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ABSTRACT 

Complex s imula t ion programs t y p i c a l l y 
require large amounts of computation to produce 
h igh ly de ta i l ed output d i f f i c u l t fo r users to 
understand. Bu i ld ing abstracted s imula t ion systems 
tha t s imp l i f y both computation and output can make 
s imula t ion both more economical and more i n t e l l i g i ­
b l e . Ve describe an approach to abstracted Simula* 
t i o n tha t uses a scenario network to represent t yp ­
i c a l sequences of events in the s imula t ion domain. 
Abstract s imula t ion output is generated by proba­
b i l i s t i c a l l y determined event- to-event t r a n s i t i o n s 
w i t h i n the network. A learn ing process determines 
p r o b a b i l i t i e s and bu i lds up more abstract "chunked" 
events based on the actua l frequency of event 
sequences in runs of the de ta i l ed s imula tor . The 
approach is general izable across domains, and f u l ­
f i l l s many of the goals of abstracted s imu la t ion : 
reducing computation, saving resources, f i l t e r i n g 
informat ion and prov id ing aggregated, i n t e l l i g i b l e 
output. 

I INTRODUCTION 

A r t i f i c i a l I n te l l i gence techniques 
developed over the las t decade have enabled us to 
create complex simulat ions in many domains. Such 
simulat ions t y p i c a l l y include many rules tha t 
govern in te rac t ions between system e n t i t i e s and 
engage in in tens ive computation in order to gen­
erate t h e i r output . The complexity of these simu­
la t i ons can pose problems, however, in s i t ua t i ons 
where the user is t i m e - l i m i t e d , or cannot a f fo rd 
the necessary computation, or is in teres ted only in 
rough r e s u l t s . Furthermore, the output of such 
s imu la t ions , which o f ten consists of an agoniz ingly 
de ta i l ed t race of system events, can be d i f f i c u l t 
to understand at a g lobal or i n t u i t i v e l e v e l . 
These two cons iderat ions, economy of resources 
( t ime , cycles) and i n t e l l i g i b i l i t y , argue fo r the 
development of abstracted s imula t ion systems. simu­
la t i ons of reduced complexity that ignore ce r t a i n 
i n te rac t ions or col lapse over some dimensions 
re levant in the de ta i l ed s imu la t ion . Abst rac t ing a 
de ta i l ed s imula t ion can s i m p l i f y both computation 
and ou tpu t , p rov id ing a general p i c tu re of simula­
t i o n events w i t h a minimum expenditure of 
resources. 

Our i n te res t in abstracted s imula t ion was 
s t imulated by our work on the ROSS s imulat ion 
environment and our implementation of s t r a teg i c a i r 
warfare s imulator [ 5 ] . The de ta i l ed s imulator 
includes objects such as bombers, f i g h t e r s , radars, 
ta rgets and command centers. These objects 
i n t e rac t according to h e u r i s t i c ru les to produce 
•vents such as radar de tec t ions , bombings, f i g h t e r 

assignments, dog f igh ts , and so on. Although ROSS 
has a graphics output c a p a b i l i t y that improves 
i n t e l l i g i b i l i t y , i t s main output is a lengthy event 
h i s t o r y . Furthermore, i t s speed decreases as 
increasing numbers of objects are included in the 
s imu la t ion . Hence, we have turned to abstracted 
s imulat ion as a means of f u l f i l l i n g several goals: 
1) F i l t e r i n g and aggregating output to improve 
i n t e l l i g i b i l i t y ; 2) Al lowing "quick and d i r t y " 
approximate s imulat ions to save resources; 3) 
Al lowing the user to choose a leve l of d e t a i l 
appropr iate to h is or her needs. In a d d i t i o n , we 
have found that abstracted s imula t ion provides an 
arena for exp lor ing a number of i n t e r e s t i n g AI 
issues invo lv ing learn ing and knowledge representa­
t i o n . 

