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Abstract001

Optimal configuration of the learning rate (LR)002
is a fundamental yet formidable challenge in003
large-scale pre-training. Given the stringent004
trade-off between training costs and model005
performance, the pivotal question is whether006
the optimal LR can be accurately extrapolated007
from low-cost experiments. In this paper, we008
formalize this investigation into two distinct re-009
search paradigms: Fitting and Transfer. Within010
the Fitting Paradigm, we innovatively intro-011
duce a Scaling Law for search factor, effec-012
tively reducing the search complexity from013
O(n3) to O(n ·CD ·Cη) via predictive model-014
ing. Within the Transfer Paradigm, we extend015
the principles of µTransfer to the Mixture of016
Experts (MoE) architecture, broadening its ap-017
plicability to encompass model depth, weight018
decay, and token horizons.019

By pushing the boundaries of existing hyperpa-020
rameter research in terms of scale, we conduct021
a comprehensive comparison between these022
two paradigms. Our empirical results challenge023
the scalability of the widely adopted µTransfer024
in large-scale pre-training scenarios. Further-025
more, we provide a rigorous analysis through026
the dual lenses of training stability and feature027
learning to elucidate the underlying reasons028
why module-wise parameter tuning underper-029
forms in large-scale settings. This work offers030
systematic practical guidelines and a fresh the-031
oretical perspective for optimizing industrial-032
level pre-training.033

1 Introduction034

The rapid evolution of Large Language Mod-035

els (LLMs) (OpenAI et al., 2024c,a,b, 2025;036

Team et al., 2025a, 2024; Comanici et al., 2025;037

DeepSeek-AI et al., 2024a,b, 2025b,a,c) is continu-038

ously pushing the cognitive boundaries of artificial039

intelligence, driven fundamentally by the Scaling040

Laws (Kaplan et al., 2020) arising from large-scale041

pre-training. However, executing such large-scale042

pre-training remains formidable, A fundamental 043

challenge is selecting an appropriate/optimal learn- 044

ing rate (LR). On one hand, large-scale pre-training 045

involves massive computational loads and pro- 046

longed training cycles, requiring a precise LR to 047

ensure both stability and convergence efficiency. 048

On any other hand, the vast consumption of com- 049

putational resources makes the cost of trial-and- 050

error unacceptable. Consequently, the crux of 051

learning rate for large-scale pre-training lies 052

in accurately characterizing the relationship 053

between the optimal LR in “cheaper-to-train” 054

small-scale experiments and that of the target 055

scale. 056

This paper establishes two fundamental research 057

paradigms for setting the learning rate in large- 058

scale pre-training: Fitting and Transfer. The Fit- 059

ting Paradigm involves directly modeling the rela- 060

tionship between the optimal learning rate, model 061

size, and training data under standard initialization 062

conditions, thereby extrapolating the learning rate 063

for the target training scale (DeepSeek-AI et al., 064

2024a; Li et al., 2025). To overcome the bottle- 065

necks of combinatorial explosion and prohibitive 066

training costs inherent in prior research within the 067

fitting paradigm, this work innovatively introduces 068

a scaling Law for search factor. By leveraging 069

performance prediction, we effectively reduce the 070

search complexity from O(n3) to O(n · CD · Cη). 071

The Transfer Paradigm, on the other hand, 072

conducts hyperparameter optimization (including 073

learning rate) on selected proxy models and sub- 074

sequently transfers these hyperparameters to the 075

target model according to established rules. In 076

this study, we adopt the fundamental principles of 077

µTransfer (Yang et al., 2022). However, to better 078

align with contemporary large-scale pre-training 079

scenarios, we implement a critical extension by 080

selecting the Mixture of Experts (MoE) as our re- 081

search architecture. Building upon existing litera- 082

ture, we expand the transfer dimensions to encom- 083
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pass model widths and depths, while simultane-084

