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ABSTRACT

We propose an approach for continuous prediction of turn-taking
and backchanneling locations in spoken dialogue by fusing a neu-
ral acoustic model with a large language model (LLM). Experiments
on the Switchboard human-human conversation dataset demonstrate
that our approach consistently outperforms the baseline models with
single modality. We also develop a novel multi-task instruction fine-
tuning strategy to further benefit from LLM-encoded knowledge for
understanding the tasks and conversational contexts, leading to ad-
ditional improvements. Our approach demonstrates the potential of
combined LLMs and acoustic models for a more natural and conver-
sational interaction between humans and speech-enabled Al agents.

Index Terms— turn-taking, backchannel, large language model,
model fusion, instruction tuning.

1. INTRODUCTION

Al voice assistants are becoming increasingly multi-functional and
important in people’s daily lives [1, 2, 3]. However, conventional
voice assistant systems are mostly designed for query-based use
cases. Towards the goal of more effective and effortless interaction
between humans and Al, voice assistants that can solve tasks in a
more natural manner and human-human-like conversational experi-
ence would be very desirable [4]. As one of its most basic capa-
bilities, the system should be able to determine when to take turns
naturally and with minimal latency in a dialogue with the user, and
without the need for push-to-talk or wakewords. One common solu-
tion for turn-taking is to trigger the system’s response after a period
of silence based on a predefined threshold [5, 6, 7, 8]. However, this
threshold-based method may result in a suboptimal user experience
due to lack of naturalness [9, 10]. Another behavior that is impor-
tant for managing human-human conversations that are a challenge
for present-day conversational systems is backchanneling [11, 12].
Backchannels are defined as short utterances expressing acknowl-
edgment or reactions on the part of the listener, without signaling an
intent to take a turn, such as “uh-huh”, “oh no” and “right”. They
typically occur during the current speaker’s turn and do not neces-
sarily trigger turn-taking [13, 14, 11].

Going back to conversation analysis in linguistic pragmatics
[15], there is a long history of descriptive and computational re-
search trying to capture turn-taking and backchanneling cues in mul-
tiple modalities. In the acoustic domain, prosodic features such
as duration, pitch, voice quality and intensity have been shown to
have high correlation with turn-taking and backchannel locations
[16, 11, 17, 9]. In [6], turn-taking prediction has been embedded
as an auxiliary task in automatic speech recognition (ASR), based
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on acoustic encoder features. Aside from acoustic features, linguis-
tic features have also been investigated. Given context or predicted
transcription from an ASR system, word embeddings like Word2Vec
[5] and encoded hidden states from transformer networks [18] or re-
current neural networks (RNNs) [19, 20] have been used as linguistic
representations for prediction. Furthermore, multi-modal fusion or
joint modeling have been explored in earlier work, using RNN-based
text and acoustic encoders [21, 17].

However, in these earlier works that use linguistic modeling, fea-
tures and representations are relatively simple and only approximate
the full range of linguistic cues used by humans in daily conversation
[22]. Large language models (LLMs) promise to better capture the
formal dependencies and meaning relations in language [23, 24, 25].
Ekstedt et al. [22] proposed TurnGPT to leverage LLMs (in the form
of GPT2 [26]) for turn-taking prediction, showing superior perfor-
mance compared to conventional modeling techniques. However,
that work is still limited to turn-taking prediction and uses only lex-
ical (text) information.

In this work, we propose a novel approach for turn-taking and
backchannel location prediction in spoken dialogue, with a fusion
of LLM and acoustic models. We adopt two LLMs, GPT2 [26]
and RedPajama [27] for modeling linguistic cues, and we use Hu-
BERT [28] for modeling acoustic cues, to leverage both represen-
tations and prior knowledge learned during pretraining. Two fusion
methods are explored by manipulating the LLM branch to better un-
derstand the role of the different modalities in joint modeling. Fur-
thermore, inspired by the success of instruction fine-tuning of LLMs
for other tasks [29, 30], a novel multi-task instruction fine-tuning is
proposed to further utilize the ability of LLMs to understand task
descriptions and dialogue history, and direct the joint model to focus
on different tasks with task-specific submodules triggered by corre-
sponding instructions. Our main contributions are thus (1) extending
the turn-taking model to include backchanneling, (2) use of LLMs
with acoustic fusion for these tasks, and (3) exploration of LLMs for
instruction-tuning rather than simple token encoding and prediction.

