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Deep learning: Machine learning models based on 
“deep” neural networks comprising millions (sometimes 

billions) of parameters organized into hierarchical layers. 

Features are multiplied and added together repeatedly, 
with the outputs from one layer of parameters being fed 

into the next layer -- before a prediction is made.

Last time...



The logistic regression with 
sigmoid that we just saw can be 
considered as a single “neuron” 
model

Last time...



Fully connected layer: all neurons in the layer takes as input the full 
input to the layer (also called dense layer or linear layer)

Last time...



Last time...



Last time...



Last time...



Last time...



Last time...



Last time...



Today’s Agenda

- More on a different class of unstructured data: text
- More on neural network variants for different types of AI tasks





Word Embeddings
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N x D embedding matrix

1xN word input (one-hot 
selection of word from a 

length-N vocabulary)

D-dim word embedding

Numerical representation of vocabulary of words, where “similar” words have similar 
representations



Aside: how do we learn good word embeddings?

With a deep learning approach! Can design a loss function for a neural network, 
that captures the desiderata that similar words should occur in similar surrounding 
context. So, the numerical word embedding for a particular word should be able to 
be used to give a reasonable prediction of the identity of neighboring words.



Skip-gram model
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Word embedding 
(feature vector), of word 
at the t-th position

Use word embedding 
vector to predict the 
word identity of a set of 
neighboring positions
(Each is an N-way 
classification if the 
dictionary has N words)

Can train using a classification loss (e.g. 
cross-entropy loss we’ve already seen, 
extended to more than 2 classes) based 
only on the text structure, without any 
external labels!
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Word embeddings



Word embeddings Learning the word embedding function



Similar words should have similar word embeddings (2D version)







































Another more recent approach for reasoning over 
sequences, which ingests the entire sequence at once 
rather than sequentially: “Transformer” architectures















Let’s revisit some more neural network architectures for 
different AI outputs



Let’s revisit some more neural network architectures for 
different AI outputs

First, some commonly used architectures for 
classification
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Richer visual recognition tasks: segmentation and detection

Figures: Chen et al. 2016. https://arxiv.org/pdf/1604.02677.pdf

Classification

Output: 
one category label for 
image (e.g., colorectal 

glands)

Semantic 
Segmentation

Detection Instance
Segmentation

Output: 
category label for each pixel 

in the image

Output: 
Spatial bounding box for 

each instance of a 
category object in the 

image

Output: 
Category label and instance 

label for each pixel in the 
image

https://arxiv.org/pdf/1604.02677.pdf
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Richer visual recognition tasks: segmentation and detection

Figures: Chen et al. 2016. https://arxiv.org/pdf/1604.02677.pdf

Classification

Output: 
one category label for 
image (e.g., colorectal 

glands)

Semantic 
Segmentation

Detection Instance
Segmentation

Output: 
category label for each pixel 

in the image

Output: 
Spatial bounding box for 

each instance of a 
category object in the 

image

Output: 
Category label and instance 

label for each pixel in the 
image

Distinguishes between different instances of an object

https://arxiv.org/pdf/1604.02677.pdf
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Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.
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Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Output is an image 
mask: width x height x 
# classes
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Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Output is an image 
mask: width x height x 
# classes

Output image size a little 
smaller than original, due to 
convolutional operations w/o 
padding



59

Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Output is an image 
mask: width x height x 
# classes

Output image size a little 
smaller than original, due to 
convolutional operations w/o 
padding

Gives more “true” context for 
reasoning over each image area. 
Can tile to make predictions for 
arbitrarily large images
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Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Max pooling 
enables 
aggregation of 
increasingly 
more context 
(higher level 
features)



61

Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

A few conv 
layers at 
every 
resolution
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Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Highest-level features 
encoding large spatial 
context
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Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Up-convolutions to go from 
the global information 
encoded in highest-level 
features, back to individual 
pixel predictions
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Input: 4 x 4 Output: 2 x 2

Recall: Normal 3 x 3 convolution, stride 2 pad 1

Up-convolutions
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Input: 4 x 4 Output: 2 x 2

Dot product 
between filter 
and input

Recall: Normal 3 x 3 convolution, stride 2 pad 1

Up-convolutions
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Input: 4 x 4 Output: 2 x 2

Element-wise 
multiplication 
between filter 
and input

Filter moves 2 pixels in 
the input for every one 
pixel in the output

Stride gives ratio between 
movement in input and 
output

Recall: Normal 3 x 3 convolution, stride 2 pad 1

Up-convolutions
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3 x 3 transpose convolution, stride 2 pad 1

Input: 2 x 2 Output: 4 x 4

Up-convolutions
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Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter

