
Lecture 2

RL by Behavior Cloning



Supervised learning

f(x) = y
<latexit sha1_base64="9jPz2PUf1tuHJS8rFeiZHUtlw/s="></latexit>

apple

x

<latexit sha1_base64="g3vERbzU3kfXibT9Kek4KMf3Qbg=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKQL0FvXhMwDwgWcLspDcZMzu7zMyKIeQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGtzO/9YhK81jem3GCfkQHkoecUWOl+lOvWHLL7hxklXgZKUGGWq/41e3HLI1QGiao1h3PTYw/ocpwJnBa6KYaE8pGdIAdSyWNUPuT+aFTcmaVPgljZUsaMld/T0xopPU4CmxnRM1QL3sz8T+vk5rwyp9wmaQGJVssClNBTExmX5M+V8iMGFtCmeL2VsKGVFFmbDYFG4K3/PIqaV6UvUr5ul4pVW+yOPJwAqdwDh5cQhXuoAYNYIDwDK/w5jw4L86787FozTnZzDH8gfP5A+oZjQg=</latexit>

y

<latexit sha1_base64="t5lWBlxnhPc8vatgOCKMO4kpbDU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmpN+ueJW3TnIKvFyUoEcjX75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88jMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14l7YuqV6teN2uV+k0eRxFO4BTOwYNLqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AOudjQk=</latexit>

Instance Label 

function model

Learn a model to fit the data



Supervised learning

f(x) = y
<latexit sha1_base64="9jPz2PUf1tuHJS8rFeiZHUtlw/s="></latexit>

function model

Learn a model to fit the data

✓⇤ = argmin
✓

X

i

kf(xi|✓)� yik+ k✓k
<latexit sha1_base64="W/ccPwejLH1WMVt6ol7zYbMwnVI="></latexit>

Find the model parameters:

training data distribution test data distribution

😊 😭







Imitation learning

Expert/teacher provide demonstrations

https://www.youtube.com/watch?v=ydnjS__8Ooc

agent learns from demonstrations to imitate the expert

s0 ! a1 ! s1 ! a2 ! s2 ! · · · ! am ! sm

<latexit sha1_base64="75i1TxmHLtYIlk7lixuYR+m3v60="></latexit>



Copy actions: behavior cloning

demonstration data

split into labeled data

s0 ! a1 ! s1 ! a2 ! s2 ! · · · ! am ! sm

<latexit sha1_base64="75i1TxmHLtYIlk7lixuYR+m3v60="></latexit>

D =

s0 ! a1

s1 ! a2

· · ·
sm�1 ! am

<latexit sha1_base64="fDCJ0ZEKJf4muQMgcjJgriySTBY="></latexit>

learning objective

✓⇤ = argmin
✓

Es,a⇠D loss(⇡(s|✓), a)

<latexit sha1_base64="IKtskiTQXsTLE+IVmTnmUer9T5Q="></latexit>



Behavior cloning examples

D =

s0 ! a1

s1 ! a2

· · ·
sm�1 ! am

<latexit sha1_base64="fDCJ0ZEKJf4muQMgcjJgriySTBY="></latexit>

improvement in prepare the labeled data: 
remove highly correlated data

quickly learn a rough policy, no trial-and-error cost

but with limited power

used human player data to initialize the policy in 
AlphaGo and AlphaStar



Behavior cloning examples

https://www.youtube.com/watch?v=H0igiP6Hg1k

ALVINN Self-driving car



Behavior cloning examples

ALVINN Self-driving car

https://www.youtube.com/watch?v=H0igiP6Hg1k



Behavior cloning examples



Behavior cloning limitation

[S. Levine, CS-294-112-2]

Compounding error:  

Supervised learning objective Reinforcement learning objective

argmin
✓

Ex⇠D loss(f✓(x), y(x))
<latexit sha1_base64="1xDDF2NgKSjn1X59ZKKFTSSDkb4="></latexit>

argmin
✓

Es⇠D⇡✓ cost(s,⇡✓(s))

