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Why all the excitement about Deep Learning?

1. Astonishing empirical results.

2. Similar solutions for different tasks in different domains.

3. General formula for improving results:

deeper network + more training data + more computations



Snapshot of astonishing concrete results



Speech: Spontaneous Speech Recognition

Introduction   56.345 Automatic Speech Recognition

Automatic Speech Recognition

• An ASR system converts the speech signal into words
• The recognized words can be

– The final output, or
– The input to natural language processing

ASR
System

ASR
System

Speech
Signal

Recognized
Words

ASR system’s challenge is to convert the speech signal into words.



Deep learning =⇒ better speech recognition

CD-DNN-HMM 
Dahl, Yu, Deng, and Acero, “Context-Dependent Pre-
trained Deep Neural Networks for Large Vocabulary 
Speech Recognition,” IEEE Trans. ASLP, Jan. 2012 (also 
ICASSP 2011)
Seide et al, Interspeech, 2011.

After no improvement for 10+ years 
by the research community…
…MSR reduced error from ~23% to
<13% (and under 7% for Rick 
Rashid’s S2S demo in 2012)!

After no improvement for 10+ years by the research community . . . deep

learning brings large improvements to speech recognition.



Computer Vision: Image Classification

ImageNet: Large Scale Visual Recognition ChallengeILSVRC!Task!2:!Classifica1on!

Output:*
Scale!
TPshirt!

Steel!drum!
Drums1ck!
Mud!turtle!

Steel!drum!

✔! ✗!
Output:*
Scale!
TPshirt!

Giant!panda!
Drums1ck!
Mud!turtle!

Error =
1

100, 000

∑
100, 000 images

1(incorrect on image i)

Source: Detecting avocados to zucchinis: what have we done, and where are we going? O. Russakovsky et al., ICCV 2013



Deep Learning → much better image classification

• ImageNet Large Scale Visual Recognition Challenge

• 1000 object classes, 1.4 million labelled training images
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High performing systems on the ILSVRC datasets (2010-16).

Pink indicates a deep learning based solution.

Deep Learning (ConvNets) =⇒ great image classification



Computer Vision: Object Detection

PASCAL(VOC(200562012(

Classifica>on:=person,=motorcycle=
Detec4on( Segmenta4on(

Person=

Motorcycle(

Ac>on:=riding=bicycle=

Everingham,(Van(Gool,(Williams,(Winn(and(Zisserman.(
The(PASCAL(Visual(Object(Classes((VOC)(Challenge.(IJCV(2010.(

20=object=classes = =22,591=images=



Deep Learning → much better object detection
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Progress of object detection for the Pascal VOC 2007 challenge.



Natural Language Processing: Text translation

• You have all probably used Google Translate

• It’s been around for ∼10 years.

• Up until Autumn 2016 it used Phrase-Based Machine
Translation.

• But now . . .



Deep Learning =⇒ better machine translation

Google Neural Machine Translation system

• Human raters compare the quality of translations of a source sentence.
• Scores range from 0 to 6.

- 0 ≡ nonsense translation
- 6 ≡ perfect translation



What methods/networks are producing these results?



What methods/networks are producing these results?
Neural Networks trained with lots of labelled data



Andrew Ng Andrew Ng 

Yes/No 
(Mug or not?) 

  

What is a neural network? 
  

Data (image) 

! 

x1 ∈!5 , !x2∈!5

x2 = (W1 × x1)+
x3 = (W2 × x2)+

x1 x2 x3 

x4 
x5 

W4 W3 W2 W1 



Andrew Ng Andrew Ng 

Supervised learning (learning from tagged data) 
  

Yes  

No 

Y X 
Image Yes/No 

(Is it a coffee mug?) 
 

Data: 



What methods/networks are producing these results?



What methods/networks are producing these results?
Deep Neural Networks trained with lots of labelled data



Example modern networks

GoogLeNet (2014)

Trained using ImageNet to perform image classification.



Example modern networks
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Network	“Design”

• Keep	it	simple

• Our	basic	design (VGG-style)
• all	3x3	conv	(almost)

• spatial	size	/2		=>	#	filters	x2	(~same	complexity	per	layer)

• Simple	design;	just	deep!

• Other	remarks:
• no	hidden	fc
• no	dropout

Kaiming	He,	Xiangyu	Zhang,	Shaoqing	Ren,	&	Jian	Sun.	“Deep	Residual	Learning	for	Image	Recognition”.	CVPR	2016.

plain	net ResNet
• ResNet - a convolutional neural network

with skip connections.

• Introduced in Deep Residual Learning for

Image Recognition, by He, Zhang, Ren, Sun,

CVPR 2016

• Trained for image classification, but
similar structures have been transferred to
image generation, speech recognition,
NLP, . . .



