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Describes novel algorithms for reinforcement learning in hidden state environments based on
learning macro-type sequences.

B. E. Rosen, J. M. Goodwin, and J. J. Vidal. Adaptive range coding. In R. P. Lippmann, J. E. Moody,
and D. S. Touretzky, editors, Advances in Neural Information Processing Systems 3: Proceedings of the
1990 Conference, pages 486-492, San Mateo, CA, 1991. Morgan Kaufmann.

Sheldon M. Ross. Introduction to Stochastic Dynamic Programming. Academic Press, New York, NY, 1983.

A. L. Samuel. Some studies in machine learning using the game of checkers. IBM Journal of Research and
Development, 3:211-229, 1959.

Reprinted in E. A. Feigenbaum and J. Feldman, editors, Computers and Thought, McGraw-
Hill, NY 1963

A. L. Samuel. Some studies in machine learning using the game of checkers II-—Recent progress. IBM
Journal of Research and Development, pages 601-617, 1967.

S. Schaal and C. G. Atkeson. Assessing the Quality of Local Linear Models. In Advances in Neural Infor-
mation Processing Systems 6. Morgan Kaufmann, April 1994.

J. H. Schmidhuber and R. Huber. Learning to generate artificial fovea trajectories for target detection.
International Journal of Neural Systems, 2(1 & 2):135-141, 1991.

The goal 1s to to find details of certain objects in simple visual scenes. The task s of the
“reward-only-at-goal” type. A recurrent model/controller system learns to generate appropriate
sequences of retinal movements (translations/rotations).

Jirgen Schmidhuber and Reiner Wahnsiedler. Planning simple trajectories using neural subgoal genera-
tors. In Proceedings of the Second International Conference on Simulation of Adaptive Behavior, 1992,
Hawaiz, 1993.

Jurgen H. Schmidhuber. A local learning algorithm for dynamic feedforward and recurrent networks. Con-

nection Science, 1(4):403-412, 1989.

Describes the “Neural Bucket Brigade Algorithm”: connections that contribute to the activa-
tion of an output unit in the moment of external reward become stronger. To perform spatio-
temporal credit assignment, connections that contribute to the activation of any unit (perhaps
hidden in time or space) have to pay “weight substance” o those connections “setting the
stage” one time step earlier. Only action sequences leading to success survive.

Jurgen H. Schmidhuber. Making the world differentiable: On using fully recurrent self-supervised neural
networks for dynamic reinforcement learning and planning in non-stationary environments. Technical
Report FKI-126-90 (revised), Institut fiir Informatik, Technische Universitat Miinchen, November 1990.

Revised and extended version of an earlier report from February

Jirgen H. Schmidhuber. Recurrent networks adjusted by adaptive critics. In Proc. IEEE/INNS International
Joint Conference on Neural Networks, volume 1, pages 719-722, Washington, DC, 1990.

An attempt to apply adaptive critics to recurrent nets. Can learn simple tasks like delayed
XOR by rewnforcement learning.

Jirgen H. Schmidhuber. Curious model-building control systems. In Proc. International Joint Conference
on Neural Networks, volume 2, pages 1458-1463. IEEE, 1991.
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A method for learning world models of non-deterministic environments faster than by random
exploration, by translating improvements of world model quality into reinforcement for a Q-
learner.

Jurgen H. Schmidhuber. A possibility for implementing curiosity and boredom in model-building neural
controllers. In J. A. Meyer and S. W. Wilson, editors, Proceedings of the International Conference on
Simulation of Adaptive Behavior: From Animals to Animats, pages 222-227. The MIT Press, 1991.

Jirgen H. Schmidhuber. Reinforcement learning in markovian and non-markovian environments. In D. S.
Lippman, J. E. Moody, and D. S. Touretzky, editors, Advances in Neural Information Processing Systems
3, pages 500-506, San Mateo, CA, 1991. Morgan Kaufmann.

Description of interacting recurrent nets for learning to deal with Non-Markovian interfaces
to the external world. Can solve simple tasks that require looking back into time (like learning
to be a flipflop), by using delayed scalar reinforcement signals only.

Nicol N. Schraudolph, Peter Dayan, and Terrence J. Sejnowski. Using the td(lambda) algorithm to learn an
evaluation function for the game of go. In Advances in Neural Information Processing Systems 6, San
Mateo, CA, 1994. Morgan Kaufman.

Applies reinforcement learning to the problem of learning to play the game of Go with less
success than has been attained for backgammon. To appear.

Anton Schwartz. A reinforcement learning method for maximizing undiscounted rewards. In Proceedings of
the Tenth International Conference on Machine Learning, Amherst, MA, 1993. Morgan Kaufmann.

