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(57) ABSTRACT 

A method of allocating resources in the presence of uncer 
tainty is presented. The method builds upon deterministic 
methods and initially creates and optimizes scenarios. The 
invention employs clustering, line-searching, statistical sam 
pling, and unbiased approximation for optimization. Clus 
tering is used to divide the allocation problem into simpler 
sub-problems, for Which determining optimal allocations is 
simpler and faster. Optimal allocations for sub-problems are 
used to de?ne spaces for line-searches; line-searches are 
used for optimizing allocations over ever larger sub-prob 
lems. Sampling is used to develop Guiding Beacon Sce 
narios that are used for generating and evaluating alloca 
tions. Optimization is made considering both constraints, 
and positive and negative rami?cations of constraint viola 
tions. Applications for capacity planning, organizational 
resource allocation, and ?nancial optimization are pre 
sented. 
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Fig. 5 Fig. 8A 
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class WNode 1 public- - - class WWMatrix : public. . . 

i { 
pGBS; ww[] [nStage] ; 
pWScenario; - ; 

xAllocRndCntn; voa; 
nodeProbability; } ; 
voa; 
nextWNodeCntn; 
} ; 

Egg. 6 131g.v 8B 
class WScenario : public... c1515? AAMatriX : public" ' ' 

iJwMat'riX; aa [] [nStage+1] ; 
pWNode[nStage+1] ; h; . 
nativeProbability; ‘79a’ 
nativeXAlloc; } ' 
NativeOptimizerU; 
} ; 

Fig. 7 
class XAlloc : public. . . 

a1 [1 ; 
feasible; 

voa; 
operator=( XAlloc& s); 
operator==(XAlloc& r); 
operator!=(XAlloc& r); 
} ; 
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Fig. 9 
EvaluateXAllocAgainstWScenario (xAlloc, wScenario) 

{ , 

AAMatrix aaMatrix; 
copy xAlloc.a1 to aaMatrix.aa[] [1] ; 

for (iFlexStage=2;iFlexStage<=nStage; iFlexStage++) 
{ 
DeterministicOptimizer (iFlexStage, aaMatrix, 

wScenario.pWNode [iFlexStage] —>pGBS->wwMatrix) ; 
} 

xAlloc.voa = aaMatrix.voa; 
} . 

Fig. 10 
DeterministicOptimizer (iFlexStage, aaMatrix, wwMatrix) 

{ 
Assuming that the allocations in aaMatrix for 
stages prior to stage iFlexStage are fixed, and 
that the scenario specified in wwMatrix occurs 
with certainty: 

{ 
Apply prior-art techniques to optimize 
allocations for stages iFlexStage to 
nStage. 
} 

Transfer allocations for stage iFlexStage to 
aaMatrix.aa[] [iFlexStage] . Transfer 
allocations for stages beyond iFlexStage 'to 
corresponding columns in aaMatrix.aa.‘ 

ValueAllocation (aaMatrix, wwMatriX) ; 

Flg. 11 
ValueAllocation (aaMatrix, wwMatrix) 

{ 
Assess wwMatrix together with aaMatrix. 
Determine an assessed value indicative 
of the desirably of having wwMatrix and 
aaMatrix occur together, as opposed to 
any other pair occurring. 

Set wwMatrix. voa = assessed value; 
Set aaMatrix.voa = assessed value; 
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Fig. 12 
class ZCluster : public. . . 

{ 
wScenarioCntn; 
xAllocBestCntn; 
xAllocOpt; 

XAllocEvaluator(xAlloc, OKadd); 
ConsiderAppendBestXAlloc(xAllocAdd, xAllocDel); 

Improver.(); 
SimpleParabolaSearch(); 
InnerCompressSearch(); 
OuterCompressSearch(); 
GenxAlloch(h); 
xAllocHurdle; 
waslmproved; 
xAllocO; 
xAllocOoff; 
xAllocl; 
xAlloch; 
xAllocBnd; 
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METHODS APPARATUS FOR ALLOCATING 
RESOURCES IN THE PRESENCE OF 

UNCERTAINTY 

CROSS REFERENCE TO RELATED 
APPLICATIONS 

[0001] The present application is a continuation of provi 
sional patent application No. 60/116,785 ?led on Jan. 21, 
1999. 

BACKGROUND TECHNICAL FIELD 

[0002] This invention relates to methods and systems for 
allocating resources in an uncertain environment. 

[0003] This application is a continuation of Provisional 
Patent Application No. 60/116,785 submitted Jan. 21, 1999. 
By reference the following documents, submitted to the 
Sunnyvale Center for Innovation, Invention and Ideas 
(SCI3) under the US Patent and Trademark Office’s Docu 
ment Disclosure Program, are hereby included: 

Title Number Date 

Method of Allocating Resources in a Stochastic $00463 Jul. 9, 1997 
Environment 
Method of Allocating Resources in a Stochastic $00730 Mar. 16, 1998 
Environment — Further Considerations 

Method of Allocating Resources in a Stochastic $00743 Apr. 10, 1998 
Environment — Further Considerations II 

Method of Allocating Resources in a Stochastic $00764 May. 11, 1998 
Environment - Further Considerations III 

Method of Allocating Resources in a Stochastic $00814 Jul. 24, 1998 
Environment — Further Considerations IV 

Methods and Apparatus for Allocating 
Resources in an Uncertain Environment — 

PPA Draft I 
Methods and Apparatus for Allocating 
Resources in an Uncertain Environment — 

PPA Draft II 
Methods and Apparatus for Allocating 
Resources in an Uncertain Environment — 

PPA Draft III 

$00901 Dec. 14, 1998 

500905 Dec. 18, 1998 

500914 Jan. 6, 1999 

[0004] Copending patent application Ser. No. 09/070,130, 
?led on Apr. 29, 1998, is incorporated herein, Which appli 
cation discloses several standard methods for allocating 
resources. 

BACKGROUND OF PRIOR ART 

[0005] Almost all organiZations and individuals are con 
stantly allocating material, ?nancial, and human resources. 
Clearly, hoW best to allocate such resources is of prime 
importance. 
[0006] Innumerable methods have been developed to allo 
cate resources, but they usually ignore uncertainty: uncer 
tainty as to Whether the resources Will be available; uncer 
tainty as to Whether the resources Will accomplish What is 
expected; uncertainty as to Whether the intended ends prove 
WorthWhile. Arguably, as the increasingly competitive 
World-market develops, as technological advancements con 
tinue, and as civiliZation becomes ever more complex, 
uncertainty becomes increasingly the most important con 
sideration for all resource allocations. 

[0007] KnoWn objective methods for allocating resources 
in the face of uncertainty can be classi?ed as Detailed 
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calculation, stochastic programming, scenario analysis, and 
Financial-calculus. (The terms “Detailed-calculation”, 
“Financial-calculus”, “Simple-scenario analysis”, and 
“Convergent-scenario analysis” are being coined here to 
help categoriZe prior-art.) (These knoWn objective methods 
for allocating resources are almost alWays implemented With 
the assistance of a computer.) 

[0008] In Detailed-calculation, probabilistic results of dif 
ferent resource allocations are determined, and then an 
overall best allocation is selected. The ?rst historic instance 
of Detailed-calculation, Which led to the development of 
probability theory, Was the determination of gambling-bet 
payoffs to identify the best bets. A modern example of 
Detailed-calculation is US. Pat. No. 5,262,956, issued to 
DeIJeeuW and assigned to Inovec, Inc., Where yields for 
different timber cuts are probabilistically calculated, and the 
cut With the best probabilistic value is selected. The problem 
With DeLeeuW’s method, and this is a frequent problem With 
all Detailed-calculation, is its requirement to enumerate and 
evaluate a list of possible resource allocations. Frequently, 
because of the enormous number of possibilities, such 
enumeration and valuation is practically impossible. 

[0009] Sometimes to allocate resources using Detailed 
calculation, a computer simulation is used to evaluate: 

[0010] Where vector xdc is a resource allocation plan, the 
function fdc evaluates the allocation in the presence of 
random, probabilistic, and stochastic events or effects, and E 
is the mathematical expectation operator. With such simu 
lation capabilities, alternative resource allocations can be 
evaluated and, of those evaluated, the best identi?ed. 
Though there are methods to optimiZe the function, such 
methods often require signi?cant amounts of computer time 
and hence are frequently impractical. (See Michael C. Fu’s 
article “Optimization via Simulation: A RevieW,”Annals of 
Operations Research Vol. 53 (1994), p. 199-247 and Georg 
Ch. P?ug’s book Optimization of Stochastic Models: The 
Interface between Simulation and Optimization, KluWer 
Academic Publishers, Boston, 1996.) (Generally knoWn 
approximation solution techniques for optimiZing equation 
1.0 include genetic algorithms and response surface meth 
ods.) 
[0011] A further problem With Detailed-calculation is the 
dif?culty of handling multiple-stage allocations. In such 
situations, allocations are made in stages and betWeen 
stages, random variables are realiZed (become manifest or 
assume de?nitive values). A standard solution approach to 
such multiple-stage Detailed-calculation resource alloca 
tions is dynamic programming Where, beginning With the 
last stage, Detailed-calculation is used to contingently opti 
miZe last-stage allocations; these contingent last-stage allo 
cations are then used by Detailed-calculation to contingently 
optimiZe the next-to-the-last-stage allocations, and so forth. 
Because dynamic programming builds upon Detailed-cal 
culation, the problems of Detailed-calculation are exacer 
bated. Further, dynamic programming is frequently difficult 
to apply. 

