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What	
  is	
  Machine	
  Learning?	
  



What	
  is	
  Machine	
  Learning?	
  

•  How	
  do	
  you	
  program	
  a	
  computer	
  to	
  
– Recognize	
  faces?	
  
– Recommend	
  movies?	
  
– Decide	
  which	
  web	
  pages	
  are	
  relevant	
  to	
  a	
  Google	
  
search	
  query?	
  



A	
  Simple	
  Task:	
  Recognize	
  Obama	
  



A	
  Simple	
  Task:	
  Recognize	
  Obama	
  

•  Input:	
  picture	
  
•  Output:	
  yes/no	
  
	
  
•  Can	
  you	
  program	
  this?	
  
– Probably	
  not…	
  
– But	
  you	
  can	
  show	
  a	
  computer	
  
how	
  to	
  solve	
  this	
  task	
  



Examples	
  

No	
   Yes	
  



Learning	
  from	
  Examples	
  

yes	
  

Learning	
  
Algorithm	
  

Classifier	
  

Labeled	
  Examples	
  

?	
  

no	
  

yes	
  

no	
  

yes	
  

no	
   yes	
  



Discussion	
  

•  Is	
  it	
  easier	
  to	
  devise	
  a	
  learning	
  algorithm	
  than	
  
it	
  is	
  to	
  program	
  an	
  Obama	
  recognizer?	
  

	
  
•  Is	
  it	
  more	
  useful	
  to	
  have	
  a	
  learning	
  algorithm,	
  
or	
  an	
  Obama	
  recognizer?	
  



What	
  is	
  Machine	
  Learning?	
  

	
  
•  Machine	
  learning	
  is	
  the	
  prac1ce	
  of	
  
programming	
  a	
  computer	
  to	
  learn	
  to	
  solve	
  a	
  
task	
  through	
  experience,	
  rather	
  than	
  directly	
  
programming	
  it	
  to	
  solve	
  the	
  task.	
  



Why	
  should	
  I	
  care	
  about	
  ML?	
  



You	
  tell	
  me…	
  

•  What	
  are	
  some	
  examples	
  of	
  ML	
  in	
  your	
  day-­‐
to-­‐day	
  life?	
  



ML	
  makes	
  the	
  world	
  go	
  round.	
  	
  



ML	
  Achievements	
  
Applications: Deep question answering
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ML	
  wins	
  Jeopardy!	
  



ML	
  Achievements	
  

Building high-level features using large-scale unsupervised learning

spaced thresholds in between. The reported accuracy
is the best classification accuracy among 20 thresholds.

4.3. Recognition

Surprisingly, the best neuron in the network performs
very well in recognizing faces, despite the fact that no
supervisory signals were given during training. The
best neuron in the network achieves 81.7% accuracy in
detecting faces. There are 13,026 faces in the test set,
so guessing all negative only achieves 64.8%. The best
neuron in a one-layered network only achieves 71% ac-
curacy while best linear filter, selected among 100,000
filters sampled randomly from the training set, only
achieves 74%.

To understand their contribution, we removed the lo-
cal contrast normalization sublayers and trained the
network again. Results show that the accuracy of
best neuron drops to 78.5%. This agrees with pre-
vious study showing the importance of local contrast
normalization (Jarrett et al., 2009).

We visualize histograms of activation values for face
images and random images in Figure 2. It can be seen,
even with exclusively unlabeled data, the neuron learns
to di↵erentiate between faces and random distractors.
Specifically, when we give a face as an input image, the
neuron tends to output value larger than the threshold,
0. In contrast, if we give a random image as an input
image, the neuron tends to output value less than 0.

Figure 2. Histograms of faces (red) vs. no faces (blue).
The test set is subsampled such that the ratio between
faces and no faces is one.

4.4. Visualization

In this section, we will present two visualization tech-
niques to verify if the optimal stimulus of the neuron
is indeed a face. The first method is visualizing the
most responsive stimuli in the test set. Since the test
set is large, this method can reliably detect near opti-
mal stimuli of the tested neuron. The second approach
is to perform numerical optimization to find the opti-
mal stimulus (Berkes & Wiskott, 2005; Erhan et al.,
2009; Le et al., 2010). In particular, we find the norm-
bounded input x which maximizes the output f of the

tested neuron, by solving:

x⇤ = argmin
x

f(x;W,H), subject to ||x||2 = 1.

Here, f(x;W,H) is the output of the tested neuron
given learned parameters W,H and input x. In our
experiments, this constraint optimization problem is
solved by projected gradient descent with line search.

These visualization methods have complementary
strengths and weaknesses. For instance, visualizing
the most responsive stimuli may su↵er from fitting to
noise. On the other hand, the numerical optimization
approach can be susceptible to local minima. Results,
shown in Figure 3, confirm that the tested neuron in-
deed learns the concept of faces.

