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Abstract

Despite recent advances, efficient and robust
turn-taking detection remains a significant chal-
lenge in industrial-grade Voice Al agent de-
ployments. Many existing systems rely solely
on acoustic or semantic cues, leading to sub-
optimal accuracy and stability, while recent
attempts to endow large language models
with full-duplex capabilities require costly full-
duplex data and incur substantial training and
deployment overheads, limiting real-time per-
formance. In this paper, we propose JAL-Turn,
a lightweight and efficient speech-only turn-
taking framework that adopts a joint acous-
tic—linguistic modeling paradigm, in which a
cross-attention module adaptively integrates
pre-trained acoustic representations with lin-
guistic features to support low-latency predic-
tion of hold vs. shift states. By sharing a frozen
ASR encoder, JAL-Turn enables turn-taking
prediction to run fully in parallel with speech
recognition, introducing no additional end-to-
end latency or computational overhead. In addi-
tion, we introduce a scalable data construction
pipeline that automatically derives reliable turn-
taking labels from large-scale real-world dia-
logue corpora. Extensive experiments on pub-
lic multilingual benchmarks and an in-house
Japanese customer-service dataset show that
JAL-Turn consistently outperforms strong state-
of-the-art baselines in detection accuracy while
maintaining superior real-time performance.

1 Introduction

In recent years, the rapid proliferation of voice Al
agents in applications such as intelligent customer
service, personal assistants, and human—AlI col-
laboration has substantially raised the demand for
natural and high-quality spoken interaction. Un-
like traditional dialogue systems, modern voice Al
agents are often designed for extremely low-latency
responses and continuous listening, which makes
them prone to intervening before users have fully

completed their utterances. In natural conversa-
tion, speakers frequently exhibit thinking pauses,
hesitations, and self-repairs, which do not necessar-
ily indicate a turn completion. Overly aggressive
system responses under such conditions can lead
to frequent interruptions, disrupted conversational
flow, and degraded interaction quality, ultimately
undermining user experience and trust. As a re-
sult, accurately determining whether a user has
genuinely finished their speaking turn—while still
maintaining rapid system responsiveness—has be-
come a critical challenge for building effective and
user-friendly voice Al agents.

Turn-taking is a fundamental property of human
spoken interaction (Skantze, 2021). In everyday
conversation, speaking turns are exchanged natu-
rally with minimal delay. In contrast, due to inher-
ent variability of speech signal and other factors
(Pan et al., 2024; Inoue et al., 2024a, 2025), achiev-
ing similarly real-time and stable turn management
remains challenging. Although existing turn-taking
detection approaches (Gu et al., 2024; Skantze and
Irfan, 2025) have made notable progress, they still
yield erroneous decisions, resulting in excessive
response latency, frequent interruptions, and unnat-
ural interaction dynamics that substantially degrade
user experience. Therefore, there is an urgent need
for real-time and robust turn-taking techniques.

Traditional spoken dialogue systems typically
rely on heuristic, silence-based turn-taking strate-
gies (Skantze, 2021). A common approach is to
wait for a fixed or adaptive duration of silence in the
user’s speech before deciding that the turn of user
has ended, and then process the input and generate
a response. However, silence alone is an unreliable
cue for turn completion: users frequently produce
within-utterance pauses that do not signal a han-
dover (Majlesi et al., 2023; Inoue et al., 2024a).
Previous studies (Stivers et al., 2009; Inoue et al.,
2024b) revealed that turn transitions in many lan-
guages are rapid, often on the order of 100-500 ms,



suggesting listeners do not merely react to silences,
but proactively anticipate upcoming turn comple-
tions using a combination of lexical, prosodic, and
multimodal cues.

