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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, 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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Agenda

• Part I- Intuition and Theory
– 8:35-9:15pm: Introduction
– 9:15-10:00pm: Convolutional Neural Networks
– 10:00-10:40pm: Recurrent Neural Networks

• 10:40-11:00pm: Break

• Part II- Hands on
– 11:00am-12:45pm: Hands-on exercises
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Two Most Important Deep 
Learning Fields

• Convolutional Neural Networks (CNN)
– Examine high dimensional input, learn 

features and classifier simultaneously

• Recurrent Neural Networks (RNN)
– Learn temporal signals, remember both short 

and long sequences
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Recurrent Neural Networks

• Feed forward Artificial Neural Networks 
(ANNs) are great at classification, but are 
limited at predicting future given the past.

• Need framework that determines output 
based upon current and previous inputs.

• Recurrent or Recursive Neural Networks 
(RNNs) capture sequential information and 
are used in speech recognition, activity 
recognition, NLP, weather prediction, etc. 
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Recurrent Networks

xt zts s
ht

ht-1

xt

inh0

Wxh

ht-1
Whh

ht=f(inh0)

iny0

yt=f(iny0)

Why

𝑖𝑖𝑖𝑖3# = 𝑊𝑊53𝑥𝑥6 +𝑊𝑊33ℎ68$
ℎ6 = 𝑓𝑓 𝑖𝑖𝑖𝑖3#
𝑖𝑖𝑖𝑖:# = 𝑊𝑊3:ℎ6
𝑦𝑦6 = 𝑓𝑓 𝑖𝑖𝑖𝑖:#

Where: 
• 𝑓𝑓 is some activation function 
• 𝑥𝑥6, ℎ6, ℎ68$ and 𝑦𝑦6 are current input, 

hidden, previous hidden and 
current output values

• 𝑊𝑊53, 𝑊𝑊33 and 𝑊𝑊3: are the weight 
matrices for input, hidden and 
output stages respectively

• 𝑖𝑖𝑖𝑖3# and 𝑖𝑖𝑖𝑖:# are the inputs to 
activation function in hidden and 
output layers
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Recurrent Networks
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ht

xt

ht ht+1

ht+1 ht+2

ht+2

ht+3

xt+3xt+2xt+1

yt yt+1 yt+2 yt+3

iny0

inh0

t

iny1

inh1

t+1

iny2

inh2

t+2

iny3

inh3

t+3

Output 
layer

Hidden 
layer

Input 
layer

Wxh Wxh Wxh Wxh

Why

Whh Whh Whh

WhyWhy Why

Forward Propagation of Recurrent 
Networks

Note: regardless of how many time steps taken, only learning a 
single Wxh, Whh, and Why.  Each are learned via standard back 
propagation.
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Recurrent Networks
Recurrent Neural Network “neuron”

Long Short Term Memory “neuron”

• Unfortunately, these 
vanilla RNNs don’t 
always work.

• Can’t store info over 
long periods of time.

• Suffer from vanishing 
and/or exploding 
gradients.

P(next event | previous events)
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Output
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Recurrent Networks

Donahue et al., 2015

Recurrent Neural Network “neuron” Long Short Term Memory “neuron”

• LSTM’s allow read/write/reset functions to neurons.
• Remember past to predict the future- (over long time periods).
• Can have many hidden neurons per layer and many layers.
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Recurrent Applications

Donahue, et al., 2015Karpathy, Fei-Fei, 2015
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Recurrent Applications

Socherr PhD Thesis 2014

Sutskever et al., 2014

Top is input, 
rest are 
generated

English to French translator

Graves 2014

Predicted

Truth

A B C <EOS>

W X Y Z <EOS>

ZYXW

English Words

French Words
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Many Flavors

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Vanilla Recurrent Neural Network
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• Character level language model
• Vocabulary: [h,e,l,o]
• Input training example “hello”

Ptucha 17

http://karpathy.github.io/2015/05/21/rnn-effectiveness/

Toy Example

Embedding layer:  For words, can use  one-hot encoding, 
word2vec, glove, or solve via backprop

17
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Toy Example

Ptucha 18

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Toy Example

Example RNN with 4-dimensional input and output layers, and a hidden layer of 3 units 
(neurons). Shown are the activations in the forward pass when the RNN is fed the characters 
"hell" as input. The output layer contains confidences the RNN assigns for the next character 
(vocabulary is "h,e,l,o"); want the green numbers to be high and red numbers to be low
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Vanishing gradient problem 
• If the product of weights and derivatives of the activation 

function is less than 1 the gradients vanish rapidly with the 
time, else they explode.

