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Abstract

In this work, we propose an information theo-
retic metric of coordination in dialogue, namely
the information gain afforded to a language
model supplied with dialogue context, ver-
sus the same model without dialogue context.
We experiment with this metric using, multi-
lingual BERT to test the hypothesis that code-
switching is a coordination mechanism in mul-
tilingual dialogue.

1 Introduction

Face-to-face dialogue requires that participants co-
ordinate on multiple levels of interaction. Coor-
dination is both procedural (coordinating on the
structure of the interaction) and semantic (coor-
dinating to establish what has been said). While
these two aspects of interaction are difficult to peel
apart, it is clear that most work attempting to quan-
tify coordination is chiefly concerned with proce-
dural coordination. Most statistical analyses of
content in this area have sought to measure align-
ment, a related but distinct phenomenon. Face-to-
face dialogue is a complex activity that requires
coordination on multiple levels. Coordination is
both procedural, i.e., coordinating on navigating
the different stages of a joint project (Mills, 2014;
Bangerter et al., 2020) and semantic, that is, refer-
ential convergence (coordinating to establish what
has been said). While these two aspects of interac-
tion are difficult to peel apart, it is clear that most
work attempting to quantify coordination is chiefly
concerned with referential coordination. In parallel,
most statistical analyses of content in this area have
sought to measure alignment, a related but distinct
phenomenon.

The measure of coordination proposed in this
paper operates on the intuition that coordination
in diolague can be characterized as involving inter-
loquitors who follow the maxims set out below in

the manner of Grice’s maxims:1

1. Act in such a way that makes use of the dia-
logue context.

2. Act in such a way that creates contexts that
are useful to your interlocutors.

In this work, we propose the information gain af-
forded by dialogue context as a measure of dialog-
ical coordination. As a proof of concept, we use
this this metric with multi-lingual BERT to test the
hypothesis that code-switching is a mechanism for
achieving coordination in multi-lingual dialogue.

Before embarking on the computational aspects
of this work, we will give some background on the
two main dialogue concepts under consideration,
coordination and code-switching.

2 Background

Coordination in dialogue Turn-taking is a clas-
sic example of procedural coordination. Speakers
coordinate to minimize gaps between turns while at
the same time keeping speech overlaps brief (Sacks
et al., 1974). This is achieved through a complex
system of cues that include eye gaze (Sekicki and
Staudte, 2018), head movement (Maynard, 1990),
and incremental/predictive processing of utterances
(Schlangen and Skantze).

Most work in this area that considers the con-
tent of utterances focuses on alignment, often as a
proxy for coordination. Certain psycholinguistic
models of language processing even posit align-
ment as the basis of successful interaction (Pick-
ering and Garrod, 2004). However, coordination
cannot be reduced to priming-driven alignment,
since true coordination in dialogue often requires
superficially divergent behavior among participants

1While these maxims characterize the behavior of coordi-
native speakers, we do not mean to suggest that it is from these
maxims that real-life speakers act. The cognitive mechanisms
that bring about coordination are a separate question.



(Healey et al., 2014). Consider the following ex-
change:

A: Would you like some tea?
B: Yes, thank you.

(1)

We understand speaker B’s utterance as demonstra-
tive of coordination since it only makes sense in
the context of what A said — it makes use of the
dialogue context.

Consider, on the other hand:

A: Would you like some tea?
B: I would like some tea.

(2)

While perfectly acceptable as a stand-alone sen-
tence, (2) is a little odd in conversation. This ut-
terance does not make use of the dialogue context
afforded by A. Note that this is true in spite of the
fact that most measures of alignment would rate (2)
as exhibiting greater alignment with A than (1).

Notable exceptions to the alignment-centered ap-
proach have focused on the coordinative role of
specific dialogical phenomena, including interjec-
tive feedback or backchannels (Healey et al., 2018;
Howes and Eshghi, 2019), clarification requests
(Healey et al., 2011), repair (Ginzburg et al., 2007;
Purver et al., 2018), and disfluencies (Ginzburg
et al., 2014). While the present study does not fo-
cus on these phenomena, future work could explore
the utility of our methodology in their analysis.