[0012] Stochastic programming is the specialty in opera 
tions research/management science (OR/MS) that focuses 
on extending deterministic optimiZation techniques (e.g., 
linear programming, non-linear programming, etc.) to con 
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sider uncertainty. The general solution approach is to con 
struct and solve an optimization model that incorporates all 
the possibilities of What could happen. Unless the resulting 
optimiZation model is a linear programming model, the 
usual problem With such an approach is that the resulting 
optimiZation problem is too big to be solved; and aside from 
siZe considerations, is frequently unsolvable by knoWn 
solution means. Creating a linear programming model, on 
the other hand, frequently requires accepting serious distor 
tions and simpli?cations. Usually, using more than tWo 
stages in a stochastic programming problem is impractical, 
because the above-mentioned computational problems are 
seriously aggravated. Assumptions, simpli?cations, and 
multi-processor-computer techniques used in special sto 
chastic programming situations fail to serve as a general 
stochastic-programming solution method. 

[0013] In Simple-scenario analysis, future possible sce 
narios are created. The allocations for each are optimiZed, 
and then, based upon scenario probabilities, a Weighted 
average allocation is determined. Sometimes the scenarios 
and allocations are analyZed and, as a consequence, the 
Weights adjusted. The fundamental problem With this 
method is that it does not consider hoW the resulting 
allocation performs against the scenarios, nor does it make 
any genuine attempt to develop an allocation that, overall, 
performs best against all individual scenarios. Related to this 
fundamental problem is the assumption that optimality 
occurs at a point central to individual scenario optimiZa 
tions; in other Words, that it is necessarily desirable to hedge 
allocations. Such hedging could, for example, lead to sub 
optimality When, and if, the PRPA uses Simple-scenario 
analysis for allocating resources: because of economies of 
scale, it could be preferable to allocate large resource 
quantities to only a feW uses, rather than allocate small 
quantities to many uses. Another practical example concerns 
allocating military Warheads, Where hedging can be counter 
productive. 

[0014] Also related to the fundamental problem of sce 
nario analysis is its inability to accommodate utility func 
tions in general, and von Neumann-Morgenstern (VNM) 
utility functions in particular. Arguably, according to eco 
nomic theory, utility functions should be used for all allo 
cations When uncertainty is present. Loosely, a utility func 
tion maps outcomes to “happiness.” The VNM utility 
function, in particular, maps Wealth (measured in monetary 
units) to utility, has a positive ?rst derivative, and, usually, 
has a negative second derivative. By maximiZing math 
ematically-expected VNM utility, rather than monetary 
units, preferences concerning risk are explicitly considered. 

[0015] (A classic example of Simple-scenario analysis 
theory is Roger J-B. Wets’ thesis, “The Aggregation Prin 
ciple in Scenario Analysis and Stochastic Optimization,” in: 
Algorithms and Model Formulations in Mathematical Pro 
gramming, S. W. Wallace (ed.), Springer-Verlag, Berlin, 
1989, p. 91-113.) 

[0016] Simple-scenario analysis has been extended to 
What might be called Convergent-scenario analysis, Which 
starts Where Simple-scenario analysis ends. Using a 
Weighted-average allocation, individual scenarios are re 
optimiZed With their objective functions including penalties 
(or costs) for deviating from the average allocation. After 
Wards, a neW Weighted-average allocation is determined, the 
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penalties made more severe, and the process is repeated until 
the individual scenarios’ optimiZations converge to yield the 
same allocation. The de?ciencies of Simple-scenario analy 
sis as previously described remain, though they are some 
What mitigated by the mechanism that coordinates indi 
vidual-scenario optimiZations. The mechanism, hoWever, is 
contingent upon arbitrary parameter values, and hence the 
mechanism itself arbitrarily forces convergence. Further, 
such forced convergence is done Without regard to Whether 
the current allocation actually improves. Further still, the 
convergent mechanism tends to overly Weigh scenarios that 
are highly sensitive to small allocation changes, even though 
it could be desirable to ignore such scenarios. Incorporating 
penalties for deviating from the average allocation can be 
cumbersome, if not impossible, and can result in signi? 
cantly complicating and protracting the solution procedure. 

[0017] The Progressive Hedging Algorithm is the most 
famous of the Convergent-scenario analysis techniques and 
is described in R. T Rockafellar and Roger J .-B. Wets, 
“Scenarios and Policy Aggregation in OptimiZation Under 
Uncertainty”Mathematics of Operations Research Vol. 16 
(1991), No. 1, p. 119-147. Other Convergent-scenario analy 
sis techniques are described in John M. Mulvey and AndrZej 
RusZcZynski, “A NeW Scenario Decomposition Method for 
Large-Scale Stochastic OptimiZation,”Operations Research 
43 (1995), No. 3, p. 477-490, and some of the other prior-art 
references. 

[0018] US. Pat. No. 5,148,365 issued to Dembo is another 
scenario-analysis method. Here, as With Simple-scenario 
analysis, future possible scenarios are created and the allo 
cations for each are optimiZed. AfterWards, the scenario 
allocations and parameters, possibly together With other data 
and constraints, are combined into a single optimiZation 
problem, Which is solved to obtain a ?nal allocation. Though 
this method mitigates some of the problems With Simple 
scenario analysis, the problems still remain. Most impor 
tantly, it does not fully consider hoW the resulting allocation 
performs against all individual scenarios. This, coupled With 
the disparity betWeen objective functions used for optimi 
Zation and actual objectives, results in allocations that are 
only fair, rather than nearly or truly optimal. Because this 
method sometimes uses a mechanism similar to the conver 

gent mechanism of Convergent-scenario analysis, the pre 
viously discussed convergent mechanism problems can also 
occur here. 

[0019] As a generaliZation, all types of stochastic pro 
gramming (and scenario analysis is a form of stochastic 
programming) can have the folloWing serious de?ciencies 
When allocating resources. First, penalties can introduce 
distortions. Second, the process of forming tractable models 
can introduce other distortions. Third, existing techniques 
are frequently unable to handle discrete quantities. Fourth, 
constraints are not fully considered, With the result that 
constraints are violated With unknoWn rami?cations, and, 
conversely, other constraints are overly respected. Fifth, 
existing techniques usually presume a single local optimum, 
though multiple local optimums can be particularly prob 
able. Sixth, existing techniques can require signi?cant com 
puter time to compute gradients and derivatives. Seventh, 
and perhaps most important, practitioners frequently do not 
use stochastic programming techniques, because shifting 
from deterministic techniques is too complex. 
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[0020] Theoretical ?nance, theoretical economics, ?nan 
cial engineering, and related disciplines share several meth 
ods for allocating and pricing resources in the presence of 
uncertainty. (Methods for valuing or pricing resources also 
allocate resources, since once a value or price is determined, 
it can be used for resource allocation internally Within an 
organiZation and used to decide Whether to buy or sell the 
resource on the open market.) These methods tend to use 
mathematical equations and calculus for optimiZation. A 
frequent problem, hoWever, is that once complicating factors 
are introduced, the solution techniques no longer Work, and 
either computer-simulation Detailed-calculation or stochas 
tic-programming methods, With their associated problems, 
are required. Afurther problem is that such methods, in order 
to be mathematically tractable, frequently ignore VNM 
utility functions and Work With unrealistically, in?nitesi 
mally small quantities and values. 

[0021] In conclusion, though innumerable methods have 
been developed to determine hoW to allocate resources, they 
frequently are unable to cope With uncertainty. Attempts to 
include uncertainty frequently result in models that are too 
big to be solved, unsolvable using knoWn techniques, or 
inaccurate. As a consequence, resource allocations of both 
organiZations and individuals are not as good as they could 
be. It is therefore a fundamental object of the present 
invention to obviate or mitigate the above-mentioned de? 
ciencies. 

