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The Success of Stable Reinforcement Learning
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Concepts of Inverse Reinforcement Lerarning
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The Equivalence  Between Two Objectives

Insight

The stability of IRL can be achieved by monotonically improving the likelihood of expert 

demonstrations, which is equivalent to reducing the return gap between the expert policy 

and the reward-induced policy.
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Trust Region Reward Optimization (TRRO)
Local Approximation of the Likelihood Objective
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<latexit sha1_base64="Afb4TWoT7+mUqwteRCHppXkyY+I=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1gEVyVRqS6LblxWsA9oQphMJu3QyYOZG6GEgr/ixoUibv0Od/6NkzYLbT0wzOGce5kzx08FV2BZ30ZlZXVtfaO6Wdva3tndM/cPuirJJGUdmohE9n2imOAx6wAHwfqpZCTyBev549vC7z0yqXgSP8AkZW5EhjEPOSWgJc88cvxEBGoS6St3YMSATL0Lz6xbDWsGvEzsktRRibZnfjlBQrOIxUAFUWpgWym4OZHAqWDTmpMplhI6JkM20DQmEVNuPos/xadaCXCYSH1iwDP190ZOIlUk1JMRgZFa9ArxP2+QQXjt5jxOM2AxnT8UZgJDgosucMAloyAmmhAquc6K6YhIQkE3VtMl2ItfXibd84bdbDTvL+utm7KOKjpGJ+gM2egKtdAdaqMOoihHz+gVvRlPxovxbnzMRytGuXOI/sD4/AHgj5YX</latexit>

ω3

<latexit sha1_base64="koKD32eB7za9eT/xs0VoEYWFX04="></latexit>

ωω0(ω)→ Cεω0(ω)
…

…

<latexit sha1_base64="1GvOqDqLTKKKcA5Sh9KdMk494rw=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQircuiG5dV7AOaWCaTSTt0MgkzE6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWeOn3CmtG1/W6W19Y3NrfJ2ZWd3b/+genjUVXEqCe2QmMey72NFORO0o5nmtJ9IiiOf054/ucn93hOVisXiQU8T6kV4JFjICNZGct0I67HvZ/ezx2BYrdl1ew60SpyC1KBAe1j9coOYpBEVmnCs1MCxE+1lWGpGOJ1V3FTRBJMJHtGBoQJHVHnZPPMMnRklQGEszRMazdXfGxmOlJpGvpnMM6plLxf/8wapDq+8jIkk1VSQxaEw5UjHKC8ABUxSovnUEEwkM1kRGWOJiTY1VUwJzvKXV0n3ou406o27y1rruqijDCdwCufgQBNacAtt6ACBBJ7hFd6s1Hqx3q2PxWjJKnaO4Q+szx85i5HT</latexit>

Rd

<latexit sha1_base64="8madxKOpys+iOLmLP4X5//Hi+ok=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy6r2Ae2Q8mkaRuayQzJHaEM/Qs3LhRx69+482/MtLPQ6oHA4Zx7ybkniKUw6LpfTmFldW19o7hZ2tre2d0r7x+0TJRoxpsskpHuBNRwKRRvokDJO7HmNAwkbweT68xvP3JtRKTucRpzP6QjJYaCUbTSQy+kOA6C9G7WL1fcqjsH+Uu8nFQgR6Nf/uwNIpaEXCGT1Jiu58bop1SjYJLPSr3E8JiyCR3xrqWKhtz46TzxjJxYZUCGkbZPIZmrPzdSGhozDQM7mSU0y14m/ud1Exxe+qlQcYJcscVHw0QSjEh2PhkIzRnKqSWUaWGzEjammjK0JZVsCd7yyX9J66zq1aq12/NK/SqvowhHcAyn4MEF1OEGGtAEBgqe4AVeHeM8O2/O+2K04OQ7h/ALzsc3wPGQ/Q==</latexit>R
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Local Approximation of the Likelihood Objective