Sequence-to-Sequence Model

 A  B  C

v

 D __  X  Y  Z

 X  Y  Z  Q

Input sequence

Target sequence

[Sutskever & Vinyals & Le NIPS 2014]

Deep LSTM



Sequence-to-Sequence Model: Machine Translation

v

Input sentence

Target sentence

[Sutskever & Vinyals & Le NIPS 2014] How

Quelle est taille?votre <EOS>



Sequence-to-Sequence Model: Machine Translation

v

Input sentence

Target sentence

[Sutskever & Vinyals & Le NIPS 2014] How

Quelle est taille?votre <EOS>

tall

How



Sequence-to-Sequence Model: Machine Translation

v

Input sentence

Target sentence

[Sutskever & Vinyals & Le NIPS 2014] How tall are

Quelle est taille?votre <EOS> How tall



Sequence-to-Sequence Model: Machine Translation

v

Input sentence

Target sentence

[Sutskever & Vinyals & Le NIPS 2014] How tall you?are

Quelle est taille?votre <EOS> How aretall



Why the great successes now?

Question:
Haven’t these basic networks and their training algorithms been
around for decades?

INPUT 
28x28

feature maps 
4@24x24

feature maps
4@12x12

feature maps
12@8x8

feature maps
12@4x4

Subsampling

Convolution

Convolution

Subsampling

Convolution

OUTPUT
10@1x1

Back-prop Rumelhart in ’86 LeCun’s LeNet-1 ’90



Why the great successes now?

Question:
Haven’t these basic networks and their training algorithms been
around for decades?

Answer:
Yes but now have

1. Explosion of labelled digital data available for training.

2. Deeper networks (networks with more layers)

3. Better understanding & procedures for learning the
parameters of the networks.

4. GPUs =⇒ can exploit above to train deep networks in a
“reasonable” time.



Andrew Ng Andrew Ng 

Engine 
  

Fuel 
  

Large neural networks 
  

Data  
  

Why is Deep Learning taking off? 
  
  



Andrew Ng Andrew Ng 

Why is Deep Learning taking off? 
  
  



Andrew Ng Andrew Ng 

Rocket engines: Deep Learning driven by scale 

1	
  million	
  	
  
connec*ons	
  

(2007)	
  

CPU 

10	
  million	
  	
  
connec*ons	
  

(2008)	
  

GPU 

1	
  billion	
  
connec*ons	
  

(2011)	
  

Cloud 
(many CPUs) 

100	
  billion	
  
connec*ons	
  

(2015)	
  

HPC 
(many GPUs) 



Why didn’t other approaches exploit these developments?



Other methods couldn’t take advantage of large datasets



Reason 1: Deep Learning does end-to-end training

• Learn everything from the raw input data to desired output.

• Train hierarchical representations

f

Low-level
Features

Mid-level
Features

High-level
Features

Trainable
Classifier

Prediction

as opposed to prior approach of hand engineering features

f

Feature
Extractor

Trainable
Classifier

Prediction

• Engineers job transferred from signal processing to network
architecture & training algorithms.



Reason 2: Deep networks have efficient high capacity

• A neural network is a function f

f : input space→ output space

• Universal approximation (both shallow & deep):
Given a sufficient number of hidden nodes a 2-layer network can

approximate any function.

• Shallow networks not efficient representation:
Some functions compactly represented with k layers in a network

may require exponential size with 2 layers.

• =⇒ Deep networks are frequently a much more efficient
representation of complicated functions than their shallow
counterparts.



Reason 2: Deep networks efficient high capacity

• Deep network exploit Compositionality.

Complicated features are combinations of smaller,
simpler features.

• Compositional features give an exponential gain in
representional power over shallow representations.

• Compositionality is useful to describe the world around us
efficiently.



First Success Story of Deep Learning: Speech Recognition



Problems in speech processing & recognition

• Speech (continuous time series) → Speech (continuous time series)

- Speech Enhancement, Voice Conversion

• Speech (continuous time series) → Text (discrete symbol sequence)

- Automatic speech recognition (ASR), Voice Activity Detection (VAD)

• Text (discrete symbol sequence) → Speech (continuous time series)

- Text-to-speech synthesis (TTS)

• Text (discrete symbol sequence) → Text (discrete symbol sequence)

- Machine translation (MT)



Problems in speech processing & recognition

• Speech (continuous time series) → Speech (continuous time series)

- Speech Enhancement, Voice Conversion

• Speech (continuous time series) → Text (discrete symbol sequence)

- Automatic speech recognition (ASR), Voice Activity Detection (VAD)

• Text (discrete symbol sequence) → Speech (continuous time series)

- Text-to-speech synthesis (TTS)

• Text (discrete symbol sequence) → Text (discrete symbol sequence)

- Machine translation (MT)

Will present a short history of recent developments in ASR.
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Progress had stalled

Progress of spontaneous speech recognition

CD-DNN-HMM 
Dahl, Yu, Deng, and Acero, “Context-Dependent Pre-
trained Deep Neural Networks for Large Vocabulary 
Speech Recognition,” IEEE Trans. ASLP, Jan. 2012 (also 
ICASSP 2011)
Seide et al, Interspeech, 2011.

After no improvement for 10+ years 
by the research community…
…MSR reduced error from ~23% to
<13% (and under 7% for Rick 
Rashid’s S2S demo in 2012)! Best word error rates on the Switchboard dataset.

