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Abstract 
Strategic planners for robots designed to operate in a 
dynamic environment must be able to decide (i) how 
often a sensory request should be granted, and (ii) how 
to recover from a detected error. This paper derives 
closed-form formulas for the appropriate frequency of 
sensor integration as a function of parameters of the 
equipment, the domain, and the types of errors from 
which the system wishes to recover. 

Introduction 
All behavior is guided by beliefs. People devise plans 
based on their perceptions of the world and then at- 
tempt to implement those plans. Robots intended to 
interact with the physical world are no different; they 
too must base plans on their internal models and then 
execute their plans in the physical world. Thus, strate- 
gic planners for these robots must coordinate sensory 
acquisition with robotic activity. 

Classical planners focus only on activity; plans are 
translated directly into actions, with no provisions 
made for errors or spontaneous changes. Planners capa- 
ble of sensing their environments, updating their plans, 
and acting according to changing beliefs may be termed 
dynamic planners. Any such planning paradigm must 
recognize the difference between its own internal model 
(beliefs) and the external world (facts). Sensors per- 
form the crucial task of incorporating newly acquired 
information into a belief system. 

This paper casts sensory coordination as a decision 
problem; it assumes that although relevant sensory data 
can generally be requested, costs prohibit many of them 
from being granted. Thus, the underlying decision 
problem is whether a central controller should grant or 
deny a system’s request for a sensory update. Neither 
this problem nor this approach are unique. In fact, our 
work is similar in spirit to that of at least three groups 
of AI researchers: those interested in the applicability 
of general probabilistic, statistical, and decision theo- 
retic concepts to AI [Cheeseman, 19881 [Horvitz et al., 
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1988] [Ng and Ab ramson, 19901, those who have applied 
these concepts to simplified games and toys [Russell and 
Wefald, 19891 [Ab ramson, 199Oa] [Hansson and Mayer, 
19901, and those concerned with planning under uncer- 
tainty [Wellman, 19901 [M aes and Brooks, 19901. The 
most directly relevant work, however, is in [Abramson, 
1990bJ and [Z erroug and Abramson, 19901, where we 
forwarded skepticism as the basis of a four-layer archi- 
tecture for dynamic planning through a probabilistic 
state-space. The top layer of a skeptical architecture 
contains a STRIPS-like planner generates goal-directed 
plans. One layer down, a skeptic attempts to verify 
the planner’s beliefs, by communicating with the (third 
layer’s) interpreters, which, in turn, transmit requests 
to and sensory information from the (fourth layer’s) 
sensors. 

Our skeptical architecture’s planning paradigm [Zer- 
roug and Abramson, 19901 combined ideas from four 
different sources to suggest an approach towards sen- 
sory coordination: (i) a classical planning system, 
STRIPS [Fikes and Nilsson, 19711, (ii) the distinctions 
between standard controlled state-spaces (CSS’s), in 
which everything occurs as planned, and probabilis- 
tic state-spaces (PSS’s), in which nature occasionally 
causes unexpected occurrences [Abramson, 1990b], (iii) 
Georgeff’s 1987 proposal that the frame problem may 
be solvable by allowing all items unaffected by an oper- 
ator to vary freely, and (iv) the JPL Telerobot’s au- 
tomatic insertion of relevant sensory requests into a 
STRIPS-like plan [Doyle et al., 19861. These ideas are 
assumed throughout the paper; they help motivate and 
justify many of our underlying assumptions. 

Although the results presented in this paper are off- 
shoots of that research, (and a skeptical architecture 
is assumed throughout), the architecture’s details are 
of purely tangential relevance. The key similarity lies 
in their common philosophical underpinning: Strategic 
planners must coordinate thinking (devising a PLAN), 
executing (performing an ACT), and SENSEing. All 
PLANS are devised on internal models, or belief sys- 
tems. All ACTS are performed in the physical world. 
SENSE operations help reconcile internal beliefs with 
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external reality. Thus, the first fundamental difficulty 
with which dynamic planners must cope is the strate- 
gic coordination of SENSES, ACTS, and PLANS. This 
paper sets aside implementation issues in favor of anal- 
ysis. Given our characterization of sensors as mecha- 
nisms that reconcile belief and reality, two important 
questions arise: 

o How can a system recover from a d.etected discrep- 
ancy between belief and reality? 

