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Double Sampling problem

Numerical experiments
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Borrow From the Future Algorithm 



• State space:  

• Action space:  

• Transition matrix: 

• Immediate reward:  

Markov Decision Process (MDP) 

S ⇢ Rds is a compact set

Pa(s, s
0) = Pr(sm+1 = s0|sm = s, am = a)

A discrete time stochastic process modeling decision making

   
MDP

⇡(s)• Policy:           specifies the action at state s. 

S

s0
<latexit sha1_base64="yJM4Ai0EJPdL7iSoxZdGVSDE2fo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vklat6l1Ua/eXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAD3I2e</latexit>

a0
<latexit sha1_base64="omD/TTvohGLaaTM8CFZbjb3sEns=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtuv1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vklat6l1Ua/eXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDoYY2M</latexit>

s1, r1
<latexit sha1_base64="VeZBHbrODpJpeNIUmxC594dLF4c=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBg5SkCnosevFYwX5AG8Jmu2mXbjZhdyKU0h/hxYMiXv093vw3btsctPXBwOO9GWbmhakUBl332ymsrW9sbhW3Szu7e/sH5cOjlkkyzXiTJTLRnZAaLoXiTRQoeSfVnMah5O1wdDfz209cG5GoRxyn3I/pQIlIMIpWapvAu9CBF5QrbtWdg6wSLycVyNEIyl+9fsKymCtkkhrT9dwU/QnVKJjk01IvMzylbEQHvGupojE3/mR+7pScWaVPokTbUkjm6u+JCY2NGceh7YwpDs2yNxP/87oZRjf+RKg0Q67YYlGUSYIJmf1O+kJzhnJsCWVa2FsJG1JNGdqESjYEb/nlVdKqVb3Lau3hqlK/zeMowgmcwjl4cA11uIcGNIHBCJ7hFd6c1Hlx3p2PRWvByWeO4Q+czx9otY71</latexit>

a1<latexit sha1_base64="gL1urYwrwJdcnj6f9AChK1CNg4M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0QPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vklat6l1Ua/eXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwDp5Y2N</latexit>

· · ·

s2 , r2<latexit sha1_base64="s8Bw9fvxgbJQnT72d5BIC+q3LF4=">AAAB7nicbVBNS8NAEJ2tX7V+VT16WSyCBylJFPRY9OKxgv2ANoTNdtMu3WzC7kYooT/CiwdFvPp7vPlv3LY5aOuDgcd7M8zMC1PBtXGcb1RaW9/Y3CpvV3Z29/YPqodHbZ1kirIWTUSiuiHRTHDJWoYbwbqpYiQOBeuE47uZ33liSvNEPppJyvyYDCWPOCXGSh0deBcq8IJqzak7c+BV4hakBgWaQfWrP0hoFjNpqCBa91wnNX5OlOFUsGmln2mWEjomQ9azVJKYaT+fnzvFZ1YZ4ChRtqTBc/X3RE5irSdxaDtjYkZ62ZuJ/3m9zEQ3fs5lmhkm6WJRlAlsEjz7HQ+4YtSIiSWEKm5vxXREFKHGJlSxIbjLL6+Stld3L+vew1WtcVvEUYYTOIVzcOEaGnAPTWgBhTE8wyu8oRS9oHf0sWgtoWLmGP4Aff4Aa8GO9w==</latexit>

  
Given a policy, MDP generates a trajectory                            . {(st, at, rt)}t�0
<latexit sha1_base64="95LZhRiJPxKrcip/VJ5jTDvbrkY=">AAACBnicbVDLSsNAFJ3UV62vqEsRBluhgpSkLnRZdOOygn1AE8JkOmmHTh7O3AgldOXGX3HjQhG3foM7/8Zpm4VWD1w4nHMv997jJ4IrsKwvo7C0vLK6VlwvbWxube+Yu3ttFaeSshaNRSy7PlFM8Ii1gINg3UQyEvqCdfzR1dTv3DOpeBzdwjhhbkgGEQ84JaAlzzysOFlVeXBKdEkPTpyJl4EzYHfYmlQ8s2zVrBnwX2LnpIxyND3z0+nHNA1ZBFQQpXq2lYCbEQmcCjYpOaliCaEjMmA9TSMSMuVmszcm+FgrfRzEUlcEeKb+nMhIqNQ49HVnSGCoFr2p+J/XSyG4cDMeJSmwiM4XBanAEONpJrjPJaMgxpoQKrm+FdMhkYSCTq6kQ7AXX/5L2vWafVar39TLjcs8jiI6QEeoimx0jhroGjVRC1H0gJ7QC3o1Ho1n4814n7cWjHxmH/2C8fENitCX4w==</latexit>

