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Class Structure

Model-free Reinforcement Learning 

Imitation Learning

Model-based Reinforcement Learning 

Unifying Perspectives on RL and IRL

Frontiers

Exploration Learning from Prior Data Learning across tasks

Policy Gradient ADP



Lecture Outline

Recap – IRL formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL

IRL as a GAN



Reinforcement Learning requires Task Specification

Does not magically appear in most settings

Manual state estimation/perception

Complex reward specification

Has to be manually specified 

à can we do better?



Learning from Demonstrations

Demos of expert behavior

Inverse Reinforcement 
Learning

Infer rewards from demonstrations of 
optimal behavior

à Optimal behavior optimizes some 
reward via RL, so the RL process must be 

”inverted” to find the reward 

Avoid manual reward specification by learning from demos of optimal behavior



IRL problem statement + assumptions
Reinforcement Learning Inverse Reinforcement Learning

State: Known
Action: Known
Transition Dynamics: Unknown but can sample
Reward: Known
Expert policy: Unknown
Expert traces: Unknown

State: Known
Action: Known
Transition Dynamics: Unknown but can sample
Reward: Unknown
Expert policy: Unknown
Expert traces: Known

Reward
Inverse RL PolicyReinforcement 

Learning

New dynamics/state

Find r that explains the demonstrator behavior as noisily optimal

<latexit sha1_base64="dEU+c6qriE0HNYFRWfWlZ43suQ8=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoMQQcKuBPUY9OIxgnlAsobZyWwyZPbBTK8SlvyHFw+KePVfvPk3TpI9aGJBQ1HVTXeXF0uh0ba/rdzK6tr6Rn6zsLW9s7tX3D9o6ihRjDdYJCPV9qjmUoS8gQIlb8eK08CTvOWNbqZ+65ErLaLwHscxdwM6CIUvGEUjPaheF4ccaVmfEXraK5bsij0DWSZORkqQod4rfnX7EUsCHiKTVOuOY8foplShYJJPCt1E85iyER3wjqEhDbh209nVE3JilD7xI2UqRDJTf0+kNNB6HHimM6A41IveVPzP6yToX7mpCOMEecjmi/xEEozINALSF4ozlGNDKFPC3ErYkCrK0ARVMCE4iy8vk+Z5xbmoVO+qpdp1FkcejuAYyuDAJdTgFurQAAYKnuEV3qwn68V6tz7mrTkrmzmEP7A+fwBXg5HD</latexit>

r✓(s, a)
<latexit sha1_base64="ua6EAfK4MCR4TkoMqJADeLeRanM=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBDiJexKUI9BLx4jmAckS5id9CZDZmfXmVkhxPyEFw+KePV3vPk3TpI9aGJBQ1HVTXdXkAiujet+Oyura+sbm7mt/PbO7t5+4eCwoeNUMayzWMSqFVCNgkusG24EthKFNAoENoPhzdRvPqLSPJb3ZpSgH9G+5CFn1Fip1Ul4iT7ps26h6JbdGcgy8TJShAy1buGr04tZGqE0TFCt256bGH9MleFM4CTfSTUmlA1pH9uWShqh9sezeyfk1Co9EsbKljRkpv6eGNNI61EU2M6ImoFe9Kbif147NeGVP+YySQ1KNl8UpoKYmEyfJz2ukBkxsoQyxe2thA2ooszYiPI2BG/x5WXSOC97F+XKXaVYvc7iyMExnEAJPLiEKtxCDerAQMAzvMKb8+C8OO/Ox7x1xclmjuAPnM8fjK+PqQ==</latexit>

⇡(a|s)



Why is this hard?