<latexit sha1_base64="YOMIEfitRax+mPvqQNNXpPTXNuo="></latexit>

ωωold(ωnew)

<latexit sha1_base64="FdnKPPdZLRPMkomRfpE91cCHG08=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiQi1WXRjcsK9gFNCJPJpB06mYSZG6GEgr/ixoUibv0Od/6Nk7YLbT0wzOGce5kzJ8wE1+A439bK6tr6xmZlq7q9s7u3bx8cdnSaK8raNBWp6oVEM8ElawMHwXqZYiQJBeuGo9vS7z4ypXkqH2CcMT8hA8ljTgkYKbCPvTAVkR4n5io8GDIgk8AN7JpTd6bAy8SdkxqaoxXYX16U0jxhEqggWvddJwO/IAo4FWxS9XLNMkJHZMD6hkqSMO0X0/gTfGaUCMepMkcCnqq/NwqS6DKhmUwIDPWiV4r/ef0c4mu/4DLLgUk6eyjOBYYUl13giCtGQYwNIVRxkxXTIVGEgmmsakpwF7+8TDoXdbdRb9xf1po38zoq6ASdonPkoivURHeohdqIogI9o1f0Zj1ZL9a79TEbXbHmO0foD6zPH92HlhU=</latexit>

ω1
<latexit sha1_base64="rqTN2Ggah367nSfwyMwvr7eTfx8=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiQi1WXRjcsK9gFNCJPJpB06mYSZG6GEgr/ixoUibv0Od/6Nk7YLbT0wzOGce5kzJ8wE1+A439bK6tr6xmZlq7q9s7u3bx8cdnSaK8raNBWp6oVEM8ElawMHwXqZYiQJBeuGo9vS7z4ypXkqH2CcMT8hA8ljTgkYKbCPvTAVkR4n5io8GDIgk8AJ7JpTd6bAy8SdkxqaoxXYX16U0jxhEqggWvddJwO/IAo4FWxS9XLNMkJHZMD6hkqSMO0X0/gTfGaUCMepMkcCnqq/NwqS6DKhmUwIDPWiV4r/ef0c4mu/4DLLgUk6eyjOBYYUl13giCtGQYwNIVRxkxXTIVGEgmmsakpwF7+8TDoXdbdRb9xf1po38zoq6ASdonPkoivURHeohdqIogI9o1f0Zj1ZL9a79TEbXbHmO0foD6zPH9wDlhQ=</latexit>

ω0

<latexit sha1_base64="0xX6eXKqPHfqWLOScTPYVj8lDd0=">AAACAnicdVDLSgNBEJz1bXxFPYmXwSDoZdlNYjQ30YtHBWMC2SXMznbMkNkHM71CWIIXf8WLB0W8+hXe/BsnMYKKFgxTVHXT3RWkUmh0nHdranpmdm5+YbGwtLyyulZc37jSSaY4NHgiE9UKmAYpYmigQAmtVAGLAgnNoH868ps3oLRI4kscpOBH7DoWXcEZGqlT3PJAyj0vSGSoB5H5cg97gGy43ymWHNtxK+V6mTq2e1At12uGVI5q9apLXdsZo0QmOO8U37ww4VkEMXLJtG67Top+zhQKLmFY8DINKeN9dg1tQ2MWgfbz8QlDumuUkHYTZV6MdKx+78hZpEcLmsqIYU//9kbiX147w+6Rn4s4zRBi/jmom0mKCR3lQUOhgKMcGMK4EmZXyntMMY4mtYIJ4etS+j+5Kttuza5dVEvHJ5M4Fsg22SF7xCWH5JickXPSIJzcknvySJ6sO+vBerZePkunrEnPJvkB6/UDCXOX4g==</latexit>

ω(ω)

