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Abstract001

Training large-scale Mixture-of-Experts (MoE)002
models typically requires high-memory, high-003
bandwidth GPUs (e.g., A100), and their high004
cost has become a major barrier to large-model005
training. In contrast, affordable hardware is006
low-cost but constrained by by memory ca-007
pacity and bandwidth, making it unsuitable008
for direct LLM training. To address this, we009
propose MoE-DisCo (Mixture-of-Experts with010
Disentangled Clustering and Coordination)—a011
staged training framework. MoE-DisCo decom-012
poses the MoE model into multiple dense sub-013
models, each consisting of a shared backbone014
and a single expert, and partitions the training015
data into subsets using unsupervised cluster-016
ing. Each submodel is trained independently017
and in parallel on its assigned data subset us-018
ing low-cost devices, without any inter-device019
communication. Subsequently, all experts are020
integrated into a complete MoE model and021
fine-tuned globally for a short period on high-022
memory, high-bandwidth GPUs. Experiments023
show that our method matches or even sur-024
passes full-parameter training in performance025
across multiple downstream tasks, loss func-026
tion and perplexity (PPL) with a cost reduction027
of 47.6% to 69.5% on Qwen1.5-MoE-2.7B and028
Llama-MoE-3.5B across different datasets.029

1 Introduction030

Large Language Models (LLMs) and Mixture of031

Experts (MoE) have significantly advanced the032

field of natural language processing, yet their033

training economy cost has become a major bar-034

rier to broad participation. Current training035

paradigms heavily rely on high-memory GPUs036

such as NVIDIA A100/H800, which can cost over037

$2.28 per GPU-hour in cloud environments. In con-038

trast, affordable computing devices, such as DCUs,039

Ascend 910A, or consumer-grade GPUs, cost less.040

For example, the cost of DCU is less than $0.03041

per hour. But, their limited memory capacity (typi- 042

cally 24 GB) and bandwidth make them seemingly 043

unsuitable for training models at the billion- or 044

trillion-parameter scale. 045

Figure 1: Model FLOPs Utilization (MFU) per GPU
under 3D parallelism for language models of different
scales as the number of GPUs increases. As the cluster
scales from tens to thousands of GPUs, MFU per GPU
consistently declines across all model sizes.(Narayanan
et al., 2021)

Furthermore, in large-scale model training, as 046

the scale of GPU deployment expands, the per- 047

GPU computational utilization almost inevitably 048

declines. This is because larger clusters introduce 049

more pronounced communication overhead—such 050

as gradient synchronization and activation trans- 051

mission—along with pipeline bubbles in pipeline 052

parallelism, inter-node bandwidth bottlenecks, and 053

load imbalance. These factors cause each GPU to 054

spend more time waiting rather than computing, 055

shown in Figure 1. 056

Therefore, using low-cost hardware as much
as possible and minimizing multi-GPU coor-
dination is key to reducing the cost of large
model training.

To address high-cost challenge, we propose 057

MoE-DisCo (Mixture-of-Experts with Disentan- 058

gled Clustering and Coordination), a staged, 059

hardware-aware training framework for MoE mod- 060
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els. Specifically, MoE-DisCo decomposes a full061

MoE model with K-experts for each MoE layers062

into K independent dense submodels, each con-063

sisting of the shared Transformer backbone plus a064

single expert. Concurrently, we partition the origi-065

nal training data into K subsets using unsupervised066

clustering, establishing a disentangled alignment067

between experts and data clusters. Each submodel068

is trained exclusively on its assigned data subset,069

without any inter-model communication. Since070

each submodel is equivalent to a standard dense071

model (with a parameter scale much smaller than072

that of the full MoE model), it can be efficiently073

trained on a single low cost device. Crucially,074

this parallel training phase eliminates inter-device075

communication overhead. After all submodels are076

trained, MoE-DisCo reintegrates the individual ex-077

pert modules into a unified MoE architecture and078

performs a brief global fine-tune phase on the full079

dataset. Although this final stage requires high-080

memory GPUs, it takes significantly less time than081

the total training time of conventional approaches,082

shown in Figure 2.083
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Figure 2: Comparison of training cost profiles between
MoE-DisCo (left) and traditional MoE training (right).
MoE-DisCo first performs the majority of training on
low-cost GPUs (cost c0), which can be highly paral-
lelized across multiple devices, followed by a short fine-
tune phase on high-cost GPUs (cost c1). In contrast,
traditional methods rely solely on high-cost hardware
throughout the entire training process. The total cost
(shaded area under the curve) is significantly reduced
in MoE-DisCo, demonstrating its efficiency in lowering
the monetary burden of large-scale MoE training.

