
Lecture 4 Optimization (cont’d)
Lecture 5: Neural Networks

01/26/2026

ROB 430/599: Deep Learning for Robot 
Perception and Manipulation (DeepRob)



Today
• Wrap up Optimization (30 min)
• Start Neural Networks 

– Image Features (20min)
– Neural Networks, Activation Functions (20min)

• Summary and Takeaways (5min)



Recap: SGD + Momentum

https://docs.google.com/file/d/1nzP2EVBHDQKDtJd-QXGVrtoGWIyxqXwE/preview


AdaGrad

● Added element-wise scaling of the gradient based on the 
historical sum of squares in each dimension

● “Per-parameter learning rates” or “adaptive learning rates”



AdaGrad

Duchi et al, “Adaptive sub gradient methods for online learning and stochastic optimization,” JMLR 2011



RMSProp: “Leaky AdaGrad”



RMSProp: “Leaky AdaGrad”

https://docs.google.com/file/d/1UzESL-BEWCd1orH-6h3nIPqXuyrJk3ml/preview


RMSProp + Momentum (“Almost” Adam)



RMSProp + Momentum (“Almost” Adam)



RMSProp + Momentum (“Almost” Adam)

Kingma and Ba, “Adam: A method for stochastic optimization,” ICLR 2015



RMSProp + Momentum (“Almost” Adam)

Q: What happens at t=1?
(Assume beta2 = 0.999)



Aha Slides 
(In-class participation)

 
https://ahaslides.com/TA5NG 

https://ahaslides.com/TA5NG


RMSProp + Momentum (“Almost” Adam)

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



Adam: Very common in practice!



Adam: Very common in practice!

Additional References:

https://towardsdatascience.com/a-vi
sual-explanation-of-gradient-desce
nt-methods-momentum-adagrad-rm
sprop-adam-f898b102325c 

https://www.cs.toronto.edu/~tijmen/
csc321/slides/lecture_slides_lec6.p
df 

https://docs.google.com/file/d/1mawN4Uj4VJdBh9l2UukoGDR3kAj6lL4t/preview
https://towardsdatascience.com/a-visual-explanation-of-gradient-descent-methods-momentum-adagrad-rmsprop-adam-f898b102325c
https://towardsdatascience.com/a-visual-explanation-of-gradient-descent-methods-momentum-adagrad-rmsprop-adam-f898b102325c
https://towardsdatascience.com/a-visual-explanation-of-gradient-descent-methods-momentum-adagrad-rmsprop-adam-f898b102325c
https://towardsdatascience.com/a-visual-explanation-of-gradient-descent-methods-momentum-adagrad-rmsprop-adam-f898b102325c
https://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
https://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
https://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf


Optimization Algorithms Comparison



L2 Regularization vs. Weight Decay

Loshchilov and Hunter, “Decoupled Weight Decay 
Regularization,” ICLR 2019

Weight decay



AdamW: Decouple Weight Decay

Loshchilov and Hunter, “Decoupled Weight Decay Regularization,” ICLR 2019



AdamW: Decouple Weight Decay

Loshchilov and Hunter, “Decoupled Weight Decay Regularization,” ICLR 2019

AdamW should/could probably be your 
“default” optimizer for new problems



Second-Order Optimization

 



So Far: First-Order Optimization



So Far: First-Order Optimization



Second-Order Optimization



Second-Order Optimization



Second-Order Optimization



Second-Order Optimization



Second-Order Optimization: L-BFGS

Le et al, “On optimization methods for deep learning,” ICML 2011
Ba et al, “Distributed second-order optimization using Kronecker-factored approximations,” ICLR 2017



In-Practice (Take-aways)

● Adam/AdamW is a good default choice in many 
cases. SGD+Momentum can outperform Adam 
but may require more tuning.

● If you can afford to do full batch updates then try 
out L-BFGS (and don’t forget to disable all 
sources of noise)



State-of-the-Art (2024 ICLR accepted papers - example)

● Large Language Models as Optimizers

“meta-prompt”

Large Language Models as Optimizers. Chengrun Yang, Xuezhi Wang, Yifeng Lu, Hanxiao Liu, Quoc V Le, Denny Zhou, 
Xinyun Chen. https://iclr.cc/virtual/2024/poster/19209 

https://iclr.cc/virtual/2024/poster/19209


State-of-the-Art

● Neural Topic Modeling as Multi-Objective 
Contrastive Optimization 

https://openreview.net/pdf?id=HdAoLSBYXj 

(2024 ICLR accepted papers - example)

https://openreview.net/pdf?id=HdAoLSBYXj


State-of-the-Art

● Neural Topic Modeling as Multi-Objective 
Contrastive Optimization 

https://openreview.net/pdf?id=HdAoLSBYXj 

(2024 ICLR accepted papers - example)

https://openreview.net/pdf?id=HdAoLSBYXj


Summary

Next up: Neural Networks



Recap P1 Deadline: Feb. 2, 2025



Neural Networks

 



Problem: Linear Classifiers aren’t that powerful



One Solution: Feature transforms



One Solution: Feature transforms

Nonlinear classifier in 
original space!



