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Abstract.  In this paper we investigate methods for analyzing the ex-

pected value of adding information in distributed task sche duling prob-

lems. As scheduling problems are NP-complete, no polynomid algo-
rithms exist for evaluating the impact a certain constraint , or relaxing

the same constraint, will have on the global problem. We present a gen-
eral approach where local agents can estimate their problem tightness,
or how constrained their local subproblem is. This allows th ese agents to
immediately identify many problems which are not constrain ed, and will

not bene t from sending or receiving further information. N ext, agents
use traditional machine learning methods based on their specic local

problem attributes to attempt to identify which of the const rained prob-

lems will most benet from human attention. We evaluated thi s ap-
proach within a distributed cTAEMS scheduling domain and fo und this

approach was overall quite e ective.

1 Introduction

E ectively harnessing the relative strengths of mixed human agent groups can
be critical for performing a variety of complex scheduling tasks. The importance
of e ective coordination has been demonstrated in schedutig and planning do-
mains such as hazardous cleanup, emergency rst-responsad military con icts
[12]. Agents can quickly compute possible group compositits and assess group
behavior even in dynamic and time sensitive environments [511, 14]. This ability
can be invaluable in focusing a person's attention to the moiscritical decisions
in these environments [12].

We present the challenge of how agents can best coordinate ¢fir support de-
cisions with people as the \Coordination Autonomy" (CA) pro blem. While using
computer agents in these tasks can be bene cial, they are syéct to several key
limitations. First, we assume agents have only a partial viev of the global con-
straints and the utility that could potentially be achieved through ful lling these
tasks. Because of this, it is impossible for agents to competthe group's utility



exclusively based on their local information [5, 11]. Secahh we also assume there
is cost associated with sending or receiving constraint irdrmation. These costs
may stem from agent communication costs, or costs associalavith interrupting
the human operator [12]. As has been previously observed, oodinating deci-
sions involving incomplete information and communication costs signi cantly
increases the problem's complexity [9].

In the CA system under consideration, human operators are asumed to have
access to more complete knowledge about task uncertainty lsause they have
updated information or expert knowledge. This information can be critical in
improving the group's utility by relaxing agents' rigid con straint information
[12]. Speci cally, we focus on how this information may a ed decisions where
uncertainty exists in task quality and duration. For exampl e, a human operator
in an emergency response environment may have updated inforation about
domain weather conditions, or acquired knowledge from year of experience.
Without this information, agents must plan for the worse-case scenario, e.g., that
tasks with uncertainty in quality will yield the lesser util ity amount, and tasks
with uncertainty in duration will take the longest time. How ever, the user may
know what task outcomes will actually be, allowing for more a higher quality
tasks to be scheduled. On the one hand, this information can & invaluable
in increasing the group's productivity. On the other hand, a person's time is
valuable, and thus the person should only be consulted if theagent believes that
the current scheduling problem is such that additional information will help.

E ectively measuring the expected value from a teammates' hformation is
critical to the success of these types of systems [12]. Sirail issues have arisen in
the Information Gain measure that has been put forward by themachine learn-
ing community [6]. Information gain is typically used to learn the e ectiveness
of a certain attribute in classifying data, or how much additional information is
gained by partitioning examples according to a given attribute. Thus, one ap-
proach may be to query the system with and without a given pie@ of information
and build the CA application based on the resulting Information Gain.

However, there are several reasons why basic machine leangi measures such
as Information Gain cannot be applied to this type of problem First, we assume
there is a cost involved with agents exchanging constraint iformation. As a
result, the cost in computing the Information Gain for a given problem may
outweigh its bene t. Second, since there are a potentially &rge number of tasks
to schedule, the size of the learning space will be very largeSending \what
if* queries for each task to a local scheduler can become rese intensive,
leading to delays. Finally, sending too much constraint inbrmation can result
in a lower group quality: we have previously found that in highly constrained
problems, sending additional information can prevent agets from nding the
optimal solution [8].

