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Abstract

The ALPS (Adaptive Learning and Planning System)
project is a three-year effort to design and prototype a
next-generation adaptive planning architecture as part
of the ARPA / Rome Laboratory Planning Initiative
(ARPI). ALPS is being used.within the Planning Ini-
tiative to perform large-scale military transportation
scheduling, taking a Time-Phased Force Deployment
Data (TPFDD) file with thousands of cargo requests
and assigning those cargos to particular transporta-
tion resources with specific embarkation and debarka-
tion times. This paper presents the architectural de-
sign of ALPS, discusses the innovative techniques in-
corporated in the system, and describes the lessons
learned in applying the system to the problem of trans-
portation scheduling.

Introduction

The ALPS (Adaptive Learning and Planning System)
project is a three-year effort to design and prototype a
next-generation adaptive planning architecture as part
of the ARPA / Rome Laboratory Planning Initiative
(ARPI). ALPS is a joint project between Odyssey Re-
search Associates (ORA), Cornell University, and the
University of Iowa.

Two motivating themes drive the ALPS project.
The first theme is that real-world planning systems
must necessarily be adaptive, that is, they must recon-
cile themselves to their environment by improving, re-
fining, and perfecting their own behavior with practice.
The second theme is that we want to see how far we can
push the paradigm of planning as resource-bounded
logical deduction, particularly within the somewhat
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atypical domain of large-scale military transportation
scheduling.

Within the first theme of adaptive systems, we have
conducted basic research and experimentation in sev-
eral related areas:

¯ machine learning techniques to improve perfor-
mance with experience (Segre 1993; Segre 
Scharstein 1993; Segre & Elkan 1994)

¯ nagging, a method for distributing search transpar-
ently across a network of processors (Segre & St urgil]
1994; Sturgill & Segre 1994)

¯ probabilistic theory revision, a technique for correct-
ing flaws in domain theories (Koppel, Feldman, 
Segre 1994)

¯ iterative strengthening, an algorithm for performing
anytime optimal planning (Calistri-Yeh 1993; 1994a;
1994b).

Within the second theme of applying our techniques
to transportation scheduling, we have made several ad-
vances in domain-specific methods:

¯ a transportation problem generator that creates ran-
dom scalable transportation scheduling problems
(Calistri-Yeh & Segre 1995)

¯ a logical domain theory and customized transporta-
tion scheduler that can rapidly solve large-scale mil-
itary transportation scheduling problems (Ca[istri-
Yeh & Segre 1996)

¯ a transportation simulator that can test transporta-
tion plans for robustness in the presence of re-
source bottlenecks and external events (Calistri-Yeh
& Segre 1995)

¯ an iterative plan repair module that fixes flaws in
transportation plans (Zhu & Calistri-Yeh 1995).

The remainder of this paper gives a brief de-
scription of the transportation scheduling domain,
presents the architecture of the ALPS system, ex-
plains the innovative technology employed in each
of the major components, and discusses the suc-
cesses and difficulties encountered during the project.
Overviews of the ALPS project are presented in
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(Calistri-Yeh & Segre 1993; 1994a; 1994b; 1994c; 1994d;
1995; 1996). b~rt.her information on the ALPS
project can be found oil the ALPS web page at
< http://www.oracorp.com/ai/Planning/alps.html>.

ALPS and Transportation Scheduling

Within the Planning Iniliative, ALPS is being used
to perform large-scale transportation scheduling. An
informal description of tile transportation scheduling
problem is ms follows:

Given a list of schedule require.men~s consisting of
cargo to be transported, availability and delivery
deadlines, and ports of embarkation and debarka-
tion, along with other domain constraints (such as
¯ vehicle availability), construct a plan that satisfies
these requirements by specifying, for each cargo
item, the vehicle and departure time (along with
any other necessary information). Then carry out
this plan, dynamieMly modifying it if changing sit-
nations require, in order to satisfy the original re-
quirements.

