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Politeness behaviors
are how we manage
critical aspects of
social interaction. A
computational model
of culture-specific
politeness will support
studying, simulating,
and aiding such

interactions.

28

Cuolfboral

Dynamics

A Computational
Approach to Etiquette:

Operationalizing

Levinson’'s Politeness NModel

Christopher A. Miller, Peggy Wu, and Harry B. Funk,

Smart Information Flow Technologies

nderstanding social interactions—that is, interactions based on the social char-

acteristics of each agent as an intentional entity' and drawing from culturally

familiar patterns of expectations about appropriate behaviors—has clear value in many

situations. For example, team communications inevitably require communication about

power, trust, familiarity, group membership, ur-
gency, importance, and so on—all in addition to
explicit task-related content. Cultural differences in
how team members convey these social-interaction
variables can exacerbate communication difficul-
ties in multicultural teams.

Much basic research has focused on identify-
ing cultural patterns? and on how cultural factors
affect cognitive processes.> However, few of the
resulting models directly link cultural factors to
human behavior or are readily amenable to com-
putational modeling at a fine granularity. Even in
the comparatively richly studied field of culture
and negotiation,* studies have generally found cul-
tural correlates for negotiation behaviors and atti-
tudes without developing a computational model of
cultural effects. To address this need, we’re devel-
oping a model of observable human behaviors—
specifically communication behaviors relating to
etiquette and politeness, which are relevant to hu-
man performance, attitudes, and broader decision
making. We've been leveraging a qualitative model
from research in sociology and linguistics® for two
reasons. First, it accounts for many of the effects
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of social-interaction behaviors on team interac-
tions. Second, it provides a culturally universal, yet
instantiatable, basis on which to develop culture-
specific models. Such a universal model will be use-
ful in evaluating, adapting, interpreting, and gener-
ating social-interaction behaviors in both human-
human and human-machine interactions. We re-
port here on our efforts to develop this quantitative,
computational model of politeness interactions
and to apply and evaluate it in various different
contexts.

Politeness for social interactions
The terms “etiquette” and “politeness” likely evoke
notions of dinner forks and curtsies—phenomena
that seem to have little impact on practical, work-
related activities. But politeness is the processes by
which we determine and manage the threat inher-
ent in communication between intentional actors,
who are presumed to have goals, and the potential
to take offense at having those goals thwarted.!-6
Politeness is one means by which we convey, inter-
pret, maintain, and alter social relationships.
Etiquette is the code by which we signal politeness.
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It employs verbal, physical, gestural, and
even more primitive modes of interaction.
For example, a person can express deference
by posture, quiet speech, and explicit mark-
ers such as titles and honorifics. Specific be-
haviors vary across cultures, because each
culture has its own etiquette code. The cul-
tural etiquette associated with, say, infantry
soldiers differs from that of clerical workers,
just as the one for marketplace negotiations
in the Middle East differs from that for an
American shopping center.

Politeness and etiquette are thus very
much at the forefront of managing social in-
teractions, and they should play a large role
in training and predicting social-interaction
behaviors across cultures.

A model of human-human
etiquette

A seminal body of work in the study of po-
liteness is the cross-cultural studies and re-
sulting model that Penelope Brown and Ste-
phen Levinson developed.’ They noted that
people across cultures and languages regu-
larly depart from strictly efficient conversa-
tion by using behaviors designed to mitigate
or soften direct expressions of desire, intent,
or command.

Consider the following simple illustration.
As we settle down to a meal, I say to you,
“Please pass the salt.” The use of “please” is
unnecessary for a truthful, relevant, or clear
expression of my wish and isn’t required to
express my overt intent. Over years of cross-
linguistic and cross-cultural studies, Brown
and Levinson collected a huge database of
such violations and developed a model to
explain their occurrence. Their primary ob-
jective was to explain why individuals chose
different types and amounts of polite be-
haviors. We believe their empirically based
model can be readily extended to a roughly
cognitive model of the perception of threats
and threat-mitigating behaviors by any ob-
server, whether or not the observer is in-
volved in the interaction.

