
Franz Barachini, Hans Mistelberger 
Alcatel-ELIN Research Centre 

Ruthnergasse l-7 
12 10 Vienna, AUSTRIA 

Tel.: (+43) 222 / 39 16 21/ 150 
Email: es-barac@rcvie.at 

Abstract 

A major obstacle to the widespread use of expert sys- 
tems in real-time domains is the non-predictability of 
response times. While some rese‘archers have addressed 
this issue by optimizing response time through better al- 
gorithms or parallel hardware, there has been little re- 
search towards run-time prediction in order to meet user 
defined deadlines. To cope with the latter, real-time ex- 
pert systems must provide mechanisms for estimating 
run-time required to react to external events. 

As a starting point for our investigations we chose the 
RETE algorithm, which is widely used for real-time 
production systems. In spite of RETE’s combinatorial 
worst case match behavior we introduce a method for es- 
timating match-time in the RETE network. This paper 
shows that simple profiling methods do not work well, 
but by going to a finer granularity, we can get much bet- 
ter execution time predictions for basic actions as well 
as for complete right hand sides of rules. Our method is 
dynamically applied during the run-time of the produc- 
tion system by using continuously updated statistical 
data of individual nodes in the RETE network. 1 

Introduction 

An expert system operating in a real-time environment 
would typically need to react to interrupts quickly ‘and to gen- 
erate a response within a given time-frame (Laffey et al. 
1988). In this respect, execution time variance is the primary 
problem in providing perfomlance gu‘arantees for real-time 
production systems. 

Speeding up software and hardware is one approach to 
meet certain deadlines. RETE (Forgy 1982) and TREAT (Mi- 
mnker 1987) proved to be fast pattern matching algorithms 
for production systems. Special-purpose hardware h,as been 
developed (Bahr et al. 1991; Gupta et al. 1986a; Gupta et al. 
1986b; Gupta & Tambe 1988) to increase the perfomlance of 
RETE. However, speed-up is limited and does not solve the 
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run-time prediction problem. In order to have an indication 
whether a deadline will be met, match-time predictability is 
a necessity for real-time applications. This is justified by the 
fact that most of the overall run-time ofexpert systems is used 
in the match phase (Gupta 1986). Ideas limiting match com- 
plexity are given by Haley (Haley 1987), Wang (Wang et al. 
1990), Tambe (Tambe & Newell 1988; Tambe, Kalp, Rosen- 
bloom 1991), and Acharya (Acharya 1991). Haley and Wang 
try to put limits on the amount of data approaching the expert 
system. Tambe ‘and Ach‘arya shift match combinatorics from 
knowledge search to problem space search. 

Our first step towards the long-term goal of building real- 
time expert systems is the prediction of the time taken by ba- 
sic actions in the right h‘and sides of rules. For the sake of 
RETE’s consistency (Barachini & Theuretzbacher 1988) 
these actions are usually implemented as non-preemptable 
code pieces in most production system languages. Hence, the 
time for the execution of such ‘an action determines the granu- 
larity at which interrupts can actually be handled*. Moreover, 
if the estimated time for a basic action exceeds a user-defined 
deadline, the production system architecture allows us to 
raise certain exception handlers. 

Our next step is the prediction of run-time for complete 
right hand sides. We show that this goal c‘an be achieved with 
the same accuracy as for basic actions, and therefore the same 
deadline strategies can be applied. 

By using our method, a high-level reasoning system could 
detect situations when rule execution time might exceed an 
allocated time interval. If this is the case an exception handler 
would be raised delivering incomplete or suboptim,al results 
to the high-level reasoner. 

The estimation method for the basic actions and the com- 
plete right hand sides is dynamically applied during the run- 
time of the production system by using continuously updated 
statistical data of individual nodes in the RETE network. The 
idea is not restricted to RETE but can be applied to TREAT 
as well. 

