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Abstract

Turn-taking is a fundamental component of hu-
man communication and is signalled through
complex cues distributed across lexical, tem-
poral, and prosodic information. Full-duplex
models of spoken dialogue integrate these in-
formation sources to produce impressive turn-
taking behaviour. Yet, existing evaluations of
their turn-taking capabilities do not address
which information sources drive predictions.
We present a systematic analysis of the role
of lexical-temporal features on the predictabil-
ity of turn structure by examining Pairwise-
TurnGPT, a full-duplex model of spoken dia-
logue transcripts. Through PCA, mixed-effects
modelling, and temporal surprisal analysis, we
reveal context-dependent patterns: linguistic
fluency paradoxically creates overconfidence
at intermediate completion points, while turn-
shift overlap dominates boundary detection.
Our findings uncover where lexical-temporal
information suffices and where additional cues
become necessary, establishing a deeper under-
standing of how turn-taking cues are distributed
and how to evaluate dialogue systems.

1 Introduction

Turn-taking—the systematic organization of who
speaks when in conversation—is a fundamen-
tal component of human spoken communication.
However, it is characterized by complexity; in
spontaneous conversation, speakers overlap, in-
terrupt, and backchannel while navigating disflu-
encies. Still, conversational partners coordinate
with remarkable precision, exchanging turns with
gaps of -100 to 500ms (Sacks et al., 1974). This
intricate coordination relies on cues distributed
across the lexical, temporal, and prosodic (the in-
tonation, rhythm, and intensity of speech) chan-
nels, where their relative importance is context-
dependent (Ford and Thompson, 1996; De Ruiter
et al., 2006; Bögels and Torreira, 2015).

Recent full-duplex spoken dialogue models such
as dGSLM (Nguyen et al., 2023), Moshi (Défos-
sez et al., 2024), and SALM-Duplex (Hu et al.,
2025) integrate information across these channels
to generate artificial dialogue. Subjective human
evaluations of interactive sessions suggest these
systems can produce fluent conversational output
(Veluri et al., 2024). However, fluent output does
not guarantee realistic turn-taking behaviour.

Evidently, the degree to which these models can
reflect realistic human turn-taking behaviour re-
mains poorly understood. Many evaluations fo-
cus on human-AI interactions rather than human-
human conversation and are primarily based on
comparing corpus-level statistics of generated and
real dialogue, which ignores variation in how mod-
els handle particular conversational phenomena;
for example, do models distinguish between sup-
portive backchannels and competitive turn-shifts?
Importantly, such evaluations provide little insight
into which information sources drive predictions
about turn structure.

Beyond system evaluation, the predictability of
turn-taking behaviour poses a broader psycholin-
guistic question: how much of turn structure is re-
coverable from different channels of information?
If lexical and temporal cues already encode much
of the structure of turn transitions, then prosody
may primarily be important in ambiguous contexts.
Conversely, systematic prediction failures can help
localise where additional cues are necessary. Es-
tablishing the contribution of lexical-temporal fea-
tures to the predictability of turn structure is there-
fore informative both for dialogue system devel-
opment and for understanding how information is
distributed in spoken conversation. In this work, we
address this gap by asking : “Under what conver-
sational conditions are lexical-temporal features
sufficient to predict turn structure, and where do
they fail?”.

We present a systematic analysis of turn-taking
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predictability using only lexical and temporal in-
formation by examining predictions from our pre-
viously proposed turn prediction model, Pairwise-
TurnGPT (Leishman et al., 2024). This system
models the lexical content of spoken conversation,
aligned across speakers using word-level timings.
PairwiseTurnGPT is, to our knowledge, the only
model that encodes temporally-aligned lexical con-
tent of each speaker in a dialogue, without collaps-
ing them into a single serialised stream. As such,
it is uniquely suited to isolating the contribution of
lexical-temporal cues to turn-taking predictability.

Using PairwiseTurnGPT, we isolate the contri-
bution of lexical-temporal features through three
complementary analyses: we characterize the inter-
dependencies of the lexical and structural features
of conversational turns through PCA; we then ap-
ply mixed-effects modelling to quantify the effects
of such features on boundary detection and within-
turn uncertainty; finally we conduct novel tempo-
ral surprisal analysis to examine how predictions
evolve throughout turns.

Our findings reveal patterns invisible in corpus
aggregates. Linguistic fluency is paradoxically as-
sociated with more premature predictions for turn-
endings, though additional context in longer turns
mitigates this uncertainty. Turn-shift overlap is a
dominant cue for boundary detection and can be
differentiated from turn-internal phenomena such
as backchannels and complete overlaps. However,
lexical and temporal features cannot differentiate
supportive from competitive overlapping speech
within turns. Our results offer a computational char-
acterisation of how much turn-taking structure is
encoded in the lexical-temporal content of dialogue
and demonstrate the value of context-sensitive anal-
ysis to reveal not just whether models work, but
also when and how.