In the rest of this article, we will use the
terms “speaker” and “hearer” to refer to par-
ties in an interaction. The speaker is the one
who makes an utterance, and the hearer is
either the speaker’s target or a third-party
observer. As we’ll describe, perceptions of
politeness and its constituent elements might
differ across these various roles and individ-
uals, but it’s a part of the Brown and Levin-
son model that politeness itself should func-
tion similarly for all parties.
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Face threats in social interactions
Brown and Levinson assume that two im-
portant social wants motivate social actors
on the basis of the face concept—Iloosely, as
Erving Goffman put it, the “positive social
value a person effectively claims for him-
self.’® Face can be saved or lost, and it can
be threatened or conserved in interactions.
Brown and Levinson refine the concept of
face into two specific subgoals that all so-
cial actors are presumed to have:

 Positive face—the desire to be held in
high esteem, to have your actions and
opinions valued, to be approved of by
others, and so on.

 Negative face—the desire for autonomy,

Politeness and efiquette
play a large role in fraining
and predicting social-

inferaction behaviors
and percepfions across
culkures.

to have your way, to direct your attention
where and when you desire, and so on.

Virtually all interactions between social
agents are potentially face-threatening acts
(FTAs). For example, if I simply speak to
you, regardless of the content, I place a de-
mand on your attention that threatens your
negative face. This, then, is the reason for
the “please” in my request: If I simply state
my desire as bald propositional content
(“Give me the salt”), I would be ambiguous
about whether I have the power or right to
compel you to comply. You might well take
offense. The “please” is thus a redressive
strategy that mitigates the threat.

Furthermore, the expectation that I (or
any social actor) would use such a strategy
is an example of an etiquette code that en-
ables interpretations. The etiquette is the
convention entitling us to conclude that
those who use “please” are striving to be
seen as polite. Those who don’t use it aren’t
striving toward politeness for various rea-
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sons (perhaps they don’t believe they need
to, their notions about politeness are differ-
ent, or they’re just rude).

Computing

a face threat’s severity

The core of Brown and Levinson’s model
is the claim that the weightiness or degree
of face threat posed by an act is a func-
tion of three factors.>” The first is the rela-
tive power the hearer has over the speaker.
Power is an asymmetric relationship. If all
other factors are equal, I must use more po-
liteness toward a more powerful hearer to
maintain a constant level of threat.

The second factor is the social distance
between the hearer and speaker. Social dis-
tance is a symmetric relationship and roughly
the inverse of familiarity. The more famil-
iar I am with my hearer, the less politeness
I'need to use.

The third factor is the imposition of the
raw act. Highly imposing acts, requests,
or topics demand more redress to mitigate
their increased threat level.

In our implementation, we add a term
representing the relative weight an individ-
ual puts on his or her own goals versus oth-
ers’ face goals. For want of a better term,
we call this the speaker’s character. This
refers to the speaker’s willingness to value
his or her own face more or less than that
of others.

Brown and Levinson don’t operational-
ize these parameters (at least in their pri-
mary presentation of the model’); they of-
fer the parameters as qualitative constructs.
Justine Cassell and Timothy Bickmore and
Lewis Johnson and Paola Rizzo have cre-
ated numerical representations of these pa-
rameters to guide, respectively, a simulated
real estate agent in making small talk® and
a pedagogical agent in offering advice and
criticism.® Our goal has been to develop a
general computational formulation of the
Brown and Levinson algorithm for use in
largely free-flowing conversation and social
interactions between humans and agents in
a simulation or training environment.

Redressing face threats

Because FTAs are disruptive, we use po-
liteness strategies to redress or mitigate
the degree of face threat our actions im-
pose. Brown and Levinson’s model claims
that the degree of face threat an act poses
must be redressed or balanced by the value
of the politeness behaviors the actor uses;
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otherwise, the social status quo is dis-
rupted. That is, in our formulation of their
model,

W,=VA,)

The face threat’s weight (W) or value in an
interaction x (recall that W, itself is a func-
tion of power difference, social distance,
imposition, and character) is expected to
be approximately equal to the combined
redressive value (V) of the set of polite-
ness actions (A) included in x. If the speaker
uses less redress than the hearer perceives
as necessary—that is, if W, is much larger
than V(A,)—then the hearer will perceive
the utterance as rude and might seek alter-
native interpretations for the behaviors, as
we discuss in a moment. If the value of the
politeness behaviors are much more than is
perceived as necessary, then the hearer will
perceive the utterance as overpolite or obse-
quious and might again suspect ulterior mo-
tives or alternate interpretations.

Interestingly, across the cultures that
Brown and Levinson studied, although
outward manifestations obviously differ,
speakers used identical classes of redressive
strategies. Brown and Levinson offer an ex-
tensive catalog of universal classes of re-
dressive strategies, organized according
to five broad strategies (listed from least to
most threatening).