ously incorporating the influences of weight decay085

and token horizon on µTransfer. These enhance-086

ments substantially push the boundary of applica-087

bility for µTransfer.088

To facilitate a comprehensive comparison089

between the two paradigms, this study extends090

the target prediction scale for learning rates by091

more than tenfold (x10). Our target configuration092

is set as a MoE model with 12B total parameters093

with 1.3B activated for each token, trained on094

500B tokens—a scale that significantly surpasses095

existing hyperparameter research. The primary096

contributions of this paper can be summarized in097

the following three aspects:098

Paradigm and Theoretical Innovation: We sys-099

tematically formalize the two research paradigms100

and innovatively integrate Scaling Laws for101

performance prediction. This approach effectively102

reduces modeling costs while substantially103

enhancing both prediction efficiency and the range104

of parameter coverage.105

Ultra-Large-Scale Empirical Comparison:106

Breaking through the scale limitations of prior107

hyperparameter studies, this work provides the first108

comprehensive comparison of the two paradigms109

within a real-world, large-scale pre-training envi-110

ronment, offering systematic practical guidelines111

for large-model engineering.112

Multidimensional Mechanistic Insights: We113

provide an in-depth analysis of the dynamical char-114

acteristics of both paradigms during pre-training,115

focusing on two core dimensions: Training116

Stability and Feature Learning. This offers a117

novel perspective for research into large-scale118

pre-training.119

120

2 Related Works121

2.1 Learning Rate Schedule122

Prior to the advent of large-scale language model123

(LLM) pre-training, the cosine annealing schedule124

(Loshchilov and Hutter, 2017) served as the pre-125

dominant standard. However, the cosine schedule126

mandates a predetermined number of total training127

steps, rendering it insufficiently flexible amidst the128

backdrop of continuously expanding pre-training129

scales. Consequently, the Warmup-Stable-Decay130

(WSD) schedule (Hu et al., 2024) has emerged.131

This schedule is characterized by a stable phase132

where the learning rate remains constant follow-133

ing the warmup period, eventually decaying to a 134

specific terminal value. Since the decay phase can 135

be initiated at any point during the stable phase 136

to conclude training, WSD is regarded as highly 137

adaptable to the dynamic requirements of large- 138

scale pre-training. Reflecting this advantage, the 139

WSD scheduler has recently been adopted by main- 140

stream large-scale pre-training projects(DeepSeek- 141

AI et al., 2025b; Team et al., 2025b; Bai et al., 142

2025). 143

Propelled by scaling laws, the magnitude of pre- 144

training continues to escalate. The stable phase 145

frequently spans weeks or even months (DeepSeek- 146

AI et al., 2025b; Bai et al., 2025; Yang et al., 2025), 147

making the precise configuration of the learning 148

rate critically important. However, existing re- 149

search on learning rate configuration has predom- 150

inantly focused on the cosine annealing schedule. 151

Under the cosine regime, Kaplan et al. (2020) eluci- 152

dated the relationship between the learning rate and 153

model parameters, while Bjorck et al. (2025) and 154

Li et al. (2025) empirically derived power-law for- 155

mulations correlating the learning rate with model 156

size N and training data size D. Diverging from 157

existing literature, our work investigates the rela- 158

tionship between the optimal learning rate, model 159

size, and training data size specifically within the 160

stable phase of a constant learning rate schedule. 161

2.2 Maximal Update Parametrization 162

Maximal Update Parametrization 163

(µParametrization or µP, Yang et al. (2022)) 164

is a widely investigated framework for hyperpa- 165

rameter configuration. The fundamental premise 166

of µP is to guarantee training stability and 167

ensure that weights across different modules are 168

adequately trained(i.e. maximal feature learning) 169

even as model width approaches infinity. 170

By virtue of maintaining these properties in the 171

infinite-width limit, µP possesses inherent capabil- 172

ities for hyperparameter transfer. This gives rise to 173

a derivative method known as µTransfer, wherein 174

the optimal learning rate for a target model can be 175

directly calculated based on the optimum identi- 176

fied via search on a smaller proxy model. While 177

the initial formulation of µTransfer was limited 178

to extrapolating model width, subsequent stud- 179

ies by Yang et al. (2023) and Dey et al. (2025) 180

have investigated extensions for scaling model 181

depth. Beyond its extensive application in dense 182

architectures(Lingle, 2025), µTransfer has also 183

been experimentally applied to Mixture-of-Experts 184
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(MoE) structures(Małaśnicki et al., 2025). Further-185

more, recent research indicates that the efficacy186

of µTransfer is primarily manifested during the187

early stages of training; to extend the effective188

transfer horizon, adjustments to weight decay are189

required(Wang and Aitchison, 2025; Małaśnicki190

et al., 2025; Fan et al., 2025).191

Building upon existing research of µTransfer192

and integrating current methodologies for pre-193

training hyperparameter configuration, our work194

conducts a granular investigation into the impact195

of µTransfer on the performance of large-scale pre-196

training.197

3 Approach198

This section delineates the specific methodologies199

for the configuration of the learning rate under200

two distinct paradigms. Section 3.1 introduces201

the Fitting Paradigm, which leverages scaling laws202

to enhance the efficiency and scope of the fitting203

process. Section 3.2 focuses on the representa-204

tive transfer paradigm µTransfer method and elu-205

cidating its practical implementation within large-206

scale pre-training contexts. Crucially, our study207

focuses on the stable training phase governed by208

the Warmup-Stable-Decay (WSD) learning rate209

schedule.210

3.1 Scaling Laws for Learning Rate211

For a given model size N and training data size D212

, the optimal learning rate η is formulated as:213

η∗ND = argmin
η

L(η | N,D,Θ), (1)214

where L is validation loss and Θ contains other215

hyperparameters involved in the pre-train process.216

Characterizing the relationship between the op-217

timal η, model size, and data size necessitates a218

grid search across the N , D, and η dimensions,219

resulting in a computational complexity of approx-220

imately O(n3). Fortunately, inspired by prior work221

(Bjorck et al., 2025), we observe that for fixed N222

and D, the relationship between the validation loss223

L and the learning rate η approximates an invex224

profile. Consequently, we employ a quadratic poly-225

nomial to fit this relationship:226

L(η | N,D,Θ) = Lmin + C · (log(η)− ηmin)
2,

(2)227

where Lmin, C, and ηmin are the fitting coeffi-228

cients.229
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Figure 1: Results of Equation 4 and 2. These ap-
proaches allow for a substantial reduction in the time
and storage cost of the search process.