2 Background

2.1 Modelling spoken dialogue.

Traditional computational models of dialogue
treated conversations as series of discrete, non-
overlapping turns which differs fundamentally
from the complex turn structure of spoken dialogue
discussed in Section 2.3 (Ekstedt and Skantze,
2020). Full-duplex spoken dialogue models re-
move the need to serialize turns by simultaneously
processing input and output (i.e., “listening” and
“speaking”). Models such as dGSLM (Nguyen
et al., 2023), Moshi (Défossez et al., 2024) and

SALM-Duplex (Hu et al., 2025) achieve this by
applying dual-channel architectures to underlying
spoken language models (SLMs). Importantly, they
differ in their approaches to integrating informa-
tion sources—dGSLM operates on discrete speech
units, Moshi aligns text with audio, and SALM-
Duplex interleaves text and speech tokens.

2.2 Evaluating turn-taking.

Current evaluations of full-duplex systems fall into
two main categories, neither of which are sufficient
for diagnosing whether a model integrates the com-
plex turn-taking cues in human conversation.

Corpus-level metrics compare aggregate fre-
quencies and cumulative durations of turn-taking
events including interpausal units (IPUs), pauses,
gaps, and overlaps between generated and human
dialogue Nguyen et al. (2023); Défossez et al.
(2024). However, these aggregate indicators mask
important contextual distinctions; for example,
high overlap frequency doesn’t reveal whether over-
laps function as backchannels or interruptions, and
pause statistics cannot distinguish appropriate gaps
from awkward silences.

LLM judge-based or event-classification ap-
proaches provide more nuanced evaluation. Frame-
works like Talking Turns, and Full-Duplex-Bench
propose using LLMs as judges to classify and eval-
uate the appropriateness of turn events Lin et al.
(2025). FD-bench simulates conversations to as-
sess the robustness of full-duplex systems to user-
interruptions and noisy settings, using a judge LLM
along with a host of metrics to score the timing and
content of responses (Peng et al., 2025). While
these approaches are sensitive to context, most fo-
cus on human-AI interaction where turn-taking dif-
fers from spontaneous human-human conversation
(Gonzales, 1994; Levinson, 2016). Moreover, auto-
matic judges are prone to specific failures and can-
not identify the source of their judgements, leaving
open the question of how full-duplex systems in-
tegrate information sources. Recent work already
suggests that models exhibit differential capabil-
ities across information modalities: SLMs have
been shown to have limited awareness of temporal
features of their generation (Chang et al., 2025),
while Umair et al. (2024) demonstrate that text-only
models struggle to distinguish within-turn transi-
tion relevance places from actual turn boundaries.
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2.3 Linguistic theories of turn taking.
Linguistic theories characterize turn-taking as a
predictive process where interlocutors anticipate
turn boundaries from multimodal cues (Sacks et al.,
1974; Duncan, 1972). Cues in spoken dialogue are
distributed along lexical, temporal, and prosodic
features where their relative importance is highly
context-dependent. For example, Magyari and
De Ruiter (2012) show that listeners use the content
of projected utterance completions to accurately
predict turn-completion points. Prosodic cues also
play a crucial role (Gravano and Hirschberg, 2011;
Bögels and Torreira, 2015). While Roddy et al.
(2018); Ekstedt and Skantze (2022) show that turn-
end prediction can be learned from prosodic fea-
tures, both in isolation and in conjunction with
lexical content, De Ruiter et al. (2006) find that
end-of-turn prediction was only impaired by the
removal of lexicosyntactic information but not in-
tonational contours. Bögels and Torreira (2015)
argue that while lexical-prosodic cues often con-
verge, neither modality is universally sufficient.

Predictive complexity is particularly acute in
spontaneous spoken dialogue which exhibits di-
verse turn-taking phenomena with distinct commu-
nicative functions. Backchannels—short utterances
like "mm-hmm"—provide feedback without claim-
ing the floor (Ward, 2004), requiring listeners to dis-
tinguish supportive overlap from competitive floor
attempts. Complete overlaps, where one speaker’s
utterance begins and ends within another’s turn,
must be differentiated from turn-shift overlaps that
signal genuine turn completion. Cooperative over-
laps may complete the speaker’s utterance, while
competitive overlaps challenge for the floor. These
phenomena are achieved through complex, context-
dependent combinations of lexical, temporal, and
prosodic cues (Schegloff, 2000), motivating our
approach of isolating lexical and temporal features
from prosodic realisation.

3 PairwiseTurnGPT

To isolate the contribution of lexical information,
we examine predictability under PairwiseTurnGPT.
Tokens are paired across streams based on word-
level timing information to effectively model the
complex interaction between speakers by incorpo-
rating overlapping speech.