Challenging for a variety of reasons: 
1. Inherently underspecified
2. R and 𝜋 both unknown
3. Difficult optimization with T unknown.
4. Distributions/comparison metrics unknown 

Inverse RL

Reward Function

Can be parameterized by arbitrary function approximator

Find r that explains the demonstrator behavior as noisily optimal

<latexit sha1_base64="dEU+c6qriE0HNYFRWfWlZ43suQ8=">AAAB9XicbVDLSgNBEOyNrxhfUY9eBoMQQcKuBPUY9OIxgnlAsobZyWwyZPbBTK8SlvyHFw+KePVfvPk3TpI9aGJBQ1HVTXeXF0uh0ba/rdzK6tr6Rn6zsLW9s7tX3D9o6ihRjDdYJCPV9qjmUoS8gQIlb8eK08CTvOWNbqZ+65ErLaLwHscxdwM6CIUvGEUjPaheF4ccaVmfEXraK5bsij0DWSZORkqQod4rfnX7EUsCHiKTVOuOY8foplShYJJPCt1E85iyER3wjqEhDbh209nVE3JilD7xI2UqRDJTf0+kNNB6HHimM6A41IveVPzP6yToX7mpCOMEecjmi/xEEozINALSF4ozlGNDKFPC3ErYkCrK0 ARVMCE4iy8vk+Z5xbmoVO+qpdp1FkcejuAYyuDAJdTgFurQAAYKnuEV3qwn68V6tz7mrTkrmzmEP7A+fwBXg5HD</latexit>

r✓(s, a)



Lecture Outline

Recap – IRL formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL

IRL as a GAN



A Formula for Inverse Reinforcement Learning

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

How do we instantiate?



IRL v0 – Assumptions

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Linear

Known dynamics

???

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)



IRL v0 – What is a good reward function?
A good reward would evaluate optimal data higher than all other data

<latexit sha1_base64="SHkDhObS34AcxuxXWRy8lcfMlUg="></latexit>

V ⇡⇤

r (s) � V ⇡
r (s) 8⇡, 8s

<latexit sha1_base64="eCr+H41RYwPYPKl0mPXykaMTLCk=">AAACBXicbVDLSgNBEOyNrxhfqx71MBiEKBJ2JagXIejFY4S8INmE2cmsGTL7YGZWCUsuXvwVLx4U8eo/ePNvnCR70MSChqKqm+4uN+JMKsv6NjILi0vLK9nV3Nr6xuaWub1Tl2EsCK2RkIei6WJJOQtoTTHFaTMSFPsupw13cD32G/dUSBYGVTWMqOPju4B5jGClpa65LwryBOEjdImSh87xqFNF7ajPpmLXzFtFawI0T+yU5CFFpWt+tXshiX0aKMKxlC3bipSTYKEY4XSUa8eSRpgM8B1taRpgn0onmXwxQoda6SEvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyLpyEBVGsaECmi7yYIxWicSSoxwQlig81wUQwfSsifSwwUTq4nA7Bnn15ntRPi/ZZsXRbypev0jiysAcHUAAbzqEMN1CBGhB4hGd4hTfjyXgx3o2PaWvGSGd24Q+Mzx91yJYD</latexit>

r(s, a) = w⇤T�(s, a)

Underdefined, w* = 0 trivially satisfies!

Find w* such that 
<latexit sha1_base64="Ido5zujaiYheFowO0n8yKTnCiNU="></latexit>

E⇡⇤

"
X

t

�tr(st, at)

#
� E⇡

"
X

t

�tr(st, at)

#
, 8⇡

<latexit sha1_base64="m/AdsaM5NTCsieyEI3ey2Tq2o6w="></latexit>

E⇡⇤

"
X

t

�tw⇤T�(st, at)

#
� E⇡

"
X

t

�tw⇤T�(st, at)

#
, 8⇡

<latexit sha1_base64="jfdUJ7holX1NkvUdv07K6OfTrpY="></latexit>

w⇤TE⇡⇤

"
X

t

�t�(st, at)

#
� w⇤TE⇡

"
X

t

�t�(st, at)