A typical transportation planning task can range
from 1,500 to 200,000 movement requirements, so
scaleup is definitely an issue. Since tim transportation
domain itself is open-ended, a planner’s domain theory
will obviously have to begin as a simplified approxima-
tion that is progressively refined. R,apidly developing
crisis situations are nol. conducive to complete, accu-
rate knowledge; nmch informaLion will be inaccurate,
incomplete, or totally missing. These rapidly develop-
ing situations will mean that an initially viable trans-
portat.ion schedule utay m) longer work, and the sched-
ulo will have to be modified to fit the new situation.

In addition, the transportation domain is especially
dependent on large amounts of temporal, geometric,
and geographic knowh,dgc. Each individt,al movement
in a transportation plan involves complex reasoning
abonl, time intervals such as earliest arrival date to
latest arrival date (EAD-LAD) and time points such
as required delivery date (I{DD). and cargo nnlst 
divided into different categories based on what size and
shape pallet is recluir~’d for storage.

The information that defines a particular mili-
ta.ry transportation problem is typically presented in
a q’itue-l~hascd Forc~ I)~,ployment Data (TPFDD)
database llb-. Siuce real rI’PFDD files are difficult
I.o acquire and are off,on restricted or classified, we
have created a random problem generator called TGEN
that produces scalable, customizable transportation
sclwduling probh’ms. Each problem consists of a set. of
airports~seaports, a set of airplanes/ships, and a set of
cargos to be transported. Each problem is fiJrther con-
strained by a number of factors such ,as required deliv-
ery times, travel tim*,s, minimum runway lengths, and
weight, limits. ’I’OEN can generate either fifll TPFI)I)
liles or simplilied datafih,s.
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The ALPS Architecture

The architecture design of the ALPS system is ,as fol-
lows. The input to the system is a query and a set
of data files provided by the user. These inputs pass
through a {possibly empty) series of domain-specific
pre-filters that format the inputs to construct a do-
main theory and problem statcment appropriate for
ALPS. That information is then fed to an inference
engine, which generates a solution to the user’s query.
The user can select any of three ALPS inference en-
gines {two generic and one domain-specific}; they differ
in properties such as speed, customizability, diagnos-
tic output, and extensibility. The plan produced by
the inference engine can be optimized by the ite.rative
strengthening module, a flexible anytime optimization
algorithm that is layered on top of the inference en-
gines. Once the inference engine has produced a so-
lution to the user’s query, the resulting plan is run
through a simulator and is possibly modified by a plan
repair module; the final answer is then passed throqgh
another set of domain-specific post-filters before being
presented to the user.

In addition to several classic AI domains, ALPS pro-
vides a domain theory and set of filters for scheduling
’I-’PFDD problems as described above.

The Adaptive Inference Engine

Our inference engines are adaptive in the sense that
their performance characteristics cimnge with experi-
ence. Adaptive inference is an effort to bias the order
of search exploration so that more problems of inter-
est are solvable within a given resource limit. ALPS
achieves this bias by using multiple speedup tech-
niques including bounded-overhead success and fail-
are caching, ezplanation-based learning (EBL), and 
new distributed computing technique called nagging.
An important result of our research is that multiple
speedup techniques can be applied in combination to
significantly improve the performance of an autonlated
dcduction system.

The user can select the ALPS inference engine most
appropriate for the current task. The Lisp Inference
Engine is well suited for early development work on
new domain theories since it includes better tracing
and debugging features. The DAM (Distributed Adap-
tive Logical Inference) engine is appropriate for larger
problems since it is up to 30 times faster than the Lisp
Inference Engine and since it also provides distributed
computing through nagging. The "Fast Schedulcr"
(discussed in the "Peaks and Valleys" seclion) is 
special-purpose engine tailored specifically for large-
scale transportation scheduling problems.

Caching

A cache is a device that stores the resuh of a prcvious
computation so that it can be reused. It l.rades in-
creased storage cost for reduced dependency or, ~t slow
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resource. In the case of planners and deduction sys-
tems, the extra storage required to store successfully
proven subgoals is traded against the increased cost of
repeatedly proving these subgoals. The utility of such
a cache depends on how often subgoals are likely to
be repeated. Since the ALPS adaptive inference en-
gine uses iterative deepening (Korf 1985) to force com-
pleteness in recursive domains, we know a priori that
subgoals will be repeated frequently.