Model architecture. Mirroring the full-duplex
architecture in Nguyen et al. (2023), Pairwise-
TurnGPT is a dual-tower transformer network

(GPT-2); weights are cloned between the towers,
and each transformer block contains a multi-head
cross-attention layer. As such, the prediction of
each stream is conditioned on the conversational
history of both speakers. The model is trained on
the sum of cross-entropy losses for each speaker
stream, where each tower consists of a GPT-2
model for each speaker in the dialogue. We note
that while the GPT-2 model is not state-of-the-art,
recent work has shown that more powerful GPT-4
class models make TRP prediction errors (Umair
et al., 2024); this suggests that limitations are re-
lated to the informativeness of the lexical channel
or model architecture rather than model capacity.

Turn-Level Annotation. Conversation analysis
defines turn-constructional units (TCUs) as mini-
mal complete contributions (Sacks et al., 1974) and
Ford and Thompson (1996) shows that transition-
relevance places (TRP) (i.e., where a turn may oc-
cur but need not) emerge from converging syntactic,
intonational and pragmatic completion. However,
operational definitions of turns do not always align
with these theoretical concepts. A key advantage of
PairwiseTurnGPT’s dual-stream architecture is that
it does not require commitment to a single such turn
definition. Modelling dialogue as two time-aligned
streams provides a grounding in acoustic events,
which we use to label “turn-boundary" tokens.

We follow definitions by Ekstedt and Skantze
(2020) to categorise specific turn-taking phenom-
ena. We aggregate consecutive IPUs from the same
speaker into a single turn unless interrupted by
speech from the other speaker. Therefore, turn
boundaries are defined where a speaker has yielded
the floor, either through sufficient silence such that
the other participant begins speaking, or through
an actual speaker change. Backchannels involve
one speaker interjecting a short utterance such as
“hmm", “uh-huh” or “yeah” to provide feedback to
the speaker (Ward, 2004). We define these based
on their lexical content1 and a pause of at least 1s
between surrounding turns from the same speaker.
Complete overlap occurs where one speaker be-
gins and ends an utterance before the other speaker
finishes theirs which encompasses a variety of het-
erogeneous phenomena — both competitive and
cooperative overlaps. The remaining utterances are
classified as general turns. The alignment process
is demonstrated in Figure 1.

1We use the list of backchannel responses defined in (Ekst-
edt and Skantze, 2020)
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Figure 1: As in our prior work (Leishman et al., 2024), utterances are annotated as complete overlaps, backchannels
and turns. <eot> tokens are added to the end of these utterances. Tokens are then time-aligned and <emp> tokens
are inserted

Training Procedure and Setup. We train our
own model on more data than the original im-
plementation, combining the Telephone Speech
Switchboard Corpus (Godfrey et al., 1992)2 and
Fisher English Training Speech (Cieri et al., 2004)—
each of which contain 2430 and 11699 telephone
conversations, respectively, between strangers.
Non-verbal vocalisations are removed; partial
words, mispronunciations and coinages are re-
placed with the intended word. We split the dataset
randomly among train, validation and test sets of
sizes (90/5/5) on the conversation level. Following
the original implementation of PairwiseTurnGPT,
we initialise a pre-trained GPT2-base model (12
layers, 12 attention heads and a hidden size of 768)
3 before fine-tuning on our spoken conversation
data with a learning rate of 6.25e−5, a weight decay
of 0.01 and a batch size of 4 for 2 epochs using the
AdamW optimizer (Loshchilov and Hutter, 2017)
with sequences of maximum length 256.

4 Analysis of Turn-Taking Predictions

To investigate the source of complexity in turn-
taking behaviour, we use a held-out evaluation set
of Switchboard conversations and characterize each
turn along two primary dimensions.

The lexical components encompass how turns
are linguistically constructed:

• Fluency: KenLM-based negative log-
likelihood score (Heafield, 2011). Predictable
text is more likely to be grammatically
well-formed and as a result, more fluent4.

2We use the Mississippi State (Deshmukh et al., 1998)
re-segmented transcripts for accurate word-level timings.

3Pre-trained weights were obtained from HuggingFace
4Trained using our Switchboard and Fisher training set.

• Coherence: the cosine similarity of adjacent
utterances’ embeddings using the BERT’s
<cls> token. Utterances that share similar
topics and concepts, with similar embeddings,
are likely to be more logically connected 5.

• Diversity: inspired by Self-BLEU (Zhu et al.,
2018) , we measure the lexical diversity of a
turn relative to all turns in the same conversa-
tion. Turns that use similar words will have
a higher scores while turns using a diverse
vocabulary will have a lower score 6.

