Incremental Case-Based Plan Recognition Using State
Indices

Boris Kerkez and Michael T. Cox

Department of Computer Science and Engineering
College of Engineering & CS
Wright State University
Dayton, OH 45435-0001

{bkerkez;mcox}ecs.wright.edu

Abstract. We describe a case-based approach to the keyhole plan-recognition
task where the observed agent is a state-space planner whose world states can
be monitored. Case-based approach provides means for automatically construct-
ing the plan library from observations, minimizing the number of extraneous
plans in the library. We show that the knowledge about the states of the ob-
served agent’s world can be effectively used to recognize agent’s plans and
goals, given no direct knowledge about the planner’s internal decision cycle.
Cases (plans) containing state knowledge enable the recognizer to cope with
novel situations for which no plans exist in the plan library, and to further assist
in effective discrimination among competing plan hypothesis.

1. Introduction

In plan recognition systems, the main performance task is recognition of an observed
agent’s plans and goals, based on agent’s planning behavior. Recognition can be in-
tended, as in natural language dialogue [[I E, where the observed agent is aware of
the recognizer, and tries to assist (cooperative) or obstruct (adversarial) the plan rec-
ognition task. During keyhole plan recognition the observed agent does not participate
in the recognition process; the recognizer determines the goals of the planner based
solely on available observations of planner’s behavior. In order to infer the plans and
goals of the observed agent, the recognizer typically compares the observations of
planner’s behavior with possible plans contained in its plan library, and tries to find
the plan(s) from the library that would account for observed behavior.

In a large number of plan recognition systems [El , the plan library is
specified for the recognizer a priori, by some external agent who is often the system
designer. This limits the plan recognition process in that only the plans known in ad-
vance can be recognized, and novel plans will not be accounted for. Furthermore, it is
often required that the plan library be complete |El , i.e., the plan library contains
all of the possible plans an observed agent may pursue. This approach is suitable in
situations where possible plans can be enumerated in advance. However, enumerating



all of the plans in large domains can be a difficult knowledge acquisition task, as the
number of possible plans may be very large. Furthermore, this enumeration may in-
clude those plans that the planner never uses. [ shows how the presence of extra-
neous plans in the plan library can impact the efficiency of the recognizer. They also
introduce techniques to automate the process of constructing the plan library by syn-
thesizing possible actor's plans and goals through plan and goal biases. The automatic
plan library construction methods suffer from the same problem as the hand-coded
plan libraries, since the plans that are automatically generated may be extraneous
(even though the biases will minimize their occurrence).

We present a case-based approach to keyhole plan recognition applicable to
state-space planners where world states of the planner can be monitored and where
states are represented using the first-order predicate calculus. We focus not only on
the knowledge about the actions the planner performs, but also on the states of the
world the planner finds itself in during the planning. We show that the knowledge
about the world states increases the efficiency of the recognizer in planning domains
with wealth of the state information. Cases rich in state knowledge enable more in-
formed predictions for recognition systems in which the planner’s internal decision
cycle (i.e. reasons for taking actions) is not exposed. We propose a scheme intrinsic in
the case-based approach, in which a plan recognition system is able to learn about
novel plans and incorporate them in its plan library for future use, thus incrementally
improving its recognition process. By employing a case-based approach to plan rec-
ognition along with the knowledge about planner’s world states, our system may be
able to predict the agent’s behavior even when the actions and states observed are not
consistent with any plans in the plan library. This is because our system is able to
partially match past cases, which guide the recognition process when exact matches
are not available. This approach greatly improves the robustness and flexibility of a
plan recognition system.

The next section describes the motivation behind our work. Section 3 deals
with the benefits of retaining state knowledge, which is used in section 4 where con-
cepts of indexing and case similarity are explored. Section 5 presents implementation
and recognition examples. Finally, we conclude with the summary of presented topics
in section 6.