2400 two-sided phone conversations among 543 speakers (302 male, 241 female) from all areas of US.



Pivotal Academic-Industrial Collaboration

• Geoff Hinton collaboration with MSR, Redmond 2009-2010.

119Microsoft ResearchDeng (MSR, Redmond) & Hinton (University of Toronto)

• Mutually beneficial academic-industrial collaboration
- Automatic Speech Recognition (ASR) industry looking for new

approaches as progress had stalled.

- Hinton had developed deep learning tools (Deep belief networks
2006) to train deep networks looking for applications and data.



Timing was great

• Computing power and data available

- Advent of GPU computing. (Nvidia CUDA library released 2007/08)

- Large labelled training sets data in speech were already available.

• Algorithms/Approaches existed to train deep networks

- Layer-wise training of DBNs

- Added supervised training, classic back-prop, to Hinton’s deep
generative models to train Deep Neural Networks.



Exciting results

Error rate on Switchboard dataset down to 18.5% from 27.4%

CD-DNN-HMM
DAHL et al.: CONTEXT-DEPENDENT PRE-TRAINED DEEP NEURAL NETWORKS FOR LVSR 35

Fig. 1. Diagram of our hybrid architecture employing a deep neural network.
The HMM models the sequential property of the speech signal, and the DNN
models the scaled observation likelihood of all the senones (tied tri-phone
states). The same DNN is replicated over different points in time.

A. Architecture of CD-DNN-HMMs

Fig. 1 illustrates the architecture of our proposed CD-DNN-
HMMs. The foundation of the hybrid approach is the use of a
forced alignment to obtain a frame level labeling for training the
ANN. The key difference between the CD-DNN-HMM archi-
tecture and earlier ANN-HMM hybrid architectures (and con-
text-independent DNN-HMMs) is that we model senones as the
DNN output units directly. The idea of using senones as the
modeling unit has been proposed in [22] where the posterior
probabilities of senones were estimated using deep-structured
conditional random fields (CRFs) and only one audio frame
was used as the input of the posterior probability estimator.
This change offers two primary advantages. First, we can im-
plement a CD-DNN-HMM system with only minimal modifica-
tions to an existing CD-GMM-HMM system, as we will show
in Section II-B. Second, any improvements in modeling units
that are incorporated into the CD-GMM-HMM baseline system,
such as cross-word triphone models, will be accessible to the
DNN through the use of the shared training labels.

If DNNs can be trained to better predict senones, then
CD-DNN-HMMs can achieve better recognition accu-
racy than tri-phone GMM-HMMs. More precisely, in our
CD-DNN-HMMs, the decoded word sequence is determined
as

(13)

where is the language model (LM) probability, and

(14)

(15)

is the acoustic model (AM) probability. Note that the observa-
tion probability is

(16)

where is the state (senone) posterior probability esti-
mated from the DNN, is the prior probability of each state
(senone) estimated from the training set, and is indepen-
dent of the word sequence and thus can be ignored. Although
dividing by the prior probability (called scaled likelihood
estimation by [38], [40], [41]) may not give improved recog-
nition accuracy under some conditions, we have found it to be
very important in alleviating the label bias problem, especially
when the training utterances contain long silence segments.

B. Training Procedure of CD-DNN-HMMs

CD-DNN-HMMs can be trained using the embedded Viterbi
algorithm. The main steps involved are summarized in Algo-
rithm 1, which takes advantage of the triphone tying structures
and the HMMs of the CD-GMM-HMM system. Note that the
logical triphone HMMs that are effectively equivalent are clus-
tered and represented by a physical triphone (i.e., several log-
ical triphones are mapped to the same physical triphone). Each
physical triphone has several (typically 3) states which are tied
and represented by senones. Each senone is given a
as the label to fine-tune the DNN. The mapping maps
each physical triphone state to the corresponding .

Algorithmic 1 Main Steps to Train CD-DNN-HMMs

1) Train a best tied-state CD-GMM-HMM system where
state tying is determined based on the data-driven
decision tree. Denote the CD-GMM-HMM gmm-hmm.

2) Parse gmm-hmm and give each senone name an
ordered starting from 0. The will
be served as the training label for DNN fine-tuning.

3) Parse gmm-hmm and generate a mapping from
each physical tri-phone state (e.g., b-ah t.s2) to
the corresponding . Denote this mapping

.
4) Convert gmm-hmm to the corresponding

CD-DNN-HMM – by borrowing the
tri-phone and senone structure as well as the transition
probabilities from – .

5) Pre-train each layer in the DNN bottom-up layer by
layer and call the result ptdnn.

6) Use – to generate a state-level alignment on
the training set. Denote the alignment – .

7) Convert – to where each physical
tri-phone state is converted to .

8) Use the associated with each frame in
to fine-tune the DBN using back-propagation or other
approaches, starting from . Denote the DBN

.
9) Estimate the prior probability , where

is the number of frames associated with senone
in and is the total number of frames.

10) Re-estimate the transition probabilities using and
– to maximize the likelihood of observing

the features. Denote the new CD-DNN-HMM
– .