To this end, several works explored data-driven
turn-taking models based on linguistic'? or acous-
tic3* features. However, due to stringent real-time
constraints, these methods typically adopt rela-
tively simple model architectures, which limits
their ability to capture fine-grained discriminative
cues and leaves substantial room for improvement
in both detection accuracy and robustness. Mo-
tivated by recent success of large language mod-
els (LLMs) (Bai et al., 2023; Achiam et al., 2023)
and speech language models (SLMs) (Fang et al.,
2024; Pan et al., 2025), numerous works (Défossez
et al., 2024; Yu et al., 2024; Zhang et al., 2025;
Li et al., 2025) directly integrate full-duplex capa-
bilities into LLM or SLM backbones. While such
systems can improve detection quality, they exhibit
several limitations that hinder practical deployment.
First, they require large amounts of manually anno-
tated dialogue data, which is expensive and time-
consuming to obtain and difficult to scale across do-
mains and languages. Second, their LLM or SLM
backbones need to support multiple functionali-
ties, such as automatic speech recognition (ASR),
which often introduces additional latency (Li et al.,
2025). Moreover, this architecture inherently pri-
oritizes semantic information, thereby discarding
fine-grained acoustic cues that are crucial for accu-
rate turn-taking detection, and consequently suffers
from notable performance degradation in complex
real-world scenarios.

In summary, this paper makes the following con-
tributions:

* We propose JAL-Turn, a lightweight speech-
only turn-taking model that jointly leverages
pre-trained acoustic and linguistic encoders
and supports parallel inference with ASR
through encoder sharing, enabling low-latency
deployment.

* We introduce a scalable data construction
pipeline that automatically derives reliable
turn-taking labels from large-scale real-world
dialogue corpora without manual annotation,

"https://github.com/ten-framework/ten-turn-detection
Zhttps://github.com/pipecat-ai/smart-turn/tree/main
*https://github.com/pipecat-ai/smart-
turn/tree/filipi/smart-turn
*https://github.com/inokoj/VAP-Realtime

enabling effective training across domains and
languages.

* We present extensive experiments on a pub-
lic multilingual benchmark and an in-house
Japanese customer-service corpus, along with
ablation and attribution analyses, demonstrat-
ing that JAL-Turn consistently outperforms
strong audio-only and LLM-based baselines
while satisfying real-time constraints.

2 Data Pipeline

To enhance the robustness of our turn-taking model,
we develop an efficient data pipeline that automat-
ically derives reliable training labels from large-
scale real-world conversational corpora without re-
quiring any manual annotation.

Given stereo conversational audio, we first ex-
tract frame-level voice activity detection (VAD) at
50 Hz. For each channel ¢ € {0,1}, we obtain
a binary sequence v, = [v},...,v!] € {0,1}7,
where v’ = 1 indicates speech activity at frame .

2.1 Future-Window Labeling

Motivated by previous studies on future voice ac-
tivity projection (Ekstedt and Skantze, 2022), we
employ a future-window strategy that leverages up-
coming conversational dynamics. For each frame ¢,
we compute a weighted VAD score over a 2-second
future window:

sh="> w(i)vi, (1)

where 7 = 2 seconds, fs = 50 Hz, and w(7) is a
non-negative weighting function. Three temporal
weighting schemes—Ilinear, square-root, and ex-
ponential—independently assign Hold/Shift labels
(Hold if st > s!_ ), and a label is kept only when
all schemes agree. This future-window design ef-
fectively suppresses backchannels: instantaneous
VAD comparisons are easily confounded by brief
listener responses, whereas future VAD patterns
provide more reliable cues for genuine turn transi-
tions.

2.2 Context Construction

After labeling, training samples are extracted from
each VAD falling edge following a speech segment,
which corresponds to natural turn-taking decision
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Figure 1: Overall training architecture of the proposed JAL-Turn framework.

points. For each such point, we construct a con-
text window by extending backward to the previ-
ous long silence (duration > 2 seconds) and then
normalize it to a fixed 10-second length through
left-padding or truncation as needed, ensuring that
the window always includes a complete preced-
ing speech segment to provide sufficient semantic
context for turn prediction.

2.3 Dataset Generation

Applying this pipeline to 1,128 hours of in-house
stereo conversational data yields approximately
2,299 hours of trainable segments, with an esti-
mated labeling accuracy of about 85% based on
manual inspection.

To further increase data diversity, we also incor-
porate a 95-hour in-house dataset in which each
recording contains a single complete utterance spo-
ken by one speaker (e.g. “My phone number is
090-8987-2023”). Applying the same segmenta-
tion procedure produces 749 hours of training seg-
ments, where all frames except the final one are
labeled as Hold. Although this dataset achieves
nearly 100% labeling accuracy, it lacks the conver-
sational variability present in real dialogues.

