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Abstract

Previouswork suggeststhat reminding a conversational part-
ner of mutually known information depends on the conver-
sants' attentional state, their resource limits and the resource
demands of the task. In this paper, we propose and evaluate
several models of how an agent decides whether or not to
communicate a reminder. We elaborate on previous findings
by exploring how attentional state and resourceboundsarein-
corporated into the decision making processso that reminders
aid the performance of agents during collaborative problem
solving. We test two main hypotheses using a multi-agent
problem solving simulation testbed: (1) an agent decides to
present salient knowledge only when it reduces overall prob-
lem solving effort (2) an agent can useits own attentional state
asamodel of theattentional state of its partner when assessing
the effort trade-offs of communicatingareminder. Our results
support both hypotheses, suggesting that the models we pro-
pose should be further tested for multi-agent communication
in problem solving situations.

Introduction

Recent work in multi-agent communication has begun
to address the problem of information overload and se-
lective attention: the problem of how an agent decides
which subset of a potentialy large set of facts should
be attended to (Joshi 1978; Walker & Rambow 1994,
Giunchigliaet al. 1993) inter alia. In human-human com-
muni cation, both agents recognize that agents have selective
attention and will sometimes REMIND the other agent of mu-
tually known factsthat should be selectively attended to. We
posit that models of reminding for human-human conversa-
tion may be applicableto systemsfor both human-agent and
agent-agent communication. Thus, given a situation of two
communicating agents, agent A and agent B, we draw from
analyses of human-human communication in order to form
hypotheses of how agent A decides to remind agent B of a
particular relevant fact. We then test our hypothesesusing a
dialogue simulation testbed.

In previous work on reminding, Walker and Rambow
(henceforth W&R) discuss the following excerpt of a nat-
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ural dialogue about which route to take (Walker & Rambow
1994):

(DA-1: Let’swak down Walnut St.
A-2: It'sshorter.

In the context of thisdialogue, agent A said (A-2) despite
the fact that it was already known to the hearer, agent B.
Contrary to what we see in (1), a common assumption of
theories of communicative behavior has been that A should
not say informationthat B aready knows (Allen 1983; Grice
1967). W&R arguethat A says(A-2) in order to motivatethe
hearer, B, to accept the proposal in (A-1). Furthermore, they
claim that A says (A-2) because she believed that athough
B knew the fact redlized by (A-2), B was not attending to
that fact.

We adopt their terminology and cal (A-2) a WARRANT
for the proposal. WARRANTS are beliefs used in deliberation
when deciding whether to accept or reject a proposal. We
also use their term SALIENT to describe the subset of an
agent’sbeliefsand intentionsthat are currently attended to.*

W& R arguethat the problem with previous modelsisthat
they do not take into account: (1) the processing involved
in making relevant beliefs salient; and (2) the processing
involved in making inferences, which depends on sdient
beliefs. They define two communicative strategies: one
caled Explicit-Warrant in which an agent always includes
the warrant with a proposal and another called All-Implicit
inwhich an agent never includesthe warrant for a proposal.
They empirically evaluate the tradeoffs between using these
two strategies by simulating dial ogues and then evaluating
their effectiveness. They report a number of results, to be
discussed below, using a performance measure that we also
use below.

However, W& R simply parametrized agentsfor particul ar
communicative strategies and examined when these strate-
gies improved performance. They did not define or test
a decision agorithm by which two communicating agents
could decide on-line whether or not to include the warrant
while they are engaged in collaborative problem solving.
The goa of this paper is to define and test such a decision
algorithm.

lsdientisa cognitive term, but facts in a cache can be viewed
as salient facts. The critical assumption is that the salient set is a
subset of what is known that is being selectively attended to.



The plan for the paper is as follows. First we present
three hypotheses about the basis of an agent’s agorithm for
deciding whether to remind. Next we describe the Design-
World dia ogue simul ation testbed that we usefor testing our
hypotheses. Finaly, we present our results, which support
our two main hypotheses.

