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Outline

e Spoken Language Model (Survey)
o Taxonomy
o Full-duplex systems
o The current benchmarks for full-duplex systems
e Full-duplex-Bench v2
e Game-Time Benchmark
e Activation Steering
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TMLR 2025 https://arxiv.org/abs/2504.08528 + Equal-contribution last authors



On The Landscape of Spoken Language
Models: A Comprehensive Survey

What is a spoken language model?

No rigorous definition,
but what this survey paper focus on...

On The Landscape of Spoken Language Models: A Comprehensive Survey -
TMLR 2025 https://arxiv.org/abs/2504.08528



On The Landscape of Spoken Language
Models: A Comprehensive Survey

What is a spoken language model?

e Takes speech as input optionally text input and ouput

On The Landscape of Spoken Language Models: A Comprehensive Survey -
TMLR 2025 https://arxiv.org/abs/2504.08528



On The Landscape of Spoken Language
Models: A Comprehensive Survey

What is a spoken language model?

e Takes speech as input optionally text input and ouput

I”

e /ntended to be “universa
system

. instruction tuning / dialouge

On The Landscape of Spoken Language Models: A Comprehensive Survey -
TMLR 2025 https://arxiv.org/abs/2504.08528
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Output Speech
A

In a unified view

Sequence Model

A
Pure speech SLM

e.g.
e GSLM https://arxiv.org/abs/2102.01192
e TWIST https://arxiv.org/abs/2305.13009

e SyllableLM https://arxiv.org/abs/2410.04029

Input Speech


https://arxiv.org/abs/2102.01192

In a unified view

A

Output Text

Sequence Model

Input Text

A

Input Speech

e.g.

Speech-aware SLM

WavPrompt https://arxiv.org/abs/2203.15863
LTU-AS https://arxiv.org/abs/2309.14405
DeSTA https://arxiv.org/abs/2406.18871
Qwen-Audio https://arxiv.org/abs/2311.07919



In a unified view

A

Output Text Output Speech

A

Sequence Model

Input Text
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Input Speech

Speech + Text SLM

e.g.

Moshi https://arxiv.org/abs/2410.00037

GLM-4-Voice https://arxiv.org/abs/2412.02612
Freeze-Omni https://arxiv.org/abs/2411.00774
Qwen-Omni https://arxiv.org/abs/2503.20215



Output Text Output Speech
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Sequence Model

A A e Continuous features

o Mel-Spectrogram, SSL feature
e Phonetic tokens
[ Speech ] o Quantized SSL feature
Encoder o Quantized whisper feature
| e Acoustic tokens
Input Text Input Speech o EnCodec, Speechlokenizer, ...




Output Text Output Speech
A A

Sequence Model

‘ i
[ Modality ] e CNN/ Linear
Adatper e Q-former

e \ocabulary Expansion
Speech
[ Encoder ]

Input Speech

Input Text



Output Text Output Speech
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Output Text Output Speech
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Output Text Output Speech
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On The Landscape of Spoken Language Models: A Comprehensive Survey
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Survey of representative SLMs
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4@ Pure Speech LM A Speech-Aware Text LM

@ Speech Encoder @ TextLM
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Omni models
focus on understanding multiple modalities

“Hi , my name is Omni”
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Omni models
focus on understanding multiple modalities

Streaming decoder
for low latency

“Hi , my name is Omni”

Streaming! o 1+ 2 3 0 <eos
output
Text tokens
Audio tokens
Parrallel

generation

Mini-Omni Language Modeling

[}

Audio Adapter Embedding
4 4
Whisper Encoder Mini-Omni
t
wav text

Speech Text



Omni models
focus on understanding multiple modalities

Streaming decoder
for low latency
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Hello, how can | help you 1 I Got it. I'll set it now.

| want to set a reminder for my meeting at three.



Hello, how can | help you 1 I Got it. I'll set it now.

| want to set a reminder for my meeting at three.
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Rigid state
transition

Model Speaking Model Listening Model Speaking
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Hello, how can | help you 1

|

Got it. I'll set it now.

| want to set a reminder for my meeting at three.

Hello, how can | help you

sure

Got it. I'll set it now.

| want to set a reminder ... for my meeting at three.



overlap backchanneling

Hello, how can | help you sure Got it. I'll set it now.

| want to set a reminder ... for my meeting at three.



Full-duplex models are capable of
listening and speaking at the same time

overlap backchanneling

/

Hello, how can | help you sure Got it. I'll set it now.
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| want to set a reminder ... for my meeting at three.



Full-duplex models are capable of
listening and speaking at the same time

overlap backchanneling

/ /
/ \it. I’ll set it now.

How to achieve full-duplex? bkt

(1) Dual-Channel Modeling
(2) Time-Multiplexing

\_ /
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Dual-Channel 1 [ Silent speech tokens
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Dual-Channel 1 [ Silent speech tokens
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Dual-Channel 1 [ Silent speech tokens
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Dual-Channel 1 [ Silent speech tokens

Model Speaking Model Speaking
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Dual-Channel 1 [ Silent speech tokens

Model Speaking Model Speaking
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Text
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\T] Moshi: a speech-text foundation
model for real-time dialogue
(https://arxiv.org/abs/2410.00037)
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S Speaking state
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If we see it as a
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Freeze-Omni
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Freeze-Omni
(Time Multiplexing
example)
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Freeze-Omni
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Freeze-Omni
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We are not just using an Al model

We are using an Al system
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How to evaluate Full-duplex SLM?

Hello, how can | help you sure Got it. I'll set it now.

| want to set a reminder ... for my meeting at three.



How to evaluate Full-duplex SLM?

Hello, how can | help you sure Got it. I'll set it now.