2. PROPOSED METHOD

2.1. Problem setup

For a more natural human-agent interaction, the task of interest here
is to predict the proper turn-related behavior with respect to the
user’s input to a voice assistant system during conversation. Three
distinct behaviors are considered: 1) Continuing Speech: the cur-
rently active speaker is predicted to continue speaking (the other
party keeps listening); 2) Backchannel: the listening party (system
or user) should generate a brief utterance as a sign of acknowledg-
ment, understanding or assessment without an intention to take the
turn [13]; 3) Turn-taking: the current speaker is predicted to be
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Fig. 1: Schematic of combined acoustic and LLM modeling for turn-
taking, backchannel and continuing speech prediction.

done talking and the nonspeaking party should take over the con-
versation and provide a response. More formally, given a (partial)
utterance with acoustic features X and text features X *, the goal
is to predict the class/behavior posteriors P(Y'| X, X, where Y
is from the label set consisting of “Continuing Speech”, “Backchan-
nel” and “Turn-taking”. The framework is depicted in Figure 1.

2.2. Acoustic and language modeling

The acoustic model is shown as the bottom left module in Figure 1.
In this work, HUuBERT [28] is used to encode speech signals of the
(partial) utterances, as well as to serve as the base acoustic model
(AM) for prediction with single modality. To manipulate the archi-
tecture for classification, the average-pooled 768-dimensional Hu-
BERT embedding across all time steps emitted from the base model
is fed into a projection layer to obtain a 256-dimensional vector.
Then a linear classifier maps the projection to three classes. Dur-
ing model training, the acoustic base model is frozen.

The linguistic modeling is done by LLM fine-tuning as shown
at the bottom right in Figure 1. Here, either GPT2 or RedPajama
are used to encode the text of the (partial) utterances, producing
embeddings of 768 and 2560 dimensions, respectively. Unlike in
acoustic modeling, LLM fine-tuning uses the embedding of the last
token. Then, the embedding is fed into a linear layer of dimension 3
for classification. Depending on the base LLM being used, different
fine-tuning strategies are applied, as discussed further in Section 3.3.

2.3. Fusion or joint training

A late fusion mechanism is used where the final embeddings emitted
from the AM and LLM are concatenated and fed into a single linear
classification layer with dimension 3 to predict P(Y| X4, XT), as
shown in the top module of Figure 1. Two different fusion setups
are investigated. In Option 1 (Optl) both AM and LLM are loaded
from the pretrained library [31] without fine-tuning. Then, both the
fusion layer and the LLM base model undergo domain adaptation
and downstream task training. In Option 2 (Opt2), aside from load-
ing the pretrained AM as in Optl, the LLM is loaded after stand-
alone fine-tuning as described in Section 2.2. Then the LLM branch
is also frozen and only the fusion layer is trained. The key differ-
ence between Optl and Opt2 is whether LLM has been fine-tuned
for the downstream task and frozen. Though more sophisticated ar-
chitectures could be helpful, we will demonstrate the effectiveness
of combining AM and LLM for turn-taking and backchannel predic-
tion tasks even with the two simple fusion options considered here.

2.4. Multi-task instruction fine-tuning

Besides serving as an advanced text encoder, LLMs have also
demonstrated the ability to understand narrative instructions in nat-
ural language. Instruction fine-tuning [29] has been used to teach
LLMs this behavior. Thus, we reformulate our framework as a multi-
task training scenario with instructions specific to our tasks. Rather
than setting up a three-way classification, each class is handled as a
separate binary classification task. This will later allows us to eval-
uate performance as three separate detection tasks. Figure 2 shows
the diagram of this multi-task instruction fine-tuning process, where
Sample 0, 1 and 2 are considered as the samples with correspond-
ing ground-truth labels of “Continuing Speech”, “Backchannel” and
“Turn-taking”, respectively. During training, each sample will be
augmented three times, with the following respective instructions:
1) Inst 0: “Identify if the current speaker will continue to speak at
the end of the sentence.”; 2) Inst 1: “Identify if another speaker will
backchannel at the end of the sentence.”; 3) Inst 2: “Identify if an-
other speaker will take the turn at the end of the sentence.”

