace that encodes022
universal linguistic patterns in low dimensions;023
(2) A Pyramid Projection Mechanism that uti-024
lizes learnable up-projection operators to re-025
construct high-dimensional features at varying026
scales. A task-aware router then dynamically027
selects the optimal combination of these multi-028
scale features. Extensive experiments across029
multiple multi-task benchmarks demonstrate030
that EPT significantly outperforms SOTA MoE-031
LoRA variants. Crucially, thanks to the re-032
parameterization capability of our design, EPT033
achieves this performance improvement while034
simultaneously reducing the number of train-035
ing parameters. Our code is publicly available036
at: https://anonymous.4open.science/r/037
EPT-B0E4.038

1 Introduction039

Large Language Models (LLMs) have demon-040

strated remarkable generalization capabilities041

across a wide spectrum of natural language pro-042

cessing tasks (OpenAI et al., 2024; Touvron et al.,043

Rank MRPC RTE SST-2 CoLA

1 89.7 77.6 94.4 60.9
2 89.2 78.7 94.6 60.0
4 88.7 80.5 94.8 61.9
8 89.2 77.6 94.5 63.3
16 89.2 80.1 94.4 62.3
32 89.5 79.1 94.5 60.5

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

2023b). However, adapting these general-purpose 044

models to specific downstream scenarios remains 045

a significant challenge, particularly in multi-task 046

settings. Full fine-tuning is often computationally 047

prohibitive and storage-intensive due to the im- 048

mense scale of parameters (Lv et al., 2024). Con- 049

sequently, Parameter-Efficient Fine-Tuning (PEFT) 050

has emerged as a dominant paradigm (Mangrulkar 051

et al., 2022; Liu et al., 2022; Zhang et al., 2024). 052

Among PEFT techniques, LoRA (Hu et al., 2022) 053

has gained widespread adoption by freezing the 054

pre-trained weights and optimizing low-rank de- 055

composition matrices, thereby striking a favorable 056

balance between adaptation performance and re- 057

source efficiency. 058

Despite its success, standard LoRA struggles 059

to handle the conflicting gradients often inherent 060

in multi-task learning, leading to significant per- 061

formance degradation known as "negative trans- 062

fer." To mitigate this, recent studies have integrated 063

the Mixture-of-Experts (MoE) architecture into 064

LoRA (Liu et al., 2024a; Luo et al., 2024; Dou 065

et al., 2024), utilizing gating mechanisms to dy- 066

namically route tokens to different low-rank ex- 067

perts. While promising, these methods typically 068

overlook a fundamental characteristic of language 069

processing: the hierarchical nature of task complex- 070

ity. Existing MoE-LoRA variants predominantly 071

employ experts with a uniform architecture (i.e., 072
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identical rank and capacity) (Gao et al., 2025; Lin073

