Using Suggestions and AND/OR Tree for Back of the Envelope Reasoning

SOLVE, A Model of Problem solving

Problem solving is the process that takes us from a problem to its solution. A computational model of problem solving has to understand the problem representation, has to have access to domain knowledge and the ability to retrieve knowledge that might be relevant. It also needs to have strategies, which it can try when the problem is complex and the answer is not directly found. It needs to maintain the workspace, where it keeps track of the work done and progress made on the problem. We have implemented SOLVE, a problem solver that uses – 

· A large knowledge base (very similar to Cyc [cite]) for domain knowledge and the FIRE reasoning environment for retrieving and accessing the knowledge base.

· Suggestions as representation for strategies.

· AND/OR tree as a model for maintaining the workspace.

Lets have a look at an example that solve can find answer for, and as we describe the system we’ll refer to the example to ground the discussion. 

What is total annual amount of gasoline consumed by cars in the US?

Total consumption = Total miles driven/ miles per gallon

Total miles driven = Number of cars in the US * Miles driven per car per year

Miles driven per car per year = Miles driven per day * 365

If we say that every household owns a car, since some don’t and some might have more than one, then 

Number of cars in the US = number of households = population / average size of American household. 

Now we have a model, and using the following numbers,

Population = 300 million, Average size of household ~ 3, Daily miles driven ~ 20, Miles per gallon for a typical car ~ 20. 

We get an estimate of 36.5 billion gallons. 

In this section we explain the above three things in detail, and then present the core algorithm of Solve. Using AND/OR decomposition for problem solving is not a new idea [Cite Nilsson], but there are quite subtle issues and interesting design choices we made in Solve which we have not seen mentioned in the literature. 

Domain Knowledge

In this paragraph we describe the knowledge base and our reasoning environment. This description is part of background infrastructure that the work reported on this paper builds on, and is provided to contextualise and make the current work more understandable. Cyc [cite] is large knowledge base of facts knowledge about a large set of domains represented in predicate calculus. Problems, solutions, strategies are all represented uniformly and stored in this KB. Our group (Northwestern in collaboration with Xerox PARC) has built the FIRE reasoning environment, which is in continuous development. FIRE uses a special purpose database for storing the knowledge base. It can do analogical reasoning using structure mapping, and has facility for adding various kinds of reasoning source that allow it to do specialized reasoning. It provides the conventional ASK and TELL interface to the knowledge base, and QUERY which uses backward chaining to see if it can find answers. 

Strategies

We represent strategies using suggestions. A suggestion provides a decomposition for the problem. In the above example, we use the idea that the number of cars can be estimated by finding the number of household. The following suggestion captures the idea. 

(defSuggestion HouseholdStrategyForCountingUnits

   :trigger (unitsTotal ?obj ?place ?time ?total-units)

   :test (ownedBy ?obj FamilyCohabitationUnit)

   :subgoals ((numberOfHouseholds ?place ?time ?num-households)

              (unitsPerHousehold ?obj ?units-per-household))

   :result-step (evaluate ?total-units 

                    (TimesFn ?num-households ?units-per-household)))

It says that if we know that something is owned by households (refered to as FamilyCohabitationUnit in the KB), then we can find how many units of it are owned by estimating the number of households and number of units per household and multiplying them. There are four parts to a suggestion – 

1. Trigger: The form which is query for which the suggestion might be applicable. 

2. Test: Additional test conditions which must be true in order for the suggestion to work. 

3. Subgoals: A list of forms that this suggestion decomposes the current problem into. These are AND-subgoals, meaning if any one of them fails, this suggestion fails to solve the original problem. These subgoals are fully ordered. 

4. Result-step: The final step of the suggestion, which combines the answers to the subgoals. 

Inside the suggestion, the variables are order scoped such that any variable introduced can be used in the subsequent parts of the suggestion. The defSuggestion macro mentioned above is a facility for the suggestion author – it expands the suggestion into assertions in predicate calculus that are stored in the KB. Suggestions can be as concrete or abstract as intended. For example, the above suggestion applies not only to cars, but to televisions, family insurance policies, etc. Our strategy library currently consists of 23 such suggestions. One of the goals of the current work is to show that as we build a larger corpus of examples, there is re-use of these strategies and novel compositions, resulting in being able to solve newer problems with very little or no new problem specific knowledge added. 

Tracking problem solving progress

SOLVE uses an AND/OR tree
 to track the progress as it is working on a problem. The mapping between the AND/OR tree and our representations is very direct. For a problem, there could be many applicable strategies, any one of which succeeding lead to a solution to the problem. This results in an OR node in the tree. A suggestion, on the other hand, introduces one or more subgoals all of which have to solved in order to solve the original goal. This results in an AND node in the tree. Below is the AND/OR decomposition for our annual gas consumption example. 


An AND/OR decomposition lets us keep track of dependencies between the original problem and new subgoals introduced. During the course of problem solving, a node can be –

· SOLVED: An OR-node is solved when any one of its children gets solved, and an AND-node is solved when all of its children are solved. 
· FAILED: An OR-node fails when all of its children fail, and an AND-node when any one of its children fail.  
· MOOT: A node is moot when it is not solved or failed, but when there is no point on working on it at the current point. So, if any one of the siblings of OR-nodes has succeeded, the other siblings are MOOT-VIA-SUCCESS, as at any point we are interested in finding one solution, so if one strategy has succeeded, we don’t want to pursue others right now. However, we might come back and un-moot the other strategies if at some point we want more solutions, or after propagating this solution upwards in the tree we find that the original goal is still not solved. A strategy can generate many solutions, and we try the next sibling strategy only if we have exhausted all the solutions that this strategy has to offer. On the other hand, if an AND-node fails, its siblings are MOOT-VIA-FAILURE as there is no point in working on them, as the parent suggestion has failed as a result of one of its children failing. However, if later on we find that we can solve that subgoal that failed by working more on it, we can come and un-moot the siblings. 
These inferences are made by maintaining flags at each node, which are updated/ propagated after every unit of problem solving. 