4 wl_ "m Ill‘l ( w " “. ” ‘ | mm‘_l" ““ .m

| want to set a reminder ... for my meeting at three.

Speech Understanding

Paralingustic Existing benchmark for

Reasoning (7 S2S models (e.g. URO-Bench)
Speech quality

’ e.g. dGSLM, Full-duplex-Bench,

Full-duplex behavior Talking-Turn, Game-Time...



URO-Bench

( Understanding

GaokaoEval:

9 @Person A: "Can I help you Madam?"
€2%Person B: "Yes, I want to report a
theft that happened to my house during
our absence."

& @:Person A: "I see. What is missing?"
¥:Question: "According to the
conversation, what is the woman doing?
A. Offering suggestions;

B. Expressing dissatisfaction;

C. Asking for help."

@Reference Answer: "C"

CodeSwitching-en:
®:Question: "What is the meaning of
'#&' in Chinese?"

@ Suggested Answer: "'f&' (fi1) means
'good fortune' or 'blessing' in Chinese.
It is often used in decorations and
sayings, especially during Chinese
New Year, to wish people prosperity,
happiness, and a peaceful life."

-

P

Reasoning

Gsm8KkEval:

@:Question: "John writes 20
pages a day. How long will it
take him to write 3 books that are
400 pages each?"

@Reference Answer: "He wants
to write 1200 pages. So it will
take him 60 days."

MtBenchEval-en:

®Round! Question: "Is there a way to
extend the battery life of my smartphone?"
@Roundl Suggested Answer: "Extending
the battery life ... Here are some tips: ..."
$Round2 Question: "Can overcharging my
phone degrade the battery?"

@Round2 Suggested Answer:
"Overcharging your phone, ... avoid
charging overnight."

@©Round3 Question: "What's the impact of
cold weather on smartphone batteries?"
@Round3 Suggested Answer: "Cold
weather can negatively ... avoid leaving it
inacold ..."

o

1O

10
@c2)

0)

Oral Conversation

SRT-en:

®:Question: "Read the
following tongue twister: A
ghost's sheets would soon
shrink in such suds."

@Reference Answer: "A
ghost's sheets would soon
shrink in such suds."

SRT-en:

®:Question: "Please sing the
nursery thyme "Twinkle,
Twinkle, Little Star'."

@ Reference Answer:
"Twinkle, twinkle, little star,
How I wonder what you are.
Up above the world so high,
Like a diamond in the sky.
Twinkle, twinkle, little star,
How I wonder what you are!"

- J

Speech understanding
Simple QA

Math

Instruction following

URO-Bench: Towards Comprehensive Evaluation for End-to-End Spoken
Dialogue Models https://aclanthology.org/2025 findings-emnlp.933/



Task Accomplish Scores

Lang Models IS‘:;I:: basic pro
Understanding T Reasoning T Oral Conversation T Understanding T Reasoning 1 Oral Conversation 1

GLM-4-Voice 9B 82.16 55.46 74.20 45.14 61.28 57.14
LLaMA-Omni 8B 47.45 36.03 64.98 28.85 47.62 42.96
Freeze-Omni 7B 58.68 37.52 52.24 29.21 5.49 38.98
Mini-Omni 0.5B 12.42 12.78 30.74 21.66 0 21.42
Mini-Omni2 0.5B 16.27 15.60 33.98 24.43 0 24.53
En SLAM-Omni 0.5B 26.60 23.36 47.54 25.79 24.72 30.16
GPT-40-Audio-Preview - 87.76 81.73 94.84 62.92 57.07 73.63

Whisper + GLM-4-9B-Chat-HF 9B 90.83 76.29 88.26 - - -

Whisper + Llama-3.1-8B-Instruct 8B 50.35 75.14 88.72 - - -

Whisper + Qwen2-7B-Instruct 7B 64.99 77.94 91.52 - - -

Whisper + Qwen2-0.5B-Instruct 0.5B 46.35 44 41 60.13 - - -

Whisper + GPT-40 - 92.62 82.91 94.60 - - -

\ J
Y

Basic tasks: focus on “content”

Table from URO-Bench



Task Accomplish Scores

Lang Models Is‘;l:: basic pro
Understanding T Reasoning T Oral Conversation T Understanding T Reasoning 1 Oral Conversation 1
GLM-4-Voice 9B 82.16 55.46 74.20 45.14 61.28 57.14
LLaMA-Omni 8B 47.45 36.03 64.98 28.85 47.62 42.96
Freeze-Omni 7B 58.68 37.52 52.24 29.21 5.49 38.98
Mini-Omni 0.5B 12.42 12.78 30.74 21.66 0 21.42
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Whisper + Llama-3.1-8B-Instruct 8B 50.35 75.14 88.72 i
Whisper + Qwen2-7B-Instruct 7B 64.99 77.94 91.52 Ca—scaded S—yStem Wlt—h
Whisper + Qwen2-0.5B-Instruct 0.5B 46.35 4441 60.13 7 - -
Whisper + GPT-40 - 92.62 82.91 94.60 teXt L L M - -
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Y Y

Basic tasks: focus on “content” Pro tasks: Includes paralingustic,
music, environment sound, ...

Table from URO-Bench
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Lang Models IS‘;I:: basic pro
Understanding T Reasoning T Oral Conversation T Understanding T Reasoning 1 Oral Conversation 1
GLM-4-Voice 9B 82.16 55.46 74.20 45.14 61.28 57.14
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Freeze-Omni 7B 58.68 37.52 52.24 29.21 5.49 38.98
Mini-Omni 0.5B 12.42 12.78 30.74 21.66 0 21.42
Mini-Omni2 0.5B 16.27 15.60 33.98 24.43 0 24.53
En SLAM-Omni 0.5B 26.60 23.36 47.54 25.79 24.72 30.16
GPT-40-Audio-Preview - 87.76 81.73 94.84 62.92 57.07 73.63
Whisper + GLM-4-9B-Chat-HF 9B 90.83 76.29 88.26 - - -
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Basic tasks: focus on “content” Pro tasks: Includes paralingustic,
music, environment sound, ...