Consequently, for a given N and D, the optimal 230

learning rate η∗ can be directly derived via fitting 231

on a limited set of learning rates: 232

log(η∗) = ηmin = argmin
η

{L(η | N,D,Θ)},

(3) 233

Figure 1(b) shows the fitted curves of Equation 234

2. The search complexity is reduced from O(n3) 235

to O(n2 ∗ Cη) 236

Furthermore, inspired by contemporary research 237

on scaling laws(Hoffmann et al., 2022; Tissue et al., 238

2024), we observe that under the WSD schedule, 239

the validation loss exhibits a power-law relation- 240

ship with the training data size D for a fixed model 241

configuration: 242

L(D) = L0 +A ·D−γ , (4) 243

Where L0, A, γ are parameters to fit. This im- 244

plies that the search space along the dimension of 245

data size D can be significantly compressed, en- 246

abling the extrapolation of results to larger data 247

regimes via a limited number of search points. 248

The specific fitting procedure is illustrated in Fig- 249

ure 1(a). This methodology effectively improves 250

the trade-off between search cost and fitting pre- 251

cision, reducing the computational complexity of 252

the search from O(n3) to O(n · CD · Cη). 253

Based on Equation 2 and 3, by conducting 254

a search within the N dimension, we can effi- 255

ciently derive a comprehensive set of optimal LR 256

{η∗ND}N,D, corresponding to varying model sizes 257

N and data sizes D. This facilitates the fitting of 258

the functional relationship between the optimal LR 259

and the variables N and D: 260

3



Lr(N,D) = argmin
Lr∈F

L(Lr(N,D), η∗ND | Θ),

(5)261

where F represents the candidate function space,262

and L denotes the metric function, which is Root263

Mean Squared Error (RMSE) in our work.264

The final fitted relationship governing the opti-265

mal learning rate with respect to model size N and266

data size D is given by:267

Lr(N,D) = 38.4588 ·N−0.2219 ·D−0.3509. (6)268

We observe a good fit with R2 ≈ 0.9622(See269

Appendix A.3.1 for details of fitting process). The270

overall fitting results are shown in Figure 2.271

Extending this approach, we further conduct a272

fine-grained investigation into the learning rate con-273

figurations for distinct model modules in Section274

6.1.275

3.2 Scaling µTransfer for Pre-training276

As the Mixture-of-Experts (MoE) architecture in-277

creasingly serves as the foundational backbone278

for large-scale pre-training (DeepSeek-AI et al.,279

2024b, 2025b,a,c; Yang et al., 2024; Qwen et al.,280

2025; Yang et al., 2025; Bai et al., 2025), we adopt281

the MoE architecture as our proxy model for µP.282

Regarding the target model, we adhere to the set-283

tings proposed by Małaśnicki et al. (2025) for ini-284

tialization along the width dimension. For the285

depth dimension, we draw upon the methodolo-286

gies of Depth-up (Yang et al., 2023) and Complete-287

µP (Dey et al., 2025; Mlodozeniec et al., 2025).288

The central mechanism involves applying a depth-289

dependent scaling factor to the residual branch:290

H i+1 = H i +m−α
L F(H i), i ∈ {1, . . . , L},

(7)291

where H i denotes the output of the i-th layer,292

and F represents either the Attention or Feed-293

Forward Network (FFN) layer. Following the rec-294

ommendations of Complete-µP, we set α = 1 to295

enhance the transferability of µTransfer.296

Wang and Aitchison (2025) and Fan et al. (2025)297

have identified weight decay λ as a critical deter-298

minant of µTransfer efficacy. Consequently, we299

incorporate the influence of weight decay into the300

training process of the target model, maintaining301

the proportionality δλ ∝ δlr. For given model302

size N and data volume D, we observe that the 303

approximate invex relationship between validation 304

loss L and learning rate persists within µP proxy 305

models. This observation allows for a reduction 306

in the search space along the learning rate dimen- 307

sion, thereby improving the efficiency of µTransfer. 308

Regarding transfer along the token horizon dimen- 309

sion, we adopt the configuration from Mlodoze- 310

niec et al. (2025). The detailed initialization and 311

transfer rules for the target model parameters are 312

summarized in Table 2 and Table 10. 313

4 Experiments 314

4.1 Datasets 315

The pre-training corpus utilized in our work is de- 316

rived from InternLM2.5 (Cai et al., 2024), includ- 317

ing general text, source code, and long-context se- 318

quences. Specifically, the textual component spans 319

web pages, academic papers, patents, and books. 320

The code component is primarily sourced from 321

GitHub, programming communities, and other pub- 322

lic repositories, covering a diverse array of pro- 323

gramming languages including C/C++, Java, and 324

Python. All data underwent rigorous deduplication 325

and safety filtering protocols. 326

To ensure distributional consistency, the vali- 327

dation set employed in our experiments was con- 328

structed via random sampling from the above cor- 329

pus, while strictly maintaining disjointness from 330

the training samples to prevent data leakage. 331

4.2 Experimental Settings 332

We adopt the Qwen3-MoE (Yang et al., 2025) ar- 333

chitecture for our experimental models. For all 334

model training, we utilize the AdamW optimizer 335

(Loshchilov and Hutter, 2019) with β1 = 0.9, 336

β2 = 0.95, and ϵ = 10−8. The learning rate sched- 337

ule consists of a linear warmup for 1,000 steps, 338

followed by a constant learning rate strategy. The 339

sequence length is fixed at 4,096, and the global 340

batch size is set to 4M tokens. 341

For experiments in 3.1, we employ models of 342

four distinct sizes (550M, 1B, 2B, and 3B) all ad- 343

hering to the structural configuration of the Qwen3- 344

30B-A3B model. Notably, the aspect ratio between 345

model width and depth remains constant across 346

these scales. We subsequently validate our exper- 347

imental findings on target models with 4B, 12B 348

total parameters. With the exception of normaliza- 349

tion parameters, all model weights are initialized 350

from a normal distribution with a standard devia- 351
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Figure 2: Middle: Visualization of the optimal learning rate relative to model size N and data size D. Left: The
relationship between the optimal learning rate and data size D with model size fixed at N = 4B. Right: The
relationship between the optimal learning rate and model size N with data size fixed at D = 140B.