II A SCENARIO-BASED SCHEME 
FOR"ABSTRACTED SIMULATION 

Many a l t e r n a t i v e approaches to abstracted 
s imula t ion are poss ib le : 1) abs t rac t ion over t ime, 
e .g . by coalescing micro-events i n t o more aggre­
gated macro-events; 2) abst rac t ion over instances, 
e .g . by rep lac ing ind i v idua l objects w i t h generic 
class ob jec ts ; 3) abs t rac t ion over space, e .g . by 
combining spa t i a l areas or schematizing s p a t i a l l y 
def ined e n t i t i e s (such as radar ranges or rou tes ) ; 
4) abs t rac t ion over procedures, e .g . by s i m p l i f y i n g 
computations or caching average resu l t s as a sub­
s t i t u t e for computation [6 ) . In t h i s research, we 
have focused on a l t e rna t i ves (1) and (2 ) . The 
abstracted s imula t ion model (ASM) generates event 
output by fo l l ow ing a p r o b a b i l i s t i c a l l y - determined 
path through a scenario network that represents 
p ro to typ ic event sequences w i t h i n the domain. The 
event network represents mu l t i p le leve ls of tem­
poral aggregat ion; through i n t e rac t i on w i th the 
de ta i l ed s imula t ion model (DSM), i t bu i lds abstract 
events by chunking together lower leve l events tha t 
tend to form recur r ing sequences in runs of the 
DSM. The user can then choose a level of abst rac­
t i o n and run the abstracted simulator as an 
independent system. 

The abstracted s imula t ion process includes 
two phases, the learn ing phase, in which the ASM 
uses DSM output to generate an i n i t i a l scenar io 
network and bu i l d up new macroevents, and the event 
generat ion phase, in which p r o b a b i l i s t i c even t - to -
event t r a n s i t i o n s are used to produce an event 
t race s im i l a r to the DSM output . Each of these 
phases is described in more d e t a i l below. 
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I l l LEARNING PHASE 

Bu i ld ing up an abstracted s imulat ion model 
begins w i th user spec i f i ca t i on of elementary simu­
l a t i o n events. The set of elementary events 
derives from the output events produced by the 
de ta i l ed s imula t ion model. In the ROSS a i r b a t t l e 
s imu la tor , we used the event messages sent to the 
event repor t i ng module to ex t rac t an elementary 
event se t , e .g . "Radar4 detects bomber3", "Fighter9 
detects bomber8". During the learning phase, these 
elementary events are connected by l inks i nd i ca t i ng 
temporal succession to create elementary event net ­
works . 

Once the elementary events have been spec i ­
f i e d , they must be grouped according to the roles 
involved in each event. The actors in an event 
desc r ip t i on determine i t s ro les . For instance, the 
ro les associated w i th "Radar4 detects bomber3" are 
RADAR and BOMBER. T y p i c a l l y , the event trace of a 
de ta i l ed s imula t ion w i l l ind icate c lus ters o f ro les 
that i n te rac t ( p a r t i c i p a t e in common events) dur ing 
some po r t i on of the s imulat ion h i s t o r y . For exam­
p l e , bombers i n te rac t w i th radars, w i th f i gh te rs 
and w i th t a r g e t s , radars in te rac t w i th command-
centers and w i th bombers, and so on. We re fer to 
these ro le c lus te rs as i n te rac t i on sets . At the 
conclusion of the learn ing phase, the ASM scenario 
network w i l l include a subnetwork corresponding to 
each i n t e r a c t i o n se t , comprised of events that 
share the same ro les . 

In the learning phase, the elementary event 
s r t is modif ied in response to input from the DSM. 
Links between elementary events are created when 
those events occur in succession in the DSM input . 
P robab i l i t i e s for each event-to-event t r a n s i t i o n 
are b u i l t up by monitor ing the frequency of DSM 
events. Each event in the network keeps t rack of 
how o f ten instances of that event occur in DSM 
runs; each event- to-event l i n k keeps t rack of how 
of ten the two events it connects occur in succes­
s ion . The r a t i o of l i n k frequency to f i r s t - e v e n t 
frequency def ines the cond i t iona l p r o b a b i l i t y of 
t r a n s i t i n g to the second event from the f i r s t . 

