
Lecture 10: Training Neural Networks - Part 2
02/11/2026

ROB 498/599: Deep Learning for Robot 
Perception (DeepRob)



Today
• Feedback and Recap (5min)
• Training NNs

– One-time Setup (Cont’d)
• Weight Initialization
• Dropout 

– Training Dynamics
• Learning Rate scheduling
• Choosing Hyperparameters

– If time permits: After Training
• Model Ensembles, Transfer Learning

• Summary and Takeaways (5min)

P2 Due Feb.15, 2026

Canvas Quiz: Due Feb 18, 2026



Aha Slides 
(In-class participation)

 https://ahaslides.com/RLCCA 

https://ahaslides.com/RLCCA


Recap: Activation Functions



Recap: Data Preprocessing



Weight Initialization

 



Weight Initialization



Weight Initialization

Works ~okay for small networks, but problems with deeper networks.



Weight Initialization: Activation Statistics

Q: What do the gradients 
look like?



Weight Initialization:  Activation Statistics

Q: What do the gradients 
look like?



Weight Initialization: Xavier Initialization

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010 



Weight Initialization: Xavier Initialization

Glorot and Bengio, “Understanding the difficulty of training deep feedforward neural networks”, AISTAT 2010 



Weight Initialization: Xavier Initialization



Weight Initialization: Kaiming/MSRA initialization

He et al., “Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification”, ICCV 2015 



Weight Initialization: Residual Networks

Zhang et al, “Fixup Initialization: Residual Learning Without Normalization”, ICLR 2019 
https://arxiv.org/abs/1901.09321 

https://arxiv.org/abs/1901.09321


Proper Initialization: Active area of research

● Understanding the difficulty of training deep feedforward neural networks by Glorot and Bengio, 2010
● Exact solutions to the nonlinear dynamics of learning in deep linear neural networks by Saxe et al, 

2013 
● Random walk initialization for training very deep feedforward networks by Sussillo and Abbott, 2014
● Delving deep into rectifiers: Surpassing human-level performance on ImageNet classification by He et 

al., 2015 
● Data-dependent Initializations of Convolutional Neural Networks by Krähenbühl et al., 2015 
● All you need is a good init, Mishkin and Matas, 2015
● Fixup Initialization: Residual Learning Without Normalization, Zhang et al, 2019
● The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks, Frankle and Carbin, 2019
● …… 



Regularization (Dropout)

 



Now your model is training… but it overfits!



Recap: Regularization



Regularization: Dropout

Srivastava et al, “Dropout: A simple way to prevent neural networks from overfitting”, JMLR 2014 
https://www.cs.toronto.edu/~hinton/absps/JMLRdropout.pdf 

https://www.cs.toronto.edu/~hinton/absps/JMLRdropout.pdf


Regularization: Dropout



Interpreting Dropout



Interpreting Dropout



Dropout: Test Time



Dropout: Test Time

At test time, drop nothing and multiply 
by dropout probability



Dropout: Test Time



Dropout: Summary



More common: “Inverted dropout”



Dropout architectures



Regularization: A common pattern



Regularization: A common pattern

Training: Add some randomness
Testing: Marginalize over randomness

Examples:
● Dropout
● Batch Normalization
● Data Augmentation



Regularization: DropConnect

Wan et al, “Regularization of Neural Networks using DropConnect”, ICML 2013 
https://proceedings.mlr.press/v28/wan13.html 

https://proceedings.mlr.press/v28/wan13.html


Regularization: Fractional Pooling

Graham, “Fractional Max Pooling”, arXiv 2014
https://arxiv.org/abs/1412.6071 

https://arxiv.org/abs/1412.6071


Regularization: Stochastic Depth

Huang et al, “Deep Networks with Stochastic Depth”, ECCV 2016 
https://arxiv.org/abs/1603.09382 

https://arxiv.org/abs/1603.09382


Regularization: CutOut

DeVries and Taylor, “Improved Regularization of Convolutional Neural Networks with Cutout”, arXiv 2017 
Zhong et al, “Random Erasing Data Augmentation”, AAAI 2020 



Regularization: Mixup

Zhang et al, “mixup: Beyond Empirical Risk Minimization”, ICLR 2018 



Regularization: CutMix

Yun et al, “CutMix: Regularization Strategies to Train Strong Classifiers with Localizable Features”, ICCV 2019 



Regularization: Label Smoothing

Szegedy et al, “Rethinking the Inception Architecture for Computer Vision”, CVPR 2015 