tion of 0.02. The search space for the learning rate352

is defined as η ∈ {8e − 5, 1e − 4, 3e − 4, 5e −353

4, 8e− 4, 1.5e− 3, 2e− 3}. Each model is trained354

on approximately 120B tokens (30,000 steps), and355

we extrapolate the results to 500B tokens using356

Equation 4. Weight decay is set to 0.1.357

For the µTransfer experiments, we conduct358

learning rate and initialization searches on a proxy359

model with 2B total parameters. The search space360

for the learning rate is defined as η ∈ {8e −361

5, 1e− 4, 3e− 4, 5e− 4, 8e− 4, 1.5e− 3, 2e−3};362

for initialization, we explore the range σ ∈363

{0.0005, 0.001, 0.002, 0.005, 0.01, 0.015, 0.02}.364

The actual training data size for these experiments365

is approximately 200B tokens (50,000 steps), and366

we extrapolate the hyperparameters to a 500B367

token regime with Equation 4 and settings from368

Mlodozeniec et al. (2025).369

4.3 Evaluation370

To assess the downstream performance of the mod-371

els developed during our validation experiments,372

we evaluate our models on MMLU (Hendrycks373

et al., 2021) and CMMLU (Li et al., 2024) bench-374

marks. MMLU serves as our primary English eval-375

uation set, comprising four-choice multiple-choice376

questions across 57 distinct subjects, including377

anatomy, physics, genetics etc. Conversely, we378

employ CMMLU to evaluate Chinese language379

proficiency which covers 67 domains ranging from380

natural sciences and humanities to general knowl-381

edge.382

For the implementation of these evaluations, we383

leverage the OpenCompass framework (Contribu-384
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Figure 3: Downstream task performances of 4B model
with global optimal LR and µP respectively.

tors, 2023b), a comprehensive Python toolkit de- 385

signed to facilitate the batch evaluation of diverse 386

foundation models across heterogeneous datasets. 387

Furthermore, to expedite the evaluation pipeline, 388

we utilize the LMDeploy framework (Contribu- 389

tors, 2023a) with Turbomind (Zhang et al., 2025) 390

backend for efficient model loading and inference 391

acceleration. 392

5 Results 393

First, we extrapolate the proxy model solely by 394

increasing its width, scaling it to 4B total parame- 395

ters with 530M active parameters, and conducting 396

from-scratch pre-training on 500B tokens. To rig- 397

orously assess the pre-training quality under both 398

paradigms, we evaluate not only the final model 399

performance but also the downstream task results 400

throughout the training process. The performance 401

trends are illustrated in Figure 3. As shown, the pre- 402

training quality achieved by the Fitting Paradigm 403
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Figure 4: Downstream task performances of 12B model
with global optimal LR and µP respectively.

is significantly higher than that of µTransfer.404

Furthermore, we extend the predictive training405

scale by more than an order of magnitude, scal-406

ing the model to 12B total parameters (1.3B ac-407

tive) and pre-training it from scratch on 500B408

tokens. We similarly evaluate the intermediate409

progress, with the overall performance trajectories410

presented in Figure 4. As demonstrated in Figure 4,411

the model trained via the Fitting Paradigm consis-412

tently and significantly outperforms the one using413

µTransfer.414

6 Analyze415

6.1 Module-Level Optimal Learning Rates416

A fundamental motivation behind µP is the hy-417

pothesis that under Standard Parametrization (SP)418

and a uniform global learning rate, specific mod-419

ules may suffer from insufficient training, thereby420

failing to satisfy the regime of maximal feature421

learning. To investigate this, building upon the422

global optimal learning rate derived from our fit-423

ting paradigm in Section 3.1, we employ a greedy424

search strategy to conduct a fine-grained learning425

rate search across four distinct parameter modules:426

Embeddings, LM Head, Router, and Hidden pa-427

rameters.We observe that fine-grained tuning of in-428

dividual modules yields no significant performance429

improvement compared to the global optimal learn-430

ing rate configuration.431

The optimal learning rates identified for specific432

modules align closely with the global optimum,433

and the minimum loss achieved through module-434

specific search exhibits negligible deviation from435

the loss achieved with global optimal learning rate436

from Equation 6 (as illustrated in Figure 5). Con-437

sequently, assigning distinct optimal learning rates438

to specific modules does not appear to materially439

enhance model performance.440
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Figure 5: The relationship between loss and learn-
ing rate for (a)LM Head, (b)Router, (c)Hidden and
(d)Embedding parameters during the module-level
learning rate search. Each curve corresponds to a model
of a specific size. The dashed lines indicate the loss
achieved by the corresponding model size under the
global optimal learning rate setting. Triangle markers
denote the optimal learning rate for the current module,
while star markers represent the global optimal learning
rate.