After a brief overv$w on production systems, we intro- 
duce our notion of run-&me predictability. We show that sim- \ 

2. In the literature 
ness of a system. 
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ple profiling methods do not work well for run-time predic- 
tion. We describe the technique our run-time estimation tool 
is going to use for run-time forecast. We compare forec‘ast 
and actually measured run-times on several typic&al produc- 
tion systems. The run-time estimation method will be ex- 
plained in temls of PAMELA (PAttem Matching Expert sys- 
tem LAnguage) (Barachini 1991). 

Basic Statements and Definitions 

For the following discussion it is assumed that the reader 
is familiar with the RETE or TREAT algorithm as well as with 
the vocabulary normally used in reference to OPS (Brown- 
ston, F‘arrell, & Kant 1986; Forgy 1981). 

Production System 

A production system consists of a rule set, called the Produc- 
tion Memory (PM) and a database of assertions, called the 
Working Memory (WM). Each rule consists of condition 
statements, called the Left Hand Side (LHS) and a set of ac- 
tions, called the Right Hand Side (RHS). 

The RHS specifies infomlation which is to be added to or 
removed from the WM. In PAMELA there are basically three 
possible actions in the RHS. MAKE adds a new Working 
Memory Element (WME) to WM. REMOVE deletes an ex- 
isting WME from the WM. CHANGE modifies an already 
existing WME. Each WME corresponds to a certain type of 
data, called its Working Memory Type (WMT). Each RHS 
consists of one or several WME actions (MAKE, CHANGE 
or REMOVE). 

The production system repeatedly performs the so-called 
Recognize-Act Cycle (RAC). During this cycle a RHS is ex- 
ecuted, leading to a match phase which determines a Conflict 
Set (CS) of satisfied rule instantiations. The CS resolution 
procedure selects one rule to be fired and the act procedure ex- 
ecutes the RI-IS. 

The PAMELA inference engine uses an optimized RETE 
match algorithm (Barachini 1988). The RETE algorithm 
maps LHSs of rules to a discriminating data flow network. 
The data elements flowing through this network are called to- 
ken. When a WME is added to or removed from the WM, a 
positive tagged token (plus-token) resp. a negative tagged to- 
ken (minus-token) representing this action is passed to this 
data flow network. There are different node types av‘ailable in 
this network. The constant condition tests are perfomled at 
so-called one-input nodes (IIN) and matched tokens are 
stored in &alpha memories. Copies of matched tokens ‘are sent 
to successor nodes. The most run-time intensive node nor- 
mally is a two-input node (21N). Tokens arriving at two-in- 
put nodes are compared against the tokens stored in the oppo- 
site token memory. Successfully joined tokens Lare then sent 
again to a successor node. In this m,armer tokens flow through 
the network until they arrive at the end-node. If this is the case 
an instantiation enters the CS. 

Run-Time Predictability 

Within the context of the present paper we will investigate 
predictability for the following quantities: 

the time needed to perform one WME action and 

the time needed to perform all WME actions of a rule. 

Measurements have shown that most of the overall run-time 
of RHS is used by WME actions (Gupta 1986a). Therefore, 
it is worthwhile to concentrate our studies on these specific 
actions. We are aware that the RHS of a rule may include other 
statements than WME actions. These statements are assumed 
to be procedural whose run-time predictability is not the sub- 
ject of this paper. 

In most production system languages, WME actions are 
indivisible subt‘asks. Whenever an interrupt modifying WM 
contents rises during the match phase, it cannot be handled 
immediately. For the sake of consistency, it must be post- 
poned and can only be executed after the completion of the 
current action. In PAMELA, at the end of each WME action, 
the system reaches a so-called preemption point. At this pre- 
emption point, any interrupt is handled which may have risen 
since the previous preemption point. Thus, the time required 
for a WME action is particularly crucial as it represents the 
time the system needs to react to an external interrupt. 

The run-time for a rule’s RI-IS represents the time for a 
complete rule firing. Predictability at this level enables the 
system to detemiine whether the rule can be executed within 
‘an allocated time frame. 

refiling Metho 

An obvious approach to run-time predictability is profiling 
of the qmantities we want to predict. In this section we will as- 
sess the quality of profiling methods with respect to the pre- 
diction for WME actions and for RHSs of rules. 