et al., 2025). This "one-size-fits-all" design is sub-074

optimal, as different tasks require feature adapta-075

tion at varying granularities, as demonstrated by076

the results in Table 1. For instance, simple tasks077

may only require high-level semantic abstraction,078

whereas complex reasoning or syntactic parsing079

often demands fine-grained manipulation of repre-080

sentations. Forcing uniformly structured experts081

to handle such diverse complexities restricts the082

model’s expressiveness and parameter efficiency.083

To address this limitation, we draw inspiration084

from the multi-scale feature hierarchies widely085

successful in Computer Vision, such as Feature086

Pyramid Networks (FPN) (Lin et al., 2017). In087

visual processing, recognizing objects at different088

scales requires capturing features at varying reso-089

lutions. We posit that a similar principle applies090

to parameter-efficient tuning: effective multi-task091

adaptation requires a "Parameter Pyramid" capa-092

ble of reconstructing features at multiple levels of093

granularity. Instead of learning independent, redun-094

dant matrices for every expert, we argue that task095

adaptation should be decomposed into a universal096

linguistic basis and a task-specific scale projection.097

Specifically, we first optimize a low-dimensional098

LoRA incremental matrix. Treating deconvolu-099

tion layers as experts, we train multiple deconvolu-100

tional modules with varying dimensions to project101

this low-dimensional linguistic basis onto different102

scales. To align the projected matrices with the103

dimensions of the frozen pre-trained parameters,104

EPT incorporates a novel Adaptive LoRA Pruner.105

This design enables experts across different tasks106

to share communal knowledge while preserving107

unique, task-specific information. Furthermore,108

to fully exploit the discrepancies and correlations109

among tasks for accurate expert selection, we de-110

velop a Contrastive Learning (CL)-based Task Em-111

bedding Module. This module assigns a dedicated112

embedding to each task and employs contrastive113

optimization to ensure the quality and discrimi-114

native power of the learned representations. We115

conducted experiments on a wide range of bench-116

marks to verify the effectiveness of EPT. Our main117

contributions are as follows:118

• We propose Expert Pyramid Tuning (EPT), a119

novel parameter-efficient framework that in-120

troduces the concept of multi-scale feature hi-121

erarchies to LoRA-based MoE. By construct-122

ing a expert pyramid, EPT dynamically allo-123

cates representational capacity based on task 124

complexity, effectively mitigating negative 125

transfer while maintaining high parameter ef- 126

ficiency. 127

• To ensure compatibility with frozen pre- 128

trained weights, we introduce an Adaptive 129

LoRA Pruner, which aligns the projected 130

multi-scale features with the model’s intrinsic 131

dimensions, allowing for flexible and granular 132

feature adaptation. 133

• We develop a Contrastive Learning-based task 134

embedding module to optimize expert rout- 135

ing. This mechanism ensures precise expert 136

selection, enabling the model to better dis- 137

tinguish between conflicting tasks and share 138

knowledge across correlated ones. 139

• Extensive experiments on diverse benchmarks 140

demonstrate that EPT significantly outper- 141

forms SOTA PEFT and MoE-LoRA baselines. 142

Our results confirm that EPT not only achieves 143

superior performance in multi-task settings 144

but also exhibits better parameter efficiency 145

and robustness. 146

2 Related Work 147

2.1 Parameter-Efficient Fine-Tuning 148

PEFT has become crucial for adapting LLMs 149

with minimal computational cost (He et al., 2022). 150

Among them, LoRA (Hu et al., 2022) has taken a 151

dominant position in this field due to its efficient 152

inference performance. Its core principle lies in 153

indirectly updating the model weights by introduc- 154

ing trainable low-rank matrices, which can then 155

be merged back into the original network during 156

inference. This approach enables fine-tuning of the 157

model with almost no additional latency. Recent 158

improvements to LoRA generally fall into two cat- 159

egories: stability and scaling optimizations, such 160

as DoRA (Liu et al., 2024b) and rsLoRA (Kala- 161

jdzievski, 2023); and resource-efficiency improve- 162

ments, such as the quantization-based QLoRA 163

(Dettmers et al., 2023) and subspace deconvolu- 164

tion in DCFT (Zhang et al., 2025b). Attempts have 165

also been made to introduce dynamic rank allo- 166

cation. For instance, DyLoRA (Valipour et al., 167

2023) and AdaLoRA (Zhang et al., 2023) explore 168

dynamic rank training and budget allocation, re- 169

spectively. However, these methods are predomi- 170

nantly designed for single-task adaptation and of- 171
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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 due172