To further validate the effect of module-level op- 441

timal LR, we trained the target 4B model for 120B 442

tokens using both the derived module-specific opti- 443

mal LR and the calculated global optimal LR. As 444

depicted in Figure 6, the comparison of the vali- 445

dation losses reveals that the loss curves for both 446

settings are virtually indistinguishable. See Table 447

3 and Appendix A.3.2 for detailed settings. 448

6.2 A Closer Look at Feature Learning 449

In the previous subsection, we observed that fine- 450

grained learning rate tuning across distinct model 451

modules yielded no substantial performance gains, 452

indicating that a global learning rate configuration 453

does not induce training imbalances among com- 454

ponents. In this subsection, we further investigate 455

the feature learning dynamics of these modules 456

by analyzing the optimization trajectory, specifi- 457

cally monitoring the evolution of parameter update 458

magnitudes throughout the training process. 459

As illustrated in the Figure7, training with the 460

AdamW optimizer results in parameter update mag- 461

nitudes that remain stable over extended periods 462

and exhibit relative uniformity across layers. The 463

update magnitudes consistently approximate 0.2, 464

a finding consistent with recent theoretical studies 465
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(Liu et al., 2025; Kosson et al., 2024). This evi-466

dence further corroborates that distinct modules467

maintain comparable feature learning capabilities468

at any given stage of training, thereby negating469

the necessity for module-specific learning rates to470

balance feature learning efficiency.471

6.3 Does Standard Parametrization Scale？472

Training stability is widely regarded as another473

distinct advantage of µP. Yang et al. (2022) argues474

that under standard parametrization, the internal475

training states of certain modules tend to ”blow up”476

as model scale increases, thus the adjustment of477

learning rates on different modules is necessary.478

We replicated the methodology of µTransfer479

to analyze the model derived from our experi-480

ments. Contrary to expectations, under standard481

parametrization, the internal states of our model482

did not exhibit blow up(Figure 8(a)); rather, they483

displayed trends remarkably similar to those of484

models initialized via µP. To investigate further, we485

conducted an ablation where the QK-Norm mod-486

ules were removed during the computation of at-487

tention logits (Figure 9). Under this condition, we488

successfully reproduced the instability trends de-489

scribed in µTransfer. Consequently, we posit that490

recent advancements in model architecture—such491

as the incorporation of QK-Norm—have rendered492

layer-wise training more balanced and significantly493

enhanced robustness to hyperparameter variations.494

6.4 Impact of Data Size on Training Stability495

Existing research on training stability, most no-496

tably the work on µP, has predominantly focused497

on model scale while neglecting the influence of498
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(a) 4B Model
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(b) 500M Model without QK-Norm
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(c) 4B µP Model

Figure 7: Update RMS norm during the training pro-
cess of: (a) 4B model (b) 500M model with QK-Norm
removed (c) 4B model with µP. Update RMS norm
maintains approximately 0.2 in all the models we ob-
served.
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(a) 4B Model
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Figure 8: Variation of word embeddings, attention
logits, and logits compared to initial states at cer-
tain training steps as width increases. With ref-
erence to Yang et al. (2022), we plot the stan-
dard deviation of the coordinates of xt − x0, x ∈
{word embeddings, attention logits, logits}. In our
experiments, logits and attention logits of models with
standard parametrization do not exhibit the ”blow-up”
tendency.
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(b) 4B µP Model

Figure 9: Variation of attention logits at certain training
steps as width increases. We ignored QK-Norm param-
eters when compute attention logits. Attention logits
started to blow up with width in SP model.
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Figure 10: Variation of word embeddings, attention
logits, and logits compared to initial states as training
proceeded.

training data size. Employing the analytical frame-499

work established in Section 6.3, we investigate500

the evolution of the model’s internal states as the501

amount of training data increases under standard502

parametrization.503

As illustrated in the Figure 10, while the model’s504

internal states eventually converge to a relatively505

stable regime as the amount of training data in-506

creases, the internal variations are significantly507

more drastic with respect to data scaling than to508

model scaling. This phenomenon is particularly509

evident in the attention logits. This observation510

offers a potential explanation for the scaling co-511

efficients in Equation 6, where the exponent for512

model parameter count N (−0.22) is algebraically513

greater than that for data volume D (−0.35). As514

the size of training data expands, the magnitude515

of parameter updates across different modules ex-516

hibits a more pronounced increase; consequently,517

the optimal learning rate requires more substantial518

adjustment to maintain training stability.519

6.5 Decay Training520

A key characteristic of WSD schedule is the uti-521

lization of higher-quality training data during the522

decay phase after the constant-learning-rate stable523

phase to maximize the model’s feature learning.524

Building upon the experiments described in Sec-525

tion 5 we extended the training of both model vari-526
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Figure 11: Downstream task performances of 4B model
after the end of decay phase. The left area depicts the
stable phase of training, while the right area corresponds
to the decay phase.

ants after the end of the stable phase using a dis- 527

tinct corpus of high-quality data. We annealed the 528

learning rate to 10% of its value during the sta- 529

ble phase and continued training for an additional 530

100B tokens. We then evaluated the downstream 531

task performance of the models that had completed 532

the full WSD training. 533

As shown in Figure 11, the model trained with 534

the global optimal learning rate outperformed the 535

model derived from µ Transfer on both the MMLU 536

and CMMLU benchmarks, achieving accuracy im- 537

provements of 1.28% (42.23% → 43.51%) and 538

2.23% (40.58% → 42.81%), respectively. These 539

results demonstrate that the global optimal learn- 540

ing rate yields superior performance in realistic 541

pre-training scenarios. 542

7 Conclusioin 543

This paper systematically establishes two funda- 544

mental research paradigms—Fitting and Trans- 545

fer—to address the critical challenge of learn- 546

ing rate configuration in large-scale pre-training. 547

At the methodological level, we introduce scal- 548

ing Laws to reduce the complexity of the Fitting 549

Paradigm, and provide a comprehensive extension 550

of µTransfer across model architectures, depths, 551

weight decay, and token horizons. Through exten- 552

sive experimentation, we challenge the scalability 553

of the widely adopted µTransfer in large-scale pre- 554

training scenarios and provide an in-depth anal- 555

ysis of the underlying mechanisms that limit the 556

performance of module-wise parameter tuning at 557

scale. This research offers both systematic prac- 558

tical guidance and a novel theoretical perspective 559

for optimizing industrial-level pre-training. 560
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Limitations561