For each generated sample, if the prepended instruction corre-
sponds to the ground-truth label, i.e. {inst0, sample0}, {instl, sam-
plel} and {inst2, sample2}, then the corresponding binary label will
be assigned as 1, otherwise 0. Each classifier is only in charge of one
corresponding instruction and updates only its parameters, without
being affected by samples augmented by the other two instructions.
Let X denote a batch of samples X = [z1,x2, ..., x|, With corre-
sponding ground-truth labels Y = [y1,y2, ..., yn], and denote by s
the instruction index. The workflow can be written as follows:

X5 = {insts, X}

1
= (insts, x1), (insts, x2)...(insts, xn) s = 0,1, 2 M
Yo=| L owa={L ST0 @
s = |Ys,1,Ys,25 -3 Ys,n], Ys,i = O s ;é Yi
Y. = Classifiers(Model(X.)) 3)
2
Ls = BCELoss(Y,Ys), L= L, )
s=0

Compared to Section 2.2, the LLM is used not only as a text en-
coder, but also for instruction understanding, leveraging pretrained
knowledge about the tasks. Furthermore, having independent task-
specific binary classifiers enables scaling to additional speaker activ-
ity classes or multi-label tasks. The training setup fully utilizes all
original samples for each task to update the corresponding classifier
by prepending the appropriate instruction.

We also explore a variant of instruction fine-tuning with added
dialogue history to contextualize the model’s interpretation. Here,
two sentences preceding the target partial utterance, with speaker
changes marked, are appended to the task-specific instruction, using
the following format: “Identify <instruction text>: <history with
speaker token>. <target sample with speaker token>.”

3. EXPERIMENTS

3.1. Dataset

We use the Switchboard corpus [32] (Switchboard-1 Telephone
Speech Corpus: Release 2). It is comprised of 2438 dyadic conversa-
tional dialogues involving 543 male and female speakers, who were
connected by phone to converse about one of around 70 topics. The
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Fig. 2: LLM-based multi-task instruction fine-tuning for turn-taking,
backchannel, and continuing speech prediction.

dataset consists of around 260 hours of audio with ground-truth tran-
scripts comprising around 3 million words; word-level time align-
ments are also available. We use these symmetrical human-human
dialogues to model appropriate system behavior for a conversational
voice assistant when receiving user input. Though all data consists of
human-human dialogue, we treat the currently active user’s speech
as if input to a dialogue system, and the other (listening) speaker’s
behavior as a model for how the system should behave. As dis-
cussed, the possible behaviors are “let current speaker continue”,
“produce backchannel”, or “take a turn”. To utilize the data fully,
user and system identities are swapped at each speaker change, i.e.,
when speaker A is active, A is the user and the system will try to
behave as speaker B, and then vice versa for the next turn.

Given ground-truth speaker-wise dialog transcripts and word
alignments, we prepare the data in each session as follows: 1) Ex-
tract dialog sentences from each speaker, while simultaneously nor-
malizing special annotations, including [silence]/[noise] removal,
partial word completion, and mispronunciation correction, as in [22].
2) Mark isolated one-word or two-word phrases as backchannel can-
didates. Backchannels are considered to be the 20 most frequent one
and two-word phrases, such as “yeah”, “mmhmm” and “oh okay”,
as summarized in [22]. 3) Combine the two speakers’ dialog sen-
tences in start-time ascending order and break sentences into words,
for the purpose of word-level labeling in the following steps. 4) Re-
move words marked as backchannels and save them in a candidate
list along with their speaker, start-time and end-time attributes. 5)
Mark all speaker changes as “Turn-taking” at last word spoken by
a speaker. 6) Insert backchannel candidates back into the original
dialogue according to their start-times and mark the word spoken by
the other speaker where backchanneling occurs as “Backchannel”.
If a word is marked by none of these two labels, the default label of
“Continuing Speech* is assigned.

Note that overlapping speech is only recorded for backchannel
utterances, but not for regular turns, which are serialized, in a way
compatible with TurnGPT processing [22]. We leave the prediction
of turn-taking with overlap [33] for future work. (While overlapping
turns are not uncommon for human-human dialog, a polite Al agent
might refrain from producing them.) After this preparation, each
sample is a (partial) utterance (audio, text, or both) spoken by a sin-
gle speaker, with the class label given by the last word’s label within
the utterance. The data is split by session with train:validation:test
ratio of 2000:300:138 [22].

3.2. Training and evaluation scenarios

During training, since “Continuing Speech” is by far the major-
ity class, a downsampling procedure is applied to samples of that

class, such that that the label frequency equals the average number
of “Backchannel” and “Turn-taking” samples. The resulting subset
has “Continuing Speech”, “Backchannel”, and “Turn-Taking” oc-
curring with counts 71k vs. 56k vs. 86k in training, and 6k vs. S5k
vs. 7k for validation, respectively. During evaluation, all samples
are used without downsampling, i.e., samples of each class in the
test session will be decoded regardless of the class imbalance. The
test set has samples with “Continuing Speech”, “Backchannel”, and
“Turn-taking” with counts 123k, 2.3k and 3.2k, respectively.