Image Feature: Color Histogram



Image Feature: HoG (Histogram of Oriented Gradients)

Lowe, “Object recognition from local scale-invariant features,” ICCV 1999
Dalal and Triggs, “Histograms of oriented gradients for human detection,” 
CVPR 2005



Image Feature: HoG (Histogram of Oriented Gradients)

Lowe, “Object recognition from local scale-invariant features,” ICCV 1999
Dalal and Triggs, “Histograms of oriented gradients for human detection,” 
CVPR 2005



Image Feature: HoG (Histogram of Oriented Gradients)

Lowe, “Object recognition from local scale-invariant features,” ICCV 1999
Dalal and Triggs, “Histograms of oriented gradients for human detection,” 
CVPR 2005



Image Feature: Bag of Words (Data Driven)

Fei-Fei and Perona, “A bayesian hierarchical model for learning natural scene categories,” CVPR 2005



Image Feature: Bag of Words (Data Driven)

Fei-Fei and Perona, “A bayesian hierarchical model for learning natural scene categories,” CVPR 2005



Image Features



Image Features



Image Features vs. Neural networks



Example: Winner of 2011 ImageNet Challenge

F. Perronnin, J. Sánchez, “Compressed Fisher vectors for LSVRC”, PASCAL VOC / ImageNet workshop, ICCV, 2011. 



Example: 2024 CVPR accepted paper

Cheng, T. Y., Gadelha, M., Groueix, T., Fisher, M., Mech, R., 
Markham, A., & Trigoni, N. (2024). Learning Continuous 3D 
Words for Text-to-Image Generation. In Proceedings of the 
IEEE/CVF Conference on Computer Vision and Pattern 
Recognition (pp. 6753-6762).

“Text-to-image” 3D Words



Example: 2024 CVPR accepted paper

Chang, T. V., Seibt, S., & von Rymon Lipinski, B. 
(2024). Hierarchical Histogram Threshold 
Segmentation-Auto-terminating High-detail 
Oversegmentation. In Proceedings of the 
IEEE/CVF Conference on Computer Vision and 
Pattern Recognition (pp. 3195-3204). 

● Hierarchical Histogram Threshold Segmentation
● “Fine-tuning” segmentation masks



Example: 2025 CVPR accepted paper

Zhou, Sifan, et al. "Pillarhist: A quantization-aware 
pillar feature encoder based on height-aware 
histogram." Proceedings of the Computer Vision 
and Pattern Recognition Conference. 2025.



Example: World Labs (2025)

News: 
https://techcrunch.com/2025/11/12/fei-fei-lis-world-l
abs-speeds-up-the-world-model-race-with-marble-i
ts-first-commercial-product/ 

https://www.worldlabs.ai/ 

Marble: 
https://marble.worldlabs.ai/?utm_so
urce=media&utm_medium=referral
&utm_campaign=marble_launch 

“Spatial Intelligence”

https://techcrunch.com/2025/11/12/fei-fei-lis-world-labs-speeds-up-the-world-model-race-with-marble-its-first-commercial-product/
https://techcrunch.com/2025/11/12/fei-fei-lis-world-labs-speeds-up-the-world-model-race-with-marble-its-first-commercial-product/
https://techcrunch.com/2025/11/12/fei-fei-lis-world-labs-speeds-up-the-world-model-race-with-marble-its-first-commercial-product/
https://www.worldlabs.ai/
https://marble.worldlabs.ai/?utm_source=media&utm_medium=referral&utm_campaign=marble_launch
https://marble.worldlabs.ai/?utm_source=media&utm_medium=referral&utm_campaign=marble_launch
https://marble.worldlabs.ai/?utm_source=media&utm_medium=referral&utm_campaign=marble_launch


Neural Networks (Overview)



Neural Networks



Neural Networks



Neural Networks



Neural Networks



Neural Networks



Neural Networks

Recall:



Neural Networks



Neural Networks



Neural Networks



Neural Networks



Deep Neural Networks



Neural Networks: Activation Functions

Q: What happens if we build a 
neural network with no 
activation function?



Aha Slides 
(In-class participation)

 
https://ahaslides.com/TA5NG 

https://ahaslides.com/TA5NG


Activation Functions



Activation Functions

https://pytorch.org/docs/stable/gene
rated/torch.nn.Softplus.html 

https://pytorch.org/docs/stable/generated/torch.nn.Softplus.html
https://pytorch.org/docs/stable/generated/torch.nn.Softplus.html


Activation Functions

https://proceedings.mlr.press/v28/g
oodfellow13.pdf 

https://proceedings.mlr.press/v28/goodfellow13.pdf
https://proceedings.mlr.press/v28/goodfellow13.pdf


Activation Functions

ReLU is a good default choice for 
most problems



Neural Network in 20 Lines 