• The longer the time lag the greater the chance of gradients 
exploding or vanishing.

• However weights tend to be initialized with a mean value of 
0 and standard deviation of 1.

• Derivatives of common activation functions like sigmoid and 
tanh also tend to have a value less than or equal to 1 in 
most cases.

• Hence vanishing gradient problem is observed more 
commonly.
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Recurrent Networks for Character 
Training

‘P1’ ‘P2’

‘A’ ‘p’

‘P3’

‘p’

‘P4’

‘l’

‘P5’

‘e’

‘P6’

<start>

ht-1

For this to 
work, we need 
to represent 
characters as 
some latent 
vector 
numerical 
representation.

Pred

GT

Err=GT-Pred

‘A’ ‘p’ ‘p’ ‘l’ ‘e’ ‘<EOS>’
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Recurrent Networks for Character 
Prediction

‘A’ ‘p’

A’ ‘p’

‘p’

‘p’

‘l’

‘l’

‘e’

‘e’

‘<EOS>’

<start>

ht-1

For this to 
work, we need 
to represent 
characters as 
some latent 
vector 
numerical 
representation.
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LSTMs 
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LSTMs
Convert standard neuron into a complex memory cell 

𝑖𝑖6 = 𝜎𝜎 𝑊𝑊5.𝑥𝑥6 +𝑊𝑊3.ℎ68$

𝑜𝑜6 = 𝜎𝜎 𝑊𝑊5>𝑥𝑥6 +𝑊𝑊3>ℎ68$

𝑓𝑓6 = 𝜎𝜎 𝑊𝑊5?𝑥𝑥6 +𝑊𝑊3?ℎ68$

𝑔𝑔6 = 𝜙𝜙 𝑊𝑊5B𝑥𝑥6 +𝑊𝑊3Bℎ68$

With s()=sigmoid activation function and  
f()=tanh activation function, xt and the 
previous cell output ht-1 calculate:

Input gate:

Output gate:

Forget gate:

Input node:

Calculate a memory cell which is the summation of the previous memory 
cell, governed by the forget gate and the input and previous output 
governed by independent combinations of the same:

𝑐𝑐6 = 𝑓𝑓6𝑐𝑐68$ + 𝑖𝑖6𝑔𝑔6

ℎ6 = 𝑜𝑜6𝜙𝜙 𝑐𝑐6

Calculate a new hidden state, governed by the output gate:

Write,  read, reset governors:

Real input to memory cell:
𝑔𝑔6 = 𝜙𝜙 𝑊𝑊5B𝑥𝑥6 +𝑊𝑊3Bℎ68$Input node:

Looks just like our RNN cell!
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The input node summarizes the input and past 
output, which will be governed by the input gate. 

𝑖𝑖6 = 𝜎𝜎 𝑊𝑊5.𝑥𝑥6 +𝑊𝑊3.ℎ68$

𝑜𝑜6 = 𝜎𝜎 𝑊𝑊5>𝑥𝑥6 +𝑊𝑊3>ℎ68$

𝑓𝑓6 = 𝜎𝜎 𝑊𝑊5?𝑥𝑥6 +𝑊𝑊3?ℎ68$

𝑔𝑔6 = 𝜙𝜙 𝑊𝑊5B𝑥𝑥6 +𝑊𝑊3Bℎ68$

With s()=sigmoid activation function 
and  f()=tanh activation function, xt
and the previous cell output ht-1
calculate:
Input gate:

Output gate:

Forget gate:

Input node:

Calculate a memory cell which is the summation of the previous memory 
cell, governed by the forget gate and the input and previous output 
governed by independent combinations of the same:

𝑐𝑐6 = 𝑓𝑓6𝑐𝑐68$ + 𝑖𝑖6𝑔𝑔6

ℎ6 = 𝑜𝑜6𝜙𝜙 𝑐𝑐6

Calculate a new hidden state, governed by the output gate:
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ht

ct
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Memory 
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Write: The input gate gives the provision to determine 
importance of current input and past hidden state.

