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Reinforcement Learning
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Markov Decision Process

A Markov Decision Process (MDP) [Puterman, 2014] is a 
mathematical framework for modelling sequential decision 

making problems.
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Configurable Environments
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Configurable Markov Decision Processes

A Configurable Markov Decision Process (Conf-MDP) [Metelli
et al., 2018] is an extension of a classic MDP in order to deal with 

configurable environments.
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Configurable Markov Decision Processes

We can think to a Conf-MDP as a system with two entities:

• Learning agent
• Configurator

From a abstract point of view, they act in a fully-cooperative
scenario.
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What if the agent and the configurator are no longer 
cooperative?

Configurable Markov Decision Processes



Nome Cognome, assoc.prof. ABC Dept.

Possible scenarios

Supermarket
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Possible scenarios

Computer Security
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Non-Cooperative Configurable Markov Decision Processes

A Non-Cooperative Configurable Markov Decision Process 
(NConf-MDP) is an extension of Conf-MDP in order to model a 

non-cooperative interaction between the agent and the 
configurator.
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Markov Decision Processes

Formally a finite-horizon MDP is a tuple  , where:

• is the set of states

• is the set of actions

• is the transition model

• is the reward function

• is the probability distribution over the initial state

• is the time horizon

S
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Policy

The agent selects actions following a policy.

Deterministic policy in the finite-horizon 

setting is a sequence of decision rules                     .

⇡ = (⇡1,⇡2, . . . ,⇡H)
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where                              is the expected agent’s return.

Solving a MDP

Solving a MDP means finding the optimal policy, i.e. the policy 
that maximizes the agent performance.

⇡? = argmax
⇡2⇧

V ⇡
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#
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• State value function

• State-action value function

Optimal Value Functions

• Represents the value of a state in a time instant under the optimal
policy.

h
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• Represents the value of a state-action pair in a time instant under the 
optimal policy.
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State Value Function

The state value function can be defined by this formula, named
Bellman optimality equation:

(                    )

V ?
h (s) = r(s) + max

a2A

"
X

s0

p(s0|s, a)V ?
h+1(s

0)

#
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State-action Value Function

The state-action value function can be derived starting from 
the value function:

Q?
h(s, a) = r(s) +

X

s0

p(s0|s, a)V ?
h+1(s

0)
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Backward Value Iteration

V ?
h (s) = r(s) + max

a2A
[
X

s0

p(s0|s, a)V ?
h+1(s

0)] 8s 2 S
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Compute Q-function 
starting from V-function

Compute the greedy 
policy

⇡h(s) argmaxa[Qh(s, a)] 8h 2 [H]
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VH(s) = r(s) 8s 2 S
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Configurable Markov Decision Processes

Formally, a finite-horizon Conf-MDP is a tuple , 

where:

• is a finite-horizon MDP without the transition 

model   

• is the set of transition modelsP
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Objective: Find the model-policy pair            that maximize the 

agent performance.

(p,⇡)
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Non-Cooperative Configurable Markov Decision Processes

Formally, a NConf-MDP is a tuple , where:

• is a finite-horizon Conf-MDP without the 

reward function 

• is the reward function of the agent (opponent)

• is the reward function of the configurator

(S,A,P, ro, rc, µ,H)

<latexit sha1_base64="8QTByq25kYn2YIIvSEAfQ9sPvew=">AAACLXicbVDJSgNBEO1xN25Rj14agxAhhBmJqDeXi8eIxgSSEGo6ldikZ6G7RghDvsVP8Cu86smDoF79DWdikJhYh+K9V1VU1XNDJQ3Z9ps1Mzs3v7C4tJxZWV1b38hubt2aINICKyJQga65YFBJHyskSWEt1Aieq7Dq9i7SevUetZGBf0P9EJsedH3ZkQIokVrZk3zDA7oToOLrQYH/krNxUk6IbgVpEqkcFfjlfiubs4v2MPg0cEYgx0ZRbmU/Gu1ARB76JBQYU3fskJoxaJJC4SDTiAyGIHrQxXoCffDQNOPhiwO+FxmggIeouVR8KOL4RAyeMX3PTTrTq81kLRX/q9Uj6hw3Y+mHEaEv0kUkFQ4XGaFl4h3yttRIBOnlyKXPBWggQi05CJGIUWJmJvHDmfx+GtweFJ1S8fCqlDs9HzmzxHbYLsszhx2xU3bJyqzCBHtgT+yZvViP1qv1bn3+tM5Yo5lt9iesr28U/6bz</latexit>

(S,A,P, µ,H)

<latexit sha1_base64="HmXnY3uGla7gNGXWvjpJFVooLv8=">AAACI3icbVDLSgNBEJz1bXxFPXoZDEKEEHcloseoF48RzQOSEHonHR0y+2CmVwhLPsNP8Cu86smbePHgv7i7BtFonaqruunuckMlDdn2uzUzOze/sLi0nFtZXVvfyG9uNUwQaYF1EahAt1wwqKSPdZKksBVqBM9V2HSH56nfvENtZOBf0yjErgc3vhxIAZRIvfxBseMB3QpQ8dW4xL+L059FLSuiEr/Y7+ULdtnOwP8SZ0IKbIJaL//R6Qci8tAnocCYtmOH1I1BkxQKx7lOZDAEMYQbbCfUBw9NN84eG/O9yAAFPETNpeKZiD8nYvCMGXlu0pneaqa9VPzPa0c0OOnG0g8jQl+ki0gqzBYZoWWSGPK+1EgE6eXIpc8FaCBCLTkIkYhREmEuycOZ/v4vaRyWnUr56LJSqJ5NklliO2yXFZnDjlmVXbAaqzPB7tkje2LP1oP1Yr1ab1+tM9ZkZpv9gvXxCSjKo4M=</latexit>

ro(s)

<latexit sha1_base64="xWMYIAdFFStGpkG0EAJTHiDw60k=">AAAB+HicbVC7TsNAEFzzDOEVoKQ5ESGFJrJREJQRNJRBIg8psaLzZROOnB+6WyOFKP9ACxUdouVvKPgXbOMCEqYazexqZ8eLlDRk25/W0vLK6tp6YaO4ubW9s1va22+ZMNYCmyJUoe543KCSATZJksJOpJH7nsK2N75K/fYDaiPD4JYmEbo+HwVyKAWnRGrpflgxJ/1S2a7aGdgicXJShhyNfumrNwhF7GNAQnFjuo4dkTvlmqRQOCv2YoMRF2M+wm5CA+6jcadZ2hk7jg2nkEWomVQsE/H3xpT7xkx8L5n0Od2ZeS8V//O6MQ0v3KkMopgwEOkhkgqzQ0ZomdSAbCA1EvE0OTIZMME1J0ItGRciEeOkl2LShzP//SJpnVadWvXsplauX+bNFOAQjqACDpxDHa6hAU0QcA9P8Awv1qP1ar1Z7z+jS1a+cwB/YH18A7EHk0c=</latexit>

rc(s)