Figure 3. Top: Top 48 stimuli of the best neuron from the
test set. Bottom: The optimal stimulus according to nu-
merical constraint optimization.

4.5. Invariance properties

We would like to assess the robustness of the face de-
tector against common object transformations, e.g.,
translation, scaling and out-of-plane rotation. First,
we chose a set of 10 face images and perform distor-
tions to them, e.g., scaling and translating. For out-
of-plane rotation, we used 10 images of faces rotating
in 3D (“out-of-plane”) as the test set. To check the ro-
bustness of the neuron, we plot its averaged response
over the small test set with respect to changes in scale,
3D rotation (Figure 4), and translation (Figure 5).6

6Scaled, translated faces are generated by standard
cubic interpolation. For 3D rotated faces, we used 10 se-

hZp://www.npr.org/2012/06/26/155792609/a-­‐massive-­‐google-­‐network-­‐learns-­‐to-­‐idenafy	
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  High-­‐level	
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  Unsupervised	
  Learning	
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ML	
  watches	
  YouTube	
  for	
  three	
  straight	
  days!	
  
(and	
  learns	
  to	
  recognize	
  cats?!)	
  

	
  	
  



ML	
  in	
  Science	
  

•  Bioinformaacs	
  
– Gene	
  expression	
  
– Does	
  this	
  gene	
  
(secaon	
  of	
  DNA)	
  do	
  
anything?	
  

•  Species	
  distribuaon	
  
modeling…	
  



Species Distribution Modeling 

 



Big	
  Data	
  à	
  Big	
  $$$$	
  

•  “Analyzing	
  large	
  data	
  sets—so	
  called	
  big	
  data—will	
  
become	
  a	
  key	
  basis	
  of	
  compeaaon,	
  underpinning	
  new	
  
waves	
  of	
  producavity	
  growth,	
  innovaaon,	
  and	
  
consumer	
  surplus…”	
  

•  “The	
  United	
  States	
  alone	
  faces	
  a	
  shortage	
  of	
  140,000	
  
to	
  190,000	
  people	
  with	
  analyacal	
  experase	
  and	
  1.5	
  
million	
  managers	
  and	
  analysts	
  with	
  the	
  skills	
  to	
  
understand	
  and	
  make	
  decisions	
  based	
  on	
  the	
  analysis	
  
of	
  big	
  data.”	
  

Source:	
  Big	
  data:	
  The	
  next	
  fronaer	
  for	
  innovaaon,	
  
compeaaon,	
  and	
  producavity,	
  McKinsey	
  &	
  Company,	
  2011	
  	
  



Source:	
  Big	
  data:	
  The	
  next	
  fronaer	
  for	
  innovaaon,	
  
compeaaon,	
  and	
  producavity,	
  McKinsey	
  &	
  Company,	
  2011	
  	
  



OK,	
  buy	
  what	
  are	
  we	
  actually	
  
going	
  to	
  do	
  in	
  this	
  class?	
  



Course	
  Overview	
  

•  Supervised	
  learning	
  
–  Learn	
  from	
  examples	
  

•  Unsupervised	
  learning	
  
–  Find	
  paZerns	
  in	
  data	
  

	
  
•  Probabilisac	
  learning	
  
–  Quanafy	
  uncertainty	
  

“20%	
  chance	
  of	
  rain”	
  
“80%	
  chance	
  of	
  survival”	
  

“90%	
  sure	
  it	
  is	
  President	
  Obama”	
  



Course	
  Organizaaon	
  
•  Course	
  is	
  organized	
  around	
  problems	
  and	
  algorithms	
  

–  See	
  a	
  list	
  of	
  topic	
  on	
  the	
  webpage	
  

•  But	
  the	
  goal	
  is	
  to	
  understand	
  ML	
  building	
  blocks	
  and	
  
general	
  principles	
  
–  Mathemaacal	
  tools	
  

•  Probability,	
  staasacs,	
  basic	
  opamizaaon	
  
–  ML	
  principles	
  

•  Problem	
  formulaaons,	
  notaaon,	
  paZerns	
  
–  Methodology	
  

•  How	
  to	
  evaluate,	
  diagnose	
  problems,	
  and	
  troubleshoot	
  
–  Applicaaons	
  

•  Understand	
  ML	
  in	
  the	
  world	
  and	
  get	
  your	
  hands	
  dirty	
  



Logisacs	
  
•  Instructor	
  

–  Prof.	
  Dan	
  Sheldon	
  
–  hZp://people.cs.umass.edu/~sheldon	
  

•  Office	
  hours	
  (Clapp	
  200;	
  come	
  see	
  me!)	
  