In TurnGPT [22], the balanced accuracy (bAcc) over true and
false turn-shifts is used as the evaluation metric. Here, since we
have formulated three binary detection tasks, we prefer performance
metrics that are independent of class priors and operating points
(thresholds), namely, area-under-the-curve (AUC) and equal error
rate (EER), evaluated for each class separately and in average. The
metrics are based on decision scores that are given by the logits for
the targeted class, after softmax normalization.

3.3. Experimental details

All frameworks are implemented using the Huggingface Transform-
ers Library [31] on 8 NVIDIA V100 GPUs. To validate the general-
ization of the proposed methods, two pretrained LLMs of different
sizes are investigated, namely GPT2 (124M parameters) [26] and
RedPajama (3B parameters) [27]. For GPT2, the entire model is un-
frozen for LLM fine-tuning and fusion Option 1. For RedPajama, a
parameter-efficient fine-tuning approach, LoRA [34] with a rank of
32, is applied in LLM fine-tuning and fusion Option 1, resulting in
around 0.4% (/~10M) trainable parameters. All models are trained
with learning rate 5 X 1072, number of epochs 5, and batch size 4.
All other hyperparameters are set to the default values provided by
the Transformer library [31].

4. RESULTS

4.1. Single modality versus fusion

Experimental results for single modalities and the two fusion ap-
proaches are reported in Table 1. First, with single modalities, lan-
guage models yield much better performances than acoustic mod-
els. Second, by comparing the text-only models based on LLMs,
it turns out that even though fine-tuning RedPajama results in sig-
nificantly fewer trainable parameter than fully fine-tuning GPT2,
RedPajama still achieves comparable performance, with an average
AUC of 0.8351, as compared to 0.8292 for GPT2. This result in-
dicates that RedPajama, as a larger LLM, has higher efficiency and
greater potential for modeling conversational dialogue, and benefits
more from approaches that exploit the model’s language understand-
ing capabilities, such as the proposed instruction fine-tuning.

Under the same LLM setup, both fusion approaches achieve sig-
nificant improvements over models with single modality, as shown
in Table 1. For instance, the fusion model with RedPajama + Hu-
BERT + Optl achieves the best performance for all three classes
with an average AUC of 0.8657, leading to relative improvements
of 22.6% and 3.67% over the best acoustic and text single modality
models, respectively. Moreover, by comparing the three classes, pre-
dicting “Continuing Speech” and “Turn-taking” benefits most from
the fusion, while “Backchannel” only shows a small improvement.
This result aligns with known properties of these turn-management
events, where “Turn-taking” and “Continuing speech” are strongly
cued by intonation and duration features, whereas “Backchannel”
is possibly more related to syntactic and semantic information. In



Table 1: Results for single modality and fusion models.

Method AUC(Cont) AUC(Back) AUC(Turn) AUC(avg) EER(avg)
HuBERT 0.7323 0.6455 0.7401 0.7060 34.87
GPT2 0.8510 0.7744 0.8623 0.8292 24.47
+ HuBERT Optl 0.8783 0.7798 0.884 0.8474 22.63
+ HuBERT Opt2 0.8778 0.7862 0.8859 0.8500 22.77
RedPajama 0.8629 0.7739 0.8685 0.8351 23.60
+ HuBERT Opt1 0.8992 0.7862 0.9116 0.8657 20.33
+ HuBERT Opt2 0.8982 0.7743 0.9006 0.8577 21.57

Table 2: Results with multi-task instruction fine-tuning.

Method AUC(Cont) AUC(Back) AUC(Turn) AUC(avg) EER(avg)
GPT2 0.8416 0.7863 0.8582 0.8287 24.13
+ HuBERT Optl1 0.8726 0.7901 0.8766 0.8464 22.50
+ HuBERT Opt2 0.8806 0.7838 0.8890 0.8511 22.23
RedPajama 0.8668 0.8097 0.8796 0.8520 21.80
+ HuBERT Opt1 0.9000 0.8229 0.9127 0.8785 19.50
+ HuBERT Opt2 0.8980 0.8182 0.9129 0.8764 19.60
RedPajama + History 0.8747 0.8074 0.8912 0.8578 21.63
+ HuBERT Opt| 0.9029 0.8184 0.9197 0.8803 19.30
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Fig. 3: ROC plots for turn-taking (left) and backchannel (right).

addition, the difference between Optl and Opt2 does not share the
same pattern for GPT2 and RedPajama. RedPajama works better
with Optl. We suspect that GPT2 has relatively limited modeling
capacity. Unfreezing the larger RedPajama model will learn infor-
mation that better complements the acoustic information.