Towards addressing this problem, this paper presents an appach where
agents can estimate the value of information without the resurce intensive
queries used in other works [12]. Our rst contribution is a general, non domain-
speci ¢ constraint \tightness" measure in which agents canlocally measure how



constrained a task is. A constraint tightness of less than oe indicates that a
task is underconstrained and will not bene t from any additi onal information.
This allows agents to locally and immediately identify that the expected utility
from added information in such cases will be zero. A tightnes measure of greater
than one indicates that the problem may be a ected by other constraints, and
thus information may be of importance. However, we found the problem of de-
termining how constrained the problem is exclusively from bcal information to
be quite challenging. In addressing this challenge, we prest a solution where
agents can o ine apply machine learning techniques to idenify which of the
remaining tasks are likely to have the highest expected utity from information.

Our next section provides the background and motivation for this work. In
Section 3 we briey describe the cTAEMS language used in quatifying the
distributed scheduling tasks we studied. In Section 4 we prgent the domain in-
dependent constraint \tightness" measure for locally assesing what the utility
of added information will be. Section 5 present how we quanted this value of
information through machine learning regression and decisn tree models. Sec-
tion 6 provides experimental results. In Section 7, we provile a discussion about
the general applicability of these results, as well as prowe several directions for
future research. Section 8 concludes.

2 Related Work

The goal of this paper is to quantify the expected utility to b e gained from added
information in distributed scheduling problems. This information can then be
used to help agents decide what constraints should be forwded to a human
user for further information. Thus, this paper is linked to previous research in
the eld of agent-human interactions, as well as previous dstributed scheduling
research.

The adjustable autonomy challenge as described by Scerri el. [13] refers
to how agents can vary their level of autonomy, particularly in dealing with
other types of entities such as people. They proposed a franmork where agents
can explicitly reason about the potential costs and gains fom interacting with
other agents and people to coordinate decisions. A key issue applying their
model within new domains is e ectively quantifying the util ity of information
the entities can provide { a challenge we address in this pape

Distributed scheduling problems belong to a more general dagory of distrib-
uted constraint optimization problems (DCOP) [11], and a variety of algorithms
have been proposed for solving these problems [5,11,14]. these problems,
inter-agent constraints must be coordinated to nd the solution that satis es as
many of these constraints as possible. However, these prabh are known to be
NP-complete, even if agents freely share all information attheir disposal [5, 9].
As such, no polynomial algorithms exist for checking how a seeduling problem's
utility is a ected by a given piece of information.

This paper presents a process through which agents are ableo tsuccess-
fully quantify inter-agent interactions, such as the expeded utility of sending or



receiving information, exclusively with the local agent's information. Previous
approaches have considered all possible group interactisn potentially creating
a need to generate very large numbers of \what if" queries to btain this in-
formation [9, 12]. Our approach is signi cant in that agents locally estimate the
utility of additional information without additional data , allowing them to rea-
son about a limited number of interactions. This reduction alows for tractable
solutions in estimating the value of information without using any queries during
task execution.

In creating our approach, we draw upon previous studies thatfound that
di erent categories of problem complexity exist, even within NP-complete prob-
lems [2, 7]. Many instances of NP-complete problems can skibe quickly solved,
while other similar instances of problems from the same domia cannot. These
studies have introduced the concept of a phase transition tali erentiate classes
of \easy" and \hard" instances of a problem [7]. Based on thatbody of work, we
attempt to locally identify tasks which are underconstrained, or represent \easy"
interactions that can be locally solved without any additional information, as
well as the \hard" interactions that can potentially benet from additional in-
formation.