<latexit sha1_base64="wdHWYyhOVm9ln183OTUwu6BkZcQ="></latexit>

e.g. cost = -reward



Demo from http://videolectures.net/aistats2011_ross_reduction/



Behavior cloning limitation - formally

Consider T-step reinforcement learning with bounded reward [0,1]

s0 ! a⇤1 ! s1 ! a⇤2 ! s2 ! · · · ! a⇤T ! sT

<latexit sha1_base64="RgeCHJdqJHRvrdziStPX1byMhtA="></latexit>

We have data from the optimal policy

We apply BC(SL) to imitate the policy with a small classification error

Es,a⇤ [⇡(s) 6= a⇤]  ✏

<latexit sha1_base64="dKZt3WKXywHuA9XfzoxRn//t2Zo="></latexit>

Then the BC policy has a return as

[John Langford and Bianca Zadrozny Reducing T-step Reinforcement Learning to Classification.]

<latexit sha1_base64="qX5zj5GuwGhzru1SZW6jdv88cNA="></latexit>

J(✓) = Es,a,r⇠⇡✓ [
TX

t=1

rt]

<latexit sha1_base64="DweoiEdBq7DunNQZgDfu/29Hu4w="></latexit>

J(⇡BC) � J(⇡⇤)� T 2 + T

2
✏



Proof idea

s0 ! a⇤1 ! s1 ! a⇤2 ! s2 ! · · · ! a⇤T ! sT

<latexit sha1_base64="RgeCHJdqJHRvrdziStPX1byMhtA="></latexit>

reward loss at step 1

✏

<latexit sha1_base64="HlQaIr8OvtcmyGwQ9Tt+I69jX8M="></latexit>

J(⇡BC)

<latexit sha1_base64="sLglKOiph2XN21eKL0PjfbSCMkM="></latexit>

0

reward loss at step 2
<latexit sha1_base64="MW1JcUF3HNnD1Miz6N2WX24nqz4="></latexit>

< (T � 1)✏

reward loss at step t

[John Langford and Bianca Zadrozny Reducing T-step Reinforcement Learning to Classification.]

✏

<latexit sha1_base64="HlQaIr8OvtcmyGwQ9Tt+I69jX8M="></latexit>

0

total loss (union bound)

<latexit sha1_base64="yVUULoYrRj4facyUXLuhadRZYcw="></latexit>

< T ✏

<latexit sha1_base64="eD/q6zq+xQ/rYd+rR26/BPlKGUc="></latexit>

< (T � t)✏

<latexit sha1_base64="LKKUBwF0ZuSYpXHXy2K22K4rpTU="></latexit>

<
T 2 + T

2
✏



Consider cumulative error

s0 ! a⇤1 ! s1 ! a⇤2 ! s2 ! · · · ! a⇤T ! sT

<latexit sha1_base64="RgeCHJdqJHRvrdziStPX1byMhtA="></latexit>

reward at step 1

✏

<latexit sha1_base64="HlQaIr8OvtcmyGwQ9Tt+I69jX8M="></latexit>

J(⇡BC)

<latexit sha1_base64="sLglKOiph2XN21eKL0PjfbSCMkM="></latexit>

0
✏

<latexit sha1_base64="HlQaIr8OvtcmyGwQ9Tt+I69jX8M="></latexit>

0

<latexit sha1_base64="45iftsIv9eHPw8/OZfoaUufpVYw=">AAACBHicbVC7SgNBFJ2NrxhfUUubwSDEwrArAS2DNpYRjAlklzA7mU2GzIuZWSEsKf0FW+0txdb/sPVLnCRbmMQDFw7n3Mu5nFgxaqzvf3uFtfWNza3idmlnd2//oHx49GhkqjFpYcmk7sTIEEYFaVlqGekoTRCPGWnHo9up334i2lApHuxYkYijgaAJxcg6KawGFyFRhjIpznvlil/zZ4CrJMhJBeRo9so/YV/ilBNhMUPGdANf2ShD2lLMyKQUpoYohEdoQLqOCsSJibLZzxN45pQ+TKR2IyycqX8vMsSNGfPYbXJkh2bZm4r/ed3UJtdRRoVKLRF4HpSkDFoJpwXAPtUEWzZ2BGFN3a8QD5FG2LqaFlJiPim5UoLlClZJ+7IW1GtBcF+vNG7yforgBJyCKgjAFWiAO9AELYCBAi/gFbx5z9679+F9zlcLXn5zDBbgff0C+leX1g==</latexit>