<latexit sha1_base64="5XZxNrCk0+DWi3obybzqYLubw5Q=">AAAB+HicbVC7TsNAEFzzDOEVoKQ5ESGFJrJREJQRNJRBIg8psaLzZROOnB+6WyOFKP9ACxUdouVvKPgXbOMCEqYazexqZ8eLlDRk25/W0vLK6tp6YaO4ubW9s1va22+ZMNYCmyJUoe543KCSATZJksJOpJH7nsK2N75K/fYDaiPD4JYmEbo+HwVyKAWnRGrpvqiYk36pbFftDGyRODkpQ45Gv/TVG4Qi9jEgobgxXceOyJ1yTVIonBV7scGIizEfYTehAffRuNMs7Ywdx4ZTyCLUTCqWifh7Y8p9Yya+l0z6nO7MvJeK/3ndmIYX7lQGUUwYiPQQSYXZISO0TGpANpAaiXiaHJkMmOCaE6GWjAuRiHHSSzHpw5n/fpG0TqtOrXp2UyvXL/NmCnAIR1ABB86hDtfQgCYIuIcneIYX69F6td6s95/RJSvfOYA/sD6+AZ4vkzs=</latexit>

Objective: Find the model-policy pair            that maximize the 

configurator performance, knowing that     is optimal in    .

(p,⇡)

<latexit sha1_base64="adefmspJU2sHomJEoP5Pq1jXMXk=">AAAB+nicbVDLSgNBEJz1GeMr6tHLYBAiSNiViB6DXjxGMA9IljA76cQhs7PDTK8QYn7Cq568iVd/xoP/4u66B02sU1HVTVdXoKWw6LqfztLyyuraemGjuLm1vbNb2ttv2Sg2HJo8kpHpBMyCFAqaKFBCRxtgYSChHYyvU7/9AMaKSN3hRIMfspESQ8EZJlKnok9pT4uTfqnsVt0MdJF4OSmTHI1+6as3iHgcgkIumbVdz9XoT5lBwSXMir3YgmZ8zEbQTahiIVh/muWd0ePYMoyoBkOFpJkIvzemLLR2EgbJZMjw3s57qfif141xeOlPhdIxguLpIRQSskOWG5EUAXQgDCCyNDlQoShnhiGCEZRxnohx0kwx6cOb/36RtM6qXq16flsr16/yZgrkkByRCvHIBamTG9IgTcKJJE/kmbw4j86r8+a8/4wuOfnOAfkD5+MbXVeTmQ==</latexit>

⇡

<latexit sha1_base64="2y8nB2+H+EgCh/1usItyghyRpgM=">AAAB9XicbVC7TsNAEDyHVwivACXNiQiJKrIRCMoIGsogyENKrOh82YRTzufT3RoUWfkEWqjoEC3fQ8G/YBsXkDDVaGZXOzuBlsKi6346paXlldW18nplY3Nre6e6u9e2UWw4tHgkI9MNmAUpFLRQoISuNsDCQEInmFxlfucBjBWRusOpBj9kYyVGgjNMpdu+FoNqza27Oegi8QpSIwWag+pXfxjxOASFXDJre56r0U+YQcElzCr92IJmfMLG0EupYiFYP8mjzuhRbBlGVIOhQtJchN8bCQutnYZBOhkyvLfzXib+5/ViHF34iVA6RlA8O4RCQn7IciPSDoAOhQFEliUHKhTlzDBEMIIyzlMxTkuppH14898vkvZJ3Tutn92c1hqXRTNlckAOyTHxyDlpkGvSJC3CyZg8kWfy4jw6r86b8/4zWnKKnX3yB87HN/rLklo=</latexit>

p

<latexit sha1_base64="aWC2zGC8aZF+4A2BKSlzBYyo+mY=">AAAB83icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNJSJRB5SYkXnyyaccrZPd3tIkZUvoIWKDtHyQRT8C7ZxAQlTjWZ2tbMTKCkMuu6nU1pb39jcKm9Xdnb39g+qh0ddE1vNocNjGet+wAxIEUEHBUroKw0sDCT0gtlt5vceQRsRR/c4V+CHbBqJieAMU6mtRtWaW3dz0FXiFaRGCrRG1a/hOOY2hAi5ZMYMPFehnzCNgktYVIbWgGJ8xqYwSGnEQjB+kgdd0DNrGMZUgaZC0lyE3xsJC42Zh0E6GTJ8MMteJv7nDSxOrv1ERMoiRDw7hEJCfshwLdIGgI6FBkSWJQcqIsqZZoigBWWcp6JNK6mkfXjL36+S7kXda9Qv241a86ZopkxOyCk5Jx65Ik1yR1qkQzgB8kSeyYtjnVfnzXn/GS05xc4x+QPn4xt8qZGB</latexit>
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Non-Cooperative Configurable Markov Decision Processes

Configurator selects
pi 2 P

<latexit sha1_base64="OEkuGnMXH4gKG55FrBbw5Z4Ooqg=">AAACB3icbVC7TsNAEDyHVwgvQ0qaExESVWSjICgjaCiDREKk2IrWl0045fzQ3RopsvIBfAUtVHSIls+g4F+wQwpImGo0s6udnSBR0pDjfFqlldW19Y3yZmVre2d3z94/6Jg41QLbIlax7gZgUMkI2yRJYTfRCGGg8C4YXxX+3QNqI+PoliYJ+iGMIjmUAiiX+nY16UvuyYh7IdC9AJW1pn275tSdGfgyceekxuZo9e0vbxCLNMSIhAJjeq6TkJ+BJikUTiteajABMYYR9nIaQYjGz2bhp/w4NUAxT1BzqfhMxN8bGYTGTMIgnywimkWvEP/zeikNL/xMRklKGIniEEmFs0NGaJm3gnwgNRJBkRx53oIADUSoJQchcjHNa6rkfbiL3y+TzmndbdTPbhq15uW8mTI7ZEfshLnsnDXZNWuxNhNswp7YM3uxHq1X6816/xktWfOdKvsD6+MbSOqZHw==</latexit>