Our main contributions are as follows: (1)084

We propose MoE-DisCo—a low-cost, staged085

MoE training framework designed for resource-086

constrained hardware; (2) We show that two stages087

of MoE-DisCo can be executed on hardware of088

different cost hardware, significantly reducing the089

overall training economy cost of large-scale MoE090

systems; (3) We evaluated MoE-DisCo across091

multiple datasets and model architectures. Re-092

sults show that MoE-DisCo effectively reduces the093

usage of high-cost GPUs while producing MoE 094

models whose accuracy matches or even exceeds 095

that of models trained with the original MoE ap- 096

proach with a cost reduction of 47.6% to 69.5% on 097

Qwen1.5-MoE-2.7B and Llama-MoE-3.5B across 098

different datasets. The code address is shown in 099

Appendix. 100

2 Related Work 101

The Mixture of Experts (MoE) is an architectural 102

paradigm that enhances model capacity and compu- 103

tational efficiency (Jacobs et al., 2014) in different 104

areas (Shao et al., 2021; Zhou et al., 2024; Zhang 105

et al., 2024). Subsequently, the work (Shazeer et al., 106

2017) proposed the sparsely-gated MoE mecha- 107

nism, which enables significant model scaling un- 108

der a fixed computational budget—by activating 109

only the top-K experts during each forward pass. 110

GShard (Lepikhin et al., 2020) was the first to suc- 111

cessfully apply MoE to the Transformer architec- 112

ture and introduced the notion of “expert capac- 113

ity”. Subsequent works have improved MoE from 114

multiple perspectives, Switch Transformer (Fedus 115

et al., 2021), Hash FFN, proposed by Facebook AI 116

(Roller et al., 2021), StableMoE (Dai et al., 2022). 117

The past decade, the researchers propose algo- 118

rithms and high-performance software to make 119

MoE practically useful (Gray et al., 2017; Narang 120

et al., 2017; Artetxe et al., 2021; Du et al., 2021). 121

Most of them are working on high performance 122

framework (Rajbhandari et al., 2020; Kim et al., 123

2021; He et al., 2021, 2022; Liu et al., 2025; Jin 124

et al., 2025a; Yu et al., 2024; Jin et al., 2025a,b; 125

Yuan et al., 2025). There are a few works working 126

on how to train MoE model with low economy cost 127

in algorithm view, which works well with system. 128

3 Methodology 129

In standard MoE training paradigms, although only 130

a small number of experts are activated during in- 131

ference, all expert parameters must be loaded and 132

updated simultaneously during training to support 133

backpropagation and gradient updates. This causes 134

memory and computational overhead to grow lin- 135

early with the number of experts, severely limiting 136

the trainability of MoE models on low-cost GPUs. 137

The core question addressed in this paper is: 138

without significantly sacrificing the final perfor- 139

mance of the model, can we alter the parameter 140

update strategy to minimize the need for simulta- 141

neous loading of all experts during MoE training, 142
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Figure 3: Overview of the MoE-DisCo training framework. The original MoE model is decomposed into multiple
dense submodels, each containing a single expert and shared parameters. Training data is clustered via k-means
to assign semantically distinct subsets to individual experts. Submodels are trained independently on low-cost
GPUs, enabling high parallelism and reduced hardware cost. Finally, the experts are integrated into a unified MoE
architecture and fine-tuned on a high-cost GPU using the full dataset.