However, nding such phase transitions within real-world domains is far from
trivial due to the varied types of possible agent interactions [1, 9]. In the theo-
retical graph coloring problems previously studied, phasdransitions were found
that were associated with the ratio of constraint clauses pevariable [7]. Unfortu-
nately, these graph coloring problems are relatively simp in that all constraints
typically have equal weighting and every agent has equal nufimers of constraints
(edges). Thus, discovering phase transitions in experimea can be accomplished
only through variation of a single parameter { the ratio of graph edges to nodes.
In contrast, as we now describe, many real-world domains, sth as the cTAEMS
scheduling domain we have focused on, are far more complex.odel measures
are needed to quantify inter-agent actions in this and simiar domains.

3 Domain Background and Description

CTAEMS is a robust, task independent language used by many r&earchers for
studying multiagent task scheduling problems [12] based orthe TAEMS lan-
guage standard [4]. The cTAEMS language is composed of meths, tasks and
subtasks that de ne a coordination problem in a Hierarchicd Task Network
(HTN) structure. Methods represent the most basic action anagent can per-
form and have associated with them a list of one or more poternal outcomes.
This outcome list describes what the quality (Q), duration (D) and cost (C)
distributions will be for each possible result associated \th the execution of
that method. Tasks represent a higher level abstraction anddescribe the pos-
sible interrelationship between actions through what is rderred to as a quality
accumulation function (QAF), that indicates how the expected quality of sub-
tasks will contribute to the overall quality of a (group) tas k. QAF's are of three
forms: min, max or sum. In a min QAF, the total added quality is taken to be



the minimum of all subtasks { it could be thought of as a logicd AND relation
between tasks. In a max QAF, the quality is the maximum value (or the logi-
cal OR), whereas in a sum QAF the quality is the sum of the expeted quality
of all subtasks. These subtasks can then be further subdivied into additional
levels of subtask children, each potentially with their own QAF relationship.
Finally, hard constraints between tasks or methods can be mdeled in terms of
what are referred to as non-local e ects (NLE's) constraints between tasks, using
the primitives enableor disable Soft constraints are modeled throughfacilitates
or hinders relationships. For example, assuming one task must occur lfere an-
other, one could represent this constraint in terms of an enhbles relation between
those two tasks. Assuming two tasks (or subtasks) cannot bdt be performed
can be modeled in terms of a disables relation between the twiasks. System dy-
namics are modeled through probabilistic values for qualiy and duration within
the HTN's tasks and subtasks. For example, a given task couldhave a duration
of 10 with 50% probability, a duration of 4 with 25% probabili ty, and a duration
of 20 with 25% probability.

Fig.1. A sample cTAEMS Scheduling Problem (global view middle) wit h 3 agents (3
subjective views on bottom).

The CA system we propose takes as its input the system's distbuted con-
straints, formulated in cTAEMS, and outputs the constraint s a person should
focus on. For example, Figure 1 is an example of a scheduling@blem instance,



described in cTAEMS. In this example, three agents, A, B, andC must coor-
dinate their actions to nd the optimal schedule for a global task T. Task T
has three subtasks (A, B, and C) and these tasks are joined by aum relation-
ship. There are enable relationships between these tasks drthus they must be
executed sequentially. In this example, an optimal schedd would be for A to
schedule method Al, B to schedule B2, and C to schedule C1. Hawver, assum-
ing only 70 time units exist for all three tasks, there is insucient time for A to
schedule Al, for B to schedule method B1, and for C to schedul€1. As such,
one of the agents must sacri ce scheduling its method with tte highest quality
so the group's quality will be maximized. The group will lose 15 units of quality
if A does not schedule A1, 10 units of quality if B does not scheule B1, and 20
units of quality if C does not schedule C1. Thus, B chooses B2asthe Al and
C1 can be scheduled.