Deciding to Remind in Collaborative Problem
Solving

In this work, we adopt W& R’s definition of performance
evaluation in collaborative problem solving. This perfor-
mance measure assumes that the agents are working together
as ateam (Levesgue, Cohen, & Nunes 1990; Grosz & Sid-
ner 1990), and as ateam are attempting to maximize perfor-
mance. PERFORMANCE isthedifference between an objective
measure of the utility of a completed task and a cost mea-
surecalled coLLABORATIVE EFFORT (Clark & Schaefer 1989;
Brennan 1990; Zukerman & McConachy 1993).

Task Defined RAW SCORE
— COLLABORATIVE EFFORT.

PERFORMANCE =

COLLABORATIVE EFFORT consistsof all the processing re-
quired for both agentsto carry out the problem solving task.
In our processing architecture, this is composed of com-
MUNICATIVE EFFORT, RETRIEVAL EFFORT and INFERENCE EF-
FORT. To ensure that our calculations of collaborative effort
are independent of the implementation, the calculation of
COMMUNICATIVE EFFORT is parameterized by cCOMMCOST,
which specifies the cost of producing and understanding one
message, the cal culation of RETRIEVAL EFFORT iS parameter-
ized by ReTcosT, which specifies the cost of one retrieval
from memory, and the calculation of INFERENCE EFFORT iS
parameterized by INFCOST, which specifies the cost of mak-
ing one inference, as defined below:

COLLABORATIVE EFFORT =
(commcosT x total messages for both agents)
+ (RETCOST x total retrievalsfor both agents)
+ (INFCosT x total inferences for both agents)

Our experiments focus on decisions that have to do with
reminding another agent of mutually known information.
Since at least one agent is aready attending to this infor-
mation, reminding cannot increase RAW SCORE; it can only
reduce COLLABORATIVE EFFORT. Thus, our first hypothesis
iswhat we call the PERFORMANCE hypothesis:

PERFORMANCE hypothesis: Agent A decides to present
salient knowledge to agent B only when it improves
performance by reducing collaborative effort.

In particular, agent A’s decision model must determine
whether or not performance will be improved if B is re-
minded of the warrant for a proposa. When we attempt
to define a decision algorithm to test the PERFORMANCE hy-
pothesis, the first question that arises is how agent A goes
about calculating collaborative effort. Agent A must have
access to two types of information.

First, the agent must be able to access an estimate of the
costs of the various processes that contributeto collaborative

effort. To provide an agent with cost estimates for various
processes, we define COMMCOST and RETCOST as parameters
of the environment that an agent has access to. Since our
decision agorithms for reminding do not involve inference
effort, it isignored by the agents, and INFCOST is set to O.

Second, agent A must haveamodel of agent B’ sattentional
state to determine whether a warrant is retrievable, and to
estimate total RETRIEVAL EFFORT. Where does A get such
a model? One possibility proposed by W&R (Waker &
Rambow 1994) isthat agent A maintains adetailed model of
agent B’s attentional state. This approach is consistent with
work on modeling the other agent’s cognitive or attentional
state (Zukerman & McConachy 1993; Grosz & Sidner 1986).
Thispossibility is the ESP hypothesis:

EsP hypothesis: Agent A maintains adetailed model of
agent B’s attentional state.

We propose that another possible source of an attentional
mode! is for agent A to use its own attentiona state to ap-
proximate which of B’s beliefs are salient, and to estimate
total RETRIEVAL EFFORT. We call this possibility the soLIP-
SISTIC hypothesis:

SOLIPSISTIC hypothesis: Agent A uses its own atten-
tiona state as amodd of B’s attentional state.

The soLipsisTiC hypothesisisplausiblebecause agent A is
not alwaysin apositionto evaluate what agent B iscurrently
attending to, and because agents in conversation appear to
expend a great deal of effort to stay coordinated (Brennan
1990; Thomason 1990). In addition, in our anayses of
human-human dial ogueswe found evidence that humansuse
an approximate model of one another since they sometimes
make the wrong decision.? In the problem solving dialogue
in (2), in which two human agents must negotiate the floor
plan for a two room house, speaker J chooses not to fully
motivate the proposal in (J-2).

(2)D-1: The green rug looks good, let’s go ahead and get it.
| only have $50 | eft — how about two yellow chairsfor
$25 each?

J1: Aretheyelow chairs for theliving room?
D-2: Yes.

J2: Okay, that's fine then. How about a floor lamp for 50
dollarsfor the living room?