Table from URO-Bench



Task Accomplish Scores

Lang Models IS‘:;’:: basic pro
Understanding T Reasoning T Oral Conversation T Understanding T Reasoning 1 Oral Conversation 1
GLM-4-Voice 9B 82.16 55.46 74.20 45.14 61.28 57.14
LLaMA-Omni 8B 47.45 36.03 64.98 28.85 47.62 42.96
Freeze-Omni 7B 58.68 37.52 52.24 29.21 5.49 38.98
Mini-Omni 058 1242 1278 30.74 21.66 0 2142
Mini-Omni2 0.5B 16.27 15.60 33.98 24.43 0 24.53
En SLAM-Omni 0.5B 26.60 23.36 47.54 25.79 24.72 30.16
GPT-40-Audio-Preview - 87.76 81.73 94.84 62.92 57.07 73.63
Whisper + GLM-4-9B-Chat-HF 9B 90.83 76.29 88.26 - - -
Whisper + Llama-3.1-8B-Instruct 8B 50.35 75.14 88.72 i
Whisper + Qwen2-7B-Instruct 7B 64.99 77.94 91.52 Ca—scaded S—yStem Wlt-h
Whisper + Qwen2-0.5B-Instruct 0.5B 46.35 44 41 60.13 7 - -
Whisper + GPT-40 - 92.62 82.91 94.60 text L L M - -

GLM-4-Voice performs best but no a full-duplex model

GLM-4-Voice LLaMA-Omni Freeze-Omni

/ Full-duplex

Table from URO-Bench




Task Accomplish Scores

Lang Models IS‘:;I:: basic pro
Understanding T Reasoning T Oral Conversation T Understanding T Reasoning 1 Oral Conversation 1
GLM-4-Voice 9B 82.16 55.46 74.20 45.14 61.28 57.14
LLaMA-Omni 8B 47.45 36.03 64.98 28.85 47.62 42.96
Freeze-Omni 7B 58.68 37.52 52.24 29.21 5.49 38.98
Mini-Omni 0.5B 1242 1278 30.74 21.66 0 2142
Mini-Omni2 0.5B 16.27 15.60 33.98 2443 0 24.53
En SLAM-Omni 0.5B 26.60 23.36 47.54 25.79 24.72 30.16
GPT-40-Audio-Preview - 87.76 81.73 94.84 62.92 57.07 73.63
Whisper + GLM-4-9B-Chat-HF 9B 90.83 76.29 88.26 - - -
Whisper + Llama-3.1-8B-Instruct 8B 50.35 75.14 88.72 i
Whisper + Qwen2-7B-Instruct 7B 64.99 77.94 91.52 Ca—scaded S—yStem Wlt-h
Whisper + Qwen2-0.5B-Instruct 0.5B 46.35 4441 60.13 / - -
Whisper + GPT-40 - 92.62 82.91 94.60 text L L M - -
N\ J N J
Y Y

Basic tasks: focus on “content”  Pro tasks: Includes paralingustic,
music, environment sound, ...

GLM-4-Voice LLaMA-Omni Freeze-Omni

GLM-4-9B LLaMA-3.1 Qwen2 Backbone LLM

Table from URO-Bench



Task Accomplish Scores

Lang Models IS‘:;I:: basic pro
Understanding T Reasoning T Oral Conversation T Understanding T Reasoning 1 Oral Conversation 1
GLM-4-Voice 9B 82.16 55.46 74.20 45.14 61.28 57.14
LLaMA-Omni 8B 47.45 36.03 64.98 28.85 47.62 42.96
Freeze-Omni 7B 58.68 37.52 52.24 29.21 5.49 38.98
Mini-Omni 0.5B 1242 1278 30.74 21.66 0 2142
Mini-Omni2 0.5B 16.27 15.60 33.98 2443 0 24.53
En SLAM-Omni 0.5B 26.60 23.36 47.54 25.79 24.72 30.16
GPT-40-Audio-Preview - 87.76 81.73 94.84 62.92 57.07 73.63
Whisper + GLM-4-9B-Chat-HF 9B 90.83 76.29 88.26 - - -
Whisper + Llama-3.1-8B-Instruct 8B 50.35 75.14 88.72 i
Whisper + Qwen2-7B-Instruct 7B 64.99 77.94 91.52 Ca—scaded S—yStem Wlt-h
Whisper + Qwen2-0.5B-Instruct 0.5B 46.35 4441 60.13 / - -
Whisper + GPT-40 - 92.62 82.91 94.60 text L L M - -
Catastrophic forgetting when supporting speech modality
GLM-4-Voice  LLaMA-Omni  Freeze-Omni
GLM-4-9B LLaMA-3.1 QwenZ2 Backbone LLM

Table from URO-Bench
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LLM

Lang Models Scale UTMOS 1 | WER/CER | | Latency (ms) |
GLM-4-Voice 9B 4.15 11.12% 3243.64
LLaMA-Omni 8B 4.00 8.86% 226.13"
Freeze-Omni 7B 4.33 20.88% 3675.47

En Mini-Omni 0.5B 4.42 5.85% 399.16

Mini-Omni2 0.5B 4.43 9.00% 402.48
SLAM-Omni 0.5B 4.45 4.05 % 800"
GPT-40-Audio-Preview 4.05 5.51% -

Generated speech quality

o Most modern models can generate speech

with good quality
Response Latency
o Streaming or not
o Depend on hardware




How to evaluate Full-duplex SLM?

