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Abstract

This document describes a new framework for the development of AI agent algorithms based on reinforcement learning.  The framework is designed to support a component based development system that facilitates the easy combining of separate components that may not have been originally designed to work together.  Section 1 lays out the motivation for the framework and its design.  Sections 2 and 3 describe how the framework is designed and how to work with it.  Sections 4 and 5 describe how I implemented the Hayek algorithm using the framework and used it to solve blocks world problems.  Section 6 discusses more sophisticated agent design principles that the framework should be made to implement in the future.

1.  Introduction

Research in artificial intelligence usually focuses on algorithms to be used by agents to perform some task well, satisfying some goal or goals as defined by the designer.  The algorithms are usually designed to adapt or learn from experience with the agent’s environment.

AI agents can behave quite intelligently in their ability to perform well at certain tasks.  Often they can perform better than their human counterparts when the task is well defined.  But humans are considered to be more intelligent, because as soon as the task or the goals are brought into a larger context, the agent will have a much more limited ability to adapt than a human.  This is because the human has a better understanding of context.

There are two main explanations for why humans are better than AI agents at understanding context.  First is computational capacity.  Many AI algorithms will become more powerful if they simply have more time and space for computation.  The human brain can perform more computation per second and has more memory than the computers of today.  The second explanation is that the human brain’s algorithm has a higher level of dynamism than AI algorithms of today.  Let’s consider what makes the human brain more dynamic than AI algorithms.

When a human makes a decision in an unfamiliar situation, there are many algorithms being run in the brain simultaneously to help make that decision.  Each algorithm is processing the situation in its own way.  Often the algorithms disagree about the decision to be made and this disagreement must be resolved.  Higher order parts of the brain deliberate between the many algorithms, and perhaps through a voting system weighted by each algorithm’s apparent appropriateness for the given problem, and decide what is best.  It is the combination of many “expert opinions” within the brain that leads to overall intelligent behavior.

We can see this same decision making structure in the community of AI research and development.  A human designer is given a problem to be solved with AI.  The designer chooses what AI algorithms are most appropriate to the problem, how they will be configured, and how the problem and goals will be represented.  Those algorithms may perform well at the problem, but they have no understanding of the broader context of the problem.  The human designer is performing the role of understanding context, and of deliberating between the “expert opinions” that the many known AI algorithms represent.

It would seem desirable to model this deliberation process into an algorithm of its own.  In order to build AI agents with greater understanding of problem context, we would like the agent to recognize the nature of a problem, and then decide which algorithms to use.  This deliberation algorithm could itself be a sophisticated AI algorithm, learning from experience about the problem landscape.  There could even be several deliberation algorithms, with an algorithm to deliberate among those.  This would create a hierarchy of command structure, a structure proven successful in corporate or military organizations, and also in a well-known AI paradigm, the Artificial Neural Network (ANN) [Minsky].

The ANN, when designed in the classic layered configuration, represents a hierarchy of deliberation.  An ANN can be used as an entire agent algorithm, in which the sensor inputs feed into the first layer, and the decisions come from the output layer.  The ANN can learn from experience by adjusting the weights on the connections the neurons use to communicate with each other.  The main disadvantage of this is that it takes very many neurons to collectively encode a sophisticated algorithm.  This means such an algorithm will be difficult to learn on it own, and difficult to be understood by a human designer.

It would be useful to have an ANN structure in which each neuron could encode an arbitrarily complex algorithm by itself rather than just a simple function.  It would then make sense for the connections between neurons to be able to transfer arbitrarily complex data, rather than just a scalar value.  This would allow a human designer to implement many appropriate algorithms for a problem and to arrange them in a hierarchical command structure.  This system for agent algorithm design could facilitate ANN-like learning, as well as learning on a level the human designer set up.  As the agent gains experience and learns, the human designer can see how the agent is adapting because the algorithms can be designed to do logging and reporting of useful information.

If there were a standard framework for developing an agent algorithm in this way, the developer using the framework would build the agent algorithm as components of the framework.  This would allow for connections between other components developed by someone else.  Algorithm hierarchies could join larger hierarchies, as higher-level components develop to deliberate between different sub-hierarchies based on suitability to a large problem context.  A common framework for the development of AI agents would provide a standard for communication between components and facilitate the ultimate development of a higher level of intelligent behavior.

2.  The Framework

Here I will describe how I developed a framework for AI agent algorithm development.  The framework establishes a standard for creating interoperable AI components, but it also provides a runtime environment for handing some of the interoperability issues.