<latexit sha1_base64="ri6WUBf2zthlS4xZNSODWYooeDo=">AAACD3icbVDLSsNAFJ3UV62vqEs3g0VxVRKR6rLoxmUF+4AmhMlk2g6dPJi5EUrIH7jxV9y4UMStW3f+jZM2C229MMzhnHu55x4/EVyBZX0blZXVtfWN6mZta3tnd8/cP+iqOJWUdWgsYtn3iWKCR6wDHATrJ5KR0Bes509uCr33wKTicXQP04S5IRlFfMgpAU155qn0MsePRaCmof4yB8YMSK7JkMBYhpmW8jz3zLrVsGaFl4Fdgjoqq+2ZX04Q0zRkEVBBlBrYVgJuRiRwKlhec1LFEkInZMQGGkYkZMrNZvfk+EQzAR7GUr8I8Iz9PZGRUBV+dWfhUi1qBfmfNkhheOVmPEpSYBGdLxqmAkOMi3BwwCWjIKYaECq59orpmEhCQUdY0yHYiycvg+55w242mncX9dZ1GUcVHaFjdIZsdIla6Ba1UQdR9Iie0St6M56MF+Pd+Ji3Voxy5hD9KePzB8h6nms=</latexit>rωold

<latexit sha1_base64="W9zH4sAOz0UxMe72wYL4/MA4Sxw=">AAACD3icbVBNS8NAEN34WetX1aOXYFE8lUSkeix68VjBfkBbymYzaZduNmF3opSQf+DFv+LFgyJevXrz37hpe9DWgWUf780wb54XC67Rcb6tpeWV1bX1wkZxc2t7Z7e0t9/UUaIYNFgkItX2qAbBJTSQo4B2rICGnoCWN7rO9dY9KM0jeYfjGHohHUgecEbRUP3SieqnXS8Svh6H5ku7OASkmSFDikMVphIesizrl8pOxZmUvQjcGSiTWdX7pa+uH7EkBIlMUK07rhNjL6UKOROQFbuJhpiyER1Ax0BJQ9C9dHJPZh8bxreDSJkn0Z6wvydSGurcr+nMXep5LSf/0zoJBpe9lMs4QZBsuihIhI2RnYdj+1wBQzE2gDLFjVebDamiDE2ERROCO3/yImieVdxqpXp7Xq5dzeIokENyRE6JSy5IjdyQOmkQRh7JM3klb9aT9WK9Wx/T1iVrNnNA/pT1+QPZPp52</latexit>rωnew

<latexit sha1_base64="Y5rU9SvOfXtPNpUFVirz365SGkE=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFclUSkuqy6cVnRPqAJZTKdtEMnD2ZuhBKyc+OvuHGhiFt/wZ1/46QNoq0HLhzOuZd77/FiwRVY1pexsLi0vLJaWiuvb2xubZs7uy0VJZKyJo1EJDseUUzwkDWBg2CdWDISeIK1vdFV7rfvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHACAkNKRHqbYQd4wBT+kS6ynlmxqtYEeJ7YBamgAo2e+en0I5oELAQqiFJd24rBTYkETgXLyk6iWEzoiAxYV9OQ6IVuOvkjw0da6WM/krpCwBP190RKAqXGgac78xPVrJeL/3ndBPxzN+VhnAAL6XSRnwgMEc5DwX0uGQUx1oRQyfWtmA6JJBR0dGUdgj378jxpnVTtWrV2c1qpXxZxlNA+OkTHyEZnqI6uUQM1EUUP6Am9oFfj0Xg23oz3aeuCUczsoT8wPr4BPMOZkA==</latexit>