Agent learns the 
optimal policy

⇡i

<latexit sha1_base64="Y0QkgIylHqSMrdvhZ3sb5QVVR+8=">AAAB93icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNJRBwkmkxIrOl01Y5fzQ3RopsvINtFDRIVo+h4J/wTYuIDDVaGZXOzt+rNCQbX9YlZXVtfWN6mZta3tnd6++f9A1UaIluDJSke77woDCEFxCUtCPNYjAV9DzZ9e533sAbTAK72gegxeIaYgTlIIyyR3GOMJRvWE37QL8L3FK0mAlOqP653AcySSAkKQSxgwcOyYvFZpQKljUhomBWMiZmMIgo6EIwHhpEXbBTxIjKOIxaI6KFyL83EhFYMw88LPJQNC9WfZy8T9vkNDk0ksxjBOCUOaHCBUUh4zUmLUAfIwaiESeHDiGXAotiEAjF1JmYpLVUsv6cJa//0u6Z02n1Ty/bTXaV2UzVXbEjtkpc9gFa7Mb1mEukwzZI3tiz9bcerFerbfv0YpV7hyyX7DevwB/UpM2</latexit>

Configurator observes 
agent’s trajectories 
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Non-Cooperative Configurable Markov Decision Problem

From a game-theoretic point of view, the interaction between the 
agent and the configuration can be modelled using Stackelberg 

Games.
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Stackelberg Games

The simplest formulation of Stackelberg game is characterized 
by two players, a leader and a follower, that interact in a 
hierarchical structure:

1. The leader plays its strategy first.
2. The follower plays its best response
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Stackelberg Games

The leader aims to solve this optimization problem:

While the follower aims to solve this optimization problem:

where                                      .  BR(a1) 2 argmax
a2A2

r2(a1, a)

<latexit sha1_base64="eWNo3bQSiI6dTZnFaSxqd5yAGTs="></latexit>

max
a12A

{r1(a1, BR(a1))}

<latexit sha1_base64="9hv2HPpneUYoGwbrfmiB7t8Mwj4=">AAACJHicbVC7TsNAEDzzJrwClDQnIiSQUGSjICgDNJSACIkUR9b6WODE+aG7NSKy/Bt8Al9BCxUdoqCAb+EcUvCa5uZmdrW7E6ZKGnLdN2dkdGx8YnJqujIzOze/UF1cOjNJpgW2RKIS3QnBoJIxtkiSwk6qEaJQYTu8Pij99g1qI5P4lPop9iK4jOWFFEBWCqquH8FtkEPgcV/G3P7oSoDK94rCz7kOvHVrbfL9k/Ld2PCLoFpz6+4A/C/xhqTGhjgKqu/+eSKyCGMSCozpem5KvRw0SaGwqPiZwRTENVxi19IYIjS9fHBZwdcyA5TwFDWXig9E/N6RQ2RMPwptZbm5+e2V4n9eN6OL3V4u4zQjjEU5iKTCwSAjtLSRIT+XGomg3By5DUeABiLUkoMQVsxshhWbh/f7+r/kbKvuNerbx41ac3+YzBRbYatsnXlshzXZITtiLSbYHXtgj+zJuXeenRfn9at0xBn2LLMfcD4+AaJQoxo=</latexit>
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Non-Cooperative Configurable Markov Decision Processes

Configurator selects
pi 2 P

<latexit sha1_base64="OEkuGnMXH4gKG55FrBbw5Z4Ooqg=">AAACB3icbVC7TsNAEDyHVwgvQ0qaExESVWSjICgjaCiDREKk2IrWl0045fzQ3RopsvIBfAUtVHSIls+g4F+wQwpImGo0s6udnSBR0pDjfFqlldW19Y3yZmVre2d3z94/6Jg41QLbIlax7gZgUMkI2yRJYTfRCGGg8C4YXxX+3QNqI+PoliYJ+iGMIjmUAiiX+nY16UvuyYh7IdC9AJW1pn275tSdGfgyceekxuZo9e0vbxCLNMSIhAJjeq6TkJ+BJikUTiteajABMYYR9nIaQYjGz2bhp/w4NUAxT1BzqfhMxN8bGYTGTMIgnywimkWvEP/zeikNL/xMRklKGIniEEmFs0NGaJm3gnwgNRJBkRx53oIADUSoJQchcjHNa6rkfbiL3y+TzmndbdTPbhq15uW8mTI7ZEfshLnsnDXZNWuxNhNswp7YM3uxHq1X6816/xktWfOdKvsD6+MbSOqZHw==</latexit>

Agent learns the 
optimal policy

⇡i

<latexit sha1_base64="Y0QkgIylHqSMrdvhZ3sb5QVVR+8=">AAAB93icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNJRBwkmkxIrOl01Y5fzQ3RopsvINtFDRIVo+h4J/wTYuIDDVaGZXOzt+rNCQbX9YlZXVtfWN6mZta3tnd6++f9A1UaIluDJSke77woDCEFxCUtCPNYjAV9DzZ9e533sAbTAK72gegxeIaYgTlIIyyR3GOMJRvWE37QL8L3FK0mAlOqP653AcySSAkKQSxgwcOyYvFZpQKljUhomBWMiZmMIgo6EIwHhpEXbBTxIjKOIxaI6KFyL83EhFYMw88LPJQNC9WfZy8T9vkNDk0ksxjBOCUOaHCBUUh4zUmLUAfIwaiESeHDiGXAotiEAjF1JmYpLVUsv6cJa//0u6Z02n1Ty/bTXaV2UzVXbEjtkpc9gFa7Mb1mEukwzZI3tiz9bcerFerbfv0YpV7hyyX7DevwB/UpM2</latexit>

Configurator observes 
agent’s trajectories 
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Non-Cooperative Configurable Markov Decision Processes

Configurator selects
pi 2 P

<latexit sha1_base64="OEkuGnMXH4gKG55FrBbw5Z4Ooqg=">AAACB3icbVC7TsNAEDyHVwgvQ0qaExESVWSjICgjaCiDREKk2IrWl0045fzQ3RopsvIBfAUtVHSIls+g4F+wQwpImGo0s6udnSBR0pDjfFqlldW19Y3yZmVre2d3z94/6Jg41QLbIlax7gZgUMkI2yRJYTfRCGGg8C4YXxX+3QNqI+PoliYJ+iGMIjmUAiiX+nY16UvuyYh7IdC9AJW1pn275tSdGfgyceekxuZo9e0vbxCLNMSIhAJjeq6TkJ+BJikUTiteajABMYYR9nIaQYjGz2bhp/w4NUAxT1BzqfhMxN8bGYTGTMIgnywimkWvEP/zeikNL/xMRklKGIniEEmFs0NGaJm3gnwgNRJBkRx53oIADUSoJQchcjHNa6rkfbiL3y+TzmndbdTPbhq15uW8mTI7ZEfshLnsnDXZNWuxNhNswp7YM3uxHq1X6816/xktWfOdKvsD6+MbSOqZHw==</latexit>

Configurator observes its 
performance
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If we ignore the structure of the problem we could cast the 
problem of learning the best configuration to a Multi-armed 

Bandit.

