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Abstract follows in which each team tries to explain the costs and
benefits of their various proposals.

When debating about complex systems with a large num-  In the midst of this heated debated, a screen flickers. The
ber of options, humans can often be slower than an Al sys-Al system monitoring the debate has just realized that of the
tem at identifying thelusters of key decisionthat are of dozens issues currently being debated, a resolution on (e.g.)
most benefit. By focusing a group on these key decisionfour matters makes debates about most of the other issues
clusters, more time can be devoted to key decisions and lessedundant. The team has consensus on two of those mat-
time is wasted on irrelevancies. Our proposed new tool will ters decisions, so the team quickly adopts them. These two
be based on: decisions greatly reduce the space of remaining discussions

. and the group finishes their debates in time for lunch.
e JPL’s DDP group decision support tool [3]

e WVU'’s contrast set learners [7]) 3 The DDP Tool

e Miami University’s cluster visualization tools ) ) -
The above scene is not science fiction- some of the tech-

and tested on case studies at JPL or other NASA applica-nology has already been developed and applied to JPL mis-
tions. sions. At JPL, the DDP tool [2] is in use to organize inter-
active knowledge acquisition and decision making sessions
with spacecraft experts . The DDP tool and process works
1 Introduction as follows:
) e 6 to 20 experts are gathered together for short, inten-
2 Imagine the Scene sive knowledge acquisition sessions (typically, 3 to 4
half-day sessions). These sessionsstbe short since
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DDP assertions are either:

e Requirementgfree text) describing the objectives and

constraints of the mission and its development process; @
. . . X require4

e Weights(numbers) associated with requirements, re-

flecting their relative importance; 0.3
¢ Risks(free text) describing events that can damage re-  requirel, 39 require3 -0.3

quirements; 1 ; ‘/\\
e Mitigations (free text) describing actions that can re- require2  require5

duce risks; () (=)

e Costs (numbers) effort associated with mitigations,
and repair costs for correcting Risks detected by Miti-
gations;

. . . ., Faces denote requirements;

e Mappings directed edges between requirements, mit- o
igations, and risks. Toolboxes denote mitigations;

. ] ) Skulls denote risks;

e Part-of relationsstructure the collections of require-

ments, risks and mitigations; Conjunctions are marked with one arc; e.gequirelif require2

andrequire3
Disjunctions are marked with two arcs; e.daultl if fault2 or
fault3.

Figure 1. DDP’s ontology Numbers denote weights; e.gaction5reduces the contribution
of fault3 to faultl, faultl reduces the impact eéquire5 and
actionlreduces the negative impactfaiiltl.

it is hard to gather together these experts for more than

a very short period of time. Oval denotes structures that are expressible in the latest version

of the JPL semantic net editor (under construction).

e The DDP tool supports a graphical interface for the
rapid entry of the assertions. Such rapid entry is essen-
tial, lest using the tool slows up the debate.

Figure 2. A semantic net of the type used at
e Assertions from the experts are expressed in using an  JPL [4].

ultra-lightweight decision ontology (e.g. see Figure 1).

The ontologymustbe ultra-lightweight since:

gyroscope design;

software code generation;

a low temperature experiment's apparatus;
an imaging device;

circuit board like fabrication;

micro electromechanical devices;

a sun sensor;

a motor controller;

photonics; and

interferometry.

— Only brief assertions can be collected in short
knowledge acquisition sessions.

[ ]
[ ]
— If the assertions get more elaborate, then experts  ®
may be unable to understand technical arguments *
from outside their own field of expertise. *
[ ]

[ ]

[ ]

[ ]

[ ]

The result of these sessions is a network of influences
connecting project requirements to risks to possible mitiga-
tions. A (highly) stylized version of that network is shown
in Figure 2.

The ontol f Figure 1 m r weak for - . . .
€ ontology of Figure ay appear 00 weak for use In those studies, DDP sessions has found cost savings ex-

ful reasoning. However, in repeated sessions with DDP, it ceeding $1 million in at least two of these studies, and lesser
has been seen that the ontology is rich enough to structure 9 '

and simplify debates between NASA experts. For exam|ole,‘E‘)rglojuntS (tgxceehdlng $Il 00,000) ",: t:e other stu?eg T'he
DDP has been applied to over a dozen applications to study MEEtings have aiso generated humerous design im-
advanced technologies such as provements such as savings power or mass and shifting of

risks from uncertain architectural to better understood de-
e a computer memory device; sign. Further, at these meetings, some non-obvious sig-
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Figure 3.A: Before. Here, one dot is one project plan; i.e. one possible
setting to the 99 risk mitigation options.