11) Exit if no recognition accuracy improvement is
observed in the development set; Otherwise use

• Replace GMM of GMM-HMM with a deep neural network (DNN)

• For input to DNN use longer MFCC/filter-back windows with no
transformation.

Dahl, Yu, Deng, and Acero, Context-Dependent Pre-trained Deep Neural Networks for Large Vocabulary Speech
Recognition, IEEE Trans. ASLP, Jan. 2012 (also ICASSP 2011)

Seide, Li and Yu, Conversational Speech Transcription Using Context-Dependent Deep Neural Network,2011



Deep	
  Learning	
  Technical	
  Revolu�on	
  

2009 

2011 

2013 

2014 

  First resurgence 
o  A. Mohamed, G. Dahl and G. Hinton "Deep belief networks 

for phone recognition,” In NIPS Workshop on Deep Learning 
for Speech Recognition and Related Applications. 2009 

  DNNs for Large Scale Tasks 
o  F. Seide, G. Li, and D. Yu, “Conversational Speech 

Transcription Using Context-Dependent Deep Neural 
Networks,” in Proc. Interspeech 2011. 

  CNNs for Large Scale Tasks 
o  T. N. Sainath, A. Mohamed, B. Kingsbury and B. 

Ramabhadran, "Deep Convolutional Neural Networks for 
LVCSR," in Proc. ICASSP, 2013. 

  LSTMs for Large Scale Tasks 
o  H. Sak, A. Senior and F. Beaufays, “Long Short-Term 

Memory Recurrent Neural Network Architectures for Large 
Scale Acoustic Modeling," in Proc. Interspeech, 2014. 

 [Slide: Tara Sainath, Google, Advancements in Deep Learning, SLT Keynote, Dec 2014.]	
  



DNN Acoustic Modeling Results 
  DNNs provide between a 8-25% relative improvement in word error 

rate over GMM/HMM systems across a variety of tasks and 
languages 

  Results confirmed by many, many research labs 
 

300	
  hour	
  SWB	
  
Conversa�onal	
  	
  
Telephony	
  

400	
  hour	
  
Broadcast	
  News	
  

2000	
  hour	
  
Voice	
  Search	
  

GMM/HMM 14.3 16.5 16.0	
  
DNN 12.2 15.2 12.2	
  

%	
  Rela�ve	
  	
  
Improvement 

14.7 7.9 23.8	
  

[Slide: Tara Sainath, Google, Advancements in Deep Learning, SLT Keynote, Dec 2014.]	
  



CNN vs DNN Results 

Model	
   BN-­‐50	
   BN-­‐400	
   SWB-­‐300	
  

Baseline	
  GMM/HMM	
   18.1	
   13.8	
   14.5	
  

DNN	
   15.8	
   13.3	
   12.2	
  

CNN	
   15.0	
   12.0	
   11.5	
  

§ CNNs trained with vtln-warped log-mel fb features 
offer between a 4-12% relative improvement over 
DNNs trained with speaker-adapted features (VTLN
+fMLLR) 

[Sainath	
  et	
  al,	
  ICASSP	
  2013]	
  

[Slide: Tara Sainath, Google, Advancements in Deep Learning, SLT Keynote, Dec 2014.]	
  



End-­‐to-­‐End	
  Recogni�on	
  

  Go	
  directly	
  from	
  raw	
  waveform	
  

  Convolu�onal	
  Neural	
  Networks-­‐based	
  Con�nuous	
  Speech	
  Recogni�on	
  
using	
  Raw	
  Speech	
  Signal,	
  Palaz,	
  Magimai-­‐Doss,	
  Collobert,	
  ICASSP	
  2015.	
  	
  

  Superior	
  results	
  on	
  TIMIT	
  (phoneme	
  recog),	
  comparable	
  results	
  on	
  WSJ.	
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Deep Learning has big impact

Progress of spontaneous speech recognition

CD-DNN-HMM 
Dahl, Yu, Deng, and Acero, “Context-Dependent Pre-
trained Deep Neural Networks for Large Vocabulary 
Speech Recognition,” IEEE Trans. ASLP, Jan. 2012 (also 
ICASSP 2011)
Seide et al, Interspeech, 2011.

After no improvement for 10+ years 
by the research community…
…MSR reduced error from ~23% to
<13% (and under 7% for Rick 
Rashid’s S2S demo in 2012)!

After no improvement for 10+ years by the research community . . . MSR

reduced error from ∼27% to < 13% (and under < 7% for Rick Rashid’s demo

in 2012)!



Impact of deep learning in speech technology

Cortana



Next Success Story of Deep Learning:
Image Recognition & Computer Vision



ImageNet Large Scale Visual Recognition ChallengeILSVRC!Task!2:!Classifica1on!

Output:*
Scale!
TPshirt!

Steel!drum!
Drums1ck!
Mud!turtle!

Steel!drum!

✔! ✗!
Output:*
Scale!
TPshirt!

Giant!panda!
Drums1ck!
Mud!turtle!

Error =
1

100, 000

∑
100, 000 images

1(incorrect on image i)

Source: Detecting avocados to zucchinis: what have we done, and where are we going? O. Russakovsky et al., ICCV 2013



How well would a human perform on ImageNet?