#
, 8⇡

<latexit sha1_base64="/Wz0ovbPRnfwnMlVstRR8JO0AqM=">AAAB+XicbVDLSgMxFM3UV62vUZdugkWoImVGirosunFZwT6gM5ZMmmlDk0xIMoUy9E/cuFDErX/izr8xbWeh1QMXDufcy733RJJRbTzvyymsrK6tbxQ3S1vbO7t77v5BSyepwqSJE5aoToQ0YVSQpqGGkY5UBPGIkXY0up357TFRmibiwUwkCTkaCBpTjIyVeq4b8LQSSPp4dg4DOaSnPbfsVb054F/i56QMcjR67mfQT3DKiTCYIa27vidNmCFlKGZkWgpSTSTCIzQgXUsF4kSH2fzyKTyxSh/GibIlDJyrPycyxLWe8Mh2cmSGetmbif953dTE12FGhUwNEXixKE4ZNAmcxQD7VBFs2MQShBW1t0I8RAphY8Mq2RD85Zf/ktZF1b+s1u5r5fpNHkcRHIFjUAE+uAJ1cAcaoAkwGIMn8AJencx5dt6c90VrwclnDsEvOB/f4xqSiQ==</latexit>

µ(⇡⇤,�)
<latexit sha1_base64="IKa0UPuaJUgRqmrZjNbEpWqn84Y=">AAAB9XicbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3bVk07QNTbJLklXK0v/hxYMiXv0v3vw3pu0etPXBwOO9GWbmhTFn2rjut5NbWV1b38hvFra2d3b3ivsHTR0litAGiXik2iHWlDNJG4YZTtuxoliEnLbC0c3Ubz1SpVkk7804poHAA8n6jGBjpQdfJGU/ZmfIj4fstFssuRV3BrRMvIyUIEO9W/zyexFJBJWGcKx1x3NjE6RYGUY4nRT8RNMYkxEe0I6lEguqg3R29QSdWKWH+pGyJQ2aqb8nUiy0HovQdgpshnrRm4r/eZ3E9K+ClMk4MVSS+aJ+wpGJ0DQC1GOKEsPHlmCimL0VkSFWmBgbVMGG4C2+vEya5xXvolK9q5Zq11kceTiCYyiDB5dQg1uoQwMIKHiGV3hznpwX5935mLfmnGzmEP7A+fwBSc2RvA==</latexit>

µ(⇡,�)

High reward

Low reward



IRL v0 – What is a good reward function?
How do we tackle ambiguity?

Find rewards which maximize the gap between the expert and all other policies

<latexit sha1_base64="4OlCwAFNL1rfmxVUnMHNytLcxwc="></latexit>

w⇤TE⇡⇤ [�(s, a)] � w⇤TE⇡⇤ [�(s, a)] 8⇡, 8s

<latexit sha1_base64="DwTXz4hu4SegmpZ4IyI/ay1uwT4="></latexit> max
w,m

m

s.t wTµ⇡⇤
� wTµ⇡ +m, 8⇡ 2 ⇧



IRL v1 – Max Margin Feature Matching
Choose w such that “margin” is maximized 

<latexit sha1_base64="vPiGA/E47ehVi853tyf1qWZn9FY="></latexit> maxm

s.t wTµ⇡⇤
� wTµ⇡ +m, 8⇡ 2 ⇧

<latexit sha1_base64="BEXUdpWVQwjtEql2lyYZTUZNJfs="></latexit>

min kwk2
s.t wTµ⇡⇤

� wTµ⇡ + 1, 8⇡ 2 ⇧

Looks a lot like an SVM!

What might the issues be à
1. Uniform gap across all 𝜋, 𝜋*
2. Noisily optimal may compromise the optimization

https://cs229.stanford.edu/lectures-spring2022/main_notes.pdf



IRL v1 – (Fancy) Max Margin Feature Matching

Maximum margin à Structured Max-Margin + Slack 

<latexit sha1_base64="Xet1sukXQzhel8nyv1Pi+DtN4Yk="></latexit>

min kwk2 + C⇣

s.t wTµ⇡⇤
� wTµ⇡ +D(⇡,⇡⇤)� ⇣, 8⇡ 2 ⇧

<latexit sha1_base64="BEXUdpWVQwjtEql2lyYZTUZNJfs="></latexit>

min kwk2
s.t wTµ⇡⇤

� wTµ⇡ + 1, 8⇡ 2 ⇧

Bigger for more different policies

Slack allows for noisy optimality



IRL v1 – Max Margin Feature Matching

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Linear

Known dynamics

Solve Max-Margin Planning

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)