Code-switching Code-switching in interaction
has been widely studied within conversation ana-
lytic (CA) approaches using spontaneous bilingual
speech, however, by design, such approaches pre-
clude experimental testing to understand the com-
municative effect of code-switching in dialogue
under controlled conditions. Nonetheless, insights
from cross-disciplinary studies on the interactive
features of code-switching contribute to formulat-
ing testable hypotheses on bilingual dialogue. The
earliest CA approaches to bilingual speech exam-
ined the sequential use of different languages in
the same conversation. It has been established that
bilingual speakers are more likely to code-switch
with members of their language community, espe-
cially in highly bilingual environments.

The discourse functional properties of differ-
ent types of code-switching (such as alternational
and insertional code-switching) have been stud-
ied in experimental and corpus-based approaches.
Mackey (2000) observed that alternational code-
switching is governed by changes in topic and the
people involved in the conversation. Similarly, Wei

and Milroy (1995) note that switching to a lan-
guage different from that of the previous utterance
signals an imminent dispreferred response, mir-
roring the contrast in the flow of the content. Al-
ternational code-switching is one of the three dis-
tinct intra-sentential switching patterns defined by
Muysken (2000) where switching happens between
utterances or at clause boundaries. On the other
hand, insertional switching refers to instances when
a word or a constituent from one language is in-
serted into the syntactic frame of another language.
A study by Myslı́n and Levy (2015) investigated
the discourse function of insertional switches at
the end of Czech-English code-switched utterances.
They noted that more informative utterance endings
were marked by switching to another language.

In this work, we do not distinguish between inser-
tional and alternational codeswitching, since this
would require detailed syntactic annotation, but
we do distinguish between within-utterance and
between-utterance code-switches.

3 Method

An autoregressive language model makes next-
token predictions by considering the tokens that
come to the left of the target position. In this way,
the entropy of such a model’s prediction distribu-
tion is an estimate of how (un)predictable the next
token is. In the following, we use the term dialogue
model loosely to refer to language models that also
consider the left context of a dialogue, in addi-
tion to that of the current utterance. We will first
introduce the proposed dialogue model-based coor-
dination metric before moving on to describe how
we use BERT as a rudimentary dialogue model.

3.1 Information gain of the dialogue context

In the following, let M be a dialogue model; that
is, given a tokenized utterance u = (t1, ..., tn) and
dialogue context c, M gives us two functions:

Mu(u, i)(x) = pM(x | t1, ..., ti−1), (1)

and

Md(c, u, i)(x) = pM(x | c; t1, ..., ti−1), (2)

such that both Mu and Md give a prediction of the
next token, x (i.e., a probability distribution over
the vocabulary). The difference between the two
functions (and the reason we regard M as a dia-
logue model) is that Md incorporates information
provided by some notion of dialogue context.
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Figure 1: Mean un-adjusted contextual information gain
by token position. Error bars show standard deviation.
Information gain of 0 means that the context provides no
additional information for guessing the masked token.

With this in hand, we can estimate the token-
level information gain afforded by the dialogue
context, the contextual information gain, with re-
spect to the dialogue model M as follows:

IGM(u, i) = H(M(u, i))−H(M(u, i, c)), (3)

where H is the entropy of a discrete probability
distribution, as it is usually defined.

Like language model perplexity, this metric suf-
fers from the difficulty that it varies a lot depending
on the position of the token — dialogue context is
much more helpful predicting early tokens since
there is less else to go on (see Figure 1). For this
reason, we compute and µi, σi, the mean and pop-
ulation standard deviation of IGM(u, i) over all ut-
terances for each position and define the adjusted
metric as follows:2

IG∗
M(u, i) =

µi − IGM(u, i)

σi
(4)

Intuitively, this metric tells us, for a given utterance,
how much more helpful than average the dialogue
context is in the task of predicting token i.