D-3: Ok, we could use some light —what color isit?

J-3: Yelow, of course! | wouldn’'t dream of putting a red
or green lamp with yellow chairs.

In dialogue (2), J and D mutually know they have a goa
to match the colors of items in aroom, and J assumes this
goal is salient. However the color matching goal must not
be salient for D since D asks about the color of the proposed
itemin (D-3). A cognitively plausible cause of thiserror is
that J based her decision not to communicate the warrant on
her own attentional state.

2Contact Rich Thomason thomason@isp.pitt.edu for informa-
tion about the corpus.



TheEspand soLIPSISTIC hypothesesgiverisetotwodiffer-
ent bases for adaptive communicative strategies, depending
onwhereagent A getsitsmodel of agent B’sattentional state.
Given these adaptive communi cative strategies, we can then
test the PERFORMANCE hypothesis by determining whether
either of these strategies improves performance when com-
pared to the static All-Implicit and Explicit-Warrant strate-
gies. In addition, we can test whether it isworthwhile main-
taining a detailed model by comparing the performance of
the two adaptive strategies.

The Design-World Testbed
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Figure 1: One Final State for Design-World Standard Task:
Representsthe CollaborativePlan Achieved by the Dial ogue,
434 points

We test the hypotheses described above using the Design-
World didogue smulation testbed. Design-World is a
testbed for theories about collaborative problem solving
dialogues, that supports experiments on the interaction of
agents' resource limits, their communicative strategies and
the complexity of the problem solving task.® This section
is drawn directly from the description of the Design-World
testbed in (Walker & Rambow 1994).

The Design-World task requires two agents to carry out
adialogue in order to negotiate an agreement on the design
of the floor plan of atwo room house (Whittaker, Geel hoed,
& Robinson 1993). Figure 1 shows a potentia final design
plan negotiated via a (Simulated) dialogue, such as that in
(3). Boththeartificial language that the agents communi cate
withand anitalicized glossgenerated from that language are
shown:#

3We will not attempt to convince the reader of the model of
collaborative planning implemented in Design-World since that is
done elsewhere (Walker & Rambow 1994). We merely summarize
Design-World for the convenience of the reader and assumethat it
is a useful testbed for validating our hypotheses. Contact Marilyn
Walker for the simulation software.

4The generation of the gloss was not a focus of Design-World

(3)A-1: Let’s put the green rug in the study.
(proposeagent-A agent-B option-10: put-act (agent-A
green rug room-1))

B-1: Then, let’s put the green lamp there.

(proposeagent-B agent-A option-33: put-act (agent-B
green lamp room-1))

A-2: Next, let’s put the green couch in the study.
(proposeagent-A agent-B option-45: put-act (agent-A
green couch room-1))

B-2: No, instead let’s put the purple couch in the study.
(reject agent-B agent-A option-56: put-act (agent-B
purple couch room-1))

The remainder of this section describes the initial state of
the simulation, the moddl of dialogue, and the processing
involved in generating the dialogue simulationin (3).

In each dialogue ssmulation, the two agents are homo-
geneous except for differing initial beliefs. The agent ar-
chitecture is based on the IRMA architecture for resource-
bounded agents (Bratman, Isragl, & Pollack 1988; Pollack
& Ringuette 1990), which models the planning and deliber-
ation aspects of agent problem-solving. At the beginning of
thesimulation, both agentsknow the structure of the DESIGN-
HOUSE plan. Each agent isinformed of 12 items of furniture
that it can use in the plan, for a total of 24 items that can
be considered during planning. The 12 items assigned to an
agent are stored as the agent’s beliefs and neither agent is
aware of what items were assigned to its partner.

Each agent is aso informed of the utility of each of the
24 items that can be used in the plan and this information
is stored as the agent’s beliefs as well.> The propositions
about the utility of furniture items are WARRANTS for sup-
porting deliberation similar to the naturaly occurring (A-2)
in dialogue (1). Theitems used in the plan are assigned a
utility ranging from 10 to 56. Assigning utility serves two
functions: (1) itisthebasisfor the agent’sdeliberation about
which plan options are better; and (2) it provides the basis
for an objective performance eval uation metric of theagents
communicative behaviors.

