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Abstract001

Spoken Language Models (SLMs) have revo-002
lutionized voice interaction, yet they remain003
constrained by rigid half-duplex mechanisms004
that fail to replicate the fluidity of human con-005
versation. While recent Full-Duplex SLMs at-006
tempt to bridge this gap by enabling real-time007
capabilities such as interruption and backchan-008
neling, these methods suffer from severe modal-009
ity interference. Specifically, adapting models010
for native full-duplex interaction often induces011
significant knowledge degradation, impeding012
the realization of seamless human-machine in-013
teraction. To address this, we conduct an op-014
timization dynamics analysis, identifying the015
root cause as the inherent gradient conflict be-016
tween acoustic rendering and semantic model-017
ing within a shared parameter space. Guided by018
this insight, we introduce Lychee-FD, a native019
end-to-end full-duplex framework designed to020
mitigate modality interference. We proposed a021
hierarchical parameter separation strategy that022
decouples conflicting modalities in deep lay-023
ers. Moreover, we incorporate a semantic align-024
ment channel that enables the model to pre-025
serve coherent internal monologues, ensuring026
the robustness of semantic modeling during027
training. Extensive experiments demonstrate028
that our method achieves state-of-the-art per-029
formance across multiple full-duplex bench-030
marks, specifically delivering an average 7.4%031
improvement on Spoken QA tasks and 28.5%032
improvement on FullDuplexBench 1.5. Conse-033
quently, our work uncovers the fundamental034
causes of modality interference within Full-035
Duplex SLMs and provides an effective ap-036
proach to reconcile interaction efficiency with037
robust knowledge retention.038

1 Introduction039

The rapid evolution of Large Language Models040

(LLMs) has fundamentally reshaped our daily lives,041

establishing them as ubiquitous assistants capable042

of complex reasoning and instruction following.043
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Figure 1: Visualization of the efficiency and intelligence
trade-off. Existing paradigms face a dilemma when de-
veloping a full-duplex SLM from the half-duplex model
(black star): End-to-End models (blue diamond) sacri-
fice accuracy for efficiency, while Thinker-Talker mod-
els (red diamond) preserve knowledge but incur pro-
hibitive inference costs. In contrast, our proposed Hier-
archical framework (green diamond) combining low la-
tency with high accuracy significantly outperform base-
lines.

Within this landscape, Spoken Language Models 044

(SLMs) represent a significant paradigm shift from 045

text-based to voice-based interaction. By enabling 046

hands-free scenarios (e.g. in-car assistants), SLMs 047

have drastically enhanced the efficiency and ac- 048

cessibility of human-machine interaction. While 049

recent advancements have led to Omni-modal mod- 050

els capable of seamless voice interaction (Xu et al., 051

2025; Wu et al., 2025; Zhan et al., 2024; OpenAI 052

et al., 2024), a critical disparity remains: unlike 053

authentic human conversation, which is inherently 054

real-time, overlapping, and turn-free, most current 055

SLMs are constrained to a rigid half-duplex mode. 056

This turn-taking mechanism disrupts the fluidity of 057

interaction, creating an artificial barrier between 058

user and agent. Consequently, developing Full- 059

Duplex SLMs (FDSLMs) that support simultane- 060

ous listening and speaking is widely regarded as 061

the next critical milestone in human-machine inter- 062
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action, promising to unlock a truly natural, fluid,063