As a starting point of our investigation, we measured the 
run-time behavior of WME actions for specific WMT’s over 
all fired rules. We performed a whole bunch of me‘asurements 
with ParaOPS5 (Kalp et ‘al. 1988) on the Encore Multimax at 
Stanford. At the level of a WME action, the results depend on 
the WMT considered. For some WMT’s the run-time for a 
WME action is nearly constant, for other WMT’s run-time 
exhibits irregular behavior. By irregular run-time behavior 
we mean that the time for the execution of the WME action 
differs subst,antially from one RAC to the next. 

In order to find me,aningful data even in this latter case, we 
restricted ourselves to the study of run-time required for a 
WME action of a particular WMT, but now in the scope of a 
specific rule’s RHS. Unfortunately, our measurements show 
that this time is also rather irregular. It highly depends on the 
number of actions performed in the network, that is to say on 
the number of matches and on the number of insertions and 
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Figure 1: MAKE “Goal” action-time in rule “Sequence 5” 
in RUBIK 

deletions. For example, in RUBIK” the rule “Sequence-S” 
has a very simple RI--IS, consisting only of one MAKE for the 
WMT “Goal”. Figure 1 shows the evolution of the time re- 
quired for the RHS firing of this rule. It w&as fired seven times 
during the execution for a specific cube configuration. 

When applying the profiling method to the run-time of a 
rule’s RHS, we encountered similar results. Each production 
system studied contained at le,ast one rule showing irreguhar 
run-time behavior. Based on this fact we conclude that profil- 
ing of rule execution times is not adequate for run-time pre- 
diction. 

To summarize, measurements of execution times for 
WME actions or RHSs cannot be used as a basis for run-time 
prediction. These discouraging results are quite general in na- 
ture. They hold for OPS-based as well as for PAMELA- 
based expert systems irrespective of their implementation 
method. We observed that for some WMTs the run-time be- 
havior is sufficiently regular to perform prediction at this lev- 
el of granularity. But we have also encountered WMTs for 
which it is not advisable to rely on rule- or WME action ex- 
ecution-time. In these cases more accurate tools b,ased on 
data at a liner level of granularity are needed. 

e Run-The Prediction 

As explained, simple profiling of run-time for RHSs and 
WME actions is not suitable for run-time prediction. There- 
fore, we investigate run-time estimations which rely on sta- 
tistical data, dynamically gathered at node-level of the RETE 
network. The method presented in this section is designed to 
predict run-time for individual tokens originating from a 

3. RUBIK is a production system with 7 1 rules which 4. This is true for positive compare nodes only. Not 
solves the Rubik’s cube. nodes are treated separately. 

WME action. More precisely, we are going to estimate run- 
time for the match phase when a plus-token enters the RETE 
network. We concentrate only on plus tokens because PAME- 
LA treats minus-tokens in a very specific manner. The tokens 
in the network are linked together in a tree structure where 
each token points to its successors. Therefore, in contrast with 
the original RETE implementation, minus-tokens are not re- 
matched. Instead, tokens are directly removed from token 
memories during the deletion phase4. Since the number of to- 
kens being removed is known, we cCan calculate the exact run- 
time for minus-token treatment. Therefore, we concentrate 
only on plus-token treatment for the remainder of this paper. 

Run-Time Estimation at Token Level 
At the beginning of its flow through the RETE network, 

the token filters through one-input nodes. Only a small frac- 
tion of run-time is spent during one input-node treatment 
(Gupta 1986). Therefore, worst case run-time, which is linear 
in the number of incoming tokens for the one-input node net- 
work, is fairly sma.lI compared to overall match-time. This 
upper bound can be e‘asily calculated by the assumption that 
no liltering takes place in one-input nodes. We assume an im- 
plementation in which tokens of one WME of aRHS are gath- 
ered at the end of one-input node ch‘ains. The one input- 
nodes Cam treated first and we then start the estimation task. 
Thus, we know the exact number of tokens entering the two- 
input node network. 

