
STAT 453: Introduction to Deep 
Learning and Generative Models

Ben Lengerich
Lecture 11: Optimization / Learning Rates

October 8, 2026



Midterm
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• In-class Thursday, October 15 (75 minutes)

• Open-note (printed or handwritten), no electronics/AI

• Review session Tuesday, October 13 (led by Baiheng Chen)



Last Time: Normalization and Initialization
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• Batch normalization keeps hidden-layer activations well-scaled 
across layers

• Xavier / He initialization scales initial weight variance by fan-
in/fan-out for the same reason

• Closing thought: stable signal doesn't mean fast or well-directed 
training

• Today: how do we actually take the gradient step well?



Today: Improving Optimization
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1. Learning Rate Decay

2. Learning Rate Schedulers in PyTorch

3. Training with “momentum”

4. ADAM: Adaptive Learning Rates

5. Optimization algorithms in PyTorch



Minibatch Training Recap
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• Minibatch learning is a form of 
stochastic gradient descent

• Each minibatch can be considered a 
sample drawn from the training set 
(where the training set is in turn a 
sample drawn from the population)

• Hence, the gradient is noisier

A noisy gradient can be:
• good: chance to escape local minima 
• bad: can lead to extensive oscillation



Minibatch Training: Practical Tip
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• Typical minibatch sizes: 32, 64, 
128, 256, 512, 1024
• why powers of 2?

• Usually, pick the biggest that is 
allowed by your GPU memory

• Practical tip: also want to make 
the batch size proportional to 
the number of classes in the 
dataset

Raschka, S. (2018). Model evaluation, model selection, and 
algorithm selection in machine learning.
https://arxiv.org/abs/1811.12808

https://arxiv.org/abs/1811.12808
https://arxiv.org/abs/1811.12808
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Learning Rate Decay
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• Batch effects -- minibatches are samples of the training 
set, hence minibatch loss and gradients are approximations 

• Hence, we usually get oscillations

• To dampen oscillations towards the end of the training, we can 
decay the learning rate

• Danger of learning rate is to decrease the 
learning rate too early

• Practical tip: try to train the model without 
learning rate decay first, then add it later

• You can also use the validation performance 
(e.g., accuracy) to judge whether lr decay is 
useful (as opposed to using the training loss)



Learning Rate Decay
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Most common variants for lr decay:

1. Exponential Decay:
𝜂𝑡 ≔ 𝜂0e

−k⋅𝑡

where 𝑘 is the decay rate



Learning Rate Decay
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Most common variants for lr decay:

1. Exponential Decay:
𝜂𝑡 ≔ 𝜂0e

−k⋅𝑡

where 𝑘 is the decay rate

2. Halving the learning rate:
𝜂𝑡 ≔ 𝜂𝑡−1/2

where 𝑡 is a multiple of 𝑇0 (e.g. 𝑇0 = 100)

3. Inverse decay:

𝜂𝑡 ≔
𝜂0

1 + 𝑘 ⋅ 𝑡



Learning Rate Decay
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Many, many more!



Learning Rate Warmup
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• Symmetric to decay: many training runs also warm up the 
learning rate at the start

• Early in training, weights (and BatchNorm running statistics, if 
used) are poorly scaled -- a large learning rate this early can 
destabilize training before things settle

• Typical recipe: linearly ramp the LR up over the first few 
hundred/thousand steps, then apply the decay schedule from the 
previous slides

• Especially common for large models and for adaptive optimizers 
like Adam, whose per-parameter estimates are noisy at the very 
start



Relationship between Learning rate and Batch Size
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Smith, S. L., Kindermans, P. J., Ying, C., & Le, Q. V. (2017). Don't decay the learning 

rate, increase the batch size. arXiv preprint arXiv:1711.00489.
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Smith, S. L., Kindermans, P. J., Ying, C., & Le, Q. V. (2017). Don't decay the learning 

rate, increase the batch size. arXiv preprint arXiv:1711.00489.
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Learning Rate Schedulers in PyTorch
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Learning Rate Schedulers in PyTorch
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Learning Rate Schedulers in PyTorch
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Reproducibility in DL is tough
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Need to report all training details – they all matter.