and immersive conversation experience.064

Although emerging research has achieved no-065

table progress in FDSLM development (Fu et al.,066

2025; Wang et al., 2025b; Défossez et al., 2024;067

Fu et al., 2025), current methods still suffer from068

severe Modality Interference. As illustrated in Fig-069

ure 1, adapting a half-duplex base model (black070

star) into a native End-to-End architecture (blue di-071

amond) precipitates a significant knowledge degra-072

dation. This degradation is further corroborated073

by state-of-the-art models like Moshi (Défossez074

et al., 2024), which reports a significant 12.7%075

drop in accuracy on LlamaQ and a 5.7% drop on076

WebQ after full-duplex alignment. While some ap-077

proaches (Wang et al., 2025b; Chen et al., 2025b)078

attempt to circumvent this interference by adopting079

Thinker-Talker architectures (red diamond), they080

require intricate multi-stage training and introduc-081

ing significant latency. These indicate that exist-082

ing paradigms either fail in knowledge retention083

or inference efficiency. Consequently, the central084

research question of this work is: How can we re-085

solve this modality interference to simultaneously086

achieve high inference efficiency and robust knowl-087

edge retention in FDSLMs?088

To address this question, we first conduct an opti-089

mization dynamics analysis to investigate the root090

causes of modality interference. We have two criti-091

cal observations: (1) the gradient directions of text092

and speech objectives are synergistic in shallow lay-093

ers but become increasingly orthogonal in deeper094

layers; and (2) aligning sparse text with dense au-095

dio sequences causes the optimization landscape to096

be dominated by acoustic gradients, thereby sup-097

pressing semantic learning.098

Inspired by these insights, we introduce Lychee-099

FD, a native end-to-end full-duplex framework de-100

signed to mitigate modality interference with two101

architectural innovations. First, we propose a hier-102

archical parameter separation strategy for gradi-103

ent conflict in deep layers. Specifically, we separate104

the deep layers into independent acoustic and se-105

mantic heads. By executing these heads in parallel,106

we maintain the original model depth, thereby pre-107

serving inference efficiency. Second, to counter108

semantic dilution, we introduce a semantic align-109

ment channel to generate coherent internal mono-110

logues. By utilizing continuous textual supervision111

as a semantic anchor, we preserve the robustness112

of semantic modeling during training. Extensive113

experiments demonstrate that Lychee-FD achieves114

state-of-the-art performance, specifically delivering 115

an average 7.4% improvement on Spoken QA tasks 116

and a 28.5% gain on FullDuplexBench 1.5. Ulti- 117

mately, our approach effectively mitigates modality 118

interference, simultaneously achieving high infer- 119

ence efficiency and robust knowledge retention. 120

Our contributions are summarized as follows: 121

• We delve into the optimization dynamics of 122

FDSLM training and identify the gradient con- 123

flict in deep layers alongside the semantic di- 124

lution caused by sparse alignment, thereby 125

empirically demonstrating the interference be- 126

tween semantic and acoustic modeling. 127

• Guided by these insights, we propose Lychee- 128

FD, a native end-to-end full-duplex frame- 129

work aiming to mitigate modality interference. 130

It features a hierarchical parameter separation 131

strategy to disentangle conflicting modalities 132

in deep layers and a semantic alignment chan- 133

nel to enforce knowledge retention. 134

• Extensive experimental results show that 135

Lychee-FD achieves state-of-the-art perfor- 136

mance in both knowledge accuracy (+7.4% on 137

Spoken QA) and interaction quality (+28.5% 138

on FullDuplexBench 1.5), all while maintain- 139

ing the inference efficiency of native end-to- 140

end architectures. 141

2 Related Work 142

2.1 Spoken Language Model 143

SLMs have evolved from cascading ASR-LLM- 144

TTS pipelines (Zhang et al., 2023; An et al., 2024; 145

Chen et al., 2025a) to unified architectures. Current 146

methods can be broadly categorized into Thinker- 147

Talker architectures and Native End-to-End archi- 148

tectures. The Thinker-Talker paradigm decouples 149

acoustic generation from the LLM backbone to 150

mitigate modality interference (Xu et al., 2025; 151

Wang et al., 2025b; Fang et al., 2025). For instance, 152

Xu et al. (2025) adopts a dual-track autoregres- 153

sive architecture. However, despite their stability, 154

these systems often require intricate, multi-stage 155

training curricula and suffer from inference bottle- 156

necks caused by the separate generation modules. 157

Conversely, Native End-to-End architectures em- 158

bed speech and text into a shared semantic space, 159

enabling direct speech-to-speech reasoning (Xie 160

and Wu, 2024a; Mitsui et al., 2024; Gao et al., 161

2025; Zeng et al., 2024). Notable examples include 162
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Step-Audio2 (Wu et al., 2025), which introduces la-163

tent audio encoding to capture paralinguistic cues.164

Crucially, unlike existing SLMs which are con-165

strained to rigid turn-taking mechanisms, our work166

advances the field by establishing a Full-Duplex167

framework. By enabling simultaneous listening168

and speaking, we aim to unlock a truly natural,169

fluid, and immersive paradigm for future human-170

machine interaction.171

2.2 Full Duplex Dialog Model172

To achieve turn-free and fluid conversation, recent173

research has explored full-duplex paradigms that174

transcend rigid turn-taking. Early efforts primarily175

focused on System-Level solutions, which leverage176

Voice Activity Detection (VAD) as a dialog man-177

ager to control the speaking process of half-duplex178

SLMs (Zhang et al., 2025a; Chen et al., 2025a; Xie179

and Wu, 2024b; Liao et al., 2025; Li et al., 2025).180

Although making some success, these cascaded181

systems suffer from high latency and error propaga-182

tion, prompting a shift towards unified modeling.183

To address these limitations, recent works em-184

ploy the SLM itself as the dialog manager, en-185

abling simultaneous listening and speaking. Time-186

Division Multiplexing (TDM) approaches flatten187

listening and speaking tokens into a single tem-188

poral sequence, leading to increasing computa-189

tional complexity and limiting long-context interac-190

tion (Zhang et al., 2025b; Veluri et al., 2024; Zhang191

et al., 2024; Yu et al., 2024). Instead, Channel-192

Division Multiplexing (CDM) approaches explic-193

itly model concurrent input and output streams, the-194

oretically offering the most integrated form of inter-195

action (Team et al., 2025; Nguyen et al., 2023; Yao196

et al., 2025). For example, Défossez et al. (2024)197

and Chen et al. (2025b) integrate time-aligned text198

and audio streams to provide semantic guidance199

for speech generation. Unlike previous works that200

struggle with the efficiency-intelligence trade-off,201

our Lychee-FD framework effectively mitigates202

modality interference within the native end-to-end203

FDSLM, simultaneously achieving high inference204

efficiency and knowledge retention.205

3 Lychee-FD206

3.1 Motivation207

To empirically investigate the underlying causes208

of the modality interference and understand the209

learning process within full-duplex models, we con-210

ducted an optimization dynamic analysis, shown in211
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Figure 2: Optimization Dynamics Visualization. (a)
Gradient Cosine Similarity: The transition to negative
values in deep layers reveals conflicting optimization
directions between semantic and acoustic modeling, mo-
tivating our hierarchical parameter separation. (b) Gra-
dient Magnitude Ratio: The consistently lower ratio
for “Aligned” (Red) compared to “Dense” (Blue) indi-
cates that sparse alignment dilutes semantic supervision,
motivating our semantic alignment channel.

