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Defini)on	  
	  
Deep	  learning	  is	  a	  class	  of	  machine	  learning	  algorithms	  that	  
	  
•  use	  a	  cascade	  of	  many	  layers	  of	  nonlinear	  processing	  
•  are	  part	  of	  the	  broader	  machine	  learning	  field	  of	  learning	  
representa7ons	  of	  data	  facilita7ng	  end-‐to-‐end	  op)miza)on	  

•  learn	  mul7ple	  levels	  of	  representa7ons	  that	  correspond	  to	  
different	  levels	  of	  abstrac)on	  

•  …,	  …	  



Three	  Paradigms	  of	  Deep	  Learning	  

•  Deep	  Supervised	  Learning	  	  
–  Paired	  input-‐output	  big	  training	  data	  for	  predic7on	  
–  Paired	  output	  serves	  as	  “teacher”	  for	  corresponding	  input	  

•  Deep	  Reinforcement	  Learning	  
–  Very	  weak	  “teacher”	  in	  the	  form	  of	  rewards;	  i.e.	  feedbacks	  (o4en	  
distant）from	  environments	  

– Q-‐learning	  computes	  “teaching	  signal”	  for	  training	  DNNs	  	  	  
•  Deep	  Unsupervised	  Learning	  

– Unpaired	  input-‐output	  bigger	  training	  data	  for	  predic7on	  	  
-‐	  but	  no	  teacher/label	  per	  se	  for	  each	  input	  token	  

– Non-‐predic7on	  tasks	  (clustering,	  dimensionality	  reduc7on,	  
interpreta7on	  &	  understanding	  of	  data	  for	  transfer/mul7task	  
learning	  …)	  
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Two	  Types	  of	  Big	  Data	  for	  Deep	  Learning	  

•  Deep	  Supervised	  Learning	  	  
–  Paired	  input-‐output	  big	  training	  data	  (costly)	  
–  Paired	  output	  serves	  as	  “teacher”	  for	  corresponding	  input	  

•  Deep	  Reinforcement	  Learning	  
–  Very	  weak	  “teacher”	  in	  the	  form	  of	  rewards	  (o4en	  distant)	  

•  Deep	  Unsupervised	  Learning	  
– Unpaired	  input-‐output	  bigger	  training	  data	  (almost	  no	  cost;	  
everywhere	  -‐-‐-‐	  取之不尽用之不竭)	  
-‐	  but	  no	  teacher	  for	  each	  input	  token	  

– Non-‐predic7on	  tasks	  (clustering,	  interpreta7on	  &	  understanding	  
of	  data…)	  
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AI	  =	  感知+认知	  
	  

	  
AI	  =	  machine	  percep)on	  (speech,	  image,	  video,	  gesture,	  
	   	   	   	   	   	  	  	  	  	  	  touch...)	  	  

	  	  	  	  
	  +	  machine	  cogni)on	  (natural	  language,	  reasoning,	  
	   	   	   	   	   	  a>en*on,	  memory/learning,	  
	   	   	   	  knowledge,	  decision	  making,	  	  	   	   	  	   	  
	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  ac7on/planning/robo7cs,	  
	   	   	   	  interac7on/conversa7on/ChatBot,…)	  

	  
	  

5	  



Deep	  Learning	  for	  AI	  Applica)ons	  

•  Current	  Successes	  of	  Deep	  Learning	  	  
–  Speech	  (recogni7on),	  2010	  (supervised,	  bruteforce)	  	  
–  Image	  (recogni7on),	  2012	  (supervised,	  bruteforce)	  	  
–  NLP	  (transla7on,	  understanding,	  text	  QA),	  2014	  (supervised)	  	  
–  Mul7modal	  image-‐text	  (image	  cap7oning/QA),	  2015	  (supervised)	  
–  Games	  (AlphaGo),	  2016	  (reinforcement)	  

