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Abstract001

Recent advancements in Large Language Mod-002
els (LLMs) have revolutionized text compre-003
hension, yet bridging the gap to speech-native004
understanding remains a challenge due to the005
loss of paralinguistic features in cascaded sys-006
tems and the high computational costs of007
end-to-end vocabulary expansion. To address008
these limitations, we propose openLISTEN,009
a resource-efficient Large Speech-Language010
Model (LSLM) trained entirely on consumer-011
grade GPUs. openLISTEN integrates Gated012
Cross-Attention (GCA) with Open-Domain013
Cross-Modal Instruction Tuning to learn robust014
audio–text alignment from only 500+ hours of015
paired data. Extensive evaluations on URO-016
Bench demonstrate that openLISTEN achieves017
competitive performance against state-of-the-018
art (SOTA) baselines with significantly fewer019
parameters, while controlled ablations under020
resource-efficient training consistently favor021
GCA over alternative fusion designs. Fur-022
thermore, empirical results on freestyle in-023
struction compliance benchmarks indicate that024
our approach effectively mitigates the rigid025
response patterns and modality bias typically026
exacerbated by limited training data, thereby027
significantly enhancing instruction adherence028
and generalization in freestyle scenarios. The029
code will be available at https://anonymous.030
4open.science/r/openLISTEN-8D11031

1 Introduction032

Recent advancements in Large Language Models033

(LLMs) (Liu et al., 2024; OpenAI, 2023) have rev-034

olutionized text comprehension. However, real-035

world communication is inherently multimodal, re-036

lying heavily on speech rich in prosody and emo-037

tion. To bridge this gap, researchers are advancing038

Large Speech-Language Models (LSLMs). Early039

efforts adopted a cascaded paradigm (Huang et al.,040

2024; Liu et al., 2025), utilizing LLMs as con-041

trollers for Automatic Speech Recognition (ASR)042

and Text-to-Speech (TTS) tools. While effective, 043

this modular design converts speech to interme- 044

diate text, stripping away essential paralinguistic 045

features and degrading interaction naturalness. 046

To overcome the limitations, recent work has 047

shifted toward end-to-end paradigms using neural 048

audio codecs (Zeghidour et al., 2022; Du et al., 049

2024a; Ji et al., 2025) to discretize speech into 050

tokens, expanding LLM vocabularies to jointly 051

model speech and text (Zhang et al., 2023; Ruben- 052

stein et al., 2023). However, this typically neces- 053

sitates full LLM retraining and introduces signif- 054

icant challenges, including modality distribution 055

mismatches, codebook inefficiencies, and the high 056

computational cost of vocabulary expansion. These 057

constraints hinder deployment in resource-limited 058

settings. Alternatively, the direct projection meth- 059

ods like (Tang et al., 2024; Zeng et al., 2024; Chu 060

et al., 2023, 2024) employ a lightweight speech 061

adapter. By aligning speech features with a frozen 062

LLM’s text embedding space, they circumvent vo- 063

cabulary expansion, preserving multimodal capa- 064

bilities while mitigating computational overhead. 065

Despite its advantages, this direct projection 066

method presents substantial challenges in achieving 067

effective cross-modal alignment. Fundamentally, 068

the representation gap between continuous speech 069

and discrete text, compounded by statistical dis- 070

tribution mismatches, hinders convergence. Most 071

critically, the speech adapter must simultaneously 072

perform two demanding tasks: modeling semantic 073

content while decoupling acoustic features – a dual 074

objective that substantially increases training com- 075

plexity. Current solutions rely heavily on massive- 076

scale, diverse multimodal datasets to improve align- 077

ment. For example, recent approaches rely on ex- 078

tensive scaling, often employing upwards of 500K 079

or even 1,000K hours of pretraining data. How- 080

ever, as noted in (Yang et al., 2025), with limited 081

training data and few cross-modal tasks, modal- 082

ity alignment remains suboptimal. This leads to a 083
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Figure 1: Schematic diagram of the two mapping paradigms: (a) The Direct Projection Method aligns the speech
embeddings with the text embedding space through a speech adapter. (b) The Vocabulary Expansion Method
expands the speech codebook into the original vocabulary space of the LLM using a speech tokenizer;