to complex implementation. They fail to address173

the core challenge of multi-task scenarios, where174

task complexity varies significantly. Consequently,175

it is imperative to develop a unified PEFT frame-176

work capable of dynamic rank adaptation across177

multiple tasks, all while maintaining strict training178

efficiency.179

2.2 Mixture of LoRA180

Recent advancements integrate the MoE paradigm181

(Jacobs et al., 1991) into PEFT by treating LoRA182

modules as experts. These architectures leverage183

token-level routing to scale capacity while reduc-184

ing training and inference costs. Foundational185

mechanisms, such as sparsely-gated top-k routing186

(Shazeer et al., 2017; Fedus et al., 2022) and aux-187

iliary load-balancing losses (Lepikhin et al., 2021;188

Zoph et al., 2022), are adapted to optimize ex-189

pert utilization; others employ Expert-Choice rout-190

ing (Zhou et al., 2022) to invert the selection pro-191

cess. In this domain, MoELoRA (Liu et al., 2024a;192

Luo et al., 2024) and AlphaLoRA (Qing et al.,193

2024) focus on contrastive guidance and layer-194

wise quality allocation. To mitigate redundancy,195

MoLA (Gao et al., 2025) and HydraLoRA (Tian196

et al., 2024) optimize expert allocation and fusion.197

Furthermore, MixLoRA (Li et al., 2024) targets198

high-throughput inference, while MoRE (Zhang199

et al., 2025a) and SMoRA (Zhao et al., 2025) ad-200

vocate for fine-grained, rank-level expert sharing.201

However, these Multi-LoRA schemes remain con-202

strained by adapter duplication and selection over-203

head, leading to parameter inflation and suboptimal204

latency. We introduce EPT, a lightweight design205

leveraging a a shared meta-knowledge subspace206

and a pyramid projection mechanism to achieve a 207

superior trade-off between accuracy and efficiency. 208

3 Method 209

3.1 Expert Pyramid Tuning 210

The overall pipeline of EPT is illustrated in Fig- 211

ure 1. To overcome the parameter redundancy 212

inherent in independent expert learning, we pro- 213

pose a decomposition strategy that separates shared 214

meta-knowledge from task-specific structural adap- 215

tations. We conceptualize the vast parameter space 216

of large language models as a manifold where di- 217

verse tasks share a common low-dimensional la- 218

tent structure. Accordingly, we explicitly construct 219

a shared meta-knowledge Subspace, denoted as 220

Zmeta ∈ Rh×w, where h,w ≪ dmodel. This sub- 221

space is designed to encode universal linguistic 222

patterns in low dimensions and is initialized as a 223

learnable parameter shared across all tasks and ex- 224

perts. Specifically, Zmeta is defined as the product 225

of two low-rank matrices: 226

Zmeta = B ·A, (1) 227

where A and B are learnable low-rank projection 228

matrices. While conventional LoRA-style meth- 229

ods typically zero-initialize one of the matrices, we 230

employ a random Gaussian distribution for both 231

A and B. This ensures that the meta-knowledge 232

seed Zmeta captures a rich, non-degenerate latent 233

representation from the onset of training. Unlike 234

traditional methods that directly learn full-rank or 235

low-rank matrices for each expert, EPT constructs 236

a parameter pyramid by projecting this subspace 237

into varying granularities. We define a set of N 238

deconvolutional experts, where the i-th expert is 239
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parameterized by a unique kernel tensor Ki. Cru-240

cially, to emulate the multi-scale hierarchy of visual241

processing, each kernel Ki is assigned a distinct242

spatial configuration (i.e., kernel size si). This243

design ensures that each expert captures feature244

dependencies at a specific scale. Let Deconv(·)245

denote the transposed convolution operator. The246

projection process for the i-th expert is defined as:247

Wi = Deconv(Zmeta;Ki), (2)248

to ensure that the initial output of these experts249

does not perturb the pre-trained weights, we ini-250

tialize each kernel Ki to zero. Zmeta serves as251

the seed of meta-knowledge, reconstructed into252

high-dimensional features. To ensure efficiency253

and structural consistency, we set the deconvolu-254

tion stride to si and employ an Adaptive LoRA255

Pruner to maintain a uniform output dimension-256

ality across experts. Consequently, the resulting257

set of matrices {W1, . . . ,WN} forms a parameter258

pyramid. To adaptively combine these multi-scale259

features, EPT employs a Top-k routing mechanism.260

Given an input x, the gating score G(x)i for the261

i-th expert is defined as:262

G(x)i =
exp(ri/τ)∑
j∈P exp(rj/τ)