Because attentional stateisan important factor in commu-
nicative effectiveness, the Design-World version of IRMA
includes a moddl of limited Attention/Working Memory
(Awm) that is similar to a cache and that is based on hu-
man working memory (Landauer 1975; Walker 1996). AwM
defines those salient beliefs that an agent selectively attends
to. Due to the way awmM is modelled, the salience of al the
information used in reasoning and planning varies accord-
ing to the recency and frequency with which it is accessed.
Furthermore, the size of AwMm is parameterized so that we
can test the relationship between communicative strategies
such as reminding and the degree to which the size of the
subset of beliefs that an agent can selectively attend to is
limited. We test 4 different levels of attention limitationin
the experiments bel ow.

and is done automatically by adhoc methods.

5The agents don’'t know that all items have been assigned and
don’'t engage in existential reasoning, i.e. they do not make infer-
ences about what better choices other agents might propose on the
basis of these utilities.



Modelling Collabor ative Interactions

In each dialogue simulation, the agents’ goal isto agree on
4 pieces of furniture for each room so that the maximum
utility is achieved. Negotiating an agreement between two
agents consists of a cycle of four steps. First, individua
agents perform means-end reasoning about OPTIONS to use
various furniture pieces that they have. Second, individual
agents deliberate about which options are preferable based
on the utility of using the item in the plan. Since the Awm
parameter limitswhat an agent is attending to, an agent may
not be able to recall and identify its highest utility pieces at
any given time.

Once a preferred option is identified, the agent attempts
to get the other agent to agree to a proposal involving that
option. In general, agents communicative intentions are
realized through DISCOURSE ACTS such as PROPOSALS, AC-
CEPTANCES, REJECTIONS and CLARIFICATIONS. In the third
step, agents use the preferred optionsto make PROPOSALS to
other agentsto PUT a piece of furnitureinto aroom. Thenin
the fourth step, the other agents ACCEPT, REJECT, or request
CLARIFICATION of these proposals.

This is illustrated by the dialogue excerpt in (3). After
receiving utterance (A-1) from agent A, agent B conducts
means-end reasoning about the plan-step that A has made a
proposal about. It then evaluates A’'s proposal by comparing
it with the optionsit has generated by reasoning, and on the
basis of this comparison (deliberation), it decides whether
to accept or reject it. During this evaluation, it will attempt
to retrieve thewarrant propositionsstored earlier in memory
which are the beliefs that alow it to evaluate each proposal
and to compare another agent’ sproposal withthe optionsthat
it has generated by itsown means-end reasoning. Remember
that B knows the utility information for all the items that he
and A could propose, but that information may not besalient.

Proposals, such as (A-1) and (B-1) in (3), are inferred to
be implicitly ACCEPTED because they are not rejected (Car-
berry 1989). If a proposal is ACCEPTED, either implicitly or
explicitly, then the option contained in the proposal becomes
a mutua intention that contributes to the fina design plan
(Power 1984; Sidner 1994). Agents REJECT a proposa if
deliberation produces an optionwith ahigher utility. For ex-
ample, in (B-2) B rejects the proposal of option-45in (A-2),
proposing instead option-56. Either B could not recall the
utility of option-45, or the utility of option-56 is higher.

Discour se Strategies for Hypothesis Testing

A discourse strategy is a particular way of achieving abis-
COURSE ACT such as a PROPOSAL. Agents are parametrized
for different discourse strategies by placing different expan-
sions of discourse acts in their plan libraries. To test the
hypotheses discussed earlier, we examine four strategies:
(1) All-Implicit (2) Explicit-Warrant (3) Solipsistic (4) ESP.
Each strategy variesthe decision agorithmthat i s used when
an agent is reasoning about whether to expand a proposal to
include areminder of the warrant for the proposal.

The All-Implicit strategy never includes warrantsin pro-
posals, leaving it up to the other agent to retrieve them from
memory. An agent utilizing this strategy acts as though it

assumes that everything the other agent knowsis salient. In
dialogue(3), both agentscommunicate using the All-Implicit
strategy, and PROPOSAL S expand to the PROPOSE communica:
tive acts shownin (A-1), (B-1), and (A-2).