It is possible to cache both successfully proven sub-
goals and failed subgoals. Failure cache entries may
record either an outright failure (i.e., the entire search
tree rooted at the subgoal was exhausted without suc-
cess) or a resource-limited failure (i.e., the search tree
rooted at the subgoal was examined unsuccessfully as
far as resources allowed, but greater resources may
later yield a solution). Future attempts to prove 
cached subgoal axe not undertaken unless the resources
available axe greater than they were when the failed
attempt occurred. Success and failure caches serve to
prune the search space rooted at the current subgoal.
Success caches act as extra database facts, grounding
the search process, while failure caches censor a search
that is already known to be fruitless. Either way, they
serve as effective speedup techniques by dynamically
injecting bias into the search, altering the set of prob-
lems that are solvable within a given resource bound.

Allowing the cache to grow without limit will gen-
erally increase the number of cache hits, but it will
also cause the cache overhead to grow monotoni-
cally, eventually outweighing any possible advantage
of caching. To address this tradeoff, we make use of
bounded-overhead caches (Segre & Schaxstein 1993). 
bounded-overhead cache is one that requires at most
a fixed amount of space and entails a fixed amount of
overhead per lookup. Once the cache is full, adding a
new entry entails deleting an existing one. The sys-
tem uses a cache management policy such as first-in-
first-out (FIFO) or least-recently-used (LRU) to 
cide which existing entry should be replaced. Using
a fixed-size cache allows us to apply information ac-
quired in the course of solving one problem to subse-
quent problems, while limiting the overhead associated
with a caching scheme.

Explanation-Based Learning

Generalizing on the caching method described above,
a simple way to increase the performance of a resource-
limited problem solver is to cache the proof result of
each successful problem-solving episode as a new fact
in the domain theory. Unfortunately, this kind of rote
learning is overly constraining because there may exist
another form of the query, provable with the same pat-
tern of reasoning implicit in the proof of the current
example, that will not match the cached entry.

Much more desirable is some mechanism by which
the chain of logical reasoning used in the proof can be
generalized so as to be more useful and then retained

and reused. This is the essence of explanation-based
learning (EBL): we operate on the proof of the query 
generalize it in some validity-preserving manner, and
then we extract a new, more general rule (explanation)
to extend the domain theory.

Although the addition of a new explanation will not
change the deductive closure of a domain theory, it may
well have a significant effect on the future efficiency of
the prover. Once a new rule has been added to the
domain theory, the hope is that when a future query
requires a similar proof structure, this structure will
be found more quickly thanks to the presence of the
acquired rule. If the distribution of future problems is
favorable, then the prover should exhibit better (i.e.,
faster) overall performance. It may even solve addi-
tional problems that were previously unsolvable within
a fixed resource bound. Unfortunately, the effect of
EBL may actually be to slow down the prover: if the
macro-operator does not lead to a solution for a partic-
ular problem, it just defines a redundant path in the
search space, and using the macro-operator causes a
region of the search space to be searched again in vain.
This undesirable effect is called the utility problem.

We have defined five generic operators that trans-
form proofs in various ways. These five operators con-
stitute the EBL* family of algorithms (Segre & Elkan
1994); a specific EBL* algorithm is defined by apply-
ing these operators in some fixed combination. EBL*
is complete in the sense that any macro-operator ex-
tracted from a proof by any explanation-based learn-
ing algorithm can also be learned by an EBL* algo-
rithm. This implies that since any EBL algorithm can
be rewritten as some combination of the five basic op-
erators, the main difference in EBL algorithms is the
control heuristics that they use to guide the transfor-
mation process.