, r = Wr · x, (3)263

where P is the set of indices corresponding to the264

top-k values in r, and Wr is the router weight, and265

τ is the temperature parameter that controls the266

smoothness of the gating distribution. The final267

weight for the EPT layer is then computed as a268

weighted sum:269

W = W0 +
∑
i∈P

G(x)i ·Wi, (4)270

where W0 represents the pre-trained frozen271

weights. Experts with smaller kernels focus on272

local, fine-grained patterns derived from the meta-273

knowledge, while experts with larger kernels cap-274

ture global, long-range semantic dependencies. In275

our implementation, we typically set k = 2, allow-276

ing the model to jointly leverage fine-grained local277

patterns (from small kernels) and global semantic278

dependencies (from large kernels).279

3.2 Adaptive LoRA Pruner280

In multi-task scenarios, facilitating the reuse of281

meta-knowledge across diverse tasks is critical282

for maximizing parameter utility. While standard283

MoE-LoRA variants assign independent LoRA284

modules as experts, this disjoint approach hinders 285

the learning of universal representations. To over- 286

come this, we propose the Adaptive LoRA Pruner, 287

a mechanism that dynamically tailors the active 288

parameters of the meta-knowledge base to match 289

the granularity required by the current task scale. 290

Specifically, for an expert i requiring a target gran- 291

ularity (ht, wt), we do not utilize the full meta- 292

matrices. Instead, we slice the foundational ma- 293

trices B ∈ RHmax×R and A ∈ RR×Wmax into 294

B:ht,: and A:,:wt respectively, where R denotes the 295

shared latent rank. This generates a scale-specific 296

meta-seed: 297

Zmeta(t) = B: ht, :A:, : wt, (5) 298

consequently, the resulting Z(t)
meta is a matrix of size 299

ht × wt, effectively capturing a sub-region of the 300

meta-knowledge space calibrated to the target scale. 301

Finally, Z(t)
meta is projected by a scale-specific de- 302

convolutional kernel Ki to produce the weight Wi, 303

whose dimensions are strictly consistent with the 304

pre-trained weights of the i-th target layer. 305

To ensure robust multi-task learning, we first 306

address the data imbalance issue common in large- 307

scale benchmarks. Following prior work (Zhang 308

et al., 2025a), we employ a Balanced Data Sam- 309

pling strategy. For a set of T tasks, we ensure 310

that each task t ∈ {1, . . . , T} is sampled with 311

equal probability Pt = 1/T , regardless of its origi- 312

nal dataset size |Dt|. While this strategy balances 313

task-level contribution, it exacerbates the update 314

frequency imbalance within our nested EPT layer. 315

Under uniform task sampling, the parameters in the 316

shared meta-knowledge subspace (lower-indexed 317

dimensions) are updated in every training step (fre- 318

quency fshared = 1), whereas task-specific pa- 319

rameters (higher-indexed dimensions dt) are only 320

updated when their corresponding task is sampled 321

(frequency fspecific = 1/T ).To bridge this T -fold 322

gap in update frequency and stabilize the optimiza- 323

tion landscape, we introduce the dimension-aware 324

scaling factor dt/T . The forward pass is defined 325

as: 326

L = W0x+
∑
i∈P

G(x)i ·
dt
T
· (Wix), (6) 327

here, the factor 1/T serves as a frequency compen- 328

sator: it scales down the per-step gradient magni- 329

tude of high-frequency shared dimensions to pre- 330

vent them from being overwritten by rapid oscilla- 331

tions, while the dt term accounts for the increasing 332
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capacity of task-specific experts. This ensures that333

