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Efficient Model-Parameter Inverse Reinforcement Learning Program with Parametric Modeling
of Partially Observable Environments
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The model-parameter inverse reinforcement learning, which estimates unknown parameters in partially observable
environments from the demonstration of an expert, suffered from two difficulties, that is, heavy use of computational
resource and lack of the framework for describing environments with unknown parameters. We present a new
software for model-parameter inverse reinforcement learning LUKE (Learning Underlying Knowledge of Experts),

which is aiming at solving the two difficulties.
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NS = StateSet(’Ichijo’, ’Nijo’, ’Samjo’, ’Shijo’);
% Subspace for N-S direction
EW = StateSet(’Iccho’, ’Nicho’, ’Sancho’, ’Yoncho’);

% Subspace for E-W direction
STATES = Ichijo+Icchome:Shijo+Yonchome; % Colon operator
ACTIONS = ActionSet(°N’, ’S’, ’E’, ’W’);
OBSERVES = ObservationSet(’SeeTower’, ’SeeNoTower’);

MoveOK = Beta( 5, 2 ); % parameter for successful move prob.
% with a prior of Beta distribution

SeeTowerAtOrigin = Beta( 4, 2 );

SeeTowerOnStreet = Beta( 3, 2 );

SeeTowerAtOther = Beta( 2, 3 );

RewardForTower = Normal (100, 50);

TransNS( NS, NS, N ) = [1-MoveOK O O MoveOK ; MoveOK ...
1-MoveOK 0 O ; O MoveOK 1-MoveOK O ; O O MoveOK 1-MoveOK ];

TransNS( NS, NS, S ) = TransNS( NS, NS, N )’; % Transpose

TransNS( NS, NS, E ) = eye(4); % Identity Matrix

TransNS( NS, NS, W ) = eye(4);

TransEW( EW, EW, E ) = TransNS( NS, NS, N ); % Reuse

TransEW( EW, EW, W ) = TransEW( EW, EW, E )’;

TransEW( EW, EW, N ) = eye(4);

TransEW( EW, EW, S ) = eye(4);

Trans = sconv2( TransNS, TransEW ); % Convolution Operator

Obser (
Obser (
Obser (
Obser (

: ) = PlaceHolder;
) = SeeTowerAtOther;
SeeTower, Ichijo+EW, : ) = SeeTowerOnStreet;
SeeTower, NS+Iccho, : ) = SeeTowerOnStreet;

% states either on Ichijo or Iccho
Obser( SeeTower, Ichijo+Iccho, : ) = SeeTowerAtOrigin;
Obser = allot(Obser); % Set every placeholder to be sum=1

SeeNoTower, :,
SeeTower, :, :

Rewar( :, :, : ) = -1;
Rewar( Ichijo+Iccho, :,
Init (STATES) = 1.0 / 16;
Discount = 0.9;

1: demo.model: 4 x 4 ZE[] L CEZEET XA

:) = RewardForTower;

R 1 FATHE & XA T FAT O XTI D g

VLN — SR (7)) LR
SARSOP 2.55 1.074

LUKE 0.68 1.075 £ 0.044
LUKE + transfer 0.77 1.073 £ 0.045
LUKE + grad 0.34 1.084 £ 0.032
LUKE + grad + transfer 0.39 1.083 £+ 0.032
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