Turn-taking components capture temporal coor-
dination and turn-taking phenomena:

• Num. of Backchannels: completed within the
boundaries of the current turn

• Num. of Complete Overlaps: completed
within the boundaries of the current turn

• Turn-Shift Gap: the time between the speaker
ending their turn and the next speaker begin-
ning their turn

• Turn Length: the number of tokens between
the start of the turn and the end of the turn

4.1 Characterizing turn-taking complexity.

We begin by conducting Principal Component
Analysis (PCA) on the seven turn-taking features to
inspect conversational dynamics and set the stage
for localising the contributions of lexical and tem-
poral information to turn taking behaviour.

Table 1 reports the comparative feature loadings
across a single component, indicating correlation

5The model is fine-tuned using the Switchboard and
Fisher training set with masked-language-modelling and next-
sentence-prediction tasks.

6We calculate utterance BLEU scores by treating the target
turn as the hypothesis and the rest of the utterances in the
dialogue as the reference.
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PC1 PC2 PC3

Fluency Score 0.409 0.371 0.221
Diversity Score -0.311 -0.111 0.248
Coherence Score -0.007 0.847 0.242
Num. Complete Overlaps 0.314 -0.127 0.288
Num. Backchannels 0.533 -0.160 -0.081
Turn-Shift Gap 0.038 0.280 -0.860
Length 0.593 -0.111 -0.043

Turn-Taking Components 66.2% 35.2% 59.9%
Lexical Components 33.8% 64.8% 40.1%

Explained Variance 30.4% 15.5% 14.7%

Table 1: Feature contributions to each principal com-
ponent. The first three principal components make up
60% of explained variance

between features (i.e., features with similar load-
ing direction and magnitude on a component are
positively correlated), and the distribution of vari-
ance across the components, providing informa-
tion about redundancy between features (i.e., even
spread of variance across many components indi-
cates less redundancy).

The dominant source of conversational variation
centres around structural turn properties. Account-
ing for 30.4% of the variance, PC1 shows strong
positive loadings for turn length (0.593), backchan-
nel frequency (0.533) and fluency (0.409). In other
words, longer utterances tend to be more linguis-
tically well-formed and are accompanied by more
listener engagement through backchannels; which
is to be expected as longer utterances have more
backchannels opportunities.

The second component—explaining 15.5% of
the variance—captures how well turns connect
across speaker transitions. This dimension is dom-
inated by coherence between turns (0.847) with
moderate contributions from fluency (0.371) and
turn-shift gap (0.280). The positive co-loadings
suggest that longer inter-turn gaps are associated
with more fluent utterances and greater coherence
between turns. The differences between the two
lexical features reflects the distinction between how
semantically connected two adjacent utterances are
(coherence), and whether an utterance conforms to
typical language-use (fluency). Overall, we show
that the temporal aspects of turn transitions are in-
trinsically linked to the underlying lexical content.

The third principal component reflects another
aspect of how interlocutors interact. PC3 is neg-
atively dominated by turn-shift gap (-0.860) with
moderate positive contributions from the frequency

of complete overlaps (0.288) and linguistic diver-
sity (0.248). In total, it accounts for 14.7% of the
variance. These loadings indicate that fast-paced
turn-taking co-occurs with more constrained vocab-
ulary choice and more simultaneous speech.

It is clear that the lexical and structural prop-
erties of turns vary in complex ways. As such,
to understand the role of lexical and temporal in-
formation in turn-taking behaviour, we require a
methodology that can account for such interactions
and their effect on turn-taking predictability.

4.2 Mixed-Effects Modelling
We now directly quantify the contributions of turn-
level features on the predictability of turn-taking
using linear mixed-effects models to examine how
features contribute individually and jointly.

Our models include fluency, coherence, diver-
sity, number of backchannels, number of complete
overlaps, turn-shift gap, and length as fixed effects
with conversation ID as a random effect to control
for potential effects of convergence (Cavalcanti and
Skantze, 2025). As our dependent variable, we con-
sider the model’s behaviour when predicting the
special <eot> token with two complementary met-
rics based on the probability assigned to the <eot>
token by our autoregressive language model. Fol-
lowing previous work, we quantify this as surprisal
(Smith and Levy, 2013; Goodkind and Bicknell,
2018; Wilcox et al., 2020); the surprisal of a partic-
ular unit u at time t can be defined as its Shannon
entropy s(ut) = − log(p(ut|u<t)), where u<t de-
notes the preceding units. We consider:

1. TRUE s(<eot>), the surprisal of the <eot>
token at actual turn-endings; and

2. IN-TURN s(<eot>), the minimum surprisal
of the <eot> token at non-turn-end positions
within a turn.

Lower TRUE s(<eot>) indicates that the correct
prediction of an <eot> is assigned greater prob-
ability under our model, while lower IN-TURN

s(<eot>) reflects the confidence of the model when
incorrectly predicting an <eot> token. Taken to-
gether, these metrics provide a clearer understand-
ing of turn-taking predictability: through turn-
boundary recognition, TRUE s(<eot>) captures
how well true turn-ends can be predicted by the di-
alogue model, while IN-TURN s(<eot>) reflects er-
rors associated with overconfident turn predictions
during turns. As longer utterances provide more op-
portunities for incorrect predictions, we note that
IN-TURN s(<eot>) inherently reflects both turn-
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Table 2: Statistical Results Comparison