thereby drastically reducing reliance on high-cost143

GPUs? To this end, we introduce Block Coordinate144

Descent (BCD) and SimulParallel SGD (Zinkevich145

et al., 2011) as the core optimization idea for MoE146

training and design an expert-level block training147

framework based on the structural characteristics148

of MoE, enabling the main training stages of large-149

scale MoE models to be completed on low-memory,150

low-cost GPUs.151

3.1 Start Point and Theoretical Foundation152

Our approach is inspired by the theoretical foun-153

dations of two classical optimization frameworks:154

Block Coordinate Descent (BCD) and SimulParal-155

lel SGD (Zinkevich et al., 2011). These provide156

critical insights into low-cost MoE training from157

the perspectives of parameter update strategies and158

distributed training architectures, respectively.159

BCD is an iterative algorithm widely used for160

large-scale non-convex optimization. Its core idea161

is to update only one block of parameters per itera-162

tion while keeping all others fixed, thereby signifi-163

cantly reducing memory and computational over-164

head. The MoE architecture exhibits similar spar-165

sity during inference—the gating network activates166

only the Top-K experts, avoiding computation over167

the entire model. However, in standard training, 168

backpropagation must traverse all expert paths, 169

making it impossible to exploit this sparsity for 170

memory savings. 171

We propose integrating BCD into MoE train- 172

ing: in each step, only one expert and the shared 173

backbone are updated, while all other experts re- 174

main frozen. In this setting, each training unit 175

maintains only a dense sub-model equivalent to a 176

single-expert branch. This enables training on low- 177

memory devices. Moreover, different experts can 178

be trained fully in parallel without any communica- 179

tion or synchronization. 180

However, merely decoupling parameters is in- 181

sufficient to guarantee performance. The key chal- 182

lenge lies in assigning appropriate data to each ex- 183

pert to foster complementary representation learn- 184

ing. Inspired by SimulParallel SGD—which inde- 185

pendently trains multiple model replicas on disjoint 186

data subsets and aggregates them via parameter av- 187

eraging—we view this method as an extreme case 188

of MoE with uniform gating and All-K averaged 189

outputs. Accordingly, in MoE-DisCo, maximizing 190

the distributional divergence among the data sub- 191

sets assigned to individual experts enhances expert 192

specialization and system diversity, accelerating 193
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convergence and improving ensemble effectiveness.194

To this end, we employ unsupervised clustering to195

partition the training corpus: first, semantic embed-196

dings of samples are extracted using a pre-trained197

model; then, these embeddings are clustered into198

K groups (where K equals the number of experts)199

via K-Means, with each cluster assigned to a dis-200

tinct expert. Clustering naturally groups semanti-201

cally similar samples, ensuring separation between202

clusters in the embedding space and satisfying the203

requirement of “maximizing distributional diver-204

gence.” This strategy draws inspiration from LRP205

(Yang, 2025; Gururangan et al., 2023) and the the-206

oretical foundations of SimulParallel SGD.207

Furthermore, SimulParallel SGD also informs208

the fusion of the shared backbone: if the sub-209

datasets are balanced in size, a simple average of210

backbone parameters suffices to approximate the211

global optimum; if they are severely imbalanced,212

a sample-count-weighted average (as in WP-SGD213

(Cheng et al., 2020)) is required to maintain unbi-214

ased gradients.215

In summary, the complete MoE-DisCo train-
ing pipeline consists of four key stages: 1.
Model Decoupling: The original MoE is
decomposed into several dense submodels,
each comprising the full shared backbone
plus a single expert; 2. Data Decoupling:
Semantic clustering generates divergent sub-
datasets, establishing a disentangled align-
ment between experts and data; 3. Inde-
pendent Parallel Training: Each submodel
is trained independently on its assigned sub-
dataset in a fully decentralized manner, with
zero communication overhead, and this pro-
cess can be solved by low-cost hardware; 4.
Model Reintegration and Fine-Tune: Experts
and the shared backbone are fused, followed
by a short global fine-tune phase on the full
dataset to restore coordinated gating behavior.
The whole process is shown in Figure 3.