We have incorporated one specific set of control
heuristics into a domain-independent learning algo-
rithm called EBL*D1 that has shown itself to be use-
ful over a broad range of domains. The EBL*DI al-
gorithm is superior to traditional EBL algorithms in
several ways. First, it is able to acquire useful macro-
operators in situations where traditional algorithms
cannot. Second, it produces macro-operators of sig-
nificantly greater utility than those produced by tra-
ditional EBL algorithms. Finally, the EBL*DI algo-
rithm is truly a domain-independent learning algo-
rithrn in the sense that it is useful over a broad range
of domains.1

Nagging

The second inference engine used in ALPS is called
DALI (Segre & Sturgill 1994); DALI is a distributed
adaptive inference engine that can run transparently

1 In practice, we expect that optimal EBL strategies may
well be domain dependent: taking specific knowledge of a
particular domain into account should lead to better gen-
eralizations.
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in a heterogeneous distributed environment (e.g., on
a network of workstations and personal computers).
Like the Lisp Inference Engine, DALI uses the adaptive
techniques of caching and explanation-based learning.
Itowever, DALI has advantages over single-processor
inference engines in that DALI can scale to larger more
realistic target problems, it provides greater reliability
and fault tolerance, and it exploits the natural synergy
between parallelism a~ld speedup learning.

DALI uses a novel asynchronous parMlelism scheme
called nagging (Sturgill & Segre 1996). Nagging is de-
signed to work in highly constrained nondeterminis-
tic search problems. Under the typical left-to-right,
depth-first evaluation order, subgoals to the left are
completely satisfied before subgoals to the right are
even examined. This policy can yield extremely bad
search behavior: if variable bindings early in the search
preclude the solution of a later goal, this inconsistency
may not be resolved until the searcher has performed
a great deal of intermediate backtracking. Nagging is
designed to allcviate this problem by asynchronously
verifying that pending conjunctive goals have not been
rendered unsatisfiable.

Nagging employs two typcs of processes running in
parallel: a masl.er process attempts to solve a given
problem while one or more nagger processes attempt
to assist the master. While the master is searching for
a solution, the nagging processes repeatedly extract
sets of unsolved goals from the master’s goal stack and
attempt to solve them under some of the variable bind-
ings that the master has cffected. If a nagger cannot
satisfy its subset of thc master’s goal stack, then it is
guaranteed thal. the master will be unable to sat.is~"
all of its outstanding go~ds. "[he nagger can then in-
form the master that its current search path cannot
lead to a consistent solution. If the master has not
yet backtracked out of that search path, it may do so
immediately without risk of missing a solution.

This nagging policy essentially performs asyn-
chronous pruning of the search space. Ordinarily, a
search-based problem solver must balance the compct-
ing interest of being fast and being smart. It must
choose some combination of a strategy of performing
local search quickly and one of performing global con-
sistency checks that may obviate some local search.
Nagging can be characlerized as a policy of verifying
global consistency constraints asynchrononsly and in
parallel. Ifa nagging process detects violation of a
global constraint, it. can force the search to backtrack.
If a nagging process fails to detect an inconsistency,
its master process has wasted no timc in verifying the
constraint.

Nagging offers the potential of greatly speeding the
s~arch. By forcing its parent prover to backtrack early,
it may prune large subtrees from the prover’s search
space. This policy also enjoys many of the desirable
properties associated with various conventional paral-
Iclization techniques:

92 ARPI

¯ As with OR-parallel models, assignment of work is
initiated by idle processors; busy processors don’t
have to constantly stop to see if they should delegate
some of their workload.

¯ Like many varieties of OR-parallelism, communica-
tion is infrequent, occurring only when a process
needs a new search problem. Accordingly, the run-
time overhead of nagging is fairly low.

¯ Like the stream AND-parallel strategy, nagging can
benefit from the communication of partial variable
bindings. Nagging makes use of the variable bind-
ings made in a subtree before that subtree is com-
pleted.

¯ As with some of the work in AND-parallelism and
parallel Prolog, nagging does not alter the order in
which the search spacc is explored; it simply prunes
portions of the space that are guaranteed to be use-
less. The first solution discovered will be the same
with or without nagging.

¯ Since nagging only serves to prune search branches
that are known to be infeasible, the search behavior
on the proving process will never be worse than that
of thc sequcntial algorithm.

Nagging is particularly appropriate for distributed
planning and theorem proving since, in addition to
promising low communication overhead, it is also more
fault-tolerant than other types of distributed search.
Since interaction with a nagger only results in a mas-
ter prover potentially skipping ahead in its scarch, the
prover has no real dependence on the nagger. For
bounded search problems, any search space skipped
as a result of nagging would eventually be exhausted
by the prover. If messagcs between prover and nagger
are lost or delayed, the prover may explore unnecessary
search space, but it will eventually return an identical
solution.

