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Human	
  Neurons	
  

•  Switching	
  Hme	
  
•  ~	
  0.001	
  second	
  

•  Number	
  of	
  neurons	
  
–  1010	
  

•  ConnecHons	
  per	
  neuron	
  
–  104-­‐5	
  

•  Scene	
  recogniHon	
  Hme	
  
–  0.1	
  seconds	
  

•  Number	
  of	
  cycles	
  per	
  scene	
  recogniHon?	
  
–  100	
  !	
  much	
  parallel	
  computaHon!	
  



Perceptron	
  as	
  a	
  Neural	
  Network	
  

g 

This	
  is	
  one	
  neuron:	
  
–  Input	
  edges	
  x1	
  ...	
  xn,	
  along	
  with	
  basis	
  
– The	
  sum	
  is	
  represented	
  graphically	
  
– Sum	
  passed	
  through	
  an	
  acHvaHon	
  funcHon	
  g	
  



Sigmoid	
  Neuron	
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Just change g! 
•  Why would be want to do this? 
•  Notice new output range [0,1]. What was it before? 
•  Look familiar? 



OpHmizing	
  a	
  neuron	
  
We	
  train	
  to	
  minimize	
  sum-­‐squared	
  error	
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Solution just depends on g’: derivative of activation function! 
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g 

Re-­‐deriving	
  the	
  perceptron	
  update	
  

For a specific, incorrect example: 
•  w = w + y*x (our	
  familiar	
  update!) 



Sigmoid	
  units:	
  have	
  to	
  differenHate	
  g	
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Aside:	
  Comparison	
  to	
  logisHc	
  
regression	
  

•  P(Y|X)	
  represented	
  by:	
  

•  Learning	
  rule	
  –	
  MLE:	
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g 

Perceptron,	
  linear	
  classificaHon,	
  
Boolean	
  funcHons:	
  xi∈{0,1}	
  	
  

•  Can	
  learn	
  x1	
  ∨	
  x2?	
  
•  -­‐0.5	
  +	
  x1	
  +	
  x2	
  

•  Can	
  learn	
  x1	
  ∧	
  x2?	
  
•  -­‐1.5	
  +	
  x1	
  +	
  x2	
  

•  Can	
  learn	
  any	
  conjuncHon	
  or	
  disjuncHon?	
  
•  0.5	
  +	
  x1	
  +	
  …	
  +	
  xn	
  
•  (-­‐n+0.5)	
  +	
  x1	
  +	
  …	
  +	
  xn	
  

•  Can	
  learn	
  majority?	
  
•  (-­‐0.5*n)	
  +	
  x1	
  +	
  …	
  +	
  xn	
  

•  What	
  are	
  we	
  missing?	
  The	
  dreaded	
  XOR!,	
  etc.	
  

	
  



Going	
  beyond	
  linear	
  classificaHon	
  
Solving	
  the	
  XOR	
  problem	
  
	
  y	
  =	
  x1	
  XOR	
  x2	
  

	
  
	
  v1	
  =	
  (x1	
  ∧	
  ¬x2)	
  	
  
	
  =	
  -­‐1.5+2x1-­‐x2	
  	
  

	
  v2	
  =	
  (x2	
  ∧	
  ¬x1)	
  	
  
	
  =	
  -­‐1.5+2x2-­‐x1	
  	
  

	
  	
  y	
  =	
  v1∨	
  v2	
  
	
  =	
  -­‐0.5+v1+v2	
  

	
  	
  	
  

x1 

x2 
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v1 
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2 
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= (x1 ∧ ¬x2) ∨ (x2 ∧ ¬x1) 



Hidden	
  layer	
  

•  Single	
  unit:	
  

•  1-­‐hidden	
  layer:	
  	
  	
  

	
  
•  No	
  longer	
  convex	
  funcHon!	
  



©Carlos Guestrin 2005-2009 

Example 
data for NN 
with hidden 
layer 



Learned 
weights for 
hidden layer 



Forward	
  propagaHon	
  
1-­‐hidden	
  layer:	
  
	
  
	
  
	
  
Compute	
  values	
  lel	
  
to	
  right	
  	
  	
  
1.  Inputs:	
  x1,	
  …,	
  xn	
  
2.  Hidden:	
  v1	
  ,…,	
  vn	
  
3.  Output:	
  y	
  

x1 

x2 

1 

v1 

v2 

y 

1 



Gradient	
  descent	
  for	
  
1-­‐hidden	
  layer	
  

Dropped w0 to make derivation simpler 
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Gradient for last layer same as the single node 
case, but with hidden nodes v as input! 