Non-Cooperative Configurable Markov Decision Processes
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Upper Confidence Bound

Upper Confidence Bound (UCB) solve MAB problem using the 
”Optimism in Face of Uncertainty” (OFU) principle.

Multi-armed Bandits are a special class of MDPs with only one state.
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Performance of MAB algorithms

We can measure the performance of a generic MAB algorithm 
using the regret:

� = E
"

KX

k=1

max
a2A

Va � Vak

#

<latexit sha1_base64="aOrETfEoq+WyNLYYxXi1afVTGl0="></latexit>

Value of the 
best action

Value of the action 
performed in 

episode k
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Non-Cooperative Configurable Markov Decision Processes

Configurator selects
pi 2 P

<latexit sha1_base64="OEkuGnMXH4gKG55FrBbw5Z4Ooqg=">AAACB3icbVC7TsNAEDyHVwgvQ0qaExESVWSjICgjaCiDREKk2IrWl0045fzQ3RopsvIBfAUtVHSIls+g4F+wQwpImGo0s6udnSBR0pDjfFqlldW19Y3yZmVre2d3z94/6Jg41QLbIlax7gZgUMkI2yRJYTfRCGGg8C4YXxX+3QNqI+PoliYJ+iGMIjmUAiiX+nY16UvuyYh7IdC9AJW1pn275tSdGfgyceekxuZo9e0vbxCLNMSIhAJjeq6TkJ+BJikUTiteajABMYYR9nIaQYjGz2bhp/w4NUAxT1BzqfhMxN8bGYTGTMIgnywimkWvEP/zeikNL/xMRklKGIniEEmFs0NGaJm3gnwgNRJBkRx53oIADUSoJQchcjHNa6rkfbiL3y+TzmndbdTPbhq15uW8mTI7ZEfshLnsnDXZNWuxNhNswp7YM3uxHq1X6816/xktWfOdKvsD6+MbSOqZHw==</latexit>

Agent learns the 
optimal policy

⇡i

<latexit sha1_base64="Y0QkgIylHqSMrdvhZ3sb5QVVR+8=">AAAB93icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNJRBwkmkxIrOl01Y5fzQ3RopsvINtFDRIVo+h4J/wTYuIDDVaGZXOzt+rNCQbX9YlZXVtfWN6mZta3tnd6++f9A1UaIluDJSke77woDCEFxCUtCPNYjAV9DzZ9e533sAbTAK72gegxeIaYgTlIIyyR3GOMJRvWE37QL8L3FK0mAlOqP653AcySSAkKQSxgwcOyYvFZpQKljUhomBWMiZmMIgo6EIwHhpEXbBTxIjKOIxaI6KFyL83EhFYMw88LPJQNC9WfZy8T9vkNDk0ksxjBOCUOaHCBUUh4zUmLUAfIwaiESeHDiGXAotiEAjF1JmYpLVUsv6cJa//0u6Z02n1Ty/bTXaV2UzVXbEjtkpc9gFa7Mb1mEukwzZI3tiz9bcerFerbfv0YpV7hyyX7DevwB/UpM2</latexit>

Configurator observes 
agent’s trajectories 
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Non-Cooperative Configurable Markov Decision Processes

We propose two algorithms for solving NConf-MDPs:

• Action-feedback Optimistic Configuration Learning (AfOCL)

• Reward-feedback Optimistic Configuration Learning (RfOCL)
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Non-Cooperative Configurable Markov Decision Processes

We study two different types of feedback:

Configurator selects
pi 2 P

<latexit sha1_base64="OEkuGnMXH4gKG55FrBbw5Z4Ooqg=">AAACB3icbVC7TsNAEDyHVwgvQ0qaExESVWSjICgjaCiDREKk2IrWl0045fzQ3RopsvIBfAUtVHSIls+g4F+wQwpImGo0s6udnSBR0pDjfFqlldW19Y3yZmVre2d3z94/6Jg41QLbIlax7gZgUMkI2yRJYTfRCGGg8C4YXxX+3QNqI+PoliYJ+iGMIjmUAiiX+nY16UvuyYh7IdC9AJW1pn275tSdGfgyceekxuZo9e0vbxCLNMSIhAJjeq6TkJ+BJikUTiteajABMYYR9nIaQYjGz2bhp/w4NUAxT1BzqfhMxN8bGYTGTMIgnywimkWvEP/zeikNL/xMRklKGIniEEmFs0NGaJm3gnwgNRJBkRx53oIADUSoJQchcjHNa6rkfbiL3y+TzmndbdTPbhq15uW8mTI7ZEfshLnsnDXZNWuxNhNswp7YM3uxHq1X6816/xktWfOdKvsD6+MbSOqZHw==</latexit>

Agent learns the 
optimal policy

⇡i

<latexit sha1_base64="Y0QkgIylHqSMrdvhZ3sb5QVVR+8=">AAAB93icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNJRBwkmkxIrOl01Y5fzQ3RopsvINtFDRIVo+h4J/wTYuIDDVaGZXOzt+rNCQbX9YlZXVtfWN6mZta3tnd6++f9A1UaIluDJSke77woDCEFxCUtCPNYjAV9DzZ9e533sAbTAK72gegxeIaYgTlIIyyR3GOMJRvWE37QL8L3FK0mAlOqP653AcySSAkKQSxgwcOyYvFZpQKljUhomBWMiZmMIgo6EIwHhpEXbBTxIjKOIxaI6KFyL83EhFYMw88LPJQNC9WfZy8T9vkNDk0ksxjBOCUOaHCBUUh4zUmLUAfIwaiESeHDiGXAotiEAjF1JmYpLVUsv6cJa//0u6Z02n1Ty/bTXaV2UzVXbEjtkpc9gFa7Mb1mEukwzZI3tiz9bcerFerbfv0YpV7hyyX7DevwB/UpM2</latexit>