2. Motivation and Related Work

In our opinion, the case-based approach comes as a natural reasoning paradigm for
the plan recognition task. The plan library contains instances of plans an observed
agent may pursue. Planning episodes in the plan library can be viewed as cases, and
the recognition process can utilize these past plans (cases) to generate predictions.
The main focus in the context of plan recognition is on retrieval of cases that account
for the observed behavior, and not on the adaptation of the retrieved cases to solve
planning problems. While most traditional plan recognition systems [ are able to
recognize only those plans whose steps are exact matches to the plans in the plan li-
brary, a pure case-based approach to plan recognition allows the recognizer to par-
tially match cases (plans) from the library with its observations. A case-based recog-
nizer can therefore recognize plans that are not exact matches to the plans from the



library, but instead are similar to the description of a current situation, based on the
observed planning steps.

In our system, cases (plans) contain not only knowledge about actions, but
also the knowledge about the states of the world seen during the planning. Such state
knowledge can be of great utility for case-based plan recognition, because, cases re-
trieved on a basis of matched planning actions can further be narrowed down by their
applicability, given the current state of the world. Bares and his colleagues [E[] explore
the concept of case-based plan recognition, but, their cases do not represent explored
world states like our system does.

A case-based plan recognizer can efficiently overcome difficulties of requir-
ing a complete plan library specified for the recognizer a priori. The recognizer can
start the recognition process with an incomplete (or empty) plan library and accumu-
late the plans from observations of the planner’s behavior. The observed plans them-
selves constitute contextualized pieces of knowledge useful for future predictions
from observations. The main disadvantage of this approach is that some of the plans
observed for the first time may not be recognized by the system initially, because
relevant plans may be absent from the plan library. However, the observed plans are
then learned and used by the recognizer in subsequent plan observations. The ability
to incorporate novel plans into a plan library makes a case-based recognizer applica-
ble to a wide variety of different applications, especially to those where all of the
plans may not be known in advance and therefore cannot be enumerated (e.g. recog-
nizing military maneuvers of enemy ground troops).

The ability of a plan recognition system to deal with an incomplete plan li-
brary is important, because, constructing a complete plan library can be a difficult
knowledge acquisition task. Enumeration of all of the plans in the library can impact
the efficiency of the recognizer, because, such an enumeration may include extrane-
ous plans, which the planner will never execute and the recognizer will need not to
predict. The methods for automatic plan library construction may suffer from the
same problem. Our incremental construction of the plan library ensures that only the
plans that were actually observed during the planning process are used in the recogni-
tion process, and therefore minimizes the number of extraneous plans in the library. If
we assume that the planner is a goal-oriented expert (all performed planning steps are
necessary to reach the goal), we are guaranteed that the plan library will contain no
extraneous plans.

3. State Knowledge

The focus of our research is to incorporate the knowledge about the states of the
world in which the planner finds itself during the planning and the plan recognition
processes. Traditionally a plan is simply a sequence of actions that transform the ini-
tial state into the goal state. However our system represents a case (i.e., a plan) as a
sequence of action-state pairs. Such pairs encode both the action and the new state
that results from an action. Note that using this representation, the initial pair in a plan
is always the null action that “results” in the initial state, and, the final pair is the ac-
tion that results in the goal state.



The knowledge about the world states allows for more informed recognition
of a planner’s goals than if the system relied on past actions alone. Competing hy-
pothesis about possible pursued plans and goals based on past actions can further be
discriminated on the basis of the current state of the world, as some consistent plans
may not be applicable in the current world state. As an example, consider the logistics
planning domain, where packages are supposed to be transported to their destinations,
which can be either a post office or an airport on an island. Airplanes fly between
islands (e.g., from an airport on one island to another), and, trucks transport packages
within islands (e.g., between an airport and a post office). In this domain, for exam-
ple, plans anticipating packages to be loaded into an airplane as the next step may be
eliminated from the set of possible hypothesis, given a world state in which no pack-
ages are present on an island at which the airplane is. Other researchers have explored
the role of the state knowledge to a limited degree. Albrecht and his colleagues show
different Bayesian net recognition models, one of which recognizes plans based on
the state knowledge. They postulate that such a model would be applicable in do-
mains with limited number of actions [R]|'| Their work is different from ours in that
the states they encounter are simplifiedf| and the number of different states is rela-
tively small (about 4000).