The token flow in the network is characterized by several 
elementary operations. In a two-input node, each incoming 
token is comptiared against every token from the opposite 
memory. For each successful match, one new token is created 
and stored in the input memory of the successor. In order to 
estimate the time spent in a particular node during a plus-to- 
ken treatment, we rely on the following numbers: 

@ the number of tokens entering this node, 
@ the time required for one token insertion into a token 

memory, 
@ the time required for a match. 

All relevant token numbers for a specific plus-token (e.g. 
the number of new tokens produced by a two-input node) 
have to be estimated before actual matching suarts. Because 
of the worst case cotnbinatorial behavior of RETE and 
TREAT, it is not feasible to estimate these numbers only by 
evaluating the largest theoretical number of tokens that could 
flow through the network. Most of the time, this upper bound 
would be too large to be of any significcance. 

For the two-input nodes, our estimation is based on the im- 
plementation of a token flow ratio pk in each two-input node 
(see Figure 2). The factor pk represents the probability for a 
successful match at node k, when a token is compared against 
another. This probability factor pk is updated after each per- 
formed plus-token treatment. 
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Using formulas (1) to (8), we can estimate the number of 
tokens that will be created in the network. In order to estimate 
the time required for the plus-token treatment, we measured 
the time for an insertion in a token memory and the time for 
amatchonaT800 transputer5 (Bahret al. 1991), witbapreci- 
sion of 1 vs. We measured the following times: 

Figure 2: RETE network 

For our estimation, we use the following numbers: 

Vk 1.. Number of matches at node k 
nik . . . Number of tokens in right memory of 

node k 

nk . . . Number of tokens in left memory of 
node k 

ihk . . . Number of plus tokens entering the 
right memory of node k 

6nk . . . Number of plus tokens entering the left 
memory of node k 

Pk +-- Probability for a successful match at 
node k 

For tokens entering the right memory of node k, we get 

Vk = nk * hik (1) 

snk+l =pk * Vk (2) 

for a two-input node and 

Vk = nk * hk (3) 

6nk+l = 0 (4) 

for a not node. For tokens entering the left memory of node 
k, we get 

Vk = mk * 6nk (5) 

snk+l =pk * vk (6) 

for a two-input node and 

vk = nik * 6nk 

6nk+ 1 = (1 - pk)“‘k * 6nk 

for a not node. 

(7) 

Go 

Note that equation (4) does not mean that no tokens are ac- 
tually created in the RETE network. It only means that those 
possibly created tokens are negative tokens, and, therefore, 
we do not take them into account because of PAMELA’s spe- 
ciaI minus-token treatment. 

5 ps for a match invoking a simple equality test, which 
is the most common situation. But since PAMELA offers 
the possibility to call a C-function within the test, the 
time for a single match may be significantly longer. We 
will thus also have to make our predictions with larger 
match-times. 

50 ys for an insertion in a right token memory. This time 
does not depend on the node nor on the token whose 
length is always one in a right memory. 

(50 + 6*L) p for an insertion in a left token memory, 
where L is the left token’s length. (L actually means the 
number of WMEs it consists of). This dependence is due 
to the fact that PAMELA loops L times to copy the token 
into the memory. 

Finally, the run-time prediction tool estimates the number 
of actions to be performed in the network (matches and inser- 
tionsj. In this way, match-time for the whole next WME ac- 
tion is estimated dynamically during run-time of the expert 
system. 

The run-time prediction adds some burden to the whole 
execution-time of the expert system. However, compared to 
match-time this additional time is small. On our Transputer- 
b‘ased system, 50 ps run-time overhead must be taken into 
consideration per affected two-input node. 

The measurements presented in this section were performed 
in the following way. Using the time required for each eie- 
mentary action, we implemented a simulator, which com- 
putes the time that it would take on a T800 tr‘ansputer. This 
method presents the great adv‘antage that we can vary the val- 
ues of the match-time and study their influence on the quality 
of our prediction. 