Configurator selects
pi 2 P

<latexit sha1_base64="OEkuGnMXH4gKG55FrBbw5Z4Ooqg=">AAACB3icbVC7TsNAEDyHVwgvQ0qaExESVWSjICgjaCiDREKk2IrWl0045fzQ3RopsvIBfAUtVHSIls+g4F+wQwpImGo0s6udnSBR0pDjfFqlldW19Y3yZmVre2d3z94/6Jg41QLbIlax7gZgUMkI2yRJYTfRCGGg8C4YXxX+3QNqI+PoliYJ+iGMIjmUAiiX+nY16UvuyYh7IdC9AJW1pn275tSdGfgyceekxuZo9e0vbxCLNMSIhAJjeq6TkJ+BJikUTiteajABMYYR9nIaQYjGz2bhp/w4NUAxT1BzqfhMxN8bGYTGTMIgnywimkWvEP/zeikNL/xMRklKGIniEEmFs0NGaJm3gnwgNRJBkRx53oIADUSoJQchcjHNa6rkfbiL3y+TzmndbdTPbhq15uW8mTI7ZEfshLnsnDXZNWuxNhNswp7YM3uxHq1X6816/xktWfOdKvsD6+MbSOqZHw==</latexit>

Agent learns the 
optimal policy

⇡i

<latexit sha1_base64="Y0QkgIylHqSMrdvhZ3sb5QVVR+8=">AAAB93icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNJRBwkmkxIrOl01Y5fzQ3RopsvINtFDRIVo+h4J/wTYuIDDVaGZXOzt+rNCQbX9YlZXVtfWN6mZta3tnd6++f9A1UaIluDJSke77woDCEFxCUtCPNYjAV9DzZ9e533sAbTAK72gegxeIaYgTlIIyyR3GOMJRvWE37QL8L3FK0mAlOqP653AcySSAkKQSxgwcOyYvFZpQKljUhomBWMiZmMIgo6EIwHhpEXbBTxIjKOIxaI6KFyL83EhFYMw88LPJQNC9WfZy8T9vkNDk0ksxjBOCUOaHCBUUh4zUmLUAfIwaiESeHDiGXAotiEAjF1JmYpLVUsv6cJa//0u6Z02n1Ty/bTXaV2UzVXbEjtkpc9gFa7Mb1mEukwzZI3tiz9bcerFerbfv0YpV7hyyX7DevwB/UpM2</latexit>

Action-feedback Reward-feedback

hs1, a1, er1 . . . i

<latexit sha1_base64="lsLRAdjHqj45xOQPyA8dEq20klY=">AAACInicbVDLSgNBEJz1bXxFPXoZDIIHCbui6FH04lHBaCAblt5JJw7Ozi4zvYos+Qs/wa/wqidv4knQf3E25qCJdRiKqm56quJMSUu+/+FNTE5Nz8zOzVcWFpeWV6qra5c2zY3AhkhVapoxWFRSY4MkKWxmBiGJFV7FNyelf3WLxspUX9B9hu0Eelp2pQByUlSthwp0TyG3UbDDoXzCO9lBkqqDhelHQdhJyYbmZyqq1vy6PwAfJ8GQ1NgQZ1H1y+2LPEFNQoG1rcDPqF2AISkU9ithbjEDcQM9bDmqIUHbLga5+nwrt0Apz9BwqfhAxN8bBSTW3iexm0yAru2oV4r/ea2cuoftQuosJ9SiPOTy4uCQFUa6wpB3pEEiKH+OXGouwAARGslBCCfmrsGK6yMYTT9OLnfrwV59/3yvdnQ8bGaObbBNts0CdsCO2Ck7Yw0m2AN7Ys/sxXv0Xr037/1ndMIb7qyzP/A+vwEXQ6Ob</latexit>

hs1, a1 . . . i

<latexit sha1_base64="zPz85zL7w7/9AH9xS+DfNB8uhCw=">AAACEXicbVDLSgNBEJz1bXytehRhMAgeJOxKRI9BLx4VTBSSsPROOnFwdnaZ6RVCyMlP8Cu86smbePULPPgvziY5+KpTUdVNd1WcKWkpCD68qemZ2bn5hcXS0vLK6pq/vtGwaW4E1kWqUnMdg0UlNdZJksLrzCAkscKr+Pa08K/u0FiZ6kvqZ9hOoKdlVwogJ0X+dkuB7inkNgr3OURhq5OSbZmxGPnloBKMwP+ScELKbILzyP90+yJPUJNQYG0zDDJqD8CQFAqHpVZuMQNxCz1sOqohQdsejGIM+W5ugVKeoeFS8ZGI3zcGkFjbT2I3mQDd2N9eIf7nNXPqHrcHUmc5oRbFIZIuXXHICiNdP8g70iARFJ8jl5oLMECERnIQwom5K6zk+gh/p/9LGgeVsFo5vKiWayeTZhbYFttheyxkR6zGztg5qzPB7tkje2LP3oP34r16b+PRKW+ys8l+wHv/AtXXnJQ=</latexit>
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Action-feedback Optimistic Configuration Learning

Trajectories are composed by states and actions only…

hs1, a1, s2, a2, . . . , sH�1, aH�1, sHi

<latexit sha1_base64="5kW5gNnTXG4e7Haoh1KQ5qZw4zg="></latexit>

where                          .ah = ⇡i,h(sh)

<latexit sha1_base64="Zrkc2xXxhLQARclInzXUE5DBLOU=">AAACCHicbVDLSgNBEJyNrxhf8XHzMhiECBJ2JaIXIejFYwTzgCQsvZNOMmT2wUyvEJf8gF/hVU/exKt/4cF/cRNz0Gidiqpuurq8SElDtv1hZRYWl5ZXsqu5tfWNza389k7dhLEWWBOhCnXTA4NKBlgjSQqbkUbwPYUNb3g18Rt3qI0Mg1saRdjxoR/InhRAqeTm98Ad8AvejqSbyOPBuGjcwZGbL9glewr+lzgzUmAzVN38Z7sbitjHgIQCY1qOHVEnAU1SKBzn2rHBCMQQ+thKaQA+mk4yTT/mh7EBCnmEmkvFpyL+3EjAN2bke+mkDzQw895E/M9rxdQ77yQyiGLCQEwOkVQ4PWSElmktyLtSIxFMkiOXAReggQi15CBEKsZpT7m0D2f++7+kflJyyqXTm3KhcjlrJsv22QErMoedsQq7ZlVWY4Lds0f2xJ6tB+vFerXevkcz1mxnl/2C9f4FwPuYuQ==</latexit>

Assumption 1:

The agent’s policy is deterministic and fixed.

… but the transition model is stochastic!
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Action-feedback Optimistic Configuration Learning

AfOCL is based on the OFU principle.