Figure 2. We utilized a native CDM architecture ini- 212

tialized with weights from StepAudio2-mini (Wu 213

et al., 2025). We performed forward passes on 1K 214

samples from the training set to accumulate gradi- 215

ents for both the token generation task (Ltext) and 216

the speech token generation task (Lspeech), without 217

updating the model parameters. 218

g
(l)
text = ∇θ(l)Ltext, (1) 219

220

g
(l)
speech = ∇θ(l)Lspeech, (2) 221

where ∇θ(l) denotes the gradient operator with re- 222

spect to the layer parameters θ(l), and the results 223

are flattened into vectors. By analyzing the geo- 224

metric relationships of these gradient vectors, we 225

can quantitatively explore the interaction dynam- 226
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ics between the two modalities during the learning227

process.228

Modality Interference. We investigated the com-229

patibility of the two optimization objectives by cal-230

culating the cosine similarity S(l) between text and231

speech gradient vectors:232

S(l) = cos(g
(l)
text,g

(l)
speech). (3)233

As shown in the Figure 2a, the similarity reveals a234

distinct layer-wise pattern. In the shallow layers (0-235

9), the cosine similarity is positive, indicating that236

the two modalities share synergistic optimization237

directions, focusing on common low-level features238

processing. However, as the depth increases, the239

similarity drops sharply, turning negative and fluc-240

tuating in the deeper layers. This trend empirically241

confirms our hypothesis regarding the dual nature242

of speech: while shallow layers can share represen-243

tations, the deep layers face a fundamental conflict244

between semantic modeling and acoustic rendering.245

Forcing a unified set of parameters to resolve these246

opposing gradient directions inevitably leads to247

sub-optimal performance, validating the root cause248

of the observed modality interference.249

Semantic Dilution. Prevalent Full-Duplex SLMs250

typically address the frequency mismatch between251

text (approximately 3Hz) and audio (typically252

25Hz) by interleaving padding tokens to enforce253

temporal alignment (Défossez et al., 2024; Wu254

et al., 2025; Chen et al., 2025b). To evaluate the255

impact of this alignment on optimization, we com-256

pared the ratio R(l) of gradient magnitudes be-257

tween the two modalities:258

R(l) = ||g(l)
text||/||g

(l)
speech||. (4)259

As shown in the Figure 2b, we observe a substan-260

tial disparity between the continuous text super-261

vision (Dense) and the sparse text with padding262

(Aligned). Specifically, the gradient magnitude ra-263

tio in the Aligned setting is consistently suppressed264

across all layers, suggesting that the introduction265

of padding tokens effectively dilutes the density266

of semantic supervision. Consequently, the opti-267

mization dynamics become dominated by acoustic268

reconstruction, which drives the observed degrada-269

tion in knowledge retention.270

3.2 Model Design271

As illustrated in Figure 3, existing FDSLM architec-272

tures face a dilemma: Thinker-Talker models mit-273

igate modality interference but incur high latency274

and redundancy, while Native End-to-End models 275

offer efficiency but suffer from semantic dilution 276

and optimization conflicts. To resolve this trade-off, 277

we propose Lychee-FD, a native end-to-end frame- 278

work built upon the Step-Audio-2 (Wu et al., 2025) 279

backbone. Our design introduces two key inno- 280

vations: the Hierarchical Parameter Separation 281

to disentangle conflicting modalities, and the Se- 282

mantic Alignment Channel to enforce knowledge 283

retention. 284

Half-Duplex Backbone. We choose Step-Audio- 285

2 as our half-duplex backbone due to its public 286

availability. We employ the Whisper-v3-large en- 287

coder for input audio processing. Crucially, to 288

ensure precise temporal alignment for full-duplex 289

interaction, we utilize the encoder’s original 25Hz 290

frame rate, distinct from the setting adopted by 291

Step-Audio-2. For acoustic output, we adopt the 292

CosyVoice-2 tokenizer to convert audio into dis- 293

crete speech tokens at a 25Hz frame rate. 294

Hierarchical Parameter Separation. Guided by 295

the observation that acoustic and semantic gradi- 296

ents become orthogonal in deeper layers, we design 297

a hierarchical Transformer architecture. We retain 298

a unified Transformer backbone for the shallow 299

layers to leverage shared low-level feature process- 300

ing. Formally, let E ∈ RL×d be the input embed- 301

ding sequence. The shared representation Hshared 302

is computed as: 303

Hshared = Fshared(E; θshared) (5) 304

where Fshared denotes the stack of shared Trans- 305

former layers parameterized by θshared. 306

In the deeper layers, we physically disentangle 307

the parameters into three specialized heads: the 308

Semantic Head for text generation, the Acoustic 309

Head for speech synthesis, and the Control Head 310

for interaction management (e.g., stop/start signals). 311

These heads operate in parallel: 312

Om = Fm
head(Hshared; θ

m), m ∈ {T,A,C}
(6) 313

where m represents the modality (Text, Acoustic, 314

Control), and Om denotes the output distribution 315

for each head. The total loss L is computed as the 316

summation of the next-token prediction losses for 317

each specific head: 318

L = −
∑

m∈{T,A,C}

∑
t

logP (ymt |y<t,E; θ) (7) 319
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Figure 3: Two mainstream architecture paradigms of SLMs and our proposed Lychee-FD. Our design features
a hierarchical parameter separation strategy to resolve deep-layer modality conflicts and the semantic alignment
channel to enforce knowledge retention.