Introduces R-learning, a method for mazimizing average per-step reward. Argues that dis-
counting 1s often unmotivated and that average reward is often more in line with researchers’
needs.

Anton Schwartz. Thinking Locally to Act Globally: A Novel Approach to Reinforcement Learning. In
Proceedings of the Fifteenth Annual Conference of the Cognitive Science Society, Hillsdale, NJ, 1993.
Lawrence Erlbaum Associates.

Oliver G. Selfridge and Richard S. Sutton. Training and tracking in robotics. In Proceedings of the Ninth
International Joint Conference on Artificial Intelligence, pages 670-672, Los Angeles, CA, 1985. Morgan
Kaufmann.

Wei-Min Shen. Learning from the Environment Based on Percepts and Actions. PhD thesis, Carnegie Mellon
University, Pittsburgh, PA, 1989.

J. Simons, H. V. Brussel, J. D. Schutter, and J. Verhaert. A self-learning automaton with variable resolution
for high precision assembly by industrial robots. TEEE Transactions on Automatic Control, 27(5):1109-
1113, October 1982.

Robotics, Hardware Implementation, Compliance, Historical

S. P. Singh. Robust Reinforcement Learning in Motion Planning. In S. J. Hanson, J. D Cowan, and C. L.
Giles, editors, Advances in Neural Information Processing Systems 6. Morgan Kaufmann, April 1994.

Shows how safe ‘high-level” actions can be used in a traditional reinforcement learning frame-
work.

Satinder P. Singh. The efficient learning of multiple task sequences. In Advances in Neural Information
Processing Systems 5: Proceedings of the 1992 Conference, 1992.

Gives a hierarchical method for representing policies based on decomposing the Q-function.
Satinder Pal Singh. Reinforcement learning with a hierarchy of abstract models. In Proceedings of the Tenth
National Conference on Artificial Intelligence, pages 202-207, San Jose, CA, 1992. AAAI Press.
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Satinder Pal Singh. Scaling reinforcement learning algorithms by learning variable temporal resolution
models. In Proceedings of the Ninth International Conference on Machine Learning, pages 406-415,
Aberdeen, Scotland, UK, 1992. Morgan Kaufmann.

Satinder Pal Singh. Transfer of learning by composing solutions of elemental sequential tasks. Machine

Learning, 8(3):323-340, 1992.

Satinder Pal Singh, Tommi Jaakkola, and Michael I. Jordan. Model-free reinforcement learning for non-
Markovian decision problems. In Proceedings of the Machine Learning Conference, 1994.

Sets up the basic problem of learning probabilistic memoryless policies for hidden state envi-
ronments. Shows why existing algorithms solve the wrong problem.

Satinder Pal Singh and Richard C. Yee. An upper bound on the loss from approximate optimal-value
functions. Machine Learning, To appear.

Shows that if we can bound the mazximal error in value functions introduced by function ap-
proximation, then we can bound the worst-case performance of the greedy policy.

Richard D. Smallwood and Edward J. Sondik. The optimal control of partially observable markov processes
over a finite horizon. Operations Research, 21:1071-1088, 1973.

Describes the first exact method for solving POMDP ’s. Mostly of mathematical and historical
interest.

Edward J. Sondik. The Optimal Control of Partially Observable Markov Processes. PhD thesis, Stanford
University, Stanford, CA, 1971.

Introduces most of the fundamental results in the theory of POMDP’s with regards to the
representation of optimal policies.

Edward J. Sondik. The optimal control of partially observable markov processes over the infinite horizon:
Discounted costs. Operations Research, 26(2):282-304, 1978.

Gives a policy iteration type algorithm that gives provably near-optimal policies for infinite-
horizon POMDP problems.

E. D. Sontag. Some topics in neural networks and control. Technical Report LS93-02, Rutgers University,
New Brunswick, NJ, July 1993.

Richard S. Sutton. Temporal Credit Assignment in Reinforcement Learning. PhD thesis, University of
Massachusetts, Amherst, MA, 1984.

Richard S. Sutton. Learning to predict by the method of temporal differences. Machine Learning, 3(1):9-44,
1988.

Richard S. Sutton. Implementation details of the TD(A) procedure for the case of vector predictions and
backpropagation. Technical Report TN87-509.1, GTE Laboratories Inc., August 1989.

Richard S. Sutton. Integrated architectures for learning, planning, and reacting based on approximating
dynamic programming. In Proceedings of the Seventh International Conference on Machine Learning,
Austin, TX, 1990. Morgan Kaufmann.

Discusses the DYNA model for using a learned model to plan effectively.

Richard S. Sutton. Planning by incremental dynamic programming. In Proceedings of the Ninth International
Workshop on Machine Learning. Morgan Kaufmann, 1991.