critical limitation: models develop rigid response084

patterns biased toward dominant modalities, often085

failing to properly respond to user instructions or086

remaining silent. Such behavior severely under-087

mines the generalization and flexibility of LSLMs088

in freestyle instruction compliance scenarios.089

To address these limitations, we propose open-090

LISTEN, an LSLM designed for the seamless inte-091

gration of speech and text processing. For speech-092

text pair inputs, openLISTEN employs Gated093

Cross-Attention (GCA) mechanisms, which signif-094

icantly enhance speech-text representation align-095

ment through the use of self-attention and gated se-096

lection mechanisms. Combined with open-domain097

instruction tuning, this architecture achieves robust098

cross-modal alignment and generalization capabili-099

ties using only over 500 hours text-audio pairs. No-100

tably, compared to existing methods, openLISTEN101

requires only a few hundred hours of speech-text102

pairs for training, and can be trained on just four103

GeForce RTX 4090D GPUs, while maintaining104

excellent modal alignment and achieving efficient105

freestyle instruction compliance capabilities.106

Our contributions are as follows:107

• We propose openLISTEN, a resource-efficient108

LSLM that enables training entirely on109

consumer-grade GPUs, significantly lowering110

the barrier for LSLMs research.111

• We introduce a GCA mechanism combined112

with an open-domain instruction tuning strat-113

egy, effectively addressing the instruction114

compliance issue in multimodal interaction.115

• On URO-Bench (Yan et al., 2025) and116

freestyle instruction compliance benchmarks,117

openLISTEN achieves strong results, with118

controlled studies showing consistent gains119

from GCA over alternative fusion designs. 120

2 Related work 121

According to (Yang et al., 2025), implementation 122

generally falls into two categories: direct projec- 123

tion and vocabulary expansion methods. The direct 124

projection method (see Fig. 1 (a)) uses a trainable 125

speech adapter to map continuous speech represen- 126

tations into the LLM’s text space, preserving lin- 127

guistic capabilities via minimal updates. LLaMA- 128

Omni (Fang et al., 2025), SLAM-Omni (Chen et al., 129

2025), and Mini-Omni (Xie and Wu, 2024a,b) em- 130

ploy frozen Whisper encoders with LoRA (Hu 131

et al., 2022). SALMONN (Tang et al., 2024) uti- 132

lizes a dual-encoder system (Whisper and BEATs) 133

fused via a Q-Former (Li et al., 2023b). Conversely, 134

Qwen-Audio (Chu et al., 2023, 2024) co-optimizes 135

the encoder and speech adapter, while Freeze-Omni 136

(Wang et al., 2025a) uses a flow-based encoder 137

pretrained on ASR data with trainable prompt em- 138

beddings. Xue et al. (Xue et al., 2025) focus on 139

the performance of LSLMs on non-core languages. 140

Despite parameter efficiency, these methods often 141

suffer from poor modality alignment, causing er- 142

rors in cross-modal instruction interpretation. 143

The vocabulary expansion method (see Fig. 1 144

(b)) incorporates discretized audio codebooks di- 145

rectly into the LLM vocabulary. SpeechGPT em- 146

ploys HuBERT (Hsu et al., 2021) with k-means 147

discretization. Recognizing that discretization strat- 148

egy is critical to performance, AudioPaLM sys- 149

tematically evaluated frameworks like w2v-BERT 150

(Chung et al., 2021) and USM (Resler et al., 2017). 151

However, these approaches require extensive cross- 152

modal alignment datasets and full-parameter fine- 153

tuning, increasing training complexity and restrict- 154

ing academic adoption. 155
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Figure 2: (a) The overall structure of the openLISTEN. Speech and text embeddings are fused via the GCA
mechanism and then fed into the LLM. (b) GCA Mechanism Structure. Incorporating Multi-Head Cross-Attention
and a Gating Network, this module dynamically integrates cross-modal features through a gated residual connection.

3 openLISTEN156

This section outlines the architecture of openLIS-157

TEN, followed by details on the GCA mechanism,158

model training and optimization strategies.159

3.1 Overview160

The overall architecture of openLISTEN is illus-161

trated in Fig. 2(a). For multimodal alignment, we162

extract and compress speech embeddings using a163

frozen Whisper encoder, which was trained for164

speech recognition and translation but retains rich165

speech information capable of waveform recon-166

struction (Gong et al., 2022; Chu et al., 2023).167

These embeddings are then compressed and aligned168

via a speech adapter consisting of two fully con-169

nected layers. For text processing, we tokenize in-170

put text using the Llama-3.2-3B-Instruct tokenizer171

and fuse the resulting discrete tokens with the172

speech embeddings through our proposed GCA173

module (Fig. 2(b)). This alignment produces a uni-174

fied representation, which serves as the final input175

to the LLM.176

3.2 Multimodal Alignment Through Gated177

Cross-Attention Mechanisms178

For speech input, a Whisper encoder is employed179

to extract audio features from the user’s speech180

at a frame rate of 50 Hz as A = [a1, a2, · · · , aN ]. 181

The Whisper encoder automatically pads the input 182

audio to a 30-second duration, leading to speech 183

embeddings that are overly long and contain a sig- 184

nificant amount of redundant information. This 185

increases the computational load. To alleviate this, 186

the extracted speech embeddings are downsampled 187

along the temporal dimension to produce inter- 188

mediate representations: AI =
[
aI1, a

I
2, . . . , a

I
N ′
]
. 189

These intermediate representations AI are then 190

projected via a linear projector to AP to ensure 191

alignment with the text embedding dimensions 192

of the LLM. Formally, this is defined as AP = 193

Linear
(
AI

)
. Simultaneously, the instruction text 194

is processed by a tokenizer and an embedding layer 195

to obtain text embeddings T I ∈ RM×d, where M 196

denotes the sequence length of the instruction. 197

After processing through the speech adapter, sim- 198

ple concatenation of speech and text embeddings 199

often leads to suboptimal alignment, where the 200

LLM may overlook specific instructions due to the 201

dominance of long acoustic sequences. To address 202

this, openLISTEN introduces a modality alignment 203

module (see Fig. 2 (b)) that integrates fine-grained 204

alignment with global semantic context. 205

To inject textual semantics into the acoustic time- 206

line while ensuring effective gradient flow, we 207

employ a multi-head cross-attention mechanism 208
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with residual connections and layer normalization.209