The first type of strategy is to simply
not do the FTA, which we might call a null
FTA. Some FTAs simply can’t be performed
without insult, if the disparity in power or
familiarity relationship or the imposition is
large enough.

The second strategy is an off-record FTA,
which performs the act with “plausible de-
niability” through innuendo and hints. An
off-record way to ask for salt might be, “I
find this food a bit bland.”

The third strategy is with negative re-
dress. A speaker can still mitigate overt
FTAs by offering redress aimed at either
positive or negative face. Brown and Levin-
son suggest that negative redress is more ef-
fective. Such strategies focus on the target’s
negative face needs—independence of ac-
tion and attention. They minimize the im-
pact on the target by being direct and sim-
ple and by offering apologies and deference,
thus minimizing the imposition’s magni-
tude and explicitly incurring a debt. A way
to ask for the salt using several negative re-
dress strategies would be “Excuse me, sir,
but could you pass me the salt?”
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The fourth strategy is using positive re-
dress, which aims at the target’s positive
face. These strategies emphasize common
ground between the speaker and hearer by
noticing and attending to the target, invok-
ing in-group identity, joking and assuming
agreement, and explicitly offering rewards
or promises. A way to ask for the salt us-
ing several positive redress strategies would
be “Hey, buddy! You're gonna pass me that
salt, aren’t ya? I'd appreciate it.”

The final type is no redress. The most
threatening way to perform an FTA is
“baldly, on record,” without any redress: for
example, “Give me the salt.”

Brown and Levinson’s work doesn’t
stop at that level, however. For the second

Perceived polifeness
is @ function of the imbalance
bettween the perceived

Wweight of face threat and the
perceived amount of redress
in that interaction.

through fourth strategies, they offer a host
of well-researched examples from at least
three language and culture groups (English,
Tamil, and Tzeltal) organized into a struc-
ture of mutually supporting and incompat-
ible approaches. We don’t have space to
present their findings in depth, but we’ll il-
lustrate a few of the 10 culturally universal
negative-redress strategies:

» Be pessimistic: “You're not going to pass
me the salt, are you?”

e Minimize the imposition: “Could you
just nudge that salt shaker over here?”

» Give deference: “Excuse me, sir, would
you pass the salt?”

» Apologize: “I'm sorry to interrupt, but
would you pass the salt?”

An etiquette metric:

Believable levels of politeness
People generally want to accomplish their
goals expeditiously—an argument for min-
imizing redressive strategies. But they also
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experience a range of social and personal
pressures to not threaten the face of those
with whom they interact (especially those
with greater power or shared familiar-
ity)—an argument for using extensive re-
dress. The balance between these pressures
yields the selection of specific strategies in
context.

We can therefore assume that the rela-
tionship between the amount of face threat
and the value of the speaker’s redressive
behaviors determines whether the hearer
perceives an interaction as nominal, rude,
or overly polite. Of course, an individual’s
perception of an interaction’s rudeness will,
in turn, depend on that individual’s per-
ceptions of the face threat and redress in-
volved—each of which might vary depend-
ing on the individual’s role in the interaction
and a wide range of cultural factors.*

We've expressed this relationship as fol-
lows: perceived politeness is a function of
the perceived imbalance (that is, the differ-
ence) between the perceived weight of face
threat in an interaction and the perceived
amount of redress in that interaction. In
turn, perceived face threat is a function of
the perceived power difference, social dis-
tance, imposition, and character of the ac-
tors. The imbalance will be positive when
the speaker uses more redressive polite-
ness behaviors than the face threat war-
rants—corresponding to the overly polite
or obsequious behavior. To be more pre-
cise, a hearer will perceive the imbalance
to be positive when the hearer perceives
the speaker as using redressive behaviors
whose combined value the hearer perceives
to be greater than he or she perceives the
face threat to warrant. The imbalance will
be negative when the hearer perceives the
speaker as using less redress than the hearer
perceives the face threat to warrant—a
rudeness condition.