The Explicit-Warrant strategy always expands the PRO-
PosAL discourseact to beawaARRANT followed by a PROPOSE
utterance (Suthers 1993). Anagent utilizing thisstrategy acts
as though the other agent never retains anything in working
memory, asthough nothingissalient for the other agent. For
examplein (4) (A-1) isagent A's WARRANT for his proposal
in (A-2):

(4)A-1:Putting in the green rug isworth 56.
A-2: S, let’s put the green rug in the study.

B-1: Puttingin the green lampisworth 55.
B-2: So, let’s put the green lamp in the study.

The final two strategies sometimes include a warrant de-
pending on the source of information that agent A uses about
B’sattentional state in its decision agorithm. These are the
strategies based on the ESP and soLIPSISTIC hypotheses dis-
cussed earlier; we call these the Solipsistic strategy and the
ESP strategy.

Inthe ESP strategy, agent A maintainsadetailed moddl of
agent B’s attentiona state. To implement the ESP strategy,
we actually give agent A access to agent B's mind in the
simulation. ESP provides data on how a perfect attentional
mode! of the other agent affects performance.

An agent using the Solipsistic strategy uses its own atten-
tional state as a moddl for the other agent. To implement
the Solipsistic strategy, we endow agent A with the capa
bility of keeping track of its own cognitive effort for all of
the processing that A does. Agent A then uses its own re-
trieval effort to determine whether it improves performance
to remind B of awarrant for a proposal rather than letting B
retrieve the warrant from B’s own memory.

Evaluating Performance

Earlier, we discussed the model of performance that we as-
sume, in which agents work as a team. Performance isthe
difference between the RAW SCORE for the task and COLLAB-
ORATIVE EFFORT. RAW SCORE iS task specific: we simply
sum the utility of the furniture pieces in each PUT action in
thefinal plan. For example, theraw scorefor the designplan
in Figure 1is434 points.

As we discussed above, COLLABORATIVE EFFORT iS COm-
posed of COMMUNICATIVE EFFORT and RETRIEVAL EFFORT.
Our PERFORMANCE hypothesisisthat the adaptive reminding
strategies can improve performance by reducing collabora-
tive effort. Thus, the decision algorithm for both the ESP
and Solipsistic strategiesis to say the warrant whenever the
model of agent B’s awm predicts that (1) the warrant is not
sdlient or (2) the warrant will be more costly for agent B to
retrieve than for agent A to communicate.

Note however, that any savings in retrieval effort is al-
ways at the cost of an additiona utterance, the reminder,
which increases communicative effort. To provideafair test
of our adaptive strategies, we construct two adversaria di-
alogue situations, one which favors reminding by making



each retrieval relatively costly, and one which favors not re-
minding by making each communicated message relatively
costly. We do this by using two different parameter settings
for comMcosT and RETCOST in our experiments when cal-
culating collaborativeeffort. Retrieval effort dominateswith
unit cost settings of coMmmMcosT = .1 and RETCOST = .001.
Communicative effort dominates with unit cost settings of
COMMCOST = .001 and RETCOST = 1 x 107°,

We experiment with four AwmM ranges for the resource
limits; Low for very resource limited agents, MID for agents
hypothesized to be similar to human agents, MIDH for agents
less constrained than humans, and HIGH for resource unlim-
ited agents. An AwM range indicates the maximum number
of beliefs and intentions that are potentially salient for an
agent at any processing step.®

We determined that a sample size of 200 dialogues per
experimental condition is adequate for determining whether
a strategy affects PERFORMANCE. To collect these samples
we simulate 200 dialogues with the appropriate parameter
settings, yielding aperformancedistributionfor each strategy
and set of assumptionstested.

We present our comparisons of dia oguestrategiesin plots
of thedifferences in the mean PERFORMANCE of agent pairs
using different strategies, such as the graph in Figure 2. In
Figure 2, agent pairs using the ESP strategy are compared
against agent pairs using the All-Implicit strategy. Differ-
ences in the mean PERFORMANCE between the two strategies
are plotted on the Y-axis against the four Awm parameter
ranges on the X-axis. Each point in the graph at a particular
AWM range is the difference in the mean performances of
200 sampl es where the agent pairs both use the ESP strategy
and 200 samples where the agents use the All-Implicit strat-
egy. This graph summarizes the information from 8 total
performance distributions (1600 simul ated dia ogues).