where ymt denotes the ground-truth token for320

modality m at step t. This hierarchical split effec-321

tively isolates the conflicting optimization objec-322

tives, allowing the model to articulate high-fidelity323

acoustic responses without corrupting its underly-324

ing semantic modeling.325

Semantic Alignment Channel. To counter the326

semantic dilution caused by sparse alignment in327

speech-native tasks, we incorporate a semantic328

alignment channel to generate coherent internal329

monologues. During training, these monologues330

server as a semantic anchor, maintaining high-331

magnitude gradient flow for the language modeling332

objective and present robust knowledge retention.333

Specifically, we organize the parallel generation334

streams as follows:335

YText = [t1, t2, · · · , tn, <EOT>, <pad>, · · · , <pad>]336

YAudio = [a1, a2, · · · , an, an+1, an+2, · · · , <EOS>]337

YCtrl = [<Start>, c2, · · · , · · · , · · · , <Stop>]338

By explicitly modeling the text channel alongside339

the acoustic channel, we ensure high-magnitude340

gradient flow for the language modeling objective,341

thereby preserving robust knowledge retention.342

3.3 Data Pipeline343

Given the scarcity of open-source full-duplex344

datasets, we developed an automated pipeline345

to synthesize high-quality training data cover-346

ing three key interaction behaviors: Interrup-347

tions, User Backchannels, and AI Backchan- 348

nels. We employed multi agents to simulate realis- 349

tic User-Assistant dialogues, injecting rule-based 350

constraints to trigger diverse interruption types 351

(e.g., topic switching, follow-up queries) and nat- 352

ural backchannels. To ensure acoustic robust- 353

ness, we synthesized the resulting transcripts using 354

CosyVoice 2 (Du et al., 2024), coupled with 80K 355

predefined voice prompts for zero-shot cloning. Af- 356

ter rigorous filtering to remove samples with logical 357

inconsistencies or low audio quality, we curated a 358

final dataset of approximately 140K full-duplex di- 359

alogue instances, providing a diverse and reliable 360

foundation for our experiments. We provide more 361

details of our data pipeline in Appendix D 362

4 Experiments 363

4.1 Baselines 364

To ensure a comprehensive evaluation, we compare 365

our proposed method against a diverse set of repre- 366

sentative and competitive full-duplex SLMs. These 367

baselines cover the primary architectural paradigms 368

currently explored in the field: 369

System-Level Full-Duplex Models include 370

Freeze-Omni (Wang et al., 2025b) and VITA- 371

1.5 (Fu et al., 2025). These systems achieve 372

full-duplex interaction by integrating an external 373

VAD module to manage the dialogue state of a 374

standard half-duplex SLM. 375
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Model Type LlamaQ WebQ TriviaQA Avg. Take Over Rate↑
S→T ↑ S→S ↑ S→T ↑ S→S ↑ S→T ↑ S→S ↑ S→T ↑ S→S ↑

Freeze-Omni System-level 71.3 50.6 38.3 25.8 24.3 23.9 44.6 33.4 99.6
VITA 1.5 System-level 75.6 51.0 41.8 29.2 35.0 26.0 50.8 35.4 100

dGSLM Native – 1.3 – 0.2 – 0.4 – 0.6 100
FLM-audio Native 41.3 36.7 15.6 14.5 10.5 10.4 22.4 20.5 99.5
Moshi Native 62.3 54.6 25.3 19.6 19.1 17.4 35.5 30.5 93.8
Fun-Audio-Chat Native 72.3 64.3 26.2 24.4 29.6 27.7 42.7 38.8 99.9

StepAudio-2-mini Half-duplex 74.6 62.0 39.9 30.8 39.5 29.8 51.3 40.9 –

Lychee-FD (Ours) Native 73.7 65.4 38.3 33.9 42.5 39.4 51.5 46.2 100
w/o Sem-Channel 69.3 61.0 34.1 31.5 34.2 30.1 45.9 40.8 99.6
w/o. Param-Sep 67.0 36.0 34.6 22.5 36.6 24.2 46.1 27.6 98.5

Table 1: Performance comparison on spoken question answering benchmarks. We report accuracy (Acc) in both
speech-to-text (S→T ) and speech-to-speech (S→S) settings. We also report average take over rate (TOR) across
three benchmarks. ↑ indicates higher is better. Bold denotes best results and underlined denotes second best.