Hello, how can | help you sure Got it. I'll set it now.

| want to set a reminder ... for my meeting at three.

e Speech Understanding

e Paralingustic Existing benchmark for

e Reasoning | (7 S2S models (e.g. URO-Bench)

e Full-duplex behavior — e.g. dGSLM, Full-duplex-Bench,




|

o

Turn B Backchannel Turn B

4 events in turn-taking

- |IPU — holding the floor
- Pause — brief hesitation
- Gap — delayed turn transfer

« Overlap — competing turns (incl. backchannels)

Generative Spoken Dialogue Language Modeling
https://arxiv.org/abs/2203.16502



dGSLM

Turn A

A

Il IPU |I P. || IPU WIIPUII
[ [

4

IPU 2

IPU IPU

Number of occurrences / min

Cumulated duration /min

Turn B

corpus-level
statistics

compare between

Id Model IPU Pause Gap Overlap | IPU Pause Gap Overlap

0 MS-TLM ‘ 194 106 5.1 33 494s 89s 2.9s 1.3s

1 DLM-1 177 179 39 55 41.4s 13.8s 10.7s 6.1s

2 DLM-2 200 104 55 3.6 489s 9.1s  3.6s 1.7s

3 DLM-3 190 1.8 4.9 11.7 65.0s 1.1s 1.8s 8.1s

4 DLM-4 189 32 5.6 9.4 60.7s 24s  2.9s 6.1s

5 DLM-5 242 54 72 10.9 59.1s  3.6s 2.9s 5.8s

6 Cascaded ‘ 175 00 149 0.0 548s 0.0s 5.3s 0.0s <
Ground Truth | 21.6 7.0 7.5 6.5 53.5s 5.5s 4.4s 3.6s

Training Set

239 12 8.6 10.0

54.5s 5.6s 4.6s 4.7s

generated and
ground truth



Full-duplex-Bench v1

How should the model respond Full-Duplex-Bench: A Benchmark to Evaluate Full-duplex

when a specific event happens? Spoken Dialogue Models on Turn-taking Capabilities
(https://arxiv.org/abs/2503.04721)



Full-duplex-Bench v1

| 1. Pause Handling | | 2. Backchanneling |
| | | |
[break]
User User
| ' I ' I ' I '
f‘)) I

Model & Model

l ]

yeah um hm

3. Smooth Turn Taking | | 4. User Interruption |

e——_—— e e e

User j $ User I | _.:
| - | | =4
R RIS =4
;: | : : :I |
Model E W Model : 1 :
i 1 ' 1 ! (]
e | ! k]
P oo '---' Okay let me ...

How should the model respond Full-Duplex-Bench: A Benchmark to Evaluate Full-duplex

when a specific event happens? Spoken Dialogue Models on Turn-taking Capabilities
(https://arxiv.org/abs/2503.04721)



Full-duplex-Bench v1

Dimension Pause Handling Backchannel Smooth Turn Taking User Interruption
Data Synthetic ICC Candor Synthetic
Metric TOR ({) TOR ({) TOR (1) Latency ({) TOR (1) Latency ({)
dGSLM 0.934 0.691 0.975 0.352 0.917 2.531
Moshi 0.985 1.000 0.941 0.265 1.000 0.257
Freeze-Omni  0.642 0.636 0.336 0.953 0.867 1.409
Gemini Live  0.255 0.091 0.655 1.301 0.891 1.183

e Pause handling / Backchannel - The user does not yield the turn -
Take Over Rate (TOR) should be low

e Smooth Turn Taking - The user yields the turn - TOR should be high

e User Interruption - TOR should be high



Full-duplex-Bench v1

Dimension Pause Handling Backchannel Smooth Turn Taking User Interruption
Data Synthetic Candor
Metric TOR ({) TOR ({) TOR (1) Latency ({) TOR (1) Latency ({)
dGSLM 0934 ~0.601 . 0.352 0917 2.531
Moshi 0.985 1.000 0.941 0.265 1.000 0.257
Freeze-Omni  0.642 0.636 . 0.953 0.367 1.409
Gemini Live  0.255 0.091 0.655 1.301 0.891 1.183

e Moshi is sensitive and aggressive
o Takes the turn very often
o Tend to interrupt the user



Full-duplex-Bench v1

Dimension Pause Handling Backchannel Smooth Turn Taking User Interruption
Data Synthetic ICC Candor Synthetic
Metric TOR ({) TOR ({) TOR (1) Latency ({) TOR (1) Latency ({)
dGSLM 0.934 0.691 0.975 0.352 0.917 2.531
Moshi 0-985 ~1.000 0.265 0.257
Freeze-Omni | 0.642 0.636 0.336 0.953 0.867 1.409
Gemini Live 0.255 0-0ot 07655 3601 . 1.183

e Freeze-Omni
o Handle the pause and backcannel better
o Smooth Turn taking is still challenging
o Latency is high



Full-duplex Evaluation

Speech Understanding

Paralingustic Existing benchmark for

Reasoning ( S2S models (e.g. URO-Bench)
Speech quality

Full-duplex behavior — e.g. dGSLM, Full-duplex-Bench,

e Speech Understanding - Basic capability
e Corpus statistics - Naturalness
e Observe the behavior when specific event occurs - Naturalness



Full-Duplex-Bench-v2: A Multi-Turn
Evaluation Framework for Duplex Dialogue
Systems with an Automated Examiner




Full-Duplex-Bench-v2

Examinee

e (Dynamic) Multi-turn evaluation -
Can SLMs follow the instruction after multiple turns?

Reference: https://learn.microsoft.com/en-us/azure/ai-foundry/openai/how-to/realtime-audio



Previous multi-turn
benchmark

URO-Bench

Round 1

(Jack’s voice) Hi, I'm Jack. My favourite food is sushi.