Q How often must sensors be used? If sensing is rela- 
tively expensive, can resources be conserved by sens- 
ing only occasionally? 

The basic setting underlying the following discussion, 
then, is as follows: A robotic system is given a task 
characterized as a search space with initial state SO 
and goal state G. It devises a plan which-if entirely 
successful-should solve the problem. At some point, 
however, it doubts (as a skeptic) that its existing state 
in the physical world, Se, is identical to the state in 
which it believes itself to be, Sb. Should it grant a sen- 
sory request to determine its true status? If it grants 
the request and finds itself lost, how should it recover? 

One of the greatest difficulties underlying error de- 
tection and recovery is the determination of reasonable 
assumptions about an an external environment that has 
deviated from its predicted course. For this remon, the 
model construction phase must focus on encoding dis- 
tributions of likely failures for each action and reason- 
able consequences of “nature.” Successful error recov- 
ery depends, to a great extent, on how much is known 
about the deviation of the internal model from exter- 
nal reality, and on the impact of this discrepancy on 
the existing plan. Encoded failure states and natural 
occurrences are designed to provide maximal informa- 
tion. Knowledge of equipment reliability and the effects 
of nature, however, are simply prerequisites to the de- 
sign of a functioning system; encoded information alone 
is insufficient. Thus, our skeptical architecture con- 
tained many areas in which specific and carefully en- 
coded information could later be added, and our anal- 
ysis relates sensor integration to various parameters of 
the equipment, the environment, and the type of errors 
from which the system expects to recover. 

Strategy Selection 
Realistic error recovery schemes are hard to define and 
harder to analyze. Perhaps the simplest possible ap- 
proach to “recovery” is to discard (automatically and 
immediately) all pending actions and to replan from 
the existing state, Se, to the goal, 6. This replan- 
from-scratch (SCRATCH) approach may become pro- 
hibitively expensive if spontaneous changes and/or er- 
rors occur frequently, and is unnecessary if the detected 
discrepancies only affect a small portion of the plan. A 
second strategy is to replan locally (LOCAL)-from Se 

back to &-to return to the state believed by the sys- 
tem, and then to proceed as intended. Initial implemen- 
tations of the skeptical architecture adopted LOCAL 
[Zerroug and Abrarnson, 19901. 

Analyses of SCRATCH, LOCAL, and other error re- ’ 
covery schemes will require quite a few simplifying as- 
sumptions and a good deal of notation. Terminology 
will be introduced as needed. As a first simplification, 
assume that the problem facing the skeptical planner 
is the standard one-player task: find the shortest path 
through a PSS, from SO to g (PLAN). The goal of the 
skeptical robot is then to execute the plan (ACT). A 
PSS, like all state-spaces, can be described as a search 
graph of average branching factor B, and a distance (or 
optimal path length) of DO between SO and 6. Let, each 
planning step cost P and each execution step cost E. 

To summarize the notation, then: 
SO: initial state 
6: goal state 
B: average branching factor of the PSS 
Do: distance (length of optimal path) from SO to (? 
P: cost of a single planning step 
E: cost of a single execution step 

A planner with access to no special heuristics must 
devise its plans by an Q(@) brute force (generally 
breadth first) search, at a cost of (P * @). (The pur- 
pose of most existing planning paradigms, of course, is 
to avoid the combinatorial explosion inherent in brute 
force searches. This assumption is made to ease analy- 
sis, not to reflect reality). A perfect, error-free execu- 
tion will then take DO steps, for an additional cost of 
(E * DO). The total cost for an ideal CSS-type plan and 
execution, with no error detection or correction mecha- 
nism and no sensory capabilities, forms a lower bound, 
(A), on the cost of a PSS-based paradigm. 

C[IDEAL] =PBDo+EDorA (1) 

The advantage of the PSS assumptions, however, is 
that they allow nature to romp through the space and 
cause “spontaneous” changes. Let D1 represent the 
number of operators from the original plan that have 
already been successfully applied, and let Ds represent 
the number that remain, (DO = D1 + 02). One of 
the skeptic’s queries to the interpreters suddenly re- 
veals that it is not in state &, as it believed, but rather 
E steps away, in state S,. 