3.1.1 Construction of Single-Expert216

Submodels217

Let the MoE model contain E experts. Its pa-218

rameters split into: (1) shared parameters θshared219

(embedding, attention, LayerNorm, etc.), and (2)220

expert parameters θexp = (θ1, . . . , θE), where221

θk is the k-th expert’s parameters. Thus, Θ =222

(θshared, θ1, . . . , θE).223

MoE-DisCo constructs lightweight submodels to224

drastically cut GPU memory during training. Each 225

submodel includes the full θshared and only one ex- 226

pert θk. In every MoE layer, the gating mechanism 227

is removed, retaining just a single expert—yielding 228

a compact, dense submodel. 229

This design sharply reduces model size. For 230

large MoEs, submodels become small enough to 231

train efficiently on low-cost GPUs, shifting work- 232

loads from expensive hardware to affordable de- 233

vices. 234

Critically, submodels are fully independent dur- 235

ing training: no gradient/parameter exchange or 236

synchronization is needed. This eliminates inter- 237

GPU communication overhead and complex multi- 238

GPU coordination, greatly simplifying parallel 239

training. System scalability and deployment flexi- 240

bility improve significantly. Moreover, since each 241

submodel fits on low-cost hardware, individual 242

device utilization rises, lowering overall training 243

costs. 244

3.1.2 Dataset Partitioning 245

In MoE-Disco, we propose an unsupervised, 246

clustering-based partitioning method to allocate 247

semantically similar subsets of the training data 248

to individual expert submodels. The approach 249

begins by deriving a fixed-dimensional represen- 250

tation for each input sentence: given a sentence 251

x = (x1, . . . , xn), we encode all its tokens using a 252

pre-trained embedding layer and compute the sen- 253

tence vector hx via mean pooling over the token 254

embeddings, 255

hx =
1

n

n∑
i=1

Embedding(xi) (1) 256

where n is the sentence length. These sentence 257

vectors are then clustered using K-means with K = 258

E clusters, where E denotes the number of experts. 259

3.1.3 Submodel Integrate and Global 260

Training 261

After completing independent training of all single- 262

expert submodels, the complete MoE model is con- 263

structed and globally optimized through the follow- 264

ing steps: 1. Expert layer merging: adopt a "direct 265

integration" strategy to concatenate the trained ex- 266

pert parameters θ1 ∼ θE into a complete expert 267

layer; 2. Shared parameter fusion: weighted aver- 268

age the shared parameters θ(k)shared (k = 1 ∼ E) of 269
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Algorithm 1 MoE-DisCo:Mixture-of-Experts with
Disentangled Clustering and Coordination
Require: Original dataset D; MoE shared parame-
ters θshared; Number of experts E and ith expert’s
parameters θi; Model M(θ,D)
Ensure: Trained global MoE model M(Θ,D)

1: hx ← MeanPool(Embed(x)) for all x ∈ D
2: {D1, . . . ,DE} ← K-means({hx},K = E)
3: for k ← 1 to E do
4: θ

(k)
shared ← θshared

5: Θk ← (θ
(k)
shared, θk)

6: Train M(Θk,Dk)
7: end for
8: θ∗exp ← Concat(θ1, . . . , θE)

9: θ∗shared ←
1
E

∑E
k=1 θ

(k)
shared

10: Θ← (θ∗shared, θ
∗
exp)

11: Fine-tune M(Θ,D)
return M(Θ,D)