•  Deep	  Learning	  -‐-‐-‐	  Next	  waves	  upon	  us	  
–  Informa7on	  retrieval	  (2017,	  predicted	  by	  Chris	  Manning	  at	  SIGIR	  2016)	  
–  Mobile	  UI	  and	  dialogues	  (conversa7onal	  AI	  bots,	  chatbots)	  	  -‐-‐-‐	  reinforcement	  learning	  
–  Prac7cally	  useful	  personal	  assistants	  (next-‐genera7on	  Cortana,	  SIRI,	  GoogNow,	  Alexa)	  
–  Business	  analy7cs	  (e.g.	  sales	  and	  marke7ng)	  
–  Finance	  (hedge	  funds,	  excluding	  “flash	  boy”	  type)	  
–  Robo7c/car	  control,	  and	  physical	  plant	  control	  (e.g.	  energy	  saving,	  logis7cs	  op7miza7on)	  
–  Medical	  and	  health	  
–  Security	  
–  Art	  and	  science;	  video	  transcrip7on,	  AI-‐generated	  movie	  scripts	  
–  Automated	  journalism	  and	  legal	  assistance	  
–  Communica7on	  networks	  (e.g.	  op7mal	  rou7ng)	  
–  A	  full	  range	  of	  enterprise	  scenarios	  …,	  …	  	  
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Unsupervised	  

(in	  the	  future)	  	  
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Deep	  Supervised	  Learning	  for	  Speech	  Recogni)on	  
	  
	  
-‐	  with	  massive	  paired	  input(acous7cs)-‐output(text)	  big	  	  	  	  
data	  for	  training	  speech	  recognizers	  
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9 Microsoft Research 

Scientists See Promise in Deep-Learning Programs 
John Markoff 
November 23, 2012 

Tianjin, China, October, 25, 2012 

Deep learning  
technology enabled  
speech-to-speech  
translation 

The Universal  
Translator … comes true! 

A voice recognition program translated a speech given by  
Richard F. Rashid, Microsoft’s top scientist, into Mandarin Chinese.  
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CD-DNN-HMM invented, 2010  
 

Deep belief networks for phone recognition, NIPS, December 2009; 2012 
 
Investigation of full-sequence training of DBNs for speech recognition., Interspeech, Sept 2010 
Binary coding of speech spectrograms using a deep auto-encoder,        Interspeech, Sept 2010 
Roles of Pre-Training & Fine-Tuning in CD-DBN-HMMs for Real-World ASR,  NIPS, Dec. 2010 
Large Vocabulary Continuous Speech Recognition With CD-DNN-HMMS, ICASSP,  April 2011  
Conversational Speech Transcription Using Contxt-Dependent DNN,Interspeech, Aug. 2011  
 
Making deep belief networks effective for LVCSR, ASRU, Dec. 2011  
Application of Pretrained DNNs to Large Vocabulary Speech Recognition., ICASSP, 2012  
【胡郁】讯⻜飞超脑 2.0 是怎样炼成的？2011, 2015 



	  Across-‐the-‐Board	  Deployment	  of	  DNN	  in	  Speech	  Industry	  
(+	  in	  university	  labs	  &	  DARPA	  programs)	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  (2012-‐2014)	  
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In	  the	  academic	  world	  

13	  

“This joint paper (2012) 
from the major speech 

recognition laboratories 
details the first major 

industrial application of 
deep learning.”	  
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Deep	  Supervised	  Learning	  also	  ShaQered	  Image	  
Recogni)on	  (in	  the	  same	  way)	  
	  
(since	  2012)	  
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3.567% 

Super-deep: 152 layers  

4th year 
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Supervised	  Deep	  Learning	  for	  Machine	  
Cogni)on	  
	  
-‐-‐-‐	  Memory	  &	  agen7on	  applied	  to	  machine	  transla7on	  



Long Short-Term Memory RNN  

(Hochreiter	  &	  Schmidhuber,	  1997)	  

LSTM	  



Deep “Thought”-Vector Approach to MT Seq-‐2-‐Seq	  Learning	  (Neural	  Machine	  Transla)on)	  

LSTM/GRU	  Encoder	  

LSTM/GRU	  Decoder	  



Neural Machine Translation with Attention 

20	  

Attention-based Model 

• Encoder:	  Bidirec7onal	  RNN	  

• A	  set	  of	  annota*on	  vectors	  

	  

• Agen7on-‐based	  Decoder	  

(1) 	  Compute	  agen7on	  weights	  

(2) 	  Weighted-‐sum	  of	  the	  annota7on	  vectors	  

(3) 	  Use	  	  	  	  	  	  	  to	  replace	  “though	  vector”	  	  	  

(modified	  from:	  Kyunghyun	  Cho,	  2016)	  (modified	  from:	  Kyunghyun	  Cho,	  2016)	  



Benchmark: WMT’15 En-De 

20!