S →A

<latexit sha1_base64="+l/kxKAoMR1qLJ/Xo7ESy6m1iMg=">AAACAXicbZDLSsNAFIZP6q3WW9SN4CZYhApSEpHqsujGZQV7gTaUyXTSDp1MwsxEKCFufBU3LhRx61u4822ctBG09YeBj/+cw5zzexGjUtn2l1FYWl5ZXSuulzY2t7Z3zN29lgxjgUkThywUHQ9JwignTUUVI51IEBR4jLS98XVWb98TIWnI79QkIm6Ahpz6FCOlrb55ICq9AKmR5ycyPf1BlJ70zbJdtaeyFsHJoQy5Gn3zszcIcRwQrjBDUnYdO1JugoSimJG01IsliRAeoyHpauQoINJNphek1rF2BpYfCv24sqbu74kEBVJOAk93ZivK+Vpm/lfrxsq/dBPKo1gRjmcf+TGzVGhlcVgDKghWbKIBYUH1rhYeIYGw0qGVdAjO/MmL0DqrOrVq7fa8XL/K4yjCIRxBBRy4gDrcQAOagOEBnuAFXo1H49l4M95nrQUjn9mHPzI+vgGGppb1</latexit> r(
s,
a
)

<latexit sha1_base64="KCxmBW084f7SbvwH/9W/EilYcUo=">AAAB/nicbVDLSsNAFJ3UV62vqLhyEyyCq5IUqS6LblxWsA9oQphMJu3QySTM3AglFPwVNy4Ucet3uPNvnLRZaOuBYQ7n3MucOUHKmQLb/jYqa+sbm1vV7drO7t7+gXl41FNJJgntkoQnchBgRTkTtAsMOB2kkuI44LQfTG4Lv/9IpWKJeIBpSr0YjwSLGMGgJd88cYOEh2oa6yt3YUwBz/ymb9bthj2HtUqcktRRiY5vfrlhQrKYCiAcKzV07BS8HEtghNNZzc0UTTGZ4BEdaipwTJWXz+PPrHOthFaUSH0EWHP190aOY1Uk1JMxhrFa9grxP2+YQXTt5UykGVBBFg9FGbcgsYourJBJSoBPNcFEMp3VImMsMQHdWE2X4Cx/eZX0mg2n1WjdX9bbN2UdVXSKztAFctAVaqM71EFdRFCOntErejOejBfj3fhYjFaMcucY/YHx+QPfC5YW</latexit>

ω2
<latexit sha1_base64="Afb4TWoT7+mUqwteRCHppXkyY+I=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1gEVyVRqS6LblxWsA9oQphMJu3QyYOZG6GEgr/ixoUibv0Od/6NkzYLbT0wzOGce5kzx08FV2BZ30ZlZXVtfaO6Wdva3tndM/cPuirJJGUdmohE9n2imOAx6wAHwfqpZCTyBev549vC7z0yqXgSP8AkZW5EhjEPOSWgJc88cvxEBGoS6St3YMSATL0Lz6xbDWsGvEzsktRRibZnfjlBQrOIxUAFUWpgWym4OZHAqWDTmpMplhI6JkM20DQmEVNuPos/xadaCXCYSH1iwDP190ZOIlUk1JMRgZFa9ArxP2+QQXjt5jxOM2AxnT8UZgJDgosucMAloyAmmhAquc6K6YhIQkE3VtMl2ItfXibd84bdbDTvL+utm7KOKjpGJ+gM2egKtdAdaqMOoihHz+gVvRlPxovxbnzMRytGuXOI/sD4/AHgj5YX</latexit>