(1� ✏)
<latexit sha1_base64="45iftsIv9eHPw8/OZfoaUufpVYw=">AAACBHicbVC7SgNBFJ2NrxhfUUubwSDEwrArAS2DNpYRjAlklzA7mU2GzIuZWSEsKf0FW+0txdb/sPVLnCRbmMQDFw7n3Mu5nFgxaqzvf3uFtfWNza3idmlnd2//oHx49GhkqjFpYcmk7sTIEEYFaVlqGekoTRCPGWnHo9up334i2lApHuxYkYijgaAJxcg6KawGFyFRhjIpznvlil/zZ4CrJMhJBeRo9so/YV/ilBNhMUPGdANf2ShD2lLMyKQUpoYohEdoQLqOCsSJibLZzxN45pQ+TKR2IyycqX8vMsSNGfPYbXJkh2bZm4r/ed3UJtdRRoVKLRF4HpSkDFoJpwXAPtUEWzZ2BGFN3a8QD5FG2LqaFlJiPim5UoLlClZJ+7IW1GtBcF+vNG7yforgBJyCKgjAFWiAO9AELYCBAi/gFbx5z9679+F9zlcLXn5zDBbgff0C+leX1g==</latexit>

(1� ✏)

<latexit sha1_base64="WGh/I77TXUtSsR88Ia4WuJ0Ss3M="></latexit>

r(s0, aBC) � r(s0, a
⇤)� ✏ · 1

cumulative reward at step 2
<latexit sha1_base64="40yZ2vFVqhFhIYPuu3ypv+nVTHc="></latexit>

rBC
0 (1� ✏) + rBC

1 � (1� ✏)(r⇤0 � ✏) + (r⇤1 � ✏)

<latexit sha1_base64="o1lbcCOaknpinXXdThIQypSx6Tg=">AAACGXicbVA9SwNBEN2LXzF+RS0tXAyCCIY7CWgZTGMZwZhA7gx7m7lkyd7eubsnhCOlf8K/YKu9pdha2fpL3EtSmMQHA2/fm2F2nh9zprRtf1u5peWV1bX8emFjc2t7p7i7d6eiRFJo0IhHsuUTBZwJaGimObRiCST0OTT9QS3zm48gFYvErR7G4IWkJ1jAKNFG6hQPZce+T69qI+z24AFnr1N8hl2IFeORwJ1iyS7bY+BF4kxJCU1R7xR/3G5EkxCEppwo1XbsWHspkZpRDqOCmyiICR2QHrQNFSQE5aXjQ0b42ChdHETSlNB4rP6dSEmo1DD0TWdIdF/Ne5n4n9dOdHDppUzEiQZBJ4uChGMd4SwV3GUSqOZDQwiVzPwV0z6RhGqT3cwWPxwVTCjOfASLpHlediplx7mplKqVaT55dICO0Aly0AWqomtURw1E0RN6Qa/ozXq23q0P63PSmrOmM/toBtbXL2LZntM=</latexit>

rBC
0 � r⇤0 � ✏

cumulative reward at step T
<latexit sha1_base64="tYVZDJWPpqRFhnXkQZzJAyj2v9Y="></latexit>

J(⇡BC) �
TX

i=1

(1� ✏)i�1(r⇤T�i � ✏)

[Stéphane Ross, Drew Bagnell: Efficient Reductions for Imitation Learning. In: AISTATS 2010, 661-668.]



Consider cumulative reward (return)

[Stéphane Ross, Drew Bagnell: Efficient Reductions for Imitation Learning. In: AISTATS 2010, 661-668.]