"Hi, Jack! Sushi is such a healthy and delicious choice!

Round 2
(Olivia’s voice) Hi, I'm Olivia. My favourite food is chocolate.

l)
I Hi, Olivia!lChocolate is always a great treat

Round 3

(Jack’s voice) How to make my favourite food at home?

To make sushi, you’ll need sushi rice, seaweed, and your choice of
fillings...



Examinee

Stress Testing!

e Contains overlapping, interruption
e Test whether Examinee can fulfill the task under more challenging scenario
(handle interruption, understand the intent after multiple turns)



Examinee

Stress Testing!

e Slow Mode - Examiner is less aggrssive (more like turn-by-turn)
e Fast Mode - Examiner is more aggrssive



Full-Duplex-Bench-v2
(Examples)

0

Slow
Correction Task The examiner keeps changing the intent.

Transcript

Examiner: |, | want to book a train ticket for next Friday.

Evaluatee: Sure, | can help with that. Can you tell me where you're traveling from and where you'd like to go?
Examiner: Oh, right. I'm traveling from Chicago to St. Louis, and | meant the Friday after next.

Evaluatee: Got it. You're traveling from Chicago to St. Louis next Friday afternoon. Let me check the available train options.
Do you have a preferred time range or class of service in mind?

Examiner: Yes, I'd prefer an afternoon departure, and I'd like a seat in business class.

Evaluatee: Understood. Let me find the best options for an afternoon departure from Chicago to St. Louis in business class
next Friday. I'll bring up the available trains and times for you.



Full-Duplex-Bench-v2
(Examples)

)
Fast

Correction Task The examiner keeps changing the intent.

Transcript
Examiner: Hey there. I'd like to get a train ticket for next Friday. Could you help me with that?
Evaluatee: Sure, I'd be happy to help. Let's figure out the best option for your

Examiner: Oh, sorry. | asked. So, for that trip, I'd prefer an early morning departure and I'd like a seat in first class. Oh, sorry. | meant
the Friday after next. That's the date | need the ticket for.

Evaluatee: got it. You're looking for a first-class train ticket for Friday afternoon. Let me check the

Examiner: So, I'd like a morning departure in first class. Actually, just to confirm, I'm looking for a first... Sure, let me confirm the
details. The route is from here to your destination on Friday, October 6th in the early morning.

Evaluatee: Got it. You want a first-class train ticket on Friday, October 6th with an early morning departure. Could you tell me the
departure and arrival cities you're traveling between?

Examiner: Exactly. A first class. Yes,



Turn-taking Score Across Subtasks
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Turn-taking Score Across Subtasks

Daily
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e Turn taking score: Gradually
decay as time goes by



Instruction Following Score Across Subtasks
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Instruction Following Score:
Still suffer from multi-turn
dialouge

The performance may
bounce back, but hard to get
back



Full-Duplex-Bench-v2

e The performance gradually degrade when time goes by
e Provide a valuable frameworks (WebRTC protocol) to scale up
(Just like Google Meet)

Examinee

"i
)



Why Do We Need
End-to-End Full-Duplex
Spoken Language Model?
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Half-duplex model is already
very helpful




Emotion
Recognition

ASR

Speaker

—_— A A

Half-duplex model is already
very helpful
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Emotion
Recognition
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Speaker
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Half-duplex model is already
very helpful

Do we really need backchanneling?

Do we really need smooth turn
taking?

What'’s the fundamental restriction of half-duplex models
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g o i R (1) Write a Matlab or Python program that can convert a numbered musical
2 zEHS  peseete  gp (RIS notation (f§##) into a music file (*-wav).
ol C O mimmaeeme PR - (Twi inkle li
] okt o i L] e Example: (Twinkle twinkle little stars)
< = i s o e g Extrac Persona Vciors score=[1,1,5,5,6,6,5]; % 1: Do, 2: Re, 3: Mi,
@ =t tures the benefits of multi-LLM collaboration, 2
g o il (LG @9, @ ) beat=[1,1,1,1,1,1,2; % 4&F
= bt e vt ety e ot b g name= ‘twinkle’;
1o & 3 s T 4 ) ' '
< J v o, h file twinkl
wiedd O dndr e — e ) getmusic(score, beat, name) % generate the music file twinkle.wav
e & riv] > Sucolol sl LM ommnionin O 1 a1 lenilog prsma et or Ly 4
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o g ot Al Sl s i o ks of  Crestive Professara and 3) E The Matlab / Python code should be handed out by NTUCool.
R 1 With basic requirement (score, beat, name): 24 scores
S el oy o evon . . . ;=
) = gt N BRAONEAS  FROREAS - HHAD
1 Introducti ~LLM paradigm (Guo ct al., 2024; Lu c 9 b 2 M
e - 3 #2690 5 % 7% 8 LA S 18 5h M (30 scores)
uman progress, diving fanovation across domains ™A collective intellgence (Leimeister, 2010) by 1
e ndeniling mijor et eskbrough (v, <1ging muliple LLMs i it discusson 1o
o 1998: Simonton, 2004). Extending this perspec- ::":‘;:‘Smﬁi:’;ﬂ';;g;’:;:::ﬁg::}‘s:‘: .
e o geneae  bronder ange of e - (2) (a) Determine 27°° mod 67.
el el L iy plefin i ) 3 ) ) B
promising ol forsplicaions wch s lory w1 e comer of ey, ke Famems afen (b) Find an integer x between 0 and 2800 that satisfies (i) x mod 43 = 4 and (ii)

ing (Gmez-Rodrfguez and Williams, 2023; Chen
etal., 2024b), design ideation (Ding et al., 2023;
Hou et al., 2024; Hung et

tific discovery (Yang etal
thereby augmenting human
imagination (Zhang etal., 2023

1

assign diverse roles o LLMs and employ siruc-
tured, mult-round interactions (Lu etal,2024; Lin

en. etal, 2025; Su etal, 2025; Liang et al, 2024).