over the entire training trajectory, the accumulated334

gradient energy remains balanced across all dimen-335

sions of the meta-knowledge subspace, facilitating336

stable convergence in complex multi-task scenar-337

ios.338

3.3 Task Embedding339

Although existing MoE approaches have achieved340

notable progress in multi-task learning, they of-341

ten fail to effectively disentangle the shared meta-342

knowledge from task-specific unique features. This343

limitation creates a bottleneck for the performance344

of PEFT in multi-task scenarios. To overcome this345

limitation, we propose introducing learnable task346

embeddings to explicitly model the latent correla-347

tions and discrepancies among tasks.348

Specifically, we parameterize the set of all tasks349

as a matrix E = {e1, e2, . . . , eT }, where ei de-350

notes the latent task prototype of the i-th task. To351

endow these embeddings with explicit semantic352

capabilities, we design a task-aware Contrastive353

Learning objective. Let fi be the feature of sample354

xi and eti be the corresponding task embedding.355

We define the temperature-scaled similarity score356

as si,k = sim(fi, ek)/τ . The contrastive loss is357

formulated as:358

Lcon = − 1

M

M∑
i=1

log
esi,ti∑T
k=1 e

si,k
, (7)359

where M is the batch size and T is the total number360

of tasks. This objective essentially maximizes the361

mutual information between sample features and362

their task prototypes. Essentially, this loss function363

maximizes the mutual information between sample364

features and their corresponding task embeddings365

while pushing away irrelevant task embeddings,366

thereby compelling E to capture the intrinsic prop-367

erties of the tasks. Furthermore, to ensure the gen-368

erative capability of the model, we jointly optimize369

the standard generation task loss:370

Lgen = −
L∑

j=1

logP (yj |y<j ;x, et), (8)371

where y denotes the ground truth tokens. By jointly372

optimizing Ltotal = Lgen + λLcon, we achieve373

high-quality task representation learning in an un-374

supervised setting, significantly enhancing the ro-375

bustness of multi-task fine-tuning.376

4 Experiment 377

4.1 Experimental Settings 378

We use PyTorch (Paszke et al., 2019) to implement 379

all the algorithms. LLaMA2-7B (Touvron et al., 380

2023a) and T5-base (Raffel et al., 2020) are em- 381

ployed as our foundational backbones. Optimiza- 382

tion is performed using the AdamW optimizer with 383

a peak learning rate of 3×10−4, accompanied by a 384

linear decay schedule and a 500-step warmup phase. 385

All models are trained for 5 epochs with a global 386

batch size of 32 and a maximum input sequence 387

length of 128 tokens. For the EPT-specific hyper- 388

parameters, we set the contrastive loss weight λ to 389

0.1 and the softmax temperature τ to 0.05. specific 390

hyperparameters are detailed in Appendix D. Com- 391

putational resources consist of a single NVIDIA 392

Tesla A100 GPU for T5-base and a cluster of three 393

NVIDIA Tesla A800 GPUs for LLaMA2-7B. 394

4.1.1 Datasets 395

For evaluation, we adopt the GLUE benchmark 396

(Wang et al., 2018), a widely recognized bench- 397

mark for natural language understanding, including 398

CoLA (Warstadt et al., 2019), SST-2 (Socher et al., 399

2013), MRPC (Dolan and Brockett, 2005), QQP 400

(Wang et al., 2018), STS-B (Wang et al., 2018), 401

MNLI (Williams et al., 2018), QNLI (Rajpurkar 402

et al., 2016) and RTE (Dagan et al., 2006). Addi- 403

tionally, we included datasets like BoolQ (Clark 404

et al., 2019), OBQA (Mihaylov et al., 2018), and 405

ARC (Clark et al., 2019) to test commonsense rea- 406

soning abilities. We present the dataset statistics in 407

the Appendix A.1 and A.2. 408

4.2 Overall Performance 409

As shown in Table 2 and Table 3, the perfor- 410

mance on the GLUE benchmark and commonsense 411

reasoning tasks indicates that the EPT method 412

demonstrates exceptional results in few-parameter 413

fine-tuning multi-task scenarios, outperforming the 414

LoRA series of methods. In the GLUE task, we 415

adopt T5-base as the backbone. Specifically, with 416

only 0.41M parameters per task, EPT achieved 417

an average score of 87.0% across eight GLUE 418

tasks. It attained the best performance on six of 419

these tasks—MNLI, QNLI, SST-2, MRPC, RTE, 420

and CoLA—significantly surpassing all other com- 421

parative methods, including those with higher pa- 422

rameter efficiency as well as advanced methods 423

with comparable or greater parameter counts. This 424

suggests that EPT achieves optimal overall perfor- 425
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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 75.4 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
LoRAr=8 0.39M 85.8 89.2 93.1 93.2 90.4 89.9 76.3 62.8 85.1
LoRAr=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 75.4 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 85.9
MOELoRA 0.81M 86.3 90.4 93.2 94.2 89.8 90.7 79.9 65.3 86.2±0.15

MoRE 0.81M 85.6 90.2 93.1 93.9 89.9 90.7 77.7 68.7 86.2±0.03

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 3.3M 76.1 78.4 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.426

The results show that by employing a task-specific427

embedding mechanism and a multi-scale pyramid428

projection mechanism, EPT can efficiently manage429

task information and accurately capture the low-430

dimensional latent structures across different tasks,431

thereby enhancing model performance without ex-432

cessive parameter tuning. In contrast, parameter-433

efficient fine-tuning baseline methods, which lack434

mechanisms for integrating shared knowledge and435

require larger amounts of training data, perform436

poorly on small datasets. Although multi-task base-437

line methods consider knowledge sharing, they fail438

to adequately distinguish subtle differences among439

tasks, resulting in performance that lags behind440

EPT.441

In commonsense reasoning tasks, we employ442

the larger LLAMA-2-7B as the backbone model.443

As the model parameters increase, EPT achieves444

the highest accuracy while using only 3.3M pa-445

rameters per task, demonstrating its robustness446

across diverse scenarios. Compared to simple en-447

semble methods such as MixLoRA or MoELoRA,448

MoRE proves more effective at handling the com-449

plex and nuanced demands of commonsense rea- 450

soning tasks. 451

4.3 Expert Allocation Analysis 452

After fine-tuning each task, we analyzed the distri- 453

bution of expert weights across all layers. Experts 454

1-8 represent gradually increasing deconvolution 455

dimensions, as shown in Figure 2(a). The anal- 456

ysis results indicate that different tasks typically 457

correspond to different experts with the highest ac- 458

tivation counts, which is largely consistent with our 459

design philosophy. Furthermore, the figure reveals 460

that the model learns to employ more advanced 461

experts for larger, more challenging datasets. For 462

instance, the large datasets QNLI and QQP pre- 463

dominantly utilize Expert 8, while MNLI relies 464

more on Expert 7. In contrast, smaller and simpler 465

datasets like STSB and RTE activate lower-level 466

experts, such as Experts 1 and 2, more frequently. 467

This confirms that EPT can effectively assign suit- 468

able experts to different tasks, thereby enhancing 469

multi-task processing capabilities. 470
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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 QQP 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 Analysis471