This model explains a fundamental is-
sue about politeness use: the same set of
politeness behaviors (including the spe-
cific utterance, its word choice, and ver-
bal and nonverbal behaviors) used in dif-
ferent contexts might well be perceived
as anything from appropriate to rude or
overly polite. For example, the same set of
redressive acts might be too much, too lit-
tle, or just right, depending on the present
face threat’s value. Of course, this leaves
open the question of how to determine face
threat, which is the focus of our computa-
tional implementation.
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Algorithm implementation

In research funded by a Darpa Small Busi-
ness Innovation Research grant, we com-
pleted initial development of an Etiquette
Engine (EE)—an implemented algorithm
based on Brown and Levinson’s research.
We demonstrated the EE’s ability to as-
sess expected politeness both in controlled
tests involving project team members and in
open surveys involving university students
unaware of our model.

The EE algorithm

We designed and implemented a computa-
tional version of the Brown and Levinson
theory to serve as a predictive model of an
observer’s perceived “degree of imbalance”
of an interaction, whether among humans
or among humans and nonplayer characters
(NPCs). Our algorithm predicts the level
of politeness that a hearer will expect. Fur-
thermore, it predicts that actors who don’t
exhibit the expected degree of polite redress
(either by being overpolite or rude) will ei-
ther appear unbelievable or invite the hearer
to rethink what was previously understood
about the context so as to rebalance threat
and redress levels.

For example, a private bursts in on his
captain and issues a bald directive (“Get
your coat on”’) without any redress. An ob-
server might assume a reduced degree of
imposition because the private was charged
with giving such instructions or because the
familiarity between them warranted it. Oth-
erwise, and especially in a simulated envi-
ronment, the observer might simply believe
that the private was behaving unbelievably.

Our algorithm begins by operationalizing
the Brown and Levinson model for comput-
ing face threat weight (W,) from knowledge
of power difference, social distance, impo-
sition, and character. Our implementation
weights each term to allow valuing them
differently. Although this weighting extends
Brown and Levinson’s original model, we
suspect it might underlie some systematic
cultural differences in politeness usage.
Furthermore, we can compute a W, score
on the basis of each observer’s perceptions
about the context, thus letting us represent
differences in viewpoint that might arise
because of personal or cultural differences.
For example, A might have thought he was
more powerful than B, whereas B thought
they were equals. So, A might perceive B’s
behavior as rude (lacking in adequate re-
dress), whereas B intended it as polite.
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As we’ve noted, the model assumes that
the perception of an interaction in context
will correspond to the balance between
face threat weight and redressive actions’
value. We express this as a difference
to give us an incredibility or imbalance
metric, which also serves as a perceived-
politeness metric.

To use this metric to evaluate the imbal-
ance between expected and observed po-
liteness, we must operationalize the various
parameters. We don’t have space to present
our method in detail, so we’ll summarize it.

Operationalizing EE terms
To operationalize and quantify the Brown
and Levinson model, we first developed

We demonstrated the Efiquefte
Engine’s ability to assess
expected politeness both

in confrolled tests involving
project feam members
and in open Surveys.

scalar values for the power, social distance,
and imposition parameters. These scales
were initially for basic American culture,
but we’ve since experimented with repre-
senting Pashtu culture similarly with suc-
cess. We represented the variables (and
various parties’ perceptions of them) as
continuous scalar values ranging from
—1,000 to 1,000. The value of O is the bal-
ance point—a nominal value for each scale.
Positive values indicate that the parameter
has increased (and contributes to an in-
creasingly weighty or potent FTA); nega-
tive values indicate that it has decreased
(and is building up, rather than threatening,
the hearer).

The notion of negative values of power,
social distance, and so on having the poten-
tial to reduce a threat to the point that it be-
comes of benefit to the hearer isn’t explicit in
Brown and Levinson’s work, but it seems an
intuitive addition to us. For a power differ-
ence of the hearer over the speaker, for ex-
ample, a value of 0 means that the power of
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the hearer and speaker are equal—that they
are (exact) peers—and that no face threat
stemming from power differences should be
inherent in their interaction. Values greater
than O indicate that the hearer has increas-
ingly greater power relative to the speaker
and, therefore, that the face threat increases
whenever the speaker addresses the hearer.
We developed similar scales for social dis-
tance and imposition and represented the
character term as a simple value added or
subtracted from the FTA sum.

Although we developed these scales for
American cultural norms, our initial work
indicates that Pashtu experts had no dif-
ficulties mapping them and their anchor
points into Pashtu culture, where the scales
work similarly.” The claim is certainly not
that, say, parents and children have the
same degree of social distance in American
culture as in Pashtu culture. Rather, what-
ever relationship corresponds to a value of
100 in both cultures will require the same
degree of redress (however that is defined
in the culture). Although substantial work
remains to formalize scales in and across
cultures, we believe our approach—and the
validation exercises we report on in a mo-
ment—show promise for cultural universal-
ism, as Brown and Levinson have claimed
for their model.