• Andrej Karpathy, Stanford, set himself this challenge.

• Replicated the 1000 way classification problem for a human.
- Person shown image on the left of figure.

- On the right shown 13 examples from each of the 1000 classes.

- Must pick 5 of these classes as the potential ground truth label.



How well would a human perform on ImageNet?

• Efforts and results reported on his blog post.

• Estimated his own accuracy on ImageNet as 5.1%. (After

some training period.)

• Later conjectured (Feb 2015) a dedicated and motivated
human classifier capable of error rate in the range of 2%–3%.

http://bit.ly/humanvsconvnet


State-of-the-art performance in 2011

• ImageNet Large Scale Visual Recognition Challenge

• 1000 object classes, 1.4 million labelled training images
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Performance of winning entry in ILSVRC competitions (2010-11) prior to deep

learning.



A whirlwind review of computer vision



The Birth of Computer Vision

3/28/2011 

3 

What do humans see? How hard is computer vision? 

Marvin Minsky, MIT 
Turing award,1969 

“In  1966,  Minsky hired a first-year 
undergraduate student and assigned him 
a problem to solve over the summer: 
connect a television camera to a 
computer and get the machine to 
describe  what  it  sees.” 
 

Crevier 1993, pg. 88 

How hard is computer vision? 

Marvin Minsky, MIT 
Turing award,1969 

Gerald Sussman, MIT 

“You’ll  notice  that  Sussman never worked 
in  vision  again!”  – Berthold Horn 

Computational photography 

Vs. 

Ansel Adams 
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connect a television camera to a 
computer and get the machine to 
describe  what  it  sees.” 
 

Crevier 1993, pg. 88 

How hard is computer vision? 

Marvin Minsky, MIT 
Turing award,1969 

Gerald Sussman, MIT 

“You’ll  notice  that  Sussman never worked 
in  vision  again!”  – Berthold Horn 

Computational photography 

Vs. 

Ansel Adams 
Marvin Minsky Gerald Sussman

1966
Marvin Minsky (MIT) asked his undergraduate student Gerald Jay
Sussman to

“spend the summer linking a camera to a computer and
getting the computer to describe what it saw.”



The Birth of Computer Vision
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Vs. 

Ansel Adams 
Marvin Minsky Gerald Sussman

1966
Marvin Minsky (MIT) asked his undergraduate student Gerald Jay
Sussman to

“spend the summer linking a camera to a computer and
getting the computer to describe what it saw.”

Now know the problem was much more difficult.... 1

1“You’ll notice that Sussman never worked in vision again!” – Berthold Horn



Why is it so hard? Consider object recognition

Challenges:

View Point Variation

Illumination Variation

576 M. Shimano et al.

(a) (b) (c) (d)

Fig. 2. Example of synthesized images with our method: (a) training image of a face
illuminated from right, (b) synthesized image taken under frontal illumination with our
method incorporating correlation between surface pixels, (c) synthesized image taken
under frontal illumination without correlation , (d) real image taken under frontal
illumination.

component and highlights are correctly synthesized even at surface points in
shadows, e.g., the shadow cast by the nose and the attached shadow on the
cheek. In contrast, it can be clearly seen that the image synthesized by using
Sim and Kanade’s method in Figure 2 (c) has problems for dealing with surface
points in shadows.

4.2 Face Recognition

Two databases of face images taken under different illumination were used for
our tests: our own database which contains frontal face images of 12 individuals
illuminated from 11 different lighting directions and CMU-PIE database [19]
which contains frontal images of 68 individuals illuminated from 21 different
lighting directions.

All of the tests were conducted as follows. First, one image for each individual
was used as a training image, and 40 images under different illumination (5
images only in the first experiment) were synthesized by using the training image
and the statistical model learned from the Yale database B. Those 41 images
were then used to generate the subspace for each individual. The rest of the
images in the database were used as a test image and classified by searching for
the subspace with the closest Euclidean distance to the test image.

In the first experiment, we compared the performance of our method with the
most closely related method by Sim and Kanade [18] by using our own database.
An image taken under frontal lighting was used as the single training image for
each person for generating the person’s subspace by Sim and Kanade’s method
and our proposed method. Table 1 shows recognition rates achieved by these
two methods, and it shows significant improvement in recognition accuracy by
incorporating correlations between surface points in MAP estimation as in our
method.

In the second experiment, we used the CMU-PIE database, and the image of
each person illuminated from the side was used as a training image. The result
is shown in Table 2. As in the first experiment, recognition accuracy was signifi-
cantly improved from 68% to 86% by incorporating correlations between surface
points. Our method works well because both the diffuse reflection component

Occlusion

Deformation

Figure 5: Exemplars for ballet dataset. These 96 exemplar frames were automatically
extracted from the input video sequence. Human body joint locations were manually
marked on these exemplar frames, and then used to automatically detect joint locations
in the rest of the video sequence.