Every episode   the configurator 
computes an optimistic estimate      of its 

expected return for each configuration  .
eV i
k

<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

k 2 [K]

<latexit sha1_base64="iLG/PdmtNdK7sCasB5X6H/R4mu8=">AAAB+3icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNEg0QSIPlFjR+bIJp5zP1t0aKbLyFbRQ0SFaPoaCf+FsXEBgqtHMrnZ2glgKg6774ZSWlldW18rrlY3Nre2d6u5ex0SJ5tDmkYx0L2AGpFDQRoESerEGFgYSusH0MvO7D6CNiNQtzmLwQzZRYiw4QyvdTelAKNq/9ofVmlt3c9C/xCtIjRRoDaufg1HEkxAUcsmM6XtujH7KNAouYV4ZJAZixqdsAn1LFQvB+GkeeE6PEsMwojFoKiTNRfi5kbLQmFkY2MmQ4b1Z9DLxP6+f4PjcT4WKEwTFs0MoJOSHDNfCNgF0JDQgsiw5UPs9Z5ohghaUcW7FxFZTsX14i9//JZ2Tuteon940as2LopkyOSCH5Jh45Iw0yRVpkTbhJCSP5Ik8O3PnxXl13r5HS06xs09+wXn/An5JlEI=</latexit>

i 2 [M ]

<latexit sha1_base64="UbpA0p+dxtikeFc8NeRNuap48K0=">AAAB+3icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNDRIQSIPlFjR+bIJp5zP1t0aKbLyFbRQ0SFaPoaCf+FsXEBgqtHMrnZ2glgKg6774ZSWlldW18rrlY3Nre2d6u5ex0SJ5tDmkYx0L2AGpFDQRoESerEGFgYSusH0MvO7D6CNiNQtzmLwQzZRYiw4QyvdCToQivav/WG15tbdHPQv8QpSIwVaw+rnYBTxJASFXDJj+p4bo58yjYJLmFcGiYGY8SmbQN9SxUIwfpoHntOjxDCMaAyaCklzEX5upCw0ZhYGdjJkeG8WvUz8z+snOD73U6HiBEHx7BAKCfkhw7WwTQAdCQ2ILEsO1H7PmWaIoAVlnFsxsdVUbB/e4vd/Seek7jXqpzeNWvOiaKZMDsghOSYeOSNNckVapE04CckjeSLPztx5cV6dt+/RklPs7JNfcN6/AH47lEI=</latexit>

Then, it selects                          . i 2 argmax
i2[M ]

eV i
k

<latexit sha1_base64="uKW6hGw2WQ+paaWAkA5QdK+GVkw="></latexit>
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Action-feedback Optimistic Configuration Learning

How to compute the optimistic expected return      ?eV i
k

<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

We maintain a set of possible policies in each 
configuration.

We compute       using the optimistic policy.eV i
k

<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>



Nome Cognome, assoc.prof. ABC Dept.

Action-feedback Optimistic Configuration Learning

How to compute the optimistic expected return      ?eV i
k

<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

From a practical point of view…

Ai
k,h(s) ✓ A

<latexit sha1_base64="g3Pws0WlRZ1O0tek8S2V0DLqip4="></latexit>

Configuration i

At the beginning of 
episode k Time step h
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Action-feedback Optimistic Configuration Learning

How to compute the optimistic expected return      ?eV i
k

<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

From a practical point of view…

Ai
k,h(s) ✓ A

<latexit sha1_base64="g3Pws0WlRZ1O0tek8S2V0DLqip4="></latexit>

Configuration i

At the beginning of 
episode k Time step h

A

<latexit sha1_base64="p51Ipo1xULf3d4lXhu/dv26Rnh4=">AAACKHicbVDLSsRAEJz4Nr529ehlcBFEZElE0eP6OHgRFVwVkkU6Y7sOO3kw0xGXsJ/hVe9+jTfx6pc4iXvw1aeiuouqrihT0pDnvTsjo2PjE5NT0+7M7Nz8Qq2+eGHSXAtsi1Sl+ioCg0om2CZJCq8yjRBHCi+j3kG5v7xHbWSanFM/w04M3UTeSgFkqSCMge4EqGJvcF1reE2vGv4X+EPQYMM5va47k+FNKvIYExIKjAl8L6NOAZqkUDhww9xgBqIHXQwsTCBG0ymqzAO+mhuglGeouVS8IvG7ooDYmH4c2csyo/m9K8n/dkFOt7udQiZZTpiI0oikwsrICC1tGchvpEYiKJMjlwkXoIEIteQghCVz244bHqJ9S+OxtTixchtXrxch6G4MDwP7ZjfcKJHr2ur830X9BRebTX+ruX221WjtD0ucYstsha0xn+2wFjtip6zNBEvZI3tiz86L8+q8Oe9fpyPOULPEfozz8Qk1E6Xb</latexit>

{⇡i(s)}

<latexit sha1_base64="3vWPQCUR/kkegtfpJ9dSYc1SzAU="></latexit>

If we have observed 
the agent

otherwise
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Action-feedback Optimistic Configuration Learning
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Action-feedback Optimistic Configuration Learning
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Action-feedback Optimistic Configuration Learning

Regret guarantees

The upper bound does not depend on the number of episodes K!

Under Assumption 1, the expected regret of AfOCL at every 
episode K is bounded by:
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Action-feedback Optimistic Configuration Learning

There is no way to transfer information across
different configurations!
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Reward-feedback Optimistic Configuration Learning

Trajectories are composed by states, actions and a noisy 
version of rewards…

hs1, a1, er1, . . . sH�1, aH�1, erH�1, sHi

<latexit sha1_base64="Ec+IWMky46bQb+OzQN7ogggeJUc="></latexit>

Assumption 2:

The MDP induced by the best response policy must be ergotic.
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Reward-feedback Optimistic Configuration Learning

RfOCL is able to transfer knowledge across different 
configurations using an estimate of the reward function of the 

agent.
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Reward-feedback Optimistic Configuration Learning

RfOCL and AfOCL share the same structure.

Every episode   the configurator 
computes an optimistic estimate      of its 

expected return for each configuration  .
eV i
k

<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

k 2 [K]

<latexit sha1_base64="iLG/PdmtNdK7sCasB5X6H/R4mu8=">AAAB+3icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNEg0QSIPlFjR+bIJp5zP1t0aKbLyFbRQ0SFaPoaCf+FsXEBgqtHMrnZ2glgKg6774ZSWlldW18rrlY3Nre2d6u5ex0SJ5tDmkYx0L2AGpFDQRoESerEGFgYSusH0MvO7D6CNiNQtzmLwQzZRYiw4QyvdTelAKNq/9ofVmlt3c9C/xCtIjRRoDaufg1HEkxAUcsmM6XtujH7KNAouYV4ZJAZixqdsAn1LFQvB+GkeeE6PEsMwojFoKiTNRfi5kbLQmFkY2MmQ4b1Z9DLxP6+f4PjcT4WKEwTFs0MoJOSHDNfCNgF0JDQgsiw5UPs9Z5ohghaUcW7FxFZTsX14i9//JZ2Tuteon940as2LopkyOSCH5Jh45Iw0yRVpkTbhJCSP5Ik8O3PnxXl13r5HS06xs09+wXn/An5JlEI=</latexit>

i 2 [M ]

