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

https://deeprob.org/w26/

https://deeprob.org/w25/


Announcements

● New course website: https://deeprob.org/w26/  
● P3 released, due March 8, 2026

(recommend finish before spring vacation)
● Midterm: March 11, 2026,  12pm-1:30pm EST 

(Wednesday in class after spring vacation)
○ Pen/Pencil and paper exam
○ 1 A4/Letter-size note, front and back
○ No GenAI/phone/computer/internet

● Final Project info: 
https://deeprob.org/w26/projects/finalproject/   

https://deeprob.org/w26/
https://deeprob.org/w26/projects/finalproject/


Today
• Training NN (Cont’d)

– After Training: Model Ensembles, Transfer Learning
• Object Detection

– Object Detection Overview 
– Region Proposals
– R-CNN

• NMS and mAPs
– Fast R-CNN 

• Summary and Takeaways 



Next Time

Training NN (Cont’d)



Model Ensembles



Model Ensembles: Tips and Tricks



Model Ensembles: Tips and Tricks

Polyak and Juditsky, “Acceleration of stochastic approximation by averaging”, SIAM Journal on Control and Optimization, 1992. 
Karras et al, “Progressive Growing of GANs for Improved Quality, Stability, and Variation”, ICLR 2018Brock et al, “Large Scale GAN Training for High Fidelity Natural Image Synthesis”, 
ICLR 201 



Transfer Learning:
Generalizing to New Tasks

 



Transfer Learning with CNNs

Donahue et al, “DeCAF: A Deep Convolutional Activation Feature for Generic 
Visual Recognition”, ICML 2014 
https://arxiv.org/abs/1310.1531 

https://arxiv.org/abs/1310.1531


Transfer Learning with CNNs



Transfer Learning: Feature Extraction



Transfer Learning: Feature Extraction



Transfer Learning: Feature Extraction



Transfer Learning: Feature Extraction

Razavian et al, “CNN Features Off-the-Shelf: An Astounding Baseline for Recognition”, CVPR Workshops 2014
https://openaccess.thecvf.com/content_cvpr_workshops_2014/W15/papers/Razavian_CNN_Features_Off-the-Shelf_2014_CVPR_paper.pdf 

https://openaccess.thecvf.com/content_cvpr_workshops_2014/W15/papers/Razavian_CNN_Features_Off-the-Shelf_2014_CVPR_paper.pdf


Transfer Learning: Fine Tuning



Transfer Learning: Fine Tuning



Transfer Learning: Fine Tuning



Transfer Learning: Fine Tuning



Transfer Learning: Fine Tuning



Transfer Learning: Architecture Matters!



Transfer Learning: Architecture Matters!

Ross Girshick, “The Generalized R-CNN Framework for Object Detection”, ICCV 2017 Tutorial on Instance-Level Visual Recognition
https://instancetutorial.github.io/ 

https://instancetutorial.github.io/


Transfer Learning with CNNs



Transfer Learning with CNNs



Transfer Learning with CNNs



Transfer Learning with CNNs



Transfer Learning with CNNs



Transfer Learning - “the norm”, not the exception



Transfer Learning - “the norm”, not the exception



Transfer Learning - “the norm”, not the exception



Transfer Learning - “the norm”, not the exception



Transfer Learning: Helps you converge faster!

He et al, ”Rethinking ImageNet Pre-Training”, ICCV 2019
https://openaccess.thecvf.com/content_ICCV_2019/papers/He_Rethinking_ImageNet_Pre-Training_ICCV_2019_
paper.pdf 

https://openaccess.thecvf.com/content_ICCV_2019/papers/He_Rethinking_ImageNet_Pre-Training_ICCV_2019_paper.pdf
https://openaccess.thecvf.com/content_ICCV_2019/papers/He_Rethinking_ImageNet_Pre-Training_ICCV_2019_paper.pdf


The Scaling Problem

● Modern models have billions 
of parameters: standard 
finetuning is computationally 
challenging

● Require Parameter-Efficient 
Fine-Tuning (PEFT) paradigm 



PEFT: Low-Rank Adaptation (LoRA)
Hu, Edward J., et al. "Lora: Low-rank adaptation 
of large language models." ICLR 2022.

Key idea: learning low-rank corrections to 
pre-trained weights! 



PEFT: Low-Rank Adaptation (LoRA)



PEFT: Low-Rank Adaptation (LoRA)



Transfer Learning: Helps you converge faster!