<latexit sha1_base64="Xet1sukXQzhel8nyv1Pi+DtN4Yk="></latexit>

min kwk2 + C⇣

s.t wTµ⇡⇤
� wTµ⇡ +D(⇡,⇡⇤)� ⇣, 8⇡ 2 ⇧



IRL v1 – Max Margin Feature Matching

1. Start with a random policy 𝜋0
2. Find the w that optimizes

3. Solve for the optimal policy against

4. Add to constraint set and repeat 

<latexit sha1_base64="yzWbdGuEnSWXq6UJSAoKTpB7l80="></latexit>

min
w,⇣

kwk2 + C⇣

s.t wTµ⇡⇤
� wTµ⇡ +D(⇡,⇡⇤)� ⇣, 8⇡ 2 {⇡0,⇡1, . . . ,⇡i}

<latexit sha1_base64="s6ZL+ZF/0CGi9MxyZiCAiX0NWpg=">AAACDXicbVDLSsNAFJ34rPUVdelmsAotSEmkqBuh6MZlhb6gTcNkOmmHTiZhZqKUkB9w46+4caGIW/fu/BunbRbaeuDC4Zx7ufceL2JUKsv6NpaWV1bX1nMb+c2t7Z1dc2+/KcNYYNLAIQtF20OSMMpJQ1HFSDsSBAUeIy1vdDPxW/dESBryuhpHxAnQgFOfYqS05JrHwu1GQ1qUpxCV4BVMHnpJkZbStFeHmYFKrlmwytYUcJHYGSmADDXX/Or2QxwHhCvMkJQd24qUkyChKGYkzXdjSSKER2hAOppyFBDpJNNvUniilT70Q6GLKzhVf08kKJByHHi6M0BqKOe9ifif14mVf+kklEexIhzPFvkxgyqEk2hgnwqCFRtrgrCg+laIh0ggrHSAeR2CPf/yImmele3zcuWuUqheZ3HkwCE4AkVggwtQBbegBhoAg0fwDF7Bm/FkvBjvxsesdcnIZg7AHxifPyOVmbc=</latexit>

r�(s, a) = w(i)T�(s, a)
<latexit sha1_base64="N3JNo7uYH7t8v0TiNYde8VRVcnc=">AAACGnicbVDLSgNBEJz1GeMr6tHLYBASDGFXgnoMevFmhLwgG5bZySQZMrs7zPSqYcl3ePFXvHhQxJt48W+cPA6aWNBQVHXT3eVLwTXY9re1tLyyurae2khvbm3v7Gb29us6ihVlNRqJSDV9opngIasBB8GaUjES+II1/MHV2G/cMaV5FFZhKFk7IL2QdzklYCQv47iSewk/cUbYVbzXB6JUdI9dYA+Q3EgY5ZTnyj7P6QIm+QKu5r1M1i7aE+BF4sxIFs1Q8TKfbieiccBCoIJo3XJsCe2EKOBUsFHajTWThA5Ij7UMDUnAdDuZvDbCx0bp4G6kTIWAJ+rviYQEWg8D33QGBPp63huL/3mtGLoX7YSHMgYW0umibiwwRHicE+5wxSiIoSGEKm5uxbRPFKFg0kybEJz5lxdJ/bTonBVLt6Vs+XIWRwodoiOUQw46R2V0jSqohih6RM/oFb1ZT9aL9W59TFuXrNnMAfoD6+sHn9Wf8A==</latexit>

⇡i+1 ! Opt(r�(s, a), T )

Output the optimal reward function w*



Max Margin Feature Matching in Action

Show videos from Ratliff



Lecture Outline

Recap – IRL formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL

IRL as a GAN



IRL v1 – Why this may not be enough?
<latexit sha1_base64="Xet1sukXQzhel8nyv1Pi+DtN4Yk="></latexit>

min kwk2 + C⇣

s.t wTµ⇡⇤
� wTµ⇡ +D(⇡,⇡⇤)� ⇣, 8⇡ 2 ⇧

Not clear if this is a good way 
to deal with suboptimality

May not be able to deal with scenario where 
true margin is quite small for some policies

Constrained optimization is tough to optimize 
for non-linear functions

Can we do better?