In order to be able to observe the state of the world during the planning, we
focus on state-space planners in which actions change the state of the world [E]l States
are represented as sets of instantiated first-order logical predicates (or ground liter-
als). For example in the blocksworld domain, {(clear B), (on B A), (on A C), (on-
table C), (arm-empty)} represents the state depicted in figure 1.

s

Fig. 1. Example of a blocksworld state {(clear B), (on B A), (on A C), (on-table C), (arm-
empty)}.

The most common notion of a plan is an ordered sequence of actions that
transforms an initial state of the world to some distinguished goal state. Each action is
represented by an operator that has preconditions and effects. Preconditions establish
applicability criteria, and, effects change the state of the world. Furthermore, each
action starts in a certain state of the world and results in a change from the current
state to another one We extend the notion of a plan to a sequence of state changes,
where the state changes are caused by the actions the planner performs. Although

' We are referring to locationModel.

2 States in their research are locations of a player in the context of online dungeon game. These
states lack the detail of information provided by combinations of literals corresponding to
sensory information.



world state changes in the real-world systems can be caused by exogenous events and
external agents [e.g., B] [[6], we do not deal with this issue here.

Many planning systems (case-based or otherwise) [ also keep
track of the world states; however, they commonly focus on a limited set of only two
states explored by the planner. That is, planners concentrate on the initial state of the
world and a specification of the goal state. Case-based planners are usually given a
partial representation of the goal state in which the truth values of only some of all of
the possible instantiated state predicates (literals) are specified. For example, a goal
from the blocksworld domain {(on blockB blockA)} lacks specifications for other
state literals, such as positions of other blocks in the problem in hand. Such a full
specification of a goal state allows for versatility and goal-directed planning, and
permits more than one world state to achieve a goal (figure 2).

In our research, we assume that the plan recognition system is given no ini-
tial knowledge about partial goals of the planner. Because we focus on keyhole plan
recognition, we are limited by available observations of the planner’s activity during
problem solving. Since state-space planners search the state-space during problem
solving, we modified the PRODIGY planning cycle [Ile to monitor the world states
after the planner performs an actio to perform keyhole-like observation of the plan-
ner’s behavior. Our cases contain all of the world states visited during the planning,
along with all of the actions performed by the planner. The goal states in our system
are described fully. Therefore, a keyhole-like observation of a goal state treats the
goal as just another observed state.

s -

Fig. 2. Both pictures depicted represent a state of the blocksworld domain in which the partial
goal {(on B A)} is satisfied. The complete state specification for the state on the left is {(on B
A), (on D C), (clear B), (clear D), (on-table A), (on-table C), (arm-empty)}, while the state on
the right is uniquely determined by {(on B A), (clear B), (clear C), (clear D), (on-table A), (on-

table C), (on-table D), (arm-empty)} combination of literals. Eleven other world states, not
depicted here, also satisty goal {(on B 4)}.

In the next section, we describe a scheme that is able to transform the ob-
served states into their abstracted representation, retaining the knowledge about the
structure of a type-generalized world state. The abstracted representation of world
states allows us to focus the plan recognition process on the relevant features of the
states, within much smaller abstract state-space.

A full representation of a goal state that accounts for state predicates other
than ones explicitly given as traditional (partial) planning goals has another advantage

3 We keep track of PRODIGY’s applied operators during problem solving episodes; we focus
only on those applied operators along the solution path. The monitoring is not implemented
as those monitors described in [16].



in both case-based planning and plan recognition. A case-based planner may not be
able to successfully retrieve a solution to the current problem when only partial goal
state predicates are specified. For example, if we assume that the planner encounters a
goal specification {(NOT (clear blockA))} for the first time, matching this goal state
with states depicted in figure 2 would fail, even if problems in figure 2 were already
solved. However, both states in figure 2 implicitly contain state predicates, which
define a goal state for the newly seen problem; storing all of the state predicates for
goal states would yield successful matches.