Iterative Strengthening

To perform in real-world situations, a plamfing sys-
tem must do more than simply generate a plan that
satisfies the user’s goals. In many domains, a given
problem statement may have multiple solutions, and
the user typically will want the best solution (although
the criteria for "best" may change from one user to an-
other or one problem to another). Additionally, many
domains are tim~critical and require support for "any-
time" behavior.:

We have developed an algorithm called ilerative
strengthening (Calistri-Yeh & Segre 1994c; 1994d), 
flexible method of producing optimized plans where
the user’s criteria for optimization may change dur-
ing the planning session. Iterative strengthcning has

2In this context, an anytime algorithm is one in which
a solution is incrementally refined over time; the user can
interrupt the algorithm at any point and demand a useful
(but not necessarily optimal) solution.
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the following properties: (1) the underlying knowledge
base is independent of any specific optimizing param-
eters; (2) users can easily switch between different sets
of optimizing criteria; (3) the method supports op-
timized planning within an "anytime" environment;
(4) the method is consistent with Prolog-style inference
engines such as the ALPS adaptive inference engine;
and (5) the method can be used in situations where the
optimality constraints are inadmissible (Pearl 1984) 
where the domain theory is undecidable. We have im-
plemented this method in the ALPS planning system
and have tested it in the domain of crisis-action trans-
portation planning with optimality criteria such as to-
tal transport time, number of aircraft, and probability
of success.

Iterative strengthening is related to the concept of
iterative deepening (in which the system searches to
a given depth in the search tree for a solution, and
if none is found, the system restarts the search from
the beginning with a larger depth cutoff). The itera-
tive strengthening algorithm first performs an uncon-
strained search for any satisficing solution to the plan-
ning problem. When it finds that solution, it restarts
the search, but now constrains the solution to be "bet-
ter" than the first solution by some "increment" (where
"better" is measured by an optimization function spec-
ified by the user and "increment" is a function applied
to the optimization parameters of the current plan).
The system continues strengthening the optimization
parameters until no more solutions can be found; the
last solution is the optimal answer.

Although iterativc strengthening may take longer to
find the final optimized plan than other optimal search
algorithms, iterative strengthening has two advantages
over other methods. First, it supports incremental im-
provements to existing valid plans; it can deliver an
initial plan promptly and then spend any remaining
time improving it until an optimal plan is discovered
or until the available planning time is exhausted. Since
the initial plan is found using satisficing criteria in-
stead of optimizing criteria, it is likely that iterative
strengthening will generate a valid plan significantly
faster than traditional optimizing algorithms. Second,
iterative strengthening can be used in situations where
other techniques will not work at all, such as inadmis-
sible search heuristics and undecidable domains.

The ALPS Simulator

In the transportation planning domain, once the ALPS
inference engine generates a schedule, the schedule is
passed along to the simulator. The simulator performs
two primary services. First, it analyzes the schedule
at a finer level of detail than the inference engine did,
allowing identification of resource contentions and bot-
tlenecks that the inference engine would have missed.
Second, the simulator can test the schedule for robust-
ness in the presence of unanticipated difficulties by
simulating external events (such as storms, mechani-

cal failures, or terrorist activity) that may affect the
outcome of the schedule.

The ALPS simulator is based on an object-oriented
design. The simulator takes as input the initial world
state (locations of cargos, allocation of transportation
assets, etc.) that was given to the inference engine,
along with the schedule that the inference engine gen-
erated. It constructs a stream of events and executes
these events in a simulated world, reporting the results
of this simulation. It simulates resource bottlenecks
using monitors that manage and allocate resources.

The transportation domain theory currently used by
ALPS deliberately ignores resource contention when
constructing a schedule; it verifies that the necessary
resources exist but does not verify that they are avail-
able for use. The rationale behind this design deci-
sion is that there is no point in scheduling a particular
airplane to land on a particular runway within a 10-
minute window one week in the future because in real
life the schedule will have broken down long before it
ever reaches that point. By using the simulator, ALPS
can test whether bottleneck conditions are likely to
occur without committing the schedule to an unrea-
sonable level of detail. The results of the simulation
are sent to the ALPS plan repair module (described
below), which will make local modifications to correct
any identified deficiencies.