Additional notation now includes: 
A: theoretical lower cost bound of a successfully de- 

vised and executed executed PLAN 
C: a cost function 
&: state that the system believes exists 
Se: state that exists in the physical world 
D1: number of successfully applied operators from 

the original plan 

ABRAMSON 745 



D2: number of remaining operators from the original 
plan 

E: distance between & and S, 
p The system, of course, has already incurred the cost of 

devising the initial plan and executing D1 of its steps, 
for an expenditure to date of (P* BDo+E* 01). It must 
now recover before proceeding. Since the first error re- 
covery mechanism under consideration is SCRATCH, 
the planner must replan from Se to G. What is the 
distance between these two states? The worst case, 
of course, occurs when the error threw the system E 
steps backwards (i.e., towards SO), making the &-to-G 
distance (D2 + 6). The best case, on the other hand, 
arises when the spontaneous change worked towards 
6, reducing the distance to (D2 - E). Since the pur- 
pose of this analysis is to show the superiority of LO- 
CAL to SCRATCH, the deck will be stacked against 
the favorite; spontaneous moves towards the goal save 
time for SCRATCH, but cause redundancies in LO- 
CAL, and will thus be assumed. Given this scenario, 
then, SCRATCH’s replan will cost (P * BD2-‘) and its 
completion of the execution will cost (E * (D2 - E)). 
Thus, the total cost of planning, starting execution, 
noting an error, replanning from scratch, and complet- 
ing execution, is: 

C[SCRATCH] = PBDo + ED1 + PBDa-‘+ E(Dz -c) 

= A + PBD2-’ - EE (2) 
Unlike SCRATCH, LOCAL’s replanning cost is in- 

sensitive to the direction in which Se lies; it always 
replans and executes through &, even at the expense 
of redundant operators. Thus, under any set of circum- 
stances LOCAL’s replan costs (P * BE) and its comple- 
tion of the execution costs (E * (D2 + E)), or: 

C[LOCAL] = PBDo + ED1 + PB’ + E(D2 + E) 
= A+PB’+Ec (3) 

LOCAL is preferable to SCRATCH, then, whenever it 
is the lower-cost option, or whenever C[LOCAL] < 
C[SCRATCH]. Equations 2 and 3 thus combine to 
recommend LOCAL over SCRATCH whenever: 

PB’+ Ec < PBDa-” -EC 3 

2Ec < P(BDa-’ - BE) (4) 
It it not too difficult to see that even under the realis- 
tic assumption that execution is much more expensive 
than planning, (E > P), SCRATCH is only preferable 
to LOCAL if either D2 is quite small, e is quite large, 
or both. In all other (i.e., nearly all) instances, LO- 
CAL is the better replanning strategy. Heuristic infor- 
mation, of course, could improve the efficiency of both 
strategies, as well as avoid some of the redundancies 
inherent in LOCAL’s approach. Nevertheless, heuris- 
tics equally applicable to both approaches should not 
affect their relative strength; LOCAL should emerge as 
general-case superior. 

Sensory Coordination 
Given the preference for LOCAL over SCRATCH im- 
plied above, the next question is what to do about error 
detection. When should a sensory request be granted 
(and downloaded to the sensors), and when should it be 
denied (and the belief acted upon as if true)? Before 
answering, a few more bits of notation are required. 
Let S refer to the cost of a single sensory operation, 
(In general, it is probably safe to assume P < S < E). 
Verification of a belief requires only one operation, so 
granting a sensory request that verifies the system’s be- 
liefs incurs a total cost of S. Determining the system’s 
precise state when . it discovers that it is not where it 
thought it was is much harder. Sensing to find Se from 
&, , in fact, requires the same brute-force approach as 
did planning between them, for a cost of (S * BE). 

The frequency with which sensory operations are re- 
ally needed, in -turn, depends on the probability with 
which spontaneous changes occur. (In a realistic set- 
ting, this probability must be assessed from equipment 
and domain experts). Let p represent the probabil- 
ity with which a single unit of time will pass without 
a spontaneous change occurring. Let t represent the 
length of time needed to execute D1 moves. Assume 
that at most one spontaneous change will occur during 
this time period, and that it is equally likely to occur 
during any given unit of time. Then the probability 
with which no change occurred while the first D1 oper- 
ators were being applied is pt , and the probability with 
which a change did occur is (1 - pt). 

Next, consider the consequences of denying a sensory 
request when one is needed. If the request should have 
been granted, the system must already be E away from 
where it thought it was. By failing to grant the request, 
the system continues to apply operators and drifts even 
further off course. By the time that a later sensory 
request is granted, then, the system has drifted an ad- 
ditional S steps away, to Sd; it must now retrace the 
(6 + c) steps (in th e worst case) back to & before the 
original plan may be resumed. 