Changing the cTAEMS structure, even slightly, can greatly aect the inter-
agent constraints. We particularly focus on the impact uncetainty in task quality
and duration will have on decisions. If a given task has a digibution of possi-
ble durations, agents supporting the automated schedulingprocess assume the
worst-case scenario must be planned for (e.g. we must assurttee task will have
the smallest possible quality, or the task will take the longest possible time).
Adding more precise information, such as eliminating certén duration possibil-
ities, or identifying which outcome will de nitely occur, ¢ an also greatly impact
inter-agent constraints. For example, if a human operator ould provide infor-
mation that task B1 will take less than 15 units of time (instead of the current
20) this task could be scheduled and the group's utility will be raised. As a re-
sult, the CA system should identify task B1 as being the rst task worthy of the
person's attention. Novel mechanisms are required to genafly nd which types
of constraints are most worthy of further information.

4 Locally Quantifying Scheduling Constraints

While we used the cTAEMS language to quantify scheduling costraints, the
solution we are developing is meant to be as general as poskb Towards this
goal, we have developed a tightness measure which we use toeidify which
subtasks are not constrained, and therefore cannot possiplbene t from any
additional information. Our hypothesis is that general typ es of interactions can
be quanti ed, similar to the phase shifts found within simpler graph coloring
optimization problems previously studied [2, 7]. However,novel measures of in-
teraction di culty are needed to help quantify interaction s so phase shifts can
be discovered.

Towards this goal, we present a \tightness" measure to quanfy how much
overlap exists between constraints. In referring to these enstraints, let G =
fA1;A2:::1; AN g be a group of N agents trying to maximize their group's col-

can be performed by that agent. Each TaskT;, has a timeWindow within which
the task can be performed, aQuality as the utility that the task will add to the



group upon its successful completion, and ®uration as the length of time the
task requires to be completed. We assume that task quality ad duration often
have uncertainty, while task windows are typically based onthe problem's struc-
ture. We model W; as the xed Window length for task T, fQi1;Qi2;:::; Q5 g

duration lengths of T;.
Based on these de nitions, we model an agent's qualitjtightness as:

Tightness-Quality(T;) = Qua%‘;a'“({,v;;agov(fi()n 5
where Quality max (Ti) returns the maximal quality from fQj1; Qi2;:::;Qj g, and

Quality (Window(T;)) returns the maximal expected quality of all other sub-
tasks that share the task window of (T;). Note that if quality uncertainty exists
in these other tasks, we again assume the worse case, and thewkest quality
value must be considered in computing the value oQuality (Window(T;)) . The
measure of Tightness-Quality(T;) can then be used to quantify what potential
overlap exist betweenT; and other local constraints within T;'s task window.
For example, assumeT, can be ful lled by methods Al and A2 with Al having
a quality distribution between 10 and 20, and A2 having a qualty distribu-
tion of 15 and 25. It is possible that asking the user for inputabout the actual
quality of Al is worthwhile as these quality distributions overlap and A1 may
have a higher quality than A2 (say 20 for Al and 15 for A2). In this example,
Tightness-Quality(Al) = 1.33 indicating the quality distr ibutions of these tasks
overlap and information may be bene cial. However, a tightness under one would
indicate no possible quality overlap, and thus no possible gin from information.
Similarly, we model an agent's duration tightness as:

Tightness-Duration(T;) = gyogeaon e (Tl

and Duration (Window(T;)) refers to the time allotted for completing task T;.
Note that within the cTAEMS problems we studied, no uncertainty existed
within the time window for the tasks sharing a given window (Window(T;))
so uncertainty in this value need not be considered.

As was the case within the quality tightness measure, a valu®f more than
one indicates an overlap betweerl; and other task constraints, while a value
less than one indicates no possible overlap. For example, sigme task T may
last for either 10, 20, or 40 time units to be completed within a time win-
dow, Window(Ta) of 25 units. According to the tightness de nition, tightne ss
Tightness(Ta) is 40/25 of 1.6. Without any additional information, we must as-
sume that this subtask task will take the maximal time, potentially preventing
that agent from performing other tasks. However, assumingnformation can be
provided regarding the task's duration, say that T will only last for 10 or 20
units, the value of Tightness(Ta) drops below 1.