We therefore train our model on a mixture of
both datasets, combining large-scale conversational
dynamics with high-quality utterance-level super-
vision.

3 JAL-Turn

As illustrated in Fig. 1, our proposed JAL-Turn
framework primarily comprises five components:
1) a dual-path encoder for acoustic and semantic
feature extraction, 2) a cross-attention-based fusion
module for integrating heterogeneous representa-
tions, 3) a self-attention-based Transformer module

for temporal modeling, 4) an attention pooling mod-
ule for utterance-level temporal pooling, and 5) a
binary classification head for hold/shift prediction.

3.1 Dual-Encoder Architecture

In contrast to conventional single-encoder ap-
proaches that rely on acoustic or linguistic cues,
we adopt a dual-path encoder architecture to explic-
itly capture complementary aspects of the speech
signal. Concretely, the primary encoder derives
from the pretrained SenseVoice-Small (An et al.,
2024) model, a multilingual speech foundation
model based on a convolution-augmented trans-
former backbone (Gulati et al., 2020; Yang et al.,
2023), which is particularly effective at extracting
high-level semantic and linguistic elements. The
secondary encoder is a pretrained contrastive pre-
dictive coding (CPC) model (Riviere et al., 2020),
which emphasizes low-level acoustic regularities
via self-supervised contrastive learning.

Given an input waveform x € R, where L
denotes the waveform length, the two encoders
produce frame-level feature sequences:

h; = Encodersense (X) € RT1xdr ()
h, = Encodercpc(x) € RT2xdz 3)

where d; = 512 and do = 256 denote the respec-
tive output dimensions. Both encoders are kept
frozen during training in order to preserve their pre-
trained knowledge. We then apply linear projection
layers to map the features into a shared latent space.
Overall, this design allows JAL-Turn to jointly ex-
ploit high-level linguistic cues from SenseVoice
and fine-grained acoustic patterns from CPC, yield-
ing richer and more informative representations for
turn-taking detection.

During training, both the CPC and SenseVoice



encoders are kept frozen. Importantly, the Sen-
seVoice encoder is shared between ASR and JAL-
Turn, enabling turn-taking predictions to be com-
puted synchronously with ASR during inference.
This design avoids inserting any additional process-
ing stages before or after ASR decoding, allowing
turn-taking decisions and transcriptions to be ob-
tained in parallel from a single forward pass of the
shared encoder.

3.2 Cross-Attention-based Fusion

To effectively integrate the heterogeneous features
produced by the dual-path encoders, we introduce a
cross-attention-based fusion module, enabling JAL-
Turn to dynamically attend to the most informative
regions across different feature spaces.

Concretely, the fusion module consists of L = 2
stacked cross-attention layers. In each layer, the
SenseVoice features h; act as queries, while CPC
features h/, serve as keys and values:

-
CrossAttn(Q, K, V) = softmax <?/d> Vv
e
4)
Q = LayerNorm(hj) ©)
K/V = LayerNorm(h/,) (6)

where d, = d/H denotes the dimensionality of
each head, and d and H denote the model dimen-
sion and the number of attention heads, which are
set to 256 and 4, respectively. Each layer addi-
tionally incorporates residual connections and a
position-wise feed-forward network (FFN).

3.3 Transformer-based Module

On top of the fused representation, we employ
a causal self-attention-based Transformer mod-
ule. Notably, we adopt Attention with Linear Bi-
ases (ALiBi) (Press et al., 2022) as the positional
bias mechanism, which replaces conventional ab-
solute positional embeddings by adding a distance-
dependent bias directly to the attention logits. The
intuition behind is that ALiBi has been shown to
improve length extrapolation and naturally encodes
a recency bias, which aligns well with the local
temporal patterns that govern turn-taking behavior.

3.4 Attention-based Temporal Pooling
Module

To obtain an utterance-level representation while
allowing JAL-Turn to automatically focus on the
most informative temporal segments, we apply a

lightweight attention-based temporal pooling mech-
anism over the sequence of hidden states htt = 17
produced by the Transformer-like module. Specifi-
cally, we compute:

oy = softmax (wTht + b) 7
T

hpoot = Y o - by ®)
t=1

where w € R% and b € R are trainable parameters,
and oy denotes the normalized attention weight for
time step .