300 T T T

250 |

200 | B

150 —

Benefit

100 B

50 B

L L L
400,000 700,000 1,000,000
Cost

Figure 3.B: After. Results from applying the constraints learnt by the
TAR2 contrast set learner.

Figure 3. An application of TAR2. X-axis=
“cost” = sum of the cost of selected risk miti-
gations (lower is better). Y-axis= “benefit’=
requirements coverage, less the effects of
risk (more is better)

nificant risks have been identified and mitigated. Lastly,

The range of possibilities shown in Figure 3.A seems
dauntingly large. However, our TAR@ntrast set learner
has shown that a heated discussion on most of the risk
mitigations would be acomplete waste of timeA con-
trast set learner finds the differences in variable settings
seen in different situations. For example, an analyst could
ask a contrast set leaner “what are the differences between
people with Ph.D. and bachelor degrees?”. TAR?2 differs
from other contrast set learners such as TARZAN [8] and
STUCCO [1] in that it searches for tlsenallesicontrast set
thatmostseparates preferred and undesired behavior.

TAR2 divided Figure 3.A into “preferred” and “unde-
sired” regions (here, “preferred” means lower costs and
higher benefits and “undesired” means not preferred). With
knowledge of that division, TAR2 learnt a set of constraints
that select for the preferred outcomes while avoiding the un-
desired regions. The goal of TARZ2 is itmprove the mean
andreduce the varianci the behavior of a system.

Figure 3.A shows 50,000 runs with DDP using mitiga-
tions compatible with the constraints learnt by TAR2. Com-
paring Figure 3.A withFigure 3.B, we see that the variance
in behavior has indeed been greattigucedwhile decreas-
ing mean costs anithcreasingmean benefits.

TAR2 generated Figure 3.B using only a small subset
of the available risks mitigations. TAR2 made recommen-
dations on onlyérd of the 99 mitigations available in this
DDP models.

Further details on this use of TAR2 on a DDP dataset are
found in reference [5].

5 Drawbacks with TAR2

DDP can be used to document resolutions to those debates. Figure 3.B shows that it is possible to use DDP models to

Hence, DDP is in use at JPL:

e not only as a group decision support tool (as it was
designed to do);

e but also a design rationale tool to document decisions.

That is not to say DDP cannot be improved.
4 Improving DDP with the TAR2 Tool

The current version is manualtool. Users sketch out

optimize risk mitigation actions for complex systems, using
only a small subsebf the available options. However, in
two aspects, the TAR2 experiment was a failure:

e The runtime problemsTAR2 is too slow. The DDP
model had to be executed 50,000 times to learn the
constraints that generated Figure 2b. This runtime
is too long to support interactive argument support.
Worse still, bigger DDP models would take even
longer to execute. Clearly, a faster method is required.

e The hiding problemTAR2’s output can hide important

mappings between requirements, risks, and mitigations then
search for the cheapest mitigations that most reduce risks.
This search can be overwhelming large. For example, one
deep space mission analyzed using DDP has 99 possible
mitigations; i.e.2% ~ 103° possibilities. This space is too
large to explore thoroughly. Figure 3.A shows the results
of 50,000 runs with DDP. In each run, a random set of mit-

details. Recall from Figure 3.B that there exists a clus-
ter of results that are the best TAR2 can find. While
any point in those clusters are the best TAR2 can offer,
adjacent points in the cluster may represent very dif-
ferent mitigations, some of which are more acceptable
to the users than others.

igations were selected each time. Note the huge range of TAR2 ran slow since it sampled a large run where miti-

possible costs and benefits.

gations were selected randomly. Perhaps some other search



might be more appropriate? In the sequel, we will discuss .
the merits of TAR2’s search \@mulated annealing Fitness

As to thehiding problemwe believe it is best addressed A
as aquantitative valugoroblem. A limitation of the DDP
ontology is that it asks a set of experts to agree upon some
numeric quantity (using a number between 0.0 and 1.0) to
rate various relationships: e.g., the impact of risks on ob-
jects, the effect of mitigations on risk, etc. In our experi-
ence, these experts have been able to do this. However, it is
clear that the resulting model is less robust than the numeric
values may suggest.