3 x 3 up-convolution, stride 2 pad 1

Up-convolutions
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Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter

3 x 3 up-convolution, stride 2 pad 1

Filter moves 2 pixels in 
the output for every one 
pixel in the input

Stride gives ratio between 
movement in output and 
input

Up-convolutions
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Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter

Sum where 
output overlaps3 x 3 up-convolution, stride 2 pad 1

Filter moves 2 pixels in 
the output for every one 
pixel in the input

Stride gives ratio between 
movement in output and 
input

Up-convolutions
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Input: 2 x 2 Output: 4 x 4

Input gives 
weight for 
filter

Sum where 
output overlaps3 x 3 up-convolution, stride 2 pad 1

Filter moves 2 pixels in 
the output for every one 
pixel in the input

Stride gives ratio between 
movement in output and 
input

Other names:
-Transpose 
convolution
-Fractionally strided 
convolution
-Backward strided 
convolution

Up-convolutions
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Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Concatenate with 
same-resolution feature map 
during downsampling 
process to combine 
high-level information with 
low-level (local) information
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Semantic segmentation: U-Net

Ronneberger et al. 2015. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Train with classification loss 
(e.g. binary cross entropy) 
on every pixel, sum over all 
pixels to get total loss
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Semantic segmentation: U-Net cell segmentation

Ronneberger et al. U-Net: Convolutional Networks for Biomedical Image Segmentation. 2015.

Very small dataset: 30 training images of size 512x512, 
in the ISBI 2012 Electron Microscopy (EM) segmentation 
challenge. Used excessive data augmentation to 
compensate.
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Aside: segmentation through sliding-window pixel classification 

Ciresan et al. Deep Neural Networks Segment Neuronal Membranes in Electron Microscopy Images. NeurIPS, 2012.

Note: a simple approach to segmentation can also be applying a classification CNN on image 
patches in a dense, sliding-window fashion (e.g. Ciresan et al.). But fully convolutional 
approaches such as U-Net generally achieve better performance.

Image patch: input to 
classification network

Classification 
output is 
prediction for the 
center pixel of 
the patch
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Novikov et al. 2018
- Chest x-ray segmentation of lungs, clavicles, and heart
- JSRT dataset of 247 chest-xrays at 2048x2048 resolution. (But 

downsampled to 128x128 and 256x256!)
- Used a U-Net based segmentation network with a few modifications

Novikov et al. Fully Convolutional Architectures for Multiclass Segmentation in Chest Radiographs. IEEE Trans. on Medical Imaging, 2018.
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Dong et al. 2017
- Segmentation of tumors in brain MR image slices
- BRATS 2015 dataset: 220 high-grade brain tumor and 54 low-grade brain tumor MRIs
- U-Net architecture, Dice loss function

Dong et al. Automatic Brain Tumor Detection and Segmentation Using U-Net Based Fully Convolutional Networks. MIUA, 2017.
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Other segmentation architectures
- Fully convolutional networks (FCN)
- Pre-cursor to U-Net, similar in 

structure but simpler upsampling 
pathway

Chen et al. DeepLab: Semantic Image Segmentation with Deep Convolutional Nets, 
Atrous Convolution, and Fully Connected CRFs. IEEE TPAMI, 2017.
Chen et al. Rethinking Atrous Convolution for Semantic Image Segmentation. 2917. 

- DeepLab (v1-v3)
- Uses “atrous convolutions” to control a 

filter’s field of view
- Parallel atrous convolutions with 

different rates for multi-scale features

Shelhamer*, Long*, et al. Fully Convolutional Networks for Semantic 
Segmentation. CVPR 2015.

https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf
https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf


79

Other segmentation architectures
- Fully convolutional networks (FCN)
- Pre-cursor to U-Net, similar in 

structure but simpler upsampling 
pathway

Chen et al. DeepLab: Semantic Image Segmentation with Deep Convolutional Nets, 
Atrous Convolution, and Fully Connected CRFs. IEEE TPAMI, 2017.
Chen et al. Rethinking Atrous Convolution for Semantic Image Segmentation. 2917. 

- DeepLab (v1-v3+)
- Uses “atrous convolutions” to control a 

filter’s field of view
- Parallel atrous convolutions with 

different rates for multi-scale features

Shelhamer*, Long*, et al. Fully Convolutional Networks for Semantic 
Segmentation. CVPR 2015.