all submodels to obtain global shared parameters:270

θ∗shared =
E∑

k=1

γkθ
(k)
shared (2)271

γk is the weight gain from WP-SGD (Cheng et al.,272

2020). When subset of dataset size is almost the273

same, γk = 1
E . The gating part is initialized by ten-274

sor concatenation. 3. Global fine-tune: assemble275

the merged parameters (θ∗shared, θ
∗
exp) into a com-276

plete MoE model, and perform joint fine-tune on277

the original full dataset to alleviate distribution bias278

between experts and improve overall model perfor-279

mance.280

3.2 MoE-DisCo Algorithm281

Based on above introduction, we give a MoE-282

DisCo algorithm description, which shown in Al-283

gorithm 1.284

4 Experiments285

In this work, we conduct a systematic comparison286

between MoE-DisCo and a full-parameter trained287

MoE baseline, evaluating both model performance288

and training cost. For performance evaluation, we289

compare the resulting models in terms of language290

modeling quality (measured by training loss, PPL291

and downstream task) demonstrating that MoE-292

DisCo preserves—or even enhances—algorithmic293

effectiveness relative to standard MoE training. For294

economy cost analysis, we focus specifically on re-295

source consumption during the fine-tune phase, as296

this is the only stage requiring high-cost GPUs (e.g., 297

A100). The main training phase of MoE-DisCo, 298

by contrast, runs entirely on low-cost hardware, 299

making fine-tune the primary determinant of its 300

overall infrastructure expense. For ablation study, 301

we will show the influence of k-means cluster and 302

the number of experts. 303

4.1 Experimental Setup 304

4.1.1 Models 305

Qwen1.5-MoE-2.7B. The Qwen1.5-MoE-2.7B 306

model activates approximately 2.7 billion parame- 307

ters during inference, while achieving performance 308

comparable to dense models with around 7 billion 309

parameters, such as Mistral-7B. In our experiments, 310

we set the number of experts to 4 while keeping all 311

other configurations identical to the original model. 312

We use abbr. Qwen in following parts. 313

LLaMA-MoE-3.5B. The LLaMA-MoE-3.5B 314

model is built upon the LLaMA architecture and in- 315

corporates a Mixture-of-Experts design to improve 316

parameter efficiency and scalability. In our exper- 317

iments, we set the number of experts to 4 while 318

keeping all other configurations identical to the 319

original model. We use abbr. Llama in following 320

parts. 321

4.1.2 Datasets 322

Experiments use three public standard datasets, as 323

follows: 1. C4: A large-scale English corpus with 324

strict filtering and cleaning; 2. WikiText-2: A high- 325

quality English dataset compiled from Wikipedia, 326

commonly used for language model benchmark 327

evaluation; 3. OpenWebText: An open web text 328

collection constructed following the GPT-2 training 329

data. 330

4.1.3 Evaluation Metrics 331

We evaluate MoE-DisCo against the full-parameter 332

trained MoE baseline using three key criteria: (1) 333

language modeling capability, measured by train- 334

ing loss , PPL and downstream tasks; (2) training 335

efficiency, assessed via the number of training steps 336

required to reach a target loss and the total usage 337

time of high-cost GPUs. (3) The economy cost of 338

training a MoE model in dollar. 339

4.2 Performance Comparison 340

Table 1 presents a comparison of training ef- 341

ficiency and convergence performance between 342

MoE-DisCo and full-parameter training across two 343

MoE architectures (Qwen and LLaMA) and three 344
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Figure 4: Loss trends between MoE-Disco on fine-tune stage and Full-Parameter across different datasets

datasets (C4, WikiText-2, and OpenWebText). The345

results show that MoE-DisCo substantially reduces346

the number of training steps required to reach the347

same training loss. For instance, on the Qwen ar-348

chitecture, the steps to achieve convergence de-349

crease from 21150, 12500, and 28600 to 4100,350

3150, and 6650 on the C4, WikiText-2, and Open-351

WebText datasets, respectively, representing more352

than a fourfold reduction. A similar trend is ob-353

served for the LLaMA architecture. Moreover, at354

the same training loss, the PPL of models trained by355

MoE-DisCo metgod is comparable to, and in some356

cases lower than that of models trained by full-357

parameter method, indicating that the method ac-358

celerates training without compromising language359

modeling performance.360

Figures 4 and 5 show the training loss and ppl361

curves of the Full-Parameter and MoE-DisCo fine-362

tune stage methods on three datasets, respectively.363

We use fine-tune stage of MoE-DisCo because this364

part is the most expensive stage (Cost information365

is shown in Economic Cost Analysis section). It366

can be observed that, given the same training dura-367

tion, models trained with the MoE-DisCo method368

achieve significantly better performance than those369

trained with full-parameter training. If the target370

is to reach the same model performance, the MoE-371

DisCo method substantially reduces the required372

training time. This indicates that the proposed373

method can markedly lower training economy costs374

without sacrificing model performance. The whole375

training process including submodel training is376

shown in Cost Analysis part and Appendix.377

Model Data
Full-Param MoE-DisCo

Step Loss PPL Step Loss PPL

Qwen C4 21,150 4.954 230.32 4,100 4.925 165.86

WikiText-2 12,500 2.303 71.89 3,150 2.2964 57.55

OpenWebText 28,600 4.606 162.51 6,650 4.588 134.31

Llama C4 11,750 5.274 356.28 4,150 5.276 296.35

WikiText-2 15,000 3.805 160.91 5,300 3.794 163.27

OpenWebText 21,000 4.536 114.93 7,800 4.541 106.82

Table 1: Performance comparison between MoE-DisCo
and full-parameter training across two MoE architec-
tures. The table show that the number of steps required
for MoE-DisCo to achieve full-parameter convergence
result.