Data Augmentation

https://openaccess.thecvf.com/content/CVPR2024/papers/Islam_DiffuseMix_Label-Preserving_Data_Augmentation_with_Diffu
sion_Models_CVPR_2024_paper.pdf

(example - cvpr2024)

https://openaccess.thecvf.com/content/CVPR2024/papers/Islam_DiffuseMix_Label-Preserving_Data_Augmentation_with_Diffusion_Models_CVPR_2024_paper.pdf
https://openaccess.thecvf.com/content/CVPR2024/papers/Islam_DiffuseMix_Label-Preserving_Data_Augmentation_with_Diffusion_Models_CVPR_2024_paper.pdf


Regularization: Summary



Recap P2: Due Feb.15, 2026
Canvas Quiz: Due Feb 18, 2026



Learning Rate Scheduling

 



SGD, SGD+Momentum, Adagrad, RMSProp, Adam
all have learning rate as hyper parameter

Q: Which one of these 
learning rates is best to 
use?



Learning Rate Decay: Step



Learning Rate Decay: Cosine

Loshchilov and Hutter, “SGDR: Stochastic Gradient Descent with Warm Restarts”, ICLR 2017 
Radford et al, “Improving Language Understanding by Generative Pre-Training”, 2018 
Feichtenhofer et al, “SlowFast Networks for Video Recognition”, ICCV 2019 
Radosavovic et al, “On Network Design Spaces for Visual Recognition”, ICCV 2019 
Child at al, “Generating Long Sequences with Sparse Transformers”, arXiv 2019 



Learning Rate Decay: Linear

Devlin et al, “BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding”, NAACL 2018 
Liu et al, “RoBERTa: A Robustly Optimized BERT Pretraining Approach”, 2019Yang et al, “XLNet: Generalized Autoregressive 
Pretraining for Language Understanding”, NeurIPS 2019 



Learning Rate Decay: Inverse Sqrt

Vaswani et al, “Attention is all you need”, NIPS 2017 



Learning Rate Decay: Constant

Brock et al, “Large Scale GAN Training for High Fidelity Natural Image Synthesis”, ICLR 2019 
Donahue and Simonyan, “Large Scale Adversarial Representation Learning”, NeurIPS 2019 



How long to train? Early Stopping



Choosing Hyperparameters

 



Choosing Hyperparameters: Grid Search



Choosing Hyperparameters: Random Search



Hyperparameters: Random vs Grid Search

Bergstra and Bengio, 
“Random Search for 
Hyper-Parameter 
Optimization”, JMLR 2012 



Choosing Hyperparameters: Random Search

Radosavovic et al, “On Network Design Spaces for Visual Recognition”, ICCV 2019 



Choosing Hyperparameters

 (without tons of GPUs)



Choosing Hyperparameters



Choosing Hyperparameters



Choosing Hyperparameters



Choosing Hyperparameters



Choosing Hyperparameters



Choosing Hyperparameters - Summary

Step 1: Check initial loss
Step 2: Overfit a small sample
Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs
Step 5: Refine grid, train longer
Step 6: Look at learning curves



Looking at Learning Curves



Choosing Hyperparameters



Choosing Hyperparameters



Choosing Hyperparameters



Choosing Hyperparameters



Choosing Hyperparameters



Choosing Hyperparameters



Test question

https://ahaslides.com/RLCCA 

https://ahaslides.com/RLCCA


Choosing Hyperparameters

Step 1: Check initial loss
Step 2: Overfit a small sample
Step 3: Find LR that makes loss go down
Step 4: Coarse grid, train for ~1-5 epochs
Step 5: Refine grid, train longer
Step 6: Look at learning curves loss curves
Step 7: GOTO step 5



Track ratio of weight update / weight magnitude



Hyperparameters to play with
● Network architecture
● Learning rate, its decay schedule, update type
● Regularization (L2/ Dropout strength)

This image by Paolo Guereta is licensed under CC-BY 2.0

https://commons.wikimedia.org/wiki/File:Pioneer_DJ_equipment_-_angled_left_-_Expomusic_2014.jpg
https://creativecommons.org/licenses/by/3.0/us/


Cross-validation “command center”

● Tensorboard
● wandb.ai

https://docs.wandb.ai/tutorials/
pytorch/ 

https://docs.wandb.ai/tutorials/pytorch/
https://docs.wandb.ai/tutorials/pytorch/


Next Time

Summary P2: Due Feb.15, 2026
Canvas Quiz: Due Feb 18, 2026