3.5 Classification Head and Training
Objective

Given the pooled representation hpyoo € R, we
apply a lightweight linear classification head to
produce the shift logit § € R, parameterized by
trainable weights w¢s € R? and bias bgs € R.
The predicted probability is obtained via a sigmoid
activation, and the final decision (hold vs. shift) is
made using a fixed threshold 7 = 0.5.

The model is trained end-to-end with the stan-
dard binary cross-entropy objective over mini-
batches, where y € {0, 1} denotes the ground-truth
turn label (1 for shift and O for hold).

4 Experiments

4.1 Experimental Setups
4.1.1 Datasets

To comprehensively assess the proposed method,
we conduct experiments on the public Mandarin
dataset Easy-Turn (approximately 1145 hours),
multilingual STurn-v3>¢ dataset (containing ap-
proximately 700 hours of speech in 23 languages),
and a large-scale in-house corpus of real-world
Japanese dialogues introduced in the previous sec-
tion.

For Easy-Turn and STurn-v3, we use the original
test set for evaluation, while splitting the training
set into training and validation sets with a 9:1 ratio.
For the in-house Japanese corpus, we partition all
in-house data into training and validation sets us-
ing the same 9:1 split as well. Regarding the test
set, we additionally collected 500 samples from
real-world business data for evaluation which are

Shttps://huggingface.co/datasets/pipecat-ai/smart-turn-
data-v3-train

Shttps://huggingface.co/datasets/pipecat-ai/smart-turn-
data-v3-test



labeled by human. These data covered various at-
tributes such as gender, age, and business scenario
to ensure a comprehensive evaluation of the pro-
posed method.

4.1.2 Implementation Details

In all experiments, JAL-Turn is trained end-to-end
using a single H100 GPU for 10 epochs within the
PyTorch framework. We use the AdamW optimizer
with an initial learning rate of 1 x 1074, a weight
decay of 0.001, and a batch size of 64. The learning
rate is scheduled using a cosine annealing strategy,
decaying to a minimum value of 1 x 1076,

Regarding evaluation metrics, we use accuracy
and F1-score for turn-taking detection. In addition,
we use latency to quantify the responsiveness of
the system in full-duplex scenarios.

4.2 Main Results

To comprehensively assess the proposed approach,
we evaluate JAL-Turn against three categories of
baselines on two public multilingual benchmarks
and an in-house Japanese corpus. Specifically, we
consider: (1) audio-only methods, including STurn-
v2 and STurn-v3; (2) LLM-based pipelines, in-
cluding GPT-5.17, Qwen3-0.6B?, and Gemini-2.5-
Flash?, where SenseVoice is first used to produce
ASR transcripts and the resulting text is then fed
into the LLMs for turn-state prediction; and (3) an
SLM-based system, represented by EasyTurn (Li
et al., 2025), which performs turn-taking detection
using a speech language model backbone. GPT-5.1
and Gemini-2.5-Flash are evaluated via their offi-
cial APIs, whereas Qwen3-0.6B is fine-tuned on
the training data and served with vLLM!Y (Kwon
et al., 2023) for efficient inference. All LLM-based
experiments use the same prompt, provided in Ap-
pendix A.

4.2.1 Comparison with SLM-based Systems

We first compare JAL-Turn with representative
strong baselines on the Mandarin Easy-Turn cor-
pus (Table 1). Here, Accp, AcCinep, AcCye, and
Accyqir denote the turn-taking detection accuracy
for the complete, incomplete, backchannel, and
wait states, respectively (higher is better). JAL-
Turn achieves the best performance on the cp

Thttps://openai.com/zh-Hans-CN/index/gpt-5-1
Shttps://huggingface.co/Qwen/Qwen3-0.6B
%https://poe.com/Gemini-2.5-Flash
Ohttps://github.com/vlim-project/vlim

state (96.67%) while operating at an extremely
low end-to-end latency of 12 ms. Compared with
Paraformer (Gao et al., 2022)+TEN Turn Detection
and STurn-v2, JAL-Turn yields markedly higher
accuracy of the complete and incomplete states,
and reduces latency from 204 ms / 27 ms to 12 ms.

