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Abstract

We propose TiCo, a simple post-training method for enabling spoken dialogue
models (SDMs) to follow time-constrained instructions and generate responses with
controllable duration. This capability is valuable for real-world spoken language
systems such as voice assistants and interactive agents, where controlling response
duration can improve interaction quality. However, despite their strong ability to
generate natural spoken responses, existing models lack time awareness and strug-
gle to follow duration-related instructions (e.g., “Please generate a response lasting
about 15 seconds”). Through an empirical evaluation of both open-source and
commercial SDMs, we show that they frequently fail to satisfy such time-control re-
quirements. TiCo addresses this limitation by enabling models to estimate elapsed
speaking time during generation through Spoken Time Markers (STM) (e.g., <10.6
seconds>). These markers help the model maintain awareness of time and adjust
the remaining content to meet the target duration. TiCo is simple and efficient:
it requires only a small amount of data and no additional question-answer pairs,
relying instead on self-generation and reinforcement learning. Experimental results
show that TiCo significantly improves adherence to duration constraints while
preserving response quality.

1 Introduction

“Time is money,” as famously stated by Benjamin Franklin, highlights the fundamental value of time in
human life. In human–computer interaction, time is a critical resource that directly impacts usability,
deployment cost, and safety-critical decision making. This is especially true for Spoken Dialogue
Models (SDMs) [1–3], which are gaining increasing attention in real-world applications, such as
personal assistants, wearable devices, and healthcare systems [4, 5]. In these scenarios, a response
must not only be accurate and natural, but often also strictly bounded in duration. For example, a
voice assistant may be required to provide a traffic update while driving; a wearable device may
require concise spoken feedback due to battery or bandwidth constraints. Similarly, in medical or
emergency scenarios, a voice assistant may need to deliver brief yet informative instructions under
strict time pressure. In all of these cases, the ability to control response duration is a key requirement
for practical deployment. Despite its importance, time controllability remains largely underexplored
in SDMs.

In the domain of text Large Language Models (LLMs), prior studies have shown that models
often struggle to follow explicit length-constraint instructions [6]. Moreover, LLM outputs often
exhibit verbosity or length bias, a phenomenon associated with preference-based evaluation and
alignment [7, 8]. This tendency weakens instruction-following capability and negatively affects
user experience. While benchmarks, prompting and training strategies have begun to address length
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Figure 1: Overview of TiCo, a two-stage framework for time-controllable speech generation. Stage
1 (top): The model leverages self-generation to produce responses annotated with Spoken Time
Markers (STMs), which serve as supervision for learning time awareness, i.e., associating intermedi-
ate generation states with temporal progress and estimating elapsed speaking time. Stage 2 (bottom):
The model is further optimized via RLVR, where rewards are derived from STMs, enabling the model
to regulate response duration in real time.

controllability in text LLMs [6, 9–11], this research direction remains active and continues to attract
attention due to its substantial practical importance.

However, controlling response duration in SDMs is considerably more challenging than controlling
output length in text. In speech generation, word count is only a proxy for actual duration. A single
word may contain different numbers of syllables, and speech duration is known to vary with phonetic
composition, linguistic context, and prosodic structure [12]. Moreover, speaking rate may vary
across speakers, speaking styles, and communicative conditions, which depends on both speaker and
listener [13]. As a result, simply constraining the number of generated words does not guarantee
accurate control over the final speech duration. This mismatch makes duration control a unique and
more demanding problem in spoken dialogue systems.

2



Given the limited study of time controllability in SDMs, we first introduce TiCo-Bench, a benchmark
designed to evaluate the time-controllable instruction-following capability of SDMs. Our evaluation
reveals that existing SDMs struggle to reliably satisfy explicit time constraints.

To address this challenge, we propose TiCo (Figure 1), a simple yet effective post-training framework
that enables SDMs to estimate and regulate generated speech duration in real time through Spoken
Time Markers. The core idea of TiCo is to equip the model with an internal mechanism for time
awareness during generation, allowing it to track temporal progress during generation and adjust its
responses accordingly.

Specifically, TiCo consists of a two-stage training procedure. In the first stage, the model leverages
self-generation to construct supervision data for learning duration awareness, enabling it to associate
intermediate generation states with temporal progress and estimate the elapsed speaking time. In
the second stage, Reinforcement Learning with Verifiable Rewards (RLVR) [14] is applied, where
rewards are automatically verified based on the Spoken Time Markers, to further shape the response
distribution and improve compliance with duration-related instructions. This stage encourages
the model to better satisfy target time constraints while preserving the response quality, including
helpfulness and coherence.

Our contributions are summarized as follows:

• We propose TiCo, a two-stage training framework that enables spoken dialogue models to
generate Spoken Time Markers (STMs) during inference and perform real-time control
over response duration.

• We introduce TiCo-Bench, the first benchmark designed to evaluate the time controllability
of spoken dialogue models (SDMs), measuring whether they can follow explicit duration-
related instructions.

• We conduct extensive experiments showing that TiCo significantly improves duration con-
trollability while preserving response quality, and further demonstrate that the learned
capability generalizes beyond the duration range seen during training.

2 Related Works

2.1 Spoken Dialogue Models

Spoken Dialogue Models (SDMs) [1, 2] aim to enable natural human-computer interaction by directly
understanding and generating spoken conversations. Unlike traditional voice assistants that rely on
cascaded ASR, text generation, and TTS modules, recent SDMs increasingly adopt end-to-end or
tightly integrated modeling paradigms [15, 3].

However, compared to text-based LLMs operating in a semantically rich textual space, speech is
consider to be significantly more challenging to process due to the high variability and complexity
of acoustic signals 2. As a result, many recent SDMs introduce intermediate representations, most
commonly text, to support semantic planning during generating the speech response. This includes
reasoning to improve response quality [21], tool calling [22] to leverage external modules, and more
direct guidance over spoken content [23, 24]. Specifically, the SDM first takes the input query
(in either text or speech form) to generate an intermediate representation, which is then consumed
by a speech generator to produce the final output speech representation (e.g., phonetic tokens and
acoustic tokens [1, 25, 26]), and subsequently synthesized into a waveform. We provide a survey of
representative SDMs and their intermediate representations in the Appendix G.

Recently, several benchmarks have begun to evaluate SDMs beyond response quality, incorporating
dimensions such as speaking style, time-awareness, and controllability. For instance, Full-Duplex-
Bench [27, 28] evaluates full-duplex conversation by quantifying the ability of SDMs to engage
in simultaneous speaking. ParaS2S [29] focuses on paralinguistic awareness, assessing how well
SDMs capture aspects such as speaking styles and emotional expression. F-Actor [30] explores
controllable conversational behavior in SDMs, showing that SDMs can be guided with instructions
over attributes such as speaker voice, topic, and interaction style. In addition, and most related to

2This challenge has been larely explored in prior work such as the “Textless NLP” paradigm [14, 16–20], where quantized
speech representations are treated as “pseudo text” to improve training efficiency and efficacy.
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TiCo, Game-Time [31] instead targets time-awareness, including adherence to temporal instructions,
tempo control, and overlapping speech generation. Despite the emergence of such benchmarks
on controllability and time-awareness, to the best of our knowledge, TiCo is the first method that
explicitly enables time-controllable generation for SDMs through a simple post-training approach.