Summary: Training NN
• One-Time Setup

– Activation Functions 
– Data Preprocessing 
– Weight Initialization  
– Dropout

• Training Dynamics
– Learning Rate Schedule
– Hyperparameter Tuning

• After Training 
– Model Ensembles
– Transfer Learning



Recap: Components of Convolutional Networks

Next Up



So far… Image Classification



Computer Vision Tasks



Computer Vision Tasks



Classification: Transferring to New Tasks



Object Detection



Object Detection: Task Definition



Object Detection: Challenges



Object Detection: Bounding Boxes



Object Detection



Object Detection: Modal vs. Amodal Boxes

Zhu et al, ”Semantic Amodal Segmentation”, CVPR 2017
https://openaccess.thecvf.com/content_cvpr_2017/papers/Zhu
_Semantic_Amodal_Segmentation_CVPR_2017_paper.pdf 

https://openaccess.thecvf.com/content_cvpr_2017/papers/Zhu_Semantic_Amodal_Segmentation_CVPR_2017_paper.pdf
https://openaccess.thecvf.com/content_cvpr_2017/papers/Zhu_Semantic_Amodal_Segmentation_CVPR_2017_paper.pdf


Object Detection: Modal vs. Amodal Boxes



Object Detection: Modal vs. Amodal Boxes



Comparing Boxes: IoU (Intersection over Union)



Comparing Boxes: IoU (Intersection over Union)



Comparing Boxes: IoU (Intersection over Union)



Comparing Boxes: IoU (Intersection over Union)



Comparing Boxes: IoU (Intersection over Union)



Comparing Boxes: IoU (Intersection over Union)



Detecting a single object



Detecting a single object



Detecting Multiple Objects



Detecting Multiple Objects: Sliding Window



Detecting Multiple Objects: Sliding Window



Detecting Multiple Objects: Sliding Window



Detecting Multiple Objects: Sliding Window

Q: How many possible boxes are there 
in a HxW image? 



Aha Slides 
(In-class participation)

 
https://ahaslides.com/Z44PZ 

https://ahaslides.com/Z44PZ


Detecting Multiple Objects: Sliding Window



Region Proposals

Alexe et al, “Measuring the objectness of image windows”, TPAMI 2012
Uijlings et al, “Selective Search for Object Recognition”, IJCV 2013
Cheng et al, “BING: Binarized normed gradients for objectness estimation at 300fps”, CVPR 2014 
Zitnick and Dollar, “Edge boxes: Locating object proposals from edges”, ECCV 2014



Note on selective search

Felzenszwalb et al, “Efficient Graph-Based Image Segmentation“
https://www.geeksforgeeks.org/selective-search-for-object-detection-r-cnn/ 

https://www.geeksforgeeks.org/selective-search-for-object-detection-r-cnn/


Why do we still care about Region Proposals?
(CVPR 
2024)

https://openaccess.thecvf.com/content/CVPR2024/papers/Huang_PTT_Point-Trajectory_Transformer_for_
Efficient_Temporal_3D_Object_Detection_CVPR_2024_paper.pdf 

https://openaccess.thecvf.com/content/CVPR2024/papers/Huang_PTT_Point-Trajectory_Transformer_for_Efficient_Temporal_3D_Object_Detection_CVPR_2024_paper.pdf
https://openaccess.thecvf.com/content/CVPR2024/papers/Huang_PTT_Point-Trajectory_Transformer_for_Efficient_Temporal_3D_Object_Detection_CVPR_2024_paper.pdf


Why do we still care about Region Proposals?

https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10552883 

(TPAMI 
2024)

“UniDetector”

https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10552883


Why do we still care about Region Proposals?

https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10552883 

(TPAMI 
2024,
cont’d)

“UniDetector”

https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=10552883


R-CNN: Region-Based CNN

Girshick et al, “Rich feature hierarchies for accurate 
object detection and semantic segmentation”, CVPR 
2014.
Figure copyright Ross Girshick, 2015; source. 
Reproduced with permission



R-CNN: Region-Based CNN



R-CNN: Region-Based CNN



R-CNN: Region-Based CNN



R-CNN: Region-Based CNN



R-CNN: Region-Based CNN



R-CNN: Box Regression



R-CNN: Box Regression



R-CNN: Box Regression



R-CNN: Box Regression



R-CNN: Box Regression



R-CNN: Training



R-CNN: Training



R-CNN: Training



R-CNN: Training



R-CNN: Training



R-CNN: Training



R-CNN: Test Time



Overlapping Boxes



Overlapping Boxes: Non-Max Suppression (NMS)



Overlapping Boxes: Non-Max Suppression (NMS)



Overlapping Boxes: Non-Max Suppression (NMS)



Overlapping Boxes: Non-Max Suppression (NMS)



Overlapping Boxes: Non-Max Suppression (NMS)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision 
(mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)



Evaluating Object Detectors: Mean Average Precision (mAP)

Next Time: Object Detectors and Segmentation



Discussion Feb 16
• Questions / Feedback
• Clarification on R-CNN training
• Clarification on Canvas Quiz Questions
• Midterm practice session - Adi
• Office Hour