Aside: Feature Matching 
Instead of focusing on the reward function, focus on the feature expectations

=> If average feature expectations are close, then values are close 

Abbeel, Ng ‘04



Intuition on Feature Matching
Let’s provide some intuition

Features - distance to object
end effector position

object orientation
….

Matching features probably means that 
behavior is roughly similar 



From max margin to max-ent IRL
Two key ideas in maximum-entropy IRL: 

1. Prefer good trajectories
2. Weight other trajectories equally to deal with ambiguity

Feature matching

Maximum entropy
Notation:

Trajectory distribution –
Feature expectations:

Policy

Expert

Match features

Be a probability

Max-entropy



Let’s simplify

Match features

Be a probability

Max-entropy

Set up the Lagrangian

Solve wrt p

Solve wrt w, λ

Connect the dots!



Let’s simplify – solve for p
Set up the Lagrangian

Solve wrt p

Intuition: p(τ) is proportional to the exponential reward of a trajectory wT 𝜇(𝜏)



Let’s simplify – solve for 𝜆

Z



Ok – let’s unpack what we have so far

Match features

Be a probability

Max-entropy

Solve wrt p

Solve wrt λ

Objective reduces to 

Solve wrt𝑤 Find reward function!



Turns out this has nice intuitive properties

Match features

Be a probability

Max-entropy

Objective reduces to 

S

G

R = 10
P = 0.1

R = 60
P = 0.65

R = 30
P = 0.25

Maximum likelihood with 
exponential family

Intuition: trajectories are chosen proportional to their reward



Turns out this has nice intuitive properties

Match features

Be a probability

Max-entropy

S

G

R = 10
P = 0.1

R = 60
P = 0.65

R = 30
P = 0.25

Maximum likelihood with 
exponential family

Intuition: trajectories are chosen proportional to their reward

Let’s solve with gradient descent! Has a nice tractable form

Hard to estimate



Maximum likelihood estimation of w

Painful to estimate log integralGradient has a much nicer form

Push up on data Push down on policy

Soft optimal policy for



IRLv2 – Maximum Entropy Inverse RL

Update 
reward w

Solve π to soft-optimal on current 𝑟!

Push up on data Push down on policy

Soft optimal policy for



IRL v2 – Max-Ent IRL – Put it together

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Linear

Known dynamics

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)

Maximum Entropy
<latexit sha1_base64="hw1cZC5wXXDjVmtns/JCivWQAnI="></latexit>

rwL = E⇡⇤

"
X

t

�t�(st, at)

#

�Epw(⌧)

"
X

t

�t�(s⌧t , a
⌧
t )

#



IRL v2 –Max-Entropy Inverse RL (Pseudocode)

1. Start with a random policy 𝜋0 and weight vector w
2. Find the “soft” optimal policy under w –
3. Take a gradient step on w

4. Repeat

Output the optimal reward function w*

<latexit sha1_base64="fgc8w65wuFyJkSp4T8/tOvmtt9M=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBDiJexKUI9BLx4jmIckIcxOZpMhs7PLTK8SlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXeXH0th0HW/nZXVtfWNzdxWfntnd2+/cHDYMFGiGa+zSEa65VPDpVC8jgIlb8Wa09CXvOmPbqZ+85FrIyJ1j+OYd0M6UCIQjKKVHuLeU6mDNDnrFYpu2Z2BLBMvI0XIUOsVvjr9iCUhV8gkNabtuTF2U6pRMMkn+U5ieEzZiA5421JFQ2666ezgCTm1Sp8EkbalkMzU3xMpDY0Zh77tDCkOzaI3Ff/z2gkGV91UqDhBrth8UZBIghGZfk/6QnOGcmwJZVrYWwkbUk0Z2ozyNgRv8eVl0jgvexflyl2lWL3O4sjBMZxACTy4hCrcQg3qwCCEZ3iFN0c7L8678zFvXXGymSP4A+fzB1EbkBo=</latexit>

pw(⌧)