ω3

<latexit sha1_base64="koKD32eB7za9eT/xs0VoEYWFX04="></latexit>

ωω0(ω)→ Cεω0(ω)
…

…

<latexit sha1_base64="1GvOqDqLTKKKcA5Sh9KdMk494rw=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQircuiG5dV7AOaWCaTSTt0MgkzE6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWeOn3CmtG1/W6W19Y3NrfJ2ZWd3b/+genjUVXEqCe2QmMey72NFORO0o5nmtJ9IiiOf054/ucn93hOVisXiQU8T6kV4JFjICNZGct0I67HvZ/ezx2BYrdl1ew60SpyC1KBAe1j9coOYpBEVmnCs1MCxE+1lWGpGOJ1V3FTRBJMJHtGBoQJHVHnZPPMMnRklQGEszRMazdXfGxmOlJpGvpnMM6plLxf/8wapDq+8jIkk1VSQxaEw5UjHKC8ABUxSovnUEEwkM1kRGWOJiTY1VUwJzvKXV0n3ou406o27y1rruqijDCdwCufgQBNacAtt6ACBBJ7hFd6s1Hqx3q2PxWjJKnaO4Q+szx85i5HT</latexit>

Rd

<latexit sha1_base64="8madxKOpys+iOLmLP4X5//Hi+ok=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy6r2Ae2Q8mkaRuayQzJHaEM/Qs3LhRx69+482/MtLPQ6oHA4Zx7ybkniKUw6LpfTmFldW19o7hZ2tre2d0r7x+0TJRoxpsskpHuBNRwKRRvokDJO7HmNAwkbweT68xvP3JtRKTucRpzP6QjJYaCUbTSQy+kOA6C9G7WL1fcqjsH+Uu8nFQgR6Nf/uwNIpaEXCGT1Jiu58bop1SjYJLPSr3E8JiyCR3xrqWKhtz46TzxjJxYZUCGkbZPIZmrPzdSGhozDQM7mSU0y14m/ud1Exxe+qlQcYJcscVHw0QSjEh2PhkIzRnKqSWUaWGzEjammjK0JZVsCd7yyX9J66zq1aq12/NK/SqvowhHcAyn4MEF1OEGGtAEBgqe4AVeHeM8O2/O+2K04OQ7h/ALzsc3wPGQ/Q==</latexit>R

The Guarantee of Monotonic Improvement of the Likelihood



              Yang Chen        |        NeurIPS      |      2025        |Trust Region Reward Optimization and Proximal Inverse Reward Optimization Algorithm /116

Trust Region Reward Optimization (TRRO)
Local Approximation of the Likelihood Objective

<latexit sha1_base64="YOMIEfitRax+mPvqQNNXpPTXNuo="></latexit>

ωωold(ωnew)

<latexit sha1_base64="FdnKPPdZLRPMkomRfpE91cCHG08=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiQi1WXRjcsK9gFNCJPJpB06mYSZG6GEgr/ixoUibv0Od/6Nk7YLbT0wzOGce5kzJ8wE1+A439bK6tr6xmZlq7q9s7u3bx8cdnSaK8raNBWp6oVEM8ElawMHwXqZYiQJBeuGo9vS7z4ypXkqH2CcMT8hA8ljTgkYKbCPvTAVkR4n5io8GDIgk8AN7JpTd6bAy8SdkxqaoxXYX16U0jxhEqggWvddJwO/IAo4FWxS9XLNMkJHZMD6hkqSMO0X0/gTfGaUCMepMkcCnqq/NwqS6DKhmUwIDPWiV4r/ef0c4mu/4DLLgUk6eyjOBYYUl13giCtGQYwNIVRxkxXTIVGEgmmsakpwF7+8TDoXdbdRb9xf1po38zoq6ASdonPkoivURHeohdqIogI9o1f0Zj1ZL9a79TEbXbHmO0foD6zPH92HlhU=</latexit>