–  Mon	
  4-­‐5pm	
  
–  Wed	
  9-­‐10am	
  
–  By	
  appointment.	
  Mon/Wed	
  only	
  

	
  
•  Course	
  webpage	
  	
  

–  hZp://people.cs.umass.edu/~sheldon/teaching/2012fa/ml/index.html	
  
–  Please	
  check	
  frequently	
  
–  Ella:	
  assignments	
  	
  

•  hZps://ella.mtholyoke.edu/portal/site/COMSC-­‐341-­‐01-­‐FA12	
  	
  



Logisacs	
  
•  Email	
  me!	
  

–  Response	
  ame:	
  24	
  hours	
  /	
  48	
  hours	
  on	
  weekend	
  
–  Best	
  way	
  to	
  ask	
  administraave	
  quesaons	
  
–  HW	
  quesaons:	
  please	
  come	
  to	
  office	
  hours	
  

•  Accommodaaon	
  leZers	
  

•  I’m	
  new	
  here	
  
–  But	
  I’m	
  here	
  because	
  of	
  you!	
  
–  Please	
  come	
  talk	
  to	
  me	
  
– We	
  will	
  work	
  out	
  any	
  kinks	
  



Prerequisites	
  
•  Prerequisites	
  

–  Data	
  structures	
  (know	
  how	
  to	
  program)	
  
–  Discrete	
  math	
  (not	
  be	
  afraid	
  of	
  math)	
  

•  Warning:	
  there	
  is	
  math	
  in	
  this	
  course	
  
–  Calculus	
  
–  Probability	
  
–  Linear	
  algebra	
  

•  I	
  will	
  teach	
  necessary	
  material	
  
–  Math	
  
–  MATLAB	
  programming	
  



Textbook	
  and	
  Other	
  Resources	
  

•  Required	
  textbook:	
  
–  Russell	
  and	
  Norvig,	
  Ar1ficial	
  Intelligence:	
  
A	
  Modern	
  Approach	
  

–  Third	
  Edi:on	
  required	
  

•  Coursera	
  ML	
  course	
  
–  hZps://class.coursera.org/ml/lecture/
preview	
  

–  Andrew	
  Ng	
  

•  Addiaonal	
  books	
  on	
  reserve	
  at	
  library	
  



Coursework	
  

•  Daily	
  assignments:	
  20%	
  
•  Problem	
  sets:	
  40%	
  
•  Project:	
  30%	
  
•  Class	
  paracipaaon:	
  10%	
  



Coursework	
  
•  Daily	
  exercises	
  

–  Due	
  at	
  beginning	
  of	
  each	
  class	
  
–  <	
  1	
  hour,	
  1–3	
  problems	
  
–  Solidify	
  material	
  covered	
  in	
  lecture	
  
–  Must	
  be	
  done	
  independently	
  

•  Problem	
  sets	
  	
  
–  Every	
  two	
  weeks,	
  unal	
  project	
  
–  WriZen	
  problems,	
  programming,	
  experiments	
  
–  I	
  encourage	
  you	
  to	
  work	
  in	
  groups,	
  but	
  you	
  must	
  

•  Write	
  your	
  own	
  code	
  &	
  solu1ons	
  
•  Run	
  your	
  own	
  experiments	
  
•  Cite	
  all	
  group	
  members	
  and	
  sources	
  

	
  



Coursework	
  

•  Final	
  project	
  
– Crea1ve	
  applicaaon/exploraaon	
  of	
  ML	
  
•  Apply	
  ML	
  to	
  scienafic	
  data	
  
•  Gather	
  dataset	
  from	
  your	
  hobby/sport/passion	
  
•  Explore	
  an	
  ML	
  topic	
  not	
  covered	
  in	
  this	
  class	
  
•  Prove	
  something	
  about	
  ML	
  

– Presentaaon	
  on	
  last	
  day	
  of	
  class	
  
– Paper	
  in	
  format	
  of	
  short	
  scienafic	
  paper	
  
– More	
  details	
  and	
  suggested	
  topics	
  later	
  in	
  course	
  
– Work	
  in	
  groups	
  of	
  up	
  to	
  3	
  students	
  



Late	
  Policy	
  
•  Problem	
  sets	
  and	
  project	
  milestones	
  

–  Five	
  free	
  late	
  days	
  (24	
  hours)	
  
–  For	
  project	
  milestones,	
  charged	
  to	
  en1re	
  group	
  
–  Must	
  submit	
  by	
  ella	
  

•  Daily	
  Exercises	
  
–  No	
  credit	
  for	
  late	
  submission,	
  but	
  lowest	
  4	
  dropped	
  

•  Final	
  project	
  report	
  
–  No	
  credit	
  for	
  late	
  submission	
  

•  (For	
  emergencies,	
  talk	
  to	
  me)	
  