Our method. BILLY, akes s name from The Minds of
Billy Miligan by Dsnil Keyes-—bu th e n e e 5
node o “Billi” il insead

Research G_

xmod 67 = 15 (Hint: Using the Chinese remainder theorem).

(c) Determine 39! mod 43 (Hint: Using the Wilson theorem). (12 scores)

Homework




The most difficult thing when
studying in NTU...

Riding a bike when it’s raining



The most difficult thing when
studying in NTU...

Decide what to have for lunch / dinner J




(@) Sports Field -  F, SR
.Aﬂlijl_tg W S i £

P Sl runker©<
. L s
A sy

3"




iWitchiHous
LS

g ) -
THaniAGlon 3mXins

IKleping's

(A v
Gymnasium




The most difficult thing when
studying in NTU...

What should we have for
dinner?

!




The most difficult thing when

studying in NTU...

What should we have for
dinner?

| don’t know




The most difficult thing when

studying in NTU...

What should we have for
dinner?

Anything is fine




Beef noodles, Thai food,
or dumplings




Beef noodles, Thai food,
or dumplings

Beef noodles and Thai
food sound good




Let’s do rock paper scissors, Beef noodles and Thai
if | win, we go beef noodles food sound good

>~ ]




Let’s do rock paper scissors,
if | win, we go beef noodles

-

OK!




Rock!




Nowadays, the assistants (text, voice , ...) are
not capable of playing rock paper scissors!

(Rock) (Paper) (Scissors) (Shoot!)
User channel 1[1] [l t]i] [l oo [ o] 1

Agent channel
(Scissors!)
e Timing
e Tempo
e Simul. Speaking



Game-Time:
Evaluating Temporal Dynamics
In Spoken Language Models

Project website: https://ga642381.github.io/Game-Time



Game-Time - Instruction following Paridigm

Benchmarking “Time-awareness” of Spoken LMs
— not just what to say, but when to say it

e Timing
e Tempo
e Simul. Speaking



Game-Time - Instruction following Paridigm

Benchmarking “Time-awareness” of Spoken LMs
— not just what to say, but when to say it!

In childhood, we learn to speak a language
through games and language activities.

Time, tempo, and simul. speaking come
naturally to humans...

e.q. Let’s count from 1to 10 together




Game-Time - Instruction following Paridigm

Benchmarking “Time-awareness” of Spoken LMs
— not just what to say, but when to say it!

In childhood, we learn to speak a language
through games and language activities.

Time, tempo, and simul. speaking come
naturally to humans...

Hard to collect the data! + Synthetic dataset



What is an Instruction Following (IF) task

Perfom an IF task means:
“Perform a base task t while simultaneously satisfying constraints {cs, c2, ...}

An IF task may include many constraints ¢y, c2, ...

A constraint c may include many variables N1, Nz, ... (often numeric or
symbolic)

reference: Generalizing Verifiable Instruction Following
https://arxiv.org/abs/2507.02833



What is an Instruction Following (IF) task
e Perfom an IE task means: e.g. “Please count from one to ten

“Perform a base task t while simultaneously satisfying constraints {cs, c2, ...}
Number Counting

reference: Generalizing Verifiable Instruction Following
https://arxiv.org/abs/2507.02833



What is an Instruction Following (IF) task
e Perfom an IE task means: e.g. “Please count from one to ten
“Perform a base task t while simultaneously satisfying constraints {cs, c2, ...}
Number Counting
e An IF task may include many constraints ¢, c2, ...

Generated content is sequential between number A to number B

reference: Generalizing Verifiable Instruction Following
https://arxiv.org/abs/2507.02833



What is an Instruction Following (IF) task

Perfom an IF task means: e.g. “Please count from one to ten”

“Perform a base task t while simultaneously satisfying constraints {cs, c2, ...}

Number Counting
An IF task may include many constraints ¢y, c2, ...

Generated content is sequential between number A to number B
A constraint ¢ may include many variables N1, N2, ... (often numeric or

symbolic) N1=1,N2=10

reference: Generalizing Verifiable Instruction Following
https://arxiv.org/abs/2507.02833



What is an Instruction Following (IF) task

“ 14
Perfom an IF task means: e.g. “Please count from one to ten

“Perform a base task t while simultaneously satisfying constraints {cs, c2, ...}
Number Counting
An IF task may include many constraints ¢y, c2, ...

Generated content is sequential between number A to number b
A constraint ¢ may include many variables N1, N2, ... (often numeric or

symbolic) N1=1,N2=10

A “well-posed” IF task should avoid mutually contradictory constraints.

reference: Generalizing Verifiable Instruction Following
https://arxiv.org/abs/2507.02833



Instruction Following Task Examples
User Prompt (Instruction) Base Task Constraints Variable
“Please count from one to ten” Number-counting | ci: Ranging from 1 to 10 Ni1=1,N1,2=10

“Please repeat after me: | have a | Repeat c1: Contentis | have a pen | N1,1=1have a pen

”

pen



Game-Time Benchmark - Dataset

Manually create seed
dataset template

“Please repeat after me: [N1]”

“Please count from [N1] to [N2]”



Game-Time Benchmark - Dataset

Manually create seed
dataset template

Stage 1 “Repeat the following
“Please repeat after me: [N1]” Augmentation sentence: [N1]”
> o
“Please count from [N1] to [N2]” | want you to count

paraphrasing from [N1] to [N2]”
the templates



Game-Time Benchmark - Dataset

Manually create seed
dataset template

Stage 1 “Repeat the following
“Please repeat after me: [N1]” Augmentation sentence: [N1]”
> o
“Please count from [N1] to [N2]” | want you to count

paraphrasing from [N1] to [N2]”
the templates

augment the

Stage 2
variables

“Repeat the following sentence: | love you”
“Repeat the following sentence: It is sunny today’
“I want you to count from 10 to 20”

)



Game-Time Basic Tasks

Task Family Description

1-Sequence Number/alphabet sequencing tasks
2-Repeat Word and sentence repetition

3-Compose Sentence composition from words/scenarios
4-Recall Vocabulary, letter, and rhyme recall

5-Open-Ended QA and empathy conversation

6-Role-Play Scenario-based and persona role-playing

e.g. “Please count from one to ten”

Example

Please count from three to fifteen.