Variable TRUE s(<eot>) IN-TURN s(<eot>)

Coef. p-value Coef. p-value

Length 0.0815 0.0000 0.0468 0.0000
Number of Backchannels 0.0182 0.2831 -0.0173 0.0673
Number of Complete
Overlaps

-0.0085 0.5196 -0.0428 0.0000

Turn Shift Gap 0.2614 0.0000 0.1045 0.0000
Coherence Score 0.0094 0.4695 -0.0110 0.1291
Fluency Score 0.0904 0.0000 -0.8408 0.0000
Diversity Score -0.0299 0.0216 0.0806 0.0000

Table 3: Model Performance and Variance Explained
by Each Parameter

Variable TRUE s(<eot>) IN-TURN s(<eot>)

Diff in R² Variance % Diff. in R² Variance %

Length 0.0029 2.54 0.0010 0.14
Number of Backchannels 0.0002 0.18 0.0001 0.01
Number of Complete Overlaps 0.0001 0.09 0.0016 0.22
Turn Shift Gap 0.0643 56.40 0.0103 1.43
Fluency Score 0.0067 5.88 0.5729 79.48
Coherence Score 0.0001 0.09 0.0001 0.01
Diversity Score 0.0009 0.79 0.0061 0.85

Marginal R² (Fixed Effects) 0.0970 85.09 0.7173 99.50
Conditional R² (Full Model) 0.1140 100.00 0.7209 100.00

taking predictability and turn-length effects.

4.2.1 Main effects model

We first evaluate the independent effect of each
feature on the predictability of turn-taking events.
We also examine the explainable variance produced
by each predictor by computing the difference in
variance between the full model (trained with all
predictors) and the variance of a reduced model
with the predictor of interest removed (Nakagawa
and Schielzeth, 2013).

Table 2 reveals fluency as the most influential
factor in turn-taking predictability. The strong neg-
ative effect on IN-TURN s(<eot>) (-0.8408) sug-
gests that fluency creates overconfidence, where
pre-emptive turn-ending predictions are more likely
in more fluent turns. Though surprising, this result
is reinforced by variance decomposition in Table 3
where fluency accounts for 79.48% of the total ex-
plained variance in IN-TURN s(<eot>). Notably,
this result does not extend to predictions of actual
turn boundaries TRUE s(<eot>), where fluency ac-
counts for 5.88% of the variance.

Turn-shift gap produces the strongest effect
(0.2614) on TRUE s(<eot>) and explains a sub-
stantial 66% of variance. The positive coefficient
indicates that overlapping speech onset serves as a
dominant cue that the current turn is ending while
gaps increase uncertainty. However, this reliance
on temporal overlap is problematic for IN-TURN

s(<eot>) where turn-shift gap is the second most
influential individual factor (0.1045). When over-
lap occurs within turns, the premature turn-ending
predictions become more likely.

In contrast to the substantial effects of turn-shift
overlaps, the frequency of specific turn-taking phe-
nomena highlight more sophisticated effects. Com-
plete overlaps and backchannels show minimal
impact on TRUE s(<eot>) (-0.0085 and 0.0182,
both non-significant). While the model effectively
utilises turn-shift overlaps as an important cue for

turn-boundary detection, it is less dependent on
these turn-taking phenomena which fulfil more co-
ordinative roles in turn management. This demon-
strates that lexical-temporal features provide suffi-
cient information to distinguish these phenomena
as turn-internal that do not necessarily signal turn
completion. However, this distinction is not perfect:
both phenomena show small negative effects on IN-
TURN s(<eot>) (-0.0428 and -0.0173). While sub-
stantially weaker than fluency and turn-shift timing
effects, the presence of turn-internal overlapping
speech still creates some residual uncertainty.

Lexical and temporal features have complex ef-
fects on predictability. Paradoxically, lexical flu-
ency creates prediction difficulties by a strong neg-
ative effect on surprisal for premature turn-end pre-
dictions (IN-TURN s(<eot>)). On the other hand,
fluency has a minimal effect on turn boundary de-
tection (TRUE s(<eot>)) where turn-shift overlap
is by far the dominant cue (66% of variance). How-
ever, our PCA analysis demonstrates that fluency
co-loads with turn length, backchannel frequency,
and complete overlap frequency on PC1, indicates
that these features do not vary independently and
that main-effects interpretations may not be suffi-
cient for understanding the role of lexical informa-
tion on turn taking predictability.