3.2 Multi-lingual BERT
Multi-lingual BERT (M-BERT), introduced by De-
vlin et al. (2019), is a transformer-based language
model with the same architecture as the standard
BERT model, but trained on 104 corpora of text
from different languages (mostly Wikipedia). Al-
though m-BERT was trained on primarily monolin-
gual texts, Pires et al. (2019) finds that it is able to
perform tasks in code-switched environments. The
pre-trained English language BERT has been used
for dialogue understanding with some success. The
current study will serve as another test of BERT’s
ability to generalize to dialogue contexts, although
we leave fine-tuning for future work.

In pre-training, M-BERT is shown two sentences
at a time, separated by a [SEP] token. The two

2This is done separately for each corpus.

sentences are consecutive in their source corpora
50% of the time, so M-BERT learns to improve
its token predictions based on context beyond the
sentence level. We use M-BERT as a rudimentary
dialogue model by providing it with adjacent ut-
terances. For a pair of adjacent utterances u1 and
u2 = (t1, ..., tn), we define BERTd(c, u2, i) as the
predictions that M-BERT gives for position i with
u1 and u2 as input and tokens ti, ..., tn masked out.
BERTd(u2, i) is computed in the same way, but
with all of u1 masked out (see Figure 2).

4 Data

GSLC Miami-Bangor

context 288 5 997
target 288 5 992
both 27 1 421
between 148 9 489
any 605 15 023

total pairs 111 043 39 043

Table 1: Number of code-switched utterance pairs by
code-switch type in each corpus. Context and target
switches are similar in number, since most target utter-
ances appear as the context for the following utterance.

In the experiments, we use data from two dia-
logue corpora: the Bangor-Miami corpus, and the
Gothenburg Spoken Language Corpus (GSLC).

The Bangor-Miami corpus (Deuchar, 2010) con-
sists of 41 informal, mostly dyadic, face-to-face
conversations between bilingual speakers of En-
glish and Spanish.3 The corpus was transcribed
in the CHAT format (MacWhinney, 2022), and
annotated for language at the token level.

The GSLC consists of 360 dialogues in a mix of
dyadic, multi-party and one-party dominant scenar-
ios. The conversations range various genres, includ-
ing discussions, interviews, informal conversation,
and task-oriented dialogue. The dialogues are tran-
scribed using the Göteborg Transcription Standard
(Nivre et al.) and use Modified Standard Orthogra-
phy (Nivre, 1999) for Swedish orthographic tran-
scription. Non-Swedish tokens are annotated with
language of origin. Of 1121 non-Swedish tokens
in the GSLC, the majority (737) are annotated as
English, and the remainder are mainly Esperanto

3We excluded the Maria section dialogues, where the
partner utterances were redacted. The original corpus had 56
conversations.
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unmasked text: [CLS] how are you [SEP] good how are you [SEP]

unconditioned input: [CLS] [MASK] [MASK] [MASK] [SEP] good how [MASK] [MASK] [SEP]

contextualized input: [CLS] how are you [SEP] good how [MASK] [MASK] [SEP]

Figure 2: Example inputs used for measuring M-BERT’s token prediction entropy, BERT(x | t1, ...ti−1) and
context-conditioned entropy, BERT(x | u1; t1, ...ti−1).

(243) and Norwegian and/or Danish (82).4

Both corpora were preprocessed to remove dis-
fluency markers, overlaps, and other annotation
symbols that do not have conventional textual rep-
resentations. Orthographic transcriptions were nor-
malized to their standard textual forms.

5 Experiments

We measure IG∗
BERT(u, i) for every (non-dialogue-

initial) utterance in both corpora. We first tokenize
the utterances with a wordpiece tokenizer5 and
limit the length of utterances to 25 tokens.6

We consider code-switching at the token level
and look at between-utterance and within-utterance
code-switching separately, since there is some evi-
dence that they play different coordinative roles. In
each of these scenarios, we compare the contextual
information gain when there is a code-switch in
the context (i.e., the previous utterance) and when
there is not. We also consider whether the token in
question itself switches from the language of the
previous token (or utterance).