Although knowledge about the world states is beneficial for the plan recogni-
tion process in state-space planners, the number of possible states in the complete
state-space may be quite large. The exact number depends on the domain theory as
well as on the instances of objects a particular problem definition may entail. To gain
understanding of how large the state-space may be, let us introduce

P ' ={p| pe DA pisapredicate A| arg s(p) |= i}

a set of all predicates from the domain theory D that have arity i. Each predicate p has
arguments of certain types from the type hierarchy of the domain theory, and, predi-
cates instantiate into ground literals of appropriate types at planning time. For a given
problem, let n be the number of different instances, and to account for the worst-case
scenario, assume that all # instances are of the same type. We operate under a closed-
world assumption, where if a predicate is not known to be true, than it is explicitly
assumed that the truth-value of a predicate is false.

The representation of state-space that accounts for the complete states may
be expensive. Given

P°,P',...,P?, where ¢ =max |args(p,)|,Vp, € D

the size of a feature bit vector representing a state without any loss of state informa-
tion in the state-space is

| F|=P°+nP' +n’P> +..+n'P' =) n'P'
i=1
and the size of the state-space
| SS |= 21"

In the blocksworld domain, given only 10 different blocks to work with, the
feature vector size is 19, and the state-space size is 524,288. Therefore the approaches
based on pruning a fully constructed state-space [e.g. are computationally ex-
tremely expensive, because the state-space size prohibits efficient pruning. Such ap-
proaches are promising only if they are able to prune large regions of the state-space
at one time.

However, except for the simplest domains with small number of possible
states, planners tend not to explore all of the state-space during the planning. In fact,
the number of states a planner encounters is domain dependent and often constitutes
only a fraction of the number of all possible states it may explore, as our experimental



results show. Moreover, some of the states in the state-space are simply impossible to
achieve. For example, having two blocks stacked on top of each other prohibits both
of them from being clear. Likewise, a block cannot be on top of itself. Such anoma-
lous states can never be reached. Finally, some of the states may not be useful to the
planner, although they may be possible to achieve. If several solutions to some task
exist (one of which is the best) then the planner may always opt to prefer the best so-
Iution and ignore the traversal of the state-space along sub-optimal paths, thus never
encountering any of the states traversed along the sub-optimal solution paths.

Our approach implements incremental construction of the state-space, rather
than the pruning of the complete state-space. To ensure that only the states that are
useful for the planner are present, we start with empty state-space, monitor the states
in which the planner finds itself, and incrementally expand our state-space to include
nodes representing only the observed states. The space savings in our approach are
significant, because the recognizer ignores the states that are not useful to the planner.

4. Indexing and Similarity

Two of the most important components of any case-based system are its indexing and
retrieval mechanisms. The importance is amplified in the context of the plan recogni-
tion task, where a case-based recognizer typically does not try to adapt the cases for
problem solving, but rather tries to recognize plans that are consistent with observed
planning behavior. As described in Section 3, plans are equivalent to cases in our sys-
tem. Each case describes the temporal ordering of actions in the plan, as well as the
world states before and after each action is performed, which represents all of the
information we are able to observe during the keyhole state-space planning. Although
it would be very interesting to incorporate knowledge about the planning failures, our
initial work focuses on the situation where observed plans achieve their goals, and,
the recognizer deals only with the actions and world states along the solution path
ignoring the rest of the planner’s unsuccessful search. Such an approach mimics the
behavior of an expert planning agent. It also enables the system to minimize the num-
ber of world states of which it needs to keep track, although knowledge of situations
in which planning failures occurred would be useful in recognizing such subsequent
failures (e.g. Hammond’s failure anticipation). Our future research efforts will explore
this aspect of failure-driven learning.

The indexing mechanism in our system is based on matching the current
state of the world with the world states observed previously during planning. One can
think of the world states (and actions taken) as the recognizer’s sensory inputs, which
describe a specific situation in which the planner finds itself. When the planner en-
counters a similar situation in the future, the recognizer can draw predictions given
the knowledge about planner’s behavior in known similar situations. As the number
of states explored by the planner can be quite large, the naive indexing-scheme in
which a state is compared with every other state, can prove to be very inefficient. Our
indexing scheme employs a simple abstraction, at level of which states can be more
efficiently compared and retrieved.



The plan recognition algorithm observes the planner’s current state of the
world as well as the current action that produced the world state. Based on these ob-
servations and a partial plan observed so far, the recognizer retrieves the plans (cases)
that account for the observations, and predicts possible goals and plans that the plan-
ner may be pursuing. The retrieved cases are ranked by their relevance. Once the goal
state is reached, we collect information about system’s predictions and evaluate its
usefulness.