𝑖𝑖6 = 𝜎𝜎 𝑊𝑊5.𝑥𝑥6 +𝑊𝑊3.ℎ68$

𝑜𝑜6 = 𝜎𝜎 𝑊𝑊5>𝑥𝑥6 +𝑊𝑊3>ℎ68$

𝑓𝑓6 = 𝜎𝜎 𝑊𝑊5?𝑥𝑥6 +𝑊𝑊3?ℎ68$

𝑔𝑔6 = 𝜙𝜙 𝑊𝑊5B𝑥𝑥6 +𝑊𝑊3Bℎ68$

With s()=sigmoid activation function 
and  f()=tanh activation function, xt and 
the previous cell output ht-1 calculate:

Input gate:

Output gate:

Forget gate:

Modulation gate:

Calculate a memory cell which is the summation of the previous memory 
cell, governed by the forget gate and the input and previous output 
governed by independent combinations of the same:

𝑐𝑐6 = 𝑓𝑓6𝑐𝑐68$ + 𝑖𝑖6𝑔𝑔6

ℎ6 = 𝑜𝑜6𝜙𝜙 𝑐𝑐6

Calculate a new hidden state, governed by the output gate:
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Read: The output gate determines what parts of the 
cell output are necessary for the next time step.

𝑖𝑖6 = 𝜎𝜎 𝑊𝑊5.𝑥𝑥6 +𝑊𝑊3.ℎ68$

𝑜𝑜6 = 𝜎𝜎 𝑊𝑊5>𝑥𝑥6 +𝑊𝑊3>ℎ68$

𝑓𝑓6 = 𝜎𝜎 𝑊𝑊5?𝑥𝑥6 +𝑊𝑊3?ℎ68$

𝑔𝑔6 = 𝜙𝜙 𝑊𝑊5B𝑥𝑥6 +𝑊𝑊3Bℎ68$

With s()=sigmoid activation function 
and  f()=tanh activation function, xt and 
the previous cell output ht-1 calculate:

Input gate:

Output gate:

Forget gate:

Modulation gate:

Calculate a memory cell which is the summation of the previous memory 
cell, governed by the forget gate and the input and previous output 
governed by independent combinations of the same:

𝑐𝑐6 = 𝑓𝑓6𝑐𝑐68$ + 𝑖𝑖6𝑔𝑔6

ℎ6 = 𝑜𝑜6𝜙𝜙 𝑐𝑐6

Calculate a new hidden state, governed by the output gate:
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ht
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Reset: The forget gate gives the provision for the 
hidden layer to discard or forget the historical data

𝑖𝑖6 = 𝜎𝜎 𝑊𝑊5.𝑥𝑥6 +𝑊𝑊3.ℎ68$

𝑜𝑜6 = 𝜎𝜎 𝑊𝑊5>𝑥𝑥6 +𝑊𝑊3>ℎ68$

𝑓𝑓6 = 𝜎𝜎 𝑊𝑊5?𝑥𝑥6 +𝑊𝑊3?ℎ68$

𝑔𝑔6 = 𝜙𝜙 𝑊𝑊5B𝑥𝑥6 +𝑊𝑊3Bℎ68$

With s()=sigmoid activation function 
and  f()=tanh activation function, xt and 
the previous cell output ht-1 calculate:

Input gate:

Output gate:

Forget gate:

Modulation gate:

Calculate a memory cell which is the summation of the previous memory 
cell, governed by the forget gate and the input and previous output 
governed by independent combinations of the same:

𝑐𝑐6 = 𝑓𝑓6𝑐𝑐68$ + 𝑖𝑖6𝑔𝑔6

ℎ6 = 𝑜𝑜6𝜙𝜙 𝑐𝑐6

Calculate a new hidden state, governed by the output gate:
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Using LSTMs

• The LSTM memory cells are analogous to 
a single neuron.

• As such many hundreds of these memory 
cells are used in a layer, each of which 
passes its output ht to the next time step, 
ht+1.

32
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Same architecture as RNNs, but middle 
neurons are now LSTM memory cells

ht
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inh0inh0 inh1inh1 inh2inh2 inh3inh3

tt t+1t+1 t+2t+2 t+3t+3

iny0iny0 iny1iny1 iny2iny2 iny3iny3

33

R. Ptucha ‘20 34

Can do many layers…

xt xt+3xt+2xt+1

yt yt+1 yt+2 yt+3

iny0

t

iny1
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iny3
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Output 
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inh0 inh1 inh2 inh3Hidden 
layer 1
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Learning Shakespeare

• LSTMs can learn structure and style in the 
data 

• Karparthy downloaded all the works of 
Shakespeare and concatenated them into 
a single (4.4MB) file. 