In this section, we explore the critical role of task472

embeddings in EPT’s selection of experts. We visu-473

alize these embeddings using Principal Component474

Analysis (PCA) from the final layer of the self-475

attention module, as shown in Figure 2(b). The476

results reveal clear clustering patterns for simi-477

lar tasks (such as QNLI and MNLI) and signifi-478

cant separation for tasks with notable differences479

(like STSB and CoLA). This is because QNLI and480

MNLI are both natural language inference tasks481

with similar formats and objectives, whereas STSB482

(a semantic textual similarity regression task) and483

CoLA (a linguistic acceptability judgment task)484

differ fundamentally in their required reasoning.485

These findings confirm that EPT can effectively dis-486

tinguish and relate tasks through task embeddings,487

thereby optimizing the expert selection mechanism488

and enhancing the overall performance of EPT.489

4.5 EPT Analysis490

A core motivation of EPT is that tasks of vary-491

ing complexities require different representational492

granularities. To verify the necessity of the multi-493

scale pyramid structure, we conduct a compar-494

ative analysis by fixing the expert dimensions.495

Specifically, we compare our EPT-2468 configura-496

tion (with expert dimensions {2, 2, 4, 4, 6, 6, 8, 8}) 497

against four baselines where all experts are as- 498

signed identical dimensions: EPT-2, EPT-4, EPT- 499

6, and EPT-8. In all settings, the total number of 500

experts is maintained at eight to ensure a fair com- 501

parison of architectural influence. As illustrated 502

in our experimental results, the EPT-2468 config- 503

uration consistently outperforms all counterparts 504

across the majority of multi-task benchmarks. We 505

observe that while EPT-8 provides high capacity 506

for linguistically complex tasks (e.g., CoLA), it of- 507

ten suffers from over-parameterization on simpler 508

tasks (e.g., RTE), leading to suboptimal general- 509

ization. Conversely, EPT-2 maintains high effi- 510

ciency but lacks the expressive power required for 511

deep semantic reasoning. The superiority of EPT 512

stems from its structural diversity. By projecting 513

the shared meta-knowledge subspace into a multi- 514

dimensional pyramid, EPT creates a more flexible 515

hypothesis space. The router is not merely choos- 516

ing between redundant experts of the same scale, 517

but is dynamically allocating the most appropriate 518

resolution of features for each task. This allows the 519

model to capture fine-grained syntactic patterns via 520

low-dimensional projections while simultaneously 521

leveraging high-dimensional projections for global 522

semantic abstraction. These results confirm that 523
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AB init Top-K ALP MNLI QQP QNLI SST-2 STS-B MRPC RTE CoLA AVG

✗ ✗ ✗ 85.5 90.0 92.7 93.7 89.0 90.2 81.3 65.7 86.0
✗ ✗ ✓ 85.6 90.2 93.1 93.9 89.9 90.7 77.7 68.7 86.2
✓ ✗ ✓ 86.3 90.4 93.2 94.3 90.2 88.7 80.6 68.1 86.5
✓ ✓ ✗ 86.1 90.0 93.5 93.9 90.4 88.7 82.0 65.2 86.2
✗ ✓ ✓ 86.2 90.2 93.4 94.8 90.3 90.2 79.1 69.4 86.7
✓ ✓ ✓ 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 by524