When several events occur together w i th 
s u f f i c i e n t frequency, the ASM chunks them to create 
an abst ract event tha t represents tha t event 
sequence as a s ing le e n t i t y (F ig . 1) . This chunk­
ing depends on the fac t that each l i n k can also be 
viewed as a higher order event (namely, "event 1 
then event 2 " ) . Abstract events are created by 
l i n k i n g together two p re -ex i s t i ng l i n k s . This pro­
cess of aggregation can extend upward, generat ing 
more and more general descr ip t ions of domain 
events. 

Each i n t e r a c t i o n set is considered 
separately dur ing the learn ing process. Links are 
created and incremented w i t h i n each i n t e rac t i on set 
subnetwork, but not between subnetworks. However, 
the ASM monitors fo r the f i r s t event occurrence 
relevant to each subnetwork. When a f i r s t 
occurrence is detected, the ASM attaches a con­
s t r a i n t ac t ion to the preceding event, i n d i c a t i n g 
that the preceding event ac t iva tes the new subnet­
work. In the a i r b a t t l e domain (and, we suspect, 
in other domains as w e l l ) , i n t e r a c t i o n sets operate 
in cascade. Bomber/radar i n te rac t i ons t r i g g e r 
radar/command-center i n t e r a c t i o n s , which t r i g g e r 
command-center/f ighter i n t e r a c t i o n s , and so on. 
The cons t ra in t act ions associated w i t h a t r i g g e r i n g 
event represent these in ter -subnet dependencies. 

Figure 2 shows a po r t i on of the subnetwork 
s t ruc tu re b u i l d by the current vers ion of the ASM, 
inc lud ing event t r a n s i t i o n s , abstract events, and 
cons t ra in t ac t ions . The set of subnetworks created 
dur ing the learn ing phase provide the basis fo r 
event generat ion. 

IV EVENT GENERATION PHASE 

In the event-generat ion phase, the ASM acts 
l i k e a Markov model, moving from eventestate to 
ovent-s tate based on the t r a n s i t i o n p r o b a b i l i t i e s 
b u i l t up dur ing learn ing . Event generat ion begins 
w i th the ac t i va t i on of the f i r s t subnetwork and the 
s t a r t i n g of a s imula t ion c lock. A c t i v a t i n g a sub­
network involves s e t t i n g i t s current s ta te to a 
predefined s t a r t s ta te and scheduling i t s f i r s t 
t r a n s i t i o n . Each subnetwork makes a t r a n s i t i o n 
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eve ry x c l o c k t i c k s , where x is a s u b n e t - s p e c i f i c 
p a r a m e t e r . The t r a n s i t i o n p rocedu re p r o b a b i l i s t i ­
c a l l y s e l e c t s t h e n e x t even t s t a t e f rom t h e c a n d i -
d a t e s e t s p e c i f i e d by t he n e t w o r k . Somet imes, no 
l i n k e d even t w i l l b e chosen , and the subnet w i l l 
remain i n t h e same e v e n t - s t a t e u n t i l t h e nex t move. 
As each subnet t r a n s i t s to a new e v e n t - s t a t e , i t 
can o u t p u t t h e name o f t h a t e v e n t , t hus p r o d u c i n g 
a n even t h i s t o r y s i m i l a r t o t h a t o f t h e DSM. 