To inform and inspire future research, we summa-562

rize the limitations of our work as follows:563

564

Learning Rate Schedules: This study focuses on565

large-scale pre-training, where the Warm-Stable-566

Decay (WSD) scheduler is currently the industry567

standard. Consequently, our analysis is centered568

on this specific schedule and does not explore the569

dynamics of other learning rate schedulers.570

571

Model Architectures: Given that the Mixture572

of Experts (MoE) architecture has become the573

foundational backbone for modern large-scale574

pre-training, it served as the primary subject of our575

investigation. The generalizability of our findings576

to Dense architectures remains to be verified in577

future work.578

579

Extrapolation Limits: Due to computational re-580

source constraints, this study did not investigate the581

ultimate extrapolation boundaries (i.e., the maxi-582

mum scale at which these predictions remain accu-583

rate) for both the Fitting and Transfer paradigms.584

Use of AI Assistants585

We primarily use AI assistants to improve and en-586

rich our writing.587
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Figure 12: The precision of Equation 4.

A Appendix 837

A.1 Model Architectures and LR Settings 838

Table 1, 2 and 3 shows the detailed parameters of 839

models’ architectures and learning rate settings. 840

A.2 Extrapolation of L(D) 841

In the experiments presented in our works, 842

L(D) = L0 +A ·D−γ(Equation 4) is repeatedly 843

employed for curve fitting and data augment. To 844

validate the effectiveness of this approach, we con- 845

tinue training the 2B proxy model of µTransfer 846

from 120B to approximately 200B tokens (50,000 847

steps). Points corresponding to ≤ 120B are used 848

as the fitting set, while the remaining data serve as 849

the test set. The fitted curve is illustrated in Figure 850

12. 851

Among the four settings, the extrapolation ac- 852

curacy is notably poorer under the learning rate 853

of 8e-5, while the predicted values for the other 854

learning rates at 200B tokens align closely with 855

the ground truth. We attribute this discrepancy to 856

the fact that the learning rate of 8e-5 is excessively 857

small for the current model, causing the model 858

state to evolve too gradually as data volume in- 859

creases. By 120B tokens, the model has yet to 860

exhibit a clear trend toward convergence. Conse- 861

quently, the curve fitted by Equation 4 declines 862

sharply rather than gradually flattening, leading 863

to a misinterpretation of the model’s future trajec- 864

tory. In contrast, the other tested learning rates are 865

relatively larger and closer to the model’s optimal 866

learning rate, enabling the validation loss curve to 867

enter the convergence phase more rapidly and thus 868

yielding more accurate predictions from the L(D) 869

curve. 870

For experiments conducted in Section 5, we also 871

conduct the same experiment on 4B Model, fitting 872

with points that corresponding to D ≤ 120B. Fig- 873

ure 13 indicates that despite only approximately 874

one-quarter of the data is used for fitting, the pre- 875

dicted value at D = 500B(2.066) exhibits a neg- 876

ligible discrepancy from the actual value (2.070). 877

Therefore, we consider the method of data extrapo- 878
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Table 1: Overview of Qwen3-MoE Model Architectures and Hyperparameters in Section 3.1

Models
Total

Params
Activate
Params

Hidden
Size

Num
Layers

Attn
Heads

KV
Heads

Interm.
Size Learning Rate

Training Set

Qwen3-MoE-0.5B-A0.1B 550M 100M 256 3 32 4 768 8e-5, 1e-4, 3e-4, 5e-4, 8e-4, 1.5e-3, 2e-3
Qwen3-MoE-1B-A0.2B 1B 190M 384 9 32 4 768 8e-5, 1e-4, 3e-4, 5e-4, 8e-4, 1.5e-3, 2e-3
Qwen3-MoE-2B-A0.3B 2B 280M 512 12 32 4 768 8e-5, 1e-4, 3e-4, 5e-4, 8e-4, 1.5e-3
Qwen3-MoE-3B-A0.4B 3B 400M 640 15 32 4 768 8e-5, 1e-4, 3e-4, 5e-4, 8e-4, 1.5e-3

Test Set

Qwen3-MoE-4B-A0.5B 4B 530M 768 18 32 4 768 8e-5, 3e-4, 5e-4, 8e-4, 1.5e-3
Qwen3-MoE-12B-A1.3B 12B 1.3B 1280 30 32 4 768 -

Table 2: Overview of Qwen3-MoE Model Architectures and Hyperparameters in Section 3.2

Models
Total

Params
Activate
Params

Hidden
Size

Num
Layers

Attn
Heads

KV
Heads

Interm.
Size Learning Rate std

Qwen3-MoE-2B-A0.3B-proxy 2B 290M 512 18 32 4 512
8e-5, 1e-4, 3e-4, 5e-4,
1e-3, 2e-3 0.01, 0.015, 0.02, 0.03, 0.04