<latexit sha1_base64="wziQAZe0g0Nu92KKt6OTriYRLlE="></latexit>

rwL = E⇡⇤

"
X

t

�t�(st, at)

#
� Epw(⌧)

"
X

t

�t�(s⌧t , a
⌧
t )

#



Max-Ent IRL in Action

Video of max-ent IRL ziebart



Ok but no way this could work?

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Linear

Known dynamics

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)
<latexit sha1_base64="ti2iKrCTP7hqkGhxyub6tNum3jc="></latexit>

max
p(⌧)

H(p(⌧))

s.t Ep(⌧)[�(s, a)] ⇡ E⇡⇤ [�(s, a)]

Maximum Entropy



Linear Rewards à Neural Net Rewards
Max-ent IRL allows us to go from linear rewards to arbitrary neural network rewards

Linear Max-Ent IRL

Can simply replace, w with arbitrary 𝜃 and use autodiff!

…

<latexit sha1_base64="3OPSMHWhasPI47KZnXYin4MiZiU="></latexit>

max
w

E⇡⇤

"
X

t

wT �t�(st, at)

#
� log

Z

⌧

"
exp

 
X

t

wT �t�(st, at)

!#
d⌧

Non-Linear Max-Ent IRL

<latexit sha1_base64="jLj6Id1qVRDqbtpTy+Dw80BQiyw="></latexit>

max
✓

E⇡⇤

"
X

t

�tr✓(st, at)

#
� log

Z

⌧

"
exp

 
X

t

�tr✓(st, at)

!#
d⌧



Avoiding Complete Policy Optimization

What if we only improved the policy a little bit

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)
Assumes dynamics are known so we can just do (fast) planning

Biased!

Requires complete “soft” policy optimization 

What happens when dynamics are unknown!

<latexit sha1_base64="qUphgcjWHxs0/4JVBO0cTuSEUsI="></latexit>

E⇡⇤

"
X

t

�tr✓r✓(st, at)

#

�Epw(⌧)

"
X

t

�tr✓r✓(st, at)

#



Avoiding Complete Policy Optimization
Importance sampling to the rescue!

<latexit sha1_base64="0qXUDxz0XPH3lUnueeBiq0fzgsc="></latexit>

Ep(x) [f(x)] = Eq(x)


p(x)

q(x)
f(x)

�

Can transfer significantly more from iteration to iteration rather than doing full nested optimization

<latexit sha1_base64="qUphgcjWHxs0/4JVBO0cTuSEUsI="></latexit>

E⇡⇤

"
X

t

�tr✓r✓(st, at)

#

�Epw(⌧)

"
X

t

�tr✓r✓(st, at)

#

Importance 
Sampling

<latexit sha1_base64="TJkXzxeFa4qCTctlicWjeDS+XhE=">AAACKnicbVDLSsNAFJ34tr6qLt0MFqEFKYkUdelj47KCtYUmhMn0xg5OHszciCXme9z4K266UIpbP8RpreDrwMDhnHO5c0+QSqHRtkfWzOzc/MLi0nJpZXVtfaO8uXWtk0xxaPFEJqoTMA1SxNBCgRI6qQIWBRLawe352G/fgdIiia9wkIIXsZtYhIIzNJJfPnVDxXjuwn1adXUW+UiV72IfkFW1j/uU+VirFbnbFMZyU/FlGv3BBGqFX67YdXsC+pc4U1IhUzT98tDtJTyLIEYumdZdx07Ry5lCwSUUJTfTkDJ+y26ga2jMItBePjm1oHtG6dEwUebFSCfq94mcRVoPosAkI4Z9/dsbi/953QzDYy8XcZohxPxzUZhJigkd90Z7QgFHOTCEcSXMXynvM9MdmnZLpgTn98l/yfVB3TmsNy4blZOzaR1LZIfskipxyBE5IRekSVqEk0fyTF7Iq/VkDa2R9fYZnbGmM9vkB6z3D7cKp3M=</latexit>

exp(
P

t r✓(st, at))