SUMMARY OF THE INVENTION 

[0022] Accordingly, besides the objects and advantages of 
the present invention described elseWhere herein, several 
objects and advantages of the invention are to optimally, or 
near optimally, allocate resources in the presence of uncer 
tainty. Speci?cally, by appropriately: 

[0023] 1. considering hoW the resulting allocation 
performs against possible scenarios 

[0024] 2. utiliZing von Neumann-Morgenstern or 
other utility functions 

[0025] 3. hedging and not hedging 

[0026] 4. handling uncertain constraints 

[0027] 5. handling discrete-quantity requirements 

[0028] 6. considering multiple local optimums 

[0029] 7. using and capitaliZing on knoWn methods 
for allocating resources that ignore, or do not eXplic 
itly consider, uncertainty 

[0030] 8. using multiple processors. 

[0031] Additional objects and advantages Will become 
apparent from a consideration of the ensuing description and 
draWings. 
[0032] The basis for achieving these objects and advan 
tages, Which Will be rigorously de?ned hereinafter, is 
accomplished by programming a computer as disclosed 
herein, inputting the required data, eXecuting the computer 
program, and then implementing the resulting allocation. 
The programming steps are shoWn in the ?oWchart of FIG. 

[0033] Step 101 entails generating scenarios and optimiZ 
ing scenario allocations. In Step 103, the optimiZed alloca 
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tions are grouped into clusters. In Step 105, ?rst-stage 
allocations are randomly assigned to scenario nodes and, by 
using an evaluation and exploration technique to be 
described, Guiding Beacon Scenarios (GBSs) are generated. 
Step 107 entails using the GBSs and identifying the alloca 
tions Within each cluster that perform best against the 
scenarios Within the cluster. In Step 109, allocations that 
perform better against the scenarios Within each cluster are 
created, typically by considering tWo of the better alloca 
tions, and then using line-search techniques. If there is more 
than one cluster, then in Step 113 the clusters are merged into 
larger clusters and processing returns to Step 109. Once only 
a single cluster remains and Step 109 is complete, the best 
allocation thus far obtained is taken as the ?nal optimal 
allocation and is implemented in Step 115. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0034] The invention Will be more readily understood With 
reference to the accompanying draWings, Wherein: 

[0035] FIG. 1 shoWs a high-level ?oWchart; 

[0036] FIG. 2 demonstrates optimiZed-scenario-alloca 
tion and cluster usage; 

[0037] FIGS. 3A, 3B, and 3C demonstrate the three 
line-search techniques; 

[0038] FIG. 4A shoWs an elementary scenario-tree; 
FIGS. 4A and 4B combined shoW the scenario-tree used by 
the present invention; 

[0039] FIG. 5 is a skeletal de?nition of the WNode class; 

[0040] FIG. 6 is a skeletal de?nition of the WScenario 
class; 
[0041] FIG. 7 is a skeletal de?nition of the XAlloc class; 

[0042] FIGS. 8A and 8B are skeletal de?nitions of the 
WWMatriX and AAMatriX classes; 

[0043] FIG. 9 is a skeletal de?nition of the EvaluateXAl 
locAgainstWScenario function; 
[0044] FIG. 10 is a skeletal de?nition of the Determinis 
ticOptimiZer function; 

[0045] FIG. 11 is a skeletal de?nition of the ValueAllo 
cation function; 

[0046] FIG. 12 is a skeletal de?nition of the ZCluster 
class; and 

[0047] FIGS. 13A and 13B shoW special von Neumann 
Morgenstern utility functions. 

DETAILED DESCRIPTION OF THE 
INVENTION 

“Theory of the Invention” 

[0048] Philosophy 
[0049] The folloWing philosophical assumptions are 
made: 

[0050] 1. All resource allocations should fundamen 
tally attempt to directly or indirectly optimiZe one of 
three things: monetary gain, monetary loss, or What 
economists term “utility.” 
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[0051] 2. There is no such thing as a constraint 
violation; for fundamentally any constraint can be 
violated, though With consequences. These conse 
quences can be quanti?ed and expressed in the terms 
of the range of the objective function, provided that 
the objective function is cast as a fundamental type. 

[0052] 3. The more a constraint is violated, the larger 
the adverse impact on the fundamental objective 
being optimiZed. 

[0053] 4. The adverse effect of a constraint violation 
is alWays less than in?nity. 

[0054] 5. Both objective and subjective probabilities 
are useful as imperfect estimates of What could 
happen. 

[0055] 6. Almost every decision is a resource alloca 
tion, because almost every decision directly or indi 
rectly leads to a resource allocation. 

[0056] 7. Every resource allocation (and decision) 
Would be easier and simpler if there Was no uncer 
tainty. 

[0057] As an example of the ?rst four items, a business 
might have a resource allocation plan that optimiZes pro?ts 
(monetary gain), and among other things ful?lls the require 
ment (constraint) that contractual obligations be met. HoW 
ever, it may happen that ful?lling the contractual obligations 
becomes impossible. At this point, though the constraint is 
violated, it is irrelevant. What is relevant is hoW best to 
handle the contractual obligations: re-negotiating, perform 
ing restitution, ful?lling some of the obligations, etc. What 
ever course is chosen, there folloWs an adverse impact on the 
business’ pro?ts. The more numerous and onerous the 
contractual obligations, the larger the adverse impact. HoW 
ever, this adverse impact is alWays less than in?nity. There 
are alWays degrees of catastrophe: it is better to be short 
10M resource units, rather than 20M; it is better to be 
insolvent by $30M, rather than $50M; etc. 

[0058] As an example of the ?fth item, an objective 
probability measurement might be obtained by statistical 
analysis of responses to a large survey, While a subjective 
value by a guess. Lacking better bases, both are usable and 
valuable. (Given a choice betWeen the tWo, hoWever, the 
objective estimate is usually preferable.) 

[0059] A consequence of the ?fth item is a diminishment 
of the usual distinction betWeen risk and uncertainty. In 
common-professional usage, risk suggests knoWn probabili 
ties, While uncertainty suggests unknoWn probabilities. 
Philosophically, hoWever, one alWays can determine a sub 
jective probability estimate. Hence, here no distinction is 
made betWeen risk and uncertainty; the tWo Words are used 
interchangeably. 

[0060] This philosophical section is presented here to 
facilitate a deeper and broader understanding of hoW the 
present invention can be used. HoWever, neither understand 
ing this section nor agreeing With it are required for imple 
menting or using this invention. Hence, this section should 
not be construed to bound or in any Way limit the present 
invention. 
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[0061] 
[0062] As is standard in stochastic programming, 
resources in this invention are allocated in one or more 

stages, and, betWeen stages, What Were previously uncertain 
values either become knoWn, or the uncertainty of their 
eventual values reduced. Allocations made in one stage 
affect What can be accomplished in subsequent stages. 
Mathematically, the general stochastic resource allocation 
model addressed here is: 

“Mathematical Framework” 

[:each scenario 

[0063] Where, 
[0064] WSi is a matrix containing all the random 

variable realiZations for scenario i 

[0065] 
[0066] f is a function that evaluates ?rst-stage allo 

cations a1 against scenario i 

a1 is a vector containing ?rst-stage allocations 

[0067] pi is the probability of scenario i 

[0068] Implicit Within function f is the generation of a2, 
a3, . . . allocations for the second, third, and so-forth stages. 
Also implicit is an evaluation of such allocations. (Obvi 
ously, the maximiZing orientation used here could have just 
as easily have been reversed.) 

[0069] The focus here is on determining the optimal vector 
a1, since those allocations are most immediately relevant, 
are initially implemented, and are implemented prior to any 
additional information becoming available. 

[0070] Several strategies are used in tandem to cope With 
the inherent NP-hardness of stochastic programming: clus 
tering, line-searching, statistical sampling, and unbiased 
approximation. Clustering is used to divide the allocation 
problem into simpler sub-problems, for Which determining 
optimal allocations is computationally simpler and faster. 
Optimal allocations for sub-problems are used to de?ne 
spaces for line-searches; line-searches are used for optimiZ 
ing allocations over ever larger sub-problems. Sampling is 
used to develop schemes used to generate and evaluate 
allocations, especially for generating, and in turn using, 
GBSs. 

[0071] FIGS. 2, 3, and 4A demonstrate some basic con 
cepts that Were developed as part of this invention: FIG. 2 
shoWs hoW individual-scenario optimiZations can serve as 
good starting points for ?nding an overall optimal allocation 
and hoW clustering can facilitate optimiZation; FIG. 3 shoWs 
the operation of special line-searching techniques to ?nd 
better allocations; and FIG. 4A shoWs hoW GBSs are 
generated and used to evaluate a1 allocations. 