Against EasyTurn, JAL-Turn attains compara-
ble performance on incp and wait (within 4.0
and 6.0 points, respectively) and slightly improves
cp accuracy (96.67% vs. 96.33%). However,
JAL-Turn underperforms on the bc state (80% vs.
91%), which we conjecture stems from the intrin-
sically context-dependent nature of backchannels:
they are often short, semantically light responses
whose role is better determined with explicit lex-
ical/semantic cues. Crucially, despite this gap on
bc, JAL-Turn offers a substantially more favorable
quality—latency trade-off overall, delivering com-
petitive state-wise accuracy under strict real-time
constraints.

4.2.2 Comparison with Audio-only Methods

As shown in Tables 2 and 3, JAL-Turn consistently
achieves the best detection accuracy and F1-score
among audio-only methods on both the public mul-
tilingual benchmark and the in-house Japanese cor-
pus. On the public STurn benchmark, JAL-Turn
attains 93.27% accuracy and 0.934 F1, providing
small but consistent relative gains of approximately
0.2% in accuracy and 0.3% in F1 over STurn-v3,
while outperforming STurn-v2 by about 43% rela-
tive accuracy and 38% relative F1. On the in-house
Japanese corpus, the improvements are much more
substantial: JAL-Turn reaches 92.03% accuracy
and 0.925 F1, corresponding to relative gains of
roughly 25.6% accuracy and 24.8% F1 over STurn-
v3 (73.29%, 0.741), and about 41.3% accuracy and
36.2% F1 over STurn-v2 (65.12%, 0.679).

In terms of efficiency, STurn-v3 achieves the
lowest latency on both benchmarks (12ms and
23 ms), but JAL-Turn still operates comfortably
within the real-time regime, with end-to-end laten-
cies of 22 ms on the public dataset and 43 ms on the
in-house corpus. Compared with the older STurn-
v2 system, JAL-Turn not only delivers dramatically
higher accuracy and F1, but also reduces latency
by about 85% on the public benchmark (149 ms —
22 ms) and by roughly 69% on the in-house cor-
pus (138 ms — 43 ms). These results demonstrate
that the proposed joint acoustic—linguistic mod-
eling paradigm effectively integrates fine-grained
acoustic and linguistic cues, yielding clearly supe-



Table 1: Performance comparison of turn-taking detection methods on Mandarin Easy-Turn corpus.

Model Accep  AcCineg Accy.  Accyqie  Latency (ms)
Paraformer+TEN Turn Detection 86.67 89.3 - 91 204
STurn-v2 78.67 62 - - 27
Easy-Turn 96.33  97.67 91 98 263
JAL-Turn 96.67 93.67 80 92 12

Table 2: Performance comparison of audio-only turn-
taking detection methods on multilingual STurn-v3.

Model Acc F1 Latency (ms)
STurn-v2 65.12 0.679 149
STurn-v3 93.10 0.931 12
JAL-Turn 93.27 0.934 36

Table 3: Performance comparison of audio-only turn-
taking detection methods on in-house Japanese corpus.

Model Acc F1 Latency (ms)
STurn-v2 55.46 0.427 140
STurn-v3 71.94 0.736 13
JAL-Turn 92.03 0.925 38

rior detection quality while maintaining low end-
to-end latency suitable for deployment in real-time
dialogue systems.

4.2.3 Comparison with LLM-based Methods

As shown in Table 4, JAL-Turn also compares fa-
vorably with LLM-based turn-taking detectors on
the in-house benchmark.

Table 4: Performance comparison of JAL-Turn against
LLM-based turn-taking detection methods on the in-
house benchmark.

Model Acc F1 Latency (ms)
Gemini-2.5-Flash 7691 0.817 595
Qwen3-0.6B 78.70  0.782 124
GPT-5.1 85.52 0.874 1205
JAL-Turn 92.03 0.925 38

Compared with Gemini-2.5-Flash and Qwen3-
0.6B, JAL-Turn improves accuracy by 15.1 and
13.3 absolute points (92.03% vs. 76.91% / 78.70%),
respectively, and increases F1 by 0.108 and 0.143,
while reducing latency from 595 ms and 124 ms to
only 38 ms. Relative to GPT-5.1, JAL-Turn further
raises accuracy from 85.52% to 92.03% and F1
from 0.874 to 0.925, and lowers latency by more
than a factor of five (205ms — 38 ms). These
results indicate that JAL-Turn not only matches
or surpasses the detection quality of substantially

heavier LLM-based pipelines, but also offers an
order-of-magnitude lower response latency and
avoids the additional overhead of full ASR decod-
ing and large-scale language model inference, mak-
ing it a lightweight yet competitive alternative for
real-time full-duplex dialogue systems.