Specifically, the speech embeddings AP serve as210

queries (Q), while the text embeddings T I serve211

as both keys (K) and values (V ). This process is212

defined as:213

Attn = MultiHead(AP , T I , T I), (1)214
215

Across = LayerNorm(Attn+AP ), (2)216

where Across ∈ RN ′×d represents the acoustic fea-217

tures enriched with local textual information.218

While cross-attention captures local token-level219

dependencies, critical instruction semantics can be220

diluted over long audio sequences. To address this,221

we introduce a gating mechanism to incorporate222

global textual context. First, we compute a global223

text context vector vctx by mean-pooling across the224

text embedding sequence:225

vctx =
1

M

M∑
j=1

T I
j ∈ R1×d. (3)226

To align with the temporal dimension of the acous-227

tic features, vctx is broadcasted N ′ times along the228

temporal axis to form the context matrix Tctx ∈229

RN ′×d. Subsequently, a learnable linear layer fol-230

lowed by a Sigmoid activation computes the gate231

coefficient:232

gate = σ (Linear([Across;Tctx])) , (4)233

where [; ] denotes concatenation along the feature234

dimension and σ is the Sigmoid function. The235

gate dynamically determines, for each time step236

and feature dimension, whether the model should237

rely more on the fine-grained cross-modal features238

or the global textual instruction. The final fused239

representation Afused is computed as:240

Afused = gate⊙Across + (1− gate)⊙ Tctx, (5)241

where ⊙ denotes element-wise multiplication242

(Hadamard product). This mechanism ensures243

that the model preserves the temporal structure of244

speech while remaining consistently guided by the245

global textual intent.246

The modeling loss is defined using the cross-247

entropy loss. Specifically, the LLM autoregres-248

sively predicts the target text sequence of length L249

conditioned on the fused multimodal inputs. The250

loss function (Mao et al., 2023) is defined as:251

LLLM = −
L∑
i=1

logP
(
yTi | P(S), yT<i

)
, (6)252

P(S) = Concat([T I , Afused]), (7) 253

where yT<i denotes the previously generated tar- 254

get tokens, P(S) denotes the fused multimodal in- 255

put sequence provided to the LLM as conditioning 256

context, and Concat(·) concatenates embeddings 257

along the sequence dimension to form the final 258

input sequence of the LLM. 259

3.3 Open-Domain Cross-Modal Instruction 260

Tuning 261

openLISTEN employs an Open-Domain Cross- 262

Modal Instruction Tuning (OCIT) strategy de- 263

signed to mitigate the modality dominance prob- 264

lem—where models tend to over-prioritize acous- 265

tic features while neglecting textual prompts. To 266

address this, we propose the “One-Speech-Multi- 267

Instruction” data construction strategy to curate a 268

high-quality, diverse, and conflict-aware dataset. 269

Diverse Synthesis and Quality Control. We be- 270

gin by collecting a large-scale textual Question- 271

Answering (QA) corpus (Taori et al., 2023; Xu 272

et al., 2024; Wang et al., 2023). To convert this 273

text into speech, we leverage an ensemble of SOTA 274

zero-shot TTS models (Wang et al., 2025b; Du et al., 275

2024b; Ju et al., 2024). This multi-model approach 276

prevents the model from overfitting to the acous- 277

tic artifacts of a single synthesizer. To maximize 278

ecological validity, we utilize a reference library of 279

authentic human speech collected from real-world 280

scenarios as acoustic prompts. This ensures the 281

generated dataset covers a broad spectrum of real- 282

istic speaker identities and timbres. Post-synthesis, 283

we apply a strict filtering protocol: samples with 284

high Word Error Rates are discarded to guarantee 285

semantic intelligibility. 286

One-Speech-Multi-Instruction Strategy. To 287

dismantle the spurious correlation between acoustic 288

distributions and task types, we construct multiple 289

instruction-response pairs for a single speech seg- 290

ment, covering distinct tasks: (1) Speech QA; (2) 291

Speech Transcription; and (3) Summarization. To 292

further prevent overfitting to specific prompt tem- 293

plates, we utilize an LLM for instruction augmenta- 294

tion, rewriting textual instructions into synonymous 295

sentences with varying lengths and syntactic struc- 296

tures. This comprehensive data pipeline ensures 297

that the Gated Cross-Attention mechanism learns 298

to dynamically modulate acoustic features based 299
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on specific textual intents, rather than relying on300