[0072] FIG. 2 depicts a hypothetical example With four 
scenarios. The a1 allocations are shoWn collapsed into a 
single dimension on the horiZontal axis; the vertical axis 
shoWs function f and Z values. Curves 201, 202, 203, and 
204 shoW f values as a function of a1 for the ?rst, second, 
third, and fourth scenarios respectively. The optimal a1 
values for the four scenarios are points 211, 212, 213, and 
214. Given the four optimal points, they are clustered: points 
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211 and 212 into a cluster 221; points 213 and 214 into a 
cluster 231. (The clusters include the scenarios themselves.) 
The value of Z across both the ?rst and second scenarios is 
shoWn by curve 231; stated differently, curve 231 shoWs the 
probabilistically-Weighted average value of curves 201 and 
202. The value of Z across the third and fourth scenarios by 
is shoWn by curve 241. For both clusters, the optimal 
individual-scenario allocations are good starting points for 
?nding the optimal cluster allocations. Line-search tech 
niques, to be explained shortly, are used to locate a point 232 
as the optimal allocation for cluster 221. For cluster 231, 
hoWever, the third scenario’s optimal allocation (point 213) 
is the best cluster allocation. NoW, the iteration repeats: the 
tWo cluster allocations points 232 and 213 are clustered into 
a larger ?nal cluster. The value of Z across the four scenarios 
is shoWn by curve 251, and as analogous to using optimiZed 
scenario allocations, the optimal allocations for the indi 
vidual clusters serve as starting points for ?nding the overall 
optimal allocation, point 261. 

[0073] FIGS. 3A, 3B, and 3C shoW the operation of the 
three line-search techniques, each of Which approximates 
function Z With parabolas. The three techniques build upon 
one another. As before, the a1 allocations are shoWn col 
lapsed into a single dimension on the horiZontal axis; the 
vertical axis shoWs function Z values. Points 300 and 301 
correspond to tWo allocations and de?ne the line in the 
allocation space that is searched. (An allocation is a point in 
the allocation space, and for the moment the Words “allo 
cation” and “point” are used synonymously When they apply 
to the allocation space represented by the horiZontal axis.) 
These tWo allocations have Z values as indicated by points 
310 and 311 respectively. A parameter h, Which can range 
from negative to positive in?nity, governs the linear blend 
ing of allocations 300 and 301. In the ?rst technique, Simple 
Parabola Search (SPS), a point 302 is selected (See FIG. 
3A); the associated value Z, point 312, is determined; a 
parabola through points 310, 312, and 311 is determined 
(shoWn as parabola 391); and the optimum domain value of 
the parabola, point 303, is evaluated for possibly yielding a 
better Z value. 

[0074] FIG. 3B shoWs allocation 303 yielding a value 
indicated by a point 313, Which is inferior to point 310. In 
such a case, the second technique, Inner Compression 
Search (ICS), builds upon the failed SPS attempt. ICS 
hypothesiZes that the Z function is roughly like curve 392 
(shoWn passing through points 310, 314, 313, and 311), With 
a local optimum near point 310 and betWeen points 310 and 
313. Initially, ICS tests the hypothesis by determining 
Whether an allocation 304, near allocation 300, yields a Z 
value better than allocation 300. If so, the point 313 of the 
SPS and the points 310 and 314 are used to determine a 
parabola and the optimum domain value of the parabola, 
point 305, is evaluated for yielding a better Z value. If a 
better Z value is not obtained, then the process repeats: using 
points 310, 314, and the Z-value point for allocation 305, 
another parabola is determined, and so forth. 

[0075] If the hypothesis proves incorrect (i.e., allocation 
304 yields an inferior Z value indicated by a point 324 in 
FIG. 3C), then the third technique, Outer Compression 
Search (OCS), builds upon the failed ICS attempt. Because 
allocation 300 yields a higher Z value than allocation 304, 
OCS presumes that the Z function increases as h decreases 
from Zero. Such is exempli?ed by curve 393, Which passes 
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through points 310, 324, and 311. Initially, OCS experiments 
With increasingly negative h values until an inferior alloca 
tion is obtained; afterWards, it applies ICS. 

[0076] FIG. 4A shoWs an elementary scenario tree, and 
the generation and use of Guiding Beacon Scenarios 
(GBSs). GBSs are applicable When there are more than tWo 
stages. At node 411, the ?rst-stage allocations a1 are made; 
at nodes 421 and 422, second-stage allocations a2 are made; 
at nodes 431, 432, 433, and 434, third-stage allocations a3 
are made; and at nodes 441, 442, 443, 444, 445, 446, 447, 
and 448, fourth-stage allocations a4 are made. Here, end 
node identi?ers are also used to designate scenarios; it is 
uncertain Whether scenarios 441, 442, 443, 444, 445, 446, 
447, or 448, Will occur. (Vectors W1, W2, W3 assume different 
realiZations of random variables for the eight scenarios.) To 
evaluate a ?rst stage a1 allocation against, for example 
scenario 441, the ?rst step is to determine the second stage 
allocations a2. This is done by assuming both that a1 is ?xed, 
and that the GBS of node 421—either 441, 442, 443, or 
444—Will occur With certainty. Given those tWo assump 
tions, the allocations of a2, a3, and a4 are re-optimiZed. The 
second step folloWs the ?rst: Assuming that a1 and a2 are 
?xed, and that the GBS of node 431—either 441 or 442— 
Will occur With certainty, a3 and a4 are re-optimiZed. The 
?nal step is to re-optimiZe a4, holding a1, a2, and a3 ?xed, 
and assuming scenario 441 occurs With certainty. The value 
of this ?nal re-optimiZation is the value of the a1 allocation 
against scenario 441. 

[0077] To generate GBSs, initially optimiZed a1 alloca 
tions are randomly assigned to the second and third stage 
nodes. Then, starting With a third stage node, for example 
node 431, for each assigned a1 allocation, and for each 
subsequent node (441 and 442), What are here termed Span 
OptimiZations are performed: a2, a3, and a4 are re-optimiZed, 
holding a1 ?xed, and assuming the subsequent-node scenario 
occurs With certainty. AfterWards, for each Span OptimiZa 
tion, a4 is re-optimiZed holding a1, a2, and a3 ?xed, and 
assuming the other subsequent node(s) occur With certainty. 
Finally, the Span OptimiZation that performs best overall is 
identi?ed, and its scenario is selected as the GBS. (For 
example, to determine the GBS for node 431, a2, a3, and a4 
are re-optimiZed holding a1 ?xed, and assuming scenario 
441 occurs With certainty (Span OptimiZation); afterWards, 
a4 is re-optimiZed holding a1, a2, and a3 ?xed, and assuming 
scenario 442 occurs With certainty. If the Span OptimiZation 
using scenario 441 performs better against scenarios 441 and 
442 than the Span OptimiZation using scenario 442, then the 
GBS for node 431 is scenario 441.) The same is subse 
quently applied to the other third stage nodes. The GBSs for 
the second stage nodes are generated similarly, though the 
third-stage GBSs are assumed to occur With certainty. 

[0078] FIGS. 2, 3A, 3B, 3C, and 4A, and this mathemati 
cal approach section are here to facilitate understanding, and 
should not be construed to de?ne or bound the present 
invention. 

[0079] 
[0080] The basic embodiment of the present invention Will 
be discussed ?rst. AfterWards, the preferred embodiment, 
With its extensions of the basic embodiment, Will be pre 
sented. 

[0081] Here, an Object Oriented Programming (OOP) 
orientation is used. Pseudo-code syntax is loosely based on 

“Embodiments” 
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C++, includes expository text, and covers only the particu 
lars of this invention. Well-knoWn standard supporting func 
tionality is not discussed or shoWn. Class names begin With 
a special capital letter that helps distinguish a class from the 
concept represented by the class. Variable names for class 
instances begin With a loWer case letter and alWays include 
the class name. Data-types are usually implicit. Variables 
With suf?X “Cntn” are instances of a general pointer-con 
tainer class, Whose elements can be fetched in a loop 
mechanism or referenced using an “[]” operator. The 
sequence in Which objects are fetched from instances of the 
general pointer-container class is assumed to be constant; in 
order Words, assuming the instance contains the same point 
ers, then every loop mechanism Will alWays fetch the 
pointers in the same sequence, and similarly, the “[]” opera 
tor, With the same argument, Will also fetch the same pointer. 
Variable voa (value of allocation), Which is used in both 
classes and functions, contains the value of an optimiZed 
allocation or an aggregation of such values. Vectors and 
arrays start at element 0, Which is frequently not used, so that 
element 1 corresponds to stage 1. Indentation is used to 
indicate a body of code or a line continuation. All variables 
(including matriXes and vectors) are passed to functions by 
reference. From noW on, the term “optimize” (and cognates) 
may mean the application of formal mathematical tech 
niques that yield global or local optimiZations, but it also 
includes the application of any type of heuristic or rule 
based decision-making procedure that Would be eXpected to 
make or improve an allocation. 

[0082] FIGS. 4A and 4B joined together shoW the general 
scenario tree used here. There are nStage allocations stages, 
a1 through anstage, and anStage is equal to, or greater than, 
tWo. Allocations may or may not be needed for the last stage; 
hoWever, to facilitate eXposition, last stage allocations are 
presumed required and are alWays addressed. Though the 
?gure shoWs tWo nodes folloWing most nodes, any number 
of nodes can folloW all-but-the-last-stage nodes. Each last 
stage node has a pointer to a WScenario object, Which 
contains scenario particulars. The W vectors contain different 
realiZations of the random variables. 