We perform this morphing in the 2d image plane. The model we use is a “cardboard
person” model (Figure 7) consisting of a torso region and eight half-limbs (upper and
lower arms and legs). Each half-limb has 2 degrees of freedom. Joints are allowed to
rotate in 2d, and each half-limb may be scaled in length. Joint angles for elbows and
knees are measured with respect to the adjacent hands/feet and shoulders/hips. Joint
angles for shoulders and hips are measured with respect to the adjacent elbow/knee, and
the shoulder/hip on the same side of the body. Note that there are singularities in this
representation, for example when a standing human is viewed from above, however,
they do not appear in the sequences we are interested in.

8

Intra-class variation

and haven’t even mentioned clutter or NLP.



Until the ∼2000’s

Common high-level road map for object recognition:

Point of observation

Figures © Stephen E. Palmer, 2002

Dimensionality Reduction Machine (3D to 2D)

3D world 2D image

“Exploit the physics and geometry of imaging.”

• Training: Build 3D models of objects from 2D images of them.

• Test time:

- Estimate object’s pose in the image relative to camera’s
position.

- Synthesize how the model would appear in the image.
- Compare the synthetic image to the real image.



Successes driven by this line of
research



Mosaic Generation

(a) Matier data set (7 images)

(b) Matier final stitch

(c) Abbey data set (20 images)

(d) Abbey final stitch

Figure 9. The stitched images used for the matching results found in this paper. We have successfully
tested our multi-image matching scheme on a database containing hundreds of panoramic images. See
http://www.research.microsoft.com/∼szeliski/StitchingEvaluation for more examples.



However progress on problem of object detection stalled

• Unclear how to mathematically model object categories.

• Unclear how best to spot and distinguish between instances of
these models in images.



Shift to learning based methods in the
naughties



What we mean by learning based methods

Solve problem by referencing to training data

Have a face image if it looks like an image which I
know is a face.



What we mean by learning based methods

Solve problem by referencing to training data

Have a face image if it looks like an image which I
know is a face.

Trend fueled by the

• rapid growth of computational power,

• rapid growth of memory and

• the abundance of digital images and video
and the web.



Recognition in Computer Vision 101



Image is an array of numbers

You see this

but a computer sees this



Feature Extraction

⇒ f = (f1, f2, · · · )

Convert pixel data to a feature vector.



Feature extraction turns image into a point

f



Learning from examples

Many feature vectors from a category



Learning from examples

Want different categories to occupy different volumes.



Is it a bike or a face ?

?



Construct a decision boundary

Decision Boundary



Modern Visual Recognition Systems

1. Training Phase

- Gather labelled training data.

- Extract a feature representation for each training example.

- Construct a decision boundary.

2. Test Phase

- Extract feature representation from the test example.

- Compare to the learnt decision boundary.



Modern Visual Recognition Systems

1. Training Phase

- Gather labelled training data.

- Extract a feature representation for each training example.

- Construct a decision boundary.

2. Test Phase

- Extract feature representation from the test example.

- Compare to the learnt decision boundary.

This is supervised learning.



Success depends mainly on quality of feature extraction

Ideal features Far from ideal



Naughties focused on hand-crafted features

• Engineer/researcher designing and constructing ingenious
features.

• Let machine learning do feature selection and refining of
features.

Popular features
Histogram of Gradient (HOG) features

• Image is partitioned into 8x8 pixel blocks

• In each block we compute a histogram of gradient orientations

- Invariant to changes in lighting, small deformations, etc.

Monday, December 5, 11

Histogram of Gradient (HOG) features

• Image is partitioned into 8x8 pixel blocks

• In each block we compute a histogram of gradient orientations

- Invariant to changes in lighting, small deformations, etc.

Monday, December 5, 11

Deformable part models

• Collection of templates arranged in a deformable configuration

• Each model has global template + part templates

• Fully trained from bounding boxes alone

Monday, December 5, 11

intensity template HOG deformable part models



Progress at first but then stagnation
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But then . . .



ImageNet 2012: Most exciting CV workshop ever

• Alex Krizhevsky, Ilya Sutskever, Geoffrey Hinton from
University of Toronto present AlexNet.

224×224×3

55×55×48

27×27×128

13×13×192

13×13×192

13×13×128

dense

4096

dense

4096

dense

1000

OutputInput Image Fully connected layersConvolutional layers

• First modern deep Convolutional Network trained using
Backprop to solve a hard computer vision problem.

• Outperforms all competitors by a large margin.



Impact of AlexNet on state-of-the-art performance

• ImageNet Large Scale Visual Recognition Challenge

• 1000 object classes, 1.4 million labelled training images
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Performance of winning entry in ILSVRC competitions (2010-12).



AlexNet was only the start

• ImageNet Large Scale Visual Recognition Challenge

• 1000 object classes, 1.4 million labelled training images

2010 2011 2012
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High performing systems on the ILSVRC datasets (2010-16).

Pink indicates a ConvNet based solution.

Deep ConvNets =⇒ great for image classification



What about Object Detection?



Deep ConvNets → much better object detection
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Deep learning allows direct learning of better features

Key properties of deep learning

Provides a mechanism to:

• Learn a highly non-linear function.
(Efficiently encoded in a deep structure.)