⇧t⇡✓(at|st)

<latexit sha1_base64="N97E/Lg6PTY9TQRiHY0NznGaXQM="></latexit>

E⇡⇤

"
X

t

�tr✓r✓(st, at)

#

�Eq

"
pw(⌧)

q(⌧)

X

t

�tr✓r✓(st, at)

#



IRLv4 – Guided Cost Learning

Propose a reward function
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Optimize policy against 
<latexit sha1_base64="vTmUpJh2Cx2dyMwTusykRNvHRAk=">AAAB83icbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB3aVk02wbms2GJCuUpX/DiwdFvPpnvPlvTNs9aOuDgcd7M8zMCyVn2rjut1NYW9/Y3Cpul3Z29/YPyodHbZ2kitAWSXiiuiHWlDNBW4YZTrtSURyHnHbC8d3M7zxRpVkiHs1E0iDGQ8EiRrCxkq/6vhyxqr5A+Lxfrrg1dw60SrycVCBHs1/+8gcJSWMqDOFY657nShNkWBlGOJ2W/FRTickYD2nPUoFjqoNsfvMUnVllgKJE2RIGzdXfExmOtZ7Eoe2MsRnpZW8m/uf1UhPdBBkTMjVUkMWiKOXIJGgWABowRYnhE0swUczeisgIK0yMjalkQ/CWX14l7cuad1WrP9Qrjds8jiKcwClUwYNraMA9NKEFBCQ8wyu8Oanz4rw7H4vWgpPPHMMfOJ8/wEWQ2g==</latexit>

r�(s, a)

Compare to expert traces
<latexit sha1_base64="87NHx4iiFkHotHHnaTmBC42MG+8=">AAACAnicbVBNS8NAEN34WetX1JN4WSyCeCiJFPVY9OKxgv2AJpbNdtMu3WzC7kQpoXjxr3jxoIhXf4U3/43bNgdtfTDweG+GmXlBIrgGx/m2FhaXlldWC2vF9Y3NrW17Z7eh41RRVqexiFUrIJoJLlkdOAjWShQjUSBYMxhcjf3mPVOax/IWhgnzI9KTPOSUgJE69r6XcOwJFoLivT4QpeIHbLS7k45dcsrOBHieuDkpoRy1jv3ldWOaRkwCFUTrtusk4GdEAaeCjYpeqllC6ID0WNtQSSKm/WzywggfGaWLw1iZkoAn6u+JjERaD6PAdEYE+nrWG4v/ee0Uwgs/4zJJgUk6XRSmAkOMx3ngLleMghgaQqji5lZM+0QRCia1ognBnX15njROy+5ZuXJTKVUv8zgK6AAdomPkonNURdeohuqIokf0jF7Rm/VkvVjv1se0dcHKZ/bQH1ifPwHLlzA=</latexit>

⇡ $ ⇡⇤

Neural network

<latexit sha1_base64="Kinudobvr9tHVODisvRgHZZJwMM=">AAACBnicbVDLSgNBEOyNrxhfqx5FGAxCBAm7EtSLEPTiMUJekMRldjKbDJl9MDOrhCUnL/6KFw+KePUbvPk3TpIFNbGgoajqprvLjTiTyrK+jMzC4tLySnY1t7a+sbllbu/UZRgLQmsk5KFoulhSzgJaU0xx2owExb7LacMdXI39xh0VkoVBVQ0j2vFxL2AeI1hpyTH3hdOO+qwgjxE+Qhfo/raKfgTHzFtFawI0T+yU5CFFxTE/292QxD4NFOFYypZtRaqTYKEY4XSUa8eSRpgMcI+2NA2wT2UnmbwxQoda6SIvFLoChSbq74kE+1IOfVd3+lj15aw3Fv/zWrHyzjsJC6JY0YBMF3kxRypE40xQlwlKFB9qgolg+lZE+lhgonRyOR2CPfvyPKmfFO3TYummlC9fpnFkYQ8OoAA2nEEZrqECNSDwAE/wAq/Go/FsvBnv09aMkc7swh8YH99pf5aJ</latexit>

r�(s, a) = wT�(s, a)

