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Abstract

We present empirical justification of why logistic regressmay acceptably ap-
proximate, using the number of currently vocalizing imetltors, the probabili-
ties returned by a time-invariant, conditionally independmodel of turn-taking.
The resulting parametric model with 3 degrees of freedornasva to be identical
to an infinite-range Ising antiferromagnet, with slow coetians, in an external
field; it is suitable for undifferentiated-participant segios. In differentiated-
participant scenarios, untying parameters results in &niterrange spin glass
whose degrees of freedom scale as the square of the numbemtiofgants; it of-

fers an efficient representation of participant-pair syonl. We discuss the im-
plications of model parametrization and of the thermodyicaand feed-forward
perceptron formalisms for easily quantifying aspects aivessational dynamics.

1 Introduction

The organization of conversational turn-taking, partéelyl in multi-participant scenarios, eludes

efforts at straighforward, tractable modeling, despiténok that conversations “exhibit their order-

liness, have their orderliness appreciated and used, aedihat appreciation displayed and treated
as the basis for subsequent action” [15].

The stochastic modeling of multi-participactironogramg3] of speech activity as vector-valued
Markov processes is one of several alternatives [18]. ArbgeamQ = {q,...,qr} is a repre-
sentation of conversation which elides lexical contexh-darational prosody, and other non-vocal
behavior. EachiK-length vectorq,, 1<t<T', concatenates the binary vocal activity staté& =
{0J, ®} at instant of all participants. It is therefore drawn from the §&t = {So,S1,...,Sx_1},

of N = 2K alternatives. Chronograms describe only the relatiwing of the deployment of vocal
activity in conversation; that modeling them stochashjcdbes not require a definition of what a
turn might actually be is in our view its main strength.

The goal of a general-purpose, time-independent turm¢pkiodel under these assumptions is to
provide the prior likelihood of). With first-order history truncation,

P(Q) = P(ao)[li_ P(arlae1) - (1)
A constraint ofconditional independencamong participants’ states can be implied by further fac-
toring each bigram factor in Equation 1 into

P(alarr) = ITie, P(ac[k] [aei [k, Crar i) 2
whereCy, is the K x K identity matrix with thekth column removed. This form, known as the
“single-port” model in [1] and the “separate source” moaefd], has recently been implemented in
a spoken dialogue system [14].
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Figure 1: A meeting from the ICSI Meeting Corpus [Bhr 025, with K = 8 participants and” ~

20K 100-ms frames. (a) Negative log-probabilities (algrgxis) of observed stat&s, as a function

of the degredfS; || of overlap in that state (alongaxis); dashed line indicates the unweighted least-
squares fit to- log P (]|S;|) as a function of|S;||. (b) & (c) Negative conditional logit-probabilities
(along y-axes) of initiating and continuing speech, respectivatyjnstantt given the degree of
overlap observed among interlocutors (alongxes) at instant— 1. Dashed line indicates weighted
least-squares fit te-logit P (B|J, ||CS;||) and —logitP (H|M, ||C\S;||), respectively. Solid line
indicates a fit with the constraint that the slopes in (b) a)dé identical. Weighting achieved using
P (||CkS;||) in both cases. These trends are observed for all ICSI meeting

In multi-party conversation, prediction of vocal activity using directirmsites of the probabilities

in Equations 1 and 2 has been shown to be infelicitous forraéveasons [9], chief among them
being the size of the state spa®€. To address this problem, we have recently proposed [10] a
conditionally independent “single-port” variant of the B0nodel of [9], which ties conditioning
contextsCq;_1 by theirdegree of overlapor the number of participants vocalizing simultaneously
in them,||Crq;—1||. The SPEDO model yields

P(a[k] |ae-1[k], Crar—1) = P(aelk] [q-1[k],||Cras-1ll) 3)
and is the point of departure for the current argument. Timebar of independent parameters in this

model is2 K. Consequently, longet-grams have(2K)(”_1) independent parameters; our experi-
ence [10] is that SPEDO models begin to underperform whanrhenber of parameters, estimated
from over 60 hours of meetings, exceeds approximately 20@s dircumscribes the length of his-
tory which can be used to condition estimates. A common aspetochastic turn-taking models is
that they arenon-parametriceach probability which the models return must be separatedeled
and stored (less one per state, since they sum to unity). dinent work describes the justification
for a parametricmodel, in which the required probabilities are generatethfan “internal” model,
whose own parameters are fewer in number and are not thoselplites themselves.

2 Ancillary Observations on Overlap

In [17], it was reported that 31.4-54.4% of talkspurts inrgdéameeting corpus exhibit some over-
lap; similar numbers have been reported for dialogue [4].aGtill finer scale, [2] showed using a
multi-site multi-party corpus that 11.6% of speech by timhibits overlap, and that of all overlap
time, 92.2% consists of simultaneous vocalization by onpagicipants. We extend those analyses
here, by partitioning all overlap by degree. This exposeséfationship between the degrés; ||

of overlap in stateéS; and the negative log-likelihood of that state’s occurreinca conversatior

of durationT, —log P (S;) = —log % Z;‘FZI 0x (at,S;); wheredk is defined as the Kronecker
delta extended tds -length vector arguments. Figure 1 depicts the paifi§s ||, — log P (S;)) for

all states observed in a single meeting as short horizointes.| The figure also shows the points
(IS:]l, —log P (||S:[])), where—log P (||S;]) = —log = 37, & ([la|.|IS:]]), with longer hori-
zontal lines. These latter points indicate the probabditpeing inany state with the same degree
of overlap. The probability of any non-zero degree of oyeitasurprisingly easy to predict.