<latexit sha1_base64="w7+QQAeEyfZ6AoLvBLBfI3rwQVA="></latexit>

J(⇡⇤) =
TX

i=1

r⇤T�i =
TX

i=1

(1� ✏)i�1r⇤T�i +
TX

i=1

⇣
1� (1� ✏)i�1

⌘
r⇤T�i

<latexit sha1_base64="b98PDAvDSra0EsN12zGzZr4lezc=">AAACoHicjVHRShtBFJ3d2pqmtsb2sS/ThkIsJOxIQGkVRB+UvlQhaaTZZJmd3CSDM7PrzKwQhv2d/pOvfomTGMRoob0wcDjnnnuHc9NccGOj6CYIX6y9fLVeeV19s/H23WZt6/0vkxWaQZdlItMXKTUguIKu5VbARa6BylRAL708nuu9a9CGZ6pjZzkMJJ0oPuaMWk8ltT8/GnHOE3d0XG7jeAJXGMemkInjB6Qcuk6JG6QZQ264yNT20PEm8ZROXKfJy+FX3MQPIj74D+uK85/ dD8OTWj1qRYvCzwFZgjpa1llSu41HGSskKMsENaZPotwOHNWWMwFlNS4M5JRd0gn0PVRUghm4RZ4l/uKZER5n2j9l8YJ97HBUGjOTqe+U1E7NU21O/k3rF3a8N3Bc5YUFxe4XjQuBbYbnx8EjroFZMfOAMs39XzGbUk2Z9Sdc2ZLKsupDIU8jeA56Oy3SbhFy3q4fflvmU0Ef0WfUQATtokN0is5QF7FgI9gJvgf74afwJPwZnt+3hsHS8wGtVPj7DpWzyVc=</latexit>

J(⇡BC) �
TX

i=1

(1� ✏)i�1(r⇤T�i � ✏) =
TX

i=1

(1� ✏)i�1r⇤T�i �
TX

i=1

(1� ✏)i�1✏

<latexit sha1_base64="nVA80/C/O0RdaZ+QkqND8C3rB2s=">AAACe3icbVFBSyMxGM3Murtade3ugh72EixCW7ZlsijKwoLoRfbkQmuFTjtk0q81mGRmk4xQwhz8mV734p/wYForqN1HAo/3vscXXtJccGOj6C4I3628//Bxda2yvrH5aav6+cuFyQrNoMsykenLlBoQXEHXcivgMtdAZSqgl16fzvzeDWjDM9Wx0xwGkk4UH3NGrZeS6u3vepzzxJ2clg0cT+AvngvDZgO3cGwKmTj+i5RD1ylxfMInddLyJ4bccJGpxtDxFilnRgPrYTNxnRY vl5PLEYyfhaRai9rRHHiZkAWpoQXOk+q/eJSxQoKyTFBj+iTK7cBRbTkTUFbiwkBO2TWdQN9TRSWYgZtXVeI9r4zwONP+Kovn6suEo9KYqUz9pKT2yrz1ZuL/vH5hx0cDx1VeWFDsadG4ENhmeNY7HnENzIqpJ5Rp7t+K2RXVlFn/O6+2pLKs+FLI2wqWSe9Hm+y3CfmzXzv+uehnFX1Du6iOCDpEx+gMnaMuYug+2Ay2g53gIdwNm+H3p9EwWGS+olcIDx4Bcby8XA==</latexit>