It is worth noting that TiCo differs fundamentally from duration modeling in TTS systems [32, 33].
While duration modeling in TTS primarily focuses on aligning text with synthesized speech, TiCo
instead targets time-controllable spoken response generation. This setting requires spoken dialogue
models (SDMs) to perform semantic planning and reasoning while dynamically adapting to time-
related constraints during generation. Moreover, TiCo is orthogonal to prior work on temporal
understanding [34], which aims to equip speech models with the ability to interpret temporal
information in input audio (e.g., “What is the time interval of the query ‘a dog barking’ in the
audio?”) [35]. In contrast, TiCo focuses on time awareness in the generation process, rather than
temporal comprehension of the input.

2.2 Length-Control Large Language Models

Precise regulation over the generation length of LLMs is critical for adapting these systems to
constrained downstream applications and fulfilling specific user requirements. To enforce exact length
constraints without incurring the computational overhead of retraining, researchers have proposed
various training-free and decoding-time interventions. These methods encompass advanced sampling
algorithms [36], task-specific zero-shot prompting strategies [37], and decoding interventions that
dynamically increase the weight of the End-of-Sequence (EOS) token [38].

For more fine-grained regulation, instruction tuning approaches explicitly integrate positional aware-
ness to continuously monitor the remaining generation length. Recent methodologies achieve this
by incorporating length-tracking signals directly into the generation process, such as modifying the
input encodings to reflect the distance to the target length [39], interleaving latent tracking tokens
alongside the output sequence [11], or injecting explicit positional markers to enforce strict length
constraints [40]. These generalized alignment strategies enable models to strictly adhere to prede-
fined length constraints and reliably execute complex text manipulation operations including precise
copy-and-paste tasks.

Beyond explicit instruction tuning, a parallel line of research leverages reinforcement learning (RL)
and preference optimization to align large language models with human expectations. However, stan-
dard alignment processes frequently introduce verbosity biases, where models tend to associate longer
responses with higher quality. To address this fundamental issue, advanced RL-based approaches
have been refined to decouple explicit length biases from actual response evaluation [41, 42]. Ex-
panding beyond the mere mitigation of superficial verbosity, recent RL paradigms have shifted focus
toward actively managing the internal computational reasoning duration of models. Depending on the
objective, these frameworks either establish constrained environments to enforce concise reasoning
steps [43], or deliberately prolong these internal cognitive trajectories to expand the problem-solving
capabilities of the system prior to generating a final answer [44, 45, 10].

3 TiCo

A speech-to-speech Spoken Dialogue Model (SDM) can be viewed as a conditional generative model
that produces a spoken response ysp given the user’s input speech query xsp and a textual instruction
p (e.g., a system prompt).

Modern SDMs often introduce intermediate representations z to bridge high-level semantic reasoning
and low-level speech synthesis. Concretely, an intermediate sequence generator pθ first generates
an intermediate representation conditioned on the user input:

z ∼ pθ(z | xsp,p). (1)

The final spoken response is then generated by a speech generator qϕ:

ysp ∼ qϕ(y
sp | z,xsp,p). (2)

Different architectures impose different conditional independence assumptions on Eq. (3). In cascaded
systems, the speech synthesis module has no access to the original user speech or instruction, reducing
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the generation to qϕ(y
sp | z). In end-to-end models, the generation of ysp may additionally depend

on xsp and p 3.

3.1 TiCo Stage1: Time-Awareness Training

This stage (Figure 1 (top)) trains the model to generate Spoken Time Markers as part of the interme-
diate representation z, so that z encodes not only semantic content but also its expected temporal
alignment with the final spoken response ysp under the conditioning context (xsp,p). These markers
are inserted into z through a self-generation process and used as prediction targets during training.

Spoken Time Marker. A Spoken Time Marker is a special token indicating the estimated cumulative
speaking duration up to a given position in the intermediate representation. Conceptually, these mark-
ers serve as a discretized alignment signal between the intermediate semantic plan z and the realized
spoken response ysp under the same conditioning context (xsp,p). Inspired by TimeMarker [46], we
represent these markers in textual form, e.g., <6.8 seconds>.

Estimating duration at the intermediate level is non-trivial. A single word may correspond to multiple
syllables, and its acoustic duration may vary depending on context and speaking rate. Explicit
duration estimation is therefore required to bridge the gap between the intermediate representation
and the final speech realization.

Training Data Construction. Let D = {(xsp,p)} denote a pool of input speech query–instruction
pairs. In this stage, we construct time-aware training targets through self-generation followed by
ASR-based alignment. Specifically, given each input (xsp,p) ∈ D, the model first freely generates
an intermediate representation z and its corresponding spoken response ysp.

We then apply ASR-based alignment to estimate the temporal correspondence between z and ysp.
Based on the aligned timestamps, we define a sequence of Spoken Time Markers t = [t1, . . . , tM ],
where each tj denotes the estimated cumulative speaking duration at an aligned position in z. We
interleave these markers with the intermediate tokens to obtain an augmented sequence:

z̃ = [ z1, . . . , zi, tj , . . . , zN , tM ]. (3)

As a result, the augmented sequence z̃ encodes not only semantic content, but also alignment-induced
timing information that links z to the final spoken response under the same input condition (xsp,p).

This process yields an aligned training set DSFT = {(xsp,p, z̃)}. We model the augmented interme-
diate sequence autoregressively as

pθ(z̃ | xsp,p) =

|z̃|∏
n=1

pθ(z̃n | z̃<n,x
sp,p). (4)

We then optimize the standard supervised fine-tuning (SFT) objective:

LSFT = −E(xsp,p,z̃)∼DSFT

 |z̃|∑
n=1

log pθ (z̃n | z̃<n,x
sp,p)

 . (5)

It’s worth noting that self-generation offers two advantages: (1) it removes the need for collecting
paired question-answer supervision, and (2) the generated responses follow the model’s own output
distribution, which improves training stability [47].

3.2 TiCo Stage 2: Time-Controllable Training

This stage (Figure 1 (bottom)) further trains the model to follow time-constrained instructions. We
augment the textual instruction p with a duration constraint and denote the resulting instruction
by pdur, where the target duration is denoted by tinst. Since Spoken Time Markers reside in the
intermediate representation, we apply reinforcement learning to the intermediate-sequence generator
pθ(z̃ | xsp,pdur).

3For example, in Qwen-Omni’s “Thinker-Talker” design [23, 24]
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Specifically, we adopt GRPO [14] to optimize time controllability, and incorporate CHORD [48]
as a dynamically weighted auxiliary objective that integrates off-policy expert trajectories into the
on-policy RL process. This regularization steers the policy toward the expert trajectories in the
Stage-1-constructed dataset DSFT while preserving on-policy exploration. In practice, we find this
mechanism crucial for stabilizing training, as GRPO alone frequently leads to reward hacking.