• Train a 3-layer LSTM with 512 hidden 
nodes on each layer. 

• After we train the network for a few hours 
Karpathy obtained samples such as:

35
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http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Learning LaTeX

• The results above suggest that the model is 
actually quite good at learning complex syntactic 
structures. 

• Karpathy and Johnston downloaded the raw Latex 
source file (a 16MB file) of a book on algebraic 
stacks/geometry and trained a multilayer LSTM. 

• Amazingly, the resulting sampled 
LaTex almost compiled. 

• They had to step in and fix a few issues manually 
but then they get plausible looking math:

37
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http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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• Let’s examine how sampled text evolves while the 
LSTM model trains. 

• For example, Karpathy trained an LSTM of Leo 
Tolstoy's War and Peace and then generated 
samples every 100 iterations of training. 

• At iteration 100 the model samples random jumbles:

• The model is starting to get an idea about words 
separated by spaces- except sometimes it inserts 
two spaces. It also doesn't know that comma is 
almost always followed by a space.

The evolution of samples while training
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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• At 300 iterations we see that the model starts to 
get an idea about quotes and periods:

• The words are now also separated with spaces 
and the model starts to get the idea about 
periods at the end of a sentence. 

The evolution of samples while training
http://karpathy.github.io/2015/05/21/rnn-effectiveness/

• At iteration 500:

40
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• The model has now learned to spell the shortest 
and most common words such as "we", "He", "His", 
"Which", "and", etc. At iteration 700 we're starting to 
see more and more English-like text emerge:

• At iteration 1200 we're now seeing use of 
quotations and question/exclamation marks. 
Longer words have now been learned as well:

The evolution of samples while training
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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• Properly spelled words, quotations, names, and 
so on occur by about iteration 2000:

The evolution of samples while training
http://karpathy.github.io/2015/05/21/rnn-effectiveness/

• The model first discovers the general word-
space structure and then rapidly starts to learn 
the words; First starting with the short words and 
then eventually the longer ones. Topics and 
themes that span multiple words (and in general 
longer-term dependencies) start to emerge only 
much later.

42
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Recurrent Networks for Character 
Prediction

‘A’ ‘p’

A’ ‘p’

‘p’

‘p’

‘l’

‘l’

‘e’

‘e’

‘<EOS>’

<start>

ht-1

For this to 
work, we need 
to represent 
characters as 
some latent 
vector 
numerical 
representation.
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Recurrent Networks for Word 
Prediction

‘Deep’ ‘learning’

‘Deep’ ‘learning’

‘is’

‘is’

‘really’

‘really’

‘cool’

‘cool’

‘<EOS>’

<start>

ht-1

For this to 
work, we need 
to represent 
words as some 
latent vector 
numerical 
representation.
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Word2vec

• In the simplest form, we can start with a one-hot 
encoded vector of all words, and then learn a 
model which converts to a lower dimensional 
representation.

• Word2vec, glove, and skip-gram are popular 
metrics which encode words to a latent vector 
representation (~300 dimensions).

• Now we have a way to represent images, 
characters, and words as vectors.

45
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Sent2vec

• In the English to French translation, we have:

Sutskever et al., NIPS ‘14English sentence

French sentence

…but wait, this point in the RNN is a representation 
(sent2vec) of all the words in the English sentence!

• Now we have a way to represent images, characters, 
words, and sentences as vectors…can extend to 
paragraphs and documents…

46



22

R. Ptucha ‘20 47

Image Captioning

CNN helps represent an 
image as a numeric value. 
(image2vec)

RNN takes in a latent representation of an 
image, and generates a sequence.

Karpathy & Li, CVPR'15
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<start>

ℎ6 = 𝑓𝑓 𝑊𝑊53𝑥𝑥6 +𝑊𝑊33ℎ68$ht-1

𝑦𝑦6 = 𝑓𝑓 𝑊𝑊3:ℎ6

<word1>

• We may have 50K 
words.  Instead of 
one-hot encoding, we 
learn an embedding 
for each word. • Glove embedding (300 

long vector/word) is 
very popular.

