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Fair Use Agreement
This agreement covers the use of all slides in this document, please read 
carefully. 

• You may freely use these slides internally at UofR, if:
– My name (R. Ptucha) appears on each slide.

• You may freely use these slides externally, if:
– You send me an email telling me the conference/venue/company name 

in advance, and which slides you wish to use.
– You receive a positive confirmation email back from me.
– My name (R. Ptucha) appears on each slide you use.

(c) Raymond Ptucha, rwpeec@rit.edu
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Modern Technology is Awesome!

• Pack 7 billion transistors on a single 
chip;

• Routinely fly commercial passenger 
aircraft at 70% the speed of sound;

• Construct buildings ½ mile tall;
• 5 billion videos are watched on 

YouTube every day;
• Trade 2 billion shares per day;
• Lab-grown body parts are being used 

for life-saving transplants.

Burj Khalifa in 
Dubai- 2,717 ft tall
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Machine Learning

• Machine learning is giving 
computers the ability to analyze, generalize, 
think/reason/behave like humans.

• Machine learning is transforming medical 
research, financial markets, international security, 
and generally making humans more efficient and 
improving quality of life.

• Inspired by the mammalian brain, 
deep learning is machine learning 
on steroids- bigger, faster, better!
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Interest in Machine Learning 
Growing

https://trends.google.com/trends/explore?q=machine%20learning

Interest over time for keywords “machine learning” , “deep learning”

• Machine learning, cs229 is the most popular course at Stanford.
• Stanford’s deep learning class, cs231 went from 150 to 350 to 750 in 

2015/16/17 respectively…

100

75

50

25

April, 2018Oct, 2013 April, 2015 Oct, 2016
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“AI is the new electricity”
Andrew Ng, x-Chief Scientist, Baidu, Feb 2017

• Electricity transformed almost 

every industry ~100 years ago.

o Manufacturing, refrigeration, 

transportation, healthcare, … 

• Google, Facebook, NVIDIA, 

Amazon, Microsoft, and Baidu 

have set off an AI arms race.

• Baidu has over 1300 deep 

learning engineers.

• Google has hundreds of groups
working on deep learning.

https://www.youtube.com/watch?v=21EiKfQYZXc

• Today AI is transforming web 

services, logistics, HCI, 

transportation, enabling 

scientific discoveries
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Deep Learning has Transformed our Lives!

NEC Face Recognition

Progressive GANs [Karras’18] NVIDIA Drive

Apple iPhone X, Animoji Yourself
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Many Flavors of CNNs…

LeNet-5, LeCun 1989 AlexNet, Krizhevsky 2012

VGGNet, Simonyan 2014 GoogLeNet (Inception), Szegedy 2014

ResNet, He 2015 DenseNet, Huang 2017
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https://github.com/vdumoulin/conv_arithmetic

Image Convolution

input

output

3×3 filter 
sliding over 
input image

By padding (filterWidth-1)/2, output image 
size matches input image size

Horiz pad

Vert pad
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Max Pooling- Reducing the Size of 
an Image

cs321n, Karpathy, Li



6

R. Ptucha '18 12

Convolution Neural Network (CNN) 
Building Block

Image

Pooling

Convolution

Deng ICML ‘14
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Putting it All Together

Whole System

Convolution Pooling
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CNN Architecture

(Not so) Toy Example Output: 

prediction of 1 of 

10 categories

3
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6
4

32

64

Input data Filtered data
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2x2

16
16 32

32 64 64

32

16

32

16

8

64

8 4

32 32
16 16

8 8 4

32 filters, each filter is 

5×5×3.  2 pixel pad added 

to top/bot/left/right so 

filtered image is same 

dimension as input image.

6
4

16 filters, each filter 

is 5×5×32.  2 pixel 

pad.

32 filters, 

each filter is 

5×5×16.  2 

pixel pad.

64 filters, 

each filter is 

5×5×32.  2 

pixel pad.

1×1×64. 

filter,  0 pixel 

pad.

4×4 

converted 

to 16 

element 

vector

Fully 

connected to 

10 classes

1

16
10

1

1 4

4

Max 

pooling × 2

Input RGB image: 

64×64×3 pixels
Max 

pooling × 2

Max 

pooling × 2

Max 

pooling × 2

Machine Intelligence Lab, RIT
• Who are we?