A sensory request should be granted whenever the 
expected cost of granting it, (EC[G]), is less than the 
expected cost of denying it, (EC[D]). In order to cal- 
culate these expected costs, four different cases must 
be considered: (i) an unnecessary request was denied 
(DU), (ii) a necessary request was denied (DN), (iii) 
an unnecessary request was granted (GU), and (iv) a 
necessary request was granted (GN). 

One further summary of notation: 
Sd: state reached from Se 

request was rejected 
after a necessary 

6: distance between Se and Sd 
S: cost of a single sensory operation 
t: time needed to apply D1 operators 

of no spontaneous change in a single p: probability 
time unit 

sensory 
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(1 - p): probability of a spontaneous change occur- 
ring in a single time unit 

p”: probability of no spontaneous change in time t 
(1 - p”): probability that a spontaneous change will 

occur in time t 
EC: an expected cost function (expected value of C) 
G: decision to grant a sensory request 
D: decision to deny a sensory request 
N: instance in which a SENSE is needed 
U: instance in which no SENSE is needed 
First, consider DU. If no sensing was needed, no 

change occurred. If none was granted, no expense was 
incurred. Thus, DU describes the CSS ideal and hits 
the lower bound of cost: 

C[DU] = A (5) 

Second, consider DN. An error occurred and a sensory 
operation was needed, but the request was denied. The 
system executes another S operators and drifts further 
away. A later (granted) SENSE detects the error and 
uses LOCAL to correct it. The cost for DN, then, is: 

C[DN] = 

PBDo + ED1 + ES + (S + P)B6+’ + E(Dz + S + c) 

= A + (S + P)B6+” + E(2S + E) (6) 
Third, consider GU. Planning and execution proceed 
as in the ideal; the only added expense is the single 
sensory operation used to verify some belief. Thus, 

C[GU]=A+S (7) 
Fourth, consider GN. Some change occurred, but it was 
detected by a (granted) SENSE and corrected by LO- 
CAL. Thus, DN’s cost is given by: 

C[GN] = PB’)” + ED1 + SB” + PB’ + E(D2 + c) 

=h+(S+P)B’+Ec (8) 
The cost functions of equations 5, 6, 7, and 8, can now 
be combined to calculate EC[G] and EC[D]. In both 
cases, expected cost is determined by considering the 
probability with which a request was needed, (I - pt), 
vs. the probability with which it was unnecessary, (pt), 
and the costs incurred with or without that need. Thus: 

EC[D] = (1 - pt)C[DN] + p%[DU] 

= (1 - p’)(A + (S + P)B6+’ + E(2S + E)) + Apt 

= A + (1 - pt)((S + P)B6+’ + E(2S + c)) (9) 

EC[G] = (1 - pt)C[GN] + p%[GU] 

= (1 - p”)(A + (S + P)B’ + EE) + pt(A + S) 
= A + (1 - pt)((S + P)B’ + EE) + pt(S) (10) 

Equations 9 and 10, taken together, indicate whether a 
sensory request should be granted or denied. In general, 
a request should be granted when EC[q < EC[D], 
denied otherwise. 

EC[GJ < EC[D] * 

(1 - p*)((S + P)B’ + Et) + p*(S) < 

(1 - p’)((S + P)B6+’ + E(26 + c)) 

* P’(S) < 

(1 - p*)((S + P)B6+’ + E(26 -i- c))- 

(1 - pt)((S + P)B” + EC) 

* PW < 

(1 --pi)((S + P)(B6+’ - Be) + E(26)) e 

(S + P)(B6+’ - B’) + 2E6 
S (11) 

- or - 

(1 -P’) > S 

Pf (S + P)(Bb+’ - B’) + 2E6 (12) 

The left-hand sides of equations 11 and 12 represent 
the odds ofp’ and (1-pt), respectively, or the odds that 
a spontaneous change will occur during the application 
of the original plan’s first Di operators. Although odds 
are a fairly basic statistical concept, their mention often 
suggests the terminology of the casino. In a very real 
sense, the decision to grant or deny a sensory request 
is a gamble. An extremely conservative (or completely 
risk averse) player would grant every sensory request 
despite the cost; this strategy is quite expensive, but 
it does guarantee the immediate &detection of all devia- 
tions from the plan. An extremely liberal gambler (or 
a complete risk taker) would reject every request; cost 
is minimized, but the probability of successfully imple- 
menting the plan drops to pto, where to is the number 
of time units necessary to apply all DO operators. A ra- 
tional player balances these concerns; he or she accepts 
reasonable risks, rejects unreasonable ones. A rational 
skeptic (the layer of the [Zerroug and Abramson, 19901 
architecture charged with granting or denying sensory 
requests), must accept only reasonable risks when eval- 
uating the merit of a sensory request. 

