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Handwritten digit recognition 
(MNIST,USPS)

• LeCun’s Convolutional Neural Networks variations (0.8%,  
0.6% and 0.4%  on MNIST)

• Tangent Distance(Simard, LeCun & Denker: 2.5%  on USPS)

• Randomized Decision Trees (Amit, Geman & Wilder, 0.8%)

• SVM on orientation histograms(Maji & Malik, 0.8%)





The MNIST DATABASE of handwritten digits
yann.lecun.com/exdb/mnist/
Yann LeCun & Corinna Cortes

• Has a training set of 60 K examples (6K examples 
for each digit), and a test set of 10K examples.

• Each digit is a 28 x 28 pixel grey level image. The 
digit itself occupies the central 20 x 20 pixels, and 
the center of mass lies at the center of the box.

• “It is a good database for people who want to try learning 
techniques and pattern recognition methods on real-world 
data while spending minimal efforts on preprocessing and 
formatting.” 



Convolutional Neural Networks

LeCun et al (1989)



Convolutional Neural Networks 
(LeCun et al)







Training multi-layer networks



How do we find objects in real images?
The PASCAL VOC object detection challenge 2006-2015



The AlexNet paper from 2012







How do we find objects in real images?
The PASCAL VOC object detection challenge 2006-2015



Two main approaches

• Sliding windows at multiple scales

• Bottom-up region/bounding box proposals



Bottom-up grouping as input to recognition

We produce superpixels of coherent color and texture first, 
then combine neighboring ones to generate object candidates  



R-CNN: Regions with CNN features
Girshick, Donahue, Darrell & Malik (CVPR 2014)

Input
image

Extract region
proposals (~2k / image)

Compute CNN
features

Classify regions
(linear SVM)















Now we can train deeper networks!





Training R-CNN

Bounding-box labeled detection data is scarce

Key insight:
Use supervised pre-training on a data-rich 

auxiliary task and transfer to detection



R-CNN training: Step 2

Fine-tune the CNN for detection
Transfer the representation learned for ILSVRC 

classification to PASCAL (or ImageNet detection)



Fast R-CNN (Girshick, 2015)
  R-CNN with SPP features, no need to warp individual windows

There is also Faster R-CNN 
which doesn’t require external proposals



CLIP : Contrastive Language Image Pretraining





The Past, Present, and Future
of Object Detection

Ross Girshick (FAIR)
in collaboration with

Kaiming He (FAIR), Georgia Gkioxari (FAIR), Tsung-Yi Lin (Google Brain),

Bharath Hariharan (Cornell), and Piotr Dollár (FAIR)

Facebook AI Research

@ UC Berkeley Oct 2, 2017





COCO
Dataset
Images



COCO
Dataset
Images



tv
tv

vase

chair chair
chair

person

person

vase
vase

vase
chair

table

plant

clock

refridgerator

microwave

COCO
Annotations



bed

teddy bear

teddy bear

teddy bear

COCO
Annotations



Example
Mask R-CNN
Output on 
Unseen Images



Example
Mask R-CNN
Output on 
Unseen Images



COCO Object Detection Average Precision (%)

Area under a detector’s precision-recall curve, averaged over…
➢ Object categories

➢ True positive overlap requirement (IoU from 0.5 to 0.95; see below)

Ground truth IoU = 0.55 IoU = 0.70 IoU = 0.91

Figure credits: Dollár and Zitnick (top), Krähenbühl and Kulton (bottom)

boxes

masks
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Let’s start: What is this?
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Girshick, Donahue, Darrell, Malik. Rich Feature Hierarchies for 
Accurate Object Detection and Semantic Segmentation. CVPR 2014.
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Very heavy per-region computation
E.g., 2000 full network evaluations
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Generalized R-CNN Approach to Detection
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Girshick. Fast R-CNN. ICCV 2015.
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Whole-image FCN

Use any standard ConvNet as the “backbone architecture”

➢ AlexNet, VGG, ResNet, Inception, Inception-ResNet,
 ResNeXt, DenseNet, …

➢ Use the first N layers with spatial extent (e.g., up to “conv5”)

Example:
ResNet-34
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warped region
..