21.25!

22.5!

23.75!

25!

26.25!

27.5!

Large Target Vocabulary!
+ OOV replacement!
(Jean et al., 2015)!

BPE-based sub words!
(Sennrich et al., 2015)!

Large Target Vocabulary !
+ OOV replacement!

+ Ensemble!
(Jean et al., 2015)!

BPE-based sub words!
+ Monolingual corpus!
(Sennrich et al., 2015a)!

BPE-based sub words!
+ Monolingual corpus!

+ Ensemble!
(Sennrich et al., 2015a)!

Syntax-based MT!
(Sennrich & Haddow, 2015)!

(modified	  from:	  Kyunghyun	  Cho)	  
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Supervised	  Deep	  Learning	  for	  Machine	  
Cogni)on	  
	  
-‐-‐-‐	  Neural	  reasoning:	  memory	  networks	  



Memory Networks for Reasoning 
 

•  Rather	  than	  placing
	  “agen7on”	  to	  part	  of	  a
	  sentence,	  it	  can	  be	  placed
	  to	  cogni7ve	  space	  with
	  many	  sentences	  

•  This	  allows	  “reasoning”	  
•  Embedding	  input	  

	   𝑚↓𝑖 =𝐴𝑥↓𝑖 	  
	   𝑐↓𝑖 =𝐶𝑥↓𝑖 	  	  

	   	  𝑢=𝐵𝑞	  
•  Agen7on	  over	  memories	  

	   𝑝↓𝑖 = softmax ( 𝑢↑𝑇 𝑚↓𝑖 ) 	  
•  Genera7ng	  the	  final
	  answer	  

	  	  	  𝑜=∑𝑖↑▒𝑝↓𝑖 𝑐↓𝑖  	  	  
	  
𝑎= softmax (𝑊(𝑜+𝑢)) 	  

[Sukhbaatar, Szlm, Weston, Fergus: “End-to-end memory networks,” NIPS, 2015]	  
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[
Kumar, Irsoy, …Socher: “Ask me anything: Dynamic Memory Networks for NLP,” 
NIPS, 2015]	  
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Deep	  Reinforcement	  Learning	  
	  
==	  	  Deep	  Learning	  (for	  represen7ng	  gigan7c	  “state-‐space”)	  	  
	  	  	  	  	  	  +	  Reinforcement	  Learning	  (op7mal	  decision	  making)	  
	  
•  Distant,	  weak	  teacher	  via	  “evalua7ve”	  rewards	  
•  Need	  for	  explora7on	  (not	  for	  supervised	  learning)	  
•  More	  important	  AI	  applica7ons	  to	  come	  (than	  

supervised	  learning)	  
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Reinforcement	  learning	  from	  “non-‐working”	  to	  “working”,	  due	  to	  
Deep	  Learning	  (much	  like	  DNN	  for	  speech)	  



Deep Reinforcement Learning for Games 
--- optimizing long-term values 

Maximize	  
immediate	  
reward	  

Op*mize	  life-‐*me	  revenue,	  
service	  usages,	  and	  	  
customer	  sa*sfac*on	  

Short-‐term	   Long-‐term	  

Playing	  the	  
Breakout	  game	  

Op)mizing	  
Business	  	  
Decision	  
Making	  

Self	  play	  to	  improve	  skills	  



Deep Q-Network (DQN) 

• Input	  layer:	  image	  vector	  of	  𝑠	  
• Output	  layer:	  a	  single	  output	  Q-‐value	  for	  each	  ac7on	  𝑎,	  𝑄(𝑠,𝑎,𝜃)	  
• DNN	  parameters:	  𝜃	  
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DNN architecture used in   
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Analysis of four DNNs in  

DNNs	   Proper)es	   Architecture	   Addi)onal	  details	  

Slow,	  accurate	  stochas7c	  
supervised	  learning	  policy,	  
trained	  on	  30M	  (s,a)	  pairs	  