Given an input (xsp,pdur), we sample a group of G candidate augmented intermediate sequences
from the old policy:

z̃(g) ∼ pθold(· | xsp,pdur), g = 1, . . . , G. (6)

Reward Design. The main reward measures the accuracy of the predicted total duration:

R(g)
main = F

(
tinst − t

(g)
last

)
, (7)

where tinst is the target duration specified in the instruction and t
(g)
last is the duration indicated by

the final generated time marker in z̃(g). We instantiate F as a Gaussian function, i.e., F (∆t) =
exp

(
−(∆t)2/(2σ2)

)
, where σ controls the tolerance to duration errors.

We additionally introduce several auxiliary rewards to stabilize training and mitigate reward hacking,
including a “presence reward” that encourages the model to generate at least one time marker,
a “monotonicity reward” that encourages time markers to increase monotonically, a “repetition
penalty” that discourages repeatedly generating identical time markers, and a “copy penalty” that
discourages trivial copying of the instructed duration. The detailed definitions of these auxiliary
rewards, as well as the corresponding ablation study, are provided in Appendix B. The overall reward
for the g-th sample is

R(g) = R(g)
main +R(g)

aux. (8)

We then optimize the intermediate-sequence generator with GRPO:

LGRPO = −E

 1

G

G∑
g=1

1

|z̃(g)|

|z̃(g)|∑
n=1

ℓg,n(θ)

 , (9)

where

ℓg,n(θ) = min
(
ρg,n(θ)Â

(g), clip (ρg,n(θ), 1− ε, 1 + ε) Â(g)
)
− β DKL[pθ∥pref ]n , (10)

and

ρg,n(θ) =
pθ

(
z̃
(g)
n | z̃(g)<n,x

sp,pdur
)

pθold

(
z̃
(g)
n | z̃(g)<n,x

sp,pdur
) . (11)

Here, Â(g) denotes the group-relative normalized advantage for sample g, computed from {R(g)}Gg=1
following GRPO. pref denotes the reference policy (i.e., the Stage 1 checkpoint before RL training),
and β is the KL penalty coefficient.

Following CHORD [48], we additionally regularize training with expert trajectories from the first
stage. The final training loss at optimization step s is

L(s) = (1− αs) LGRPO + αsLSFT, (12)

where αs is a step-dependent coefficient as described in CHORD [48]. Specifically, αs gradually
decays over the course of training, allowing the regularizing effect of the SFT loss to diminish as the
model improves.

4 Experiments

4.1 TiCo-Bench

Dataset Construction. As illustrated in Figure 2, TiCo-Bench is constructed by deriving samples
from existing spoken and textual question datasets to provide a rigorous evaluation across diverse
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InstructS2S

Speech Question Answering

180 queries

SPEECH UROBench

Reasoning Subset

180 queries

SPEECH

LIFEBench
QA / Creative Generation /
Reasoning / Summarization

180 queries

TEXT UROBench
Reasoning Subset with 
explicit transcriptions

180 queries

TEXT

Time-control Instruction

 e.g. "Generate a response that lasts
exactly <TARGET> seconds.",

"Your response duration should be
exactly <TARGET> seconds.", etc.

Target duration:  30 ~ 60 secs

Long-Duration Setting

Short-Duration Setting

Target duration:  10 ~ 30 secs

1440
TICO-Bench

evaluation samples

Insert

Figure 2: Overview of TiCo-Bench construction. Base queries are collected from four distinct text
and speech datasets (totaling 720 queries). Explicit time-control instructions are then inserted into
these queries. By applying both a short-duration setting (10–30 secs) and a long-duration setting
(30–60 secs) to each query, the initial dataset is doubled, resulting in a final benchmark of 1440
evaluation samples.

tasks and modalities. Specifically, the benchmark is sourced from InstructS2S [49], UROBench [50],
and LIFEBench [6]. InstructS2S is utilized to evaluate fundamental understanding capabilities. To
assess performance in more complex scenarios, we incorporate UROBench, explicitly extracting its
reasoning subset to evaluate cognitive processing. Furthermore, we leverage LIFEBench, an existing
length-control benchmark in the text domain, whose task categories encompass question answering,
creative generation, reasoning, and summarization.

Regarding input modalities, InstructS2S and UROBench are native speech datasets, whereas
LIFEBench is a text-based dataset. We directly utilize the audio questions from InstructS2S and
UROBench as speech queries to evaluate the spoken language models. Conversely, the text questions
in LIFEBench serve as textual queries. To enable a more detailed ablation study regarding input
modalities, we also utilize the explicit text transcriptions provided in UROBench, establishing a
parallel set of text queries for comparative analysis.

To construct the final benchmark, we sample 180 questions from each dataset source. Because
UROBench is repurposed to provide both speech and text queries, this creates four distinct evaluation
subsets, totaling 720 unique base queries. We augment these queries with randomly assigned, time-
controlled instructions. These instructions are formulated as textual prompts to explicitly guide the
generative models toward the target response length (e.g., ‘Your response duration should be exactly
25 seconds.’). Every query is evaluated under two distinct temporal constraints: a short setting (10
to 30 seconds) and a long setting (30 seconds to 1 minute). This systematic augmentation yields a
rigorous benchmark of 1,440 evaluation samples.

Metrics. We evaluate duration controllability using two metrics. Let di denote the actual duration
of the generated speech for the i-th sample, and let tinst,i denote the target duration specified in the
instruction.

The Mean Absolute Error (MAE) measures the average absolute deviation in seconds:

MAE =
1

N

N∑
i=1

|di − tinst,i|, (13)

while the Mean Absolute Percentage Error (MAPE) normalizes the deviation by the target duration:

MAPE =
1

N

N∑
i=1

|di − tinst,i|
tinst,i

× 100%. (14)

MAE captures the absolute magnitude of duration error, whereas MAPE provides a scale-invariant
measure that enables fair comparison across different target durations.

We further evaluate response quality using a GPT-score. We first transcribe the generated speech
using ASR, and then prompt an LLM (GPT-5-mini) to assess the response quality. The model assigns
a score from 1 to 5 for each sample, and we report the average score.

Baselines. We compare against three categories of baselines in TiCo-Bench: (1) open-source SDMs,
(2) commercial models, and (3) cascaded systems. For the cascaded strong baselines, we employ an
LLM prompted to generate a response that satisfies the target duration constraint as closely as possible,
and then use a text-to-speech system to synthesize the corresponding speech. Specifically, we utilize
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GPT-5.2 [51] as a frontier commercial LLM and Qwen2.5-7B-Instruct [52] as a representative SoTA
open-source language model. For the TTS component, IndexTTS-2 [53] is employed to generate
high-quality speech from the LLM response. Detailed prompts used for the cascaded system can be
found at the Appendix C.

To ensure that evaluation reflects generation quality rather than truncation artifacts, all SDMs are
allocated a sufficiently large token budget to cover responses of up to 1 minute of speech.