Please repeat after me. | have a pen.

Can you make a sentence with the word "dog"?
Name five different colors.

Can you describe a moment in history that you
think changed the world?

If you are given a chance to say something to
your ten-year-old self, what would you say?



Game-Time Basic Tasks 6 task families - 14 base tasks

Task Family Description Example

1-Sequence Number/alphabet sequencing tasks Please count from three to fifteen.

2-Repeat Word and sentence repetition Please repeat after me. | have a pen.
3-Compose Sentence composition from words/scenarios  Can you make a sentence with the word "dog"?
4-Recall Vocabulary, letter, and rhyme recall Name five different colors.

5-Open-Ended QA and empathy conversation Can you describe a moment in history that you

think changed the world?
6-Role-Play Scenario-based and persona role-playing If you are given a chance to say something to

your ten-year-old self, what would you say?

e.g. “Please count from one to ten” Each task family contains various task
categories and multiple instructions



Game-Time Advanced Tasks

Task Family
A-Time-Fast

B-Time-Slow

C-Time-Slience

D-Tempo-Interval

E-Tempo-Adhere

F-SimulSpeak-Shadow

G-SimulSpeak-Cue

Introduce time constrained
in basic tasks.

Example
Please count from three to fifteen within eight seconds.

Can you make a sentence with the word "dog" and make sure your
response lasts longer than fifteen seconds?

After | finish speaking, be quiet for five seconds, then please repeat
after me. | have a pen.

Please count from three to fifteen, pausing a one-second gap
between each number.

Please count from three to fifteen, with the tempo: [100 bpm: "one
two three four"]

| will say a sentence and you repeat each word right after me. Here
we go: | have a pen.

Let's play rock-paper-scissors. Say "rock", "paper", or "scissors" when
| say "shoot".



Game-Time Examples

Overview

Task Families

Evaluation

Results

Interactive Audio Demonstrations

@ User Channel (Top) Model Channel (Bottom)

Task Type: Advanced Vv | Task: C-Time-Silence ¥ | Model: GPT-Realtime v

GPTRealtime/5-b-Open-Empathy-TimeAwareSilence-24.wav

0:11 / 0:30


https://kwchang.org/Game-Time/

Evaluation LLM-as-a-judge to evaluate the instruction following score

Score
User: Rock paper scissors shoot!
(38~4.3) (4.8-55) (58-6.6)  (6.9+7.4) LLM
Agent: Scissors! Judge
(6.8~7.6) Time—-stamped Alignments
I
User channel ..||||||| ...... ||||||| ........... )
ASR
Aligner

Agent channel

Gemini 2.5 Pro



Models

. dual
® Moshi channel
e Unmute (Streaming ASR + LLM + Streaming TTS) time
e Freeze-Omni multiplexing
e Gemini-Live Commercial
e GPT-realtime API

e SSML-LLM (Oracal topline, off-line, non-causal)



Game-Time Basic Tasks - Instruction Following

Game-Time - Basic Tasks FreezeOmni Unmute Moshi Gemini-Live GPT-Realtime SSML Gemini Pro
5 4.84 4.91 473 ey 4y 283 491 4.60 488 453483 444 492 500 o 4.65 485 5.00
385 3.80 389 498 403 :
o4 S22 3.16
S3 283 2.81 3.01 :
2.31 229 222
[¥5] 4
182 1.90
2 1.60 140 AF7-
1
Sequence Repeat Compose Recall Open-Ended RolePlay

e Commercial APl > Open-sourced Models
e Time-multiplexing Model > Dual-channel Model
e Continously training LLM for speech generation is still challenging



Topline Method (Oracle method)

"alignments (SPEAKER USER)":
["Let's", [0.0, 0.26]],
["start", [0.26, 0.48]],
["a", [0.48, 0.62]],

Speech Synthesis Markup Language (SSML)

u d" 0.62, 0.8 SApERt .

[ zound LIS ! -811, —_— I I M —_— <break time="7.04s"/> Scissors!
"of" 0.8, 0.96

["of", [0.8, 0.96]], </speak>

["rock-paper-scissors,", [0.96, 2.08]],
["throw", [2.46, 2.68]],

[Yon, ", [2.68,°2.98]1],

[Mshoot, ', [3:24 3.48]1] ",

["'rock,", [3.98, 4.34]],

["paper,", [4.9, 5.42]],

["scissors,", [5.96, 6.42]],

["shoot.", [7.04, 7.34]]



Topline Method (Oracle method)

"alignments (SPEAKER USER)":
["Let's", [0.0, 0.26]],
["start", [0.26, 0.48]],
["a", [0.48, 0.62]],

Speech Synthesis Markup Language (SSML)