To see which of the performance differences are signifi-
cant we run planned comparisons using one-way anaysis of
variance (anova) where statistical significanceisdetermined
by the modified Bonferroni test (MB). When comparing two
strategies for the same AwM range and unit cost settings,
if the mean performance of strategy 1 is significantly less
than the mean of strategy 2, according to the MB test, then
strategy 1 is DETRIMENTAL and strategy 2 is BENEFICIAL for
agentsin that Awm range.

Experimental Results

Ininitial experiments, we duplicated W& R's results. They
found that the Explicit-Warrant strategy (alwayssay thewar-
rant) compared to the All-Implicit strategy (never say the
warrant) is beneficia at the two highest AwM ranges, when
retrieval effort dominates other processing effort, but that

5Becausethe AwM model is probabilistic, each dialoguesimula-
tion for an AwM range has a different result. Also asthe maximum
number of salient beliefs and intentions increases (as we increase
the AwM range parameter), the number of retrievals during a dia-
logue also increasessince more of memory is availableto search. In
addition, when more memory is available to search, more messages
are exchanged since more options are available to discuss.

ESP vs. All-Implicit:
COMMCOST = 0.1, RETCOST = 0.001
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Figure 2: When retrieval effort dominates, ESP is beneficia
compared to All-implicitat MIDH and HIGH AWM ranges. The
other pointsare not statistically significant.

it is detrimental at the MID AwM range when communica-
tion effort dominates, except when the task requires agents
to be coordinated on warrants underlying intended actions
(Walker & Rambow 1994).

Now, our main god is to test our adaptive strategies.
First, we compare the performance of the two adaptive
discourse strategies to the static Explicit-Warrant and All-
Implicit strategies, in both adversarial diaogue situations.
Second, we compare thetwo adaptive strategiesin both situ-
ationsto see whether any significant performance differences
arise.

In order for an adaptive strategy to beworthwhile, it should
perform at least as well as the static strategy that is best in
aparticular dialogue situation. Furthermore, we expect the
adaptive strategies to be advantageous by improving perfor-
mance in all diaogue situations, while static strategies only
perform well in some dialogue situations.

Thus, given W& R’ sresults, we expect the adaptive strate-
giesto perform aswell as All-Implicit when communication
effort dominates. This means that (1) when an adaptive
strategy is compared to the All-Implicit strategy, it should
be neither detrimental nor beneficial, and (2) when an adap-
tive strategy is compared to the Explicit-Warrant strategy, it
should be beneficia a MID AWM.

Similarly we expect the adaptive strategies to perform
aswell as Explicit-Warrant when retrieval effort dominates.
Thismeansthat (1) when an adaptive strategy iscompared to
Explicit-Warrant, it should be neither detrimenta nor ben-
eficial; and (2) when an adaptive strategy is compared to
All-Implicit, it should be beneficial at MIDH and HIGH AWM
ranges.



Exp-Warr vs. All-Imp Adapt vs. All-Imp Adapt vs. Exp-Warr

MID MIDH HIGH MID | MIDH | HIGH MID | MIDH [ HIGH
Retrieval Dominates - Exp-Warr | Exp-Warr - Adapt | Adapt - - -
Communication. Dominates || All-Imp - - - - - Adapt - -

Table 1: Expected beneficial AwMm ranges for the Adaptive Strategies (“-” indicates no performance difference)

ESP vs. Explicit-Warrant:
COMMCOST = 0.001, RETCOST = 1le-06
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Figure 3: When communication effort dominates, ESP is
beneficial compared to Explicit-Warrant at MID, and MIDH
AWM ranges.

Table 1 summarizes the behavior of Explicit-Warrant vs.
All-Implicit and the expected behaviors for the adaptive
strategies. As Table 1 shows, we predict that the adaptive
strategieswill perform better under more conditionsthan ei-
ther of the two static strategies. If our predictionsin Table
1 are correct, we should see significant performance dif-
ferences for only Adaptive vs. Explicit-Warrant when com-
munication effort dominates and for only Adaptive vs. All-
Implicit whenretrieval effort dominates. 1nthediscussion of
the results, we include difference plots only for results with
significant performance differences.