Plan Repair in ALPS

The ALPS plan repair module (Zhu & Calistri-Yeh
1995) uses a general iterative repair technique that has
been customized to work with the ALPS Fast Sched-
uler and transportation simulator. It takes as input an
existing plan from the inference engine, a list of fail-
ures from the simulator, and an optional list of problem
modifications from the user; the output of the repair
process is an updated plan. ALPS uses a basic heuris-
tic assumption that most failures can be fixed with lo-
cal modifications (if a failure involves global changes to
the original plan, it is unlikely that any repair method
will be better than simply replanning from scratch).

ALPS repairs a plan by retracting actions that are
"local" to the failure, formulating a new planning prob-
lem based on the goals of those retracted actions, and
solving that problem to generate a replacement se-
quence of actions. It continues retracting and replacing
actions iteratively until the resulting plan is correct.

In the transportation domain, we have found two
ways of defining "locality" that are particularly use-
ful. One is to order trips based on airplanes (single
plane repair (SPR)); the other is to order trips based
on departure times (multiple plane repair (MPR)).

For SPIt, we restrict the set of retracted actions to
be within one single airplane schedule. Initially, the
repair module retracts the single identified failed trip,
updates its temporal intervals, and tries to fit this up-
dated trip back in the original schedule for this air-
plane. If the updated trip does not fit, the module will
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iteratively retract trips before and/or after the initial
faulty trip, reschedule all cargos on these trips in iso-
lation (using only this airplane), and try to fit the new
subschedule back into the original schedule. The iter-
ation stops when the rescheduled trip sequence fits in
tile airplane schedule (possibly displacing some cargos
because they are no longer possible to schedule).

MPR has the added ability of rearranging cargos
among multiple airplanes. Initially, the repair module
tries to insert an undelivered cargo directly into the
existing global schedule. If this insertion is not suc-
cessful, MPR will iteratively retract cargo trips within
a certain time interval to create a "window" across all
airplane schedules and will try to fit all cargos back into
the global schedule (not necessarily on their original
airplanes). The iteration succeeds if the undelivered
cargo and all retracled cargos flt in the schedule; oth-
erwise the undelivered cargo is marked as "too hard".

Interestingly, SPR and MPR can be combined to
handle different types of failures very efficiently. SPR is
more appropriate for handling delayed trips and dead-
line violations because these failures can most often be
avoided by locally adjusting the trips of a single air-
plane. On the other hand, responding to undelivered
cargos or airplane failures often requires the collabora-
tion of nm]tiple airplanes in MPR., and the most rele-
vant trips are the ones clust.ered locally around similar
departure times.

Using temporal locality can also help to minimize
the changes to the overall plan structure. Optimally
conservative plan modification is computationally in-
tractable, but we do not necessarily need to absolutely
minimize the number of changed actions, in the trans-
portation domain, tbr example, it may be less intrusive
to reorder 50 trips within one single airplane than to
replace :20 trips spread across many airplanes. Using
a combination of SPR and MPR in this domain clus-
ters the changes naturally, producing good locality of
modification without requiring optimal conservation.

Peaks and Valleys

As with any extended project, ALPS has had its share
of successes and difficulties. We have reported some
significant and impressiw~ results, both from a theoret-
ical perspectiw: and within the specific transportation
donmin. We have also encountered some unexpected
complications in applying the ALPS methodologies to
Ihe transport alien domain. This section presents those
results and discusses tlw lessons learned.

Speedup Techniques

Our results have shown that not only are our speedup
techniques effective across a wide range of problems,
but they are even stronger in combination than their
individual perfornmnce lnight imply.