memorized acoustic patterns.301

4 Experiments and Results302

This section introduces the evaluation tasks, exper-303

imental results and analysis, and illustrative use304

cases. Details of the training configuration are pro-305

vided in Appendix B.306

4.1 Evaluation Tasks307

We structure the evaluation into two distinct308

streams to comprehensively validate openLIS-309

TEN’s performance. All experiments primarily310

use English test sets, except for the Multilingual311

subset in the Pro track, focusing on benchmarking312

holistic proficiency via standardized frameworks313

and verifying the GCA mechanism’s robustness314

through targeted adversarial scenarios.315

To rigorously control confounding factors and316

isolate the contribution of the fusion design, in317

addition to comparisons with mainstream SOTA318

LSLMs, we construct a suite of controlled base-319

lines and conduct experiments on two evaluation320

benchmarks. Specifically, we compare five vari-321

ants: (i) the full model with GCA enabled, (ii)322

a GCA with the gating network removed, (iii) a323

model that removes GCA entirely, (iv) a FiLM-324

based fusion baseline (Perez et al., 2018), and (v) a325

Q-Former based fusion baseline (Li et al., 2023a).326

Across all variants, we keep the backbone architec-327

ture, training data, and optimization protocol fixed,328

and vary only the fusion module to ensure a fair329

comparison. For variants (iv) and (v), we follow330

the official open-source implementations of FiLM331

and Q-Former, respectively, and use the default332

setting of 32 query tokens for Q-Former. Imple-333

mentation details for each variant are provided in334

our open-source codebase.335

4.1.1 Fixed Instruction Compliance336

To benchmark openLISTEN against leading SOTA337

LSLMs across a holistic spectrum of capabilities,338

we employ the URO-Bench framework (Yan et al.,339

2025). Table 5 (see Appendix C) summarizes statis-340

tics for the Basic and Pro tracks.341

4.1.2 Freestyle Instruction Compliance342

Existing benchmarks overlook LSLMs behavior343

under multimodal conflict. To validate openLIS-344

TEN’s suppression of modality bias via GCA, we345

introduce a two-part evaluation: Adversarial Ro-346

bustness Evaluation and Complex Constraint Eval- 347

uation. 348

Adversarial Robustness Evaluation. To quan- 349

tify the model’s anti-interference capability when 350

the intrinsic semantic intent of the speech modal- 351

ity (e.g., spoken questions or instructions) conflicts 352

with the explicit constraints of the text modality, 353

we constructed an Adversarial Cross-Modal Eval- 354

uation Set containing approximately 330 samples. 355

Within this set, we synthesized semantic adversar- 356

ial conditions across three representative scenarios: 357

Style Conflict: The speech input carries strong 358

acoustic emotional features, while the text instruc- 359

tion, enhanced by an LLM, explicitly demands a re- 360

sponse in a conflicting style. This tests the model’s 361

ability to shield against acoustic interference. 362

Task Conflict: The speech input consists of 363

an emotional question that typically triggers a 364

Question-Answering mode, the text instruction 365

mandates verbatim transcription, compelling the 366

model to suppress its generative tendencies. 367

Language Conflict: The speech requests a re- 368

sponse in a foreign language, while the text instruc- 369

tion restricts the output to a fixed language. This 370

scenario tests the model’s adherence to text-defined 371

boundaries amidst conflicting language modalities. 372

We define three metrics to quantify conflict- 373

scenario performance. The Text Instruction Fol- 374

lowed Rate (TIFR) measures the model’s capacity 375

to suppress acoustic interference and strictly adhere 376

to text instructions. The Text Correct Response 377

Rate (TCR) evaluates the accuracy of responses 378

conditional on successful text adherence. Finally, 379

the Non-Compliance Rate (NFR) aggregates all 380

failure modes, including following speech intent 381

and hallucinations. All metrics are derived from 382

statistical analysis of GPT-5 evaluations. 383

Complex Constraint Evaluation. To further 384

evaluate the model’s capability to execute complex 385

instructions and adhere to strict formatting require- 386

ments in non-adversarial scenarios, we extended 387

the evaluation to three scenarios: 388

Direct Speech Translation: We selected 200 En- 389

glish speech samples from the LibriTTS test set 390

and instructed the model to generate German trans- 391

lations, evaluated using the sacreBLEU metric to 392

assess cross-lingual capabilities. 393

Contextual Story Continuation: Using 118 com- 394

plete audio story clips, we evaluated the model’s 395

ability to generate contextually consistent contin- 396

uations. GPT-5 scored the outputs on a scale of 1 397
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Model Scale
Understanding-Basic Understanding-Pro

Overall↑
Repeat↑ Summary↑

Gaokao
Eval↑

Under
Emotion↑

Code
Switching↑

Clotho
Eval↑ Safety↑

openLISTEN 3B 49.14 74.35 21.12 42.23 36.57 12.97 40.56 39.56
LLaMA-Omni 8B 45.62 80.68 16.06 36.35 25.52 22.52 43.89 38.66
Freeze-Omni 7B 70.89 78.87 26.29 48.27 37.90 1.51 58.06 45.97
Mini-Omni 0.5B 5.07 32.20 30 29.06 20.38 0.00 58.89 20.80
SLAM-Omni 0.5B 12.26 66.21 1.32 45.84 21.14 10.94 48.33 29.43