13	  layer	  network;	  alterna7ng	  
ConvNets	  and	  rec7fier	  non-‐
lineari7es;	  output	  dist.	  over	  
all	  legal	  moves	  

Evalua7on	  7me:	   	  3	  ms	  
Accuracy	  vs.	  corpus:	  	   	  57%	  
Train	  7me:	   	  3	  weeks	  

Fast,	  less	  accurate	  stochas7c	  
SL	  policy,	  trained	  on	  30M	  
(s,a)	  pairs	  

Linear	  so4max	  of	  small	  pagern	  
features	  

Evalua7on	  7me:	   	  2	  us	  
Accuracy	  vs.	  corpus:	  	   	  24%	  

Stochas7c	  RL	  policy,	  trained	  
by	  self-‐play	  

Same	  as	   Win	  vs.	  	  	  	  	  	  	  	  	  : 	  80%	  

Value	  func7on:	  %	  chance	  of	  	  
	  	  	  	  	  	  	  	  winning	  by	  star7ng	  in	  
state	  s	  

Same	  as	  	  	  	  	  	  	  	  ,	  but	  with	  one	  
output	  (%	  chance	  of	  winning)	  

15K	  less	  computa7on	  than	  evalua7ng	  	  
with	  roll-‐outs	  

𝜋↓𝑆𝐿 𝑎 𝑠 	  

𝜋 ↓𝑆𝐿 𝑎 𝑠 	  

𝜋↓𝑅𝐿 𝑎 𝑠 	  

𝑉(𝑠)	  
𝜋↓𝑅𝐿 	  

𝜋↓𝑆𝐿 	  

𝜋↓𝑆𝐿 	  

𝜋↓𝑆𝐿 	  

𝜋↓𝑅𝐿 	  



Monte Carlo Tree Search in  

𝑢(𝑠,𝑎)=𝑐⋅𝜋↓𝑆𝐿 (𝑎|𝑠) √∑𝑏↑▒𝑁(𝑠,𝑏)  /1+𝑁(𝑠,𝑎) 	  

𝑄(𝑠,𝑎)= 𝑄↑′ (𝑠,𝑎)+𝑢(𝑠,𝑎)	  

𝜋(𝑠)= argmax↓𝑎 𝑄(𝑠,𝑎) 	  

#	  of	  7mes	  ac7on	  a	  
taken	  in	  state	  s	  

Value	  func7on	  
computed	  in	  advance	  

Mixture	  weight	  

Win/loss	  result	  of	  1	  
roll-‐out	  with	  	  𝜋 ↓𝑆𝐿 𝑎 𝑠 	  

𝑄↑′ (𝑠,𝑎)= 1/𝑁(𝑠,𝑎) ∑𝑖↑▒[(1−𝜆)𝑉(𝑠↓𝐿↑𝑖 )+𝜆𝑧↓𝐿↑𝑖 ] 	  
	  

Roll-‐out	  	  
es7mate	  

Explora7on	  	  
bonus	  

S	  

S	  

S	   S	  

S	  

a	   a	  

a	   a	  

V(s)	  

s	  

s	  

end	   z	  

•  Think	  of	  this	  MCTS	  component	  as	  a	  highly	  efficient	  “decoder”,	  concept	  familiar	  to	  ASR	  
•  -‐>	  A*	  search	  and	  fast	  match	  in	  speech	  recogni7on	  literature	  in	  80’s-‐90’s	  
•  This	  is	  tree	  search	  (GO-‐specific),	  not	  graph	  search	  (A*)	  
•  Speech	  is	  a	  rela7vely	  simple	  signal	  à	  sequen7al	  beam	  search	  sufficient,	  not	  need	  for	  A*	  or	  tree	  
•  Key	  innova7on	  in	  AlphaGO:	  “scores”	  in	  MCTS	  computed	  by	  DNNs	  with	  RL	  
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What	  is	  wrong	  with	  apps	  and	  web	  models?	  