Gradient	
  descent	
  for	
  
1-­‐hidden	
  layer	
  	
  

Dropped w0 to make derivation simpler 
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For hidden layer, 
two parts: 
•  Normal update 

for single neuron 
•  Recursive 

computation of 
gradient on 
output layer 

 



MulHlayer	
  neural	
  networks	
  

Inference and 
Learning: 
•  Forward pass: 

left to right, each 
hidden layer in 
turn 

•  Gradient 
computation: 
right to left, 
propagating 
gradient for 
each node Forward  

Gradient 



Forward	
  propagaHon	
  –	
  predicHon	
  

•  Recursive	
  algorithm	
  
•  Start	
  from	
  input	
  layer	
  
•  Output	
  of	
  node	
  Vk	
  with	
  parents	
  U1,U2,…:	
  



Back-­‐propagaHon	
  –	
  learning	
  

•  Just	
  gradient	
  descent!!!	
  	
  
•  Recursive	
  algorithm	
  for	
  compuHng	
  gradient	
  
•  For	
  each	
  example	
  

– Perform	
  forward	
  propagaHon	
  	
  
– Start	
  from	
  output	
  layer	
  

•  Compute	
  gradient	
  of	
  node	
  Vk	
  with	
  parents	
  U1,U2,…	
  
•  Update	
  weight	
  wi

k	
  

•  Repeat	
  (move	
  to	
  preceding	
  layer)	
  



Back-­‐propagaHon	
  –	
  pseudocode	
  
IniHalize	
  all	
  weights	
  to	
  small	
  random	
  numbers	
  
•  UnHl	
  convergence,	
  do:	
  

–  For	
  each	
  training	
  example	
  x,y:	
  
1.  Forward	
  propagaHon,	
  compute	
  node	
  values	
  Vk	
  

2.  For	
  each	
  output	
  unit	
  o	
  (with	
  labeled	
  output	
  y):	
  
	
   	
  δo	
  =	
  Vo(1-­‐Vo)(y-­‐Vo)	
  

3.  For	
  each	
  hidden	
  unit	
  h:	
  

	
   	
  δh	
  =	
  Vh(1-­‐Vh)	
  Σk	
  in	
  output(h)	
  wh,kδk	
  
4.  Update	
  each	
  network	
  weight	
  wi,j	
  from	
  node	
  i	
  to	
  node	
  j	
  

	
   	
   	
  wi,j	
  =	
  wi,j	
  +	
  ηδjxi,j	
  
	
  



Convergence	
  of	
  backprop	
  
•  Perceptron	
  leads	
  to	
  convex	
  opHmizaHon	
  

–  Gradient	
  descent	
  reaches	
  global	
  minima	
  
•  MulHlayer	
  neural	
  nets	
  not	
  convex	
  

–  Gradient	
  descent	
  gets	
  stuck	
  in	
  local	
  minima	
  
–  SelecHng	
  number	
  of	
  hidden	
  units	
  and	
  layers	
  =	
  	
  fuzzy	
  process	
  
–  NNs	
  have	
  made	
  a	
  HUGE	
  comeback	
  in	
  the	
  last	
  few	
  years!!!	
  

•  Neural	
  nets	
  are	
  back	
  with	
  a	
  new	
  name!!!!	
  
–  Deep	
  belief	
  networks	
  
–  Huge	
  error	
  reducHon	
  when	
  trained	
  with	
  lots	
  of	
  data	
  on	
  GPUs	
  



Overfiung	
  in	
  NNs	
  
•  Are	
  NNs	
  likely	
  to	
  overfit?	
  

– Yes,	
  they	
  can	
  represent	
  
arbitrary	
  funcHons!!!	
  

•  Avoiding	
  overfiung?	
  
– More	
  training	
  data	
  
– Fewer	
  hidden	
  nodes	
  /	
  beCer	
  
topology	
  

– RegularizaHon	
  
– Early	
  stopping	
  



Image ModelsObject	
  RecogniHon	
  

Slides from Jeff Dean at Google 



Number	
  DetecHon	
  

Slides from Jeff Dean at Google 

What are these numbers?



Slides from Jeff Dean at Google 

Acoustic Modeling for Speech Recognition

Trained in <5 days on cluster of 800 machines

30% reduction in Word Error Rate for English!
(“biggest single improvement in 20 years of speech research”)

Launched in 2012 at time of Jellybean release of Android

Close collaboration with Google Speech team

label



Slides from Jeff Dean at Google 

Fully-connected layers

Input

Layer 1

Layer 7

...

Softmax to predict object class

Convolutional layers!
(same weights used at all!
spatial locations in layer)!
!
Convolutional networks 
developed by!
Yann LeCun (NYU)

Basic architecture developed by Krizhevsky, Sutskever & Hinton 
(all now at Google).!