4.2 Experimental Setup

We adopted MS-SWIFT (SWIFT) [54] 4 to train the model through out this paper. We adopt Qwen-
2.5-Omni 7B [23] as the backbone model. Spoken Time Markers are inserted into the output of
the “Thinker”. In both training stages of TiCo, only the “Thinker” is trained, while the “Talker”
remains fixed. During inference, Spoken Time Markers are used only for intermediate planning and
are removed via simple regex before feeding the cleaned sequence z into the “Talker” for speech
generation.

Although our experiments are conducted on this architecture, TiCo is not restricted to a specific SDM
design. The Spoken Time Marker mechanism can be applied to any spoken dialogue model that
generates an intermediate representation prior to speech synthesis.

We sample 4,000 speech questions from InstructS2S [49] as in-domain training data (with 400 held
out for evaluation). The training data do not overlap with the in-domain test set in TiCo-Bench. Word-
level timestamps for constructing Spoken Time Markers are obtained using Whisper medium [55].
For simplicity, we insert a Spoken Time Marker after sentence-level punctuation marks (e.g., commas,
periods, and exclamation marks). The distribution of Spoken Time Markers in the training data is
shown in Figure 3.

(a) Markers per Response (b) Marker Timestamps (c) Inter-Marker Intervals

Figure 3: Distribution of Spoken Time Markers in the First stage training data.

During training, the maximum number of generated tokens for Qwen-2.5-Omni 7B is set to 2,048,
corresponding to approximately 41 seconds of speech. At inference time, this limit is increased
to 4,096 to support longer responses. This configuration is primarily adopted for efficiency and to
evaluate the model’s ability to generalize to longer outputs, as TiCo-Bench extends up to one minute.
In principle, the model can also be trained on longer-response data if desired. Additional training
details are provided in the Appendix B.

5 Results

5.1 TiCo-Bench

As shown in Table 1, TiCo consistently outperforms all baselines across both datasets (in-domain
InstrcutS2S and out-of-domain UROBench) and both duration settings. TiCo achieves the best
overall performance with 4.54s MAE and 14.9% MAPE, substantially improving over its base model
Qwen2.5-Omni-7B (13.01 s / 42.3%) and the strongest baseline, Cascade (GPT) (10.41 s / 29.0%).
These results demonstrate that TiCo post-training significantly improves the time controllability of
the backbone SDM.

4https://github.com/modelscope/ms-swift
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Table 1: TiCo-Bench (Speech) evaluation of time-controlled instruction-following performance
on speech-query tasks under short (10s–30s) and long (30s–1min) settings. Model categories are
indicated by color: Cascaded, Commercial, Open-sourced, and Proposed. Results
are reported as MAE (seconds) / MAPE (%). Lower is better.

TiCo-Bench (Speech) Short (10s–30s) Long (30s–1min) Overall

Model InstructS2S UROBench InstructS2S UROBench MAE / MAPE GPT-score

Cascade (GPT) 4.09 / 19.6% 5.92 / 28.8% 12.17 / 25.7% 19.44 / 41.7% 10.41 / 29.0% 4.15
Cascade (Qwen) 8.12 / 37.7% 10.38 / 51.2% 21.77 / 46.8% 29.72 / 64.2% 17.50 / 50.0% 3.39
GPT-audio 7.79 / 36.3% 18.11 / 92.0% 12.42 / 27.5% 17.41 / 41.1% 13.93 / 49.2% 3.88
Kimi Audio 24.45 / 129.3% 34.46 / 196.7% 25.96 / 58.0% 32.28 / 74.1% 29.29 / 114.5% 1.67
LFM Audio 13.08 / 75.0% 12.52 / 62.6% 23.74 / 48.4% 35.06 / 75.6% 21.10 / 65.4% 2.63
Mimo-Audio 20.71 / 115.0% 12.45 / 74.7% 20.44 / 45.0% 18.37 / 39.9% 17.99 / 68.7% 3.32

Qwen2.5-Omni-7B 7.55 / 43.6% 8.62 / 50.6% 16.60 / 34.6% 19.27 / 40.4% 13.01 / 42.3% 3.57

TiCo (Proposed) 3.16 / 15.6% 3.71 / 19.4% 5.16 / 11.3% 6.13 / 13.4% 4.54 / 14.9% 3.56

Figure 4: Duration MAE and MAPE of Qwen2-Omni-7B and TiCo across instructed-duration bins.
TiCo maintains consistently lower error across all duration ranges.

It’s worth noting that the cascaded systems are more competitive than most SDM baselines, indicating
that explicit duration planning with a strong LLM is helpful. Nevertheless, they remain clearly
inferior to TiCo, suggesting that text-level duration estimation alone is insufficient for speech-level
control, where the final duration also depends on speaking rate and speech realization.

Another notable trend is that most direct speech models perform much worse on the short subsets
than on the long subsets in terms of relative error, indicating difficulty in satisfying tight time budgets.
This observation is consistent with findings in text LLMs, where models often prefer longer responses.
In contrast, TiCo maintains low error across both short and long settings and is the only model to
achieve below 20% MAPE on all subsets.

5.2 Generalization to Longer Responses and Text Queries

We further examine whether TiCo generalizes beyond the conditions seen during post-training.

Generalization to longer responses. Although TiCo is post-trained with a maximum sequence
length of 2048 audio tokens, corresponding to roughly 41 seconds of speech, as shown in Figure 3
(b), it generalizes well to substantially longer responses. As shown in Figure 4, TiCo maintains
consistently low MAE and MAPE across instructed-duration bins on both the in-domain InstructS2S
and out-of-domain UROBench benchmarks. In contrast, the error of the backbone Qwen2.5-Omni-7B
increases noticeably as the target duration becomes longer, especially in the 45–60s bins. Notably,
TiCo’s relative error on long-duration bins is comparable to, or even lower than, that on short-duration
bins, indicating that TiCo can extrapolate its time-control capability to durations up to 1 minute.

Generalization from speech to text queries. TiCo is post-trained only with speech queries, yet it
transfers well to text-query inputs. As shown in Table 2, TiCo achieves the best overall performance
with 5.35 s MAE and 18.0% MAPE, substantially outperforming its backbone Qwen2.5-Omni-7B
(13.63 s / 48.9%). Moreover, on LIFEBench, where cascaded systems are available, TiCo also
surpasses the strongest cascaded baseline, Cascade (GPT), under both short and long settings. These
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results suggest that the duration-control capability learned during post-training is not limited to the
speech-query format seen during training.

Table 2: TiCo-Bench (Text) evaluation of time-controlled instruction-following performance on
text-query tasks under short (10s–30s) and long (30s–1min) settings. Model categories are indicated
by color: Cascaded, Commercial, Open-sourced, and Proposed. Results are reported
as MAE (seconds) / MAPE (%). Lower is better.