Native Full-Duplex Models include376

dGSLM (Nguyen et al., 2023), FLM-Audio (Yao377

et al., 2025), Moshi (Défossez et al., 2024), and378

Fun-Audio-Chat (Chen et al., 2025b), which379

intrinsically support full-duplex interaction within380

the LLM. Specifically, Fun-Audio-Chat adopts381

a Thinker-Talker architecture, while the others382

utilize a CDM architecture.383

4.2 Implementation Details384

We optimize our model using AdamW (Loshchilov385

and Hutter, 2019) with a cosine learning rate sched-386

uler. All experiments are conducted on 8 NVIDIA387

H20 GPUs, with a global batch size of 32 and a388

learning rate of 3e-6. We set the warmup ratio to389

0.1 and train 1 epoch, which takes approximately390

16 hours. For inference, we employ greedy sam-391

pling for both text and speech token generation.392

We evaluate our model with three random seeds393

and report their average performance. Regarding394

the hierarchical architecture configuration, unless395

otherwise specified, we utilize a shared backbone396

of 24 Transformer layers. The specialized heads397

are configured with 4 layers for the text channel, 4398

layers for the speech channel, and 2 layers for the399

control channel.400

4.3 Spoken Question Answering401

Metrics. To evaluate the spoken question answer-402

ing capabilities of our model, we follow previous403

work (Défossez et al., 2024) and utilize three stan-404

dard benchmarks: LlamaQ, WebQ, and TriviaQA.405

We report the accuracy (Acc) under both speech-406

to-text (S → T ) and speech-to-speech (S → S)407

settings. For speech-to-speech setting, we leverage408

Whisper-large-v3 (Radford et al., 2023) to obtain409

the transcription of generated speech. Additionally,410

we report the take over rate (TOR) across three 411

benchmarks to quantify the frequency of model 412

responses, serving as an indicator of the model’s 413

turn-taking behavior. 414

Result. As presented in Table 1, Lychee-FD 415

demonstrates superior spoken question answering 416

capabilities. It achieves the highest average ac- 417

curacy across both speech-to-text (S → T ) and 418

speech-to-speech (S → S) settings. Compared 419

to the previous SOTA native full-duplex model, 420

Fun-Audio-Chat, Lychee-FD delivers a substan- 421

tial improvement of 7.4% in S → S accuracy 422

and 8.8% in S → T accuracy. Even when com- 423

pared to system-level pipelines like VITA-1.5, our 424

end-to-end approach demonstrates superior reason- 425

ing capabilities (10.8% in S → S and 0.7% in 426

S → T ), validating the effectiveness of our frame- 427

work. Furthermore, Lychee-FD maintains a perfect 428

Take Over Rate (TOR) of 100%, confirming that 429

this exceptional knowledge retention is achieved 430

without compromising interaction stability. 431

Ablation. To investigate the individual contribu- 432

tions of our two proposed innovations, we con- 433

ducted ablation studies on two variants: w/o Sem- 434

Channel, which replaces the semantic alignment 435

channel with sparse time-aligned text, and w/o. 436

Param-Sep, which removes the hierarchical param- 437

eter separation to employ a fully shared architec- 438

ture. As shown in Table 1, when applying the 439

time-aligned text, we observe a significant perfor- 440

mance decline in both S → T (5.6%) and S → S 441

(5.4%) settings. This parallel degradation confirms 442

our hypothesis regarding semantic dilution: the 443

sparse supervision provided by time-aligned text 444

fails to sustain robust linguistic modeling, which 445

in turn cause knowledge degradation. In contrast, 446
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Model
FDBench FullDuplexBench 1.0 FullDuplexBench 1.5

SRR↑ SIR↑ EIR↓ SRIR↑ FSED.↓ IRD↓ I-TOR↑ B-Freq↑ B-TOR↓ T-TOR↑ P-TOR↓ Stop↓ IRR↑ BRR↑ Stop↓ Lat.↓

dGSLM – – – – – – 91.7 1.5 69.1 97.5 93.5 2523 – – – –
Freeze-Omni 12.9 57.2 25.7 29.5 667 5413 77.5 0.1 63.6 33.6 46.3 1380 27.0 63.0 660 2066
VITA 1.5 21.0 46.1 16.3 78.3 3036 9925 99.5 2.5 81.8 58.8 88.8 1523 6.0 38.0 1222 2140
FLM-audio 7.5 69.4 1.0 0.9 989 3408 91.0 0.3 61.8 96.6 56.5 4579 10.0 43.0 2439 983
Moshi 41.4 78.8 22.1 73.9 1895 1421 87.5 5.1 36.4 76.4 54.1 885 61.0 26.0 1071 3034

Lychee-FD (Ours) 86.3 99.7 0.4 95.8 637 1210 94.5 14.6 23.4 98.3 10.0 840 78.0 69.0 570 826

Table 2: Performance comparison of full-duplex interaction capabilities and efficiency. Despite interaction behavior
metrics, we also report efficiency metrics of each benchmark (FSED, IRD, Lat. Stop.), measured in milliseconds
(ms). ↑ indicates higher is better. Bold denotes best results and underlined denotes second best.