J(⇡BC) � J(⇡⇤)�
TX

i=1

⇣
1� (1� ✏)i�1

⌘
r⇤T�i �

TX

i=1

(1� ✏)i�1✏

<latexit sha1_base64="SuKR4V1P8b1Xj1JNAYczKHzrROo=">AAACIXicbZDLTgIxFIY7XhFvqEs3jcQIC8jUkGhckbhxiQkICSDplAM0dDpj2zEhEx7Bl/AV3OrepXFn3PkklotGwJM0+fL/5+Sc/l4ouDau++EsLa+srq0nNpKbW9s7u6m9/RsdRIpBhQUiUDWPahBcQsVwI6AWKqC+J6Dq9S9HfvUelOaBLJtBCE2fdiXvcEaNlVqpE5LLkFwDQs1FILO3cTlHhrgh4A5nLGZ/nFYq7ebdceFfIPOQRtMqtVJfjXbAIh+kYYJqXSduaJoxVYYzAcNkI9IQUtanXahblNQH3YzHHxriY6u0cSdQ9kmDx+rfiZj6Wg98z3b61PT0vDcS//PqkemcN2Muw8iAZJNFnUhgE+BROrjNFTAjBhYoU9zeilmPKsqMzXBmi+cPkzaUhQgWoXqaJ4U8IdeFdPFimk8CHaIjlEEEnaEiukIlVEEMPaAn9IxenEfn1Xlz3ietS8505gDNlPP5DdMYoas=</latexit>

1� (1� ✏)T�1  (T � 1)✏
<latexit sha1_base64="PM1bVNwDshZC8uFNuEDrScNdbv8="></latexit>

� J(⇡⇤)�
TX

i=1

(T � 1)✏�
TX

i=1

✏ = J(⇡⇤)� T 2✏

(compounding error)



Worst case

<latexit sha1_base64="9EXx2+9/9dVwqCpK7sajiYGbdqM="></latexit>s0
<latexit sha1_base64="o4x8G6q5in966X0WYfWcHbZepvE="></latexit>s1

<latexit sha1_base64="ExO4PDKyL210txxouUNQJmKhw1s="></latexit>

s01
<latexit sha1_base64="rbBwpqJrgDdVP5yau7s0Pb//2ZE="></latexit>

s00

<latexit sha1_base64="j0hJgxzXub7F7A3WH4P7ayEh/6M="></latexit>sT

<latexit sha1_base64="b6u6eMLFIrMK9t0M+jOZSBmqC+E="></latexit>

s0T

…

<latexit sha1_base64="OrQMNlrnBWn6k0kod+jM+3SlzJU="></latexit>

a1/a2|0

<latexit sha1_base64="v8Xc/SDJV3pjQCR+KK9LkGaLV68="></latexit>

a1|1

<latexit sha1_base64="aXIhWutyKm0ninFSynHrPFHC+kQ="></latexit>

a2|0

<latexit sha1_base64="sBlR/sRWZXhSAt1p7WbRwmn412E="></latexit>

r1 = 1� ✏

r1 + r2 = 2� ✏� (1� ✏)✏

. . .

TX

t=1

rt =
TX

t=1

1� (1� ✏)t�1✏ 
TX

t=1

T ✏ = T 2✏



Can we reduce the compounding error?

[Stéphane Ross, Geoffrey J. Gordon, Drew Bagnell: A Reduction of Imitation Learning and Structured 
Prediction to No-Regret Online Learning. In: AISTATS 2011, 627-635]

<latexit sha1_base64="sjzb1/n3KUD57c2Erun/GSNquMg="></latexit>

8a, s, t : Q⇡⇤
(s, a)�Q⇡⇤

(s, a⇤)  u

<latexit sha1_base64="48QtIxHwHT9k0fSL9Eyq5q1Z0FM=">AAACInicbVDLSgMxFM3UV62vqks3wSK0gmVGCoqrYjfiqkJrC51aMultG5p5mGSEMswv+BP+glvduxRXgiu/xMy0C1s9EDiccy735jgBZ1KZ5qeRWVpeWV3Lruc2Nre2d/K7e7fSDwWFJvW5L9oOkcCZB03FFId2IIC4DoeWM64lfusBhGS+11CTALouGXpswChRWurli9dFO2C96LIWl7A9hHucCnfHJXyCwwbGNgSS8SRaMMtmCvyXWDNSQDPUe/lvu+/T0AVPUU6k7FhmoLoREYpRDnHODiUEhI7JEDqaesQF2Y3SH8X4SCt9PPCFfp7Cqfp7IiKulBPX0UmXqJFc9BLxP68TqsF5N2JeECrw6HTRIORY+TipB/eZAKr4RBNCBdO3YjoiglClS5zb4rhxTpdiLVbwl7ROy1albFk3lUL1YtZPFh2gQ1REFjpDVXSF6qiJKHpEz+gFvRpPxpvxbnxMoxljNrOP5mB8/QAQdaG7</latexit>

J(⇡BC) � J(⇡⇤)� uT ✏

given

(proof in the reference)

(Q will be explained in later lectures, for 
now we can treat it as the policy)

to reduce u, one way is to enlarge the training data



Enlarge the data by experts

Simple imitation learning

data

(s, a)

(s, a)

(s, a)


...

environment

s

a

Iteratively collecting more data

data

(s, ?)