– 5 PhD students 
• Two will be hooded Spring 

2019
– 15 masters students

• Advanced deep learning research. 
New architectures, frameworks, 
algorithms, and theory.

• All students graduate as experts in 
deep learning.
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Miguel 
Dominguez

Shagan
Sah
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Modern Deep Networks are Great

But…
1. The vast majority of the world’s problems 

(weather, stock market, chemical structures) 
cannot be factored into nice gridded 
structures required for CNNs.

2. Our lives are filled with a firehose of multi-
modal information.  Current technologies 
cannot freely exchange information from say 
text, audio, and visual stimulus.
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Images Graphs

Have you ever tried to do a CNN 
on a graph?

Convolution

Pooling

Classification
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GraphCNN: Affords the wonderful CNN 
benefits to non-gridded problems such as 
trade, security, protein structures, weather, 
brain scans, etc.

Gridded Non-Gridded Homogeneous Heterogeneous
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Spatial Approaches
• Graph Kernels- comparison of local neighborhoods

P. Yanardag and S. Vishwanathan, “Deep graph kernels,” in Proceedings of the 21th ACM SIGKDD International 
Conference on Knowledge Discovery and Data Mining. ACM, 2015, pp. 1365–1374. 

• Turn Vertices into Padded Vectors

Niepert, Mathias, Mohamed Ahmed, and Konstantin Kutzkov. "Learning Convolutional Neural
Networks for Graphs." arXiv preprint arXiv:1605.05273(2016).
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Spectral Approaches
• Filter in a spectral domain by constructing an 

analogue to the DFT
– Eigenvector decomposition of the graph Laplacian

– Laplacian L = D - A; 
• A is adjacency matrix, 

• D is diagonal matrix of row-wise sums of A

• Apply PCA, to get to spectral space

• Filter in PCA space  (convolutions are multiplies)

• Pool in PCA space (trim out high frequencies 
and resample)
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Graph Convolutional Neural 

Network (Graph CNN)

• Replaces classic layers with graph 

capable alternatives.

– Superset of CNNs.

– CNN techniques can be transferred (e.g. 

SGD, BatchNorm, Dropout, Regularization).
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CNN - Convolution

Vectorized using im2col Matrix Mult. + Reshape

2 x 2 filter with a stride of 2 

1 -1

1 -1

6 4 2 2
3 2 2 2
0 0 4 2
5 4 3 3

* =
3 0
1 2

6 4 2 2
3 2 2 2
0 0 4 2
5 4 3 3

6 4 3 2
2 2 2 2
0 0 5 4
4 2 3 3

3
0
1
2

6 4 3 2
2 2 2 2
0 0 5 4
4 2 3 3

1

-1

1

-1

X =
3 0
1 2

Vector implementation (CUDA)
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Graph-CNN - Convolution

0.2
1.3
0.7
1.8

0 0 1 1
0 0 0 0
0 0 0 0
0 1 0 0

0 0 0 0
1 0 0 0
1 0 0 0
0 0 1 0

A A V0.2 1.3

0.7 1.8

Incoming 
Purple 

Connections

Incoming 
Orange 

Connections Vertices

Adjacency Matrix

Can have multiple connection types (A can be a 
tensor) and can have multiple features (V can be 
a tensor)
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Graph-CNN - Convolution

0.2

1.3

0.7

1.8

0 0 1 1

0 0 0 0

0 0 0 0

0 1 0 0

0 0 0 0

1 0 0 0

1 0 0 0

0 0 1 0

A A V

2 1

1

+
-

* =?

Replace each vertex with 2× itself + 1× incoming purple - 1× incoming orange

0.2 1.3

0.7 1.8
2

1

1
+

- = 2

1

1
+

-

No sense of direction in a graph!

=   

R. Ptucha '18 26

Graph-CNN - Convolution

0.2

1.3

0.7

1.8

0 0 1 1

0 0 0 0

0 0 0 0

0 1 0 0

0 0 0 0

1 0 0 0

1 0 0 0

0 0 1 0

A A V

2 1

1

+
-

* =

2.9 2.4

1.2 4.2

Replace each vertex with 2× itself + 1× incoming purple - 1× incoming orange

0.2 1.3

0.7 1.8

2× (0.2) + 1× (0.7+1.8) - 1× (0)

In Graph CNN, we will 
learn many such filters 
(like the [2  1 -1]) per 
adjacency matrix.
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Graph-CNN - Convolution

Update V’s for incoming A’s Matrix Multiplication
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1
+
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0.7 0 0.2