The case base consists of a few hash tables for indexing purposes and a
graph-based representation of the abstracted state-space that is constructed from the
observations of planner’s search. To increase indexing efficiency, we employ a simple
abstraction scheme in which states of the world are abstracted to their type-
generalized state predicates [EI The abstract state representation is a non-negative
integer vector in which each dimension represents a number of instances of a single
type-generalized state predicate. For instance, the dimensions of abstract state feature
vectors in the blocksworld planning domain are depicted in fig. 3. Abstract states con-
stitute vertices of the abstracted state-space graph, in which an edge from one abstract
state to another indicates the observation of an action that changed the former world
state into the latter one. Each case can be abstracted to represent a path in the ab-
stracted state-space graph.

% Specialized state :  Abstract dimensions : Abstracted state :

=

(arm-empty) (arm-empty) 1
(on-table A) (clear OBJECT) 2
“ “ (on-table C) (on-table OBJECT) 2
(clear B) (holding OBJECT) 0
(clear D) (on OBJECT OBJECT) 2

C (on B A)

(onDC)

Fig. 3. An example of a blocksworld planning domain state of the world and its representations.
State predicates, whose truth values are false, are not shown in the specialized state.

A case is indexed by its abstracted state representation. Each abstract state
points to a set of specialized world states (i.e., ground literals) indexed by it. These in
turn point to the cases that contain them. Because we utilize hash tables for indexing
cases and world states by abstract state representations, this scheme allows us to re-
trieve the initial set of matching cases very efficiently. When the recognizer tries to
retrieve cases that match with observed plan steps, it first uses the abstract representa-
tion of the current state of the world to retrieve those cases that contain the current
abstract state. If the current abstract state has never been observed before, the recog-
nizer tries to find similar abstract states and returns the cases containing these states.
If the recognizer cannot retrieve any such cases (i.e. no situations similar to the cur-
rent one were observed in the past), it is unable to make predictions at this time and
opts to wait for observations of subsequent planning steps. The use of abstract world

4 State literal from the logistics planning domain, such as (at-obj A-300.1 JFK_NY.1) would
be type-generalized to (at-obj AIRPLANE AIRPORT), because the type of instances A-
300.1 and JFK_NY.1 are AIRPLANE and AIRPORT respectively.



states is an efficient indexing scheme at the top level, as the number of abstract states
is much smaller than the number of specialized world states, and the distribution of
specialized states into bins indexed by their abstracted representation provides means
to eliminate a large number of possible hypothesis and focus the recognition process
on the relevant cases.

More specifically, if no exact matches are found for the current abstract
state, the recognizer attempts to find nodes in the state-space graph that are similar to
the current abstract state as follows. Since abstract states are represented as feature
vectors of positive integers, our system uses a modified nearest neighbor similarity
metric, where the neighbor states considered are those which differ from the current
abstract state by some distance in each dimensionﬂ Similar abstract states are then
ranked by their distance, and the abstract state at the shortest distance is used for re-
trieval.

After cases that matched at the abstract level are retrieved, the abstract states
from the retrieved cases that matched with the current abstracted world state are com-
pared at the specialized level (i.e. at the ground literal level). The similarity metric we
currently use to match states is the same metric used in ﬂ Note that the indexing
scheme at the level of abstracted world states ensures that all of the cases potentially
similar at the specialized level will be considered. We are currently investigating the
matching of cases at the specialized level by using a graph representation, where the
specialized world states are encoded as directed graphs, and case matching is equiva-
lent to the graph-isomorphism problem. This will increase the efficiency of the recog-
nizer, because the complexity of the current approach is O(n!). In contrast, there exist
polynomial-time algorithms for graph-isomorphism for certain classes of graphs. Fur-
thermore, since graph-isomorphism is an equivalence relation, the specialized world
states corresponding to a single abstracted world state can further be indexed by their
equivalence classes, thus reducing the amount of search during the retrieval.