The tightness measures we present have two important propgies: First, they
are locally measurable. Agents can measure its quality or dwation tightness
without any additional input from other task agents or the hu man operators
within the group. Second, they can e ectively quantify the impact making a
local decision will have. By de nition, a tightness of 1.0 or less means that the



problem is not constrained, as no task option overlaps with thers options sharing
that task. In such cases, agents will not obtain additional uility from more

information, and the agent should not prompt the human operaor for additional

data. After this measure exceeds 1.0, a phase shift occurs wh information may

be helpful. However, further solutions are still needed to gantify how much the
group's utility is expected to increase if this constraint is relaxed.

5 Learning the Value of Information

As the tightness measure only addresses which tasks will deitely not bene t
from additional information, the next step in our approach is a machine learning
model to suggest which taskswill show an increase in utility as a result of addi-
tional information. In addressing this challenge, we built two machine learning
models: a regression based model where agents predict a nuneevalue for added
information from the human operator, and a classi cation model where agents
classify a given task as potentially bene tting or not bene ting from additional
information. Alternatively, within the classi cation mod el, qualitative categories
can be created, such as High, Low, and Zero impact categoridésstead of binary
Yes and No categories.

The human-agent interface within the Coordination Autonomy (CA) appli-
cation we propose will be a ected by the learning model chose. Within the
regression model, the CA front-end will present the human oprator a humeric
eld for the expected value of information that can potentia lly be added through
the user's attention. Assuming a classi cation model is trained, we propose that
the CA's front-end color code various tasks to represent howmuch information
can potentially help the group. For example, referring backto Figure 1, subtasks
would be colored green if information was categorized as lesmportant while
subtasks of high importance would be colored red. We believthis interface can
most e ectively focus the user's attention.

The procedure we adopted for training the machine learning rodel is out-
lined in algorithm 1. We used a problem generator created by ®bal Infotech
Inc. (GITI) for the purpose of generating cTAEMs problems within the frame-
work of the COORDINATORS DARPA program *. We created two sets of 50
problems (the value for X in the algorithm) where cTAEMS parameters (such as
the number of tasks to be scheduled, the hierarchical struaire of the tasks, the
number of agents able to perform each task, the number of NLE&lationships be-
tween tasks, task duration, and average task quality) were andomly generated.
In the rst set of problems, we generated problems with uncetainty in quality
distributions, while keeping other parameters determinigic. In the second set
of problems, we created problems with uncertain durationswhile keeping other
parameters constant. Note that these 100 total problems repesent a small frac-
tion of the total number of the thousands of problem permutations the GITI
scenario generator could create. Additionally, each of thee base problems had

4 http://www.darpa.mil/ipto/programs/coordinators/



many possible permutations { these 100 total cTAEMS problens contained over
5000 subtasks where constraint information could be added.

The goal for creating these test cases was to study how user frmation
about quality and duration uncertainty a ected the group's utility. We used a
previously tested cTAEMS centralized scheduler [8] to rst compute the group's
utility under the assumption that uncertainty in problems w ould result in the
lowest probabilistic outcome. Thus, in the rst set of probl ems, we assumed tasks
would have the lowest quality, and in the second problem sethe tasks would take
the maximal time (line 3). We then computed what the group's utility would
be if we could relax that assumption, and the user could prowie information
that task would have the highest possible quality, or take the shortest time (line
4). Next, we stored this information into a table along with a vector of the
problem'’s speci ¢ parameters (e.g. problem parameters sucas tightness, local
NLE's, maximal duration, quality, etc.) and entered this in formation into the
table, Table (line 5). This problem information would then b e used for oine
training of the machine learning model.

In computing the value of added information, we adopted a hidly optimistic
approach for the value of Utility( Problemy,j) that makes several assumptions:
a) the person being contacted actually has information abot the subtask j,
b) the person will have information that will help the group in the maximal
possible way by informing the agents that the task will have the highest quality
or take the shortest duration, and c) this information can be provided without
cost. Despite this oversimpli cation, the approach was uséul for identifying the
maximal upper bound for the potential utility that could be g ained through
added information.