This agent framework can be thought of as being analogous to an ANN.  The framework’s unit of computation, analogous to a neuron, I call a node.  Each node contains it own program.  The designer of the system can program one or many types of nodes, or use those programmed by others.  The system consists of input nodes that take their input from the agent’s percepts, and at least one output node that sends its output to the agent’s effectors.  There will normally be many other nodes in between, intercommunicating with one another.

One issue that should be handled by the framework is computer resource management.  In a system where new algorithm components can be added arbitrarily, there needs to be a mechanism to regulate the use of the host computer’s CPU and memory.  We would like the components to be able to regulate themselves if possible, but there still needs to be a global authority to prevent overuse.  For this I use an artificial economy.  The nodes are each given money that they can spend on resource use, or trade with other nodes for information or influence.  In this way, a node can only use computer resources if it is successful in acquiring money.  It will only be successful if it provides useful information or influence to other successful nodes, such that it is in their interest to pay the money.  This chain of economic dependence goes all the way to the main node, which is where the money flow into the system originates.

The pursuit of money will only help the agent perform well if money is provided as a reward for good agent performance.  This lends itself well to the reinforcement learning paradigm [Kaelbling].  Over the long term the flow of money into the system must be no more than the computer resources available to the agent algorithm.  But in the short term, more or less money can be given as reward or punishment for quality of performance.

It will be up to the designer to provide a reward function.  This reward will be translated by the framework into an appropriate amount of money to pay the main node.

3.  The Node Software

It is up to the designer of the agent to provide the framework with the software that will make the nodes operate.  The framework provides a base class called NodeWare that must be subclassed.  It is in the subclasses of NodeWare that the designer provides the programming for the nodes to make the agent act and learn.

The framework has been implemented in Java, and so the NodeWare is implemented with Java subclasses of the NodeWare class.  The methods that need to be overridden are init and call.  call is where most of the functionality of a node comes from.  A typical node knows about many other nodes and can make calls to them through the call method.  Normally a node knows about other nodes via referring objects of class Node, rather than by actually having a reference directly to their NodeWare objects.  This way the code of one NodeWare type only has the limited and controlled access to nodes of other NodeWare types.

Here are the public methods of Node and NodeWare:

Methods of Node

public int id()

The id method returns the unique ID number of this node.

public double money()

The money method returns the amount of money in this node’s account.

public int modeCount()

The modeCount method returns the total number of modes in which this node can be called.

public Object call(int mode, Object[] params, double payment)

The call method does the same thing as the call method of the NodeWare class (see below).

Methods of NodeWare

public abstract void init()

The init method gets called once at the time the node is initially created.  Any initialization code that needs to be executed at this time should be put here.

public abstract Object call(int mode, Object[] params, double payment)

The call method is the framework’s provision for inter-node communication.  When one node makes a call to another node it is much like when one Java object calls a method of another object.  The mode parameter defines what type of call it is.  A node might have only one valid mode, or it might have many.  Any parameters of the call are placed in the params parameter.  During the time of the call, the node being called is charged money by the framework for execution time.  The node making the call is not charged for this execution time.  In this way the calling node is not directly responsible if the call requires excessive time to return.  The payment parameter is the amount of money the calling node is offering to pay the node it is calling for the service it renders.

public Node node()

The node method returns a Node object referring to this node.

public double money()

The money method returns the amount of money in this node’s account.

public double paymentDue()

The paymentDue method returns the amount of payment that was offered by the node calling this node, until the payment is accepted.  It may be useful for a node to know how much money it was offered before accepting payment and performing potentially costly operations.

public void acceptPayment()

Calling the acceptPayment method causes the transfer of money from the calling node to this node, in the amount of the payment offered by the calling node.

public Node createNode(NodeWare nodeWare, double money)

A call to the createNode method will create a new node in the framework.  The new node could be of the same NodeWare type as this node, or it could be of a different type, as defined by the nodeWare parameter.  The money parameter is the initial amount of money the new node will start with.  This money is transferred from this node’s account.  A Node object referring to the new node is returned.

The Agent class

To implement the agent under the framework, the designer must also subclass the Agent class.  There is only one method that must be implemented for this:

public abstract Action nextAction(Percept percept, double reward)

The nextAction method is called every time the agent has to decide on what action to take.  The agent’s decision is returned.  The percept parameter contains all the input data to the agent at the current time.  The reward parameter is the current reward the agent is to receive under the reinforcement learning paradigm.  Generally, a greater reward value indicates a more desirable state having been reached.  It is up to the designer of the agent to provide the reward function as the agent’s means to learn better performance.  This method embodies the agent’s interaction with its environment and the designer’s goals.