4.3 Downstream Task Performance 378

Table 2 reports the downstream task performance 379

of MoE-DisCo and full-parameter training. All 380

models are pretrained on OpenWebText and eval- 381

uated on multiple downstream tasks. ARC-e and 382

MMLU are evaluated in the 5-shot setting, while 383

HellaSwag and PIQA are evaluated in the zero-shot 384

setting. 385

As shown in the table, MoE-DisCo consistently 386

achieves better performance than full-parameter 387

training on both few-shot (ARC-e, MMLU) and 388

zero-shot (HellaSwag, PIQA) downstream tasks. 389

Overall, the results show that MoE-DisCo achieves 390

better downstream task performance than full- 391

parameter training across the evaluated bench- 392

marks. 393
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Figure 5: PPL trends between MoE-Disco on fine-tune stage and Full-Parameter across different datasets

Method ARC-e (5) MMLU (%) HellaSwag (%) PIQA (%)

Full-Param 27.9 23.0 27.45 52.25
MoE-DisCo 29.1 25.3 29.45 57.03

Table 2: Downstream task performance of Qwen1.5-
MoE-2.7B on ARC-E, MMLU, Hellaswag and PIQA.
(ARC-r and MMLU are evaluated under 5-shot settings;
Hellaswag and PIQA under zero-shot.).

4.4 Economic Cost Analysis394

Training large-scale models, especially those based395

on MoE architectures, incurs substantial computa-396

tional and memory costs. This section analyzes the397

economic advantages of the proposed MoE-DisCo398

training strategy and compares it with conventional399

full-parameter training methods.400

Following the market pricing of major cloud ser-401

vice providers and considering the hardware en-402

vironment used in our experiments, we adopt the403

following GPU rental prices as the cost estima-404

tion baseline:RTX 4090: $0.35/ GPU·hour; A100405

(80GB): $2.28 / GPU·hour.406

Based on the results in Table 3, MoE-407

DisCo achieves model performance comparable408

to—sometimes slightly better than—full-parameter409

training, while substantially reducing both cost and410

training time. The approach decouples MoE train-411

ing into two phases: (1) Submodel Training (S-412

phase) and (2) Lightweight Fine-tuning (F-phase).413

During the S-phase, all submodels are trained414

independently and in parallel on a low-cost RTX415

4090 platform. To simplify accounting and pro-416

vide a conservative upper bound on resource usage,417

the total S-phase cost and time are computed as418

four times the longest individual submodel train- 419

ing duration, reflecting worst-case synchroniza- 420

tion overhead. Due to the low per-unit cost of 421

RTX 4090 and the reduced computational footprint 422

of submodels, this phase incurs only $1.79–$4.37 423

across all experiments. Critically, because training 424

is fully parallelized, marginal costs scale sublin- 425

early—effectively near-constant—with the number 426

of experts. 427

The F-phase requires only a brief synchronized 428

fine-tune step on a single A100 GPU, sufficient to 429

recover (or slightly exceed) the convergence of full- 430

parameter training. This phase costs $1.55–$10.92. 431

Overall, MoE-DisCo achieves significant sav- 432

ings across all settings. On Qwen, total costs 433

on C4, WikiText-2, and OpenWebText are $6.87, 434

$3.34, and $10.91—69.5%, 51.8%, and 63.5% 435

lower than full-parameter baselines ($22.50, $6.93, 436

$29.91)—with training time reduced from 9.87h, 437

3.04h and 13.12h to 3.82h, 1.96h, and 5.99h. 438

On Llama, MoE-DisCo costs $6.74, $8.13, and 439

$15.14—47.6%, 52.2%, and 52.9% less than full- 440

parameter training and reduces training time from 441

5.64h, 7.45h, and 14.09h to 3.55h, 4.13h, and 442

7.80h. 443

Despite drastic cost reduction, final performance 444

remains on par with or marginally better than full- 445

parameter training. By shifting the majority of 446

computation from expensive A100 platform to low- 447

cost RTX 4090 platform via a “decoupled training 448

+ lightweight reintegration” strategy, MoE-DisCo 449

offers a practical, reproducible, and highly cost- 450

efficient framework for training large MoE mod- 451
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Model Dataset
Full-Parameter MoE-DisCo