[0083] FIG. 5 shoWs a skeletal de?nition of the WNode 
class. The ?rst element, pGBS, is a pointer to a WScenario 
object that serves as the GBS. This element is applicable for 
the second through the last-stage nodes. For last-stage 
nodes, pWScenario is applicable, and points to a WScenario 
object, Which de?nes a scenario. For the second through the 
neXt-to-the-last-stage nodes, XAllocRndCntn contains xAl 
loc objects, Which in turn contain a1 vectors, used for 
generating GBSs. Data member nodeProbability is the prob 
ability of reaching the node, given that the immediately 
preceding node has been reached. This class has a voa 
member. For all but the last-stage nodes, neXtWNodeCntn 
contains subsequent nodes. 

[0084] The skeletal de?nition of the WScenario class is 
shoWn in FIG. 6. The ?rst element, WWMatriX, is a WWMa 
triX object, Which is de?ned beloW and contains W vectors. 
The second element, pWNode, is a vector of pointers 
pointing to the WNodes that the scenario passes through. The 
probability of the scenario’s occurrence is stored in native 
Probability. The function NativeOptimiZer optimiZes a1, 
a2, . . . , anStage allocations, assuming the scenario de?ned in 

WWMatriX occurs With certainty. The resulting a1 vector is 
stored in nativeXAlloc. 
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[0085] Class XAlloc is a Wrapper for a1 vectors and is 
shoWn in FIG. 7. Variable feasible is a Boolean indicating 
Whether vector a1 is feasible; member variable h, Which is 
not alWays used, is the value that Was used to combine tWo 
a1 vectors to yield the instance’s a1 vector. Member variable 
voa is the standard voa variable. This class also has an 
assignment operator to copy a1 vectors and h scalars 
betWeen instances and a comparison operator to compare the 
a1 vectors of different instances. Comparisons betWeen a, 
elements are done With a tolerance. 

[0086] FIGS. 8A and 8B shoW class de?nitions of 
WWMatriX and AAMatriX, Which respectively hold, as 
column-matriXes, vectors W and a corresponding to a com 
plete scenario. The 0th column of both matriXes is not used 
so that columns correspond to stages: e.g., vector W3 is 
stored in column vector a4 is stored in column 
aa[][4]. All elements of vectors W and a, and in turn arrays 
WW and aa, hold any data or function type required to de?ne 
scenarios and specify allocations. All vector and matriX 
elements are not necessarily used, and no relationship or 
commonality necessarily eXists betWeen the elements in the 
same roW of W (or aa). Both classes have h and voa 
members, as previously described. 

[0087] FIG. 9 outlines the EvaluateXAllocAgainstWSce 
nario function, Which is the pseudo-code implementation of 
the previously mentioned function f in equation 2.0. This 
function evaluates the a1 vector contained in the ?rst argu 
ment against the scenario contained in the second argument. 
Initially, an aaMatriX object is created and column aaMa 
triX.aa[][1] is loaded With the ?rst-stage allocation vector 
(XAlloc.a1). AfterWards, stages tWo to nStage are iteratively 
re-optimiZed. During each iteration, the DeterministicOpti 
miZer function is called With three arguments: iFleXStage is 
the starting stage for Which allocations can be re-optimiZed; 
aaMatriX contains ?Xed allocations made prior to stage 
iFleXStage; and WWMatriX is the GBS for the iFleXStage 
stage of WScenario. The function ?nishes by passing voa to 
the ?rst argument. 

[0088] FIG. 10 outlines the DeterministicOptimiZer func 
tion, Which takes the three arguments just described. Assum 
ing that the scenario de?ned in WWMatriX occurs With 
certainty and holding the allocations in aaMatriX prior to 
stage iFleXStage ?Xed, this routine applies standard state 
of-the-art techniques to optimiZe allocations for stages 
iFleXStage through nStage. The ?rst step is to evaluate and 
respond to What transpired up until the start of the iFleX 
Stage. This could entail allocating resources to handle 
already incurred obligations, and could entail determining 
resource quantities that are available as of the iFleXStage 
stage. The second step is to look forWard and optimiZe 
allocations for stages iFleXStage through nStage. This dis 
tinction betWeen a ?rst and second step is really arti?cial, 
since What is sought is a re-optimiZation of resource allo 
cations: Given the portrayed situation, determine the optimal 
resource allocations for stages iFleXStage through nStage. 
This optimiZation process might entail applications of “if . . . 

then . . . ” logic, “rules-of-thumb,” heuristics, expert-system 

like computer code, OR/MS optimiZation techniques, or any 
other data-process or optimiZation technique that helps to 
optimiZe resource allocations. Further, the How through the 
routine might be contingent upon ?Xed-earlier-stage alloca 
tion(s) (aaMatriX), stage (iFleXStage), and/or GBS (WWMa 
triX); for any given function eXecution, multiple and on-the 
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?y creations/customizations of optimization models might 
occur and, between uses of such models, data manipulated. 
Here the Word “optimization” and conjugates are used 
loosely, since true global optimiZation is not necessary. What 
is necessary is to develop an allocation for stages iFleXStage 
and beyond. A simple reasonable allocation, assuming the 
same result for the same iFleXStage, aaMatriX, and WWMa 
triX combination, Would suf?ce. Obviously, though, the 
better the optimiZation, the better the ?nal allocation. This 
function ?nishes by setting columns iFleXStage, iFleXStage+ 
1, . . . , nStage of aaMatriX.aa equal to the optimiZed 

allocations for stages iFleXStage, iFleXStage+1, . . . , nStage, 

respectively; and calling the ValueAllocation function to set 
the voa value. 

[0089] A major advantage of the present invention is that 
stochastic resource-allocation optimiZation can be done 
using a deterministic perspective in the DeterministicOpti 
miZer function. Deterministic resource-allocation optimiZa 
tion is better understood, more advanced, and simpler than 
prior-art stochastic optimiZation. (Though DeterministicOp 
timiZer function alloWs a deterministic perspective, such a 
perspective is not required. Hence, When a human eXpert 
de?nes DeterministicOptimiZer functionality, it is accept 
able to implicitly consider uncertainty.) 

[0090] The ValueAllocation function, shoWn in FIG. 11, 
jointly assesses a scenario and an allocation to determine a 
voa value. This value represents the desirability to have the 
scenario-allocation pair occur, as opposed to having any 
other scenario-allocation pair occur. This could entail, for 
eXample, setting voa equal to: 

[0091] the objective function value realiZed by the 
DeterministicOptimiZer or the NativeOptimiZer 
functions 

[0092] the cash balance at the end of the last stage 

[0093] the present-value of the stages’ cash-?oW 
stream 

[0094] a VNM utility value based upon the monetary 
value at the end of the last stage 

[0095] an aggregation of VNM utility values based 
upon monetary values at different stages 

[0096] 
[0097] Philosophically, the ValueAllocation function 
interprets and converts the results of an optimiZation into 
units of one of the three fundamental objectives: monetary 
gain, monetary loss, or utility. 

a non-VNM utility functional value 

[0098] An advantage of the present invention is to permit 
the NativeOptimiZer and the DeterministicOptimiZer func 
tions to use unde?ned or expedient-optimization objectives 
and have the ValueAllocation function interpret and value 
the results, so that optimal allocations can be made in the 
presence of uncertainty. 

[0099] FIG. 12 shoWs the skeletal de?nition of the ZClus 
ter class. The WScenarioCntn member contains WScenario 
objects belonging to the cluster. The ?rst-stage allocations 
that perform best for the cluster are stored as XAlloc objects 
in XAllocBestCntn; the optimal ?rst-stage allocation is also 
stored in XAllocOpt. The function XAllocEvaluator evalu 
ates ?rst-stage allocation xAlloc across all scenarios Within 
the cluster; the ConsiderAppendBestXAlloc function man 
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ages XAllocBestCntn. The Improver function ?nds better 
?rst-stage allocations by using the SimpleParabolaSearch, 
InnerCompressSearch, and OuterCompressSearch func 
tions. These functions in turn use several XAlloc instances: 
xAllocO and xAlloc1 are tWo good allocations used to ?nd 
better allocations (and correspond to points 300 and 301 of 
FIG. 3A.); XAlloch is the result of merging allocations 
xAllocO and XAlloc1; xAllocOoff is an offset from xAllocO 
(and corresponds to point 304 of FIG. 3B); XAllocBnd is 
used by InnerCompressSearch to close-in on a better allo 
cation (and corresponds to point 303 of FIG. 3B). Function 
GenXAlloch generates and evaluates XAlloch; variable 
WasImproved is a Boolean indicating Whether GenxAlloch 
yielded an overall better ?rst-stage allocation. Variable xAl 
locHurdle is an allocation to be surpassed in an iteration of 
Improver. 