Next, we developed numerical valuations
for various redressive behaviors based on
Brown and Levinson’s guidelines. We de-
fined value ranges for the broad classes of
strategies as follows: using an individual
positive redressive strategy provides 1 to 40
units of redress; using an individual nega-
tive redressive strategy provides 20 to 60
units of redress.> Within these ranges, we
assigned a specific score to individual in-
stances of redress in the category, as we il-
lustrate later. (We largely haven’t addressed
off-record strategies yet, but Brown and
Levinson suggest that they would be gener-
ally more potent than either positive or neg-
ative strategies.)

We scored the effects of multiple re-
dressive strategies as simply additive. This is
the primary reason that the scales for terms
contributing to face threat weight (power,
social distance, and so on) and those contrib-
uting to an action’s redressive value differ
so greatly. In practice, any given interaction
contains multiple redressive acts, and their
individual values combine to produce the
summed V(A,) value. We understand that
additive summing is a simplification and
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Vignette 1: High face threat,

high redress, balanced

A low-ranking soldier (a corporal, as

his uniform insignia indicates) walks
into the mayor’s office, and the mayor
motions him quickly to a seat. The
soldier takes off his hat and sits down,
waiting while the mayor continues to
write something. The mayor finishes
writing, puts down his pen, and looks
up at the soldier expectantly. The
soldier says, “I'm sorry to interrupt
your work, Mayor Fredrickson, but my
name is Corporal Jones, and I've been
put in charge of your escort to the event
tonight. | was wondering if it would be
possible for you to let me know where |
can meet your wife, so that | can get her
there on time?”

Vignette 2: High face threat,
low redress, imbalanced

This interaction follows Vignette 1,
except the soldier acts and speaks
differently. Here, he interrupts the
mayor while he is speaking, perhaps
by putting a hand on his shoulder, and
says loudly, “Tell me where | can meet
your wife.”

Figure 1. Sample politeness vignettes.
To test our approach, we crafted social-
interaction vignettes, such as these,
designed to represent varying levels

of politeness imbalance according to
American cultural intuitions.

that the efficacy of added redressive behav-
iors inevitably falls off, eventually just be-
coming irritating. However, we haven’t yet
attempted to model such subtleties (nor have
we needed to). This means that the value of
a set of redressive actions contained in inter-
action is simply the sum of their individual
values. We then subtract the computed W,
from the summed V(A,) value to provide an
imbalance metric, which conveys varying
degrees of rudeness or overpoliteness by its
magnitude and size, as we described earlier.

Using and evaluating

the algorithm

We tested our approach in a series of sam-
ple social-interaction vignettes crafted to
represent (according to our American cul-
tural intuitions) either normal, balanced
politeness; unbelievable overpoliteness; or
unbelievable rudeness. Our goal was to de-
termine whether the equation and scoring
techniques would track our intuitions. The
level of face threat and redress varied over
this set of vignettes so that high face threat
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Table 1. Scoring redressive behaviors used in Vignette 1 in Figure 1.

Action and interpretation Score

1. The soldier waits until the mayor is finished and invites him to 60
speak. This seems a very explicit form of negative politeness
(putting the other’s interests first) and, especially in this instance
where the hearer wasn’t actively engaged in another conversa-
tion, seems very potent.

2. The soldier takes off his hat. This is a sign of deference, which is 50
in turn a fairly potent negative politeness strategy.

3. The soldier apologizes for interrupting. This is also a negative 30
politeness strategy, although arguably less potent. However, it
can be highly mitigated by facial expressions and body language.

4. The soldier uses an honorific, which is a moderately potent nega- 40
tive politeness strategy.

5. The soldier poses the face threat action as a question, which is a 20
common (and somewhat weak) negative politeness strategy.

6. The soldier offers an explanation or reason for needing the infor- 35
mation. This is a reasonably potent positive politeness strategy.

7. The soldier appeals to the mayor’s (the hearer’s) interests. This is 30
a positive politeness strategy that’s powerful in this context.

8. The soldier is hesitant and skeptical about compliance. This is a 30
common but reasonably potent negative politeness strategy.