• Learn it from data.

• Build feature hierarchies

- Distributed representations

- Compositionality

• Perform end-to-end learning (no more hand-crafted features)



Current most exciting application domain of Deep Learning:
Natural Language Processing



Language Modelling - Sequence Modelling

• Need a way to computationally model sequences of words -
language.

• Need ways of representing language.

Recurrent Neural Networks (and variants) are the deep
learning approach.



Recurrent Neural Networks are popular to model sequences

18

Recurrent Neural Networks
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Use cases of RNNs

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

Input

RNN

Output

Generation
Representation/

Prediction
Encoding/decoding

Continuous 

prediction



Sequence-to-Sequence Model

 A  B  C

v

 D __  X  Y  Z

 X  Y  Z  Q

Input sequence

Target sequence

[Sutskever & Vinyals & Le NIPS 2014]

Deep LSTM



Sequence-to-Sequence Model: Machine Translation

v

Input sentence

Target sentence

[Sutskever & Vinyals & Le NIPS 2014] How

Quelle est taille?votre <EOS>



Sequence-to-Sequence Model: Machine Translation
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How



Sequence-to-Sequence Model: Machine Translation

v

Input sentence

Target sentence

[Sutskever & Vinyals & Le NIPS 2014] How tall are

Quelle est taille?votre <EOS> How tall



Sequence-to-Sequence Model: Machine Translation

v

Input sentence

Target sentence

[Sutskever & Vinyals & Le NIPS 2014] How tall you?are

Quelle est taille?votre <EOS> How aretall



Can also have
Multi-modal translation



57

Image captioning with RNNs

[Vinyals et al., “Show and Tell: A Neural Image Caption Generator”, CVPR 2015]



Image captioning with RNNs

 Same training as before, but now the encoder is a CNN

 We can train a system end to end using cross entropy loss

 Often use already pre-trained CNN and RNN models

 CNN on visual object classification

 RNN on language modeling

 Can also train a coordinated multimodal representation space as well 

 Training is done on pairs of images and captions

 Datasets

 MS COCO

 Flickr8k

 Flickr30k



Translation from Speech & Video → Text

LSTMLSTMLSTMLSTMLSTMLSTM

fc6
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conv1
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Figure 1. Watch, Listen, Attend and Spell architecture. At each time step, the decoder outputs a character yi, as well as two attention
vectors. The attention vectors are used to select the appropriate period of the input visual and audio sequences.
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Figure 2. The ConvNet architecture. The input is five gray level frames centered on the mouth region. The 512-dimensional fc6 vector
forms the input to the LSTM.

and generates a fixed-dimensional state vector sv . In ad-
dition, it produces an output vector ov

i at every timestep i.
Note that the network ingests the inputs in reverse time or-
der (as in Equation 6), which has shown to improve results
in [35].

2.2. Listen: Audio encoder
The Listen module is an LSTM encoder similar to the

Watch module, without the convolutional part. The LSTM
directly ingests 13-dimensional MFCC features in reverse
time order, and produces the state vector sa and the output
vectors oa.

ha
j , oa

j = LSTM(xa
j , ha

j+1) (8)

sa = ha
1 (9)

2.3. Spell: Character decoder

The Spell module is based on a LSTM transducer [3, 5,
8], here we add a dual attention mechanism. At every output
step k, the decoder LSTM produces the decoder states hd

k

and output vectors od
k from the previous step context vectors

cv
k�1 and ca

k�1, output yk�1 and decoder state hd
k�1. The

attention vectors are generated from the attention mecha-
nisms Attentionv and Attentiona. The inner working of
the attention mechanisms is described in [3], and repeated
in the supplementary material. We use two independent at-
tention mechanisms for the lip and the audio input streams
to refer to the asynchronous inputs with different sampling
rates. The attention vectors are fused with the output states
(Equations 11 and 12) to produce the context vectors cv

k and
ca
k that encapsulate the information required to produce the

next step output. The probability distribution of the output

3

Lip Reading Sentences in the Wild Chung, Senior, Vinyals, Zisserman, arXiv Nov 2016



To review...



The rise of end-to-end learning

• Learning with integer or real-valued outputs

Problem Input Output

Spam classification Email Spam/Not spam (0/1)

Image recognition Input Integer label

House pricing prediction Features of house Price in dollars

Product recommendation Product & user features Chance of purchase

• Learning with complex outputs

Problem Input Output

Image captioning Image Text

Machine translation English text French text

Question answering (Text, Question) pair Answer text

Speech recognition Audio Transcription

TTS Text features Audio



Major Categories of Deep Learning Models

1. General neural networks

2. Sequence models (1D sequences)
- Recurrent Neural Network (RNN)
- Gated Recurrent Unit (GRU)
- Long short-term memory (LSTM)
- Connectionist Temporal Classification (CTC)
- attention models

3. Image models
- 2D and 3D convolutional networks

4. Advanced /future technology
- Unsupervised learning (sparse coding, ICA, autoencoders)
- Reinforcement learning
- Self-supervised learning (GANS)



The ones we’ll cover in the course

1. General neural networks

2. Sequence models (1D sequences)
- Recurrent Neural Network (RNN)
- Gated Recurrent Unit (GRU)
- Long short-term memory (LSTM)
- Connectionist Temporal Classification (CTC)
- Attention models

3. Image models
- 2D and 3D convolutional networks

4. Advanced /future technology
- Unsupervised learning (sparse coding, ICA, autoencoders)
- Reinforcement learning
- Self-supervised learning (GANS)



Conclusions

Deep neural networks are making significant strides in
understanding for

speech, vision, language, . . .

and translating between the different modalities.