the w/o Param-Sep setting reveals a severe modal-447

ity conflict. While its text generation capability448

remains relatively stable, its speech accuracy suf-449

fers a catastrophic drop to 27.6%. This disparity450

validates our optimization dynamics analysis: with-451

out physically disentangling the parameters, the452

optimization landscape becomes dominated by the453

semantic modeling, suppressing the learning of454

acoustic features in deep layers.455

Discussion. We highlight two critical phenom-456

ena that distinguish Lychee-FD from existing457

paradigms. First, our model not only recov-458

ers the performance of its half-duplex backbone459

(StepAudio-2-mini) but surpasses it in both S → T460

(+0.2%) and S → S (+5.3%) settings. This per-461

formance gain, achieved without increasing model462

depth, strongly validates that our framework real-463

izes robust knowledge retention while maintaining464

the inference efficiency of the native end-to-end465

model. This underscores the pivotal role of ex-466

plicit semantic modeling in driving model intelli-467

gence, offering valuable insights for future human-468

machine interaction systems. Second, Lychee-FD469

achieves the smallest modality gap among all na-470

tive CDM models (e.g., FLM-Audio and Moshi)471

and remains competitive with decoupled Thinker-472

Talker architectures, all without requiring intricate473

multi-stage training. This demonstrates that by474

physically decoupling semantic and acoustic mod-475

eling, Lychee-FD effectively resolves modality in-476

terference. Consequently, our approach allows the477

model to articulate high-fidelity acoustic responses478

without corrupting its underlying semantic logic,479

providing a streamlined solution to the efficiency-480

intelligence trade-off.481

4.4 Full-duplex Chatting482

Metrics. For the Full-duplex Chatting, we select483

three mainstream benchmarks: FDBench (Wang484

et al., 2025a), FullDuplexBench 1.0, and FullDu-485

plexBench 1.5 (Lin et al., 2025). We follow the486

recommended settings of these benchmarks for 487

evaluating both baselines and our method. Specifi- 488

cally, FDBench assesses turn-taking and interrup- 489

tion behaviors using Success-Replies Rate (SRR), 490

Success-Interrupts Rate (SIR), Early-Interrupts 491

Rate (EIR), and Success-Replies-to-Interrupts 492

Rate (NIR), alongside timing metrics such as 493

First-Speech-Emit-Delay (FSED) and Interrupt- 494

Response-Delay (IRD). FullDuplexBench 1.0 con- 495

sists of four subsets: interruption (I), assistant 496

backchannel (B), turn-taking (T), and user pause 497

(P). In addition to the take over rate (TOR) and 498

Interruption step delay (Stop.), we also report the 499

frequency of generated backchannels during user 500

speech (B-Freq). Finally, FullDuplexBench 1.5 501

utilizes GPT-4o-1124 to classify model responses 502

to user interruptions and backchannels into four 503

categories (Response, Resume, Uncertain, or Un- 504

known), reporting the Interruption-Response Rate 505

(IRR), Backchannel-Resume Rate (BRR), as well 506

as the interruption stop delay (Stop) and response 507

latency (Lat.). 508

Result. As presented in Table 2, Lychee-FD 509

achieves state-of-the-art performance across 10 510

of the 11 evaluated interaction metrics, demon- 511

strating superior capability in managing complex 512

conversational dynamics, including interruption, 513

backchanneling, dynamic turn-taking, and pause 514

handling. While VITA-1.5 exhibits a marginally 515

higher I-TOR on FullDuplexBench 1.0, its consis- 516

tently high B-TOR and P-TOR reveal a tendency 517

towards aggressive, indiscriminate speech rather 518

than intelligent turn-taking. In contrast, Lychee- 519

FD maintains a balanced interaction profile, ef- 520

fectively distinguishing between user pauses and 521

interruptions. Notably, on the challenging FullDu- 522

plexBench 1.5, our model delivers a substantial 523

28.5% average improvement over system-level 524

baselines (e.g., Freeze-Omni) that rely on external 525

VAD. This result not only proves that Lychee-FD 526

realizes truly natural, fluid, and immersive full- 527
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Figure 4: Comparison of speech synthesis quality mea-
sured by UTMOS. Lychee-FD (w/o Param-Sep) denotes
the variant without hierarchical parameter separation
strategy.

duplex interaction but also validates that LLMs528

can function as dialog managers. By learning in-529

teraction policies directly from data, our approach530

eliminates the need for handcrafted signal process-531

ing modules, offering compelling insights for the532

future of fully native end-to-end full-duplex archi-533

tectures.534

Latency. We evaluate inference efficiency535

through two categories: first response latency536

(FSED, Lat.) and interruption response latency537

(IRD, Stop.). Regarding first response latency,538

Lychee-FD achieves lowest latency across all539

benchmarks. Since our hierarchical parameter540

separation strategy introduces no additional541

model depth, we can leverage standard pipeline542

parallelism for speech up, demonstrating the543

efficiency of our architectures. For Interruption544

Response Latency, our model demonstrates an545

even greater advantage, achieving the lowest stop546

latency when meeting an interruption (e.g., 570ms547

Stop. on FullDuplexBench 1.5). It is worth noting548

that interruption latency is a function of both model549

processing speed and interaction accuracy—since550

a model must first correctly identify an interruption551

before it can stop generating. The superior552

performance confirms that our architecture incurs553

no computational overhead, and that its robust554

semantic awareness enables rapid, accurate555

reactions to user interventions.556

4.5 Speech Generation557

Metrics To investigate the quality of the gener-558

ated speech, we evaluate the content consistency559

and speech naturalness of the model on LlamaQ560

dataset. Specifically, we report the Word Error561

Rate (WER) between the generated text and the 562

transcribed speech to measure content consistency. 563

Additionally, we employ UTMOS (Saeki et al., 564

2022), a trained speech quality assessment model, 565

to score the naturalness of the generated audio. 566

Result High-fidelity speech synthesis serves as 567

the cornerstone of voice interaction, significantly 568

elevating the immersive quality of full-duplex con- 569

versations. As illustrated in Figure 4, Lychee- 570

FD achieves the highest UTMOS score of 4.50, 571

surpassing Freeze-omni, Moshi and even its half- 572

duplex backbone (i.e. Step-Audio-2). This result 573

empirically validates that our hierarchical parame- 574

ter separation strategy effectively prevents acoustic 575

modeling from semantic interference, thereby pre- 576

serving fine-grained prosodic details that are often 577

lost in shared architectures. When the parameter 578

separation is removed, we observe a significant de- 579

cline in speech quality. This finding corroborates 580

our hypothesis regarding modality conflict from 581

an acoustic perspective, demonstrating that forcing 582

the acoustic head to share deep layers with text 583

processing objectives inevitably degrades audio fi- 584

delity. Ultimately, by physically disentangling the 585

modeling pathways, Lychee-FD not only improves 586

generation accuracy but also synthesizes speech 587

with richer acoustic details, delivering a more natu- 588

ral and enjoyable conversational experience. 589

5 Conclusion 590

In this paper, we tackled the critical challenge of 591

modality interference in Full-Duplex Spoken Lan- 592

guage Models. Through a rigorous optimization 593

dynamics analysis, we identified gradient conflicts 594

in deep layers and semantic dilution from sparse 595

alignment as the primary obstacles hindering si- 596

multaneous listening and speaking. Inspired by the 597

observation, we introduced Lychee-FD, a native 598

end-to-end framework that disentangles conflicting 599

modalities via hierarchical parameter separation 600

and enforces knowledge retention through a se- 601

mantic alignment channel. Experimental results 602

demonstrate that Lychee-FD achieves state-of-the- 603

art performance in both knowledge accuracy and in- 604

teraction quality, effectively reconciling the conflict 605

between real-time interactivity and deep semantic 606

understanding. Our work reconciles language in- 607

telligence and speech intelligence within a unified 608

architecture, paving the way for the next generation 609

of natural, fluid, and immersive human-machine 610

interaction. 611
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Limitations612