4.3 Ablation Studies

To assess the contribution of each component in
JAL-Turn, we conduct ablation experiments on the
in-house Japanese corpus, as summarized in Ta-
ble 5.

Table 5: Ablation studies of the proposed JAL-Turn. w/o
CrossATT denotes using concatenation, w/o ATTPool-
ing represents using the last layer feature.

Model Acc F1 Latency (ms)
JAL-Turn 92.03 0.925 38
w/o Sense 72.01 0.698 12
w/o CPC 84.18 0.839 26
w/o CrossATT  88.59 0.873 41

w/o ATTPooling 90.23  0.895 48

Removing either encoder leads to a clear degra-
dation in detection performance. Dropping the Sen-
seVoice encoder (w/o Sense) causes accuracy to
fall from 92.03% to 72.01% and F1 from 0.925 to
0.698, indicating that linguistically enriched repre-
sentations are the primary driver of performance.
Removing the CPC encoder (w/o CPC) is less catas-
trophic but still non-trivial, reducing accuracy to
84.18% and F1 to 0.839. This shows that CPC con-
tributes complementary fine-grained acoustic cues
that further enhance robustness.

Eliminating the cross-attention module (w/o
CrossATT) while retaining both encoders also re-
sults in a noticeable drop, to 88.59% accuracy and
0.873 F1. This confirms that explicitly modeling in-
teractions between acoustic and linguistic streams
is more effective than simply co-presenting their
features.

Finally, removing the attention-based tempo-
ral pooling (w/o ATTPooling) leads to a moder-



ate degradation in performance (90.23% accuracy
and 0.895 F1) and simultaneously increases la-
tency from 38 ms to 48 ms. Thus, the proposed
lightweight attention pooling not only yields more
informative utterance-level representations, but
also provides a better accuracy—latency trade-off
than simpler temporal aggregation schemes.

4.4 Analysis

To investigate how the proposed model exploits
acoustic and linguistic cues for turn-taking predic-
tion, we analyze both encoder-level and temporal-
level contributions on the STurn-v3 and our in-
house Japanese test sets. We adopt a unified
gradient-based attribution framework to quantify
representation-level contributions, complemented
by controlled encoder ablations to assess the func-
tional role of each information source.

4.4.1 Encoder-Level Contribution

For each sample, we backpropagate the classifi-
cation score to the encoder outputs and compute
encoder-wise scores via the element-wise gradi-
ent—activation product. The contribution ratio for
encoder ¢ is defined as
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Figure 2: Encoder-wise contribution ratios across utter-
ance durations for SenseVoice (left) and CPC (right).

As shown in Fig. 2, SenseVoice clearly domi-
nates across all bins, with pgenge increasing from
roughly 0.78 (0-3 s) to 0.90 (6-9 s), indicating that
linguistically enriched representations are the pri-
mary driver of turn-taking decisions and become

even more influential for longer contexts. CPC
exhibits complementary but smaller contributions,
with pcpc decreasing from about 0.22 (0-3 s) to
0.10 (6-9 s) as duration grows, suggesting that
prosodic and low-level acoustic cues are most use-
ful for short utterances when semantic context is
limited. Overall, this reveals a length-dependent
division of labor: SenseVoice provides the domi-
nant semantic signal, while CPC supplies auxiliary
acoustic evidence, particularly in short-context sce-
narios.

4.4.2 Temporal-Level Contribution

To further analyze how the model allocates atten-
tion over time, we perform position-regularized
temporal attribution using the gradient—input prod-
uct. Temporal contribution scores are projected
onto a normalized 0-100% axis to facilitate direct
comparison across variable-length utterances.