<latexit sha1_base64="5rGfSMlA//l7s3JqC4qaJCC2XUI="></latexit>

a 2 A

r(s, a)
<latexit sha1_base64="TWdKaj+vZTN620E0DY7jqh8/ac8=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahgpTdVtBj0YvHCvYD2qVk02wbm02WJCuUpf/BiwdFvPp/vPlvTNs9aOuDgcd7M8zMC2LOtHHdbye3tr6xuZXfLuzs7u0fFA+PWlomitAmkVyqToA15UzQpmGG006sKI4CTtvB+Hbmt5+o0kyKBzOJqR/hoWAhI9hYqaXK+gKf94slt+LOgVaJl5ESZGj0i1+9gSRJRIUhHGvd9dzY+ClWhhFOp4VeommMyRgPaddSgSOq/XR+7RSdWWWAQqlsCYPm6u+JFEdaT6LAdkbYjPSyNxP/87qJCa/9lIk4MVSQxaIw4chINHsdDZiixPCJJZgoZm9FZIQVJsYGVLAheMsvr5JWteLVKtX7y1L9JosjDydwCmXw4ArqcAcNaAKBR3iGV3hzpPPivDsfi9ack80cwx84nz+a1I59</latexit>



  

 

Start at s with action a

 

given a policy

 

discount factor                2 (0, 1)
<latexit sha1_base64="t7obWFjGwPoLVObdE0N7yAAVS2A=">AAAB83icbVBNS8NAEJ3Ur1o/WvXoZbEVKkhJ6kGPRS8eK9gPaELZbDft0s0m7G6EEvo3vHhQxKt/xpv/xk2bg7Y+GHi8N8PMPD/mTGnb/rYKG5tb2zvF3dLe/sFhuXJ03FVRIgntkIhHsu9jRTkTtKOZ5rQfS4pDn9OeP73L/N4TlYpF4lHPYuqFeCxYwAjWRnJrLhOobl86F7XSsFK1G/YCaJ04OalCjvaw8uWOIpKEVGjCsVIDx461l2KpGeF0XnITRWNMpnhMB4YKHFLlpYub5+jcKCMURNKU0Gih/p5IcajULPRNZ4j1RK16mfifN0h0cOOlTMSJpoIsFwUJRzpCWQBoxCQlms8MwUQycysiEywx0SamLARn9eV10m02nKtG86FZbd3mcRThFM6gDg5cQwvuoQ0dIBDDM7zCm5VYL9a79bFsLVj5zAn8gfX5A6bWj3c=</latexit>

• State-action value function             :
⇡

<latexit sha1_base64="MMfoOZUbGzRkaB76umvTEWj+CN8=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00Et4v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vklat6l1Ua/eXlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBRC43R</latexit>The expected discounted cumulative reward starting from state    and action    if policy    is applied.s
<latexit sha1_base64="8r6dWOvdyfgmPOHEanDSQrmgcis=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlpu6XK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSrlW9i2qteVmp3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MH3/OM+w==</latexit>

a
<latexit sha1_base64="wqZLPcGml9Og5FDdUdFUNWEF4FE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlJu2XK27VnYOsEi8nFcjR6Je/eoOYpRFKwwTVuuu5ifEzqgxnAqelXqoxoWxMh9i1VNIItZ/ND52SM6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJrP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbEo2BG/55VXSrlW9i2qteVmp3+RxFOEETuEcPLiCOtxBA1rAAOEZXuHNeXRenHfnY9FacPKZY/gD5/MHxKuM6Q==</latexit>

Q⇡(s, a)
<latexit sha1_base64="w4W/MVf7Mf0hl1WEXemh6KqsnoE=">AAAB8XicbVBNSwMxEJ31s9avqkcvwSJUkLJbBT0WvXhswX5gu5Zsmm1Dk+ySZIWy9F948aCIV/+NN/+NabsHbX0w8Hhvhpl5QcyZNq777aysrq1vbOa28ts7u3v7hYPDpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Hbqt56o0iyS92YcU1/ggWQhI9hY6aH+2I1ZSZ/js16h6JbdGdAy8TJShAy1XuGr249IIqg0hGOtO54bGz/FyjDC6STfTTSNMRnhAe1YKrGg2k9nF0/QqVX6KIyULWnQTP09kWKh9VgEtlNgM9SL3lT8z+skJrz2UybjxFBJ5ovChCMToen7qM8UJYaPLcFEMXsrIkOsMDE2pLwNwVt8eZk0K2XvolypXxarN1kcOTiGEyiBB1dQhTuoQQMISHiGV3hztPPivDsf89YVJ5s5gj9wPn8Aak2QFw==</latexit>