Ablation Study

w/o GCA 3B 10.73 66.05 18.15 29.30 32.09 16.98 20.70 27.71
w/o Gate 3B 0.00 20.00 0.00 20.00 20.00 0.00 39.67 14.24
w/ FiLM 3B 0.00 20.28 0.00 22.92 20.00 0.00 25.56 12.68
w/ Q-Former 3B 0.00 20.16 0.00 20.15 20.00 0.00 22.77 11.87

Table 1: Evaluation scores for basic and pro track English tests in speech understanding tasks.

to 5 across three dimensions: narrative coherence,398

linguistic fluency, and creative content quality.399

Forced instruction following: To test strict adher-400

ence to predefined output templates, we curated a401

dataset of 66 speech samples covering five emo-402

tions. The model was required to identify the emo-403

tion and provide a rational explanation following404

a rigid format. GPT-5 evaluated the outputs on a405

scale of 1 to 5 based on instruction compliance,406

explanation coherence, and formatting accuracy.407

4.2 Results and Analysis of Fixed Instruction408

Compliance409

We compare openLISTEN with representative410

SOTA LSLMs on URO-Bench. As shown in Ta-411

ble 1, openLISTEN achieves competitive perfor-412

mance in the Understanding dimension with an413

overall score of 39.56, ranking second among all414

baselines. Despite utilizing a smaller 3B back-415

bone, it outperforms the 8B LLaMA-Omni, par-416

ticularly in instruction-sensitive sub-tasks such as417

Repeat and Code Switching. This indicates that418

the proposed alignment mechanism effectively pre-419

serves the instruction-following capabilities of the420

LLM even under acoustic conditioning, whereas421

larger models may struggle to balance acoustic con-422

straints with textual instructions. In the Reasoning423

dimension, openLISTEN demonstrates a signifi-424

cant advantage, attaining the highest overall score425

of 43.24 as detailed in Table 2. The model sig-426

nificantly outperforming other comparative base-427

lines, and maintains a leading position in com-428

plex reasoning tasks. This performance gap sug-429

gests that our fusion strategy better mitigates the430

degradation of logical reasoning often observed in431

projection-based multimodal models, allowing the432

model to perform structured multi-step inference433

reliably even when processing speech inputs. In the 434

Oral Conversation dimension, reported in Table 3, 435

openLISTEN secures the top rank with an overall 436

score of 60.27. While maintaining competitive per- 437

formance on general chat benchmarks, the model 438

demonstrates distinct advantages in style control- 439

lability and multilingual robustness. These results 440

highlight that openLISTEN delivers top-tier con- 441

versational quality and maintains stable behavior 442

under open-ended and style-conditioned interac- 443

tions. 444

4.2.1 Ablation Study 445

To validate the effectiveness of the proposed archi- 446

tecture, we conducted controlled ablation studies 447

analyzing the contributions of the GCA module 448

and gating mechanisms. The results are presented 449

in the bottom sections of Table 1, Table 2, and Ta- 450

ble 3. The removal of the GCA module (w/o GCA) 451

results in a consistent performance drop across all 452

dimensions. For instance, the overall reasoning 453

score decreases from 43.24 to 36.16. This decline 454

confirms that naïve fusion is insufficient for high- 455

fidelity speech modeling and that the granular cross- 456

attention provided by GCA is necessary for cap- 457

turing fine-grained acoustic details. However, the 458

model retains basic interactive functionality, sug- 459

gesting that the backbone architecture remains fun- 460

damentally sound even without this specific mod- 461

ule. In sharp contrast, the variants without dynamic 462

gating (w/o Gate) or those using static adapters 463

like w/ FiLM and w/ Q-Former suffer catastrophic 464

failure. Across open-ended tasks in the Under- 465

standing and Conversation dimensions, the scores 466

for these baselines cluster around ∼20. This spe- 467

cific value reflects the URO-Bench normalization 468

lower bound for rubric-based grading, indicating 469
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Model Scale
Reasoning-Basic Reasoning-Pro

Overall↑
Storal
Eval↑

Truthful
Eval↑

Gsm8k
Eval↑ MLC↑ MLCpro↑

MtBench
Eval↑

Speaker
Aware↑

openLISTEN 3B 54.01 49.83 4.64 52.03 55.67 50.39 36.12 43.24
LLaMA-Omni 8B 50.65 45.13 3.89 44.44 47.62 – – 27.39
Freeze-Omni 7B 57.74 46.95 2.81 42.56 5.49 – – 22.22
Mini-Omni 0.5B 23.02 25.06 0.00 2.82 0.00 – – 7.27
SLAM-Omni 0.5B 36.95 34.65 0.00 21.85 10.26 32.88 8.42 20.72

Ablation Study

w/o GCA 3B 34.73 44.04 0.34 40.49 48.72 46.49 38.30 36.16
w/o Gate 3B 20.10 20.05 0.00 0.00 0.00 20.00 20.00 11.45
w/ FiLM 3B 20.03 20.23 0.00 0.00 0.00 20.18 20.24 11.53
w/ Q-Former 3B 22.13 20.05 0.00 0.00 0.00 20.00 20.00 11.74

Table 2: Evaluation scores for basic and pro track English tests in speech reasoning tasks. “-” entries arise because
the official implementation is configured for multi-turn dialogue, and the corresponding evaluation outputs are
unavailable, resulting in missing values.