CS in context N Y
CS b/t utterances N Y N Y

GSLC 0.00 -0.05 0.04 0.19
Miami-Bangor -0.05 0.22 -0.04 0.12

Table 2: Mean IGBERT(u, 1) (for utterance-initial to-
kens), stratified by (1) whether the context (previous
utterance) includes a code switch and (2) whether the
initial token switches from the language that ended the
previous utterance (between-utterance switching).

For utterance-initial tokens (Table 3), we mea-
sured higher than average when both the target
token is a code-switch and there is a code-switch

4All of the Esperanto tokens come from a single dialogue,
A7925012.

5We use the M-BERT and corresponding tokenizer imple-
mentation and model weights provided by the Transformers
Python library, version 4.12.2 (Wolf et al., 2020).

6In cases where an utterance is longer than 25 tokens
(11.4% and 0.7% of and utterances in GSLC and Miami-
Bangor, respectively), we truncate context utterances to the
final 25 tokens and target utterances to the initial 25 tokens.

in the previous utterance, for both corpora. We also
measure high contextual information gain when
there is no code-switch in the previous utterance,
but only for the Miami-Bangor corpus. This could
have to do with the fact that code-switching is a
much more integrated aspect of the communica-
tive practice of that community (as evidenced by
its relative prevalence). Thus between-utterance
code-switching is predictable from non-switched
contexts, whereas in the GSLC, non-code-switched
contexts are not such that they predict following
utterances in a different language.

CS in context N Y
CS target token N Y N Y

GSLC 0.00 -0.22 0.09 0.04
Miami-Bangor 0.01 -0.21 -0.04 -0.17

Table 3: IG∗
BERT(u, i) for non-utterance-initial tokens

(i > 1), stratified by (1) whether the context (previous
utterance) includes a codeswitch, and (2) whether the
token switches from the language of the previous token
(within-utterance switching).

In the case of non-initial tokens (Figure 2), in-
formation gain is again lower for switched tokens
when there is no switch in the context; that is, con-
texts with switches are better at predicting switch
tokens than contexts without. Here, however, we
do not see the above-average information gains
that we saw for between-utterance switching. It is
worth noting, however that as these measures are
normalized, a negative score does not mean nega-
tive information gain — in fact, while the variance
is high, the information gain afforded by dialogue
context is nearly always positive in aggregate.

In the two experiments we see differences be-
tween the corpora. This suggests that the coordi-
native function of code-switching may depend on
the frequency and type of switching that is used.
We also see that IG∗ is clearly measuring some-
thing very different from alignment. Consider for
example, the relatively high information gain mea-
sured for between-utterance switching in the MI-
ami Bangor corpus when there is no switching in



the context.

6 Conclusion

In this abstract, we have proposed a new
information-theoretic metric for measuring one as-
pect of coordination in dialogue, namely, to what
degree the dialogue context can be used to incre-
mentally predict the next utterance. We used this
metric in a preliminary investigation of the hypoth-
esis that code-switching has a coordinative function
in multi-lingual dialogue. We found that there are
differences in contextual information gain depend-
ing on whether the target token is a switch from the
language of the previous token and depending on
whether there is a code-switch in the context.

The results reported here are preliminary. What
constitutes coordination depends on many factors
beyond the content of what is said, including con-
versational genre, community norms, and relation-
ships between interlocutors. The utility of measure
IG∗

M as a measure of coordination entirely depen-
dent on how well M models these different aspects
of context. No doubt M-BERT, which was trained
on non-dialogical text, leaves a lot to be desired. In
future work, we will experiment with more sophis-
ticated dialogue models and compare the contex-
tual information gain measured by different models.
We will also explore how contextual information
gain relates to other dialogue phenomena related to
coordination.
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