Across all three languages, contributions from
the SenseVoice encoder exhibit a consistent mono-
tonic increase toward the end of the utterance, re-
vealing a strong bias toward utterance-final regions
for turn-taking prediction (Fig. 3). However, the de-
gree of temporal concentration varies substantially
across languages. In Japanese, the majority of the
SenseVoice contribution is concentrated within the
final 5% of the audio context. In contrast, Chi-
nese shows a broader concentration around the fi-
nal 10%, while English displays a more gradual
accumulation, with peak contributions occurring
around the final 25% of the utterance.

This temporal localization reflects language-
specific turn-completion mechanisms. In Japanese,
turn-taking cues are tightly associated with
utterance-final phonetic structures and sentence-
final morphemes, such as polite-form endings (e.g.,
“-masu” and “-desu’), which are fully realized only
in Shift instances. As a result, the model exhibits
highly concentrated attention near the end of the
utterance, particularly for Shift predictions. In con-
trast, English relies more heavily on anticipatory
prosodic patterns that unfold over a longer temporal
span, while Chinese again occupies an intermediate
position.

Notably, the CPC encoder does not exhibit a
comparable temporal bias. Its contribution remains
relatively uniform across the entire utterance for all
three languages, indicating that low-level acoustic
representations primarily capture global prosodic
characteristics rather than temporally localized
turn-completion cues. Together, these findings
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Figure 3: Temporal-level attribution heatmap of three language (normalized to 0-100%). The upper and lower rows
correspond to SenseVoice and CPC encoders, respectively. Red dashed lines indicate the boundary between Hold

and Shift samples.

suggest that SenseVoice is responsible for mod-
eling temporally localized, language-dependent
turn-taking signals, whereas CPC provides comple-
mentary, globally distributed acoustic information.
Across languages, these findings further imply that
SenseVoice, as an ASR encoder, primarily encodes
rich phonetic and sub-lexical information, rather
than high-level semantic representations in the tra-
ditional sense. Although its overall contribution is
relatively smaller, CPC complements SenseVoice
by encoding broader prosodic variations that are
not fully captured by ASR-style encoders, thereby
enriching the model’s representation space along
additional acoustic dimensions.

5 Conclusion

In this study, we present JAL-Turn, a lightweight
and robust turn-taking detection framework for
full-duplex spoken dialogue systems. By jointly
and adaptively modeling acoustic and linguistic
elements of the given utterance, together with
lightweight transformer and temporal attention
pooling modules, JAL-Turn supports low-latency
and accurate prediction of turn taking decisions. A
scalable data construction pipeline further enables
automatic extraction of reliable turn-taking labels
from large-scale real-world corpora. Experiments
on multilingual public benchmarks and an in-house
Japanese customer-service dataset show that JAL-

Turn consistently outperforms strong baselines in
both accuracy and robustness while maintaining
real-time performance.

6 Limitations

Our work has several limitations. First, our scal-
able data pipeline derives training supervision from
stereo VAD with a future-window rule, yielding
an estimated labeling accuracy of ~85% based on
manual inspection. This supervision is therefore
noisy and only indirectly reflects pragmatic turn-
taking intent: ambiguous overlaps, long hesitations,
or VAD errors may lead to mislabeled hold/shift
decisions. Moreover, the future-window label-
ing explicitly suppresses backchannels, which can
limit the model’s ability to recognize backchannel-
specific interaction patterns and partially explains
the performance gap on the backchannel state ob-
served on Easy-Turn. Second, JAL-Turn focuses
on binary hold/shift prediction with a fixed-length
(108) context construction. While effective for
low-latency deployment, this formulation does not
fully capture richer turn-management behaviors
(e.g., multi-state dialog acts or explicit backchan-
nel prediction), and extending the method to finer-
grained conversational states remains future work.
Third, part of our evaluation is conducted on an
in-house Japanese customer-service corpus with a
manually labeled test subset, which may limit full



reproducibility and independent verification.
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A Prompt for LLM-based Turn-Taking
Detection

You are analyzing a conversation turn. Your task
is to determine whether the current speaker should
continue speaking or should stop and let the other
speaker talk.

Rules: If the current input text indicates that the
speaker has NOT finished their thought or sentence
(the speech is incomplete or continuing), output:
hold. If the current input text indicates that the
speaker HAS finished their thought or sentence
(the speech is complete and ready for the other
speaker to respond), output: shift.

Analyze the following text and output your deci-
sion.
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