4.  The Hayek Algorithm

As a first test of agent implementation using the framework, I chose to implement the Hayek algorithm [Baum 1].  Hayek is based on an artificial economy of independent sub-agents.  Each sub-agent has its own money.  At each time step the sub-agent bid in an auction for ownership of the world and the right to decide the next action taken by the agent.  The highest bidder pays the previous owner that amount.  If the action taken results in reward, then money is given to the owner.  Additionally, there is a resource tax that each agent must pay for execution time, thus placing higher value on efficient algorithms.

It is in a sub-agent’s financial interest to win ownership at a price less than the value of the current state of the world.  The value of the world is the amount of reward money that can be earned after the next action plus the world’s market value in the next auction minus the cost in resource tax to compute what the next action will be.

Of course the value function for states of the world must be learned.  The sub-agent population can be initialized as random algorithms.  Many sub-agents will go broke doing the wrong thing.  As sub-agents go broke, new random sub-agents are created by the system.  As some sub-agents are successful, accumulating large amounts of money, new child sub-agents are created as mutated copies of the parents.  This allows the sub-agent system to evolve and collectively learn the value function of the world.

Implementing Hayek in the Framework

Hayek seems an appropriate algorithm to be developed using the mechanisms of the framework.  Each sub-agent is represented as a node.  The concept of money in an artificial economy is handled at the framework level.  The resource tax is automatically taken care of by the framework.  There will need to be one main node that handles running the auction, paying reward money, and creating new random sub-agent nodes.

5.  Testing on the Blocks World

To test this Hayek implementation at acting and learning in an environment, I have chosen the blocks world environment.  In the blocks world there are 4 stacks of colored blocks, stack0 through stack3.  There are a total of 2n blocks and k colors.  On stack0 there are always n blocks.  The other three stacks contain blocks of the same distribution of colors as stack0.  The agent can pick up the top block from any stack except stack0, and place it on top of any stack except stack0.  The goal is to make stack1 a copy of stack0.

I would like an agent to learn how to solve blocks world in general for a certain size world.  That is I would like the agent to become good at solving a random blocks world presented to it, just by examining the configuration of the colored blocks.

To make my Hayek implementation suitable for blocks world I subclass the framework classes Percept, Action, and Agent; into BW1Percept, BW1Action, and BW1Agent.  BW1Percept contains information about the current state of the world, which is the heights of each stack and the locations and colors of each block.  BW1Action contains the numbers of the “grab stack” where a block will be picked up from, and the “drop stack” where the block will be placed.  BW1Agent has a constructor to initially create the nodes, and a nextAction method that simply calls the main node to perform the auction and return the next action for the agent to take.

There are two NodeWare subclasses (in other words there are two types of nodes), MainNode and BidderNode.  MainNode will only have one instance.  The MainNode is responsible for running the auction keeping track of ownership, and outputting the action that results.  It is also responsible for distributing reward money.

The BidderNode has a bid function and an action function.  Each take the state of the world as input and return a bid or an action.  These functions are encoded as a simple type of S-expression with nested if-then-else statements and Boolean operators And, Or, and Not.  They are designed to be created randomly, or to undergo random mutation (for creating child sub-agents).

For the learning environment I built a blocks world simulator that would repeatedly present randomly created blocks world configurations to the agent.  Each time, if the agent reached the goal a positive reward is given, otherwise zero reward is given.  After the goal is reached, the next blocks world is presented.  After some large number of actions are taken without reaching the goal, a new blocks world is presented and no reward given.  The blocks worlds increase in size as the agent learns to solve a size consistently.  This way it can build on what it learned in simpler problems to solve larger ones.

For additional clarity, here are the algorithms for the learning environment, and the agent:

Algorithm for Learning Environment

NUM_COLORS = 3

SOLUTION_REWARD = 100

MAX_STEPS = 10000

SUCCESS_STEPS = 20

SUCCESS_WORLDS = 100

1) set h = 1.

2) create new world, 

     with NUM_COLORS colors, and height of h.

3) run agent on world until

     world is solved, or

     run for MAX_STEPS steps without solving.

4) if world was solved within SUCCESS_STEPS steps

     for SUCCESS_WORLDS consecutive worlds,

     then increment h.

5) goto 2.

Algorithm for Agent

INIT_BIDDER_NODE_COUNT = 100

STARTUP_MONEY = 100

1) create mainNode,

     with (STARTUP_MONEY * 100) money.

2) create INIT_BIDDER_NODE_COUNT bidderNodes,

     each with STARTUP_MONEY money.

3) on each step, 

         pass agent percept and reward,

         agent returns action.