TiCo-Bench (Text) Short (10s–30s) Long (30s–1min) Overall

Model LIFEBench UROBench-text LIFEBench UROBench-text MAE / MAPE GPT-score

Cascade (GPT) 4.83 / 23.5% 5.92 / 28.8% 8.35 / 18.4% 19.44 / 41.7% 9.64 / 28.1% 3.58
Cascade (Qwen) 7.98 / 40.4% 10.38 / 51.2% 19.16 / 42.9% 29.72 / 64.2% 16.81 / 49.7% 2.86
GPT-audio 14.33 / 73.6% 18.75 / 97.1% 11.07 / 26.3% 15.94 / 38.0% 15.02 / 58.8% 2.78
LFM Audio 18.84 / 101.1% 12.43 / 60.4% 35.74 / 79.1% 39.21 / 85.4% 26.56 / 81.5% 1.95
Mimo-Audio 12.66 / 62.0% 9.40 / 46.8% 31.75 / 69.7% 29.59 / 63.8% 20.85 / 60.6% 1.39

Qwen2.5-Omni-7B 13.74 / 79.1% 7.73 / 44.9% 13.86 / 30.8% 19.18 / 40.6% 13.63 / 48.9% 2.67
TiCo (Proposed) 4.46 / 22.7% 4.08 / 21.0% 6.62 / 14.8% 6.25 / 13.5% 5.35 / 18.0% 2.76

5.3 Spoken Time Token Prediction Analysis

TiCo relies on Spoken Time Token generation during semantic planning. Figure 5 compares the
instructed duration with (i) the final response duration and (ii) the duration indicated by the last
Spoken Time Token. The results show that these two errors are closely aligned, suggesting that the
last Spoken Time Token provides a reliable approximation of the final response duration. However,
we do observe a room for further improvement. Enhancing the training strategy for more accurate
time prediction is left for future work.

Figure 5: Duration error of TiCo across instructed-duration bins, comparing two reference signals:
the instructed duration tinst and the final Spoken Time Marker tlast. The close alignment indicates
that the final time marker accurately estimates realized speech duration.

5.4 Qualitative Results

The qualitative results shown below demonstrate that the model can generate responses with varying
lengths and adapt to different target durations while preserving the core semantic content. For a
15-second target, the response is concise and focused, whereas for a 40-second target, the model
extends the utterance through additional elaboration and follow-up content while maintaining the
same underlying answer. More examples are presented in Appendix F.

How deep is the ocean?, target duration = 15 s

Prompt: How deep is the ocean? Please respond with exactly 15 seconds.

Speech response:
Well, <0.9 seconds> you know, <1.6 seconds> the ocean is really deep in some
places. <3.8 seconds> The Mariana Trench is the deepest part, <7.2 seconds> it’s
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about 36 kilometers deep. <9.4 seconds> But overall, <11.0 seconds> the average
depth of the world’s oceans is around 3.7 kilometers. <15.0 seconds>

Target duration: 15.0 seconds
Actual duration: 15.2 seconds

How deep is the ocean?, target duration = 40 s

Prompt: How deep is the ocean? Please respond with exactly 40 seconds.

Speech response:
Well, <1.5 seconds> you know, <2.3 seconds> the ocean is really deep in
some places. <4.6 seconds> The Mariana Trench is one of the deepest
parts. <7.9 seconds> It’s about 36 kilometers deep. <10.8 seconds> But
overall, <12.5 seconds> if we’re talking about an average depth for the
whole ocean, <15.5 seconds> it’s around 3.7 kilometers. <18.0 seconds>
However, <19.4 seconds> different areas can have very different depths.
<22.3 seconds> Some shallow bays might be just a few meters deep while others
in the middle of the ocean could be much deeper than that. <29.0 seconds>
So, <30.0 seconds> it’s not really a fixed number like 3.7 kilometers everywhere.
<33.0 seconds> If you want to know more about why the ocean has such varying
depths or anything else related, <39.0 seconds> feel free to ask. <40.0 seconds>

Target duration: 40.0 seconds
Actual duration: 41.6 seconds

6 Conclusion

In this work, we introduced TiCo, a simple yet effective post-training framework that enables spoken
dialogue models to follow explicit time-controlled instructions through Spoken Time Markers
and a two-stage training process for time awareness and time-controllability. We also presented
TiCo-Bench, the first benchmark designed to evaluate time-controllable instruction following in
spoken dialogue models. Experimental results demonstrate that TiCo substantially improves duration
controllability over strong open-source, commercial, and cascaded baselines, while maintaining
response quality comparable to the backbone model. Moreover, TiCo generalizes beyond the duration
range observed during training and transfers effectively from speech-query to text-query inputs,
suggesting that temporal control can be learned as a robust intermediate planning capability. In future
work, we aim to further improve the precision of time-marker prediction, extend training to longer
and more diverse conversational scenarios, and explore how time control can be integrated with other
controllable dialogue behaviors in spoken language systems.
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A Author Contributions

All authors contributed significantly to the design of the method, benchmark construction, evaluation,
and the writing and refinement of the paper. While all authors were involved in multiple aspects of
the project, their primary contributions are summarized below:

Kai-Wei Chang. Proposed the initial idea of time-controllable SDMs and the TiCo training frame-
work (SFT + RL), and led the main writing of the paper.

Wei-Chih Chen. Proposed the design of TiCo-Bench, constructed the dataset and evaluation
protocols, and conducted extensive evaluations of various models on the benchmark.

En-Pei Hu. Developed the cascaded methods and evaluation protocols in TiCo-Bench, and explored
reinforcement learning approaches in TiCo.

Hung-yi Lee and James Glass. Provided overall guidance on the project, contributed deep technical
expertise, helped shape the research direction, and offered critical feedback on the experimental
methodology.

B Training Details

Stage 1: Time-Awareness SFT. We fine-tune Qwen2.5-Omni-7B with LoRA (r=8, α=16) on all
linear layers, keeping the vision encoder frozen. The training set consists of 4,000 samples (400 held
out for validation). We train for 5 epochs with a batch size of 2 per GPU × 4 GPUs and gradient
accumulation of 4 steps (effective batch size 32), using a cosine learning rate schedule with peak
5 × 10−5 and 10% warmup. Maximum sequence length is 1,024 tokens. Training uses bfloat16
precision with gradient checkpointing.

Stage 2: Time-Controllable GRPO with CHORD. Starting from the Stage 1 checkpoint, we apply
GRPO with CHORD [48] to optimize duration controllability. The LoRA configuration uses r=8,
α=32. We train for 3 epochs with a per-GPU batch size of 1 and gradient accumulation of 8 (effective
batch size 32), learning rate 5× 10−6 with cosine schedule and 10% warmup. Each prompt generates
G=4 candidate completions with maximum completion length of 512 tokens. The clipping parameter
is ε=0.2 and the KL penalty coefficient is β=0.04.

Reward Design. The main reward function is

R(g)
main = F

(
tinst − t

(g)
last

)
, (15)

where tinst is the target duration specified in the instruction and t
(g)
last is the duration indicated by the

final generated time marker in z̃(g). The function F is defined as a Gaussian:

F (∆t) = exp

(
− (∆t)2

2σ2

)
, (16)

where σ controls the tolerance to duration deviations. In our experiments, we set σ = 5.