Our measurements were performed on seven production 
systems: 

EMAB, the monkey ‘and banan‘as production system writ- 
ten by NASA in an extended version with 29 rules 

RUBIK, a production system with 71 rules that solves the 
Rubik’s Cube by J. Allen 

TOURNEY, a production system assigning match sched- 
ules to a bridge tournament with 16 rules 

WALTZ, a pattern recognition programme with 33 rules 

5. Our parallel architecture for speeding-up Produc- 
tion Systems is based on T800 Transputers. 
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@ VAHlNE, a production system with 55 rules (by Alcatel 
- ELIN) that advises road maintenance in winter for giv- 
en weather conditions. 

0 CARS, a production system with 62 rules (by Alcatel- 
ELIN) that dynamically maximizes traffic throughput on 
a network of roads and crossings. 

* ALAMOS, an industrial version of a production system 
that performs alarm correlation on S 12 which is Europe’s 
largest public switching system. The expert system con- 
tains 112 rules at the moment and is a collaboration effort 
between Alcatel-ELIN in Vienna and BELL in Belgium. 

VAHlNE, ALAMOS ‘and CARS are typical real-time pro- 
duction systems in the sense that they are continuously gath- 
ering data from the periphery via interrupts and polling mech- 
anisms. CARS is especially time critical since it has to react 
immediately on traffic congestions. Although all three exam- 
ples are only medium sized with respect to the number of rules 
they utilize vast amounts of data produced by the process pe- 
riphery. 

For reasons of statistical significance, we only present the 
results for those of the WMTs appearing sufficiently often 
during the expert system execution. The tables l-7 display 
the averages and the variances of the ratio (real time)/(esti- 
mated time) for each of the seven applications. 

monkey !w~ object 

0.99 1.02 1.03 

0.14 0.69 0.19 

Table 1: EMAB 

Table 2: RUBIK 

apl 

1.00 

0.00 

CXl con fou Pla 

1.00 191.24 1.09 1 .oo 

0.00 799.33 0.83 0.00 

Table 3: TOURNEY 

Table 4: WALTZ 

Table 5: VAHINE 

time 

1.05 

0.03 

cross 

0.97 

0.01 

Table 6: CARS 

Table 7: ALAMOS 
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These results were obtained using specilic probability up- 60% of the time between 0.5 and 2.0. Therefore, and despite 
dating processes in two-input nodes. Let <y,,> be our esti- our barge variance (table 3), the result is even there meaning- 
mated probability for time n and let pI1 be the real ratio at time ful. Note also that the results are not significantly influenced 
n (ev‘aluated after match phase at time n) then we def”me: by the updating algorithm we choose. 

qhl+I> = c3*pn + <P&/4 (ALGO 1) 

In the following discussion, we will refer to this updating 
procedure as ALGO 1. More obvious updating algorithms are 
ALGO2andALGO3: 

<Pn+ 1’ = (pn + 9n>Y2 (ALGO 2) 

<pn+ 1’ = pn (ALGO 3) 

ALGO uses the real ratio pn of the last RAC only. ALGOl 
and ALGO also take the pn’s of all previous RACs into ac- 
count, but they have different damping factors for older p,,‘s. 

Altogether, the results in tables l-7 show a fairly small 
variance, allowing us to expect in most cases an error lower 
than a factor 2. The factor is smaI1 compared to prediction 
based on simple profiling methods. The only exception to this 
favorable behavior is the WMT “Context” in TOURNEY. 
This WMT works like a goal switch during the execution of 
TOURNEY. Therefore, a MAKE statement of this type can 
reveal an unexpected behavior which invalidates the proba- 
bilities. In reference to OPS such a MAKE statement is called 
a context switch, and as yet we are unable to predict match- 
time for a such a context switch WME. 

percentage of events 

100 

90 

80 
70 

60 

50 

40 

30 

20 

10 

0 
<al [.1,.5] [.5,.9] [.9,1.ll[l.1,21 [2,101 >lO 

real/estimated 
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MAKE “goal” in RUBIK 

Nevertheless, the result is not as bad as it fust seems to be. 
In fact, although those variances above give M indication for 
the accuracy of the prediction, Figure 3 provides a more rele- 
vant infomlation. It shows the distribution of the ratio (real 
time)/(estimated time) for our three algorithms. 