ω1
<latexit sha1_base64="rqTN2Ggah367nSfwyMwvr7eTfx8=">AAAB/nicbVDLSsNAFJ34rPUVFVduBovgqiQi1WXRjcsK9gFNCJPJpB06mYSZG6GEgr/ixoUibv0Od/6Nk7YLbT0wzOGce5kzJ8wE1+A439bK6tr6xmZlq7q9s7u3bx8cdnSaK8raNBWp6oVEM8ElawMHwXqZYiQJBeuGo9vS7z4ypXkqH2CcMT8hA8ljTgkYKbCPvTAVkR4n5io8GDIgk8AJ7JpTd6bAy8SdkxqaoxXYX16U0jxhEqggWvddJwO/IAo4FWxS9XLNMkJHZMD6hkqSMO0X0/gTfGaUCMepMkcCnqq/NwqS6DKhmUwIDPWiV4r/ef0c4mu/4DLLgUk6eyjOBYYUl13giCtGQYwNIVRxkxXTIVGEgmmsakpwF7+8TDoXdbdRb9xf1po38zoq6ASdonPkoivURHeohdqIogI9o1f0Zj1ZL9a79TEbXbHmO0foD6zPH9wDlhQ=</latexit>

ω0

<latexit sha1_base64="0xX6eXKqPHfqWLOScTPYVj8lDd0=">AAACAnicdVDLSgNBEJz1bXxFPYmXwSDoZdlNYjQ30YtHBWMC2SXMznbMkNkHM71CWIIXf8WLB0W8+hXe/BsnMYKKFgxTVHXT3RWkUmh0nHdranpmdm5+YbGwtLyyulZc37jSSaY4NHgiE9UKmAYpYmigQAmtVAGLAgnNoH868ps3oLRI4kscpOBH7DoWXcEZGqlT3PJAyj0vSGSoB5H5cg97gGy43ymWHNtxK+V6mTq2e1At12uGVI5q9apLXdsZo0QmOO8U37ww4VkEMXLJtG67Top+zhQKLmFY8DINKeN9dg1tQ2MWgfbz8QlDumuUkHYTZV6MdKx+78hZpEcLmsqIYU//9kbiX147w+6Rn4s4zRBi/jmom0mKCR3lQUOhgKMcGMK4EmZXyntMMY4mtYIJ4etS+j+5Kttuza5dVEvHJ5M4Fsg22SF7xCWH5JickXPSIJzcknvySJ6sO+vBerZePkunrEnPJvkB6/UDCXOX4g==</latexit>

ω(ω)

<latexit sha1_base64="ri6WUBf2zthlS4xZNSODWYooeDo=">AAACD3icbVDLSsNAFJ3UV62vqEs3g0VxVRKR6rLoxmUF+4AmhMlk2g6dPJi5EUrIH7jxV9y4UMStW3f+jZM2C229MMzhnHu55x4/EVyBZX0blZXVtfWN6mZta3tnd8/cP+iqOJWUdWgsYtn3iWKCR6wDHATrJ5KR0Bes509uCr33wKTicXQP04S5IRlFfMgpAU155qn0MsePRaCmof4yB8YMSK7JkMBYhpmW8jz3zLrVsGaFl4Fdgjoqq+2ZX04Q0zRkEVBBlBrYVgJuRiRwKlhec1LFEkInZMQGGkYkZMrNZvfk+EQzAR7GUr8I8Iz9PZGRUBV+dWfhUi1qBfmfNkhheOVmPEpSYBGdLxqmAkOMi3BwwCWjIKYaECq59orpmEhCQUdY0yHYiycvg+55w242mncX9dZ1GUcVHaFjdIZsdIla6Ba1UQdR9Iie0St6M56MF+Pd+Ji3Voxy5hD9KePzB8h6nms=</latexit>rωold

<latexit sha1_base64="W9zH4sAOz0UxMe72wYL4/MA4Sxw=">AAACD3icbVBNS8NAEN34WetX1aOXYFE8lUSkeix68VjBfkBbymYzaZduNmF3opSQf+DFv+LFgyJevXrz37hpe9DWgWUf780wb54XC67Rcb6tpeWV1bX1wkZxc2t7Z7e0t9/UUaIYNFgkItX2qAbBJTSQo4B2rICGnoCWN7rO9dY9KM0jeYfjGHohHUgecEbRUP3SieqnXS8Svh6H5ku7OASkmSFDikMVphIesizrl8pOxZmUvQjcGSiTWdX7pa+uH7EkBIlMUK07rhNjL6UKOROQFbuJhpiyER1Ax0BJQ9C9dHJPZh8bxreDSJkn0Z6wvydSGurcr+nMXep5LSf/0zoJBpe9lMs4QZBsuihIhI2RnYdj+1wBQzE2gDLFjVebDamiDE2ERROCO3/yImieVdxqpXp7Xq5dzeIokENyRE6JSy5IjdyQOmkQRh7JM3klb9aT9WK9Wx/T1iVrNnNA/pT1+QPZPp52</latexit>rωnew