Algorithm 1 Training the Information Model(Problem Set of S ize X)

1: for k =1to X do
Without ( Utility( Problemy)
for j =1 to Num(Subtasks( Problemy)) do
With ( Utility( Problemy,j)
Table[K][i] ( (With) - (Without)
end for
end for

Noakhwh

Interestingly, we found that only a small percentage of subasks had any
bene t from adding this type of constraint information. Whi le each problem, Kk,
contained at least one subtask that did bene t from added information, only 1022
subtasks, or roughly 20% of the total entries within the training data, bene ted
from any additional information. Thus, nding these subtasks is akin to \ nding
a needle in a haystack". Clearly, naive methods that query eery subtasks are
not appropriate, especially if there is a cost associated wh generating queries or
if the human is not able or willing, for whatever reason, to provide information.
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6 Experimental Results

We found strong support for the usefulness of the quality andduration tightness
measures in identifying the cases where information de niely did not help. Of
the 2490 cases where a tightness value was less than 1, only 385%) cases ben-
e ted from additional information. Next, we used the Weka machine learning
package [10] to train and evaluate what the value of informaton would be in
the remaining cases. We present the results from training ad evaluating three
decision tree models: a regression model based on the M5P atghm and C45
decision trees (J48 within the Weka implementation) to crede classi er mod-
els based on 2 information categories (Yes / No impact of infanation) and a
3 category information classi cation task (High, Low, and Zero impact). Note
that while we present results from decision trees learning pproaches, other pos-
sibilities exist. We did, in fact, train models based on Bayes Networks, Neural
Networks, and SVM models and found the results to be nearly iéntical with
those we present. In all cases, we performed 10-fold crossligation to evaluate
the results.

First, we trained and evaluated the regression based modeThe results from
this experiment are found in Table 1. The rst two rows presen the results from
the problem set with quality uncertainty, and the last two ro ws present the results
from the corresponding problem set with duration uncertainty. Note that this
model yielded an average correlation of 0.56 and 0.46. In cqmarison, we present
the Naive approach which assumes all instances belong to thmajority class, and
information adds zero quality. While these results are cerainly signi cant (0.56
and 0.46 being much larger than the Null hypothesis of 0.05)they do leave room
for improvement as even with the tightness measure these re#ts are far from
the optimal correlation of 1.0.

Table 1. Comparing the accuracy and Mean Absolute error in regression trained
model.

Learned Model|Naive (Majority)
Quality Correlation 0.56 -0.06]
Quality Mean Absolute Error 1.27, 2.61
Duration Correlation 0.46 -0.04
Duration Mean Absolute Error 1.67 2.00

Next, we trained a two category classi cation model (Yes/No categories) to
nd instances where information does or does not help. Table2 presents the
results. Note that the larger class (information did not help) represents over
80% of the subtasks in both problem sets, and thus even naivglcategorizing all
subtasks within this category results in a relatively high accuracy of the model.
However, as the goal is to e ectively nd all subtasks where nformation will
help, this approach will nd none of the desired instances. h both problem sets,
the trained model had better accuracy than the naive baselie (both slightly over



11

84%) while still nding many of the instances where added inbrmation would
help (55.20% of the instances in the quality set, 19.03% in th duration set).

Table 2. Comparing the overall accuracy and number of high informati on instances
found within a 2 category decision tree model.

Learned Model|Naive (Majority)
Accuracy (Quality) 85.04% 81.95%
Instances Found (Quality) 55.20% 0%
Accuracy (Duration) 84.13% 83.45%
Instances Found (Duration) 19.03% 0%

Finally, we studied the three category classi cation task. Here, we divided
the training data into a High category where information helped 10 or more
units, a Low category where information helped less than 10 nits, and a Zero
category where information did not help. The results of this experiments from
the quality set are found in Table 3, and those from the duration experiments
are in Table 4.