Caching. We have performed several experiments to
measure the effectiw’ness of different caching conflgu-
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rations (Segrc 1993). These experiments used 26 ran-
domly ordered "blocks world" problems. While an
unlimited-size cache provides the maximum reduction
in the number of nodes explored in search of a solution,
it causes an overall decrease in performance due to in-
creased overhead. Similarly, although removing redun-
dant cache entries reduces the number of expanded
nodes even fizrther, the additional overhead involved
overwhelms any runtime benefit. For the particular do-
main tested, the best runtime performance came from
a single fixed-size cache using a modified I,R.U policy
with both success and failure entries; this configura-
tion was morc than 35% faster than an identical non-
caching system.

EBL. We have performed a series of experiments
comparing our EBL*DI algorithm with the tradi-
tional EBL algorithm to determine whether macro-
operators produced by EBL*DI reliably outperform
macro-operators acquired by traditional EBL across a
spectrum of application domains (Segre & Elkan 1994).

For the "blocks world" domain with carefidly se-
lected training sets, EBL*DI is significantly faster on
average than EBL and solved the test problems in as
little as 32% of the time while searching as few as
33% of the nodes searched by an otherwise equivalent
non-learning system. This encouraging result is off-
set somewhat by the fact that selection of the training
set was critical; training sets consisting of randomly
chosen problems typically do not give speedup in this
domain.

For a propositional calculus domain, again with care-
fidly ordered training sets, EBL*DI solved significantly
nmre problems within a fixed time limit than equiv-
alent non-learning and traditional EBL systems. It
searched far fewer nodes (17°~ of those searched by the
non-learning system) and was also faster (CPU time
ratio of about 13%) than the other systems.

I, br a synthetic domain theory with random uni-
formly distributed problems, both traditional EBL and
EBL*DI solved fewer problems within a fixed time
limit than an equivalent non-learning system.~ Ilow-
ever, EBL*DI learned intrinsically more useflfl macro-
operators than EBL, so was able to better mitigate the
adverse effects of the utility problem. Furthermore, of
the problems that could be solved, EBL*DI took only
20 30~: as much time as the non-learning system to
solve each problem.

Multiple Techniques. %~ have performed a set of
experiments to study the effects of combining multiple
speedup techniques (Segre 1993). We compared four
different configurations: a base system (non-caching,
non-learning breadth-first iterative-deepening theorem
prover), the base system augmented with a 45-element
success/failure cache, the base system augmented with

3This is expected since the utility problem is most severe
when the problem set is uniformly distributed.
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an EBL*DI learning element, and the base system aug-
mented with both caching and learning.

The caching system explored significantly fewer
nodes than the base system, and each problem was
helped more or less equally. With the learning system,
on the other hand, the results were highly dependent
on the ordering of the problems, indicating that using
this particular EBL algorithm and learning protocol is
not a good idea unless one has some additional infor-
mation to help select training problems.

When both caching and learning were used together,
the benefits from caching reduced the effects of the
utility problem to such an extent that, independent of
which problems were selected for learning, the com-
bined caching and learning system searched signifi-
cantly fewer nodes than the base system. In fact, the
combined system performed almost as well as the the-
oretical limit for an unbounded-overhead caching sys-
tem, even if we disregard the extreme storage and
searching overhead of unbounded caching.

Why do EBL*DI and subgoal caching work so well
together? Like all EBL algorithms, EBL*DI introduces
redundancy in the search space and thus suffers from
the utility problem. Success and failure caching both
serve to prune redundant search by recognizing a path
as either valid or fruitless. Thus caching can work to
reduce the utility problem, resulting in greater average
search reductions.

Nagging. Nagging has proven itself to be an excep-
tionally powerful speedup technique. We have con-
ducted experiments (Segre & Sturgill 1994) involving
over 1000 first-order logic problems (Suttner, Sutcliffe,
& Yemenis 1993) in a variety of domains including
planning, logic, graph theory, algebra, program veri-
fication, circuit design, and classical AI benchmarks.
Comparing the base-level DALI inference engine on
a single workstation to a DALI configuration with
caching, intelligent backtracking, and a network of 99
nagging subprocessors, the network was able to solve
34% more problems within a fixed resource constraint.
On the problems that were solved by both systems, the
nagging network outperformed the base system 80°~ of
the time. An unexpected result is that several prob-
lems demonstrated superlinear speedup (i.e., the prob-
lems were solved more than 100 times faster with 100
processors). More recent experiments (Sturgill & Segre
1996) confirm and extend these results, allowing us to
evaluate several extensions and refinements to the nag-
ging protocol that yield even greater performance im-
provements.