Model Scale
Oral Conversation-Basic Oral Conversation-Pro

Overall↑
AlpacaEval↑ CommonEval↑WildchatEval↑ GenStyle↑ Multilingual↑

openLISTEN 3B 67.74 58.37 69.28 83.94 22.04 60.27
LLaMA-Omni 8B 64.36 58.40 72.19 83.03 21.10 59.82
Freeze-Omni 7B 52.23 48.70 55.80 66.36 20.42 48.70
Mini-Omni 0.5B 30.99 29.80 31.42 40.30 20.83 30.67
SLAM-Omni 0.5B 48.98 41.03 52.61 64.24 20.54 45.48

Ablation Study

w/o GCA 3B 67.54 58.16 62.86 72.27 21.18 56.40
w/o Gate 3B 20.10 20.13 20.06 20.00 20.00 20.06
w/ FiLM 3B 20.00 20.97 20.25 20.15 20.00 20.27
w/ Q-Former 3B 20.10 20.23 20.36 20.15 20.00 20.17

Table 3: Evaluation scores for basic and pro track tests in oral conversation tasks.

that these models revert to generic, template-like re-470

fusals or irrelevant responses rather than generating471

valid answers. Similarly, in closed-form Reasoning472

tasks, scores drop to near zero. These results col-473

lectively validate that static or un-gated injection of474

acoustic features tends to overwhelm the semantic475

space of the language model. The dynamic regula-476

tion provided by our gating mechanism is therefore477

critical for balancing acoustic evidence with tex-478

tual constraints, ensuring that the LLM can process479

speech without losing its reasoning and generation480

capabilities.481

4.3 Results and Analysis of Freestyle482

Instruction Compliance483

URO-Bench primarily evaluates multimodal input484

capabilities under fixed instruction settings, with485

an emphasis on the speech modality, but it does486

not cover freestyle multimodal input scenarios. To487

fill this gap, we introduce the freestyle instruction488

compliance tasks that jointly use text prompts and489

speech input. Since many existing LSLM archi- 490

tectures do not support freestyle instruction input, 491

we conduct this set of experiments only on open- 492

LISTEN and its controlled variants to ensure a fair 493

comparison. 494

Adversarial Robustness Evaluation. Table 4 495

shows that openLISTEN substantially strengthens 496

correct conditional execution. It improves TCR 497

from 26.35% to 53.45%, while also raising TIFR 498

from 48.77% to 57.41% and reducing NFR from 499

51.23% to 42.59%. Importantly, the gap between 500

TIFR and TCR is highly diagnostic: w/o GCA vari- 501

ant exhibits a large discrepancy, indicating that it 502

often produces outputs that appear instruction com- 503

pliance yet fail to resolve the conflict correctly. In 504

contrast, openLISTEN keeps TCR close to TIFR, 505

suggesting that the followed instructions are not 506

merely superficial but are executed in a task-correct 507

manner. Removing the gating network, as well as 508

replacing GCA with FiLM or Q-Former, yields 509

the same failure mode: TCR collapses to 0 while 510

7



Adversarial Robustness Evaluation Complex Constraint Evaluation

Models TCR↑ TIFR↑ NFR↓ BLEU↑ Story↑ Format↑

openLISTEN 53.45 % 57.41 % 42.59 % 10.97 3.32 4.16
w/o GCA 26.35 % 48.77 % 51.23 % 2.24 3.27 2.82
w/o Gate 0 35.19 % 64.81 % 0.19 1.49 1.12
w/ FiLM 0 28.70 % 71.30 % 0.70 2.30 1.37
w/ Q-Former 0 17.59 % 82.41 % 0.13 2.24 1.00

Table 4: Performance on freestyle instruction Compliance across fusion variants.