Q⇡(s, a) = E
⇥
r(s0, s1) + �r(s1, s2) + · · ·+ �tr(st, st+1) + · · ·|(s0, a0) = (s, a)

⇤
.

<latexit sha1_base64="nJ1N7TzDO/T/i+uOkF7xaDEPY1o="></latexit>

Value function and Bellman operator

Goal of Reinforcement Learning: find the best policy that maximizes the return
<latexit sha1_base64="pJMnzvArT0vaFHgClrRDTYsHa+c="></latexit>

Q⇤(s, a) = max
⇡

Q⇡(s, a)

   

The state-action value function under the optimal policy satisfies the optimal Bellman equation:

T⇤Q(s, a) = R(s) + �E[max
a0

Q(s1, a
0)|(s0, a0) = (s, a)]

<latexit sha1_base64="q0H4iOcHL2UPHdyKIs5pKy4KOio="></latexit>

<latexit sha1_base64="w7yyi22HmyN7rk+K7OBiGzXwb5A="></latexit>

Q⇤ = T⇤Q⇤ is the fixed point of
<latexit sha1_base64="sOkiXEsp51Atvy4vFlkb6eNsJkM="></latexit>

Q⇤ <latexit sha1_base64="5zhRCSDvURy9WQpqowfsr7CE+Hk="></latexit>

T⇤



    


However, • When the state space is large, computational cost is large.

• When the discount factor close to 1, the convergence rate is slow.

However, There is double sampling problem in this formulation. 

• The expressive of nonlinear functions, such as DNN 
• Less computational cost for continuous state space 
• More stable than variants of Q-learning methods

Iterative methods, such as Q learning, DQN are all based on the contractive property of the Bellman operator.

Fixed point problem Optimization problemAnother approach: 

No longer 
contractive

  Based on the contractive property of the Bellman operator     :     
<latexit sha1_base64="QB9aAmcht8Flm3eV6n1OcnRuk8I="></latexit>

T⇤

<latexit sha1_base64="1K3GqxG3mAHay73TMFdVCf/jvUc="></latexit>

Qk+1 = T⇤Qk ! Q⇤

Function Approximation Consider parameterized form               : 
<latexit sha1_base64="hgOHjmXe1g8wxuuLpK9x7tCfON4="></latexit>

Q✓(s, a)

  
min
✓

1

2
E[(Q� T⇤Q)2]

<latexit sha1_base64="sIqP6lUatTgDGbxNmO++tuowTIw="></latexit>

Optimization problem in model-free control 



 

drift term

  

Model-free RL and Double Sampling Problem

Two independent expectations on the next state

 
Two independent samples for the next state

  

Double Sampling Problem

Only a trajectory is available in model-free RL!

min
✓

1

2
E[(Q� T⇤Q)2]

<latexit sha1_base64="sIqP6lUatTgDGbxNmO++tuowTIw="></latexit>

with a trajectory {st}Tt=0 generated from an underlying transition dynamics
<latexit sha1_base64="Vk7jv2h+hw3EC0FGQG/eVXeQ8kM="></latexit>

st+1 = st + ↵(st, at)✏+
p
✏Zt, Zt ⇠ N(0, 1)

<latexit sha1_base64="OA8EiXvXCIlPTymDcpj3Dwckxog="></latexit>

Model-free RL: unknown !