4.2.2 Fluency-based Interaction Model

Table 4: Statistical Results with Interaction Effects

Variable TRUE s(<eot>) IN-TURN s(<eot>)

Coef. p-value Coef. p-value

Length 0.0733 0.3058 -0.3232 0.0000
Number of Backchannels 0.0954 0.1381 0.0460 0.1899
Number of Complete Overlaps -0.0254 0.3243 -0.1546 0.0000
Turn Shift Gap 0.2599 0.0000 0.1079 0.0000
Coherence Score 0.0102 0.4333 -0.0123 0.0819
Diversity Self-BLEU -0.0289 0.0290 0.0630 0.0000
Fluency Score 0.0445 0.5679 -0.3013 0.0000

Interaction Effects

Fluency × Length 0.0192 0.8798 0.6414 0.0000
Fluency × Backchannels -0.1514 0.2134 -0.1228 0.0643
Fluency × Complete Overlaps 0.0388 0.4277 0.2410 0.0000
Fluency × Turn Shift Gap 0.0185 0.1393 -0.0377 0.0000
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Based on the interdependencies highlighted in
Section 4.1, we introduce interaction terms be-
tween fluency and each turn-taking component.

Table 4 shows the results of the interaction
model. The strong negative main effect of fluency
on IN-TURN s(<eot>) decreases from −0.8408 in
the base model to −0.3013 when interactions are
included, indicating that the effect of fluency de-
pends on wider dialogue context.

Fluency and length show the strongest interac-
tion effect for IN-TURN s(<eot>) (0.6414). While
both features reduce turn-taking predictability indi-
vidually (main effects of -0.3013 and -0.3232 for
IN-TURN s(<eot>), respectively), their combined
effect is less detrimental. Additional lexical context
of longer turns may help disambiguate intermedi-
ary and genuine completion points in fluent turns.
Similarly, overlaps reduce the likelihood of prema-
ture turn-end predictions (IN-TURN s(<eot>)) in
fluent contexts (0.2410). When speech is linguisti-
cally well-formed, the model better differentiates
between complete-overlaps and turn-shift overlaps
that signal genuine turn completion. Though only
marginally significant, backchannels show a nega-
tive effect in fluent contexts (-0.1228). Even if it
may be supportive, such overlapping speech may
be misinterpreted as a turn-boundary cue.

For TRUE s(<eot>), turn-shift gap remains the
dominant effect and shows no significant interac-
tion with fluency (0.0185). This suggests that the
reliance on overlapping transitions as a cue for turn-
boundaries is equally strong regardless of whether
the lexical content of speech is fluent or not.

These interaction patterns reveal that fluency’s
effects are mediated by the wider dialogue context.
Longer fluent turns are associated with improved
turn-taking predictability while complete overlaps
in fluent speech reduce overconfidence. However,
backchannels in fluent contexts increase overcon-
fidence. These results establish specific circum-
stances where lexical-temporal information fails to
provide sufficient information for turn-taking pre-
diction. Lexical-temporal features cannot reliably
distinguish supportive and competitive overlapping
speech, or fully disambiguate between plausible
completion points in fluent turns. In these scenar-
ios, turn-taking may rely on other cues such as
prosodic realisation.

4.3 Turn Boundary Surprisal Analysis
Finally, we propose examining the evolution of
surprisal throughout the course of a turn. This tem-

poral surprisal analysis differs fundamentally from
mixed effects modelling—which provides quanti-
tative examination of turn-level effects—by pro-
viding an exploratory examination of token-level
patterns within individual turns.

Specifically, we examine the EOT-Surprisal by
plotting token-level surprisal against its position
relative to <eot> in fig. 2. This approach is moti-
vated by our PCA findings, which reveal a complex
interplay between lexical and turn-taking features.
Mixed-effects modelling revealed that fluency ef-
fects are mediated by conversational structure and
most prominently by length. Therefore, it is impor-
tant to question how the apparent overconfidence
in turn-taking predictability manifests throughout
turns and in different contexts.

We split turns into stratified groups based on the
occurrence of turn-taking phenomena: backchan-
nels, complete overlaps and turn-shift overlap. Fur-
thermore, given the strong effects of fluency, we
also segment turns by categorising turns as either
low or high fluency based on the quantiles of flu-
ency scores. For each stratification, we calculate
EOT-surprisal at each token position, aligned based
on their respective distance to <eot>. Surprisal is
aggregated across all turns using smoothed aver-
ages to reveal typical trajectory patterns for <eot>
prediction approaching the true turn-end. Figure 2
visualises a 30-token window based on the average
turn length in Switchboard (28.1). Turns shorter
than 30 tokens are zero-padded (padding is ex-
cluded from aggregate statistics); longer turns are
right-aligned to the turn boundary. This ensures
that all turns contribute to their analysis at positions
where they have tokens.

As expected, all groups and conditions display a
gradual decrease in <eot> surprisal (i.e. the likeli-
hood of predicting the <eot> token) across token
positions. The temporal evolution of these predic-
tions reveals patterns that corroborate and extend
beyond the mixed-effects findings.