The d i f f e r e n t subne tworks u s u a l l y g e n e r a t e 
even ts i n d e p e n d e n t l y . However, c o n t i n g e n c i e s 
between subne ts r e q u i r e t h e e x e c u t i o n o f con-
s t r a i n t a c t s a s s o c i a t e d w i t h t r i g g e r i n g e v e n t s . 
For examp le , t h e even t "Radar r e p o r t s d e t e c t i o n t o 
command-cen te r " , a p a r t of SUBNET2, s h o u l d no t he 
g e n e r a t e d u n t i l a f t e r t h e SUBNET1 even t "Radar 
d e t e c t s bomber" . D u r i n g t h e l e a r n i n g phase , t h e 
c o n s t r a i n t a c t i o n (ACTIVATE SUBNET2) w i l l be asso ­
c i a t e d w i t h t h e " d e t e c t i o n " e v e n t . I f t h e subnet 
t r a n s i t s t o t h a t e v e n t , i t s c o n s t r a i n t a c t i o n s w i l l 
b e e x e c u t e d , a l l o w i n g t h e " r e p o r t " even t t o b e gen­
e r a t e d by t r a n s i t i o n s i n SUBNET2. 

The e v e n t - g e n e r a t i o n phase of ASM a l l o w s 
t h e use r t o s e l e c t s e v e r a l o u t p u t modes. I n t h e 
s a m p l i n g mode, t h e u s e r s e l e c t s one o r two r o l e s t o 
f o l l o w t h r o u g h t h e n e t w o r k . On ly even ts i n v o l v i n g 
t h e sampled r o l e s a r e r e p o r t e d . T h u s , t h i s mode 
f u l f i l l s a n i n f o r m a t i o n f i l t e r i n g f u n c t i o n . A l t e r ­
n a t i v e l y , t h e use r may s e l e c t t h e s t a t i s t i c s mode, 
s p e c i f y i n g s t a t i s t i c s o f i n t e r e s t ( e . g . number o f 
bombs d ropped) and t h e number o f each r o l e s h o u l d 
be c o n s i d e r e d . The ASM t r e a t s t h e p r o b a b i l i t i e s 
a s s o c i a t e d w i t h i n t e r - e v e n t t r a n s i t i o n s a s p r o p o r ­
t i o n a l f a c t o r s , m u l t i p l y i n g p r o b a b i l i t i e s t h r o u g h 
t h e ne two rk u n t i l t h e even t r e l e v a n t t o t h e s t a t i s ­
t i c i s r e a c h e d . 

A l l d i s c u s s i o n s o f a r has focused a t t h e 
e l e m e n t a r y even t l e v e l . However, t h e same p r o ­
cedures a p p l y t o g e n e r a t i n g e v e n t s a t h i g h e r l e v e l s 
o f a b s t r a c t i o n , s i n c e t h e s t r u c t u r e o f even t 
o b j e c t s and l i n k s i s t h e u n i f o r m . I n g e n e r a l , t he 
h i g h e r t h e l e v e l o f a b s t r a c t i o n c h o s e n , t h e fewer 
t h e even ts i n t h e n e t w o r k , and t h e f a s t e r t h e ASM 
r u n s . 

V EVALUATION AND CONCLUSIONS 

A . I m p l e m e n t a t i o n S t a t u s 

Bo th t h e d e t a i l e d and t h e a b s t r a c t e d s i m u ­
l a t i o n models a re imp lemented in t h e ROSS language 
| 7 ] , a n o b j e c t - o r i e n t e d , message-pass ing language 
based on Kahn 's DIRECTOR ( 4 ) . The l e a r n i n g mode 
has been i m p l e m e n t e d , u s i n g e l e m e n t a r y e v e n t s f rom 
a f i r s t g e n e r a t i o n d e t a i l e d a i r b a t t l e mode l . The 
e v e n t - g e n e r a t i o n mode i s i n t h e p rocess o f i m p l e ­
m e n t a t i o n . Meanwh i l e , a second g e n e r a t i o n DSM is 
b e i n g c r e a t e d . I t s more complex even t s t r u c t u r e 
w i l l b e t t e r t e s t t h e power o f t h e a b s t r a c t e d s i m u ­
l a t i o n approach d e s c r i b e d h e r e . 