If the set of possible plan hypothesis consists of a single case at this point,
the case is used to guide the recognition process and form predictions. If more than
one case is still a match, the recognizer uses the knowledge about the actions and past
states in the matched cases to prefer the cases whose actions and states are more con-
sistent with the plan observed so far. At present time, the matching scheme employs a
graph matching algorithm, where cases can be abstracted into their abstract paths and
matched among themselves.

The abstraction scheme provides a means of rapid access to the specialized
world states indexed by their abstract representation. It is a one-to-many relation, be-
cause an abstract state may index several specialized states. The result is a smaller set
of first level indexes, which ensures similarity at the level of specialized states. The
exact space savings of such an abstraction scheme depend on the domain theory. In
general, the number of possible abstract states for a given domain theory is

d
[Im,
i=1

3 To increase matching efficiency, only the states that were actually observed within a ball with
given radius are considered.
¢ The threshold we used in our similarity matching scheme was 2.



where d is the number of abstract dimensions, and m; is the maximum possible value
in abstract dimension i. Given n object instances, abstract dimensions corresponding
to i-ary predicates may possibly have values from 0 to n'. For example, in the case of
the blocksworld domain, the abstracted state feature vector size is five (i.e., the num-
ber of abstract dimensions), and number of possible abstract states for ten object in-
stances is 48,884. This represents a considerable savings when compared to the num-
ber of all possible specialized states (see section 3). As stated before, not all of these
states are possible; in the blocksworld domain, there cannot be more than n-1 in-
stances of the on state predicate, because no more than n-1 blocks can be stacked di-
rectly on top of other blocks. Also, the only possible values for the abstracted holding
state predicate are zero and one, since the domain theory restricts resources to only
one robot arm with which the blocks can be picked up. Effectively, this reduces the
possible abstract state-space to 4,840 possible states. Some of the remaining abstract
states are still not possible. For example, abstract state that has a nine as a value of on
state predicate dimension, cannot have more than a value of one in either clear or on-
table dimensions (assuming ten object instances). The incremental construction of the
case library assures that the number of both abstract and specialized states actually
stored is minimal.

state: (1,2,2,0,1)
action: {unstack blockc blockb)

state: (1,3,3,0,0) state: (0,2,2,1,0)
tion: {pick-up blocka state: (1,2,2,0,1) ; 3
e 02310) (renaet ‘(”jg;‘;'f;gg““ e (,3300)
action: (stack blocka blockb) b ol action: (pick-up blocka)
state: (1,2,2,0,1) (stack blocka blockb) state: (0,2,2,1,0)

state: (1,2,2,0,1) action: (stack blocka blockb)

state: (1,2,2,0,1)

A o O
,0d ., 003 . 0d . 0D

Fig. 4. a) The goal state reached by all of the problems. b-d) The initial states and abstracted
plans, for problems pI (b), p2 (c), and p3 (d).

5. Implementation

To illustrate the approach discussed above, we will discuss two examples of the plan
recognition task, implemented in the blocksworld planning domain. The observed
planning agent is the PRODIGY nonlinear state-space planner whose execution cycle
was slightly modified in order to observe the world states traversed along the solution
path. Plans for problems successfully solved by the planner are then augmented to
contain the state information and are passed to the recognizer for observation of simu-
lated plan execution.

We first show how the knowledge about the world states can enable the rec-
ognizer to cope with situations in which a completely new action is encountered.
Consider the problems in figure 4 where the planner’s partial goal is to have blockA



on top of blockB. We start with an empty plan library, observe the very first plan (p1),
and store this plan in the case library. The contents of the library after the first plan is
observed are depicted in figure 5. During observations of the second plan (p2), the
first action performed by the planner is unstack, which has not been seen before.
However, the world state reached after unstack action was already explored in the
past (the second state in plan p/). The recognizer makes predictions based on the
planner’s decisions in the matched situation, and is able to correctly predict the next
world state and planner’s goal as depicted in figure 6a. The same scenario happens
when the recognizer observes plan p3, because action put-down is seen for the first
time. Again, the recognizer forms correct predictions based on the decisions made in a
similar situation (the first world state in plan p/) as depicted in figure 6b.