We further incorporate auxiliary reward functions to prevent reward hacking:

• Presence reward R(g)
pres: encourages the model to generate at least one Spoken Time Marker,

R(g)
pres = I[Mg ≥ 1 ] , (17)

where Mg denotes the number of time markers in z̃(g).

• Monotonicity reward R(g)
mono: encourages generated time markers to be strictly increasing.

We compute the fraction of consecutive pairs that are strictly increasing:

R(g)
mono =

1

Mg − 1

Mg−1∑
j=1

I
[
t
(g)
j+1 > t

(g)
j

]
. (18)

• Repetition penalty R(g)
rep : penalizes repeated time marker values:

R(g)
rep = −

1−
|{t(g)1 , . . . , t

(g)
Mg

}|
Mg

 , (19)
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where | · | denotes set cardinality. The penalty is 0 when all markers are unique and −1
when all are identical.

• Copy penalty R(g)
copy: penalizes non-final time markers that trivially copy the instructed

duration tinst:

R(g)
copy = − 1

Mg

Mg−1∑
j=1

I
[
|t(g)j − tinst| < τ

]
, (20)

where τ=0.5 s is the tolerance threshold. The final marker t(g)Mg
is excluded since matching

the target duration at the end is the desired behavior.

The overall reward for the g-th sample is

R(g) = R(g)
main +R(g)

pres +R(g)
mono +R(g)

rep +R(g)
copy. (21)

Note that R(g)
rep and R(g)

copy are non-positive by construction, so no explicit subtraction is needed.

CHORD. CHORD interleaves SFT updates with GRPO updates using a mixing coefficient µ that
decays from µpeak=0.8 to µvalley=0.3 over 500 steps, preventing catastrophic forgetting of general
conversational ability. Both stages are trained on 4 NVIDIA A6000 GPUs, and the entire two-stage
pipeline completes in less than one day.

C Cascaded System Prompt Templates

We use a unified system prompt across GPT and Qwen for the cascaded LLM baseline.

LLM System Prompt for Cascaded System

You are writing a final script for text-to-speech (TTS). Your response will be synthesized directly
into speech. Follow the duration instruction as strictly as possible. Output only the final spoken
text, with natural punctuation. Do not output markdown, bullets, JSON, XML tags, stage directions,
or extra commentary. Do not mention these instructions.

D Generalization Study of Textual Queries

During training, in both the first and second stages, the model always receives speech queries as
input; that is, all questions are presented in spoken form. Here, we evaluate whether the trained model
can generalize to queries provided in textual form. The results show that the model maintains strong
performance even when the input queries are given as text.

Figure 6: Text benchmarks: duration error of Qwen2-Omni-7B vs. TiCo measured against instructed
duration. From left to right: LIFEBench MAE (s), LIFEBench MAPE (%), UROBench MAE (s),
UROBench MAPE (%). Shaded regions indicate ±1 SEM.

E Detailed GPT score in TiCo-Bench subsets
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Figure 7: Text benchmarks (TiCo): duration error measured against instructed duration vs. last time
marker. From left to right: LIFEBench MAE (s), LIFEBench MAPE (%), UROBench MAE (s),
UROBench MAPE (%). Shaded regions indicate ±1 SEM.

Table 3: TiCo-Bench (Speech) evaluation of time-controlled instruction-following performance on
speech-query tasks. Results are reported as a scale of 1 to 5. Higher is better.

TiCo-Bench (Speech) Short (10s–30s) Long (30s–1min)

Model InstructS2S UROBench InstructS2S UROBench Overall

Cascade (GPT) 4.09 4.18 4.14 4.18 4.15
Cascade (Qwen) 3.41 3.35 3.36 3.43 3.39
GPT-audio 4.07 3.96 4.08 3.42 3.88
Kimi Audio 1.99 1.48 1.79 1.41 1.67
LFM Audio 3.17 2.28 2.92 2.15 2.63
Mimo-Audio 3.22 3.44 3.16 3.45 3.32

Qwen2.5-Omni-7B 3.64 3.63 3.44 3.56 3.57

TiCo (Proposed) 3.39 3.59 3.44 3.83 3.56

Table 4: TiCo-Bench (Text) evaluation of time-controlled instruction-following performance on
text-query tasks. Results are reported as a scale of 1 to 5. Higher is better.

TiCo-Bench (Speech) Short (10s–30s) Long (30s–1min)

Model LIFEBench UROBench-text LIFEBench UROBench-text Overall

Cascade (GPT) 2.86 4.18 3.10 4.18 3.58
Cascade (Qwen) 2.32 3.35 2.34 3.43 2.86
GPT-audio 2.55 3.23 2.28 3.05 2.78
LFM Audio 1.93 2.16 1.62 2.08 1.95
Mimo-Audio 1.42 1.53 1.24 1.38 1.39

Qwen2.5-Omni-7B 2.30 3.32 2.10 2.94 2.67
TiCo (Proposed) 2.23 3.33 2.23 3.26 2.76
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F Qualitative Examples

F.1 How deep is the ocean? (Speech query)

How deep is the ocean?, target duration = 15 s

Prompt: How deep is the ocean? Please respond with exactly 15 seconds.

Speech response:
Well, <0.9 seconds> you know, <1.6 seconds> the ocean is really deep in some
places. <3.8 seconds> The Mariana Trench is the deepest part, <7.2 seconds> it’s
about 36 kilometers deep. <9.4 seconds> But overall, <11.0 seconds> the average
depth of the world’s oceans is around 3.7 kilometers. <15.0 seconds>

Target duration: 15.0 seconds
Actual duration: 15.2 seconds

How deep is the ocean?, target duration = 25 s

Prompt: How deep is the ocean? Please respond with exactly 25 seconds.

Speech response:
Well, <1.0 seconds> you know, <1.9 seconds> the ocean is really deep in some
places. <4.3 seconds> The Mariana Trench is the deepest part, <7.6 seconds>
it’s about 36,000 feet or so deep. <10.8 seconds> But overall, <12.6 seconds>
the average depth of the world’s oceans is around 13,000 feet. <16.4 seconds>
It’s amazing how vast and deep they are, <19.2 seconds> right? <20.0 seconds>
If you want to know more about the ocean’s depths or anything else
related, <25.0 seconds>

Target duration: 25.0 seconds
Actual duration: 25.0 seconds

How deep is the ocean?, target duration = 40 s

Prompt: How deep is the ocean? Please respond with exactly 40 seconds.

Speech response:
Well, <1.5 seconds> you know, <2.3 seconds> the ocean is really deep in
some places. <4.6 seconds> The Mariana Trench is one of the deepest
parts. <7.9 seconds> It’s about 36 kilometers deep. <10.8 seconds> But
overall, <12.5 seconds> if we’re talking about an average depth for the
whole ocean, <15.5 seconds> it’s around 3.7 kilometers. <18.0 seconds>
However, <19.4 seconds> different areas can have very different depths.
<22.3 seconds> Some shallow bays might be just a few meters deep while others
in the middle of the ocean could be much deeper than that. <29.0 seconds>
So, <30.0 seconds> it’s not really a fixed number like 3.7 kilometers everywhere.
<33.0 seconds> If you want to know more about why the ocean has such varying
depths or anything else related, <39.0 seconds> feel free to ask. <40.0 seconds>

Target duration: 40.0 seconds
Actual duration: 41.6 seconds

F.2 Discuss an event from history (Speech query)

History event, target duration = 10 s

Prompt: Discuss an event from history. Please respond with exactly 10 seconds.