     (The percept contains a world state, 

       and a newWorld flag (if newWorld==false, 

       the world state must follow from the world 

       state and action of the previous step).)

     (The reward is SOLUTION_REWARD if the previous 

       action solved the world, or 0 otherwise.)

     a) main node receives percept, reward if any.

     b) if owner exists, mainNode pays reward to owner, 

          if owner has money >= STARTUP_MONEY * 5

            then owner creates new mutant bidderNode

              giving it STARTUP_MONEY money.

     c) if percept is newWorld, then set owner to null.

     d) if bidderNodeCount < INIT_BIDDER_NODE_COUNT,

          create new bidderNode 

            with STARTUP_MONEY money.

     e) for each bidderNode call bidFunction,

          remove any bidderNodes without money.

     f) set owner to bidderNode with maximum bid, 

          mainNode collects bid money from owner.

     g) call actionFunction of owner, return action.

Test Results on Blocks World

In experiments using this learning environment the agent was able to get up to the blocks world of size 3 after several hundred or thousand worlds were presented.  This is not surprising as Hayek is known to have solved blocks world before [Baum 1].

Following are the number of worlds that needed to be presented for the agent to learn to consistently solve arbitrary block worlds of a given size and the number of nodes used in the solution:

Solving Blocks Worlds of Size 1:

	Run Number
	Number of Worlds
	Number of Nodes

	1
	105
	113

	2
	103
	114

	3
	99
	101

	4
	125
	120

	5
	99
	100


Solving Blocks Worlds of Size 2:

	Run Number
	Number of Worlds
	Number of Nodes

	1
	1563
	139

	2
	1600
	122

	3
	1866
	110

	4
	1759
	127

	5
	1235
	120


It is not clear if this agent is capable of fully learning to solve blocks worlds of size 3.  It may be that it required more experience than it was given in these experiments.  It may also be that the representation language used to encode the sub-agent functions is not sufficient.  Other Hayek implementations have made good progress using more sophisticated representation languages, such as post production systems and systems with some additional hand-coded functions built in for the sub-agents to use in their computation [Baum 2].

It might seem ideal to have a simple representation language without hand-coded functions already present.  In this way the agent is forced to learn everything on its own.  This can be desirable because reliance on hand-coded algorithms is less robust to handling unexpected situations or learning increasingly complex algorithms.

Hayek is a powerful system but it lacks the ability to learn generally useful functions that can be used by all of the sub-agents.  It would be useful to have a system like Hayek but in which hand-coded functions and learned functions could coexist and be used seamlessly by any other parts of the system.

6.  Paths of Future Improvements

Implementing the Hayek algorithm is a demonstration of the use of this framework.  Ideally the framework could be used for more complex agent algorithms.  These more complex algorithms could be developed over time, in layers of interoperable and reusable components.  Libraries of such components could emerge, allowing agents to be expanded and improved upon.

Here are some of the possibilities:

The Information Economy

If we think about how to extend the concept of Hayek, we might think about allowing the sub-agents to share information.  After all, the sub-agents each evaluate the state of the world every auction to determine their bid, yet unless they win the auction, all information from that evaluation is lost.  If there is some generally useful function to compute, it would have to be done separately by each interested sub-agent.  It would seem useful if the sub-agents could communicate and share information.

Since Hayek is already based on the idea that sub-agents compete for money, it seems natural to encourage the sharing of information by allowing it to be traded for money.  Of course the mechanisms for making this work would be complex, but the framework is an ideal development platform since it takes care of money and resource usage, while allowing all sorts of nodes, possibly unfamiliar to each other, to live together in the same economy.

The central idea would be that a node can make money by computing a function value that other nodes want and are willing to pay for.  The input for such a computation would come from the percepts and/or from other nodes selling information.  The cost of such a computation would be the cost of the node’s resource usage plus the cost of paying other nodes for the input information.  If a node is to be successful it must cover these costs of computing information in the price and quantity that it sells the information.

It would also be desirable for successful nodes to use some of their money to make children, similar but somewhat different from themselves, just as in Hayek.  With successful nodes reproducing and failed nodes dying off, we have potential for evolutionary progress.  The workings of the economy could emerge as the agent learns.

To build such a system, a human designer would probably want to program many of the business practices into some of the nodes.  As the agent learns the nodes should be open for learning of better business practices as well.  This includes issues of pricing, quantity of trade, and how nodes find out about each other.  These issues are very complex and there is no one right way to deal with them.  Because of this the framework should be useful in that it allows the development of different kinds of nodes that approach these issues in different ways, can be added into the agent at later times, and can be designed by different people who approached the problem in different ways.  The framework allows for all these nodes to coexist in a uniform artificial economy.