It is our hypothesis that such experts may be more com-
fortable agreeing upon a probability distribution that repre-
sents the impact of a risk on an objective or the effect of a
mitigation on a risk. That is, they would be given a small
number of possible distributiorigaving previously been in-
formed about the characteristics of eaghd asked to pick lated annealing jumps less and less. Eventually, the jumping
among them. They would also have to pick the appropriate mechanism “freezes” and simulated annealing completes its
parameters for each — e.g. mean and standard deviation fosearch like a simple hill climber. A simulated annealing ca-
a normal distribution. pability is now part of the DDP tool [9].

The thought is that, although this is more information Figure 5 compares TAR2 and simulated annealing. At
for the experts to agree upon, it might get agreement fastereach round X (shown on the x-axis), simulated annealing or
since they would be recognizing that there is some embed-TAR2 was used to extract key decisions from a log of runs
ded uncertainty in these values. agreeing upon a probabil-of a DDP model. A new log is generated, with the inputs
ity distribution that represents the impact of a risk on an constrained to the key decisions found between round zero
objective or the effect of a mitigation on a risk. That is, and round X. Further rounds of learning continue until the
they would be given a small number of possible distribu- observed changes on costs and benefits stabilizes.
tions (having previously been informed about the character- It is insightful to compare the results from TAR2 and
istics of each) and asked to pick among them. They would simulated annealing:
also have to pick the appropriate parameters for each — e.g.
mean and standard deviation for a normal distribution. Our

local
optima

Figure 4. Simulated annealing, an example.

e As seen in Figure 5, simulated annealing and TAR2

thinking is that, although this is more information for the
experts to agree upon, it might get agreement faster since
they would be recognizing that there is some embedded un-
certainty in these values.

6 Is Simulated Annealing Better Than

TAR2?

Optimizing risk mitigations meangninimizing costs
while maximizingbenefits. That is, it is a classaptimiza-
tion problem A commonly-used search technique for such
optimization issimulated annealing6], illustrated in Fig-
ure 4. Simulated annealing is a kind of hill-climbing search
for finding a good solution. A simple hill-climber simply
jumps to the next best solution and can hence miss globally
optimal solutions since it can’t move to a near-by higher
peak if, to do so, means travelling down-hill across a valley.
Simulated annealing avoids this problem using a “jump”

terminate in (nearly) the same cost-benefit zone.

Simulated annealing did so using only 40% of the data
needed by TARZ2; i.e. while TAR2 needed 50,000 runs
of DDP, the simulated annealing method needed only
20,000.

The bad news is that, while TAR2 proposed con-
straints on 33% of the mitigations, simulated annealing
proposed actions on 100% of the mitigations. Such
a result is consistent with the nature of simulated
annealing- this search is a global search through all
options. Hence, it tends to propose solutions to a large
part of the model.

In summary, the directed search of simulated annealing
needs less data than TAR2, but in doing so, we lose the main
advantage of TARZ2; i.e. no drastic reduction in the space of
options.

factor that is a function of a “temperature” variable. At 7 STARI1= simulated annealing + TAR2

high “temperatures”, simulated annealing can sample more
of the local terrain since it can jump up-hdk down-hill.

In summary, the directed search of SA needs less data

As the search proceeds and the “temperature” cools, simuthan TAR2, but in doing so, we lose the main advantage
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debate on some part of a DDP model).

e Augment this integrated tool (STAR1) with a decision
clustering tool

¢ Improve the modeling of risk in DDP through proba-
bility distributions

e Test this supplemented version of DDP during live de-
bates on system options by JPL analysts.
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Figure 5. Comparison of TAR2 and simulated (4]
annealing.

(5]
of TAR2; i.e. no drastic reduction in the space of options.
Perhaps we can get the best of both approaches.

Our research is exploring combining the advantages of
TAR2 (the selection of a small number of critical decisions) (g
with SA (faster, directed search and an exploration of a
larger space of possibilities). The “jumps” in simulated an-
nealing are generated by mutating the best solution seen s&]
far. In traditional SA, these mutations are selected at ran-
dom. In our proposed approach, we would run a contrast
set learner in parallel with the SA to build up a probability (8]
profile on settings that were most associated with worse so-
lutions. The mutation sub-routine of the SA would then be
modified to avoid mutations that include settings from the [9]
worst solutions.

Our analogy for this process is that of a rocket flying
down towards some preferred solution. SA is travity
that pulls the rocket down faster while the contrast set learn-
ing is theboosterthan thrusts the rocket away from unde-
sired situations.

Specifically, our goals are:

e Implement STAR1, a combination of SA (or other Al
search algorithms) and TAR2, and integrate the result
with DDP

e Tune the STARL1 such that it such that it terminates in
< 10 seconds (i.e. in time to interact with some active
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