Richard S. Sutton. Reinforcement learning architectures for animats. In Proceedings of the International
Workshop on the Simulation of Adaptive Behavior: From Animals to Animats, pages 288-296, Cam-
bridge, MA, 1991. The MIT Press.
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Richard S. Sutton. Introduction: The challenge of reinforcement learning. Machine Learning, 8:225-227,
1992.

My favourite quote — it is tn a sense the whole AI problem in a microcosm

Richard S. Sutton and Andrew G. Barto. Toward a modern theory of adaptive networks: Expectation and
prediction. Psychological Review, 2:135-170, 1981.

Richard S. Sutton and Brian Pinette. The learning of world models by connectionist networks. In Proceedings
of the Seventh Annual Conference of the Cognitive Science Society, pages b4-64, 1985.

Richard S. Sutton and Steven D. Whitehead. Online learning with random representations. In Machine
Learning: Proceedings of the Tenth International Conference, pages 314-321, San Mateo, CA, 1993.
Morgan Kaufmann.

Perceptrons with randomly constructed representations. (They do point out that the original
perceptrons had random representations too.) Performance is compared to nearest-neighbour
techniques and back-prop. The random-representation task works well, especially when there
are trrelevant features.

M. Tan. Multi-agent reinforcement learning: independent vs. cooperative agents. In Proceedings of the Tenth
International Conference on Machine Learning, Amherst, MA, 1993. Morgan Kaufmann.

Describes several methods for training multiple agents and compares them on a simulated
search task.

Ming Tan. Cost-sensitive reinforcement learning for adaptive classification and control. In Proceedings of
the Ninth National Conference on Artificial Intelligence, Anaheim, CA, 1991.

Gerald Tesauro. Practical issues in temporal difference learning. Machine Learning, 8:257-277, 1992.

Uses TD learning to teach a net to play backgammon. One version of the net is apparently
the strongest computer player in the world. The empirical success is theoretically suprising.

Gerald Tesauro. TD-Gammon, a self-teaching backgammon program, achieves master-level play. Neural
Computation, To appear.

Probably the best known and most successful application of reinforcement learning techniques.

M. A. L. Thathachar and P. S. Sastry. A new approach to the design of reinforcement schemes for learning
automata. IEEE Transactions on Systems, Man, and Cybernetics, SMC-15(1):168-175, 1985.

Sebastian Thrun and K. Mdller. Active exploration in dynamic environments. In J. E. Moody, S. J. Hanson,
and R. P. Lippmann, editors, Advances in Neural Information Processing Systems 4: Proceedings of the
1991 Conference, pages 531-538, San Mateo, CA, 1992. Morgan Kaufmann.

Sebastian Thrun and Anton Schwartz. Issues in using function approximation for reinforcement learning.
In M. Mozer, P. Smolensky, D. Touretzky, J. Elman, and A. Weigend, editors, Proceedings of the 1993
Connectionist Models Summer School, Hillsdale, NJ, 1993. Lawrence Erlbaum.

Gives bounds on the allowable approzimation error and gamma if Q-learning is to be expected
to learn optimal policies.

Sebastian B. Thrun. Efficient exploration in reinforcement learning. Technical Report CMU-CS-92-102,
Carnegie Mellon University, Pittsburgh, PA, January 1992.

Sebastian B. Thrun. The role of exploration in learning control. In David A. White and Donald A. Sofge, edi-
tors, Handbook of Intelligent Control: Neural, Fuzzy, and Adaptive Approaches. Van Nostrand Reinhold,
New York, NY, 1992.
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Sebastian B. Thrun. Exploration and model building in mobile robot domains. In Proceedings of the
International Conference on Neural Networks, 1993.

M. L. Tsetlin. Automaton Theory and Modeling of Biological Systems. Academic Press; New York, NY,
1973.

Christopher J. C. H. Watkins. Learning from Delayed Rewards. PhD thesis, King’s College, Cambridge, UK,
1989.

Introduces Q-learning.
Christopher J. C. H. Watkins and Peter Dayan. Q-learning. Machine Learning, 8(3):279-292, 1992.

Paul J. Werbos. Generalization of backpropagation with application to a recurrent gas market model. Neural

Networks, 1:339-356, 1988.

Paul J. Werbos. A menu of designs for reinforcement learning over time. In W. Thomas Miller, ITI, Richard S.
Sutton, and Paul J. Werbos, editors, Neural networks for control, chapter 3, pages 67-95. The MIT Press,
Cambridge, MA, 1990.

Has a nice diagram of Dynamic Programming. Mainly about an adaptive critic algorithm. The
model is explicitly derived as an approrimation to DP.