 

Gradient of the objective function: 
<latexit sha1_base64="KlAmF6F2JH9hrH/ksJ4c3f80ddQ="></latexit>

E[(Q� T⇤Q)r✓(Q� T⇤Q)]

    

Unbiased gradient:  
<latexit sha1_base64="+G7vwiXuuKk/0A+v7mlyYx+6Bqs="></latexit>

(Q(st, at)�Rt � �max
a

Q(st+1, a))r✓(Q(st, at)�Rt � �max
a

Q(s0t+1, a))

<latexit sha1_base64="IC1Irm18GM+3KWc/FQg7ByiPVnQ="></latexit>

E[(Q�R� �E[max
a

Q(st+1, a)|st, at])r✓(Q�R� �E[max
a

Q(st+1, a)|st, at])]



S

st
<latexit sha1_base64="y5mXjXb+AT2Y30m2ytT0zW8qR98="></latexit>

Double Sampling Problem
  

from the trajectory {sm}Tm=0 

 Unavailable

st+1
<latexit sha1_base64="wxmooZrq0cHlUw+8uqPIy/ECb5s="></latexit>

s0t+1
<latexit sha1_base64="vyxsjWyDM6WhFBXW9+0rxQJktmQ="></latexit>

• Trajectory is not recorded because of the 
high dimensionality. 

• Hard to simulate exactly from the current 
state again.

Only the trajectory                   under the 
given policy is available !

Model-free RL: 

 {st}Tt=0
<latexit sha1_base64="es+lwNVR2vXq9dBSBiCsP18ZNJw="></latexit>

7

 
Two independent samples for the next state

  Unbiased gradient:  
<latexit sha1_base64="+G7vwiXuuKk/0A+v7mlyYx+6Bqs="></latexit>

(Q(st, at)�Rt � �max
a

Q(st+1, a))r✓(Q(st, at)�Rt � �max
a

Q(s0t+1, a))

min
✓

1

2
E[(Q� T⇤Q)2]

<latexit sha1_base64="sIqP6lUatTgDGbxNmO++tuowTIw="></latexit>



8

   
Double Sampling problem

   
Borrowing From the Future 

8

   
Numerical experiments



S

Borrow extra randomness from the future. 

Borrowing From the Future

from the trajectory {sm}Tm=0 

  s0t+1 ⇡ st + (st+2 � st+1)
<latexit sha1_base64="GbrOqqGGnNTi14NsfCQMwEUIQ3w="></latexit>

st+1
<latexit sha1_base64="wxmooZrq0cHlUw+8uqPIy/ECb5s="></latexit>

st
<latexit sha1_base64="y5mXjXb+AT2Y30m2ytT0zW8qR98="></latexit> st+2

<latexit sha1_base64="ph6CzQ07Fs47UMttkld5Y+vh+b8="></latexit>

9

The underlying transition:

Good approximation when the drift 
term is sufficiently smooth. 

<latexit sha1_base64="bGJePsToU7ocFRNW7PUzvyxd3H0="></latexit>

st+1 = st + ↵(st, at)✏+
p
✏Zt, Zt ⇠ N(0, 1)

<latexit sha1_base64="ktsYhqMlOcGeZ9mmMb4aZgIXXos="></latexit>

↵(
s t,

a t)
<latexit sha1_base64="3rzkMEQz3YwPFmnsuco9EVdilPw="></latexit>

↵(s
t+1 , a

t+1 )

Unbiased gradient:  
<latexit sha1_base64="+G7vwiXuuKk/0A+v7mlyYx+6Bqs="></latexit>

(Q(st, at)�Rt � �max
a

Q(st+1, a))r✓(Q(st, at)�Rt � �max
a

Q(s0t+1, a))



 

BFF:  
st +�st+1,

where �st+1 = st+2 � st+1
<latexit sha1_base64="zIIa4kkkLzHf375X/hDEnUhGnOo="></latexit>

Unbiased SGD: ✓k+1 = ✓k � ⌧f(st, st+1; ✓k)r✓f(st, s
0
t+1; ✓k)

<latexit sha1_base64="2mHzRkwun4srAI5JRywmh7cGG2o="></latexit>

where f(st, st+1; ✓) = Q(st, at)�R(st)� �max
a

Q(st+1, a
0)

<latexit sha1_base64="rlCKMVHuri6S1FriPA7HX9GzXDI="></latexit>

BFF model-free control

Unbiased gradient:  
<latexit sha1_base64="+G7vwiXuuKk/0A+v7mlyYx+6Bqs="></latexit>

(Q(st, at)�Rt � �max
a

Q(st+1, a))r✓(Q(st, at)�Rt � �max
a

Q(s0t+1, a))



nBFF

st
<latexit sha1_base64="y5mXjXb+AT2Y30m2ytT0zW8qR98="></latexit>

S

st+1
<latexit sha1_base64="wxmooZrq0cHlUw+8uqPIy/ECb5s="></latexit>

st+2
<latexit sha1_base64="ph6CzQ07Fs47UMttkld5Y+vh+b8="></latexit>

st+3
<latexit sha1_base64="PH2ooAysTc8/F9uQGHob6KF2WQ8="></latexit>

rf(st +�st+1)
<latexit sha1_base64="NMOBgrPEun+fBzPy4MC5JOqi3z0="></latexit>

rf(st +�st+2)
<latexit sha1_base64="K1LGNI77VzU2DAbD5BaX2DB9boo="></latexit>

1

2
rf(st +�st+1) +

1

2
rf(st +�st+2)