B case Library Editor Tool Ei Case List for domain domain_blocksworld.lisp
File Help

Please select desired case, and then :

ase number 1

Enown Case L

Library name . domain_{ P
Total number of cases in library : 1

List Cases

> Name :"p1 lisp”
Initial State : [on-table, blacka] [on-table, blocke] [on-table, blockh] [clear, blockal [elear, blackk] [clear, block] [arm-empty]
— Abstracted form 3, 3,1,1, 0]

Final State : [on, blocka, block] [on-table, block] (on-table, blockb] [elear, biocke] (clear, bocka] [am-empt]

— Abstracted form : [2,2,1,0,1]

[Total number of libraries < 1

Delete Library

Message Window :

Eams domain_blockswarld lisp

wrvxx Cage S L fame - p lisp®

Step 1

Action : null

State reached : [on-table, blocka] [on-table, blocke] [on-table, blockb] [clear, blocka] [clear, blackt] [clear, blocke] [amm-empty]
— Abstracted form 3, 3,1,0, 0]

= ACTIONS OBSERVED =

- [bick-up, blocka]

- [stack, blocka, blockb]
Step 2

Action : pick-up blocka

State reached : [holding, blockal [on-table, blocke] [on-table, blockp] [elear, blocke] [clear, blockb]

*+++ ABSTRACT STATES OBSERVED *

50-[3,3,1,0,0] - Abstracted form: [2,2,0,1, 0]

§1-12,2,0,1,00

82-(2,2,1,0,1] Step 3

— - Action : stack blocka block
ADJACENCY MATRIX State reached : [on, blocka, blockb] [on-table, blocke] [on-takle, blockb] [clear, blocke] [clear, blocka] [arm-empty]
- Ahstracted form: 12,2, 1,0, 1]

- State [3,3,1,0,0] has links to © [2,2,0,1,0]

- State [2,2,0,1, 0] has links to: [2,2,1,0,1]

- State [2,2,1,0, 1] has links o Lt o
L

Fig. 5. The contents of the plan library after a single plan p/ is observed.

The case-based nature of the plan recognition system enables it to form pre-
dictions even in completely new situations, because the situations from past plans
(cases) can facilitate partial matches of those cases with the current situation. To illus-
trate this point, assume that the only plans observed by the recognizer are the plans
described in the previous example and the initial world state of a new plan (p4 of fig-
ure 1), having all three blocks stacked in a tower) has just been observed. The recog-
nizer first abstracts the observed world state into its abstract state vector representa-
tion of (1,1,1,0,2), and attempts to find cases indexed by this abstract state in its li-
brary. As this abstract state is a completely new one, this first retrieval phase finds no
matches to the current abstracted situation. The recognizer next searches its state-
space graph for neighbor states, and successfully finds the abstract state (1,2,2,0,1) at
the shortest distance from the current abstract state. Three states are indexed by the
matched abstract state, and one of these states is the goal state. The matched goal state



is eliminated, because the planner made no subsequent decisions after this state was
observed. At this point, the recognizer is able to use two specialized states to
Observing Ii13.|.1.axl plan step...
- Action observed : [unstack, blocka, blockc]
- Current state
[[holding, blocka], [on-table, blocke], [on-table, blockb], [cear, blocke], [clear, blockb]]
sxikreeras fhetracted state : [2, 2, 0, 1, 0]

Retrieve_Matches : EXACT MATCHES AT ABSTRACT STATE LEVEL 1!
For state [2, 2, 1, 0, 1] following cases were found : [PlanRecogni-tion.Case@1bas40]
Obsarving ih-e-nu:t plan step...
= Action observed : [stack, blocka, blockb]
- Current state :

[[on, blocka, blockb], [on-table, blackc), [on-table, blackb), [clear, blockc], [clear, blocka], [arm-empty]]
wsxksssds® Ahotracted state : [2, 2, 1,0, 1]

Verifying the predictions made at the previous planning step :
Predicted next state correctly 1 true, predicted state was :
[on, blocka, blockb] [on-table, blocke] [on-table, blockb] [clear, blocke] [clear, blocka] [arm-empty]
=== Abstracted form : [2, 2, 1, 0, 1], Predicted abstract state was [2, 2, 1, 0, 1]