[0100] In Step 101, prior-art techniques are used to create 
scenarios and build a scenario tree, like that shoWn in 
combined FIGS. 4A and 4B, With WNode and WScenario 
objects. Scenario creation could be done by a human eXpert 
and/or by computer generation. Each scenario consists of a 
realiZation of eXogenously-determined random variables. 
Scenarios may include eXogenous changes to resource levels 
that occur during one or more of the stages. So, for eXample, 
a particular stage of each scenario may have a variable 
representing the realiZation of a contingent ?nancial liabil 
ity; such a realiZation changes available cash, and the 
optimiZations/allocations are done assuming that available 
cash is appropriately reduced at the particular stage. (This 
does not rule out alloWing insurance to be purchased in an 
earlier stage in order to offset the contingent-liability real 
iZation.) 
[0101] If it is possible to obtain or calculate estimates of 
scenario probabilities, then such estimated values should be 
indicated in nativeProbability; if such estimates are not 
available, then all WScenario.nativeProbability values 
should be set to the inverse of the number of generated 
scenarios. After scenario creation, for each WScenario 
object, the NativeOptimiZer function is called to optimiZe 
allocations for all stages Within the scenario, assuming the 
scenario occurs With certainty. NativeOptimiZer in turn calls 
ValueAllocation to properly determine voa. The resulting 
?rst-stage allocation is stored in nativeXAlloc, along With 
voa. If, in a given WScenario instance, there are multiple 
globally-optimal ?rst-stage allocations and they can easily 
be identi?ed, then one should be randomly selected for 
storage in nativeXAlloc. (Programmatically, NativeOpti 
miZer might call the DeterministicOptimiZer function With a 
1 value for iFleXStage, an empty aaMatriX, and the WSce 
nario’s WWMatriX.) 

[0102] In Step 103, using the ?rst-stage allocations con 
tained in nativeXAlloc.a1 as coordinates, the WScenario 
objects are clustered (many prior-art clustering techniques 
are available). Clustering does not need to be academically 
pure: for instance, ordinal numeric values could be treated as 
if they Were interval numeric values, some “dif?cult” ?elds 
ignored, etc. The value of nativeXAlloc.voa could also be 
used, though it is not necessary. A cluster may have one or 
more WScenario objects. Prior to clustering, vectors 
nativeXAlloc.a1 should temporally be normaliZed, so that 
some dimensions do not dominate the clustering process. 
For each identi?ed cluster, instances of the ZCluster class 
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are created and wScenarioCntn member is loaded with the [0105] The called XAllocEvaluator function member of 
wScenario objects belonging to the identi?ed cluster. the ZCluster class is: 

[0103] In Step 105, where Guiding Beacon Scenarios are 
generated, the ?rst operation is to set the pGBS member of 
each the last-stage wNode equal to the instance’s member ZCluster:IXAHOCEVMHMOKXAHOQ OKadd) 
pWScenario. Next, all XAllocRndCntn containers in all 30A Voa_ 
wNode objects are emptied. Afterwards, the nativeXAlloc Voa : O; ’ 

objects of all wScenario objects are weighted by nativeP- fOr(iWScenari0 = each wscenario in wscenariocnm) 
robability, are randomly selected, and are loaded into the { 
XAllocRndCntn containers of the second through nStage-1 EvaluateXAllocAgainsmisFenario($110?’ iwscenafif’); 
nodes. (When there are only two stages, this Step 105 should 1m : Voa + XAHOC'VOa lwscenano'nanveprobablhty’ 

be skipped.) Each such XAllocRndCntn container needs to XAHOCWa : voa; 

be loaded With at least one nativeXAlloc; the same //after the above ?rst loop, the following is performed: 
nativeXAlloc may be loaded into multiple XAllocRndCntn i?xAnocopt-voa < XAHOC-VOa) 
containers. The GBSs for stages two through nStage-1 are { 

XAllocOpt = XAlloc; 
generated by: } 

if(xAllocHurdle.voa < XAlloc.voa) 

iAllocHurdle = XAlloc; 
AAMatriX aaMatriX; wasImproved = TRUE; 
for(iStage = nStage —1; 2 <= iStage; iStage-—) } 

for(iNode = each iStage stage node) if(OKadd) 
{ { 
for(jNode = each iStage + 1 stage node that follows iNode) XAlloc XAllocDel; 

{ XAllocDel = XAlloc in XAllocBestCntn with lowest voa; 

jNode.voa = O; ConsiderAppendBestXAlloc(xAlloc, XAllocDel); 
for(kXAlloc = each XAlloc contained in XAllocRndCntn of } 

iNode) } 
{ ZCluster::ConsiderAppendBestXAlloc(XAllocAdd, XAllocDel) 
copy vector a1 of kXAlloc to column-vector { 

aaMatriX.aa[][1]; if(xAllocAdd not in XAllocBestCntn)# 
DeterministicOptimiZer(2, aaMatriX, { 

jNode.pGBS—>wwMatriX); if(XAllocBestCntn.IsFull( jNode.voa = jNode.voa + aaMatriX.voa * { 

jNode.nodeProbability; if(XAllocDel.voa < XAllocAddvoa) 
for(1Node = each iStage + 1 stage node that follows iNode { 

and is remove XAllocDel from XAllocBestCntn; 

not equal jNode) add XAllOCAdd to XAllocBestCntn; 

{ } 
DeterministicOptimiZer(iStage + 1, aaMatriX, } 

1Node.pGBS—>wwMatriX); else 
jNode.voa = jNode.voa + aaMatriX.voa * add XAllocAdd to XAllocBestCntn; 

1Node.nodeProbability; } 
} else 

} { 
Set jNode = the iStage + 1 node that follows iNode and has ?nd i such that XAllocBestCntn[i] equals XAllocAdd and 

the highest voa; XAllocBestCntn[i].voa is 
iNode.pGBS = jNode.pGBS; minimized; 
} if(XAllocBestCntn[i].voa < XAllocAddvoa) 

XAllocBestCntn[i] = XAllocAdd; 

} 

[0104] In Step 107, identifying the best allocations within 
the clusters entails: 

[0106] # Using the comparison operator of the XAl 
loc class. The purpose here is to prevent xAl 

foreach Cluster locBestCntn from being ?ooded with roughly 
equivalent allocations. 

clear XAllocBestCntn; 
XAllocOpt.voa = negative in?nity; _ 
for(iwScenario = each wScenario contained in wScenarioCntn) [0107] Step 109 entalls: 

XAllocEvaluator(iwScenario.nativeXAlloc, TRUE); 
} [0108] for each cluster 

[0109] Improver( ); 
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[0110] Cluster member function Improver entails: 

Improver( ) 
{ 
Perform the following, one or more times: 

xAllocOpt.h = O; 

xAllocO = xAllocOpt; 

Randomly select an xAlloc object from xAllocBestCntn that has 

not previously been 

paired with (within current ZCluster instance), and is 

different from, the current 

xAllocOpt. 
xAlloc1 = randomly selected xAlloc; 

xAlloc1.h = 1; 

xAllocHurdle = xAlloc1; 

xAllocBnd = xAlloc1; 

wasImproved = false; 

SimpleParabolaSearch( ); 
if(!wasImproved) 

InnerCompressSearch( ); 
if(!wasImproved) 

OuterCompressSearch( ); 
if(wasImproved) 

ConsiderAppendBestXAlloc(xAllocHurdle, xAlloc1); 

[0111] The SimpleParabolaSearch function uses the 
parameter h, which can range from negative to positive 
in?nity. The preferred values are between 0 and 1, with a 
slight extra preference for the value to be less than 0.5, 
presuming xAlloc0.voa is better than xAlloc1.voa. Pseudo 
code follows: 

ZCluster::SimpleParabolaSearch( ) 

Do the following, one or more times, each time with a different h 
value: 

{ 
GenxAlloch(h); 
if( 0 < xAlloch.h < xAllocBndh ) 

xAllocBnd = xAlloch; 

if(wasImproved) 
{ 
Determine the parabola passing through the 
following three points(where the ?rst 

coordinate is the domain and the second 
coordinate the range): 
'(O, xAllocO.voa), 
'(h, xAlloch.voa), 
'(1, xAlloc1.voa); 

if(such a parabola exists and has a maximal value) 

Set h2 equal to the domain value that yields 
the maximal value; 
GenxAlloch(h2); 

if( 0 < xAlloch.h < xAllocBndh ) 
xAllocBnd = xAlloch; 

exit function; 
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[0112] The GenxAlloch function, with its h argument, 
follows: 