At the actual turn-end (position 0), the "Over-
laps & No Backchannel" group achieves the lowest
surprisal across almost all turn-groups and fluency
conditions, confirming the finding that overlapping
speech—particularly the combination of turn-shift
overlap with complete overlaps—is a strong turn-
boundary signal affecting TRUE s(<eot>). Addi-
tionally, turn-shift overlap produces steeper sur-
prisal decreases towards position 0 than turn-shift
gaps across both fluency conditions, reinforcing the
reliance of overlapping speech onset as a prediction
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Figure 2: Plots of token-level surprisal approaching the ground-truth <eot> stratified by turn-taking phenomena and fluency:
does/does not have overlaps/backchannels, turn-shift overlap/gap and high/low fluency. Plots are as follows (a) EOT-surprisal
when turn-shifts are overlapping with low fluency; (b) EOT-surprisal when turn-shifts have a gap with high fluency; (c) the
EOT-surprisal of the <eot> token when turn-shifts are overlapping with low fluency; and (d) the EOT-surprisal when turn-shifts
have a pause with high fluency

cue regardless of lexical quality.
Examining the trajectory of predictions clarifies

how fluency affects turn-taking prediction. Low-
fluency conditions show greater variation in the sur-
prisal trajectories caused by the presence of differ-
ent types of turn-taking phenomena (Figure 2a,c).
For example, when there is a turn-shift gap, the
“No Overlap & No Backchannel" condition devi-
ates from the gradual surprisal decrease pattern,
maintaining consistent surprisal levels until 2-3 to-
kens from the true turn-end token position. This
suggests that in disfluent contexts, the model main-
tains appropriate uncertainty until clear linguistic
signals emerge near the true turn-end.

In contrast, high-fluency settings exhibit more
consistent, gradual surprisal decrease across turn-
types. High fluency with a turn-shift gap (Fig-
ure 2b) exhibits the most consistent <eot> surprisal
where all turn-taking groups show a gradual decline
and overall higher surprisal levels. These differ-
ences in temporal patterns point to different predic-
tion processes that could explain the fluency effect
identified in Section 4.2.2. For example, the lexical
content of fluent speech may provide signals that

dominate the cues from turn-taking phenomena, re-
sulting in convergent trajectories. Disfluent speech,
lacking clear intermediate completion points, may
produce sharper, more decisive predictions concen-
trated near the actual boundary.

Across both fluency conditions, turn-shift gaps
and overlaps have broadly similar effects. Turns
with turn-shift overlaps (Figure 2c,d) show greater
decreases in their surprisal as opposed to turn-shift
gaps (Figure 2a,b). This analysis reinforces our
finding that the onset of overlap at a turn-shift is a
strong turn-completion cue, irrespective of lexical
quality (i.e. fluency) but also demonstrates where
the cue dominance occurs.

The temporal analysis corroborates the findings
of section 4.2—for example, turn-shift overlap
dominates boundary detection and operates regard-
less of fluency—while revealing when and how
these effects unfold. Critically, it shows when un-
certainty resolves: disfluent speech maintains un-
certainty until sharp drops 2-3 tokens from turn-
end, while fluent speech produces gradual de-
creases throughout. Differences in the temporal
patterns between fluent and disfluent contexts sug-
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gests differential reliance on information sources:
disfluent contexts rely more on turn-taking cues
while fluent contexts show lexical dominance.

5 Discussion & Conclusion

In this work, we systematically analyse the role of
lexical and temporal information for predicting turn
structures in spontaneous spoken conversations,
with implications for both linguistic theory and the
evaluation of computational models of dialogue.
By analysing different aspects of turn structure pre-
diction from PairwiseTurnGPT, a text model which
preserves realistic temporal alignments of the lexi-
cal content in dialogue, our experiments establish
where these features suffice and where additional
cues, such as prosody, become necessary.

Most strikingly, we find that more fluent, well-
formed speech is associated with greater predictive
ambiguity about turn-ending (79.48% of IN-TURN

s(<eot>) variance). This finding aligns with lin-
guistic theories that frame conversation as series of
turn-constructional units with multiple acceptable
transition-relevance places (TRPs) (Sacks et al.,
1974)—fluent speech may contain several linguis-
tically complete points where turn-transfer may
occur, while disfluent speech provides fewer plausi-
ble transition points. Our interaction analysis, moti-
vated by the complexity highlighted in Section 4.2,
shows that this effect is context-dependent: longer
turns mitigate the problem through the accumula-
tion of lexical context.

This context-dependence speaks to a fundamen-
tal question regarding the units of turn-taking. If
lexical content is sufficient for turn-taking, we
would expect fluent, well-formed speech to pro-
duce more certain predictions of turn boundaries.
Instead, we see the opposite — fluency increases
uncertainty. This pattern may be indicative of pre-
dicting multiple TRPs where turn-transfer could
occur, while the actual turn-transition point can
only be disambiguated by prosodic information.