Speech response:
Well, <1.5 seconds> let’s talk about the fall of the Berlin Wall in 1989.
<4.2 seconds> It was a huge event that symbolized the end of the Cold War.
<7.3 seconds> It brought East and West Germany together again. <10.0 seconds>
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Target duration: 10.0 seconds
Actual duration: 12.0 seconds

History event, target duration = 20 s

Prompt: Discuss an event from history. Please respond with exactly 20 seconds.
Speech response:
Well, <1.5 seconds> let’s talk about the signing of the Magna Carta in 1215.
<4.8 seconds> It was really important because it limited the power of the king
and protected the rights of the nobles. <9.6 seconds> It also had an impact
on later democratic ideas. <13.7 seconds> You know, <15.0 seconds> it set a
precedent for the rule of law. <18.0 seconds> So what do you think about this
event? <20.0 seconds>

Target duration: 20.0 seconds
Actual duration: 19.2 seconds

History event, target duration = 30 s

Prompt: Please respond with exactly 30 seconds.
Speech response:
Well, <1.5 seconds> let’s talk about the signing of the Magna Carta in 1215.
<4.8 seconds> It was really important because it limited the power of the king
to some extent. <9.6 seconds> You know, <10.7 seconds> before that kings could
pretty much do whatever they wanted with their subjects’ rights. <14.9 seconds>
But this document said things like no one can be imprisoned without proper trial.
<19.6 seconds> It set a precedent for later legal systems all over the world.
<24.0 seconds> And it kind of started the idea of due process. <28.0 seconds> So
what do you think about this event? <30.0 seconds>

Target duration: 30.0 seconds
Actual duration: 31.1 seconds

F.3 What is quantum mechanics? (Text query)

Quantum mechanics, target duration = 25 s

Prompt: What is quantum mechanics? Please respond with exactly 25 seconds.

Speech response:
Well, <1.0 seconds> quantum mechanics is this really strange science that deals
with really small things like atoms and subatomic particles. <7.0 seconds> It
has some wacky ideas, <9.0 seconds> you know, <10.0 seconds> like particles can
be in multiple places at once or they can be entangled so that if one changes
state the other does too instantaneously no matter how far apart. <23.0 seconds>
It’s super important for understanding how the world works on a very fundamental
level.<25.0 seconds>

Target duration: 25.0 seconds
Actual duration: 29.1 seconds

Quantum mechanics, target duration = 50 s

Prompt: What is quantum mechanics? Please respond with exactly 50 seconds.

Speech response:
Well, <1.9 seconds> quantum mechanics is really something special. <4.3 seconds>
It’s a branch of physics that deals with the behavior of really small things like
atoms and subatomic particles. <12.6 seconds> You know, <14.0 seconds> it has
some really strange ideas. <16.0 seconds> For example, <17.8 seconds> particles
can be in multiple places at once until you measure them. <21.8 seconds> And
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there are these things called wave-particle duality where particles act both
like waves and particles. <29.2 seconds> Also, <30.6 seconds> the Heisenberg
uncertainty principle says that we can’t precisely know certain pairs of
properties at the same time. <37.8 seconds> It’s all very counterintuitive
compared to what we see in our everyday world. <43.0 seconds> If you want to
learn more about specific aspects or have any other questions, <48.0 seconds>

Target duration: 50.0 seconds
Actual duration: 44.0 seconds

F.4 Why is Mars considered a candidate for human colonization? (Text query)

Mars colonization, target duration = 10 s

Prompt: Why is Mars considered a candidate for human colonization? Please respond with
exactly 10 seconds.

Speech response:
Well, <1.5 seconds> Mars has resources like water ice, <3.8 seconds> which could
be used for life support. <5.4 seconds> It also has an atmosphere that might be
modified to make it more habitable. <9.2 seconds> So yeah, <10.0 seconds> it’s a
good candidate.

Target duration: 10.0 seconds
Actual duration: 12.0 seconds

Mars colonization, target duration = 30 s

Prompt: Why is Mars considered a candidate for human colonization? Please respond with
exactly 30 seconds.

Speech response:
Well, <1.5 seconds> Mars has some things going for it. <4.2 seconds> It’s closer
to Earth than other potential places like Jupiter’s moons. <8.6 seconds> There
might be water ice on its surface, <11.7 seconds> which could be used for life
support systems. <14.9 seconds> Also, <16.3 seconds> its gravity is lower
compared to Earth’s, <19.0 seconds> making it easier to build structures there.
<21.7 seconds> And it has an atmosphere that can potentially be modified over
time. <25.5 seconds> So all these factors make Mars a good candidate for human
colonization. <30.0 seconds>

Target duration: 30.0 seconds
Actual duration: 27.9 seconds

Mars colonization, target duration = 60 s

Prompt: Why is Mars considered a candidate for human colonization? Please respond with
exactly 60 seconds.

Speech response:
Well, <1.5 seconds> Mars is considered a candidate for human colonization for
several reasons. <4.9 seconds> First off, <6.2 seconds> it has some resources
like water ice at the poles which could be used to make oxygen and hydrogen
for fuel. <13.7 seconds> Also, <15.0 seconds> there might be minerals on
Mars that we can mine in the future. <18.5 seconds> The gravity on Mars is
about one-third of Earth’s, <22.2 seconds> so it would be easier for humans to
move around compared to being in zero gravity. <27.0 seconds> And scientists
think that over time, <30.0 seconds> we could potentially modify the Martian
environment to be more habitable. <34.0 seconds> For example, <35.6 seconds>
building habitats that can protect against radiation and extreme temperatures.
<40.0 seconds> There is also the possibility of finding signs of past life
on Mars, <44.0 seconds> which makes it even more interesting. <46.0 seconds>
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If you want to know more about this or have other questions related to space
exploration, <50.0 seconds> feel free to ask. <51.0 seconds>

Target duration: 60.0 seconds
Actual duration: 57.4 seconds

G Spoken Dialogue Model Survey

Spoken Dialogue Model

Speech Decoder

Spoken Dialogue Model

Speech Decoder

Spoken Dialogue Model

Speech Decoder

Speech RepresentationIntermediate Representation

(a) Sequential (b) Interleaving (c) Parallel

Figure 8: Illustration of different generation patterns in spoken dialogue models (SDMs): (a)
Sequential, (b) Interleaved, and (c) Parallel.

Table 5 surveys representative spoken dialogue models (SDMs), including their Intermediate Repre-
sentations (IR), target speech representations (Speech Rrep.), and the generation patterns (Pattern)
that describe how intermediate representations and speech representations are processed during
speech response generation. Readers may refer to the spoken language model (SLM) survey paper [1]
for a more detailed discussion on speech representation and generation pattern.