Figure 3 shows that about 50% of the time the ratio (real 
time)/(estimated time) is between 0.9 and 1.1 using the three 
algorithms. It also shows that, even in the worst c,ase, 80% of 
the time the ratio real/estimated is between 0.1 and 10.0 and 

Another interesting context switch is the “Goal” WME in 
RUBIK. The corresponding distribution of the ratio (real 
time)/(estimated time) has been calculated with ALGOl and 
is shown in figure 4. Although the variance was once ag,a.in 
not very snmll (table 2), a match-time with a precision better 
than 10% is predicted by the run-time estimation method 
more than 90% of the time. 

In all other cases where a basic action does not correspond 
to a context switch, the run-time prediction is even more ac- 
curate. This accuracy is expressed by the very small variances 
of the corresponding WMTs in the tables l-7. 
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Results of the Run-Time Estimation Method for 
Rules 
So far we ‘are able to predict run-time for individual WME ac- 
tions only. We w&ant to go one step further and consider run- 
time prediction for a complete RHS, which may consist of 
several WME actions. The estimation mechanism is the same 
as for a single WME action but now the tokens of all WME 
actions belonging to one RHS Care gathered at the end of the 
one-input node ch,ai.ns before the estimation task starts. 

As a typical example we chose the RI-IS of the rule “mi- 
nus-90” in RUBIK. The RHS consists of 2 1 CHANGE state- 
ments. Figure 5 shows the act& (simulated) run-time versus 
the estimated run-time. Although the estimated run- time de- 
viates slightly from the actu‘al one, the estimation models 
quite well the run-time behavior. The good quality of estima- 
tion could only be achieved by using our described fine gran- 
uharity method. For al.l rules of the production systems pres- 
ented in this paper we observed a notable correspondence 
between real and estimated rule execution times. Only in 
those cases where the RHS contains a context switch WME, 
the accuracy of the prediction is severely reduced. 

Run-Time Estimation for a Complete Production 
System Task 
The prediction of the total answering time for a complete task 
consisting of many reasoning cycles still remains an open 
problem. This is due to the fact that the sequence of rule fir- 
ings cannot be known in advance. Even if we had tools that 
w able to extract relevant knowledge from the expert sys- 
tem’s behavior we would have difficulties in predicting mxt 

run-time (ms) 

rule-firing sequences. Although some research has beendone 
towards funding statical and dynamical rule dependences (Is- 
chida 1990), a general solution for finding correct sequences 
is lacking. This is especially true for interrupt4riven produc- 
tion systems which are continuously gathering on-line data 
from industrial processes. Even if we knew rule-liring se- 
quences in advance the reliability on the probabilities pk and 
on the estimated number of tokens in the RETE memories de- 
creases with incre‘asing number of RACs to be predicted. 

In intelligent high-level reasoning task5 the issue is not 
whether we can exactly predict run-time of specific tasks. 
The issue is more on the design of a problem-solving archi- 
tecture that allows us to fall back on more primitive methods 
and exception handlers when time is running out. 

In this paper we proposed a run-time estimation method that 
is able to predict match-time and rule execution time with 
significantly better precision than simple profiling methods. 
In the average case, we c<an predict run-time per rule and per 
WNlE action with an error of less than a factor of 2. 

Although our method cannot give a rigorous upper bound 
for the run-time of WME actions and rules, it is well suited 
to systems that have soft time constraints. Such systems do 
not require guaranteed answering times for particular events 
but rather an estimation of the average time for a typical re- 
quest. B‘ased on these run-time estimations, exception han- 
dlers can be raised which are able to deliver incomplete or 
suboptimal results to a high level-re‘asoning system before a 
user-defined deadline is exceeded. 
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Figure 5 : Rule execution times versus estimated runtimes of rule “minus-90” in RUBIK 
rule firings 
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