Qwen3-MoE-4B-A0.5B 4B 530M 768 18 32 4 768 - -

Qwen3-MoE-2B-A0.3B-proxy 2B 290M 640 18 32 4 384
1e-4, 3e-4, 5e-4, 1e-3,
2e-3

0.0005, 0.001, 0.002,
0.005, 0.01, 0.02

Qwen3-MoE-12B-A1.3B 12B 1.3B 1280 30 32 4 768 - -

Table 3: Overview of Qwen3-MoE Model Architectures and Hyperparameters in Section 6.1

Models
Total

Params
Activate
Params

Hidden
Size

Num
Layers

Attn
Heads

KV
Heads

Interm.
Size Learning Rate

Training Set

Qwen3-MoE-0.5B-A0.1B 550M 100M 256 3 32 4 768 8e-5, 3e-4, 8.75e-4, 1e-3, 1.5e-3, 2e-3, 3e-3, 4e-3
Qwen3-MoE-1B-A0.2B 1B 190M 384 9 32 4 768 8e-5, 3e-4, 7.24e-4, 1e-3, 1.5e-3, 2e-3, 3e-3, 4e-3
Qwen3-MoE-2B-A0.3B 2B 280M 512 12 32 4 768 8e-5, 3e-4, 6.36e-4, 1e-3, 1.5e-3, 2e-3, 3e-3, 4e-3
Qwen3-MoE-3B-A0.4B 3B 400M 640 15 32 4 768 8e-5, 3e-4, 5.90e-4, 1e-3, 1.5e-3, 2e-3, 3e-3, 4e-3
Qwen3-MoE-4B-A0.5B 4B 530M 768 18 32 4 768 8e-5, 3e-4, 5.55e-4, 1e-3, 1.5e-3, 2e-3, 3e-3, 4e-3

12
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Figure 13: The precision of Equation 4 on 4B Fit Optim
model.

lation via Equation 4 to be reasonable within the879

data range discussed in this paper.880

A.3 Details of Fitting Experiments881

A.3.1 Global Optimal Learning Rate882

This subsection contains the whole fitting process883

of Section 3.1.884

The validation loss curves for various models un-885

der different learning rates, derived from the global886

optimal learning rate search experiments, are il-887

lustrated in Figure 14. We utilize the smoothed888

data via Equation 4 as the input for subsequent fit-889

ting stages. Furthermore, we employ this equation890

to extrapolate the validation loss for each model891

at a training volume of 200B tokens across dis-892

tinct learning rates, thereby augmenting the dataset893

available for fitting.894

We sample validation loss data points at 10B-895

token intervals, ranging from 80B to 220B tokens,896

to facilitate subsequent analysis and curve fitting.897

Figure 15 illustrates the variation of validation loss898

as a function of the learning rate η with different899

model size and data size. Figure 16 presents a 3-D900

visualization of the relationship among loss, learn-901

ing rate, and training data size. Upon observing a902

distinct local minimum, we employ the quadratic903

polynomial defined in Equation 2 to fit the data904

(as shown in Figure 17). The coefficients of deter-905

mination (R2) consistently exceed 0.995, enabling906

a precise estimation of the optimal learning rate907

based on these curves.908

As shown in Figure 18(a) and 18(b), the global909

optimal learning rate exhibits a power-law relation-910

ship with both the model parameter count N and911

training data size D. With reference to the stud-912

ies of Bjorck et al. (2025), we decide to use the913

following functional form:914

ηopt(N,D) = Cη ·N−α ·D−β, (8) 915

where Cη, α, β are positive constants. After em- 916

ploying non-linear least squares to fit the curve, we 917

finally get the parameters of Equation 6: 918

Cη ∼ 38.4588, α ∼ 0.2219, β ∼ 0.3509. (9) 919

A.3.2 Module-Level Optimal Learning Rates 920

This subsection details the step-by-step process of 921

searching Module-Level Optimal LR. 922

We split the model into the following four 923

groups of parameters: 924

• Embedding Parameters, which is the word 925

embedding layer of a model, 926

• Hidden Parameters, mainly composed of 927

self-attention and layer norm modules, 928

• Router, which contains the router matrix and 929

experts, 930

• LM Head Parameters, which is the unem- 931

bedding output layer. 932

Similar to our experiments in Section A.3.2, 933

while searching optimal LR across different mod- 934

ule groups, the training data size in set to approx- 935

imately 120B tokens. According to the results 936

above, we can derive the global optimal LR ηopt of 937

every size of model in the experiment via Equation 938

2: 939

In the following stages, we sequentially conduct- 940

ing experiments in the order of LM Head, Router, 941

Hidden, and Embedding parameters with greedy 942

search strategy. 943

LM Head. First, we begin with the LM Head 944

module. By varying the learning rate ηout of the 945

LM Head weights within a specified range while 946

fixing the learning rates of all other weights to 947

the current model’s global optimal learning rate(i.e. 948

ηemb = ηhidden = ηrouter = ηopt), we conduct the 949

search following the method described in Section 950

3.1. The curve fitted using Equation 2 is shown in 951

Figure 20, where the fitted minimum is taken as the 952

module-level learning rate ηoutopt for LM Head(Table 953

5). 954

Router. In the second searching stage, we set 955

ηemb = ηhidden = ηopt, η
out = ηoutopt and search 956

learning rate on Router layers. The results are 957

illustrated in Figure 21 and Table 6 958
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Figure 14: Results of fitting via L(D) = L0 +A ·D−γ for each group of experiments.