Intermediate Representation (IR). With the emergence of text-based large language models (LLMs)
demonstrating strong reasoning capabilities, modern spoken dialogue models (SDMs) increasingly
adopt LLMs to generate speech responses, using text as an intermediate representation for semantic
planning.

Text-based IR offers high versatility and can serve multiple purposes, as summarized in Table 5,
including style control (+S.), reasoning (+R.), tool calling (+Tool), and direct guidance of the target
speech content.

Pattern. The intermediate representation and the target speech representations can be generated
under several design patterns, each leading to different trade-offs in terms of efficiency, latency,
and the degree to which speech generation is conditioned on the intermediate representation. For
simplicity, we assume text as the intermediate representation in the following discussion, and provide
an illustration in Figure 8.

• Sequential: Text is generated first, followed by speech tokens. Chunking strategies can be
incorporated to support streaming generation.

• Parallel: Text and speech tokens are generated simultaneously. In this setting, the hidden
representations of a text LLM are typically used to predict text tokens and speech tokens
through separate prediction networks. Frame-level operations can further be introduced to
realize delay patterns.

• Interleaved: Text and speech tokens are arranged in a single interleaved sequence, typically
modeled by a single LLM, allowing speech representations to be conditioned more directly
on text representations.

Speech Representations. The goal of a spoken dialogue model is to generate an appropriate
spoken response, typically represented as a sequence of speech tokens. These tokens can be further
synthesized into waveforms using a pre-trained vocoder or an audio codec decoder.
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• Phonetic tokens. Phonetic tokens are obtained by quantizing speech encoder representations
(e.g., via K-means), such as those extracted from self-supervised speech models (e.g.,
HuBERT) or foundation ASR models (e.g., Whisper encoders). They primarily capture
phonetic and linguistic content, while containing relatively limited acoustic information such
as speaker identity or environmental characteristics. In prior work, they are also referred to
as semantic tokens [76].
When phonetic tokens are used as the target speech representation, an additional vocoder
(e.g., HiFi-GAN or flow-matching decoders) is typically required to incorporate speaker
identity and speaking style, as these attributes are not explicitly encoded.

• Acoustic tokens. Acoustic tokens [77, 25, 26] are derived from neural speech codec models
trained with reconstruction objectives. These models typically employ multiple hierarchical
codebooks based on residual vector quantization (RVQ).
When acoustic tokens are generated, a pre-trained audio codec decoder can be directly used
for waveform synthesis. Recently, there has been a growing trend toward distilling phonetic
information into the early layers of acoustic tokens, aiming to preserve phonetic structure
while maintaining rich acoustic detail [78, 59].

(Please find the survey table on the following page.)

24



Table 5: Spoken dialogue models (SDMs) with speech input and speech output, ordered by their
first public release time. Date: First released date. IR: Intermediate representation used in the SDM.
Speech Rep.: Speech representation (prediction target) used by the model. Pattern: The pattern of
how the intermediate and speech representations are generated.

Model Date IR Speech Rrep. Pattern Notes

dGSLM [56] 2022-03 - Phonetic token Direct “Dual-tower” architecture for dual channel
full-duplex modeling. Direct modeling of
two-channel phonetic tokens.

SpeechGPT [57] 2023-05 Text (+R.) Phonetic token Sequential Using “Chain-of-Modality”. Expands LLM
vocabulary with phonetic tokens.

SPIRIT-LM [58] 2024-02 Text (+S.) Phonetic token Interleaved Interleaves text and speech in one stream;
expressive version adds pitch and style to-
kens.

Moshi [59] 2024-07 Text Acoustic token Parallel Dual-channel full-duplex model. Parallel
decoding text and acoustic tokens with delay
pattern.

LLaMA-Omni [49] 2024-09 Text Phonetic token Parallel CTC speech decoder maps LLM response
states to phonetic tokens for streaming
speech synthesis.

SyncLLM [60] 2024-09 - Phonetic token Direct Interleaving user speech and model speech
for full-duplex dialogue.

Mini-Omni2 [61] 2024-10 Text Acoustic token Parallel Parallel decoding with delay pattern.
Freeze-Omni [62] 2024-11 Text Acoustic token Sequential TDM-based full-duplex interaction; speech

decoder conditioned on text tokens and LLM
hidden states.

GLM-4-Voice [63] 2024-12 Text Phonetic token Interleaved Single speech codebook paired with flow
matching speech decoder.

SLAM-Omni [64] 2024-12 Text Phonetic token Parallel “Semantic group modeling” enables generat-
ing multiple phonetic tokens per text token.

VITA-1.5 [65] 2025-01 Text Acoustic token Sequential NAR + AR speech decoder taking LLM em-
bedding as input.

Baichuan-Audio [66] 2025-02 Text Acoustic token Interleaved Text-guided speech generation with an inde-
pendent audio head.

Qwen2.5-Omni [23] 2025-03 Text Acoustic token Sequential Thinker-Talker architecture. Supports visual
modaliity.

Kimi-Audio [67] 2025-04 Text Phonetic token Parallel Shared LLM with text head and audio head.
LLaMA-Omni 2 [68] 2025-05 Text Phonetic token Parallel Gate fusion of LLM hidden states and text

tokens for improved speech quality.
Step-Audio 2 [69] 2025-07 Text (+R., Tool) Phonetic token Interleaved Using “multi-modal RAG” to support

grounded response and timbre/style control.
STITCH [21] 2025-07 Text (+R.) Phonetic token Interleaved Backbone: GLM-4-Voice. Various interleav-

ing text, reasoning, speech patterns are dis-
cussed in the paper.

Qwen3-Omni [24] 2025-09 Text (+R.) Acoustic token Sequential Thinker-Talker architecture. Supports ex-
plicit thinking mode and compatible with
tool calling. Supports visual modaliity.

Moshi-CoT [70] 2025-10 Text (+R.) Acoustic token Parallel CoT-tuned Moshi performs text reasoning
in the “text monologue” stream to enable
“thinking while listening” paradigm.

SCoT [71] 2025-10 Text Acoustic token Interleaved CoT framework for SDMs. Blockwise
streaming full-duplex model.

Streaming RAG [22] 2025-10 Text (+Tool) Acoustic token Sequential Enables the SDM to trigger tool queries in
parallel with the user’s speech.

LFM2-Audio [72] 2025-11 Text Acoustic token Interleaved Supports both interleaved and sequential pat-
terns, adapting to different tasks.

Mimo-Audio [73] 2025-12 Text (+R.) Acoustic token Interleaved Interleaving text tokens and “audio patches”,
which includes a delay pattern.

PersonaPlex [74] 2026-01 Text Acoustic token Parallel Followed the Moshi architecture. Dual-
channel full-duplex model.

MiniCPM-o 4.5 [75] 2026-02 Text (+R.) Acoustic token Interleaved TDM full-duplex model. Supports visual
modaliity.
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