<latexit sha1_base64="p4jVzP8SDvHS3wUo86GzXo/FHs0="></latexit>

More generally, 
nX

i=1

wi = 1
<latexit sha1_base64="wZN8hsTH5IU3xmgZvIPMMkq0HNs="></latexit>

✓k+1 = ✓k � ⌧f(st+1)
nX

i=1

wir✓f(st +�st+i)
<latexit sha1_base64="c9q04oDerwLJ0AWahzACS6RO+J4="></latexit>

,     with



Theoretical results

  
Assumption:

  Thm [Z-Izzo-Ying]

E[�2?] = min
✓

E[�2]
<latexit sha1_base64="CoQ90nApO7BPjeOASOclA5bfDLw="></latexit>

is the smallest Bellman residual that the unbiased SGD can achieve

  
min
✓

E

1

2
�2
�

<latexit sha1_base64="9dEZibCjR9AQQLlL7fE4n8u7a5Y="></latexit>

with underlying transition dynamics:
<latexit sha1_base64="jBEWtK2grN8Q+vHxf1XrOGjkUQQ="></latexit>

st+1 = st + ↵(st, at)✏+
p
✏Zt, Zt ⇠ N(0, 1)

<latexit sha1_base64="zh8sDEd7qgwN1vKfUw+NOaGFQYU="></latexit>

<latexit sha1_base64="znq/jeeCyFsrA7wp1JFmg6R2NaE="></latexit>

where � = Q� T⇤Q = Q(st, at)�Rt � E[max
a

Q(st+1, a)|st, at]

State space S and action space A can be embedded into a compact set.
<latexit sha1_base64="6voPXEWsruuteNPY7hMMxKdFJm0="></latexit>

Learning rate ⌘ is small.
<latexit sha1_base64="0wLZw22zy3WCNLE92It+7Gb1s+M="></latexit>

The underlying dynamics change slowly w.r.t. actions:
<latexit sha1_base64="mc+dCLeGLMT8GHJrMCfS4lg01TQ="></latexit>

k↵(s, a1)� ↵(s, a2)k  C.
<latexit sha1_base64="yUx3WLnhg09qwxUyOjzMwC2gW0w="></latexit>

k (p.d.f of BFF)� (p.d.f of unbiased SGD) k
<latexit sha1_base64="5LRbvv8o7Gho38c+fHkX/f0W23s="></latexit>

 C1e
�C2t +O

⇣
✏

p
E[�2⇤]

⌘p
1� e�C2t

<latexit sha1_base64="icQZUhzo0Btyo0RaeQehnhI4XpA="></latexit>
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Double Sampling problem

13

   
Numerical experiments

   
Borrow From the Future Algorithm 



    

Underlying transition probability:

Continuous state space

14

st+1 = st + at✏+ �Zt
p
✏,

<latexit sha1_base64="dEHcY0gLDvRd270lld7os7tfOJo="></latexit>

at 2 A = {±1}, ✏ = 2⇡
32 , � = 0.2.

<latexit sha1_base64="y5WBvLcRDb13leimM3oyB3/rQ8A="></latexit>

Compared BFF with: 


• Uncorrelated sampling:

 

• Sample Cloning:


• Primal-Dual: 

f(st+1)rf(s0t+1)
<latexit sha1_base64="4NAlGkGEVBq8D952FytenF7YCRE="></latexit>

Unbiased SGD, but unrealistic!

f(st+1)rf(st+1)
<latexit sha1_base64="Z+P9XJs+/mcmuvAPFgqi9tQ9R/o="></latexit>

Commonly used biased SGD in practice, but less accurate than BFF.

min✓ �(✓)2 = min✓ max! �(✓)y(!)� 1
2y(!)

