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Motivations

Learning rate is widely regarded as crucial for modern foundation model pretraining. 

However, existing LR searching algorithms lack generalizability: 

• Optimal LR prediction methods summarize model performance dynamics as a function 

w.r.t. hyperparameter settings, requiring hundreds of reapeated experiments to form an 

optimal learning rate expression.

• Optimal LR transferring methods typified by Tensor Program series seek to transfer the 

optimal LR across different model scales, but they also necessitate specific designs in 

the model architecture. 

Our AdaLRS algorithm conducts adaptive LR search in a task-agnostic way during training, 

reducing the resource costs for LR tuning significantly. 
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Workflow of AdaLRS

1. Monitor the loss descent velocity (loss slope) dynamics in �-step windows. 

2. Conduct attemptive learning rate upscaling when the loss descent velocity decays. 

3. Compare the loss slope before and after the upscaling attempt: if the loss descent velocity 

increases, the training proceeds with the upscaling retained; if the velocity decreases, the 

upscaling is reverted and the learning rate is lowered instead. 



Workflow of AdaLRS

4. In the formulation, �’  and �’  are LR upscaling and downscaling factors. We choose 

multiplicatively independent base factors � and � for precise approximation. �’ = ���(���, 1), 

�’ = 1
���(���,1)

  are rectified LR scaling factors to ensure convergence. 
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Convergence Analysis

Hypothesis: The optimization of the training loss w.r.t. learning rate in foundation model 

pretraining is convex, and share the same optimum with loss descent velocity optimization.

• Theoretical Analysis

We formulate the update rule for model parameter � as:

where �� is the training loss at time step �. The expected loss descent velocity per step 

(using Taylor expansion) is:

When the LR is too small or too large, the first and second term dominates to suppress 

the expected loss descent value, respectively, ensuring the convexity of training loss 

slope w.r.t. LR settings.



Convergence Analysis

Hypothesis: The optimization of the training loss w.r.t. learning rate in foundation model 

pretraining is convex, and share the same optimum with loss descent velocity optimization. 

• Experimental Analysis

• (a)(b)(c) show the training loss under 

dif fe-rent LR sett ings ;  (d) (e) ( f )  are 

training loss dynamics at  dif ferent 

training steps; (g)(h)(i) illustrate the loss 

slope dynamics at varying loss levels. 

• We can observe clear convexity in these 

plots, and the shared optimum between 

the training loss and its slope. 



Convergence Analysis

Theoreom: The LR sequence generated by the AdaLRS algorithm converges almost surely 

to the e-neighborhood of the optimal learning rate.

This theoreom can be easily proved through the following two propositions: 

Proposition 1: When the current LR is not in the e-neighborhood of the optimum, AdaLRS 

will adjust it to move towards the optimum in finite steps.

> This is straightforward because AdaLRS adjusts LR w.r.t. loss slopes, and the suboptimal 

LR will be pushed towards the optimum because of the convexity of loss slopes. 

Proposition 2: Under the LR adjustment of AdaLRS, the gap between the current LR and 

the optimum is bounded by the decaying LR scaling factors. 

> As illustrated in the workflow of AdaLRS, the LR scaling factors decay as the training 

proceeds, ensuring the resulted final LR to lie in the optimum neighborhood. 
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Experiments

Main Experiment Settings

• 128B-token scale fom scratch pretrai-

ning on 2B LLM, 7B LLM, and 2B VLM.

• Appropr ia te  LR ,   a s  we l l  a s  LRs 

excessive-ly large or small to demon-

strate Ada-LRS’s convergence and 

effectiveness. 



Experiments

Main Experiment Results

• AdaLRS adjusts suboptimal LRs to the 

n e i gh b o r h o o d  of  t h e  o p t i m u m 

effectively in a single run. 

•  AdaLRS accelerates pretraining loss 

convergence efficiently, surpassing 

suboptimal LR baselines with only 

50% training steps. 

• AdaLRS generalizes robustly across 

different model sizes, data compo-

sitions, and model architectures. 



Experiments

Main Experiment Results

• LLMs/VLMs trained with AdaLRS out-performs baseline models across a series of 

evaluation criteria, including training loss, test perplexity, and down-stream tasks.



Experiments

Extending AdaLRS to WSD Scheduler

• Experiments on 2B LLM pretraining with LR settings appropriate, too large or too 

small. 

• AdaLRS adjusts unreasonable LR settings effectively, and shows desired stability for 

appropriate LR configurations.



Experiments

Robustness Across Hyperparameter Settings

• Experiments on 2B LLM pretraining with varying AdaLRS hyperparameter settings, 

such as LR scaling factors �, � and the decay factor �. 

• The precision of optimal LR approximation may be influenced by the hyperparameter 

setting, but AdaLRS approximates the optimum and improves model performance 

robustly across different settings. 



Experiments

Backtracking LR Downscaling Strategy Ablation 

• (a): Without the backtracking LR downscaling strategy, the large LR overshooting will 

introduce severe training instability. Even if AdaLRS still approximates the optimal LR, 

the corresponding model performance remain detereorating. 



Experiments

AdaLRS for Continual Pretraining

• (b)(c): Applying AdaLRS in VLM pretraining with pretrained vision encoder unfrozen 

for parameter updates. 

• For small LR settings, AdaLRS upscales the LR as expected, improving the training loss 

significantly; for large LR settings, AdaLRS exhibits desired effectiveness in optimal LR 

approximation, but fails to improve training loss because large LR destructs model 

parameter distribution. 
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Conclusions

• We propose AdaLRS, which conducts online optimal learning rate search by opti-

mizing the loss descent velocity, approximating the optimal LR and improving model 

performance effectively in a single run. 

• We validate our approach with rigorous convergence analysis, and provide both 

theoretical and experimental analysis to support our hypothesis: the training loss and 

its slope are convex w.r.t. LR settings, and they share the same optimum. 

• Experiments show the effectivenss of AdaLRS in various training scenarios, including 

different model sizes, data compositions, model architectures, and base LR schedulers. 
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