Won 2012 ImageNet challenge with 16.4% top-5 error rate

2012-era Convolutional Model for Object Recognition



Slides from Jeff Dean at Google 

24 layers deep!

2014-era Model for Object Recognition

Developed by team of Google Researchers:!
Won 2014 ImageNet challenge with 6.66% top-5 error rate

Module with 6 separate!
convolutional layers



Slides from Jeff Dean at Google 

Good Fine-grained Classification

“hibiscus” “dahlia”



Slides from Jeff Dean at Google 

Good Generalization

Both recognized as a 
“meal”



Slides from Jeff Dean at Google 

Sensible Errors

“snake” “dog”



Slides from Jeff Dean at Google 

Works in practice
 for real users.



Slides from Jeff Dean at Google 

Works in practice
 for real users.



Object	
  DetecHon	
  

You Only Look Once:
Unified, Real-Time Object Detection

Joseph Redmon
University of Washington

pjreddie@cs.washington.edu

Santosh Divvala
Allen Institute for Artificial Intelligence

santoshd@allenai.org

Ross Girshick
Facebook AI Research

rbg@fb.com

Ali Farhadi
University of Washington
ali@cs.washington.edu

Abstract
We present YOLO, a new approach to object detection.

Prior work on object detection repurposes classifiers to per-
form detection. Instead, we frame object detection as a re-
gression problem to spatially separated bounding boxes and
associated class probabilities. A single neural network pre-
dicts bounding boxes and class probabilities directly from
full images in one evaluation. Since the whole detection
pipeline is a single network, it can be optimized end-to-end
directly on detection performance.

Our unified architecture is extremely fast. Our base
YOLO model processes images in real-time at 45 frames
per second. A smaller version of the network, Fast YOLO,
processes an astounding 155 frames per second while
still achieving double the mAP of other real-time detec-
tors. Compared to state-of-the-art detection systems, YOLO
makes more localization errors but is far less likely to pre-
dict false detections where nothing exists. Finally, YOLO
learns very general representations of objects. It outper-
forms all other detection methods, including DPM and R-
CNN, by a wide margin when generalizing from natural im-
ages to artwork on both the Picasso Dataset and the People-
Art Dataset.

1. Introduction
Humans glance at an image and instantly know what ob-

jects are in the image, where they are, and how they in-
teract. The human visual system is fast and accurate, al-
lowing us to perform complex tasks like driving with little
conscious thought. Fast, accurate, algorithms for object de-
tection would allow computers to drive cars in any weather
without specialized sensors, enable assistive devices to con-
vey real-time scene information to human users, and unlock
the potential for general purpose, responsive robotic sys-
tems.

Current detection systems repurpose classifiers to per-
form detection. To detect an object, these systems take a

Dog: 0.30

Person: 0.64

Horse: 0.28

Figure 1: The YOLO Detection System. Processing images
with YOLO is simple and straightforward. Our system (1) resizes
the input image to 448⇥ 448, (2) runs a single convolutional net-
work on the image, and (3) thresholds the resulting detections by
the model’s confidence.

classifier for that object and evaluate it at various locations
and scales in a test image. Systems like deformable parts
models (DPM) use a sliding window approach where the
classifier is run at evenly spaced locations over the entire
image [10].

More recent approaches like R-CNN use region proposal
methods to first generate potential bounding boxes in an im-
age and then run a classifier on these proposed boxes. After
classification, post-processing is used to refine the bound-
ing box, eliminate duplicate detections, and rescore the box
based on other objects in the scene [13]. These complex
pipelines are slow and hard to optimize because each indi-
vidual component must be trained separately.

We reframe object detection as a single regression prob-
lem, straight from image pixels to bounding box coordi-
nates and class probabilities. Using our system, you only
look once (YOLO) at an image to predict what objects are
present and where they are.

YOLO is refreshingly simple: see Figure 1. A sin-
gle convolutional network simultaneously predicts multi-
ple bounding boxes and class probabilities for those boxes.
YOLO trains on full images and directly optimizes detec-
tion performance. This unified model has several benefits
over traditional methods of object detection.

First, YOLO is extremely fast. Since we frame detection
as a regression problem we don’t need a complex pipeline.
We simply run our neural network on a new image at test

1



YOLO	
  

34 
DEMO	
  



What	
  you	
  need	
  to	
  know	
  about	
  neural	
  
networks	
  

•  Perceptron:	
  
– RelaHonship	
  to	
  general	
  neurons	
  

•  MulHlayer	
  neural	
  nets	
  
– RepresentaHon	
  
– DerivaHon	
  of	
  backprop	
  
– Learning	
  rule	
  

•  Overfiung	
  



Course	
  EvaluaHon	
  

36 

https://uw.iasystem.org/survey/157086 