Within these tables, we present the classi cation confusim matrix, often pre-
sented in multi-category classi cation problems. We plot the number of instances
found within a given category (the diagonal of table) as wellas the number of in-
stances misclassi ed per category. Not all misclassi catbn errors are necessarily
equally important. For example, misclassifying a High prodem or Low, or a Low
problem as High is likely to be less problematic that classifing a High problem
as Zero. For example, within the quality experiments, only 2 of 66 High in-
stances were classi ed as High, but another 22 of these insteces were classi ed
as Low. This distinction can be quite signi cant. The recall of the High category
alone (High classi ed as High) is only 0.33, however, if we \@w classifying High
either as High or Low as being acceptable, the recall jumps t®.67.

Table 3. Comparing the accuracy and number of high information insta nces found in
a 3 category decision tree model with quality uncertainty.

Classi ed as High|Classi ed as Low |Classi ed As Zero|Recall|Ave. Accuracy
High 22 22 24) 0.32 82.53%
Low 15 100 170/ 0.35 82.53%
Zero 18 86 1465 0.93 82.53%

Table 4. Comparing the accuracy and number of high information insta nces found in

a 3 category decision tree model with duration uncertainty.
Classi ed as High|Classi ed as Low |Classi ed As Zero|Recall|Ave. Accuracy
High 13 14 19| 0.28 82.54%
Low 9 83 277 0.23 82.54%
Zero 10 109 1974 0.94 82.54%
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As the machine learning models never achieved a recall neab0%, we consid-
ered creating models which were biased towards categorizia task as bene tting
from information. While this bias will result in a higher rec all of this category,
it will come at a cost of false positives that will lower the overall accuracy of
the model. This type of approach would likely be useful if the human user is
able to be prompted Q times to add information, when Q is greaer than the
actual number of tasks that can bene t from added information. Alternatively,
this approach will also be useful if the known cost from interupting the user
is relatively low. For example, if the cost of prompting the user is 1 unit, we
should be willing to ask several queries for information so dditional High in-
stances (each worth 10 units) can be found. To train this modg we followed the
previous developed MetaCost approach [3] and refer the read to their work for
additional details in how the cost bias is created.

We did nd that the MetaCost approach was extremely e ective in increasing
the recall of the desired system categories, albeit at a cosif false positives that
reduced the overall accuracy. To explore this point, we usedhe MetaCost func-
tion to apply di erent weights for falsely classifying a subtask where information
was useful (Yes) as belonging to the non-useful category (NoThe base weights,
or unbiased classi cation, will have equal weighting for these categories (1 to 1
weight). We found that as we increased these weights, we obiaed progressively
higher recall from the desired Yes category, but at an experesin overall reduc-
tion of model accuracy. We present the results of this approeh from the quality
experiment in a two category classi cation model in Table 5. For example, a
5 to 1 bias towards the Yes category found 566 of the 607 instaes (or 0.93
recall). However it had a higher rate of false positives (0.3) and lower accuracy
(72.61%) from the baseline (1 to 1 weights). We also appliedhis approach to
the two category duration problem set, as well as the qualityand duration 3 cat-
egory classi cation models. As expected, in all cases the eb bias was e ective
in increasing the recall of the categories where informatio helped, albeit at a
cost of more false positives.

Table 5. Exploring the tradeo between higher recall of desired resu Its (Yes instances
found), and false positives and negatives within a 2 category decision tree model with
quality uncertainty.