! • L i m i t a t i o n s o f t h e ASM Approach 

A l t h o u g h t h e c u r r e n t app roach seems p rom is ­
i n g , i t does have some l i m i t a t i o n s . F i r s t , n o 
methods c u r r e n t l y e x i s t t o g u i d e t h e s e l e c t i o n o f 

e l emen ta r y event messages f o r t h e o r i g i n a l DSM. We 
have n o t d e f i n e d " e v e n t " i n any f o r m a l way, bu t 
have r e l i e d o n i n t u i t i o n t o s t r u c t u r e t h e s i m u l a ­
t i o n o u t p u t i n t o u s e f u l and manageable u n i t s . 
F u r t h e r e x p e r i e n c e w i t h t h i s approach may enab le us 
t o t r a n s l a t e t hese i n t u i t i o n s i n t o f o rma l p r o ­
cedures f o r event s p e c i f i c a t i o n . Second, ASM 
l e a r n i n g c a p a b i l i t i e s a re l i m i t e d t o c h u n k i n g 
t o g e t h e r e x i s t i n g event c o n c e p t s ; i t cannot d i s ­
cover new c o n c e p t s . However, much of human l e a r n ­
i n g c o n s i s t s o f s i m i l a r c h u n k i n g p rocesses | 3 ] . 
T h i r d , t h e ASM is not as f l e x i b l y p a r a m e t e r i z e d as 
wou ld be d e s i r a b l e . The d e t a i l e d model a l l o w s t h e 
user t o change b o t h o b j e c t pa ramete rs and r u l e s o f 
b e h a v i o r [5] . The ASM trades f l e x i b i l i t y and m o d i -
f i a b i l i t y f o r i n t e l l i g i b i l i t y and speed. 

C• Advantages of the ASM Approach 

The ASM approach o f f e r s many advan tages . 
I t can b e g e n e r a l i z e d t o s i m u l a t i o n i n p r a c t i a l l y 
any domain . Any d e t a i l e d s i m u l a t i o n model can 
p r o v i d e a s e t o f e l e m e n t a r y even ts on wh i ch t h e 
a b s t r a c t e d s i m u l a t i o n can be based . F u r t h e r m o r e , 
t h i s approach does f u l f i l l many o f t h e g o a l s o f 
a b s t r a c t e d s i m u l a t i o n . I t reduces c o m p u t a t i o n , 
saves r e s o u r c e s , a l l o w s i n f o r m a t i o n f i l t e r i n g , and 
g e n e r a t e s a g g r e g a t e d , i n t e l l i g i b l e o u t p u t . 
F i n a l l y , t h i s p r o t o t y p e - b a s e d scheme i n many ways 
i t p a r a l l e l s t he w o r k i n g s o f human l e a r n i n g and 
memory. Based on w o r l d e x p e r i e n c e , humans b u i l d up 
p r o t o t y p i c even t sequences t h a t r e p r e s e n t l i k e l y 
o c c u r r e n c e s , i . e . , s c r i p t s o r schemata | 8 ) . These 
even t sequence r e p r e s e n t a t i o n s can be c o n s i d e r e d a t 
m u l t i p l e l e v e l s o f a g g r e g a t i o n , e . g . s c e n e s , 
e p i s o d e s , e t c . (1 ) When asked t o p r e d i c t t h e 
even ts t h a t w i l l occu r i n a s p e c i f i c s i t u a t i o n , 
humans w i l l r e t r i e v e t y p i c a l even ts i n t h e o r d e r 
they a r e l i k e l y t o occu r | 2 ) . The ASM i s no t 
i n t e n d e d as a s e r i o u s model of human memory and 
men ta l s i m u l a t i o n . However, i t may have h e u r i s t i c 
v a l u e i n i n v e s t i g a t i n g these a r e a s , a s w e l l a s 
p r a c t i c a l v a l u e i n i m p r o v i n g s i m u l a t i o n e f f e c t i v e ­
n e s s . 
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