Total 295

situations paired with high redress levels
(roughly balanced) as well as low redress
levels (highly imbalanced and rude). Simi-
larly, very low face threat levels paired with
very high redress levels (overpolite) and
with low redress levels (balanced). Figure 1
illustrates two such vignettes.

Evaluation 1:

Trained rater correlations

Next, we assessed each of our eight vi-
gnettes using the operational scoring tables
we created for situational context param-
eters (power, social distance, and so on)
and for the individual redressive actions’
values. For example, for the first vignette,
the imbalance evaluation proceeded as
follows.

The corporal (as the speaker) has lower
power than the mayor. Their power differ-
ence is fairly large—probably larger than
the anchor point of 100 we used (a parent’s
power over a 12- to 13-year-old teenager)
but less than the anchor point of 1,000 (a
parent’s power over a small child or in-
fant). We scored this as power difference
=300.

The two individuals have no particular
familiarity, but social distance isn’t extreme
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either. They are from slightly different cul-
tures (military and civilian) and show no
evidence of a prior relationship, but they’re
engaged in a common endeavor. The so-
cial distance between them is probably only
slightly higher than 0. So, we decided that
social distance = 3.

The request’s imposition could be large.
To ask after the location of one’s wife so as
to pick her up is comparatively threaten-
ing, although the fact that this task is in the
mayor’s service should mitigate this (as the
corporal reminds him). The raw imposition,
however, is only a short answer, character-
istic of our level 10, so we determined that
imposition = 10.

Because we’ve provided no reason to be-
lieve that the corporal’s character is any-
thing other than nominal, we assume that
character = 0.

These scores result in an FTA weight
(from the observer’s perspective, as we’ve
described) of 3 + 300 + 10 + 0 = 313.

For the redress value of the corporal’s ut-
terance and behavior, we scored the set of
redressive actions in Table 1 on the basis of
whether they were positive or negative strat-
egies and the relative value we thought they
had within the ranges we specified in the
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“Operationalizing EE terms” section.

So, this vignette’s imbalance score, cal-
culated through our equation, would be
295 — 313 = —-18. Because we designed this
vignette to convey both high face threat and
high redress and, thus, to be roughly bal-
anced, this score seems about right, falling
very near zero.

For the second vignette, in contrast, we
have a high degree of face threat with vir-
tually no redressive actions. This is un-
expected and should be perceived as very
rude. This scenario should have a score
much lower than 0 on our imbalance metric,
indicating substantial unredressed threat.
Vignette 2 had the same face threat attri-
butes as Vignette 1 but was scored as hav-
ing only 40 points of redress, thus giving an
imbalance of 40 — 313 = —273. This imbal-
ance is strongly negative, meeting our ex-
pectations for an interaction intended to be
perceived as rude.

We carried out a similar evaluation for
eight vignettes, and the quantitative algo-
rithm closely tracked predictions for rude,
polite, or nominal perceived etiquette levels.
As Figure 2 shows, all vignettes that were
intended as nominal—that is, using about
the amount of redress expected in Ameri-
can culture for the amount of face threat
incurred—scored within +/-100 points
of zero. All vignettes that we expected to
be overpolite scored well higher than 100
points, whereas all those we expected to be
overly rude scored substantially fewer than
—100 points.

Whereas this example was based on one
individual’s assessments (Miller’s), we have
since replicated it with two other raters fol-
lowing a brief training session. Each rater
was a member of the project and gener-
ally familiar with the Brown and Levin-
son model but unfamiliar with the specific
scores that Miller produced. Each rater
scored the vignettes, then we statistically
compared the three scoring sets. The top-
level imbalance metric showed a Robinson’s
A correlation of .931 among the three rat-
ers across the eight vignettes, and the two
major subfactors (face threat weight and
redress value) showed correlations of .950
and .863, respectively. These values are all
well above the traditional thresholds of .7
or .8 for multiple-judge rating correlations.
So, this study supports the claim that we’ve
identified a reliable method of scoring the
degree of politeness in social discourse—at
least in American cultural settings.
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Figure 2. A priori expectations based on vignette designs along with politeness
scores. We calculated imbalance scores for eight vignettes and found that they

closely tracked our predictions.

Evaluation 2:

Untrained rater correlations

We subsequently conducted an experiment
wherein 22 American college students (re-
spondents to flyers and unaware of our the-
ory or model) rated the same eight vignettes.
Participants reviewed a backstory describ-
ing the vignette participants and answered a
series of questions about their relationships.
They then read the specific, verbal interac-
tion (utterance) and answered (using Likert
scales) questions about their perceptions of
the actors, their relationships, the degree of
politeness they used, and whether the par-
ticipants regarded the interaction as normal,
rude, or overly polite.