ESP vs. All-Implicit and Explicit-Warrant

To test the PERFORMANCE hypothesi swefactor out the source
of the attentiond state by using the ESP model. Using this
perfect model enables us to determine what happens when
the calculation of collaborativeeffort iscompletely accurate.
When retrieval effort dominates the cal culation of collab-
orative effort, the ESP strategy is beneficiad compared to
All-Implicit at the MIDH and HIGH AWM ranges as shown in
Figure2 (MB(MIDH) = 8.14, p < .01 and MB(HIGH) = 17.77,
p < .002). As Table 1 shows, thisiswhat we predicted.
When communication effort dominates the cal cul ation of

collaborative effort, the ESP strategy is beneficial compared
to Explicit-Warrant at MID and MIDH as shown in Figure 3
(MB(MID) = 1452, p < .002 and MB(MIDH) = 8.04, p <
.01). However our expectation was that it would only be
beneficial at the MmID range. The unexpected benefits of the
ESP strategy at the MIDH range of Awm are perhaps due
to the combined savings in retrievals and communications
being significant.

The results of the experiments with the ESP strategy, ex-
ceed the expectations in Table 1. But since our minimum
expectations were met for what would happen if the PER-
FORMANCE hypothesisistrue, there is positive evidence for
this hypothesis. The decision to present a salient warrant
when it reduces collaborative effort does increase overal
performance.

Solipsisticvs. All-lmplicit and Explicit-Warrant

To test the soLIPSISTIC hypothesis, we [ook at the results of
the Solipsisticstrategy whereagent A usesitsown processing
to estimate B's effort and uses thisto cal cul ate collaborative
effort. The precision of the model iswhat we wish to test.
There are two waysin which the Solipsisticmodel can fail to
be a good approximation in the collaborative effort assess-
ment: (1) the warrant may not be salient for agent B (2) the
ease of accessing asalient warrant may be different for agent
A and agent B.

Despite these potentid failings, the Solipsistic strategy
met the predictions shown in Table 1 exactly. When re-
trieval effort dominates the calculation of collaborative ef-
fort, Solipsistic is beneficial compared to the All-Implicit
strategy at the MIDH and HIGH AWM ranges as shown in Fig-
ure4 (MB(MIDH) = 4.51, p < .05 and MB(HIGH) = 36.14, p
< .002). When communication effort dominates, Solipsistic
is beneficial compared to Explicit-Warrant a the MID AWM
range as shown in Figure5 (MB(MID) = 4.34, p < .05).

Since our expectations were met for what would happen
if the soLIPsISTIC hypothesis were true, there is positive
evidencefor thishypothesis. Using agent A’sown attentional
state to model agent B is accurate enough to improve the
performance of the adaptive strategy, despitethefact that the
initial state of the agentsis different and despite the fact that
our AWM mode isa probabilistic one.

ESP vs. Solipsistic

Finally, since the EsP and SOLIPSISTIC hypotheses are mu-
tually exclusive, we compare the two adaptive strategies for
performance differences. These experiments show that ESP
compared to Solipsistic is beneficial at only the HIGH AwMm
range when communication effort dominates (MB(HIGH) =
8.31, p < .01) (no figure dueto lack of space).



Solipsistic vs. All-Implicit:
COMMCOST = 0.1, RETCOST = 0.001
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Figure 4: When retrieva effort dominates, Solipsistic is
beneficial compared to All-Implicit a MIDH and HIGH AWM
ranges.

Thisshowsthat in at |east some communi cative situations,
it may not be worth maintaining a detailed model of agent
B, given the potentia overhead of maintai ning such amodd,
which we did not includein the calculation of collaborative
effort.

To test this idea further, we added small percentages of
thetask defined RAW SCORE to collaborative effort to account
for the overhead invol ved in maintaining the ESP model, and
then compared performanceagain. Wefound that if theeffort
of maintaining the ESP model isgreater than 4% of the Raw
SCORE, that Solipsistic performs as well as ESP at al Aawm
Settings.

Discussion
Our goa was to test three hypotheses about deciding to re-
mind: the PERFORMANCE, SOLIPSISTIC, and ESP hypotheses.
We found support for the PERFORMANCE hypothesis: the
decision to present a warrant should be based on whether
doing so enhances overall performance. Thisisnot particu-
larly surprising.