ZCluster::GenxAlloch(h) 
{ 
for(i=O;i<number of elements in vector a1; i++) 

if(a1[i] is interval or ratio numeric) 
{ 
xAlloch.a1[i] = (1-h) * xAllocO.a1[i] + (h) * xAlloc1.a1[i]; 
if(xAlloch.a1[i] should be discrete) 

round xAlloch.a1[i] to be discrete; 
if(xAlloch.a1[i] is necessarily out of bounds) 

bring xAlloch.a1[i] within bounds; 

else if(a1[i] is an ordinal numeric) 

set xAlloch.a1[i] equal the ordinal value that is closest 
to/most associated with: 

(1-h) * xAllocO.a1[i] + (h) * xAlloc1.a1[i]; 

else 

{ 
if(h<=0.5) 

xAlloch.a1[i] = xAllocO.a1[i]; 
else 

xAlloch.a1[i] = xAlloc1.a1[i]; 

} 
//after the above ?rst loop, the following is performed: 
xAlloch.h = h; 

if(xAlloch.a1 is feasible) 
{ 
XAllocEvaluator(xAlloch, FALSE); 
xAlloch.feasible = TRUE; 

} 
else 

{ 
dis = minimum(abs(h), abs(h—1)); 
xAlloch.voa = (lowest voa contained in xAllocBestCntn’s 

xAlloc 

objects) — (positive 

constant) * dis * dis; 
xAlloch.feasible = FALSE; 

} 

[0113] Two approaches to “infeasible” ?rst-stage alloca 
tions can be used. The ?rst is simply to work with it; namely, 
have DeterministicOptimiZer determine the result of 
attempting to implement such ?rst-stage allocations. The 
second approach, which is shown above and is preferable, is 
to generate a penalty for non-feasibility. The penalty mecha 
nism results in the allocation never being accepted, but is in 
keeping with the search techniques and allows processing to 
continue smoothly. (Note that infeasibility discussed in this 
paragraph is for ?rst-stage allocations. Such allocations 
might result in “infeasibility” in subsequent stages, but as 
discussed previously, constraints can always be violated, 
though with consequences. Part of the purpose of the Deter 
ministicOptimiZer function is to evaluate, and work with, 
such consequences.) 

[0114] The InnerCompressSearch function uses a param 
eter h3. This parameter needs to be between Zero and 

xAllocBnd.h, such that the GenxAlloch function generates 
an xAlloch that is near, but not equal to, xAllocO. 
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ZCluster::InnerCompressSearch( ) 

GenxAlloch(h3); 
XAllocOoff = XAlloch; 

if(XAllocO.voa < XAllocOoff.voa) 
{ 
do one or more times: 

{ 
Determine the parabola passing through the 
following three points: 

'(O, XAllocO.voa), 
'(XAllocOoffh, xAllocOoffvoa), 
'(XAllocBndh, XAllocBndvoa); 

if(such a parabola eXists and has a maximal value) 

Set h4 equal to the domain value of the parabola that 
yields the maximal range 

value; 
if(h4 between 0 and XAllocBndh) 

{ 
GenXAlloch(h4); 
XAllocBnd = XAlloch; 

} 
else 

eXit function; 

else 

eXit function; 
} 

} 
} 

[0115] The OuterCompressSearch function uses a param 
eter hDec that can be any positive value. 

ZCluster::OuterCompressSearch( ) 

XAlloc trailXAllocl, trailxAllocm, trailXAllocr; 
XAlloc orgO, org1; 
trailXAllocm = XAllocO; 

trailXAllocr = XAlloc1; 

orgO = XAllocO; 
org1 = XAlloc1; 

do one or more times: 

GenXAlloch(h5); 
if(trailXAllocm.voa < XAlloch.voa) 

trailXAllocr = trailxAllocm; 

trailXAllocm = XAlloch; 

} 
else 

{ 
trailXAlloc1 = XAlloch; 

if(trailXAlloc1.feasible) 

Determine the parabola passing through the folloWing 
three points: 

'(trailXAlloc1.h, trailxAlloc1.voa), 
'(trailXAllocmh, trailXAllocm.voa), 
'(trailXAllocrh, trailXAllocr.voa); 

if(such a parabola eXists and has a maXimal value) 
{ 
Set h5 equal to the domain value of the parabola 
that yields the maXimal range 

value; 
GenxAlloch(h5); 
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-continued 

if(trailXAllocm.h < XAllocOpt.h) 
trailXAllocl = trailxAllocm; 

} 
XAllOCO = XAllocOpt; 

XAlloc1 = trailXAllocl; 

XAllOCBl’ld = XAlloc1; 
XAllocBndh = 1; 

lnnerCompressSearch( ); 
if(InnerCompressSearch improved XAllocHurdle) 

XAllocHurdle.h = XAllocO.h — 

(XAllocOh — XAlloc1.h) * XAllocHurdle.h; 

XAllOCO = orgO; 

XAlloc1 = org1; 

eXit function; 

} 
} 

[0116] If there is more than one cluster remaining, Step 
113 is performed after Step 109. Similar to Step 103, using 
the ZCluster’s vector XAllocOpt.a1 as coordinates, the clus 
ters are clustered into neW larger clusters. For each identi?ed 
neW larger cluster: 

create ZCluster instance neWZCluster; 
for(each old cluster being merged into neWZCluster) 

add each WScenario in oldZCluster.WScenarioCntn to 

neWZCluster.WScenarioCntn; 
for(each old cluster being merged into neWZCluster) 

for(XAllocPrev = each XAllOC in oldZCluster.XAllocBestCntn) 
neWZCluster.XAllocEvaluator(XAllocPrev, TRUE); 

destroy oldZCluster; 

[0117] After the clusters have been merged, processing 
resumes at Step 109. 

[0118] If there is only one cluster remaining, Step 115 is 
performed after Step 109. It entails implementing the ?rst 
stage resource allocations indicated in vector xAllocOptal 
of the last remaining ZCluster. (After implementation and 
the subsequent actual realization of W1, the complete process 
described here is repeated, With the second stage having 
become the ?rst stage, the third stage having become the 
second, and so forth.) 

[0119] 
[0120] Functions ZClusterzzXAllocEvaluator (of each 
ZCluster instance), EvaluateXAllocAgainstWScenario, and 
DeterministicOptimiZer should avoid repeating lengthy cal 
culations When given the same arguments. This can be 
accomplished by the folloWing: at the end of each function 
call, the arguments and results are stored; at the start of each 
function call, if the same arguments are being used again, 
then the associated previous results are retrieved. 

“Miscellaneous Considerations” 

[0121] Further along these lines, if the NativeOptimiZer 
and/or DeterministicOptimiZer functions generate dif?cult 
to-reproduce intermediate results that could be used for 
re-optimiZation, then such results should be saved for reuse. 
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EXAMPLE RESOURCE ALLOCATIONS 

[0122] The following examples are presented here to 
demonstrate some of the uses, usefulness, and scope of the 
present invention. These examples are meant to be illustra 
tive, and should not be construed to de?ne or bound the 
present invention. 

Example 1 

Designing a NeW Manufacturing Facility With 
Uncertain Future Demand 

[0123] Capacity requirements for a neW manufacturing 
facility are needed, but it is uncertain What they should be, 
because future product demand is uncertain and seasonal. 

[0124] A ?ve-stage resource-allocation optimiZation is 
appropriate here. The ?rst stage concerns determining 
capacity levels or investments, and the second through the 
?fth stages concern allocating that capacity to meet seasonal 
demand. Scenarios are generated and a scenario-tree is 
constructed. The NativeOptimiZer function member of each 
WScenario object determines optimal capacity, assuming the 
scenario’s product-demand level (speci?ed in WWMatrix) 
occurs With certainty. NativeOptimiZer may entail use of 
expert-knoWledge, may entail use of OR/MS optimiZation 
techniques, or may determine capacity in a crude and lax 
manner. NativeOptimiZer calls ValueAllocation to compute 
ROI (return on investment) based upon ?rst-stage capacity 
investments and the return during the four seasons. 

[0125] Based upon ?rst-stage capacity levels, the WSce 
narios are clustered into ZCluster objects. WNode.xAl 
locRndCntn objects are loaded With WScenario.nativeXAl 
loc objects, and the GBSs are generated. Best ?rst-stage 
capacity levels are identi?ed and improved upon. 

[0126] The DeterministicOptimiZer function optimiZes 
allocations for meeting seasonal demand, Which correspond 
to stages tWo through ?ve. The capacity allocations for 
stages iFlexStage through stage 5 are re-optimiZed, holding 
both ?rst-stage capacity levels and allocations for stages tWo 
through iFlexStage-l ?xed. The function concludes by call 
ing ValueAllocation to determine the ROI based upon ?rst 
stage capacity levels and the return during the four seasons. 
(In this case, the DeterministicOptimiZer function is very 
different from the NativeOptimiZer function, because the 
latter addresses optimiZing capacity levels, given ?xed 
demand—While the former addresses optimiZing ?xed-ca 
pacity allocations to best meet demand.) 