Correlations between participants’ rat-
ings of the model parameters and our own
remained very high. Comparing the project
team’s mean rating with the untrained par-
ticipants’ mean rating using Pearson’s coef-
ficient showed correlations of .867 for power
ratings, .881 for social distance, .766 for im-
position, and .892 for overall imbalance/
politeness ratings. The overall politeness
correlation was significant at the p < .01 level
(two-tailed). Although the number of par-
ticipants involved was limited, that merely
reduced the probability of a significant find-
ing, making this a conservative test.

We also asked participants whether they
changed beliefs about the power and social-
distance values after they had seen and
heard the actors’ utterances. Some vignettes
used utterances expected to be nominal,
whereas others used either unexpectedly
high or low politeness levels. So, we hy-
pothesized that if our model was correct,
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Figure 3. The effect of nominal versus
off-nominal vignettes. The politeness
scores for all eight vignettes fell in
their expected ranges. As our model
predicted, more participants wanted
to change their estimates of power
difference and social distance after
hearing an unexpected (off-nominal)
level of politeness.

then more participants would be willing
to change their ratings after seeing the vi-
gnettes with off-nominal politeness rather
than those with nominal politeness.

As Figure 3 shows, a higher percent-
age of participants reported a willingness
to change their ratings in response to the
off-nominal vignettes, although this effect
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was more pronounced for power differ-
ence (P) than for familiarity (which Brown
and Levinson have called “social distance”
or D) ratings. A paired-samples t-test on
the mean values for the four nominal ver-
sus four off-nominal vignettes showed that
significantly more participants wanted to
change their estimate of power difference
after reading or viewing the off-nominal
behaviors than after the nominal ones (f =
—4.85,df=3, p<.05). A similar test for the
social distance parameter was not signifi-
cant (r=-1.186, df=3, p > .2) but trended in
the same direction.

In general, these data support our inter-
pretation and implementation of Brown and
Levinson’s model. Moreover, they support
the claims that unexpected (that is, off-
nominal) amounts of redress prompt peo-
ple to reinterpret their beliefs about con-
text—specifically, their beliefs about the
power and familiarity parameters. That
participants proved more willing to review
their perceptions of power relationships than
social distance might be a function of the
marked power relationships in the vignettes
(involving, as they did, soldiers and civil-
ians). Or, it might reflect a more general
tendency among Americans to seek expla-
nations for politeness variations in power di-
mensions first. Resolving this question must
await future research.

Implementation results
and payoffs
Using Brown and Levinson’s model in a
module for reasoning about social-interaction
behaviors ensures universal reasoning
about and scoring of abstract politeness ac-
tions. However, any such module must be
equipped with culture-specific knowledge
bases to enable reasoning from a culture’s
observable behaviors (such as pursed lips
or a rigid hand-to-eyebrow salute) to the ab-
stract etiquette actions (and therefore, polite-
ness implications) over which raters score
the model’s parameters. This separation of
reasoning framework from culture-specific
scoring knowledge has the practical impli-
cation that developers can effectively modu-
larize an automated system’s general social-
interaction reasoning and thus realize large
savings in simulation code development.
Using this approach, developers can eas-
ily transpose basic game storylines, train-
ing modules, and even specific characters
from one cultural milieu to another. For
example, the village priest the player had

Coltoural

Dynamics

to interact with to get intelligence informa-
tion in a Kosovo training game could take
on the culture-specific behaviors and reac-
tions of an imam (the appearance would re-
quire further work not reflected here) in an
Iraqi training game simply by loading a new
module of cultural knowledge. New knowl-
edge bases of culture-specific politeness be-
haviors would need to be developed (and, of
course, checked for accuracy) for each new
simulation. However, the core game story-
lines and character roles, general actions,
motivations, capabilities, and so on, could
remain unchanged.