• Alternately, can learn 
embedding- learn a 
matrix which goes from 
(50K) one-hot to 300, 
ie: 𝑊𝑊.5 ∈ 𝑅𝑅F#G×I##

• Embedding and 
unembedding can be 
learned or inverses of 
one another.
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<start>

ℎ6 = 𝑓𝑓 𝑊𝑊53𝑥𝑥6 +𝑊𝑊33ℎ68$ +𝑊𝑊J3𝑣𝑣ht-1

𝑦𝑦6 = 𝑓𝑓 𝑊𝑊3:ℎ6

<word1>

𝑣𝑣

could be 
FC6, FC7, 
conv5, conv4, 
…; 
or a 
combination 
of above

𝑣𝑣

Note: Word is 
sampled from 
distribution of 
word 
probabilities
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<start>

ℎ#ht-1

𝑦𝑦#

<word1>

𝑣𝑣 <word1>

ℎ$

𝑦𝑦$

<word2>

<word2>

ℎ%

𝑦𝑦%

<word3>

<wordn-1>

ℎ'

𝑦𝑦'

<EOS>

…

Training samples are an 
image paired with word 
sequence,  <word1>, 
<word2>, …<wordn>, 
<EOS>
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<start>

ℎ#ht-1

𝑦𝑦#

<word1>

𝑣𝑣 <word1>

ℎ$

𝑦𝑦$

<word2>

<word2>

ℎ%

𝑦𝑦%

<word3>

<wordn-1>

ℎ'

𝑦𝑦'

<EOS>

…

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁: ℎ#
= 𝑓𝑓 𝑊𝑊53𝑥𝑥6 +𝑊𝑊33ℎ68$ +𝑊𝑊J3𝑣𝑣

𝐵𝐵𝐵𝐵𝐵𝐵, ℎ6 𝑐𝑐𝑐𝑐𝑐𝑐 𝑏𝑏𝑏𝑏 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒:
= 𝑓𝑓 𝑊𝑊53𝑥𝑥6 +𝑊𝑊33ℎ68$
= 𝑓𝑓 𝑊𝑊53𝑥𝑥6 +𝑊𝑊33ℎ68$ +𝑊𝑊J3𝑣𝑣

While word 
embedding is 300, 
𝑥𝑥 ∈ 𝑅𝑅I## , the 
hidden embedding 
can be anything, 
such as 512

When training 
RNN, can also 
update weights in 
CNN (full end-to-
end) training.
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Data for Captioning

• Flickr8K
– 8,000 images, from Flickr website, each with five 

captions
– http://nlp.cs.illinois.edu/HockenmaierGroup/8k-

pictures.html
• Flickr30K

– 31,783 images, from Flickr website, each with five 
captions

– http://shannon.cs.illinois.edu/DenotationGraph/
• MSCOCO

– 80,000 training images, each with five captions
– http://mscoco.org/
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Captioning Datasets

Amazon 
mechanical 
turkers do all 
labeling
https://www.mturk.co
m/mturk/welcome
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MSCOCO Dataset
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Video Data for Captioning
MSVD: Microsoft Video Description Dataset
MSR-VTT: Microsoft Research -Video to Text 
M-VAD: Movie description dataset M-VAD
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Venugopalan et al., NAACL 2015

AlexNet 4K FC7

Sa
m

pl
e 

ev
er

y 
10

th
fr

am
e

Pre-train on alternate caption datasets, fine tune to your dataset

Mean pooling
over f frames 𝑉𝑉 =

1
𝑓𝑓
-
./$

?

𝑣𝑣$. , 𝑣𝑣%. ,⋯ , 𝑣𝑣X#YZ.
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Video Captioning

SV2T, Venugopalan, 2015

• Single LSTM for both encode and decode state.
• Two layer LSTM, 1000 hidden units each:

– First LSTM learns video concepts
– Second LSTM concentrates on language 

details.
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Google DeepMind
Reinforcement Learning
“Breakout”

Deep Reinforcement Learning

• Learn from 
experience- reward 
based system.

• Google’s DeepMind, 
first learned the game 
breakout, then lots of 
other 80’s games such 
as space invaders.
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Deep Reinforcement Learning

• Go, is perhaps one of the most 
complex games humans play.  
There are more configurations of 
the board than atoms in the 
universe.   Google’s DeepMind beat 
Lee Sedol in ’16 (4-1), and world 
champion Ke Jie ’17 (3-0).