Gradient Step on Reward

Gradient step on policy

<latexit sha1_base64="YbEAOmzuoGRfOtPZWnpJIjpZ6wk="></latexit>
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IRLv4 – Guided Cost Learning



Lecture Outline

Recap – IRL formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL

IRL as a GAN



Connecting Maximum-Entropy RL to GANs
Looks like a game

1. Start with a random policy 𝜋0 and weight vector w
2. Take a step on “soft” optimal policy under w –
3. Take a gradient step on w

4. Repeat

Output the optimal reward function w*

<latexit sha1_base64="fgc8w65wuFyJkSp4T8/tOvmtt9M=">AAAB8HicbVDLSgNBEOz1GeMr6tHLYBDiJexKUI9BLx4jmIckIcxOZpMhs7PLTK8SlnyFFw+KePVzvPk3TpI9aGJBQ1HVTXeXH0th0HW/nZXVtfWNzdxWfntnd2+/cHDYMFGiGa+zSEa65VPDpVC8jgIlb8Wa09CXvOmPbqZ+85FrIyJ1j+OYd0M6UCIQjKKVHuLeU6mDNDnrFYpu2Z2BLBMvI0XIUOsVvjr9iCUhV8gkNabtuTF2U6pRMMkn+U5ieEzZiA5421JFQ2666ezgCTm1Sp8EkbalkMzU3xMpDY0Zh77tDCkOzaI3Ff/z2gkGV91UqDhBrth8UZBIghGZfk/6QnOGcmwJZVrYWwkbUk0Z2ozyNgRv8eVl0jgvexflyl2lWL3O4sjBMZxACTy4hCrcQg3qwCCEZ3iFN0c7L8678zFvXXGymSP4A+fzB1EbkBo=</latexit>

pw(⌧)

<latexit sha1_base64="qHK9BYss+391Nu/BEjOnllBfRHg="></latexit>
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Reminder: Generative Adversarial Networks

Technique to learn generative models via a 2 player game

https://sthalles.github.io/intro-to-gans/

Key idea: Generator tries to “confuse” the discriminator. 
At convergence generated samples indistinguishable from real samples

Often approximate generator loss as:



Can inverse RL be considered a GAN?

Generator = policy
Discriminator = reward (kinda)

Find a policy which makes a discriminator unable to tell if 
the samples came from the policy or the demos 

Discriminator trained with 
classification between 

expert/non-expert 

Generator trained to max 
log D with RL

Challenge: only policy, not really a reward

Push up real data Push down policy data



Tweaking GAIL to connect with IRL

We can make simple tweaks to GAIL to get back to max-ent IRL

s 𝜎(𝑜)Discriminator

p(true/false)

Optimal discriminator
Choose a particular 

form of discriminator

Policy informed discriminator

τ
𝑟(𝜏)

Discriminator

p(true/false)
log 𝑍

-

log 𝑞(𝜏)

σ



Recasting GAIL as an IRL method
For a particular parameterization of the discriminator, we can show that GAN = max-ent IRL

Max-Ent Inverse RL GAN

With some massaging

<latexit sha1_base64="N97E/Lg6PTY9TQRiHY0NznGaXQM="></latexit>
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Push up demos, push down policy Push up real data, push down generated

<latexit sha1_base64="ZyF7j5PSWdcNOZVPc3LPlosdBV0="></latexit>
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Generator Optimization as Max-Ent RL

Maximum entropy RL with current reward!

Similar proof holds for the discriminator optimization – refer to https://arxiv.org/pdf/1611.03852



Adversarial IRL in Action 



Lecture Outline

Recap – IRL formulation

IRLv1 – max margin planning

IRLv2 – max entropy IRL

IRL as a GAN