In previous research,” we’ve detailed our
success in integrating this implemented al-
gorithm into the Tactical Language Train-

Owing fo the recombinable
nature of the knowledge
e capture for our efiquerte

algorithm, we have reason
o believe that our approach
scales geomefrically.

ing System (TLTS), a language train-
ing game developed by the University of
Southern California’s Center for Research
in Technology for Education.!” In this re-
search, we used our algorithm as part of the
reasoning of simulated characters and dem-
onstrated the algorithm’s ability to provide
both perceptions of and reactions to inter-
actions from other simulated characters and
from human game players. Furthermore,
developmental efforts using our modular
algorithm took less software development
time than traditional scripting approaches.
This work also demonstrated our approach’s
ability to provide at least reasonable knowl-
edge and use of politeness levels in a cul-
ture that’s not American—specifically, that
of the Pashtu-speaking people along the Af-
ghanistan-Pakistan border.

Perhaps most interesting is that parsing
the perception of politeness into subcompo-
nents (power, familiarity, imposition, char-
acter, and redressive values) makes it pos-
sible to recombine these subcomponents
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and greatly expand the set of possible ut-
terances a system captures—just as under-
standing vocabulary and syntax rules en-
ables construction of all possible sentences
in a language. By explicitly representing the
knowledge to compute how one observer
perceives a speaker’s utterance, we sim-
plify computing how any other characters
will perceive that speech act from any other
speaker. To accomplish this, we simply rep-
resent the believed power and familiarity
values for the new pair. Similarly, because
we know the value of adding a specific hon-
orific to an utterance, we also know the rel-
ative worth of using that positive redress
strategy for any utterance in which it makes
sense.

Traditional scripting approaches to rep-
resenting social-interaction behaviors in
games or simulations have linear scalabil-
ity; developers must create each subsequent
interaction from scratch with essentially the
same cost in labor as the one before it. Ow-
ing to the recombinable nature of the knowl-
edge we capture for our etiquette algorithm,
we have reason to believe that our approach
scales geometrically.”

In fact, during our work with TLTS, we
demonstrated this scalability by acquiring
the knowledge for and encoding perception
scores (PSs) that could be generated by our
Etiquette Engine. A PS indicates how one
observer perceives the politeness of one spe-
cific communication that a specific speaker-
hearer pair uttered. We encoded our first set
of 42 PSs on the TLTS project at a rate of
2.33 PSs per hour, but we acquired the next
set of 378 PSs at 19.89 PSs per hour and the
final set of more than 2,000 PSs at a rate of
48.96 per hour. In short, it becomes easy to
recombine previously scored elements to
generate the product set of possible commu-
nicative acts. The system will then automat-
ically score each act on the basis of those
previously scored elements.

Our model of politeness and etiquette
allows explicit, quantifiable predic-

tions about people’s perceptions of utter-
ances in context. Such work has multiple
payoffs. In addition to the reductions in
software engineering time and effort re-
quired for games and simulations described
previously, we're using our model to inform
a series of human-interaction experiments,
exploring human reactions to variations
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in the politeness with which a directive is
delivered. By “directives,” we mean the
speech act sense of any utterance intended
to direct the hearer to perform some act. So,
this term covers everything from beseech-
ing requests to direct, forceful commands
and advice or warnings from a decision
aid or human trainer. In short, our experi-
ments are exploring if, for example, saying
“please” has an effect on whether and how
a human hearer chooses to comply with the
directive.

We suspect that using directives that tar-
geted hearers perceive as more polite will
increase the overall likelihood that the
hearers will comply with the directive. This
should also result in increased trust for the
directive giver and the perception of re-
duced workload. On the other hand, reaction
time might be slower, because increased po-
liteness is associated with reduced urgency,
according to our model. We’ll also look at
whether these trends differ cross-culturally
and whether the directive giver’s status as
human or machine makes any predictable
difference in a human hearer’s compliance.

Etiquette and politeness are far from
the only aspects of culture that research-
ers should model in computational tools
and approaches. However, they’re a perva-
sive aspect of virtually all interactions that
matter in cross-cultural collaboration and
interaction.

An ability to score the politeness of ac-
tors’ interaction behaviors in a cultural and
social context allows for quantitative reason-
ing (and, ultimately, for machine aids and
predictions) about how social-interaction
moves will be perceived. So, our interpre-
tation of Brown and Levinson’s model and
implementation of it in a computational
form holds the potential to equip a wide
range of simulated characters representing
different cultures with the culture-specific
ability to perceive and evaluate human be-
haviors and react accordingly. Similarly, it
can enable machine systems to determine
appropriate behaviors to further ends such
as trust, usability, and user acceptance. Fi-
nally, the model might also assist in manag-
ing or even filtering and translating polite-
ness in conversations between members of
different cultures.™
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