We aimed to compare our model with TurnGPT [22], where
bAcc of 0.789 and 0.823 were reported for the “Spoken” dataset (of
which Switchboard makes up the majority) with training on ”Assis-
tant” and “Full” datasets, respectively. We obtained a similar bAcc
of 0.8002 for the GPT2-only model when focusing only on “Turn-
taking” and “Continuing Speech” samples. Though this is not an
apples-to-apples comparison, as the evaluation samples could be dif-
ferent, it shows that our LLM is comparable to TurnGPT when we
leave out backchanneling. In this focused two-class evaluation, we
obtain an improved bAcc of 0.8578 for the RedPajama + HuBERT +
Opt1 fusion model, confirming the benefit of complementing lexical
with acoustic information.

4.2. Multi-task instruction fine-tuning

Results for multi-task instruction fine-tuning are reported in Table 2.
For GPT2, it shows that applying instruction fine-tuning only results
in a very minor differences to Table 1. However, when replacing
GPT2 with RedPajama, significant improvements on average AUC
and EER are observed for all three modeling approaches, with rela-
tive improvements of 2.02%, 1.5% and 2.16% on average AUC for
RedPajama, RedPajama + HuBERT Optl and Opt2, respectively.
Moreover, RedPajama + HuBERT + Optl with multi-task instruc-
tion fine-tuning achieves the best performance for all the cases with-
out the dialogue history, with an average AUC of 0.8785.

More interestingly, comparing to the results without the instruc-
tion fine-tuning in Table 1, “Backchannel” prediction sees the high-
est AUC gain from applying the multi-task instruction fine-tuning,
compared to other classes. Figure 3 shows the ROC curves for Turn-
taking and Backchannel. It is clear here that Turn-taking benefits
remarkably from the fusion, but benefits minimally from the instruc-
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Fig. 4: Left: backchannel score distribution for the positive and neg-
ative samples. Right: a sentence example with token-level backchan-
nel score. The markers represent the ground-truth token labels.

tion fine-tuning, while Backchannel shows the opposite trend. We
conducted a further analysis by calculating the Backchannel score
distribution of the samples. As shown in the left plot in Figure 4,
applying instruction fine-tuning helps to push the score distribution
of the backchannel (positive) samples and non-backchannel (nega-
tive) samples higher and lower, respectively. The right portion of
Figure 4 shows an example, with a transcript of “It gets very uncom-
fortable on hills, most the teachers have taking' to wearing uh track
shoes”, the model with instruction fine-tuning correctly predicts the
backchannel behavior after “hills”, while the model without predicts
a backchannel after “uncomfortable”. This observation also supports
our earlier conjecture that backchanneling is a speech activity best
predicted by syntactic/semantic context. These results demonstrate
that RedPajama benefits from multi-task instruction fine-tuning for
better task understanding and more accurate backchannel prediction.

4.3. Instruction fine-tuning with dialogue history

The last section of Table 2 shows the results for multi-task instruc-
tion fine-tuning with added dialogue history. As described earlier,
a dialogue history of two sentences is included in the instruction,
prepended to each sample utterance. Compared to the instruction
fine-tuning results without history, average AUC and EER improve
with history. However, when looking at each class individually, both
“Turn-taking” and “Continuing Speech” classes are predicted bet-
ter with history information, while the “Backchannel” class sees a
slight degradation. This could be because backchanneling is largely
a locally-cued behavior and affected little by long-term context.

5. CONCLUSIONS

We have proposed a fusion model for turn-taking and backchannel
prediction in spoken dialogue, combining both LLM and acoustic
modeling. We experimented with LLMs of various sizes (GPT2 and
RedPajama) and used HuBERT for modeling acoustic cues, to lever-
age both representations and prior knowledge learned from pretrain-
ing. Experiments demonstrate that our fusion approach consistently
outperforms the baseline models with single modality, which indi-
cates that joint modeling is effective at exploiting the complemen-
tarity of the modalities. Moreover, the proposed multi-task instruc-
tion fine-tuning strategy leverages LLMs for better task understand-
ing and further improvements. Our approach provides a solution for
more accurate causal turn-taking and backchannel prediction, ulti-
mately enabling more natural and conversational human-agent inter-
actions. In future work, it will be worth investigating how the use of
automatic instead of ground-truth transcriptions would affect results,
as required for inference in real-time applications.

!"The provided corpus transcription. The actual word spoken is “taken”.
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