Transportation Planning and the Fast
Scheduler

When we first started developing the TPFDD domain
theory, we ran into scaleup problems almost immedi-
ately: we could schedule only about 100 cargos before
the Lisp inference engine exhausted all available mem-

ory, and it took up to aa hour to get an answer for the
larger problems. At first, we assumed that these prob-
lems were simply due to an inefficient first attempt at
the domain theory, and that a combination of optimiz-
ing the theory and porting to DALI would solve the
problems. Doing those things did in fact give us about
two orders of magnitude scaleup: we were able to solve
certain problems with up to 2500 cargos; however, the
performance was still unacceptably slow (several hours
for the larger problems), and we were still very far from
realistic problems with tens of thousands of cargos.

After further analysis, we concluded that one reason
for the scaleup problem is that by treating schedul-
ing as a logical domain, many useless intermediate re-
sults are maintained on the backtracking stack, even
though we will never backtrack over them. For ex-
ample, it is very expensive to recursively descend large
lists because all sublists will be saved on the stack, even
though we may know a priori that we will process the
list only once. These results suggested that a strictly
logical approach may never scale up fully in this class
of scheduling problems because of the extreme memory
requirements.

Faced with this conclusion, we looked for an alterna-
tive approach that still retained the spirit of the ALPS
architecture. We took the basic domain theory de-
veloped for the Lisp Inference Engine and translated
it directly into straight Lisp code. In most cases, this
approach would not have been possible because by def-
inition a logical domain theory does not contain any in-
formation on the order in which rules are executed (the
execution order is controlled by the inference engine).
However, in this case, we had already carefully ordered
the rules while trying to optimize the theory, and we
had constructed the theory in such a way that an an-
swer could always be found with no backtracking over
rules. Therefore, we could write a Lisp procedure that
simply executed each translated rule in the same order
that the inference engine would have. By doing this,
we could guarantee that our new Lisp program would
get the same answer that the original domain theory
would have produced, without the overhead inherent
in the interpretation of logical rules. In particular, all
rccursive processing of lists could be done directly in
Lisp and compiled into straight inline code; we could
also use global hash tables to store much of the infor-
mation more efficiently.

The net result is that we built a single domain-
specific scheduler (referred to in this paper as the "Fast
Scheduler") that can solve TPFDD problems much
more quickly than either the Lisp or DALI inference
engines. In the process, we lost many of the adap-
tive properties of the core inference engines (caching,
explanation-based learning, probabilistic theory revi-
sion, and distributed capabilities). We also lost the
reusability of a core inference engine; to use a new do-
main theory, we would have to write a new program
from scratch. However, we gain a dramatic increase
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in speed and scaleup: we have solved problems with
50 squadrons of aircraft and 10,000 cargos in about
3.5 minutes. This result more than justifies the loss of
seam speedup techniques that. while very effective in
other domains, were not producing significant speedup
in this domain anyway.

It is clear from these results that a strict theorem-
proving approach has cer!ain shortcomings in the do-
main of transportation planning and scheduling. But
tile important point is that from a logical perspective,
all three infi,rence engines do exactly the same work
and produce exactly the same results; the performance
differences can be thought of as implementation de-
tails. Just as there arc tradeoffs between the Lisp and
I)ALI inference engines (primarily ease of use vs. effi-
ciency), there will bc tradeoffs between both of these
and a hand-crahed scheduler, and the final scheduler
is simply an evolutionary extension of the other two.
Our intuition is that trying to write the fast scheduler
from scratch would have been more difficult and time-
consuming than adapting an existing logical domain
theory; when we had this theory, it took only about a
day to do the basic translation. In fact, rather than
viewing our ’I’PFDD scheduler as a separate program,
it may be more appropriate to think of it as just an-
other step in the compilation of a system, where in
this casc much of the compilation was done by hand.
In the future., wc hope to be able to antomate some of
the work required in generating a "hand-crafted" the-
ory, but we suspect that attt.omated techniques may be
effective only on certain classes of domains.
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