Cost($) Time(h) Platform S-Cost($) S-Time(h) S-Platform F-Cost($) F-Time(h) F-Platform Total Cost($) Total Time(h)

Qwen

C4 22.5036 9.87 A100*1 2.9260 2.09 RTX 4090*4 3.9444 1.73 A100*1 6.8704 3.82

Wiki 6.9312 3.04 A100*1 1.7920 1.28 RTX4090*4 1.5504 0.68 A100*1 3.3424 1.96

OpenWebText 29.9136 13.12 A100*1 4.3680 3.12 RTX4090*4 6.5436 2.87 A100*1 10.9116 5.99

Llama

C4 12.8592 5.64 A100*1 2.1560 1.54 RTX4090*4 4.5828 2.01 A100*1 6.7388 3.55

Wiki 16.9860 7.45 A100*1 2.0440 1.46 RTX4090*4 6.0876 2.67 A100*1 8.1316 4.13

OpenWebText 32.1252 14.09 A100*1 4.2140 3.01 RTX4090*4 10.9212 4.79 A100*1 15.1352 7.80

Table 3: Comparison of Full-Parameter and MoE-DisCo training costs, times, and platforms for Qwen and Llama
across three datasets. In MoE-DisCo, Fine-tune Cost, Fine-tune Time, and Platform are shown separately. S- means
submodel training. F- means fine-tune. The S-Cost is the all cost in submodel training.

Figure 6: In the Qwen model on C4, replacing the clus-
ter operation in MoE-DisCo with random data assign-
ment causes the MoE training performance during the
fine-tune stage to degrade to that of full-parameter train-
ing.

Figure 7: The MoE-DisCo performance on Different
MoE model with 2 and 4 experts

els—particularly valuable for academic and indus-452

trial teams under resource constraints.453

4.5 Ablation Study454

4.5.1 Cluster in MoE-DisCo455

In this ablation study, we validate the importance456

of the clustering operation in the MoE-DisCo457

framework. Specifically, during the training of458

the Qwen model on C4, we removed the origi-459

nal k-means clustering step and replaced it with460

a random assignment of data to different experts461

for submodel training with the same amount of 462

dataset. The results, Figure 6,show that substitut- 463

ing k-means clustering with random assignment 464

significantly degrades training efficiency, and the 465

final performance essentially regresses to that of 466

full-parameter training. We therefore conclude that 467

k-means clustering is an important component of 468

MoE-DisCo. 469

4.5.2 Multi-experts in MoE-DisCo 470

In this ablation study, we evaluate MoE-DisCo’s 471

performance with varying expert counts to assess 472

how architectural capacity affects training effi- 473

ciency and model quality of MoE-DisCo. Specif- 474

ically, we compare the convergence of the Llama 475

model on C4 using 2 and 4 experts. As shown in 476

Figure 7, MoE-DisCo achieves faster convergence 477

and better final performance in both cases. No- 478

tably, the 4-expert model yields slightly lower loss 479

and perplexity than the 2-expert version. Results 480

suggest that MoE-DisCo achieves high training ef- 481

ficiency and strong performance across different 482

numbers of experts. 483

5 Conclusion 484

This study addresses the challenges of high cost 485

of MoE training by proposing a method that ap- 486

plies BCD and SimulParallel SGD to MoE training, 487

i.e., MoE-DisCo. Compared with traditional full- 488

parameter training, this study verifies the feasibility 489

and advantages of the MoE-DisCo method in reduc- 490

ing economy cost, decreasing reliance on high-cost 491

GPUs. It achieves large-scale model training under 492

low computational resource conditions, providing 493

theoretical and practical guidance for large model 494

training in resource-constrained scenarios. 495
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6 Limitation496

- Limitations: Due to resource constraints, the ef-497

fectiveness of the method has not been verified498

on larger-scale models (e.g., 10B+ parameters);499

- Future work: Expand model scale and dataset500

scope, introduce more evaluation metrics; explore501

dynamic expert number adjustment strategies to502

further improve training efficiency and model per-503

formance.504
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A More of Dataset Partitioning628

Figure 8: Scatter plot distribution of the C4 dataset
on four clusters after clustering (PCA dimensionality
reduction to 2D).