http://openaccess.thecvf.com/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html

He K, Zhang X, Ren S, Sun J. Deep residual learning for image recognition. Proceedings of the IEEE conference 
on computer vision and pattern recognition 2016 (pp. 770-778).

http://openaccess.thecvf.com/content_cvpr_2016/html/He_Deep_Residual_Learning_CVPR_2016_paper.html


Saving Models in PyTorch
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Learning rate schedulers have 
the advantage that we can also 
simply save their state for reuse 
(e.g., saving and continuing 
training later)
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Training with “Momentum”
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• Main idea: Let’s dampen oscillations by using “velocity” (the 
speed of the “movement” from previous updates)

https://www.asherworldturns.com/zorbing-new-zealand/
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Training with “Momentum”
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• Main idea: Let’s dampen oscillations by using “velocity” (the 
speed of the “movement” from previous updates)

Key take-away: Not only move in the (opposite) direction of the 
gradient, but also move in the “weighted averaged" direction of the 
last few updates 



Training with “Momentum”

Ben Lengerich © University of Wisconsin-Madison 2026

Qian, N. (1999). On the momentum term in gradient descent 
learning algorithms. Neural Networks : The Official Journal of the 
International Neural Network Society, 12(1), 145–151. 
http://doi.org/10.1016/S0893-6080(98)00116-6



Training with “Momentum”
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Source: https://distill.pub/2017/momentum/
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Momentum, By the Numbers
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• Recall v_t = beta * v_(t-1) + g_t -- PyTorch's convention 
(torch.optim.SGD(..., momentum=0.9), coming up). With beta = 
0.9:

• Consistent gradient (g=2 every step): v1=2, v2=3.8, v3=5.42, 
v4=6.88, ... converges to g/(1-beta) = 20 -- a 10x speedup when 
gradients keep pointing the same way

• Oscillating gradient (+2,-2,+2,-2,...): v1=2, v2=-0.2, v3=1.82, v4=-
0.36, ... settles into roughly +-g/(1+beta) = +-1.05 -- about HALF 
the raw oscillation's amplitude

• Same mechanism, opposite effects: momentum amplifies steps 
that keep pointing the same way, and cancels out steps that keep 
flipping sign



Momentum in PyTorch
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Source: https://pytorch.org/docs/stable/optim.html

1 − 𝜂

https://pytorch.org/docs/stable/optim.html


Nesterov: A Better Momentum
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Nesterov, Y. (1983). A method for unconstrained convex minimization 
problem with the rate of convergence o(1/k2). Doklady ANSSSR (translated 
as Soviet.Math.Docl.), vol. 269, pp. 543– 547.

We already know where the momentum part will push us in this step. Let’s 
calculate the new gradient with that update in mind:

Sutskever, I., Martens, J., Dahl, G. E., & Hinton, G. E. (2013). On the 
importance of initialization and momentum in deep learning. ICML (3), 
28(1139-1147), 5.



Nesterov: A Better Momentum
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Sutskever, I., Martens, J., Dahl, G. E., & Hinton, G. E. (2013). On the 
importance of initialization and momentum in deep learning. ICML (3), 
28(1139-1147), 5.

correction term (gradient of the 

point where you would have 

ended up via the standard 

momentum method) 



Gradient Clipping
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• Recall from Lecture 8: gradients can explode as well as vanish, 
especially once momentum is accumulating updates over many 
steps

• Gradient clipping caps the norm of the gradient before the update 
is applied, without changing its direction -- it doesn't fix the 
objective, it just prevents any single step from being 
catastrophically large

•     if ||g|| > threshold:  g  g * threshold / ||g||

• In PyTorch:
t or ch. nn. ut i l s. c l i p_gr ad_nor m_( model . par amet er s( ) ,  max_nor m=. . . )
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Why Not Just Use Newton's Method?
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• Second-order methods (Newton's method, quasi-Newton) use 
curvature information (the Hessian) to take smarter steps than plain 
gradient descent