NFR increases substantially. This pattern indicates511

that, without a learned mechanism to dynamically512

regulate fusion, the model cannot reliably main-513

tain textual constraint dominance under adversarial514

acoustic interference.515

Complex Constraints Evaluation. The complex516

constraints results further clarify what GCA im-517

proves. The w/o GCA variant preserves story plau-518

sibility, with a Story score of 3.27, but fails on519

hard constraints, with BLEU 2.24 and Format 2.82.520

openLISTEN sharply increases BLEU to 10.97 and521

Format to 4.16, while maintaining story coherence522

at 3.32. This pattern indicates that GCA primar-523

ily enhances controllable execution under coupled524

constraints, rather than simply improving fluency.525

Removing the gate yields near-total degradation526

across all constraint-sensitive metrics, with BLEU527

0.19, Story 1.49, and Format 1.12, consistent with528

unstable fusion that disrupts both content fidelity529

and structural adherence. All alternative fusion de-530

signs perform poorly on the Complex Constraints531

Evaluation and frequently fail to complete the task532

as specified, indicating that they do not provide533

sufficient controllability under coupled constraints.534

In summary, robust freestyle instruction compli-535

ance hinges on two factors: token-level alignment536

that binds speech evidence to textual constraints,537

and a learned control signal that regulates acoustic538

injection into the language stream. Our computa-539

tional efficiency analysis shows that GCA achieves540

substantial gains with minimal overhead (182MB541

parameters, about 6% of the 3B backbone, and542

6.9G FLOPs); see Appendix E for details. Fig. 3 vi-543

sualizes the input representations to openLISTEN.544

The results demonstrate that GCA effectively aligns545

the fused features with the textual space while pre-546

serving essential speech dynamics. Refer to Ap-547

pendix D for further analysis.548

4.4 Case Studies549

The Appendix F shows that openLISTEN contin-550

ues the story in a speech-grounded and instruction-551

consistent manner, whereas w/o GCA exhibits no-552
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Figure 3: The standardized mean distribution of the
speech/text embeddings and the fused embedding after
the GCA module.

ticeable context drift. More critically, w/o Gate, 553

FiLM, and Q-Former fail to follow the continuation 554

instruction and generate off-task outputs, highlight- 555

ing the necessity of GCA with gating for robust 556

cross-modal compliance. 557

5 Conclusion 558

We present openLISTEN, a resource-efficient 559

LSLM that enables speech–language modeling on 560

consumer-grade hardware. By combining GCA 561

with Open-Domain Cross-Modal Instruction Tun- 562

ing, openLISTEN improves cross-modal align- 563

ment and reduces instruction non-compliance in 564

data-constrained training regimes. Across URO- 565

Bench and targeted freestyle instruction compli- 566

ance benchmarks, controlled studies under iden- 567

tical training and optimization settings show con- 568

sistent gains from GCA over alternative fusion de- 569

signs, yielding more robust behavior under modal- 570

ity conflicts while preserving acoustic expressive- 571

ness. In future work, we will study how this ar- 572

chitecture scales with larger backbones (e.g., 7B, 573

70B) and whether it unlocks emergent cross-modal 574

reasoning capabilities. 575
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Limitations576

Despite promising results, this study is subject to577

limitations primarily driven by computational con-578

straints, restricting current validation to a 3B pa-579

rameter backbone and leaving the scalability of580

GCA on larger architectures to be explored. Fur-581

thermore, the reliance on TTS-synthesized data582

may introduce prosodic biases and reduce ecologi-583

cal validity relative to natural human speech. Crit-584

ically, the enhanced cross-modal instruction ad-585

herence presents potential dual-use risks, where586

adversarial speech prompts could be exploited to587

circumvent textual safety guardrails. Investigating588

how the GCA mechanism interacts with these risks589

and reinforcing safety protocols remains a priority590

for future work.591
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A Prompt Specifications for Automated780

Evaluation781

This appendix summarizes the GPT-5 prompt se-782

tups for the freestyle instruction compliance bench-783

mark, covering Complex Constraint and Adversar-784

ial Robustness evaluations. Figures 4 and 5 show785

the scoring prompts for Contextual Story Continua-786

tion and Forced Instruction Following, respectively,787

while Figure 6 presents the Adversarial Robustness788

prompt under text–audio conflicts.789

        
       
      You are an expert literary critic and editor evaluating creative writing.
Your task is to assess how well a model continues a story based on a
provided audio transcript context.
[ Story Context ]:{Context}
[ Model Continuation ]:{Prediction}
    Please evaluate the continuation on a scale of 1 to 5 based on the
following detailed criteria:
1. Narrative Coherence (1-5):
   - Does the continuation maintain consistency with the characters'
voices, the setting, and the plot established in the context?
5 points: Seamless transition; perfectly mimics the tone and logic of the
original context.
1 points: Contradicts the context, changes character personalities
abruptly, or introduces illogical plot points.
2. Language Fluency (1-5):
   - Is the writing smooth, grammatically correct, and natural?
5 points: Native-level fluency, sophisticated vocabulary, and varied
sentence structure.
1 points: Broken grammar, repetitive phrasing, or unnatural wording.
3. Creative Content Quality (1-5):
   - Is the continuation engaging and original?
5 points: Captivating storytelling that introduces interesting
developments while avoiding clichés.
1 points: Dull, generic, repetitive, or simply paraphrases the context
without moving the story forward.
Return your evaluation strictly in the following  format:
[ Coherence ]: {1-5 points.} 
[ Fluency ]: {1-5 points.} 
[ Creativity ]: {1-5 points.} 
[ Reason ]: {Briefly state the rationale for your score.} 

 GPT-5 Scoring of  Contextual Story Continuation

Figure 4: The GPT-5 scoring prompt configuration for
the Contextual Story Continuation task.