Equation 12 defines reasonable risk. When the odds 
of a spontaneous occurrence surpass the threshold given 
by equation 12’s right hand side, the stakes are too great 
for the skeptic; the request is granted. When they are 
below the threshold, on the other hand, a gamble (in 
fact, a parlay) is advised; the request is denied. Even 
given this sage advice, however, skeptical planners, like 
most gamblers, can’t really win; the best that they can 
do is minimize their losses. The best (and lowest cost) 
case for the planner is DU, where it breaks even (noth- 
ing ventured, nothing lost). In all other cases, it loses- 
less in GU than in GN and less in GN than in DN-but 
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it loses all the same. The story, however, is not hope- 
less. This entire section has been devoted to a study of 
costs. The existence of benefits is a hidden but ubiqui- 
tous assumption. A truly rational (in the decision the- 
oretic sense) skeptical planner, then, attempts to solve 
all problems (i.e., find all paths from SO to G) whose ex- 
pected benefits outweigh its expected costs; the combi- 
nation of equation 12 and LOCAL offers an error detec- 
tion and correction strategy designed to reach 6 while 
minimizing expected costs. 

Frequency Analysis 
The formulas derived in the previous section cast the 
decision to grant or deny a sensory request as a gamble; 
odds were devised to make the gamble fair. There are, 
however, many other ways to express the same idea. 
Since one of the variables included in equations 11 and 
12, is length of time between senses, it should be pos- 
sible to solve for t. The frequency with which sensory 
requests should be granted, then, is given by: 

(s+P)(Bb+‘-Be)+2E6 

t < bp( 
S 

1 + [S+P)(Ba+c - Bc)+2E6 1 (13) 
S 

The frequency of SENSES is more than just an indica- 
tion of how often sensory equipment should be used; the 
entire purpose of a SENSE is to update the system’s in- 
ternal models. Thus, the suggested time lapse between 
SENSES also indicates the suggested lifetime of an in- 
ternal model. Decisions based on models that have not 
been refreshed for longer than the advised time period 
are too risky to be made with comfort; insistence upon 
ACTing on old (i.e., past the expiration date) beliefs is 
a sign of irrationality. Equation 13, in turn, addresses 
the proper frequency of sensing. Experimentation with 
a few scenarios -assignments of values to S, P, E, 6, 
S, and B-can easily demonstrate the importance of 
strategically coordinated sensing. (Throughout the rest 
of this discussion, assume that time is discretized into 
seconds; all values oft should be read as the number of 
seconds between granted sensory requests). 

Scenario 1 The first scenario approximates the CSS 
ideal without actually achieving it. Equipment better 
than state-of-the-art makes planning, sensing, and act- 
ing equally inexpensive (P = S = E), and spontaneous 
changes never move the system more than one state 
away from where it should be (E = S = 1). The PSS is 
quite simple-there are, on the average, only three op- 
tions open to the system at any given moment (B = 3). 
An almost perfectly controlled environment results in 
less than one spontaneous occurrence per day (86,400 
seconds). Thus, (1 - p) = l/86400 w 1.16 * 10e5, and 
p may be set to 0.99999. Plugging these numbers into 
right hand side of equation 11 yields: 
(S + P)(Bd+' - BE) + 2ES 

S 
= (2P)(32 - 3) + 2P = 14 

P 
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p-$) < 14 ==+ pt < 14/15 e (.99999)t < .933333 

* t NN 6900 
In words, then, even a planning/acting system that in- 
teracts with a near-ideal environment needs to SENSE 
its surroundings occasionally. In this scenario, sensory 
requests should be granted about every 6900 seconds, 
or slightly more often than once every two hours. 