To test the PERFORMANCE hypothesis, we evaluated two
adaptive strategies for reminding, Solipsistic and ESP, in
comparison with similar static strategies. Furthermore, we
evaluated them under two different adversaria dialoguecon-
ditions, one which favors reminding and one which favors
not reminding. We found that the adaptive strategies never
perform worse than the static strategies. Furthermore, both
adaptive strategies are superior to the two static strategies
since a single adaptive strategy performs well over all dia-
logue conditions.

We a so found support for the soLIPSISTIC hypothesisover

PERFORMANCE DIFFERENCES

Solipsistic vs. Explicit-Warrant:
COMMCOST = 0.001, RETCOST = 1le-06
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Figure5: When communication effort dominates, Solipsistic
is beneficial compared to Explicit-Warrant a the MID AWM
range.

the ESP hypothesis. The soLIPSISTIC hypothesisis, that in
deciding to remind, agent A can approximate B’s attentional
state with itsown. The ESP hypothesisisthat agent A main-
tains a detailed model of agent B’s attentiona state to use
in making decisions about reminding. To our knowledge,
no-one has ever proposed or tested the sOLIPSISTIC hypothe-
sisbefore. By comparing the Solipsistic strategy to the ESP
strategy, wefound that it may not beworth maintaining ade-
tailedmodel of agent B’sattentional state, given the potential
costs of doing so.

We interpret the results on the soLIPsISTIC hypothesisto
mean that the fidelity of the Awm model to the recency and
frequency properties of human working memory produces
an environment in which agent A’'s attentiona stateis proba
bilistically correct as an approximation of B’s. With respect
to modelling humans, this suggests that it may be a cogni-
tively efficient strategy to use one's own attentiond state to
estimate that of your conversational partner. With respect to
building artificial agents, the results suggest that when two
agents are engaged in a synchronous collaborative problem
solving dia ogue, the Solipsistic model may be a useful ap-
proximation for agent A to use in deciding when to remind
agent B of relevant facts.

Our methodol ogy for achieving these results consists of a
controlled experimental environment in which we can ma-
nipulate variables that are relevant to our hypotheses. The
environment implementsa particul ar formal model of collab-
orative problem solving. Thus, our experiments are directly
affected by both theforma model and the experimental vari-
ablesthat we manipulate, and provide away to evaluate how
experimental variablesinteract with the forma mode.



Hanks, Pollack and Cohen discuss a length the im-
portance of demonstrating that results collected in sim-
ulation experiments generalize beyond the particulars of
a testbed environment (Hanks, Pollack, & Cohen 1993;
Cohen 1995). There are severa reasons why we expect the
resultsaboveto generalize. First, our simulationisbasedona
mode! of collaborative planning that is similar to other mod-
els(Grosz & Sidner 1990; Levesque, Cohen, & Nunes 1990;
Guinn 1994; Cohen 1995), and based on general assumptions
about the underlying agent architecture (Bratman, Isradl, &
Pollack 1988). Second, we tested reminding for a particular
information configuration: agent A makes a proposal and
reminds B of the warrant that supportsit. Since thisis a
genera information configuration that is found in any agent
that deliberates, our models of reminding should extend to
other problem-solving situations. Third, our Awm model has
many similaritiesto acache, thus Solipsistic strategiesshould
be beneficia in any architecture with a cache type memory
such a SOAR (Lehman, Lewis, & Newel 1991), as long
as communication is approximately synchronous. Finaly,
because our performance evaluation depends on calculating
performance for the team (Levesgue, Cohen, & Nunes 1990;
Grosz & Sidner 1990), we believe that our reminder models
will generalize to any team-oriented problem-solving envi-
ronment such as Phoenix (Cohen 1995).

Infuturework, theimplicated decision model can betested
in human-computer interaction, as in intelligent tutors, to
see how well themodel extends to non-homogeneous agents
(Moore 1994). Additional experiments could also determine
whether the Solipsistic strategy bresks down under some
circumstances, when the esp hypothesis might hold, and
whether adaptive strategies are beneficial compared to the
dtatic strategies under |ess extreme processing assumptions.
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