Despite our discoveries and improvements, we613

must acknowledge certain limitations in our work:614

First, while Lychee-FD excels in standard Spo-615

ken QA tasks, its performance on complex reason-616

ing questions remains suboptimal. We attribute617

this limitation to the current data pipeline, which618

primarily consists of commonsense QA and daily619

talk. The scarcity of complex reasoning chains620

in the training corpus restricts the model’s ability621

to handle intricate logical deductions, indicating a622

need for more diverse and cognitively demanding623

training data.624

Second, although the model demonstrates a ro-625

bust ability to cease speech upon interruption, its626

subsequent response behavior exhibits occasional627

inconsistency. As illustrated in Appendix C, there628

are instances where the model fails to address the629

semantic content of the interruption. This suggests630

that while the acoustic reaction is fast, the seman-631

tic context switching requires further refinement to632

ensure better instruction following during dynamic633

turn-taking.634

Third, regarding architectural generalizability,635

our experimental validation is currently confined636

to the StepAudio-2 architecture. This constraint637

stems from the scarcity of publicly available half-638

duplex models. Consequently, the scalability of our639

framework across different model sizes and diverse640

architectures remains to be fully explored.641

These limitations highlight critical avenues for642

future research, including enriching the training643

corpus to enhance reasoning capabilities, refining644

the policy for interruption handling to ensure better645

context adherence, and validating our framework646

across broader model scales and architectures.647
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Figure 5: Layer Ablation

A Layer Ablation855

To explore the impact of the number of separated856

layers, we construct a layer ablation study on both857

model performance on LlamaQ and static infer-858

ence cost for speech, as illustrated in Figure 5. We859

observe that accuracy follows a steep upward tra-860

jectory in the initial stages, surging from 36.0 to861

65.4 as the depth increases to 4 layers. This in-862

dicates that a relatively shallow separation is suf-863

ficient to resolve the primary modality conflicts.864

However, beyond this point, the performance gain865

saturates, yielding diminishing returns, while the866

computational overhead continues to grow linearly.867

Consequently, we identify 4 layers as the optimal868

configuration. This choice represents the most fa-869

vorable trade-off, securing the vast majority of the870

performance gain while minimizing the additional871

parameter budget, thereby ensuring high inference872

efficiency.873

B Case Study874

To intuitively demonstrate the interaction quality875

of Lychee-FD, we present a real-world conversa-876

tion sample in Figure 6. In this scenario, the user877

asks for cooking instructions. As the model be-878

gins explaining the recipe, it first employs a natural879

backchannel (“Uh-huh”) to acknowledge the user’s880

start. Crucially, when the user interrupts with a881

specific clarification question regarding an ingredi-882

ent (“what exactly is guanciale?”), Lychee-FD ex-883

hibits two key capabilities: (1) When it detects the884

interruption, Lychee-FD halts its speech output al-885

most instantaneously, avoiding the awkward "talk-886

ing over" phenomenon common in half-duplex sys-887

tems. (2) Crucially, as the model explains the defi-888

nition of guanciale, the user interjects with a short889

backchannel (“I see”). Here, Lychee-FD demon-890

strates Precise Intent Understanding. Instead of891

misinterpreting this acoustic signal as a barge-in 892

command to stop generation, the model correctly 893

identifies it as a passive signal of agreement. Con- 894

sequently, the model seamlessly resumes its expla- 895

nation regarding substitutes without unnecessary 896

pauses or topic fragmentation. This interaction 897

confirms that our Lychee-FD effectively maintains 898

the model’s language capabilities even during rapid 899

turn-switching, enabling a fluid, seamless, and truly 900

natural conversational experience. 901

C Error Analysis 902

Despite the strong performance in standard interac- 903

tions, we observe certain limitations in instruction 904

generalization, particularly regarding high-level di- 905

rective changes. As shown in Figure 7, when the 906

user interrupts the model’s explanation of fruits 907

with a meta-instruction for topic shift, Lychee-FD 908

successfully halts its speech acoustically. However, 909

it fails to adhere to the semantic instruction of the 910

interruption. Instead of initiating a new topic, the 911

model exhibits conversation resuming, continuing 912

to elaborate on the benefits of fiber and antioxi- 913

dants. 914

This error suggests that while the model is highly 915

responsive to acoustic signals and specific queries, 916

its ability to generalize to abstract instructions 917

during full-duplex generation remains constrained. 918

The model tends to be over-conditioned on the 919

immediate previous context and lacks the proac- 920

tivity to autonomously steer the conversation into 921

a new direction without a more specific prompt. 922

Future work will focus on enhancing the model’s 923

instruction-following robustness in dynamic inter- 924

ruption scenarios. 925

D Data Synthesis Pipeline Details 926

To address the scarcity of full-duplex interaction 927

data, we developed an automated data synthesis 928

pipeline. This pipeline orchestrates interactions be- 929

tween a User Agent and an Assistant Agent, man- 930

aged by a Conversation Conductor. The process 931

explicitly models complex conversational behav- 932

iors including interruptions and backchannels. 933

D.1 Agent Architecture 934

• User Agent is initialized with a specific Per- 935

sona (randomly sampled from a pool of di- 936

verse profiles) and a Speaking Style (sampled 937

from 19 distinct styles such as Concise and 938

logical, Impatient, Humorous and witty). The 939
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I've been wanting to make a real 
Carbonara at home. Could you walk 
me through the steps?

Hang on, sorry to interrupt, 
but what exactly is guanciale? 
I've never heard of that. I see

Absolutely. So, the trick is that 
authentic Carbonara doesn't use 
cream. You start by rendering 
down some guanciale until it's 
crispy, and in a separate bowl...

Oh, no worries. Guanciale is actually cured 
pork jowl. It has a really rich, fatty flavor. If 
you can't find it, you can substitute it with 
pancetta or even thick-cut bacon.

Uh-huh

Query Interruption
Backchannel

Backchannel

Query Response
Interruption Response

resume talkingstop talking

interruption

Figure 6: A case study demonstrating Lychee-FD’s capability in handling complex turn-taking dynamics. The model
successfully generates backchannels, halts immediately upon interruption, and provides a contextually accurate
response to the user’s specific query.