1.8 1.3 0.7

AV AV
2.9
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2

1
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X =

V

!",$%&'( = *",$,+,+,'( ,",-( = . !",/(012/,-
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Graph-CNN - Convolution

Update V’s for incoming A’s Matrix Multiplication

0.2 2.5 0

1.3 0 0.2

0.7 0 0.2

1.8 1.3 0.7

AV AVV
0.2 1.3

0.7 1.8

0.2 2.5 0

1.3 0 0.2

0.7 0 0.2

1.8 1.3 0.7

AV AV
2.9

2.4

1.2

4.2

2

1

-1

X =

V

!",$%&'( = *",$,+,+,'( ,",-( = . !",/(012/,-

• We are learning the weights of the filters.
• We don’t care how many vertices!
• Can learn several sets of weights, one for each filter.
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CNN – Fully Connected Layer

• Matrix multiplication.
– Parameters are learned.

• Requires fixed input shape, size, and 
order.

• Obtains representation vector.
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Graph-CNN – Graph Representation Vector

• Graphs can have varying vertices, 
but we often need fixed nodes for 
say a final classification task.

• Define a soft attention applied to vertices of graph- learn M, a 
linear combination of all vertices.

• This reduces all vertices to a single vertex.
• A softmax is applied to M before computing linear combination, 

this ensures the sum of the weights=1.

0.2

1.3

0.7

1.8

◦

2

1

-2

1

= 2.1

0.2 1.3

0.7 1.8

! "
0.2

1.3

0.7

1.8

◦

0.57

0.21

0.01

0.21

= 0.77

! "∗ = %&'()*+ "
!," !,"∗

x = [2 1 -2 1]
M* = exp(x)./sum(exp(x))
[0.2 1.3 0.7 1.8]*M*'

Turn arbitrary # vertices into a single vertex
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Graph-CNN – Embed Pooling

• Instead of generating a 
single vertex, generate 
many vertices.

• The number of output 
vertices is controlled, and 
can simplify the model.

0.2

1.3

0.7

1.8

◦

0.2 1.3

0.7 1.8

!" #∗ = &'()*+, #

0.2

1.3

0.7

1.8

!"

X =

V1

V2

V3

We now have three 
M* row vectors

0.2

1.3

0.7

1.8

!"

0.6 0.2 0.0 0.2 X = V

#∗0.57

0.21

0.01

0.21

0.77=

If FC layer has ten connections, 
learn ten M* row vectors!
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Graph-CNN – Embed Pooling

• Many Graph Representation Vectors combined.
• Output Adjacency matrix calculated accordingly.
• Fixed number of output vertices.
• Independent of number of input vertices.
• Results in fully connected graph, including self 

connections.

X
.3 0 .7 0
0 .5 0 .5

=
.55

1.55

0.2 1.3

0.7 1.8

0.2

1.3

0.7

1.8
.55 1.55

!∗
#$

#%,'$ = !%,)∗ #),'$*+

,%,-,)$ = !%,.∗ ,.,-,/$*+ !),/∗
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Results - Cora
• Document Classification.

– One large graph (2,708 vertices with 
1,433 features).

– Each vertex has 1 class out of 7.
– Vertices in the 

test set are 
removed during 
training.

F. Petroski Such*, S. Sah*, M. Dominguez, S. Pillai, Chao Zhang, Andrew Michael, N. Cahill, R. Ptucha “Robust Spatial Filtering with Graph 
Convolutional Neural Networks,” special issue IEEE Journal of Selected Topics in Signal Processing, Volume 11, Issue 6, 2017.
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Results – NCI1 / D&D
• Chemical Compound Classification

– Each sample is a different graph

• Varying number of vertices
– Each sample has their own A, V

# - 3-fold experiments

F. Petroski Such*, S. Sah*, M. Dominguez, S. Pillai, Chao Zhang, Andrew Michael, N. Cahill, R. Ptucha “Robust Spatial Filtering with Graph 
Convolutional Neural Networks,” special issue IEEE Journal of Selected Topics in Signal Processing, Volume 11, Issue 6, 2017.
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Summer 2018:  Developed extensive sparse 
library for TensorFlow.
Fall 2018:   Miguel Dominguez spent several days 
at Argonne Leadership Computing, Chicago.

Using GraphCNN to estimate energy signatures 
in their 5-story tall 3D particle detector, part of the 
ATLAS experiment at CERN’s Large Hadron 
Collider.