<latexit sha1_base64="UbpA0p+dxtikeFc8NeRNuap48K0=">AAAB+3icbVC7TsNAEDyHVwivACXNiQiJKrJREJQRNDRIQSIPlFjR+bIJp5zP1t0aKbLyFbRQ0SFaPoaCf+FsXEBgqtHMrnZ2glgKg6774ZSWlldW18rrlY3Nre2d6u5ex0SJ5tDmkYx0L2AGpFDQRoESerEGFgYSusH0MvO7D6CNiNQtzmLwQzZRYiw4QyvdCToQivav/WG15tbdHPQv8QpSIwVaw+rnYBTxJASFXDJj+p4bo58yjYJLmFcGiYGY8SmbQN9SxUIwfpoHntOjxDCMaAyaCklzEX5upCw0ZhYGdjJkeG8WvUz8z+snOD73U6HiBEHx7BAKCfkhw7WwTQAdCQ2ILEsO1H7PmWaIoAVlnFsxsdVUbB/e4vd/Seek7jXqpzeNWvOiaKZMDsghOSYeOSNNckVapE04CckjeSLPztx5cV6dt+/RklPs7JNfcN6/AH47lEI=</latexit>

Then, it selects                          . i 2 argmax
i2[M ]

eV i
k

<latexit sha1_base64="uKW6hGw2WQ+paaWAkA5QdK+GVkw="></latexit>
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Reward-feedback Optimistic Configuration Learning

How to compute the optimistic expected return      ?eV i
k

<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

We still maintain a set of plausible actions: 

Ai
k,h(s) ✓ A

<latexit sha1_base64="g3Pws0WlRZ1O0tek8S2V0DLqip4="></latexit>

{⇡i(s)}

<latexit sha1_base64="3vWPQCUR/kkegtfpJ9dSYc1SzAU="></latexit>

If we have observed 
the agent

otherwise?
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Reward-feedback Optimistic Configuration Learning

How to compute the optimistic expected return      ?eV i
k

<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

1. We compute a confidence interval                                      of 

the agent’s reward function using Hoeffding’s inequality:

Rk(s) = [ro,k(s), ro,k(s)]

<latexit sha1_base64="I8i1NBZqCzy3fPOiCZPA4YUXiww="></latexit>
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<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

2. Compute the confidence interval on the Q functions of the 

agent induced by            in each configurations.Rk(s)

<latexit sha1_base64="fEn0pgnhwKU9YXwmFlgBOvW6fqY="></latexit>

Qi
k,h(s, a) = [Qi

o,k,h
(s, a), Q

i
o,k,h(s, a)]

<latexit sha1_base64="izuvupUtISlXdI3beT44HtmiINQ="></latexit>

Value iteration with ro,k(s)

<latexit sha1_base64="PLG6tNXZOJpvaN+vMe2bsqyI6Wc="></latexit>

Value iteration with ro,k(s)

<latexit sha1_base64="8ZVcF7iMU9eg0u7iYV2YkZc4N7s="></latexit>
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<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

3. We discard actions that are ”dominated” by other actions

Qi
k,h(s, a0)

<latexit sha1_base64="uNB6Hc6Owo0GTP9tstLTHevLLLw="></latexit>

a0

<latexit sha1_base64="kLrqqDQLa/nW2vBWQlY6+NwFLvs=">AAACIHicbVDLSgNBEJz1FV3fevQyGAQRCbsS0aOoBy+iolEhG0LvpLMOmX0w0yvKkk/wqne/xpt41K9xNubgq09FdRdVXWGmpCHPe3dGRsfGJyqTU+70zOzc/MLi0qVJcy2wIVKV6usQDCqZYIMkKbzONEIcKrwKewfl/uoWtZFpckH3GbZiiBLZlQLIUufQ9toLVa/mDYb/Bf4QVNlwTtuLTiXopCKPMSGhwJim72XUKkCTFAr7bpAbzED0IMKmhQnEaFrFIGufr+UGKOUZai4VH5D4XVFAbMx9HNrLGOjG/N6V5H+7Zk7d3VYhkywnTERpRFLhwMgILW0JyDtSIxGUyZHLhAvQQIRachDCkrltxQ0O0b6l8dhanFi5jas3igB0FMNd374ZBZslcl1bnf+7qL/gcqvm12vbZ/Xq3v6wxEm2wlbZOvPZDttjR+yUNZhgEXtgj+zJeXZenFfn7et0xBlqltmPcT4+Ae1Pogw=</latexit>

a1

<latexit sha1_base64="JhA8UO/IqM3pwYxMqfno0Wf3sk0=">AAACIHicbVDLSgNBEJz1FV3fevQyGAQRCbsS0aOoBy+iolEhG0LvpLMOmX0w0yvKkk/wqne/xpt41K9xNubgq09FdRdVXWGmpCHPe3dGRsfGJyqTU+70zOzc/MLi0qVJcy2wIVKV6usQDCqZYIMkKbzONEIcKrwKewfl/uoWtZFpckH3GbZiiBLZlQLIUufQ9tsLVa/mDYb/Bf4QVNlwTtuLTiXopCKPMSGhwJim72XUKkCTFAr7bpAbzED0IMKmhQnEaFrFIGufr+UGKOUZai4VH5D4XVFAbMx9HNrLGOjG/N6V5H+7Zk7d3VYhkywnTERpRFLhwMgILW0JyDtSIxGUyZHLhAvQQIRachDCkrltxQ0O0b6l8dhanFi5jas3igB0FMNd374ZBZslcl1bnf+7qL/gcqvm12vbZ/Xq3v6wxEm2wlbZOvPZDttjR+yUNZhgEXtgj+zJeXZenFfn7et0xBlqltmPcT4+Ae8Jog0=</latexit>

a2

<latexit sha1_base64="N8P3ovr2/NNdDwzikLDZ4Pa+yow=">AAACIHicbVDLSgNBEJyN7/WtRy+DQRCRsBsiehT14EVUNCpkQ+gdO+uQ2QczvaIs+QSvevdrvIlH/RpnYw6++lRUd1HVFWZKGvK8d6cyMjo2PjE55U7PzM7NLywuXZg01wKbIlWpvgrBoJIJNkmSwqtMI8Shwsuwt1/uL29RG5km53SfYTuGKJFdKYAsdQademeh6tW8wfC/wB+CKhvOSWfRmQiuU5HHmJBQYEzL9zJqF6BJCoV9N8gNZiB6EGHLwgRiNO1ikLXP13IDlPIMNZeKD0j8riggNuY+Du1lDHRjfu9K8r9dK6fuTruQSZYTJqI0IqlwYGSElrYE5NdSIxGUyZHLhAvQQIRachDCkrltxQ0O0L6l8chaHFu5jas3igB0FMNd374ZBZslcl1bnf+7qL/gol7zG7Wt00Z1d29Y4iRbYatsnflsm+2yQ3bCmkywiD2wR/bkPDsvzqvz9nVacYaaZfZjnI9P8MOiDg==</latexit>