3 Logistic Regression

Figure 1(a) depicts theinconditional (unigram) probability of contrastive degrees of overlap,
whereas Equation 3 requires the degfi€&.q;_1|| of overlap only amongnterlocutorsof par-



ticipant £ to be modeled, in theonditioning contexif a Bernoulli variableq, [k]. Because
P(q:[k]=M]...) = 1— P(q:[k] =0...), we treat onlyinitiating vocalizationand continu-
ing vocalization P (B, ||Crq;—1||) and P (H|M, ||Crq;—1]|), respectively.

Panels (b) and (c) of Figure 1 depict these probabilitiefgriad from the same meeting used to
produce panel (a), as a function of the degree of interlo@terlap. They are shown on the negative
logit scale, rather than the negative log scale, since a linean fti@latter may lead to probability
estimates outside the unit interval; the scales are vigiddhtical for small probability values. As
can be seen in panel (b), the probability of initiating vazation is larger when two interlocutors
are observed to be vocalizing than when only one is; the sannee for three interlocutors relative
to two. Evidently, the floor is more “up for grabs” when morarhone person is already seen to be
vocalizing. The least squares fit, weighted by the likelithodinterlocutor overlap and shown as a
dashed line, poorly predicts behavior whed,q;—1|| > 1 (this accounts fok 5% of frames).

A similarly produced fit for continuing vocalization is mubletter, as evidenced in panel (c). The
monotonic fall in probability of continuing to vocalize iverlap is described in conversation analy-
sis as “Talk by MoREthan two at a time seems to be reduced to two (or to one) evea efitziently
than talk by two is reduced to one” [16]. A weighted least sqadit, constrained such that the slope
of the fit in panels (b) and (c) is the same, is shown as a solifi both panels; it does not deviate
from the dashed lines egregiously around the points wittettgestP (||Crq;—1||) weights.

We now assign to the common slope the symibal, and note that the solid lines in both panels
are described by-logit (P (...)) = —ht = b+ wiaqe—1 [k] + w_ 3", ai—1 [j], with {0, B}
coded as{0,1}. Alternately, in matrix notationh; = — (b+ Wq;_1). Wis aK x K matrix
with w, along the diagonal and_ elsewhere. The probability that participants in statel is
then simply P (q; [k] = B|q;—1) = 1/ (1 + e PP[k]), the inverse of the logit function3—* is
the pseudo-temperature, and is clamped to unity here. dhisulation makedV the connectivity
matrix of anlsing mode[13]. The absence of off-diagonal zeros makes itrdimite rangemodel;
each participant influences every other. That all off-diegj@ntries are positive suggests that the
model isantiferromagnetic; its minima are attained when only one pewsmalizes at a time. The
non-zero diagonal entries denote what are known as “slowadyc connections [5].

4 Some Consequences of This Account

The above formulation yields a 3-parameter model of mudtipturn-taking, which assumes that
all participants are governed by identical dynamics. Téigarsimonious relative to other models;
the SPEDO model, which the Ising model approximates,diadree parameters [10]. Presently,
we are investigating methods of learnifig w_, w } acrossconversations, to be appliedtoseen
conversations) appears to depend dxi, and we expeci; + b < 0 for sub-talkspurt frame steps.

Modeling thefuture within conversations, over the course of which neither thmber nor index
assignment of participants changes, can be improved byimgldhe undifferentiated-participant
tying in W. When allK x K parameters are fred8V becomes the connectivity matrix ofspin
glass The value in rowk and columry indicates the extent to which participgrinhibits participant
k from speaking. Inference &V can be achieved via threweighted least squaredgorithm, or, as
we prefer in anticipation of future extensiormckpropagationn the cross-entropy errar This is
becauséV andb also implement the weights and biases of a single-layerep#ien with sigmoid
activations and no hidden units. We have estima¥dhis way to classify conversation type [11],
as well as participant role and seniority [12]. Second passnation of a time-varying pseudo-
temperature, withV andb fixed, has been used to locate conversational hot spots [8].

We are planning to port the Ising and spin glass models destabove to an online system. There
are three aspects of the current argument which deservigispeention. First, the parametrization
of the discrete symbol SPEDO model facilitates the inclusibany feature domain in the condi-
tioning context. We are particularly interested in augrmgnthe model with intonation, loudness,
and syllable rate features. Provided that features can i@uied without prior segmentation, the
parametric models can in principle be used to predict futaoal activity without having to segment
past vocal activity. Second, the thermodynamic formali$iers many novel tools for studying con-
versations as general-body dynamic systems. The design of a temperature measugpgantify
“heated” departure from turn-taking norms, and to charamténstances and varieties of conversa-



tion, is one example. Finally, the neural network formalemables flexible combination and coding
of transition probabilities, as well as myriad ways to imggoegression via hidden units (but with a
larger parameter space). We anticipate that it will alsodietively easy to extend the models with
softmax outputs to predict different types of vocal acyivibcluding laughter and backchanneling.

5 Conclusions

This paper has presented a justification of employing a pansious and well-understood formal-
ism, with roots in both statistical physics and computatlareuroscience, to the problem of mod-
eling the taking of turns in multi-party conversation. Thstjfication consists of the discovery of
a near-linear relationship between a multi-participaatess negative log-likelihood of occurrence
and its degree of overlap, and similar but weaker trendsrgawg conditional probabilities with in-
terlocutor overlap in the conditioning context. The exation of this relationship yields naturally a
family of extensions of the Ising model. We have mentionedpast successes with this model, our
current work on parameter regression across conversatodsour immediate plans to implement
the model in spoken dialogue system settings and expersment
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