[0127] AfterWards, the ZCluster::Improver function is 
executed for each instance and the ZClusters are merged. The 
process repeats until only a single ZCluster remains. This 
ZCluster’s xAllocOpt contains the optimal capacity levels 
for the neW manufacturing facility. 

Example 2 

Cash Management With Uncertain Receipts and 
Uncertain Payouts 

[0128] Corporate treasurers typically manage cash in 
order to meet cash requirements and to maximiZe return. 
Both future requirements and future returns are frequently 
uncertain, and this invention can help optimiZe in the 
presence of such uncertainty. 
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[0129] The ?rst step is to generate scenarios. Each stage of 
each scenario (i.e., each W vector) has the folloWing: 

[0130] A) for each existing and possible-future 
investment: 

[0131] cash requirements 
[0132] cash receipts 
[0133] acquisition price 
[0134] divestiture price 

[0135] B) contingent realiZations of: 
[0136] extra cash requirements 

[0137] extra cash receipts 

[0138] C) status data concerning: 
[0139] interest rates 

[0140] 
[0141] After the scenarios are generated, they are loaded 
into the scenario-tree and WScenario objects and, for each 
WScenario, the NativeOptimiZer function is executed. In this 
case, the NativeOptimiZer function can call Deterministi 
cOptimiZer, With iFlexStage equal to one. 

stock market conditions. 

[0142] The DeterministicOptimiZer optimiZes cash man 
agement, given a deterministic situation. It may initially 
determine available cash for each stage and, as is possible, 
allocate such cash to the individual stages’ cash require 
ments. If extra cash is available in various stages, such cash 
is optimally invested With consideration of de?nitely-knoWn 
(i.e., certain) subsequent-stage requirements, rates of return, 
and transaction costs. If cash is short, then investments are 
optimally liquidated in various stages With consideration of 
de?nitely-knoWn subsequent-stage requirements, rates of 
return, and transaction costs. And ?nally, the investments 
themselves are juggled With consideration of de?nitely 
knoWn subsequent-stage rates of return and transaction 
costs. Corporate policy may dictate certain constraints and, 
if possible, such constraints should be respected. (The 
variety of approaches here is innumerable, and this is but 
one approach.) 

[0143] The DeterministicOptimiZer function in this case 
could, and possibly should, entertain that Which is usually 
considered unthinkable: defaulting on bonds, missing pay 
roll, etc. In a given execution of this function, the allocations 
for stages iFlexStage and beyond could initially result in 
certain catastrophes, for example: defaulting on bond obli 
gations and missing payroll starting in stage iFlexStage+3. 
The optimiZation process might improve the matter by 
changing the allocations of stage iFlexStage and beyond. 
This might result, for example, in meeting payroll in stage 
iFlexStage+3, and suffering a more serious default in stage 
iFlexStage+4. (Clearly, making the best of the situation, i.e., 
optimiZation, entails ethical judgments, survival consider 
ations, and trade-offs.) 
[0144] The ValueAllocation function might return the 
present-value of the gains and losses occurring in each stage. 
Alternatively, it might return the sum of VNM utilities 
resulting from the gains and losses occurring in each stage. 

[0145] Processing proceeds as previously described until 
there is one remaining ZCluster, With its xAllocOpt.a1 
allocation that indicates the cash allocations that should be 
made in the ?rst stage. 
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Example 3 

Optimizing a Financial Portfolio With Uncertain 
Future Returns 

[0146] An investor oWns various ?nancial instruments 
(FIs), cash, stocks, bonds, derivatives (options), commercial 
paper, etc. The investor Wants to maximiZe the VNM-utility 
portfolio-value as of a year from noW. 

[0147] Scenarios are generated using state-of-the-art tech 
niques. For each FI that is or may be oWned, tWelve monthly 
prices and returns are included in each scenario. 

[0148] After the scenarios are generated, they are loaded 
into the scenario-tree and WScenario objects, and the Nati 
veOptimiZer function is executed. In this case, the NativeO 
ptimiZer function can call DeterministicOptimiZer, With 
iFlexStage set equal to one. 

[0149] The DeterministicOptimiZer optimiZes the pur 
chases and sales of FIs, assuming the scenario occurs With 
certainty. This optimiZation may consider tax effects, trans 
action costs, discrete-block-siZe transacting requirements, 
etc. When ?rst-stage allocations are optimiZed (i.e., iFlex 
Stage=1) and if multiple ?rst-stage allocations yield the 
same returns, then a random process is used to select a 
?rst-stage allocation from among the optimal ?rst-stage 
allocations. 

[0150] The ValueAllocation function notes the value of the 
portfolio at the end of the year, and converts the portfolio’s 
monetary value into a VNM utility value. The VNM func 
tion can be speci?ed by the investor using a series of 
connected points that map portfolio-monetary value to util 
ity. 
[0151] Processing proceeds as previously described until 
there is one remaining ZCluster, With its xAllocOpt.a1 
allocation that indicates Which FIs the investor should 
presently oWn. Differences With actual present oWnership 
are resolved by buying and selling FIs. 

Example 4 

Portfolio Replication With Uncertain Coupling 

[0152] Some investment institutions need to replicate a 
portfolio, but cannot obtain the portfolio’s individual ?nan 
cial instruments (FIs). Instead, other FIs are purchased to 
compose an imitation portfolio (IP) that is expected to 
perform like the genuine portfolio (GP). 

[0153] Such mimicry can be optimiZed With the present 
invention in an manner analogous to the portfolio example 
immediately above. Here, only ?rst-stage allocations (al) 
that are expected to optimally endure a single realiZation of 
random events (W1) are required. Scenarios are generated 
using state-of-the-art techniques. Each scenario comprises 
single-period performance samples for each of the GP’s FIs, 
and for each of the FIs that can be used in the IP. 

[0154] After the scenarios are created and loaded into the 
scenario-tree and WScenario objects, the NativeOptimiZer 
function allocates cash to the FIs that can be used in the IP, 
such that the return of the IP equals the return of the GP 
contained in the WScenario object. It is likely that multiple 
allocations can yield the same return, and so a random 
process selects one such allocation. 

Mar. 25, 2004 

[0155] In this example, the DeterministicOptimiZer does 
nothing other than call the ValueAllocation function. Val 
ueAllocation initially determines the difference betWeen the 
performance of the GP and the IP. A special VNM utility 
function, like those shoWn in FIGS. 13A and 13B, is used 
to convert the performance difference into a utility or a voa 
value. In other Words, the domain of these special VNM 
utilities functions is the difference (positive or negative) 
betWeen the return of the IP and the return of the GP. (The 
utility function in 13A dictates seeking a strict parallel 
performance betWeen the GP and the IP; While the function 
in 13B suggests Wanting a performance roughly equivalent 
to the GP, though With a Willingness to seek superior returns 
With the concomitant risk that inferior returns Will result.) 

[0156] Processing proceeds as previously described until 
there is one remaining ZCluster, With its xAllocOpt.a1 
allocation that speci?es the FIs’ quantities that should be 
oWned to mimic the GP. 

Example 5 

Allocating OrganiZational Resources in an 
Uncertain Environment 

[0157] One of the more advanced methods for allocating 
resources is presented in the PRPA. Because that method 
sometimes uses Simple-scenario analysis (as described ear 
lier herein) for allocating and pricing resources in an uncer 
tain environment, those allocations might be sub-optimal. 
The present invention, hoWever, can be coupled With the 
PRPA to make superior allocations. 

[0158] In this example, uncertainty is presumed present in 
resource prices, product prices, potential demands, produc 
tion coefficients, allocation-to-effectiveness-function speci 
?cations, and resource quantities. This example has three 
stages or time periods. At least some of the groups/Apertures 
cross stages; hence their allocations affect multiple periods. 

[0159] The ?rst step is to generate scenarios by randomly 
sampling for uncertain values. The generated scenarios are 
loaded into the scenario-tree and WScenario objects. Nati 
veOptimiZer function optimiZes allocations, as described in 
the PRPA. 

[0160] The ValueAllocation function determines the 
present-value of the changes in WI_Cash (or Internal Pro 
ducer’s Surplus) during each time period (stage). 

[0161] The DeterministicOptimiZer function performs 
optimiZations holding ?rst-stage, or ?rst-and second-stage 
allocations ?xed. Each execution entails (given the previous 
allocations and the ?xed scenarios) determining available 
WI_Cash, subtracting out earlier-stage consumed resources, 
holding prior-stage group and non-group allocations ?xed, 
and then re-optimiZing. 

[0162] Processing proceeds as previously described until 
only one ZCluster remains. Its xAllocOpt.a1 allocations are 
the a1 allocations to be initially implemented. 

CONCLUSION 

[0163] As the reader Who is familiar With the domain of 
the present invention can see, this invention thus leads to 
optimiZed, or near-optimiZed, resource allocations When 
uncertainty is present. 