Beyond fluency, our findings delineate both ca-
pabilities and limitations of lexical-temporal fea-
tures. Notably, backchannels and complete over-
laps have minimal impact on actual boundary de-
tection (TRUE s(<eot>)), indicating partial suc-
cess at disambiguating turn-internal phenomena
from true turn-taking events. However, their pres-
ence is still associated with pre-emptive turn end-
predictions, particularly backchannels (IN-TURN

s(<eot>)). This functional ambiguity of supportive

and competitive overlap likely depends on prosodic
disambiguation; for example, backchannels use the
same lexical content to achieve a range of commu-
nicative functions (Ward, 2004).

Our temporal analysis of surprisal in Section 4.3
reveals how predictability effects unfold dynami-
cally. Disfluent speech maintains flat surprisal until
2-3 tokens from turn-end, while fluent turns show
a more gradual decrease throughout. These con-
trasting temporal signatures suggest that different
underlying prediction strategies: the model may
rely more heavily on discrete closure markers in
disfluent contexts, while fluent contexts maintain
sustained ambiguity. This method provides a novel
lens through which to explore the interaction of
different information sources.

Our findings have direct implications for full-
duplex models. Evaluation should move beyond
corpus-level statistics; by stratifying performance,
our analyses provide a framework for identifying
settings where prosodic information may contribute
to turn prediction. Similarly, these findings can be
used to enhance training by exposing models to
challenging scenarios like short, fluent utterances,
which require cue integration.

This research establishes that lexical-temporal
information can support sophisticated turn-taking
behaviour, but with context-dependent limita-
tions. Future research should examine whether
prosodic features resolve the ambiguities we
identify—particularly through controlled studies
adding prosodic information to lexical-temporal
baselines. Individual turn trajectory analysis
or investigating finer-grained units such as turn-
constructional units (TCUs), could test whether
fluent turns indeed contain multiple plausible com-
pletion points, as our aggregate temporal patterns
suggest. Conversely, investigating super-turn units
may reveal how localised turn-taking behaviour is
affected by overall conversational structure. This
could be supported by an investigation to evalu-
ate turn-taking across varying pause thresholds
(Castillo-López et al., 2025) to test the robustness
of our findings to different turn segmentation strate-
gies.

Our approach of isolating information sources
to identify their contributions to predictability pro-
vides a model for understanding multimodal lan-
guage processing more widely, as well as how to
model it computationally.
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6 Limitations

This work is fundamentally, an exploratory study
and there are many limitations, many of which we
consider potential direction for future work.

Model We analyse predictions from a single
model architecture, PairwiseTurnGPT based on
GPT-2, which is not state-of-the-art. Modern lan-
guage models may capture lexical-temporal pat-
terns more effectively, making it difficult to deter-
mine whether our identified failures reflect genuine
limitations of lexical-temporal features or simply
are inadequate language modelling. More critically,
we do not compare against models that integrate
acoustic features, so we cannot distinguish truly un-
predictable turn-endings and those that simply re-
quire prosodic information. Our findings establish
that lexical-temporal features demonstrate specific
failures, but cannot prove that prosodic information
would be sufficient for rectifying them.

Interdependent features Our findings describe
associations within naturally occurring dialogue.
For example, longer turns tend to be more fluent
and contain more backchannels which means that
we cannot fully determine which feature drives
observed effects. Experimental datasets with ma-
nipulated features could establish causality, but this
study focuses specifically on turn-taking as it natu-
rally occurs.

Lack of ground-truth of ambiguity and inter-
mediate TRPs Within this analysis, we interpret
IN-TURN s(<eot>), as reflecting ambiguity at po-
tential, but incorrect, turn-end positions. However,
this approach has two important shortcomings.

Firstly, we lack human judgments: we cannot
fully determine whether model-defined ambiguity
is (1) genuine ambiguity that humans experience,
or (2) the models’ inability to fully utilise avail-
able information. Secondly, our training data only
contains actual turn-boundaries, not intermediate
TRPs. Multiple intermediate TRPs are common-
place in longer utterances and are often lexically
complete and therefore require prosodic disam-
biguation. However, proving this is not possible
without using a TRP annotated dataset. Recently,
Umair et al. (2024) collected a dataset of novel
participant responses that reflect TRPs; though
they only use single-stream models, they show that
even state-of-the-art language models do not re-
flect human judgements. Applying our analysis of
PairwiseTurnGPT predictions, which encode much

longer contexts and turn structure, could offer a
more generalisable description on the role of lexi-
cal and temporal information.

These limitations are avenues of future work:
to further test the sufficiency of lexical-temporal
features; to additionally identify where prosodic
information is sufficient along with lexical infor-
mation and how model-identified ambiguity aligns
with human judgement.
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