What are the 
benefits of eating 
more fruits?

Can we talk about 
something else?

Well, eating more 
fruit has a lot of 
bananas. Fruits 
are full of ...

Uh-huh. They also have fiber which helps with digestion, and 
they can keep you feeling full for a while. So, some fruits have 
antioxidants that can protect your body from damagings. So, it's 
really good for your overall health. 

Query Interruption

Query Response Interruption Response

stop talking

interruption

Figure 7: An error analysis illustrating a limitation in instruction generalization. While the model correctly halts
speech upon interruption, it fails to follow the user’s high-level instruction to “talk about something else,” exhibiting
semantic inertia by continuing the previous topic.

agent is instructed to act authentically rather940

than helpfully.941

• Assistant Agent generates responses based on942

the conversation history to simulate a realistic943

AI assistant.944

• Reviewer Agent evaluates dialogue turns 945

based on persona adherence, event execution 946

quality, and logical flow. 947
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D.2 Interaction Behavior Modeling948

Interruption Generation. We implemented a949

two-stage mechanism to generate naturalistic in-950

terruptions. Random interruptions are scheduled951

between turn 2 and 4.952

1. Planning Phase: The User Agent analyzes953

the Assistant’s current response context to de-954

termine a valid Interruption Motivation (Cor-955

rection, Deeper Inquiry, Topic Shift, Strong956

Emotional Reaction, or Impatience). It then957

inserts a placeholder tag <interruption/> at958

the precise logical point within the Assistant’s959

text.960

2. Execution Phase: Conditioned on the chosen961

motivation and the context prior to the inter-962

ruption point, the User Agent generates the963

specific interruption utterance.964

Backchannel Injection. Backchannels are in-965

jected probabilistically (p = 0.5) during post-966

processing.967

• User Backchannels: The User Agent re-968

views the Assistant’s response to insert feed-969

back signals (uh-huh, gotcha) wrapped in970

<user_backchannel> tags.971

• AI Backchannels: Similarly, the system gen-972

erates backchannels for the User’s speech to973

simulate active listening by the Assistant.974

D.3 Quality Control975

We employ a rigorous filtering process. A Re-976

viewer Agent scores the final dialogue on a scale of977

1-5 across three dimensions: Persona Consistency,978

Quality of Interruption Event, and Naturalness of979

Backchannels. Dialogues with low logical consis-980

tency or failed event executions are discarded.981

D.4 Prompt Templates982

We provide the core system prompts used in our983

pipeline below.984

Prompt 1: User Role-Play Instruction

System Instruction: You are a person in a real-time
voice conversation. In the conversation history, your
lines are marked with "speaker": "You". You are talking
to the person marked "speaker": "Other".
You are NOT an AI assistant. Your task is to speak
naturally based on your persona. React authentically,
don’t try to be helpful.
Persona Details:
- Persona: {persona}
- Communication Style: {style}
Conversation Rules: - Speak, don’t write: Use filler
words (e.g., "um", "uh", "like"), hesitations, and natural
phrasing. - Stay in character: Let your persona guide
your responses.
Task: Now, it’s your turn. Generate your next response
as "You".

985

Prompt 2: Interruption Planning (Moti-
vation & Placement)

Context: The assistant is currently saying: “{context}”
Task: Plan and Place the Interruption Your goal is
to find the perfect moment to interrupt, driven by your
persona.
Action 1: Plan the Interruption’s Motivation. First,
think about why your persona would interrupt here.
Choose a motivation that fits your character:

• Correction: The assistant’s response contains a
point that may not be entirely accurate, and you
want to clarify or refine it.

• Deeper Inquiry: You need to ask for clarification
on a key point before they move on.

• Topic Shift: What they said reminds you of some-
thing else, and you want to change the subject.

• Strong Emotional Reaction: You are surprised,
excited, or disagree strongly and can’t hold it in.

• Impatience: You want to cut to the chase or stop
a lengthy explanation.

Action 2: Place the Interruption Marker. Based on
your chosen motivation, find the most natural point in
the assistant’s speech to jump in. Insert ONLY the
empty tag pair <interruption></interruption> at
that precise spot.

986

Prompt 3: Interruption Utterance Gen-
eration

Context: You just decided to interrupt the assistant
while they were saying: “{context}” Your motivation
for interrupting is: {motivation}
Task: Deliver the Interruption Now, say the words
you would use to interrupt. Your utterance must sound
spontaneous and directly reflect your motivation.
[Detailed examples for motivations provided to the
model: Correction, Deeper Inquiry, Topic Shift, Strong
Emotional Reaction, Impatience]
Output: Generate ONLY the interrupting phrase itself.

987
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Prompt 4: User Backchannel Genera-
tion

Task: As the assistant is speaking, you want to show
you’re listening. The assistant’s last utterance was:
“{context}”.

• Action 1: Think of a short, spoken backchannel
phrase (e.g., "uh-huh", "gotcha", "right", "mhm").

• Action 2: Find the most natural point in the assis-
tant’s speech to insert this backchannel, wrapped
in <user_backchannel> tags.

988

Prompt 5: Final Dialogue Quality Re-
view

Role: You are a meticulous evaluator of simulated spo-
ken dialogues.
Scoring Criteria:

1. Persona Consistency & Depth (1-5): Does the
user’s speech effectively embody the assigned
persona ({persona}) and style ({style})?

2. Quality of Interruption Event (1-5): Is the in-
terruption timed perfectly and motivated by the
persona? Does it feel natural or forced?

3. Naturalness of Backchannels (1-5): Are
backchannels subtle and placed to improve flow,
or are they distracting/robotic?

Output: Provide scores and a detailed justification
explaining your reasoning.

989
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