Predicted next action correctly ; true, predicted action was “stack blocka blockb™
6a)

Observing the next plan step...
- Action observed ; [put-down, blocke]

s=errmeres Ahctracted state : [3, 3, 1,0, 0]

Retrieve_Matches : EXACT MATCHES AT ABSTRACT STATE LEVEL 1!
For state [3, 3, 1, 0, D] following cases were found : [PlanRecogni-tion.Caseg1ba&40]
Adding an edge into state-space graph...
Observing the next plan step...
- Action observed :  [pick-up, blocka]
= Current state :
[[holding, blocka], [on-table, blocke], [on-table, blockb], [clear, blockb], [clear, blockc]]
#merrmeres Abstracted state : [2, 2, 0, 1, 0]

Verifying the predictions made at the previous planning step :

Predicted next state correctly : true, predicted state was :
[holding, blocka] [on-table, blocke] [on-table, blockb] [clear, blockc] [clear, blockb]
—— Abstracted form : [2, 2, 0, 1, 0], Predicted abstract state was [2, 2, 0, 1, 0]

Predicted next action correctly @ true, predicted action was "pick-up blocka®

6b)

Fig. 6. The predictions made by the recognizer in light of unknown actions. a) Predictions after
action unstack in plan p2 is observed for the first time; b) Predictions after a new action put-
down in plan p3 is observed.

form predictions. As both matched states were followed by an umstack action, the
recognizer successfully predicts planner’s next action of unstacking blockC off of the
block it is on. The goal prediction in this particular case is trivial, given a match and
only one goal state observed. The recognizer then observes the next plan step consist-
ing of an unstack action and abstract state (0,1,1,1,1), also seen for the first time.
Nevertheless, predictions can be formed again, in the same fashion as done before.
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Fig. 7. a) — c) represent the number of abstract versus specialized world states in the logistics
planning domain for 2, 4, and 7 cities respectively. d) is a logarithmic plot of the distribution of
specialized world states indexed by their abstract state “bins”.

In order to experimentally determine the number of possible abstract world
states for a given domain, we randomly generated problem sets in the logistics plan-
ning domain. Each problems set contained 3000 problems and a fixed number of cit-
ies. The number of cities ranged from 2 to 9, for a total of 8 problem sets. We exe-
cuted the problems using PRODIGY, with a time-bound of 16 seconds. The planner
successfully generated solutions (plans) to about 80% of the problems (some did not
finish in the time allowed). We then considered the generated plans as inputs to the
plan recognition system in order to determine the ratio of abstract states versus the
specialized states, as well as the distribution of specialized states into “bins” indexed
by abstract states. As we can see from figure 7ﬁ the number of abstract states ob-
served is much smaller than the number of specialized states, and the rate at which
new abstract states are recognized is also considerably smaller than the recognition
rate of abstract world states. Figure 7(d) shows a logarithmic plot of the number of
abstract states (first-level indexes) and the statistics for the specialized states which
they index. The minimum (1) and the maximum (201) bin sizes represent extremes,
while the average bin size reaches 16 specialized states for the plans collected. These
results are very encouraging. Our future research efforts will experimentally deter-
mine the asymptotic abstract state-space behavior for other planning domains.

7 Due to a lack of space, not all of the results are depicted in figure 7.



6. Conclusion

This paper has introduced a novel method for performing keyhole plan recognition
using case-based reasoning. Rather than requiring a hand- (or otherwise) generated
case library in advance, we have shown a method for building the library incremen-
tally. This solves a number of problems associated with many plan recognition algo-
rithms. These problems include the assumption of a complete case-base and the dan-
ger of irrelevant cases. By incrementally adding plans to the case library as they are
observed, we avoid the inclusion of theoretically possible cases that do not in practice
occur. We have also shown how plan recognition can take place even in the face of
novel observed behavior.

Furthermore, we have provided a novel indexing scheme and similarity met-
ric that uses abstract states as indices. The use of abstract states rather than an exhaus-
tive set of ground literals provides a tractable means for retrieval when a large set of
cases exist. Further research will produce empirical results to demonstrate the behav-
ior of the system in large case libraries.
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