Steven D. Whitehead. Scaling reinforcement learning systems. Technical Report 304, University of Rochester,
Department of Computer Science, Rochester, NY, 1989.

Steven D. Whitehead. A complexity analysis of cooperative mechanisms in reinforcement learning. In Proc.
Ninth National Conference on Artificial Intelligence, 1991.

Steven D. Whitehead. Complexity and cooperation in Q-learning. In Proceedings of the Eighth International
Workshop on Machine Learning, Evanston, IL, 1991. Morgan Kaufmann.

Steven D. Whitehead and Dana H. Ballard. A role for anticipation in reactive systems that learn. In
Proceedings of the Swzth International Workshop on Machine Learning, pages 354-357, Ithaca, NY,
1989. Morgan Kaufmann.

Steven D. Whitehead and Dana H. Ballard. Active perception and reinforcement learning. In Proc. Seventh
International Conference on Machine Learning, 1990.

Describes the LION algorithm for doing robust reinforcement learning in a restricted class of
hidden state environments. Applies the algorithm to an active perception task.

Steven D. Whitehead and Dana H. Ballard. Learning to perceive and act by trial and error. Machine
Learning, 7(1):45-83, 1991.

Steven D. Whitehead, Richard S. Sutton, and Dana H. Ballard. Advances in reinforcement learning and
their implications for intelligent control. In Proc. Fifth IEEE Int. Symp. on Intelligent Control, 1990.

Bernard Widrow, Narendra K. Gupta, and Sidhartha Maitra. Punish/reward: Learning with a critic in
adaptive threshold systems. IEEE Transactions on Systems, Man, and Cybernetics, SMC-3(5):455-465,
1973.

Bernard Widrow and Marcian E. Hoff. Adaptive switching circuits. In IRE WESCON Convention Record,
New York, NY, 1960.

Reprinted in Neurocomputing: Foundations of Research, James A. Anderson and Edward

Rosenfeld, editors, The MIT Press, Cambridge, MA, 1988
Bernard Widrow and S. D. Stearns. Adaptive Signal Processing. Prentice Hall, Englewood Cliffs, NJ, 1985.
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Ronald J. Williams. Reinforcement learning in connectionist networks: A mathematical analysis. Technical
Report ICS-8605, Institute for Cognitive Science, University of California, San Diego, La Jolla, CA,
1986.

Ronald J. Williams. A class of gradient-estimating algorithms for reinforcement learning in neural networks.
In Proceedings of the IEEE First International Conference on Neural Networks, San Diego, CA, 1987.

Develops the REINFORCE class of reinforcement learning algorithms for mazimizing in-
stantaneous reward.

Ronald J. Williams. On the use of backpropagation in associative reinforcement learning. In Proceedings of
the IEEE International Conference on Neural Networks, San Diego, CA, 1988.

Ronald J. Williams. Adaptive state representation and estimation using recurrent connectionist networks.
In W. Thomas Miller, III, Richard S. Sutton, and Paul J. Werbos, editors, Neural networks for control,
chapter 4, pages 97-114. The MIT Press, Cambridge, MA, 1990.

How the state of a plant can be modelled and how (recurrent) networks allow new (to many
people) types of models of state.

Ronald J. Williams. Simple statistical gradient-following algorithms for connectionist reinforcement learning.

Machine Learning, 8(3):229-256, 1992.

Ronald J. Williams and Leemon C. Baird, ITI. Analysis of some incremental variants of policy iteration: First
steps toward understanding actor-critic learning systems. Technical Report NU-CCS-93-11, Northeast-
ern University, College of Computer Science, September 1993.

Mathematical results on general update sequences based on policy iteration.

Ronald J. Williams and Leemon C. Baird, ITI. Tight performance bounds on greedy policies based on im-
perfect value functions. Technical Report NU-CCS-93-14, Northeastern University College of Computer
Science, 1993.

Tight lower bound on cumulative reward obtained from policies based on value functions where
Bellman equation is not satisfied exactly.

Tan H. Witten. An adaptive optimal controller for discrete-time markov environments. Information and

Control, 34:286-295, 1977.

Lambert E. Wixson. Scaling reinforcement learning techniques via modularity. In Proc. Eighth International
Machine Learning Workshop, 1991.

H. Zhu. Neural Networks and Adaptive Computers: Theory and Methods of Stochastic Adaptive Computation.
PhD thesis, University of Liverpool, Liverpool, UK, June 1993.

Foundation of stochastic adaptive computation based on neural networks. Simulated annealing
learning rule superior to backpropagation and Boltzmann machine learning rules. Reinforce-
ment learning for combinatorial state space and action space. (Mathematics with simulation
results plus philosophy.)
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