Due to the heterogeneity of their 
detectors, gridded CNNs don’t work
but graph CNNs do!  

Graph-CNN 

R. Ptucha '18 39

Modern Deep Networks are Great

But…
1. The vast majority of the world’s problems 

(weather, stock market, chemical structures) 
cannot be factored into nice gridded 
structures required for CNNs.

2. Our lives are filled with a firehose of multi-
modal information.  Current technologies 
cannot freely exchange information from say 
text, audio, and visual stimulus.
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Common Vector Space- Vector 
Representations of Data.

“Truck driving down 
highway”

image

video

text

audio

…

Generate

ORtrucks

people
cars

police

A large truck on the 
road

• Multi-modal data to lie on the same manifold surface.
• Similar concepts close together. 
• Adversarial contrastive loss for smart embeddings.  
• Includes GANs for generating imagery and sentence 

paraphrasing.
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Common Vector Space (CVS)-
Vector representations of data.
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Applications

Socher et al., NIPS, 2013

• Useful in clustering, compression and other 
applications such as image retrieval, context based 
image generation, etc.

Mikolov et al., NAACL 2013
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Vector Representations
0.1

1.2

-0.2

0.3

0.4

-0.1

-0.1

-0.7

A bus is parked 
on the road

0.2

1.1

-0.3

0.2

0.3

-0.2

0.0

-0.7

table    has   flowers  <EOS>

flowers   lying      on      table <BOS>

Encoder Decoder

Le & Mikolov, ICML 2014
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Generative Models
0.1

1.2

-0.2

0.3

0.4

-0.1

-0.1

-0.7

A bus is parked 
on the road

0.2

1.1

-0.3

0.2

0.3

-0.2

0.0

-0.7

table    has   flowers  <EOS>

flowers   lying      on      table <BOS>

Encoder Decoder
Radford et al., ArXiv 2016
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Generative Adversarial Networks

Karras et al., ArXiv 2017
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Conditioned Image Generation 

Reed et al., ICML 2016

R. Ptucha '18 48

Plug and Play Generative 
Networks

1. Beginning with random 
vector ℎ, generate 
image "#

2. Generate caption "$
using the image and 
compute word error

3. Keeping G and CNN 
fixed, update ℎ
iteratively until desired 
image obtained

Inspired by Nguyen’17
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Text-to-Image Generation

a freshly made pizza 
right from the oven 
being sliced and 
served.

two monitors on a 
wooden table 
already on use

a big refrigerator is 
wide open and 
filled with food

a yellow train is 
driving down the 
tracks
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Text-to-Image Generation
Using multiple captions

• A red and white bus 
is parked by a curb

• A red and white bus is 
parked by a curb

• a red double decker 
bus driving down a 
street

• a bus that is driving 
down the road

• A red and white bus is 
parked by a curb

• a red double decker bus 
driving down a street

• a bus that is driving 
down the road

• a white bus is coming 
down the street

• a passenger bus that is 
driving down the street
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Formulation with More Modalities

Image

Text

Audio

Video

3D Model

Common Vector Space
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Multi-tasking with CVS
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Current CVS Model
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Attention Layer

CUB (Birds)Oxford Flowers
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A plane maneuvers at low altitude over the river.
A large passenger plane on a landing strip.
A fighter jet parked on the tarmac with its canopy open.
A grounded plane
A blue airplane beside the blue water.

A sheep with a tree in the foreground.
A large sheep standing between large trees in a rural area.
Children looking a sheep.
A group of sheep and a sheep dog in a large field.
A sheep eats grass.

A brown and white 
dog standing on 
hind legs looking 
out a window.

A boat is going 
down a river in a 
city.

Input Query Retrieved Output (Top-5)

Cross Modal Retrieval Results
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Cross Modal Retrieval Results

Zero-shot image classification accuracy

Mean average precision for cross-modal 
retrieval (image-to-text and text-to-image)
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Mean average precision for multi-modal retrieval 
on XMedia dataset (I - image, T- text, A - audio, V -
video, 3D - three dimension). Q is query and R is 
retrieval modality.

Cross Modal Retrieval on Five Modalities
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t-SNE Visualization, 
XMedia Dataset

Image

Text

Audio

Video

3D Model
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Thank you!!
Ray Ptucha

rwpeec@rit.edu

https://www.rit.edu/mil 