• Problem: for a model with p parameters, the Hessian is a p x p 
matrix
• Computing, storing, or inverting it is prohibitively expensive once p is in the 

millions, as in any real deep net

• So deep learning relies almost entirely on first-order methods (SGD, 
momentum, Adam)

• Everything on the next few slides is really about approximating 
some of second-order methods' benefits (like per-parameter 
scaling) without the O(p^2) / O(p^3) cost



Adaptive Learning Rates
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Many different flavors of adapting the learning rate

Rule of thumb:

1. decrease learning if the gradient changes its direction

2. increase learning if the gradient stays consistent



Adaptive Learning Rates
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Rule of thumb:

1. decrease learning if the gradient changes its direction

2. increase learning if the gradient stays consistent

Step 1: Define a local gain (g) for each weight (initialized with g=1)



Adaptive Learning Rates
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Rule of thumb:

1. decrease learning if the gradient changes its direction

2. increase learning if the gradient stays consistent

Step 1: Define a local gain (g) for each weight (initialized with g=1)

Step 2: Define a local gain (g) for each weight (initialized with g=1)

If gradient is consistent:

Else:



RMSProp
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• Unpublished (but very popular) algorithm by Geoff Hinton

• Based on Rprop [1]

• Very similar to another concept called AdaDelta

• Main idea: divide learning rate by an exponentially decreasing 
moving average of the squared gradients
• RMS = “Root Mean Squared”

• Takes into account that gradients can vary widely in magnitude

• Damps oscillations like momentum (in practice, works better)

[1] Igel, Christian, and Michael Hüsken. "Improving the Rprop learning algorithm." Proceedings of the Second 

International ICSC Symposium on Neural Computation (NC 2000). Vol. 2000. ICSC Academic Press, 2000.



ADAM (Adaptive Moment Estimation)
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• Probably the most widely used optimization algorithm in DL

• Combination of momentum + RMSProp

Kingma, D. P., & Ba, J. (2014). Adam: A method for stochastic optimization. arXiv preprint arXiv:1412.6980.

Momentum-like term:

RMSProp term:

ADAM update:



ADAM (Adaptive Moment Estimation)
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Kingma, D. P., & Ba, J. (2014). Adam: A method for stochastic optimization. arXiv preprint arXiv:1412.6980.



Many more variants
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• Adam with weight decay

 https://arxiv.org/pdf/1711.05101.pdf

• Layer-wise Adaptive Rate Scaling (LARS)

 https://arxiv.org/pdf/1708.03888.pdf

https://arxiv.org/pdf/1711.05101.pdf
https://arxiv.org/pdf/1711.05101.pdf
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Using different optimizers in PyTorch
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• Same as for vanilla SGD (which we’ve seen before)

• More details at:

https://pytorch.org/docs/stable/optim.html

opt i mi zer  = t or ch. opt i m. SGD( model . par amet er s( ) ,  l r =0. 01,  moment um=0. 9)

opt i mi zer  = t or ch. opt i m. Adam( model . par amet er s( ) ,  l r =0. 0001)

Remember to save the optimizer state if you are using momentum / ADAM

https://pytorch.org/docs/stable/optim.html


ADAM in PyTorch
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Source: https://pytorch.org/docs/stable/optim.html
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ADAM in PyTorch
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Optimization is not a settled science
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Optimization is not a settled science
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https://parameterfree.com/2020/12/06

/neural-network-maybe-evolved-to-

make-adam-the-best-optimizer/

"it is known that Adam will not always give you the best performance, yet most of the time people know 
that they can use it with its default parameters and get, if not the best performance, at least the second 
best performance on their particular deep learning problem. "

"Usually people try new architectures keeping the optimization algorithm fixed, and most of the time 
the algorithm of choice is Adam. This happens because, as explained above, Adam is the default 
optimizer."

https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/
https://parameterfree.com/2020/12/06/neural-network-maybe-evolved-to-make-adam-the-best-optimizer/


Where we are…
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• We now have a full toolkit: architecture (MLPs, CNNs), 
regularization, normalization/init, and optimization -- everything 
needed to actually train a deep net well.

• Next time (10/13): Review session (led by Baiheng Chen)

• Midterm: Thursday, October 15, in class



.

Questions?
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