Can try DeepLab v3+ 
for segmentation 
projects!

https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf
https://people.eecs.berkeley.edu/~jonlong/long_shelhamer_fcn.pdf
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Richer visual recognition tasks: segmentation and detection

Figures: Chen et al. 2016. https://arxiv.org/pdf/1604.02677.pdf

Classification

Output: 
one category label for 
image (e.g., colorectal 

glands)

Semantic 
Segmentation

Detection Instance
Segmentation

Output: 
category label for each pixel 

in the image

Output: 
Spatial bounding box for 

each instance of a 
category object in the 

image

Output: 
Category label and instance 

label for each pixel in the 
image

Distinguishes between different instances of an object

https://arxiv.org/pdf/1604.02677.pdf
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Object detection: 
Faster R-CNN

CNN backbone (any 
CNN network that 
produces spatial feature 
map outputs)

Ren et al. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks, 2015.
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Object detection: 
Faster R-CNN

Regress to bounding box “candidates” 
from “anchor boxes” at each location

Ren et al. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks, 2015.
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Object detection: 
Faster R-CNN

In each of top 
bounding box 
candidate locations, 
crop features within 
box (treat as own 
image) and perform 
further refinement of 
bounding box + 
classification

Ren et al. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks, 2015.
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Jin et al. 2018
- Detection of surgical instruments in 

surgery videos (in each video frame)

- Surgical instrument movement over the 
course of a video can be used to extract 
metrics such as tool switching, and 
spatial trajectories, that can be used to 
assess and provide feedback on 
operative skill.

- Used M2cai16-tool dataset of 15 surgical 
videos. Annotated 2532 frames with 
bounding boxes of 7 tools.

Jin et al. Tool Detection and Operative Skill Assessment in Surgical Videos Using Region-Based Convolutional Neural Networks. WACV, 2018.
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Jin et al. 2018

Jin et al. Tool Detection and Operative Skill Assessment in Surgical Videos Using Region-Based Convolutional Neural Networks. WACV, 2018.
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Jin et al. 2018

Jin et al. Tool Detection and Operative Skill Assessment in Surgical Videos Using Region-Based Convolutional Neural Networks. WACV, 2018.
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Jin et al. Tool Detection and Operative Skill Assessment in Surgical Videos Using Region-Based Convolutional Neural Networks. WACV, 2018.

http://www.youtube.com/watch?v=5ZX0KzUkGew
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Other object detection architectures
- RCNN, Fast RCNN: older and slower predecessors to Faster-RCNN

- YOLO, SSD: single-stage detectors that change region proposal generation -> 
region classification two-stage pipeline into a single stage. 

- Faster, but lower performance. Struggles more with class imbalance relative to two-stage 
networks that filter only top object candidate boxes for the second stage.

- RetinaNet: single-stage detector that uses a “focal loss” to adaptively weight 
harder examples over easy background examples. Able to outperform Faster 
R-CNN on some benchmark tasks, while being more efficient.
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Other object detection architectures
- RCNN, Fast RCNN: older and slower predecessors to Faster-RCNN

- YOLO, SSD: single-stage detectors that change region proposal generation -> 
region classification two-stage pipeline into a single stage. 

- Faster, but lower performance. Struggles more with class imbalance relative to two-stage 
networks that filter only top object candidate boxes for the second stage.

- RetinaNet: single-stage detector that uses a “focal loss” to adaptively weight 
harder examples over easy background examples. Able to outperform Faster 
R-CNN on some benchmark tasks, while being more efficient.

RetinaNet also worth trying 
for object detection projects!
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Richer visual recognition tasks: segmentation and detection

Figures: Chen et al. 2016. https://arxiv.org/pdf/1604.02677.pdf

Classification

Output: 
one category label for 
image (e.g., colorectal 

glands)

Semantic 
Segmentation

Detection Instance
Segmentation

Output: 
category label for each pixel 

in the image

Output: 
Spatial bounding box for 

each instance of a 
category object in the 

image

Output: 
Category label and instance 

label for each pixel in the 
image

Distinguishes between different instances of an object

https://arxiv.org/pdf/1604.02677.pdf
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Remember Faster R-CNN
for object detection

Ren et al. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks, 2015.
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Instance segmentation:
Mask R-CNN

Mask Prediction

Add a small mask 
network that operates 
on each RoI to predict 
a segmentation mask!

He et al. Mask R-CNN, 2017.
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Example: instance segmentation of cell nuclei
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Lung nodule segmentation

Liu et al. Segmentation of Lung Nodule in CT Images Based on Mask R-CNN. 2018.

- E.g. Liu et al. 2018

- Dataset: Lung Nodule Analysis (LUNA) challenge, 888 512x512 CT scans from the 
Lung Image Data Consortium database (LIDC-IDRI).

- Performed 2D instance segmentation in 2D CT slices

We will see other ways 
to handle 3D medical 
data types in the next 
lecture



How do we handle 3D data?