2
<latexit sha1_base64="/5/tdJ6lQyTytEkU8wytwpjpqw0="></latexit>

Not stable when the max is taken over non concave function

GTD: Sutton (2008); SBEED: Dai et al. (2018)

The reward function is r(st+1, st, at) = sin(st+1) + 1.
<latexit sha1_base64="SgBI9lXL7rxZiV+xLBYpmnBg1BM="></latexit>

 Q✓(s, a) is approximated by a 3-layer NN
<latexit sha1_base64="kDhi6/6taLpe14s7e5/1xDr0Lio=">AAACGHicbVA9SwNBEN2LXzF+RS1tFhNBQeNdLLQM2lgFBaNCEsLcZpIs2ftgd048gj/Dxr9iY6GIbTr/jZuYQqMPBh7vzTAzz4+VNOS6n05mZnZufiG7mFtaXlldy69vXJso0QJrIlKRvvXBoJIh1kiSwttYIwS+whu/fzbyb+5QGxmFV5TG2AygG8qOFEBWauUPi5etBvWQYNfsw16RS8MhjnV0LwMgbHM/5cCPDhSkqHm12soX3JI7Bv9LvAkpsAkuWvlhox2JJMCQhAJj6p4bU3MAmqRQ+JBrJAZjEH3oYt3SEAI0zcH4sQe+Y5U270TaVkh8rP6cGEBgTBr4ttNe2zPT3kj8z6sn1DlpDmQYJ4Sh+F7USRSniI9S4m2pUZBKLQGhpb2Vix5oEGSzzNkQvOmX/5Lrcsk7KpUvy4XK6SSOLNti22yXeeyYVdg5u2A1Jtgje2av7M15cl6cd+fjuzXjTGY22S84wy+YVJ49</latexit>



Q-control



Cartpole from Open AI Gym



Cartpole



Summary

• We propose a new algorithm BFF to alleviate the double sampling problem in 
the model-free control.


• BFF has an advantage over other BRM algorithms for model-free RL, 
especially for problems with continuous state spaces and smooth underlying 
dynamics. 


• We prove that the difference between the BFF algorithm and the unbiased 
SGD first decays exponentially and eventually stabilizes at an error of         , 
where      is the smallest Bellman residual that unbiased SGD can achieve.

O(�?✏)
<latexit sha1_base64="3CcW3jqyE7KU1iw9OOjBYHOk4h8=">AAACA3icbVA9SwNBEN2LXzF+Re20WUyE2IS7WGgZtLEzgvmAXAh7m0myZG/v2J0TQgjY+FdsLBSx9U/Y+W/cfBSa+GDg8d4MM/OCWAqDrvvtpFZW19Y30puZre2d3b3s/kHNRInmUOWRjHQjYAakUFBFgRIasQYWBhLqweB64tcfQBsRqXscxtAKWU+JruAMrdTOHuVvC34HJLK2b5Bp6kNshIzUWb6dzblFdwq6TLw5yZE5Ku3sl9+JeBKCQi6ZMU3PjbE1YhoFlzDO+ImBmPEB60HTUsVCMK3R9IcxPbVKh3YjbUshnaq/J0YsNGYYBrYzZNg3i95E/M9rJti9bI2EihMExWeLuomkGNFJILQjNHCUQ0sY18LeSnmfacbRxpaxIXiLLy+TWqnonRdLd6Vc+WoeR5ockxNSIB65IGVyQyqkSjh5JM/klbw5T86L8+58zFpTznzmkPyB8/kDs6mW6g==</latexit>

�?
<latexit sha1_base64="DueKenLajWhD3MuuonHVw+h+jq0=">AAAB9XicbVDLTgJBEJzFF+IL9ehlIph4Irt40CPRi0dM5JHASmZne2HC7CMzvRqy4T+8eNAYr/6LN//GAfagYCWdVKq6093lJVJotO1vq7C2vrG5Vdwu7ezu7R+UD4/aOk4VhxaPZay6HtMgRQQtFCihmyhgoSeh441vZn7nEZQWcXSPkwTckA0jEQjO0EgP1b4PEtmgr5Gp6qBcsWv2HHSVODmpkBzNQfmr78c8DSFCLpnWPcdO0M2YQsElTEv9VEPC+JgNoWdoxELQbja/ekrPjOLTIFamIqRz9fdExkKtJ6FnOkOGI73szcT/vF6KwZWbiShJESK+WBSkkmJMZxFQXyjgKCeGMK6EuZXyEVOMowmqZEJwll9eJe16zbmo1e/qlcZ1HkeRnJBTck4cckka5JY0SYtwosgzeSVv1pP1Yr1bH4vWgpXPHJM/sD5/APuhkis=</latexit>



  

   

Thanks!
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