(s, ?)

(s, ?)


...

environment

s

adata

(s, a)

(s, a)

(s, a)


...

environment

s

a



Dagger

[Stéphane Ross, Geoffrey J. Gordon, Drew Bagnell: A Reduction of Imitation Learning and Structured 
Prediction to No-Regret Online Learning. In: AISTATS 2011, 627-635]

<latexit sha1_base64="SYV84FZE/vhvuj+Ye25aAHJ0xj0=">AAACDHicbVC7SgNBFJ31GeNrjaXNYCJYhd0gahmwsYxgTCBZltnJ3WTIzOwyMyuGkE/wF2y1txRb/8HWL3GSbGESD1w4nHMv53KilDNtPO/bWVvf2NzaLuwUd/f2Dw7do9KDTjJFoUkTnqh2RDRwJqFpmOHQThUQEXFoRcObqd96BKVZIu/NKIVAkL5kMaPEWCl0S5VuBIaErIIpkTgC7IVu2at6M+BV4uekjHI0Qven20toJkAayonWHd9LTTAmyjDKYVLsZhpSQoekDx1LJRGgg/Hs9wk+s0oPx4myIw2eqX8vxkRoPRKR3RTEDPSyNxX/8zqZia+DMZNpZkDSeVCccWwSPC0C95gCavjIEkIVs79iOiCKUGPrWkiJxKRoS/GXK1glrVrVv6j6/l2tXL/M+ymgE3SKzpGPrlAd3aIGaiKKntALekVvzrPz7nw4n/PVNSe/OUYLcL5+Ad9jmcE=</latexit>

�i can be 0

<latexit sha1_base64="GNiLJEbq8gBs0ntdFjkK1zl7PSU=">AAACD3icbVDLSgNBEJyNrxhfq+LJy2AiiIewG0Q9Brx4jGBMIFnD7KQ3GTL7YKZXDEv+wV/wqneP4tVP8OqXOHkcTLSgoajqppryEyk0Os6XlVtaXlldy68XNja3tnfs3b07HaeKQ53HMlZNn2mQIoI6CpTQTBSw0JfQ8AdXY7/xAEqLOLrFYQJeyHqRCARnaKSOfVBqJ+L+tESFptgHCo8JKOzYRafsTED/EndGimSGWsf+bndjnoYQIZdM65brJOhlTKHgEkaFdqohYXzAetAyNGIhaC+bvD+ix0bp0iBWZiKkE/X3RcZCrYehbzZDhn296I3F/7xWisGll4koSREiPg0KUkkxpuMuaFco4CiHhjCuhPmV8j5TjKNpbC7FD0cFU4q7WMFf0qiU3bOy695UitXzWT95ckiOyAlxyQWpkmtSI3XCSUaeyQt5tZ6sN+vd+piu5qzZzT6Zg/X5A8u9m2g=</latexit>

⇡⇤ is the expert

data

(s, ?)

(s, ?)

(s, ?)