The Super Neural Net

There are many different kinds of algorithms that can make an agent learn and act effectively.  Some are better suited than others for certain problems, depending on the situation.  One design that could be implemented in the framework would combine several independent agent algorithms by encoding each one in a node.  There would then be a main node that runs a deliberation algorithm to make a final decision.  The deliberation algorithm could simply choose to deliberate completely to one of the nodes, or it could in some way average the results of more than one of them.  The choice of how to best deliberate at any given time could depend on the situation.  The deliberation algorithm should be a learning algorithm so that it can learn from experience the best way to deliberate.

Now consider the deliberation algorithm.  There may be several ways to design it to operate.  There may be different ways to make it learn.  It may be advantageous to have more than one such algorithm.  This can be done in the framework by building separate deliberator nodes, each with different deliberation algorithms.  Each deliberator may come up with a different result, so there must be a master deliberator node that makes the final decision by looking at the results of all the other nodes.  This structure is similar to a 3-level ANN; each level relies on the results from the levels below it to do its computation.  Of course this structure is not an ANN, but a super neural net, because although it can do everything an ANN can do, its nodes can be individually programmed to perform sophisticated functions, can have memory, and can pass complex data amongst each other.

How to Use the Framework to Win RoboCup

RoboCup is a soccer tournament for robots, with several leagues for different types of robots.  In the legged league, the robots on all teams have to be of the same hardware configuration and the robots must operate autonomously, receiving data only from their sensors and wireless messages from their teammates.  The challenge is to develop agent software for the robots to play good soccer.

Typically the agent will be programmed with a chain reaction, from sensors to motors.  For example, if the robot sees the soccer ball it might be best to move in that direction.  The robot’s camera obtains an image of the world in front of the robot.  A perception module analyzes the image to recognize the ball and its location.  A behavior module decides to move toward the ball.  A motion module decides what motor actions need to be taken and sends the necessary commands to the motors.  Each module relies on information from the previous module in the chain.

These modules illustrate a case in which it might be advantageous to use more than one algorithm to interpret the same data.  The perception module might try to recognize the ball by its color.  However if the lighting conditions change, the color of the ball might appear differently and not be recognized.  It might be useful to have an alternate way of recognizing the ball, such as by shape.  A second perception module, that uses the same image data as input, can recognize the ball by its shape.  The two perception modules can each do their analysis independently, each reaching their own conclusions.  A perception deliberation module would then be needed to make a final assessment.  The deliberation algorithm would have to decide between contradictory information it receives.  Perhaps this would be done by looking to see which perception module claims higher certainty, weight the conclusions by the general reliability of each perception module, or weight the conclusion based on the conditions (such as recognizing atypical lighting.)  The deliberation algorithm could also be programmed to learn.

The same kind of deliberation could take place with multiple behavior modules.  While one behavior module might decide that upon seeing the ball the robot should move in that direction, another behavior module might decide it is better to let a robot teammate get the ball.  Each of the behavior modules may have their own reason for preferring a certain decision, but a behavior deliberation module resolves this conflict.

The structure of these modules is similar to the super neural net structure and lends itself to being developed in the framework, with each module as a node.  With this design, the robot can be upgraded over time by adding new modules, while keeping existing ones and running them together under the same deliberation system.  The artificial economy may become important when there are many nodes and resources are limited.  For example, perception nodes might perform intense computation on the images.  If there is not enough CPU time to do all this, the deliberator must decide to run only the algorithms that are most important.  By paying the perception nodes for their services this is handled in a natural way.

This type of system for agent design can incorporate the best algorithms and use them together.  Like humans, conflicting impulses will often compete with one winning out to be the final decision.  This principle is important for an agent acting in a complex environment because even the best algorithms encounter situations for which they are not well suited.  Having multiple ways of evaluating the world combined with skill at making a final decision is a robust way of handling the complexities of the real world.

Bringing it Together

These ideas are presented to illustrate general principles of robust agent design using the framework.  The best design to use depends on the problem and the goals in designing the agent.  After an initial design is conceived and implemented these principles can always be used to upgrade the agent with more nodes and more ways to combine different useful algorithms.  Over time such an agent can grow through cycles of learning and human designed upgrades.  This is actually how many agents grow, but often it is under a constrained structure, rigidly programmed, and without algorithmic diversity.  Using the above principles, the agent designer has an opportunity to develop the agent to be more robust at acting in a complex environment and more robust in its future growth.  The framework provides a platform for developing agents in this manner.
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