<latexit sha1_base64="Y5rU9SvOfXtPNpUFVirz365SGkE=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBFclUSkuqy6cVnRPqAJZTKdtEMnD2ZuhBKyc+OvuHGhiFt/wZ1/46QNoq0HLhzOuZd77/FiwRVY1pexsLi0vLJaWiuvb2xubZs7uy0VJZKyJo1EJDseUUzwkDWBg2CdWDISeIK1vdFV7rfvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHACAkNKRHqbYQd4wBT+kS6ynlmxqtYEeJ7YBamgAo2e+en0I5oELAQqiFJd24rBTYkETgXLyk6iWEzoiAxYV9OQ6IVuOvkjw0da6WM/krpCwBP190RKAqXGgac78xPVrJeL/3ndBPxzN+VhnAAL6XSRnwgMEc5DwX0uGQUx1oRQyfWtmA6JJBR0dGUdgj378jxpnVTtWrV2c1qpXxZxlNA+OkTHyEZnqI6uUQM1EUUP6Am9oFfj0Xg23oz3aeuCUczsoT8wPr4BPMOZkA==</latexit>

S →A

<latexit sha1_base64="+l/kxKAoMR1qLJ/Xo7ESy6m1iMg=">AAACAXicbZDLSsNAFIZP6q3WW9SN4CZYhApSEpHqsujGZQV7gTaUyXTSDp1MwsxEKCFufBU3LhRx61u4822ctBG09YeBj/+cw5zzexGjUtn2l1FYWl5ZXSuulzY2t7Z3zN29lgxjgUkThywUHQ9JwignTUUVI51IEBR4jLS98XVWb98TIWnI79QkIm6Ahpz6FCOlrb55ICq9AKmR5ycyPf1BlJ70zbJdtaeyFsHJoQy5Gn3zszcIcRwQrjBDUnYdO1JugoSimJG01IsliRAeoyHpauQoINJNphek1rF2BpYfCv24sqbu74kEBVJOAk93ZivK+Vpm/lfrxsq/dBPKo1gRjmcf+TGzVGhlcVgDKghWbKIBYUH1rhYeIYGw0qGVdAjO/MmL0DqrOrVq7fa8XL/K4yjCIRxBBRy4gDrcQAOagOEBnuAFXo1H49l4M95nrQUjn9mHPzI+vgGGppb1</latexit> r(
s,
a
)

<latexit sha1_base64="KCxmBW084f7SbvwH/9W/EilYcUo=">AAAB/nicbVDLSsNAFJ3UV62vqLhyEyyCq5IUqS6LblxWsA9oQphMJu3QySTM3AglFPwVNy4Ucet3uPNvnLRZaOuBYQ7n3MucOUHKmQLb/jYqa+sbm1vV7drO7t7+gXl41FNJJgntkoQnchBgRTkTtAsMOB2kkuI44LQfTG4Lv/9IpWKJeIBpSr0YjwSLGMGgJd88cYOEh2oa6yt3YUwBz/ymb9bthj2HtUqcktRRiY5vfrlhQrKYCiAcKzV07BS8HEtghNNZzc0UTTGZ4BEdaipwTJWXz+PPrHOthFaUSH0EWHP190aOY1Uk1JMxhrFa9grxP2+YQXTt5UykGVBBFg9FGbcgsYourJBJSoBPNcFEMp3VImMsMQHdWE2X4Cx/eZX0mg2n1WjdX9bbN2UdVXSKztAFctAVaqM71EFdRFCOntErejOejBfj3fhYjFaMcucY/YHx+QPfC5YW</latexit>