...

environment

s

adata

(s, a)

(s, a)

(s, a)


...

environment

s

a

<latexit sha1_base64="BIKYmm0Oq8iQT2ZCsL8pjfUGMoI="></latexit>

1

N

NX

i=1

�i ! 0 as N ! 1



Demo from http://videolectures.net/aistats2011_ross_reduction/



Dagger

[Stéphane Ross, Geoffrey J. Gordon, Drew Bagnell: A Reduction of Imitation Learning and Structured 
Prediction to No-Regret Online Learning. In: AISTATS 2011, 627-635]

<latexit sha1_base64="kVQjYe+Xg5sK8WiDXd/upqCqHtE=">AAACFXicbVC7TsMwFHV4lvIKMHaxaJEYUBVXCFiKKrEwFonSSm0UOa7TWrWTyHaQqigDP8EvsMLOiFiZWfkS3DYDbTnSlY7PuVfX9/gxZ0o7zre1srq2vrFZ2Cpu7+zu7dsHhw8qSiShLRLxSHZ8rChnIW1ppjntxJJi4XPa9kc3E7/9SKViUXivxzF1BR6ELGAEayN5dqnS86nGnlNHlTOYP9JrJ6s7Fc8uO1VnCrhMUE7KIEfTs396/YgkgoaacKxUFzmxdlMsNSOcZsVeomiMyQgPaNfQEAuq3HR6RAZPjNKHQSRNhRpO1b8TKRZKjYVvOgXWQ7XoTcT/vG6igys3ZWGcaBqS2aIg4VBHcJII7DNJieZjQzCRzPwVkiGWmGiT29wWX2RFEwpajGCZtGtVdF5F6K5Wblzk+RRACRyDU4DAJWiAW9AELUDAE3gBr+DNerberQ/rc9a6YuUzR2AO1tcvN4qchQ==</latexit>

�0 = 1, �>0 = 0

<latexit sha1_base64="DJxsDruTCfIy/h/i4XeB69ixJ2s=">AAACEnicbVA9SwNBEN2LXzF+RW0Em8VEsAp3QdRGCNhYRjAmkISwt5kkS/b2jt05IRzxT/gXbLW3FFv/gK2/xE1yhUl8MPB4b4aZeX4khUHX/XYyK6tr6xvZzdzW9s7uXn7/4MGEseZQ46EMdcNnBqRQUEOBEhqRBhb4Eur+8Gbi1x9BGxGqexxF0A5YX4me4Ayt1MkfFVs+IOuI6yL1wSDloTLIFHbyBbfkTkGXiZeSAklR7eR/Wt2QxwEo5JIZ0/TcCNsJ0yi4hHGuFRuIGB+yPjQtVSwA006mH4zpqVW6tBdqW2pyhFX/TiQsMGYU+LYzYDgwi95E/M9rxti7aidCRTGC4rNFvVhSDOkkDtoVGjjKkSWMa2FvpXzANONoQ5vb4gfjnA3FW4xgmdTLJe+85Hl35ULlIs0nS47JCTkjHrkkFXJLqqRGOHkiL+SVvDnPzrvz4XzOWjNOOnNI5uB8/QK7950J</latexit>

�i = best constant

<latexit sha1_base64="dnMYCP91epTYI8aUMGfcyumrtGU=">AAACBXicbVC7SgNBFJ2NrxhfUUubwUSwWnaD+CiEgI1lBGMCyRJmJ7PJkJnZdeauEEJaf8FWe0ux9Tts/RInyRYm8cCFwzn3ci4nTAQ34HnfTm5ldW19I79Z2Nre2d0r7h88mDjVlNVpLGLdDIlhgitWBw6CNRPNiAwFa4SDm4nfeGLa8FjdwzBhgSQ9xSNOCVgpKLdDBqTDrz33qtwpljzXmwIvEz8jJZSh1in+tLsxTSVTQAUxpuV7CQQjooFTwcaFdmpYQuiA9FjLUkUkM8Fo+vQYn1ili6NY21GAp+rfixGRxgxlaDclgb5Z9Cbif14rhegyGHGVpMAUnQVFqcAQ40kDuMs1oyCGlhCquf0V0z7RhILtaS4llOOCLcVfrGCZNCquf+b6/l2lVD3P+smjI3SMTpGPLlAV3aIaqiOKHtELekVvzrPz7nw4n7PVnJPdHKI5OF+/4AiXqQ==</latexit>

�i = 0.9



More issues to think

What if the expert is not optimal?

What if the expert is stochastic?

[from CMU 10-403]

What if the partial observation?