Remember 2D convolutions
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32

32

3

32x32x3 image
5x5x3 filter

convolve (slide) over all 
spatial locations

activation maps

1

28

28

Remember 2D convolutions

Slide credit: CS231n

Slide filter 
along 2 
directions: 
x and y 
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3D convolutions

Figure credit: 
https://www.researchgate.net/profile/Deepak_Mishra19/publication/330912338/figure/fig1/AS:723363244810254@15494
74645742/Basic-3D-CNN-architecture-the-3D-filter-is-convolved-with-the-video-in-three-dimensions.png

Slide filter 
along 3 
directions:
x, y, and z!
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Huang et al. 2017
- Simple 3D CNN for lung nodule classification
- Used image processing approaches to extract candidate nodules, then 3D 

CNN to classify the surrounding volume
- Used the Lung Image Database Consortium (LIDC) Dataset, with 99 3D CT 

scans

Huang et al. Lung Nodule Detection in CT Using 3D Convolutional Neural Networks. ISBI 2017. 
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For richer visual recognition tasks, can also extend respective CNN 
architectures to use 3D convolutions

Figures: Chen et al. 2016. https://arxiv.org/pdf/1604.02677.pdf

Classification

Output: 
one category label for 
image (e.g., colorectal 

glands)

Semantic 
Segmentation

Detection Instance
Segmentation

Output: 
category label for each pixel 

in the image

Output: 
Spatial bounding box for 

each instance of a 
category object in the 

image

Output: 
Category label and instance 

label for each pixel in the 
image

https://arxiv.org/pdf/1604.02677.pdf
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E.g. 3D U-Net

Cicek et al. 3D U-Net: Learning Dense Volumetric Segmentation from Sparse Annotation. MICCAI 2016.
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E.g. 3D U-Net
Ex: 3D segmentation of 
Xenopus kidney in confocal 
microscopic data

Cicek et al. 3D U-Net: Learning Dense Volumetric Segmentation from Sparse Annotation. MICCAI 2016.
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E.g. 3D U-Net
Ex: 3D segmentation of 
Xenopus kidney in confocal 
microscopic data

Spatial dims: ~ 250 x 250 x 60. 
3 channels: each channel 
corresponds to a different type of 
data capture

Cicek et al. 3D U-Net: Learning Dense Volumetric Segmentation from Sparse Annotation. MICCAI 2016.
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E.g. 3D U-Net
Ex: 3D segmentation of 
Xenopus kidney in confocal 
microscopic data

Spatial dims: ~ 250 x 250 x 60. 
3 channels: each channel 
corresponds to a different type of 
data capture

Used only 3 samples total! (with 
total of 77 annotated 2D slices). 
Leverages fact that each sample 
contains many instances of same 
repetitive structures w/ variation.

Cicek et al. 3D U-Net: Learning Dense Volumetric Segmentation from Sparse Annotation. MICCAI 2016.
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Ex: Brain lesion segmentation
Training set: 37 PET scans 
(3D volumes)

Evaluation set: 11 PET scans

Volumes resized to 64x64x40 
for computational efficiency 

Blanc-Durand et al. Automatic lesion detection and segmentation of 18F-FET PET in gliomas: A full 3D 
U-Net convolutional neural network study. PLoS One, 2018. 
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Ex: Brain lesion segmentation

Blanc-Durand et al. Automatic lesion detection and segmentation of 18F-FET PET in gliomas: A full 3D 
U-Net convolutional neural network study. PLoS One, 2018. 
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Video data (high dimensional in time)

E.g. in:

Surgery Hospital patient monitoring Psychology
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Video data (high dimensional in time)

E.g. in:

Surgery Hospital patient monitoring Psychology

Either 3D convolutional approaches or recurrent neural 
network approaches (we have time sequences!) can work
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Detecting patient mobilization activities in the ICU

Get patient 
out of bed

Get patient 
in bed

Sit patient 
in chair

Get patient 
out of chair
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Yeung*,Salipur*, et al. A Computer Vision System for Deep Learning-Based Detection of Patient Mobilization Activities in the ICU. npj Digital Medicine, 2019.

Detecting patient mobilization activities in the ICU
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Yeung*,Salipur*, et al. A Computer Vision System for Deep Learning-Based Detection of Patient Mobilization Activities in the ICU. npj Digital Medicine, 2019.

Detecting patient mobilization activities in the ICU



Summary

Today we covered:
- Recurrent and transformer neural networks for unstructured text 

sequence data
- Neural network architectures for more complex AI tasks 

Next time: evaluation metrics for AI in healthcare