In MoE-Disco, we propose an unsupervised,629

clustering-based partitioning method to allocate630

semantically similar subsets of the training data631

to individual expert submodels. The approach632

begins by deriving a fixed-dimensional represen-633

tation for each input sentence: given a sentence634

x = (x1, . . . , xn), we encode all its tokens using a635

pre-trained embedding layer and compute the sen- 636

tence vector hx via mean pooling over the token 637

embeddings, 638

hx =
1

n

n∑
i=1

Embedding(xi) (3) 639

where n is the sentence length. These sentence 640

vectors are then clustered using K-means with 641

K = E clusters, where E denotes the number 642

of experts. The clustering objective minimizes the 643

within-cluster sum of squared distances to the re- 644

spective centroids: 645

min
{Ck}Kk=1

K∑
k=1

∑
hx∈Ck

∥hx − µk∥2, (4) 646

with Ck representing the set of sentence vectors as- 647

signed to cluster k and µk its centroid. Finally, the 648

resulting clusters are used to partition the original 649

dataset into E semantically coherent sub-datasets, 650

each of which is assigned to train a distinct single- 651

expert submodel. We show a example of clustering 652

dataset in Figure 8. 653

B Code Link 654

https://anonymous.4open.science/r/MoE-DisCo- 655

4835/ 656

C Hyperparameter Settings 657

All experiments in this work are conducted with 658

the following hyperparameters : 659

Hyperparameter Value

Optimizer AdamW
Learning rate 1× 10−4

Learning rate scheduler constant
Batch size 16
Data Type bfloat16
Sequence length 1024

Table 4: Hyperparameter settings used in submodel
training.

D Submodel Training Details 660

In MoE-DisCo, each submodel is trained on a low- 661

cost GPU. For the k-th submodel, we retain the full 662

shared backbone and keep only the k-th expert in 663

every MoE layer. This results in a standard dense 664
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Hyperparameter Value

Optimizer AdamW
Learning rate 3× 10−4

Weight decay 0.01
Warmup ratio 0.03
Learning rate scheduler Cosine
Batch size 16
Data Type bfloat16
Sequence length 1024

Table 5: Hyperparameter settings used in full-parameter
training and MoE-DisCo fine-tune.

Model Dataset Max Steps Max Time (hours)

Qwen1.5-MoE-2.7B C4 4,200 2.09
WikiText-2 4,330 1.28
OpenWebText 5,922 3.12

LLaMA-MoE-3.5B C4 4,810 1.54
WikiText-2 5,136 1.46
OpenWebText 4,355 3.01

Table 6: Maximum training steps and wall-clock time
among all sub-expert models. As sub-expert models are
trained fully in parallel, we report the maximum value
across experts, which determines the overall training
time of this stage.

model with the same depth and hidden dimensional-665

ity as the original MoE. Although sub-expert train-666

ing requires a non-trivial amount of time, it incurs667

relatively low monetary cost, as each submodel668

can be trained independently on affordable hard-669

ware and fully in parallel. A detailed breakdown of670

training steps and cost is provided in Table 6.671

E Gating Network Architecture672

The MoE architecture employed in this work adopts673

the standard top-K sparsely-gated routing strategy.674

In this scheme, for each input token, the gating675

network dynamically selects the K most relevant676

experts for activation while leaving the rest inactive,677

thereby maintaining high model capacity with con-678

trolled computational cost. During the submodel679

training phase, only a single expert is assigned per680

submodel; consequently, the gating network is not681

utilized, and each submodel is trained as a dense682

model with a fixed expert. In the subsequent fine-683

tune stage, the full gating network is introduced and684

requires only a small number of optimization steps685

to learn effective and coordinated routing across686

experts, achieving efficient and stable adaptation687

without extensive retraining.688
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