Weight | Total Accuracy |Found |Not Found |Recall|False Reject/False Accept
lto1l 85.04% 335 272 0.55 0.45 0.08
2to 1l 82.4699 435 172 0.72 0.28 0.15
5to1 72.619%9 566 41 0.93 0.07 0.32

10to 1 70.95% 584 23| 0.96 0.04 0.35

7 Discussion and Future Directions

In general, we found that the tightness measure was extremgle ective in nding
which subtasks wouldnot benet from adding information. By locally Itering
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out which tasks were not constrained we were able to focus onedermining
whether adding information would help in the remaining subtasks. However,
several key directions are possible to expand upon this work

First, we found decision trees were overall very e ective inquantifying the
expected impact of adding information, and thus were helpfliin recommending
if the user should be contacted for additional information. In contrast, previ-
ous work on adjustable autonomy [13] found decision trees we ine ective in
enabling agents to make autonomous decisions. It seems théte di erence of re-
sults stems from the very di erent tasks considered. The preious work used the
learned policy from decision trees to enable agents to act srependently of peo-
ple within their group. As a result, their scheduler system made several critical
errors (such as canceling group meetings and volunteeringgople against their
will for group activities) by overgeneralizing decision tree rules. In contrast, our
support system never tries to make autonomous decisions, aninstead took the
support role of recommending what constraint(s) a person sbuld focus on. This
distinction may suggest the need to create di erent types oflearning models for
di erent agent-human tasks. We hope to further explore this point in the future.

Also, further work is necessary to identify general attributes where infor-
mation de nitively does add utility. Our hypothesis is that local information
is su cient for guaranteeing that a given problem is not constrained, and thus
information will not help. However, the disadvantage to the exclusively local
approach we present is that agents are less able to considene full extent of all
constraints within the problem. Because of this, we believethis approach was
less a ective in nding the cases where information would de nitely  help.

We have begun to study several of these directions in parallgo the work we
present here. Along these lines we have studied how the tighess measure can
guide agents if they should communicate all of their constrints to a centralized
Constraint Optimization Problem (COP) solver [8]. The COP solver would then
attempt to centrally solve the constraint problem after receiving all constraints
from all agents. To address what agents should communicategsach agent viewed
all of its constraints as belonging to only one task window, vith all subtasks
falling within this window. We found that the resulting tigh tness measure created
three classic clusters of constraint interactions: undereonstrained, constrained,
and over-constrained with a clear communication policy emeging based on this
measure. Under-constrained problems had low tightness andould locally be
solved without sending any constraints to the COP solver. Castrained problems
had a medium tightness value, and most bene ted from having gery agent send
all of its constraints. Problems with the highest tightness value were the most
constrained. In fact, these problems had so many constrairst that agents sending
all constraints ooded the COP solver, which was not able to nd the optimal
solution. In these problems, agents were again best selenj communication
approaches that sent fewer constraints.

Finally, it is important to note that these research directi ons are comple-
mentary. We foresee applications where di erent tightnessmeasures are applied
to Iter and predict di erent characteristics. Say, for exa mple, a domain exists
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where agents could send constraint information freely. As w have previously
found, sending too much information can prevent centralizel problem solvers
from nding the optimal solution [8]. One solution might be t o apply the local
tightness measure we present here to lter cases where inforation de nitely
will not help, and then have agents send all remaining constints. This more
limited set of constraints might be most manageable than theoriginal set. We
are hopeful that this work will lead to additional advances in this challenging
eld.

8 Conclusion

In this paper we presented an approach to quantifying the exgcted utility
change from adding information to agents within distributed scheduling prob-
lems. Agents exclusively used local information about thei constraints to predict
whether adding information will help the group increase its utility. The signif-
icance of this work is its ability to enable agents to nd which constraints will
most bene t from additional human information, without usi ng resource inten-
sive queries required in other approaches [12]. Towards amving this goal, we
de ned and used a generatightness measure and domain speci ¢ information
from the cTAEMS distributed scheduling domain to train a regression based
learning model for numerically quantifying the value of this information, as well
as classi er models to identify if a given subtask should be ategorized as bene t-
ing from information or not. In general, we found that the non problem-specic
tightness measures was extremely e ective in nding where ddition information
about constraints would not be helpful. Domain speci ¢ cTAEMS information
was moderately useful in identifying where information would be helpful. Fi-
nally, we presented several possible future direction of sidy in this challenging
problem.
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