• It’s a technology that is (and will be) at the forefront of
automating the interpretion (and manipulation) of input
signals at the capacity of a human (expert & beyond).

• It’s going to be fun to teach you all about the techniques,
maths, learning algorithms, and networks underpinning these
developments....
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Course Admin & Your Workload



Your Workload

• Assignments (4.5 hp)

− Four programming assignments

− Pen and Paper exercises may be interspersed within these

assignments

• Either Project (3.0 hp) or Written Exam (3.0 hp)

- Project

* Freely chosen project in DL completed in groups of 3.

- Take Home Written Exam

* Answer theory and problem questions about the material

covered in the course.



Task and its Assessment

Assignments: Pass / Fail + Possibility for Bonus Points

There will be 4 programming assignments

• To pass an assignment task you must

− Make good attempt / finish the coding task.

− Write a short report containing result and intermediary result

figures and description on the structure and debugging of your

code etc. More instructions will be given in the assignment

specification.

− Upload your code and pdf report to Bilda.

• To get bonus points you can complete optional extensions to
the basic assignment. Here the bonus points will be towards
your final grade in the course.



More details about the assignments

Important Dates:

• When the assignments will be released:

- Assignment 1: 27th of March (after lecture)

- Assignment 2: 30th of March (after lecture)

- Assignment 3: 6th of April (after lecture)

- Assignment 4: 18th of April (after lecture)

• Deadline for the submission of assignments:

- Assignment 1: 11th of April

- Assignment 2: 18th of April

- Assignment 3: 25th of April

- Assignment 4: 9th of May

Note The submission deadlines are not hard as regard passing the course etc.

They are hard in the sense that if you miss one then I cannot guarantee that I

will review/correct the assignment in a timely fashion.



Task and its Assessment

Project: Grade A-F

• In groups of 3 you will complete project in deep learning.

• Your project will be assessed based on:

− Written Report

− Oral Examination

• The grade will be mainly be based on the Written Report
but the Oral Examination will confirm to me whether all
members of the group were involved and knowledgeable about
the technical/experimental detail submitted in the project.



More details about the project

Project: Grade A-F

• You will be free to use whatever software package you like -
TensorFlow, Torch, . . .

• You will be free to choose the topic and scope.

• Before starting with your project you will need to get a (short)
proposal approved.

• Make sure attend you some “Project help” session to get
some advice about the feasibility of your project idea.



More details about the project

Important Dates:

• Your deadline for submission of project proposal: 18th April

• My deadline for approving your project proposal: 21st April

• Deadline for submission of final project report: 19th May

• Project Oral Examination Period: 22nd May – 2nd June



More details about the project

Sign-up for an account at PDC:

Once you have formed your project group of three:

• One member of the group should apply for an account at
PDC and when you have done so fill this google form to let
me know.

• Please do this as soon as possible because

- PDC needs some time to create and confirm these accounts.

- Training and running multiple experiments on deep networks can be
very time-consuming.

- The more computational resources you have access to, the more
interesting things you can do.

- I can then arrange PDC to give an instructional lecture about using
their machines.

https://docs.google.com/forms/d/e/1FAIpQLSfjlHqzKqgsKDgACBRHsJnhGsXkcOb6yZRe91Jwtekz6GQTUQ/viewform?c=0&w=1


Task and its Assessment

Written Exam: A-F

• Written take home exam.

• The exam will have a compulsory part - Part I - covering the
core topics of the course. This part will have to be answered
at a high level to get a grade E.

• To obtain higher grades other questions, other topics and
Part I material at a higher level of understanding, will have to
be answered in Part II.

• Nearer the exam, I will be very explicit about the content and
the level of difficulty of Part I and Part II of the exam.



Final Grade for the course

Final Grade: A-F

If you pass the Written Exam or the Project then your final
grade will either be

• Written Exam Grade + Bonus Points or

• Project Grade + Bonus Points

Bonus Points will potentially be able to bump you up one grade (E
→ D, D → C, etc)

You cannot use the Bonus Points to lift your failing grade to a passing one.



More details about the Project Help sessions

• You will book a 15 minute time slot with a TA. (Doodle will
be made available soon on the KTH Social webpage.)

• Please book a slot with your 2 other project partners. We do
not have the resources to meet students individually.

• Attendence is not mandatory.

• But you should attend some to get advice on your project.

• You can also get some advice/guidance with the assignment.



Important

• I cannot register you for the course!

• You have to ask your student adviser or fill in the appropriate
forms online.

• If you cannot see the DD2424 bilda page by the end of the
week contact me and I will get you added.