a3

<latexit sha1_base64="Hz9sY6DpGGkGtjxkdHCeik89MBU=">AAACIHicbVDLLgRBFK32GtprsLSpmEhEZNLtEZaChY0gzJBMTya3y9Uqqh+pui2kM59gy97X2IklX6N6zILhrk7OvSfn3BNmShryvA9naHhkdKwyPuFOTk3PzFbn5psmzbXAhkhVqi9DMKhkgg2SpPAy0whxqPAivN0v9xd3qI1Mk3N6yLAdQ5TIaymALHUGnY1OtebVvd7wv8Dvgxrrz0lnzqkEV6nIY0xIKDCm5XsZtQvQJIXCrhvkBjMQtxBhy8IEYjTtope1y5dzA5TyDDWXivdI/KkoIDbmIQ7tZQx0YwZ3JfnfrpXT9U67kEmWEyaiNCKpsGdkhJa2BORXUiMRlMmRy4QL0ECEWnIQwpK5bcUNDtC+pfHIWhxbuY2rV4sAdBTDfde+GQVrJXJdW50/WNRf0Fyv+5v1rdPN2u5ev8RxtsiW2Arz2TbbZYfshDWYYBF7ZE/s2XlxXp035/37dMjpaxbYr3E+vwDyfaIP</latexit>
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<latexit sha1_base64="fedaxpkdrOgeJIioUXLtM4CF7cg=">AAACBXicbVC7TsNAEDyHVwgvB0qaExESVWSjICgjaCiDRB5SYqzzZRNOOT90tyaKrNR8BS1UdIiW76DgX7CNC0iYajSzq50dL5JCo2V9GqWV1bX1jfJmZWt7Z3fPrO53dBgrDm0eylD1PKZBigDaKFBCL1LAfE9C15tcZX73AZQWYXCLswgcn40DMRKcYSq5ZnUwFUNAIYeQdObu5E64Zs2qWznoMrELUiMFWq75NRiGPPYhQC6Z1n3bitBJmELBJcwrg1hDxPiEjaGf0oD5oJ0kjz6nx7FmGNIIFBWS5iL83kiYr/XM99JJn+G9XvQy8T+vH+PowklEEMUIAc8OpU9CfkhzJdJOgA6FAkSWJQcqAsqZYoigBGWcp2KcllRJ+7AXv18mndO63aif3TRqzcuimTI5JEfkhNjknDTJNWmRNuFkSp7IM3kxHo1X4814/xktGcXOAfkD4+MbqU+Y2A==</latexit>

3. We discard actions that are ”dominated” by other actions

eAi
k,h(s) =

⇢
a 2 A : Q

i
o,k,h(s, a) � max

a02A
Qi

o,k,h
(s, a0)

�

<latexit sha1_base64="ygAfjKrAXS7ehXbJhtgdHYCuvxU="></latexit>
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Regret guarantees

The upper bound does not depend on the number of configuration M!

Under Assumption 2, the expected regret of RfOCL at every 
episode K is bounded by:

E[Regret(K)]  K�+
⇡2

3

<latexit sha1_base64="T+T38pGfOUvkVr7hVIrXOHu9SiY="></latexit>

Constant 
depending on S 

and H

Maximum 
suboptimality 

gap



Nome Cognome, assoc.prof. ABC Dept.

Experimental Evaluation

What we want to show:

1. AfOCL and RfOCL bring advantages over a MAB 

approach (UCB1).

2. RfOCL performs better than AfOCL if Assumption 2 

holds.

3. RfOCL is able to scale very well with a high number of 

configurations.
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Experimental Evaluation

We compare our algorithms with UCB in three different 
domains:

• Configurable Gridworld

• Teacher-Student

• Marketplace
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Experimental Evaluation

Configurable Gridworld

• The agent's goal is to reach the terminal state as soon 
as possible.

• The configurator’s goal is to keep the agent in the 
central cell as long as possible.
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Experimental Evaluation

Configurable Gridworld – Experiment
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Experimental Evaluation

Student-Teacher

• The teacher (configurator) has a list of S exercises 
characterized by a different level of difficulty. 

• The goal of the teacher is to find the right sequence of 
exercises.
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Experimental Evaluation

Student-Teacher

• The student (agent) perceives the level of difficulties of the 
exercises in a different way and it can decide to not answer the 
ones he find too difficult.

• The goal of the student is the same of the teacher: start solving 
most difficult exercises as soon as possible!
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Experimental Evaluation

Student-Teacher - Experiment
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Experimental Evaluation

Marketplace

• The customer’s goal is grab the only product it is interested in and 
reach the exit.

• The goal of the supermarket owner is to induce the customer to 
buy other products.
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Experimental Evaluation

Marketplace - Experiment
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Conclusions

Use of structure

Performance

UCB

AfOCL

RfOCL

Solving Non Cooperative Conf-MDPs
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Future Research Directions

• Fixed Stochastic policy

• Awareness of the agent

• Inverse Reinforcement Learning



Titolo presentazione
sottotitolo

Milano, XX mese 20XXThanks for your attention!
Alessandro Concetti
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Experimental Evaluation

Marketplace

• Number of states: 16

• Number of actions:  4

• Agent’s reward: -1 everywhere and 0.9 where there is the product.

• Configurations: M random transition models

• Configurator’s reward: 0 everywhere and 1 where there is some 
products. 
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Experimental Evaluation

Student-Teacher – Nconf-MDP

• Number of states: 10 (exercises)

• Number of actions:  2 (answer/not answer)

• Agent’s reward: difficulty perceived by the agent

• Configurator’s reward: difficulty perceived by the configurator

• Configurations: M transition models that differ each other by 
the way they assign the probabilities to next states when the 
agent decides to answer. 
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Experimental Evaluation

Configurable Gridworld – Nconf-MDP

• Number of states: 9

• Number of actions:  4

• Agent’s reward: -1 everywhere

• Configurator’s reward: 0 everywhere and 1 in the central cell

• Configurations: M transition models with different values of p



Nome Cognome, assoc.prof. ABC Dept.

Stackelberg Games