Conversa)on	  as	  an	  emerging	  paradigm	  for	  
mobile	  UI	  

Bots	  as	  intelligent	  conversa)onal	  interface	  
agents	  

Three	  types	  of	  A.I.	  conversa)onal	  bots	  



Deep	  Reinforcement	  vs.	  Supervised	  
Learning	  

•  Ostensible	  similarity	  to	  structured	  supervised	  learning	  
•  Use	  of	  dynamic	  programming	  (DP)	  by	  both	  
•  DP	  in	  Reinforcement	  Learning:	  Q-‐learning	  for	  credit	  
assignment	  over	  long	  distance	  

•  DP	  for	  Structured	  SL:	  efficient	  alignment	  for	  matching	  
sequence	  targets	  (teachers)	  	  

•  Different	  ways	  of	  DP	  approxima7on	  	  	  	  
•  Need	  for	  explora7on	  or	  otherwise	  
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	  	  	  	  	  	  Deep	  UNsupervised	  Learning	  
	  
	  
-‐  Input-‐output	  samples	  do	  not	  need	  to	  match	  for	  training	  
-‐  Huge	  prac7cal	  benefit:	  No	  cost	  to	  create	  training	  data	  
-‐  Both	  input	  and	  output	  data	  are	  found	  naturally	  
-‐  E.g.	  use	  of	  millions	  of	  hrs	  of	  speech	  for	  speech	  recogni7on	  
-‐  Millions	  of	  hrs	  of	  video	  for	  video	  story	  telling	  
-‐  All	  images	  in	  the	  web	  for	  image	  cap7oning	  	  
-‐  Etc,	  etc.	  	  



“No	  Free	  Lunch”	  for	  Deep	  Unsupervised	  Learning	  	  
	  

•  Intensive	  research	  is	  needed	  -‐-‐-‐	  How	  the	  human	  mind	  works	  
•  Major	  fron7er	  for	  deep	  learning	  and	  AI	  
•  Our	  approach:	  integrate	  diverse	  sources	  of	  world	  knowledge	  and	  applica7on-‐

domain	  knowledge	  into	  a	  single,	  consistent	  framework	  	  
	  
•  To	  effec7vely	  exploit	  and	  integrate	  knowledge	  of:	  

•  Strong	  output	  sta7s7cs	  and	  structure	  (mo7vated	  by	  cryptography	  research)	  
•  Strong	  input	  sta7s7cs	  and	  structure	  	  

–  tradi7onal	  unsupervised	  learning	  
•  Rela7onship/Mapping	  from	  output	  to	  input	  	  

–  genera7ve	  model	  world;	  Bayesian	  learning,	  etc.	  
•  Rela7onship/Mapping	  from	  input	  to	  output	  	  

–  discrimina7ve	  model	  world;	  deep	  neural	  nets	  
•  Rela7onship	  between	  input/output	  from	  another	  domain	  	  

–  transfer	  learning;	  composi7onality	  of	  in	  much	  of	  real	  world	  data	  
•  Distribu7onal	  proper7es	  of	  input	  and	  output	  sequences	  	  

–  smart	  sequence	  predic7on	  exploi7ng	  mo7on/temporal	  cues	  (video,	  word	  embedding)	  
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Exploiting output statistics and 
structure 

(Chen	  et	  al.,	  ArXiv	  2016)	  



Looking into the nature of the difficulty of UL     

(Chen	  et	  al.,	  ArXiv	  2016)	  

•  Much more difficult optimization problem in UL than SU 
•  Huge barrier that prevents from reaching the global 

optimum 
•  Quantum computing comes to rescue? (tunneling effect?) 
 



The	  Future	  of	  AI	  
	  

•  One	  AI	  engine	  that	  solves	  a	  wide	  range	  of	  AI	  problems	  
with	  a	  unified	  first	  principle	  (general	  AI)	  

•  Based	  on	  deep	  unsupervised,	  reinforcement,	  and	  
transfer	  learning	  with	  ligle	  or	  no	  human	  labels	  	  

•  Harmonize	  symbolic	  and	  neural	  representa7ons	  &	  
computa7on	  	  

•  Automa7cally	  acquire,	  create,	  and	  grow	  knowledge	  
through	  interac7ons	  with	  the	  world	  

•  Beger	  than	  human	  intelligence	  in	  many	  ways	  (due	  to	  
much	  stronger	  compu7ng	  power)	  

•  Many	  successful	  applica7ons	  along	  the	  way	  
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Thank	  you!	  
Q/A	  



时间：13:15—13:30 
 
地点：B14，博文视点展位 
 

新书签售活动 