The SOLVE Algorithm

As SOLVE works on a problem, it maintains its progress in an AND/OR tree as mentioned above. It also maintains an agenda, which is a list of things that it can do next. The agenda consists of suggestions that have been found that it can try, and subgoals that have been suggested. The agenda is ordered by difficulty estimates
 so that the first thing on the agenda is the easiest one. SOLVE starts with enqueuing the original goal on to the agenda and running the main loop. Since SOLVE is an incremental algorithm, the rest of the discussion will explain what happens at some point in midst of problem solving when we have done some work and have an already expanded AND/OR tree. There are two different ways in which solutions are generated in solve – 

· AGENDA processing: The original goal hasn’t been solved yet, and we are either trying to find suggestions that will solve it, or working on the subgoals that were suggested. It picks the easiest thing off the agenda. If it is a goal node, then sees if it can be solved by a primitive operation, ASK. If that fails, it gathers suggestions. Found suggestions are added the children of the original goal and enqueued on the agenda. If it is a suggestion node, then it instantiates the first subgoal of the suggestion node as a child node of the suggestion in the graph, and enqueues it on the agenda. 

· IN-PLAY processing: This happens when the original goal has been expanded into a graph all of whose leaf nodes are solved. Now, no more problem solving needs to be done, and we can keep generating new solutions until we have exhausted all possible bindings found at the leaf nodes. We call a node that is solved and can possibly generate more solutions as an IN-PLAY node. Every subgoal maintains a pointer to the current IN-PLAY suggestion. IN-PLAY processing is implemented by the get-next-solution loop in SOLVE, whose main concern is to properly update what bindings have been already used. 

All the bindings that are found as a result of a successful solution are maintained at the nodes locally and only those that are of interest to the parent from the first successful combination of the bindings are propagated upwards. Each node maintains marker to the bindings that it has already used, and these are updated to make sure we exhaustively go through the space of combination of bindings from the subgoals. Since the combinatorial possibilities of bindings from subgoals can be large, for example, consider a suggestion whose three subgoals are solved by a primitive operation (these will correspond to leaf nodes in the graph).  For these leaf nodes if we found 2, 5 and 50 successful bindings, we have 500 combinations of bindings that could possibly lead to as many solutions for the parent. SOLVE tries each of these combinations one by one until it finds one solution for the parent and that is all it propagates upward in the graph. At the same point the binding markers at the nodes are updated appropriately so that solve could come back and try the next combination if that solution was not good, or we wanted more answers. 

The main SOLVE loop drives both these kinds of processing. It checks if there are in-play solutions, if not it picks the next thing off agenda and processes it. The pseudocode for the main loop, the get-next-solution and the propagate-bindings steps are in the appendix. 

get-solution(original-goal) 

  if in-play?(original-goal) 

    get-next-solution(original-goal)

    else if the agenda is empty then quit 

  process-agenda 

get-next-solution(ao-node)

  if there are cached solutions at this node

    ;; cur-bmarker points to the current solution 

    increment cur-bmarker(ao-node)

    return cached solution

  if goal-node?(ao-node)

    if ao-node has a child suggestion that is in-play

       get-next-solution(in-play-suggestion(ao-node))

    ;; No in-play suggestion, if this goal has a younger

    ;; sibling that can give us more new bindings, re-instantiate

    ;; this node with those bindings. 

    if younger-siblings(ao-node)

       bindings = get-next-solution(younger-sibling(ao-node))

       enqueue-on-agenda(re-instantiate-node(ao-node bindings))

  if suggestion-node?(ao-node)

    ;; seek downward

    solution = get-next-solution(eldest-child,ao-node)

    add-bindings(solution,ao-node)

    increment cur-bmarker(ao-node)

    return solution 

propagate-bindings(goal-node)

  if elder-sibling?(goal-node)

    increment cur-bmarker(goal-node)

    next-node = instantiate-node(elder-sibling(goal-node),

                                 current-bindings(goal-node))

    add-to-tree(next-node)

    enqueue-on-agenda(next-node)

    return

  ;; No elder sibling, so we can now see if the parent node got solved

  if parent(goal-node) exists

    bindings = get-next-solution(goal-node)

    while we have bindings for goal-node

      result-bindings = do-result-step(parent(goal-node))

      if result-bindings found

        add-bindings(result-bindings,parent(goal-node)

        propagate-bindings(parent(parent(goal-node)))

      bindings = get-next-solution(goal-node)

____
How many hotdogs are sold in a baseball season at Wrigley Field? 

Number of home games in a season = 80

Number of people attending a game ~ 40,000

Lets say one out of 
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Figure 1. AND/OR tree for the gasoline consumption problem. The circles represent the suggestion nodes (AND-node) and the rectangles subgoal-nodes (OR-nodes). 








� Because of the fact that the solutions obtained are cached, we get the functionality of an AND/OR graph, i.e., we don’t re-solve an already solved node, although the underlying representation is a tree. The advantage of having a tree is that the propagation algorithms are much simpler. 


� Currently we use a very crude estimate of difficulty – the length+depth of the s-expression corresponding to the agenda item! Over many problem solving episodes, one might maintain statistics about which strategies work best, and how tough a particular subgoal is, based on experience, and use that. 