providing a specialized capacity for diverse task525

demands, which a homogeneous expert pool fails526

to achieve.527

4.6 Ablation Study528

In this section, we conduct a comprehensive ab-529

lation study to systematically evaluate the contri-530

bution of each component in our framework. All531

experiments are performed under the same set of532

hyperparameters. The results are shown in Table 5,533

where the method that simultaneously adopts AB534

initialization, Top-K, and Adaptive LoRA Pruner535

achieves the best overall performance.536

Effectiveness of AB init. Comparing the first537

and third rows, we observe that replacing the stan-538

dard zero-initialization with our random Gaussian539

initialization for both A and B matrices (AB init)540

leads to a performance gain (from 86.2 to 86.5 in541

average score). This confirms our hypothesis that542

a non-degenerate latent representation at the onset543

of training provides a richer meta-knowledge seed,544

which is crucial for subsequent deconvolutional545

reconstruction.546

Impact of Top-K Routing. The routing mech-547

anism plays a pivotal role in multi-scale feature548

fusion. When comparing the third and sixth rows,549

the inclusion of Top-K routing (with k = 2) con-550

sistently improves performance across most tasks,551

particularly on RTE (+1.4) and QNLI (+0.4). This552

suggests that adaptively selecting and combining553

experts with different kernel sizes allows the model554

to better balance local fine-grained patterns and555

global semantic dependencies.556

Role of Adaptive LoRA Pruner. The ALP mod-557

ule is designed to maintain structural consistency558

and balance update frequencies. As shown in the559

fifth and sixth rows, the full EPT model (incorpo-560

rating ALP) achieves the highest average score of561

87.0%. Notably, on the CoLA and SST-2 datasets,562

the presence of ALP significantly contributes to563

stability and accuracy. The results indicate that 564

the dimension-aware scaling and the dynamic slic- 565

ing mechanism in ALP effectively prevent univer- 566

sal meta-knowledge from being overwritten during 567

task-specific adaptations. 568

5 Conclusion 569

In this paper, we introduced Expert Pyramid Tun- 570

ing (EPT), a novel parameter-efficient fine-tuning 571

framework that addresses the inherent limitations 572

of uniform architectures in existing MoE-LoRA 573

variants. By drawing inspiration from the multi- 574

scale feature hierarchies in computer vision, EPT 575

effectively captures the diverse granularities re- 576

quired by different linguistic tasks. Our approach 577

decomposes task adaptation into a shared meta- 578

knowledge subspace and a Pyramid Projection 579

Mechanism, allowing the model to reconstruct fea- 580

tures at varying scales through deconvolutional ex- 581

perts. To ensure structural consistency and training 582

stability, we proposed the Adaptive LoRA Pruner 583

(ALP), which utilizes a dimension-aware scaling 584

factor to balance update frequencies across shared 585

and task-specific parameters. Furthermore, our 586

Contrastive Learning-based task embedding mod- 587

ule significantly enhances expert routing by explic- 588

itly modeling the latent correlations and discrep- 589

ancies among tasks. Extensive experiments on the 590

GLUE benchmark and commonsense reasoning 591

tasks demonstrate that EPT achieves SOTA perfor- 592

mance, outperforming existing PEFT and MoE- 593

LoRA baselines with high parameter efficiency. 594

Notably, the re-parameterization capability of EPT 595

achieves these performance gains with fewer train- 596

ing parameters. We believe that the concept of a 597

parameter pyramid provides a promising direction 598

for future research in multi-task adaptation and the 599

deployment of Large Language Models in resource- 600

constrained environments. 601
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Limitations602

This study has two main limitations. First, al-603

though the proposed expert pyramid introduces604

multi-dimensional projections within a single layer605

to capture diverse feature granularities, the spe-606

cific configuration of these dimensions is currently607

treated as a static hyperparameter. Future research608

could explore dynamic dimension allocation or au-609

tomated gating mechanisms to further refine the ef-610

ficiency of this multi-dimensional projection. Sec-611

ond, due to computational resource constraints, our612

evaluation is primarily focused on downstream fine-613

tuning tasks. While these results demonstrate the614

efficacy of the proposed method, its performance615

and stability during large-scale pre-training from616

scratch remain to be validated. Exploring the scala-617

bility of the expert pyramid in foundational model618

training is a crucial next step.619
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A Datasets818

A.1 NLU Datasets819

For evaluation, we adaopt the GLUE benchmark820

(Wang et al., 2018), including CoLA (Warstadt821

et al., 2019), SST-2 (Socher et al., 2013), MRPC822

(Dolan and Brockett, 2005), QQP (Wang et al.,823

2018), STS-B (Wang et al., 2018), MNLI (Williams824

et al., 2018), QNLI (Rajpurkar et al., 2016) and825

RTE (Dagan et al., 2006). We present the dataset826

statistics of GLUE in the following table 6.827

Dataset Metric #Train #Valid #Test #Label

CoLA Mcc 8.5k 1,043 1,063 2

SST-2 Acc 67k 872 1.8k 2

MRPC Acc 3.7k 408 1.7k 2

QQP Acc/F1 364k 40.4k 391k 2

STS-B Corr 5.7k 1.5k 1.4k 1

MNLI Acc(m/mm) 393k 20k 20k 3

QNLI Acc 105k 5.5k 5.5k 2

RTE Acc 2.5k 277 3k 2

Table 6: Dataset Sizes and Evaluation Metrics in the
GLUE Benchmark. "Mcc," "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 MNLI.

A.2 Commonsense Datasets828

We present the dataset statistics of commonsense829

reasoning in the table 7. Additionally, we included830

datasets like BoolQ (Clark et al., 2019), OBQA831

(Mihaylov et al., 2018), and ARC (Clark et al.,832

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).