• Used two reinforcement learning neural networks:
– The policy network recommends a handful of good 

moves.
– The value network reduces depth of search to end of 

game to say 20 moves.
• Search is not based on brute force, it is more on gut feel.
• A human may play 1K games/year; a computer can play 

1M games/day.
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Artificial Intelligence- Economic Opportunity 
(Goldman Sachs 2017 AI Report)

• Agriculture $20B total addressable market
– Optimizing seed planting, fertilization, irrigation, spraying, and 

harvesting; sorting fruits/vegetables; livestock health
• Finance (US) $34-43B annual cost savings & new revenue.  

– Executing trades; satellite images for economic forecasts (e.g., images 
of oil inventory, retail traffic); Identifying credit risk

• Healthcare $54B annual cost savings. 
– Faster drug discovery; Improved care algorithms; Decreasing 

procedural costs
• Retail $54B annual cost savings & $41B annual new revenue 

– Image-based product searches; recommendation engines leveraging data on 
sales, inventory, and customer preferences; Improving online search and 
customer support; Predicting product demand and optimizing pricing.

• Energy $140B cumulative cost savings 
– Project identification and planning by fusing geological & production data; 

Improving equipment reliability and reducing redundancies; Reducing 
maintenance-related downtime. 
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Speech is 3x faster than typing for English 
and Mandarin text entry on mobile devices
http://hci.stanford.edu/research/speech/index.html

• With speech recognition, the English
input rate was 3.0x faster, and the 
Mandarin Chinese input rate 2.8x 
faster, than a state-of-the-art 
smartphone keyboard. 

• With speech, the English error rate was 20.4% lower, 
and Mandarin error rate 63.4% lower, than the 
keyboard. 

• Experiments were carried out using Baidu's Deep 
Speech 2, a deep learning-based speech recognition 
system, and the built-in Qwerty or Pinyin (Mandarin) 
Apple iOS keyboards. 

• DL can also do language translation.
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AI Assistants

• The success of Apple’s Siri has inspired a flurry of 
research into personal assistants.

• Google Home Hub, Amazon Echo Show, and Facebook 
Portal were some of the hottest 2019 Christmas gifts!

• Baidu’s AI Personal Assistant, Duer, launched 
in Sept 2015 can book restaurants, order 
takeout, and even did commentary on the 
Olympic basketball games!

• Microsoft’s Cortana via Bing Predicts was able to pick 
the winner of USA National Football Games 65% of the 
time in the 2018 season.

63

R. Ptucha ‘20 64

Emotional AI

• Next generation AI software will 
not only be able to recognize 
humans from video (i.e. face recognition) and audio 
(i.e. speech recognition), but will be able to recognize 
human emotion.

• Cues in audio and/or video will be used to recognize 
anger, confusion, happiness, surprise.

• Chatbots, Go Google, Siri and personal assistants are
developing emotional understanding.

• Devices will know when to apologize, slow down, speed 
up, re-explain, rejoice with human, and exhibit more 
human-like properties.
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Smart Homes

• Sensors and devices
placed around the 
house enable monitoring and 
control from smart phone.

• Home security systems, solar power 
generation, entertainment systems 
perhaps the three biggest markets.

• Whole house AI systems interact 
with occupants- voice and vision HCI 
provide efficient and intuitive 
interfaces.
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Smart Health Mirror

• Computer vision techniques can 
visually detect pulse.

• (shift in R vs. B at 60Hz)
• New techniques will be able to warn consumers of 

cardiovascular diseases such as stroke and heart 
disease.

• Monitor facial features for stress, anxiety
• Weight estimation
• Look at blood oxygen levels by looking at R vs IR 

spectrum
• Gas sensors can analyze your breath

Wize mirror
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Smart Toilet Seat

• Developed at RIT, the fully integrated
toilet seat measures patients 
electrocardiogram (ECG), 
ballistocardiogram (BCG), and photoplyethysmogram 
(PCG).

• Used to calculate heart rate, respiration, QT interval, QRS 
duration, blood oxygen, pulse transit time, pulse wave 
velocity, and blood pressure.

• Captured signals are automatically analyzed, uploaded 
to cloud for physician analysys.

• Enables a broad range of clinically relevant and 
predictive capabilities.
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For More Information:
Raymond W. Ptucha
Assistant Professor, Computer Engineering
Director, Machine Intelligence Laboratory
Rochester Institute of Technology

Email: rwpeec@rit.edu
Phone: +1 (585) 797-5561
Office: GLE (09) 3441

http://www.rit.edu/mil
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