Table 4: Global Optimal LR at 120B

N 500M 1B 2B 3B 4B

ηopt 8.75e-4 7.24e-4 6.36e-4 5.90e-4 5.55e-4

Hidden. Next, set ηemb = ηopt, η
router =959

ηrouteropt , ηout = ηoutopt while searching optimal learn-960

ing rate on Hidden parameters to obtain ηhiddenopt .961

The results are illustrated in Figure 22 and Table 7962

Embedding. Finally, we set ηrouter =963

ηrouteropt , ηhidden = ηhiddenopt , ηout = ηoutopt and con-964

duct learning rate searching on Embedding layer965

and get its optimal learning rate ηemb
opt . The results966

are illustrated in Figure 23 and Table 8967

Overall Results. The overall results of module-968

level optimal learning rate are shown in Table 9969

A.3.3 µTransfer970

We refer to Mlodozeniec et al. (2025) to conduct971

our µTransfer experiments. The transfer method972

is shown in Table 10. As we maintain an invariant973

batch size across all experimental configurations,974

we only consider the influence of training token975

counts alongside model width and depth when em-976

ploy µTransfer.977
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Table 5: LM Head Optim LR at 120B

N 500M 1B 2B 3B 4B

ηoutopt 6.92e-4 425e-4 3.72e-4 3.81e-4 2.86e-4

Table 6: Router Optim LR at 120B

N 500M 1B 2B 3B 4B

ηrouteropt 7.62e-4 6.55e-4 5.93e-4 5.23e-4 4.89e-4

Table 7: Hidden Optim LR at 120B

N 500M 1B 2B 3B 4B

ηhiddenopt 1.05e-3 6.99e-4 5.80e-4 4.79e-4 3.78e-4

Table 8: Embedding Optim LR at 120B

N 500M 1B 2B 3B 4B

ηoutopt 1.95e-3 8.38e-4 2.00e-3 1.15e-3 1.05e-3

Table 9: Module-Level Optim LR at 120B

N 500M 1B 2B 3B 4B

ηoutopt 6.92e-4 425e-4 3.72e-4 3.81e-4 2.86e-4
ηrouteropt 7.62e-4 6.55e-4 5.93e-4 5.23e-4 4.89e-4
ηhiddenopt 1.05e-3 6.99e-4 5.80e-4 4.79e-4 3.78e-4
ηoutopt 1.95e-3 8.38e-4 2.00e-3 1.15e-3 1.05e-3

Table 10: Hyperparameters’ transfer rule of µTransfer

Parameterisation: µP Complete(d)P

Multipliers
MHA Residual x+ MHABlock(x) x+m−α

L MHABlock(x)
MLP Residual x+ MLPBlock(x) x+m−α

L MLPBlock(x)
Unemb. Fwd Unaugmented Unaugmented

Init Variances

Input Emb.

σ2
b

Hidden weights ×m−1
N ×m−1

N
Hidden biases/norms
Unemb. LN
Unemb. Weights ×m−2

N ×m−2
N

Learning Rates

Input Emb.

ηb ×
√

1
mD

Hidden weights ×m−1
N ×m−1

N ×mα−1
L

Hidden biases/norm ×mα−1
L

Unemb. LN
Unemb. weights ×m−1

N ×m−1
N

AdamW ϵ

Hidden weights/biases/norms

ϵb

×m−1
N ×m−1

N ×m−α
L

×√
mD

QK norms NA ×m−α
L

Input Emb. ×m−1
N ×m−1

N
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Figure 15: Relationship among loss, learning rate, and training data size of various model.
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Figure 16: 3D visualization of 15
.
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Figure 17: All results of fitting with Equation 2 across different amount of data.
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Figure 18: Relationship ammog learning rate η, model size N and training data size D.
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Figure 19: Initial stage of module-level learning rate searching.
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Figure 20: LM Head stage of module-level learning rate searching.
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Figure 21: Router stage of module-level learning rate searching.
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Figure 22: Hidden stage of module-level learning rate searching.

10 4 10 3

LR

2.725

2.730

2.735

2.740

2.745

2.750

2.755

2.760

Va
lid

at
io

n 
Lo

ss

N = 500M

120B LRmin=1.95e-03 Lmin=2.73 r2=9.793e-01

10 4 10 3

LR

2.4700

2.4725

2.4750

2.4775

2.4800

2.4825

2.4850

2.4875

Va
lid

at
io

n 
Lo

ss

N = 1B

120B LRmin=8.38e-04 Lmin=2.47 r2=9.133e-01

10 4 10 3

LR

2.330

2.332

2.334

2.336

2.338

2.340

2.342

Va
lid

at
io

n 
Lo

ss

N = 2B

120B LRmin=2.00e-03 Lmin=2.33 r2=8.850e-01

10 4 10 3

LR

2.234

2.236

2.238

2.240

2.242

2.244

2.246

Va
lid

at
io

n 
Lo

ss

N = 3B

120B LRmin=1.15e-03 Lmin=2.23 r2=9.404e-01

10 4 10 3

LR

2.170

2.172

2.174

2.176

2.178

2.180

Va
lid

at
io

n 
Lo

ss

N = 4B

120B LRmin=1.05e-03 Lmin=2.17 r2=5.745e-01

Figure 23: Embedding stage of module-level learning rate searching.
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