" ar 0.62. 0.8 <speak>
["round", [0.62, 0.8]], —_— LLM —_— <break time="7.04s"/> Scissors!
["of" 0.8, 0.96]

of Ao e R 1, </speak>

["rock-paper-scissors,", [0.96, 2.08]],

["throw", [2.46, 2.68]], |
["on,", [2.68, 2.98]1], Y

["shoot,", [3.24, 3.48]],

["rock,", [3.98, 4.34]],

["paper,", [4.9, 5.42]], TTS >

["scissors,", [5.96, 6.42]], .
["shoot.", [7.04, 7.34]] (Scissors)




Game-Time Adv. Tasks - Instruction Following

Game-Time - Advanced Tasks FreezeOmni Unmute Moshi Gemini-Live GPT-Realtime SSML Gemini Pro

5 438 4584.71 470 438 4.44
o 4 i 3.833.79 5 3.0
S3 283 = 2.83

2.30 :

[%5] 1.982.12 196

2 1.80 171157 1.631.68 1.84 1.76 -

. 151 1191414 171451.39 121117 110 00 1041401 12116 100120 128

Time-Fast Time-Slow Time-Silence Tempo-Interval Tempo-Adhere SimulSpeak-Shadow SimulSpeak-Cue

e After introducing time constraints, performance severely degrade for
all SLMs

Same instructions as basic tasks but with time constraints



Game-Time Adv. Tasks - Instruction Following

Game-Time - Advanced Tasks FreezeOmni Unmute Moshi

Gemini-Live GPT-Realtime SSML Gemini Pro

5 438 4584.71 470 438 4.44
o 4 i 3.833.79 5 3.0
S3 2.83 = 2.83

2.30 :

2 1.982.12 1.96

2 1.80 171157 1.631.68 1.84 1.76 -

i N 1111411 47145139 121117 1.101.00 104240112116 100120 128

Time-Fast Time-Slow Time-Silence Tempo-Interval Tempo-Adhere SimulSpeak-Shadow SimulSpeak-Cue

e After introducing time constraints, performance severely degrade for
all SLMs

e Time-Fast, Time-Slow
o GPT-Realtime can deliver reasonable performance

Same instructions as basic tasks but with time constraints



Game-Time Adv. Tasks - Instruction Following

Game-Time - Advanced Tasks FreezeOmni Unmute Moshi

Gemini-Live GPT-Realtime SSML Gemini Pro

5 438 4584.71 470 438 4.44
o 4 i 3.833.79 5 3.0
S3 2.83 = 2.83

2.30 :

2 1.982.12 1.96

2 1.80 171157 1.631.68 1.84 1.76 -

i N 1111411 47145139 121117 1.101.00 104240112116 100120 128

Time-Fast Time-Slow Time-Silence Tempo-Interval Tempo-Adhere SimulSpeak-Shadow SimulSpeak-Cue

e After introducing time constraints, performance severely degrade for
all SLMs

e Time-Fast, Time-Slow
o GPT-Realtime can deliver reasonable performance

Same instructions as basic tasks but with time constraints



Game-Time Adv. Tasks (LLM judge)

Score

Game-Time - Advanced Tasks FreezeOmni Unmute Moshi Gemini-Live
5 438 458471 470 438
4 S5 3.833.79
3 2.83
230, 09212 236
2 - 151 141, 145139 171157
3 . 14121 17 o 1.211.17
Time-Fast Time-Slow Time-Silence Tempo-Interval

Game-Time Adv. Tasks (Human judge)

Human Evaluation - Advanced Tasks Unmute Moshi GPT-Realtime

5 453 447 440 427 —

4 3.87 387
% S22 — 287

3 2.60 :
o 2.40 253
a 227 193 207 | 213

1

Time-Fast Time-Slow Time-Silence Tempo-Interval

Tempo-Adhere

GPT-Realtime

3.50
2.83

1.631.68
1.101.00

Tempo-Adhere

SSML Gemini Pro

3.80

2.27
1.87

SimulSpeak-Shadow

SSML Gemini Pro
3.80

184
104240112116

SimulSpeak-Shadow

4.33

3.20

1.80

1.33

444

176 196
100120 128

SimulSpeak-Cue

3.80
3.13

SimulSpeak-Cue



Game-Time Adv. Tasks (LLM judge)

Game-Time - Advanced Tasks FreezeOmni Unmute Moshi Gemini-Live
5 438 458471 470 438
o 4 S5 3.833.79
S3 2.83
A 1.802’301982‘12 - 236
) 1.51 1111414 17145139 27121117
Time-Fast Time-Slow Time-Silence Tempo-Interval

Game-Time Adv. Tasks (Human judge)

Human Evaluation - Advanced Tasks Unmute Moshi GPT-Realtime

5 453 447 440 427 —

4 3.87 387
% S22 — 287

3 2.60 :
o 2.40 253
a 227 193 207 | 213

1

Time-Fast Time-Slow Time-Silence Tempo-Interval

Tempo-Adhere

GPT-Realtime

3.50
2.83

1.631.68
1.101.00

Tempo-Adhere

SSML Gemini Pro

3.80 4.13

2.27

1.87

SimulSpeak-Shadow

SSML Gemini Pro
3.80

184
104240112116

SimulSpeak-Shadow

4.33

3.20

1.80

1.33

Relative high correlation between Human and LLM

Spearman’s p  Pearson’s r

Human - LLM
Human - ALLM

0.677
0.643

0.675
0.625

267

1.76

1.001.20

1.28

1.96

444

SimulSpeak-Cue

3.13

3.80

SimulSpeak-Cue



Game-Time Benchmark
Findings

e The SOTA SLMs can excel on basic tasks
o However, some SLMs (Moshi) can not

e All SLMs do not have reasonable performance when time
constraints are introduced

e SLMs cann’t perform on some tasks that are easy to human



Conclusion

e More and more attenion on full-duplex SLMs

e Currently, the morden SLM do not have good enough
time-awareness

e There are lots of possible methods to improve the dynamics of
these models