CNN

𝐼: FCN(𝐼)

Example feature map
dimensions:
(512, H/16, W/16)
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RoIPool (on each Proposal)
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RoIPool (on each Proposal)
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Fast R-CNN
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Region proposals have very poor recall
(ok for PASCAL VOC, major bottleneck for COCO)

Also, they can be slow
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Learned proposals
Sharing computation with whole-image network

Ren, He, Girshick, Sun. Faster R-CNN: 
Towards Real-Time Object Detection. NIPS 2015.



Region Proposal Network (RPN)

(Shared over
FPN levels)

Anchors are 
prototypical object 
boxes

Proposals = sliding window object/not-object classifier + box regression
inside the same network
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Mask R-CNN
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He, Gkioxari, Dollár, Girshick.
Mask R-CNN. ICCV 2017.
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RoIAlign (on each Proposal)

Grid of bilinear
interpolation points

Smoothly transform RoI features into
a fixed-dimensional representation (e.g., 2x2)

(Variable size RoI)
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RoIAlign (on each Proposal)

Grid of bilinear
interpolation points

RoIAlign
transform

Feature value is average of 
interpolated values on grid(Variable size RoI)

(Fixed dimensional
representation)
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Compare to RoIPool
Preserve alignment or not?

+20% relative
at high IoU



Compare to RoIPool

Quantization breaks pixel-to-pixel alignment

Original RoI

Snapped RoI

RoIPool coordinate
quantization



Mask R-CNN
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Mask Head (on each Proposal)

Task specific heads for …
➢ Object classification 

➢ Bounding box detection

➢ Instance mask prediction

RoIAlign
transformed
features

RoIAlign

Standard Fast/er R-CNN head



Mask Head (on each Proposal)

Task specific heads for …
➢ Object classification

➢ Bounding box detection

➢ Instance mask prediction

RoIAlign
transformed
features

Per-proposal FCN 
predicts instance masks

ConvTransposeConv3x3 * 4 Conv1x1

RoIAlign



Mask R-CNN: Extension to 2D Human Pose
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Pose Head

➢ Add keypoint head (28x28x17)

➢ Predict one “mask” for each keypoint

➢ Softmax over spatial locations (encodes one keypoint per mask “prior”)

keypoints

x17

(Not shown: Head architecture is slightly different for keypoints) 17 keypoint “mask”
predictions shown as
heatmaps with OKS
scores from argmax
positions



Mask R-CNN: Training

Same as “image centric” Fast/er R-CNN training

But with training targets for masks



Example Mask Training Targets
Image with training proposal 28x28 mask target Image with training proposal 28x28 mask target



Mask R-CNN: Inference

1. Perform Faster R-CNN inference
➢ Run backbone FCN

➢ Generate proposals with RPN

➢ Score the proposals with clf. head

➢ Refine proposals with box regressor

➢ Apply NMS and take the top K (= 100, e.g.)

2. Run RoIAlign and mask head on top-K refined, post-NMS boxes
➢ Fast (only compute masks for top-K detections)

➢ Improves accuracy (uses refined detection boxes, not proposals)



Mask Prediction 28x28 soft prediction from Mask R-CNN
(enlarged)

Soft prediction resampled to image coordinates
(bilinear and bicubic interpolation work equally well)

Final prediction (threshold at 0.5)

Validation image with box detection shown in red



Mask Prediction 28x28 soft prediction from Mask R-CNN
(enlarged)

Soft prediction resampled to image coordinates
(bilinear and bicubic interpolation work equally well)

Final prediction (threshold at 0.5)

Validation image with box detection shown in red



Quantization breaks 
pixel-to-pixel alignment

Original RoI

Snapped RoI

RoIPool coordinate
quantization



Mask Prediction
28x28 soft prediction

Resized soft prediction Final mask

Validation image with box detection shown in red



Mask Prediction

28x28 soft prediction

Resized Soft prediction

Final mask

Validation image with box detection shown in red







On Face Recognition

Jitendra Malik
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