Scenario 2 Most of the assumptions of scenario 1 still 
hold. The only change comes in the behavior of nature. 
Rather than occurring about once a day, spontaneous 
changes happen about once an hour (3600 seconds). 
Thus, (1 -p) = l/3600 m 2.78 * 10m4, and p may be set 
to 0.9997. This change to p means that: 

(.9997)t < .933333 a t R 230 

Once-an-hour occurrences, then, recommend 
a sensory request about every four minutes. 

granting 

Scenario 3 Nature is as well-behaved as it was in 
scenario 1, but the entire domain is much more complex. 
Thus, although p can be set once more to 0.99999, the 
system finds itself faced with many available options 
(say B = lo), and spontaneous changes that shift it 
two moves away from its believed state (E = S = 2). 
Nor is the equipment as advanced as it was in scenarios 
1, 2, and 3; sensing is ten times as costly as planning, 
and acting twice as expensive as sensing (S = lOP, 
E = 2s = 20P). Given these values, equation 11 yields: 

(S + P)(B"+" - B") + 2ES 
S 

= (llP)(lO” - 102) + 8OP = 1o898 
1OP 

< 10898 q pt < 10898/10899 

==% (.99999)t < .99991 * t = 10 
Even an almost perfectly cooperative nature, then, can 
not save a planning/execution system from having to 
sense this environment fairly regularly. Despite the rar- 
ity of spontaneous change, the number of things that 
could go wrong (recall B = 10) and the cost of error 
recovery combine to dictate a SENSE about once every 
ten seconds. 

Scenario 4 The assumptions of scenario 3 remain, 
but spontaneous changes happen about once an hour 
(3600 seconds), as in scenario 2. Thus, 

(.9997y < .99991 * t < 1 

Once-an-hour occurrences in an even marginally com- 
plicated domain, then, argue in favor of almost contin- 
uous sensing. 



Discussion 

The scenarios discussed above illustrate, in a rather for- 
mal manner, why classical planners failed. It is dif- 
ficult to imagine a more idyllic setting than the one 
described in scenario 1 (other than, perhaps, pure sim- 
ulation mode). Even there, however, sensory requests 
should have been granted every two hours; as nature 
became less cooperative (scenario 2), the recommended 
time lapse between granted requests declined. The set- 
ting described in scenario 3 was more complex, but not 
particularly so; even a wonderfully cooperative nature 
needed to be investigated frequently. Scenario 4 man- 
dated near-continuous sensing. The impact of the vari- 
ous parameters on sensory coordination gives some in- 
dication to the propriety of various types of planning 
paradigms in different environments. A classical CSS- 
based planner will never work (for very long) outside 
of simulation; it needs the ability to detect and correct 
errors. (This observation is not subtle. The scenar- 
ios simply formalize an intuition that has long been 
widely held). A Telerobot-type decision to grant all 
sensory requests [Doyle et al., 19861 probably repre- 
sents overkill in a controlled environment, such as an 
assembly plant or a laboratory. In an ill-understood 
and uncontrolled setting such as outer space (for which 
the Telerobot was designed), the decision appears well 
founded. Skeptical architectures [Zerroug and Abram- 
son, 19901 suggest a framework for the cost-effective 
use of sensory equipment in a (partially) controlled en- 
vironment. Their coordination scheme appears to hold 
substantially less promise for applications that involve 
exploration or navigation. 

Equations 11, 12, and 13 relate the probability of 
a spontaneous occurrence to (i) the costs of sensing, 
planning, and executing (S, P, E), (ii) the parameter of 
the PSS (B), and (iii) the severity of difficulties engen- 
dered by nature (S, E). In so doing, they address two 
key points. First, the intricate interrelationship among 
the equipment, the search space, and nature-related pa- 
rameters stresses the importance of careful modeling to 
the success of any integrated system. Second, the anal- 
ysis included many simplifying assumptions. Most of 
them, however, did nothing more than ease the math- 
ematics. The introduction of an heuristic search into 
the planner, for example, would change very little; it 
would simply replace all terms that were exponential in 
B with a different (smaller) function, f(B). This pa- 
per’s specific results were, of course, highly dependent 
on its assumptions. Although different architectures, 
environments, and sets of assumptions would undoubt- 
edly have yielded different formulas, their general qual- 
itative implications should remain. Proponents of other 
approaches to dynamic planning, then, should use this 
paper’s analysis as a guide to analyses of their own sys- 
tems and the environments that they encounter. 
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