833

B Algorithm 834

In this section, we provide a comprehensive break- 835

down of the Expert Parameter Pyramid (EPT) fine- 836

tuning pipeline. The EPT framework is designed 837

to bridge the gap between low-rank adaptation and 838

multi-scale expert modeling by generating a hierar- 839

chical set of adapters from a shared meta-parameter 840

space. 841

Algorithm 1 outlines the end-to-end training pro- 842

cedure for EPT. Unlike traditional LoRA (Hu et al., 843

2022) which applies a single fixed-rank update, 844

EPT constructs a pyramid of expert weights Wi 845

with varying dimensionalities. This allows the 846

model to capture both coarse-grained task features 847

and fine-grained linguistic nuances simultaneously. 848

C Parameter Efficiency Analysis 849

In this section, we provide a quantitative analysis 850

of the parameter efficiency of EPT compared to 851

existing Mixture-of-Experts (MoE) based LoRA 852

variants. For a fair comparison, we use the T5-base 853

model as the backbone (d = 768) and evaluate 854

the additional trainable parameters per layer (ex- 855

cluding router parameters). We assume a standard 856

configuration with N = 8 experts and a hidden 857

rank r = 8. 858

Comparison with BaselinesTraditional MoE- 859

LoRA architectures assign independent low-rank 860

matrices to each expert. The total parameters per 861

layer are calculated as N × (d × r + r × d). For 862

N = 8, this results in: 863

PMoE-LoRA = 8× (768× 8 + 8× 768) = 98, 304
(9) 864

Recent variants like MoRE attempt to reduce redun- 865

dancy by sharing parameters across experts. While 866

this significantly lowers the overhead, it effectively 867

reduces to a single set of shared low-rank matrices: 868

PMoRE = 768× 8 + 8× 768 = 12, 288 (10) 869

EPT EfficiencyIn contrast, EPT optimizes effi- 870

ciency by decomposing the adaptation into a shared 871

meta-knowledge subspace and a lightweight pyra- 872

mid projection mechanism. Our parameter count 873

consists of two parts:Shared Meta-knowledge Sub- 874

space: We employ a reduced-dimension subspace 875

(dsub = 384, r = 8), yielding 2 × (384 × 8) = 876

6, 144 parameters.Pyramid Projection Kernels: In- 877

stead of full matrices, EPT utilizes small decon- 878

volutional kernels. For a pyramid with scales 879

s ∈ {2, 4, 6, 8}, the parameters are
∑

2 × s2i = 880
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Algorithm 1 EPT Fine-tuning Pipeline

Input: Pre-trained Model fϕ (frozen); Dataset D; Initial EPT parameters Θ = {A,B,K, E,Wr}.
Output: Optimized EPT parameters Θ∗.

1: Initialize: A,B ∼ Gaussian, K ← 0, E ← Random
2: Freeze backbone parameters ϕ
3: while training do
4: for each batch {(x, t, y)} ⊂ D do
5: // 1. Parameter Pyramid Generation (Offline per batch)
6: Zmeta ← B ·A
7: for i = 1 to N do
8: Wi ← Deconv(Slice(Zmeta, di);Ki) {Build Expert Pyramid}
9: end for

10: // 2. Multi-task Forward Propagation
11: h← fϕ(x) {Backbone feature extraction}
12: Lcon ← Contrastive(h, E, t) {Task embedding alignment}
13: // 3. Layer-wise EPT Adaptation
14: P ← Top-k(Router(x;Wr)) {Identify task-appropriate scales}
15: ∆h←

∑
i∈P G(x)i · (diT ) · (Wih) {Pyramid aggregation}

16: // 4. Prediction and Joint Optimization
17: ŷ ← Head(h+∆h) {Residual-style adaptation}
18: Lgen ← CrossEntropy(ŷ, y)
19: Ltotal ← Lgen + λLcon
20: // 5. Parameter Update
21: Θ← Θ− η∇ΘLtotal {Update only EPT modules}
22: end for
23: end while
24: return Θ

2× (22 + 42 + 62 + 82) = 240. The total parame-881

ters for EPT are:882

PEPT = 6, 144 + 240 = 6, 384 (11)883

D Hyperparameters884

All experiments were conducted using the Deep-885

Speed framework on 4 NVIDIA GPUs. We em-886

ployed the AdamW optimizer with a learning rate887

of 3 × 10−4, a linear learning rate scheduler, and888

a warmup phase of 500 steps. The training was889

performed for 5 epochs with a per-device batch890

size of 8, resulting in a total effective batch size891

of 32. For parameter-efficient fine-tuning, we inte-892

grated LoRA adapters with a rank (R) of 8 and an893

alpha (α) of 32, targeting all primary projection lay-894

ers including Q,K, V,O and MLP matrices. Fur-895

thermore, we implemented a Mixture-of-Experts896

(MoE) strategy using a Top-2 routing mechanism897

and a multi-scale expert kernel configuration of898

[2, 2, 4, 4, 6, 6, 8, 8] to capture features across vary-899

ing dimensions. The final model was selected900

based on the best performance achieved on the901

evaluation set during the training process. 902

Hyperparameter Value

Optimizer AdamW
Learning Rate 3× 10−4

Weight Decay 0.01
Total Batch Size 32
Training Epochs 5
Max Sequence Length 128
Warmup Steps 500
LoRA Rank (R) 8
LoRA Alpha (α) 32
Target Modules q k v o up down
MoE Top-k 2
Expert Kernel Sizes [2, 2, 4, 4, 6, 6, 8, 8]

Table 8: Hyperparameter settings.
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