ω2
<latexit sha1_base64="Afb4TWoT7+mUqwteRCHppXkyY+I=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1gEVyVRqS6LblxWsA9oQphMJu3QyYOZG6GEgr/ixoUibv0Od/6NkzYLbT0wzOGce5kzx08FV2BZ30ZlZXVtfaO6Wdva3tndM/cPuirJJGUdmohE9n2imOAx6wAHwfqpZCTyBev549vC7z0yqXgSP8AkZW5EhjEPOSWgJc88cvxEBGoS6St3YMSATL0Lz6xbDWsGvEzsktRRibZnfjlBQrOIxUAFUWpgWym4OZHAqWDTmpMplhI6JkM20DQmEVNuPos/xadaCXCYSH1iwDP190ZOIlUk1JMRgZFa9ArxP2+QQXjt5jxOM2AxnT8UZgJDgosucMAloyAmmhAquc6K6YhIQkE3VtMl2ItfXibd84bdbDTvL+utm7KOKjpGJ+gM2egKtdAdaqMOoihHz+gVvRlPxovxbnzMRytGuXOI/sD4/AHgj5YX</latexit>

ω3

<latexit sha1_base64="koKD32eB7za9eT/xs0VoEYWFX04="></latexit>

ωω0(ω)→ Cεω0(ω)
…

…

<latexit sha1_base64="1GvOqDqLTKKKcA5Sh9KdMk494rw=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQircuiG5dV7AOaWCaTSTt0MgkzE6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWeOn3CmtG1/W6W19Y3NrfJ2ZWd3b/+genjUVXEqCe2QmMey72NFORO0o5nmtJ9IiiOf054/ucn93hOVisXiQU8T6kV4JFjICNZGct0I67HvZ/ezx2BYrdl1ew60SpyC1KBAe1j9coOYpBEVmnCs1MCxE+1lWGpGOJ1V3FTRBJMJHtGBoQJHVHnZPPMMnRklQGEszRMazdXfGxmOlJpGvpnMM6plLxf/8wapDq+8jIkk1VSQxaEw5UjHKC8ABUxSovnUEEwkM1kRGWOJiTY1VUwJzvKXV0n3ou406o27y1rruqijDCdwCufgQBNacAtt6ACBBJ7hFd6s1Hqx3q2PxWjJKnaO4Q+szx85i5HT</latexit>

Rd

<latexit sha1_base64="8madxKOpys+iOLmLP4X5//Hi+ok=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy6r2Ae2Q8mkaRuayQzJHaEM/Qs3LhRx69+482/MtLPQ6oHA4Zx7ybkniKUw6LpfTmFldW19o7hZ2tre2d0r7x+0TJRoxpsskpHuBNRwKRRvokDJO7HmNAwkbweT68xvP3JtRKTucRpzP6QjJYaCUbTSQy+kOA6C9G7WL1fcqjsH+Uu8nFQgR6Nf/uwNIpaEXCGT1Jiu58bop1SjYJLPSr3E8JiyCR3xrqWKhtz46TzxjJxYZUCGkbZPIZmrPzdSGhozDQM7mSU0y14m/ud1Exxe+qlQcYJcscVHw0QSjEh2PhkIzRnKqSWUaWGzEjammjK0JZVsCd7yyX9J66zq1aq12/NK/SqvowhHcAyn4MEF1OEGGtAEBgqe4AVeHeM8O2/O+2K04OQ7h/ALzsc3wPGQ/Q==</latexit>R

The Guarantee of Monotonic Improvement of the Likelihood

The Procedure of TRRO
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Thanks for your watching !
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