B Implementation Details790

All experiments, including training and inference,791

are conducted on four NVIDIA GeForce RTX792

4090D GPUs. openLISTEN integrates the Whisper-793

large-v3 (Radford et al., 2023) encoder as the794

speech encoder and utilizes Llama-3.2-3B-Instruct795

as the LLM backbone. The encoder representa-796

tions are downsampled by a factor of 5. We set the797

micro-batch size to 2 per GPU and employ gradient798

accumulation to achieve an effective global batch799

size of 32. LoRA layers are configured with a rank800

        
       
      You are a strict evaluator focusing on mandatory instruction adherence
and rigid formatting compliance. The model was required to identify an
emotion and provide a rationale using a specific, rigid template: "The
speaker's emotion is {{emotion}} and The Reasons is {{Reasons}}". The
template contains deliberate grammatical quirks (e.g., "The Reasons is"). 
      The model MUST reproduce these exactly.
[ Original Instruction ]: { Instruction } 
[ Model Response ]: { Prediction } 
       Please evaluate the response on a scale of 1 to 5 based on the following
detailed criteria: 
1. Instruction Compliance (1-5): 
5 points: The model explicitly identified a specific emotion and provided
a rationale.
1 points: The model failed to identify an emotion or failed to provide a
reason. 
2. Explanation Coherence (1-5): 
5 points: The provided reason is logically sound, directly referencing the
speech context, and strongly supports the identified emotion. 
1 points: The reason is nonsensical, hallucinates facts not implied by the
emotion, or contradicts the identified emotion.
 3. Formatting Accuracy (1-5):
5 points: Perfect character-level adherence to the template "The
speaker's emotion is ... and The Reasons is ...". No extra words,
introductions, or markdown. 
3 points: Follows the general structure but corrects the grammar (e.g.,
changes "The Reasons is" to "The reason is") or adds minor
conversational filler. 
1 points: Completely ignores the required format.
Return your evaluation strictly in the following  format: 
[ Compliance ]:  {1-5 points.} 
[ Coherence ]:  {1-5 points.} 
[ Formatting ]:  {1-5 points.} 
[ Reason ]:  {Briefly state the rationale for your score.} 

 GPT-5 Scoring of  Forced Instruction Following 

Figure 5: The GPT-5 scoring prompt configuration for
the Forced Instruction Following task.

of r = 8 and an alpha of α = 2. The training 801

process utilizes a cosine annealing scheduler with 802

a peak learning rate of 1× 10−4. To mitigate over- 803

fitting given the limited dataset size, the training 804

duration is restricted to 3 epochs. 805

C Details on Fixed Instruction 806

Compliance 807

This evaluation rigorously assesses multifaceted 808

competencies through both Basic (Cobbe et al., 809

2021; Lin et al., 2022; Guan et al., 2022) and Pro 810

(Bai et al., 2024; Dubois et al., 2024) tracks, span- 811

ning three fundamental dimensions: Understand- 812

ing, Reasoning, and Oral Conversation. Table 5 813

reports summary statistics for the Basic and Pro 814

tracks. Built upon URO-Bench (Yan et al., 2025), 815

these splits support systematic, quantitative eval- 816

uation of core LSLM capabilities, with all metric 817

scores computed under the official protocol. 818

D Cross-modal Alignment Visualization 819

Figure 7 visualizes the standardized mean distribu- 820

tions of text, audio, and fused embeddings across 821
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   You are an expert impartial evaluator specializing in cross-modal
linguistic alignment. Your task is to resolve conflicts between spoken intent
and written directives with high precision. You possess a keen ability to
distinguish between modality bias and strict instruction adherence, ensuring
that model responses are judged solely on their compliance with explicit
textual boundaries.

[ Original Speech Content ]: {item.get('source_text', 'N/A')}
[ Speech Implied Instruction ]: {item['speech_instruction_content']}
[ Text Explicit Instruction ]: {item['text_instruction_content']}
[ Model Response ]: {item['model_response']}

    
Please evaluate the model's response based on two criteria:
1. Instruction Following: Which instruction did the model follow?
   - Return "Text" if it followed the text instruction.
   - Return "Neither" if it followed neither or it's followed the speech
instruction.
2. Text Instruction Correctness: IF the model followed the TEXT
instruction, is the response correct/appropriate?
     - Return "Correct" if the response correctly answers/follows the text
instruction.
   - Return "Incorrect" if the response is wrong or hallucinates, even if it
attempted the text instruction.
   - Return "Not Applicable" if the model did not follow the text
instruction (i.e., followed speech or neither).
Return your evaluation strictly in the following  format:
[ Instruction Followed ]:  {Text" | "Neither"}
[ Text Instruction Correctness ]: {"Correct" | "Incorrect" | "Not
Applicable"}
[ Reason ]: {Short explanation}

 GPT-5 Scoring of  Adversarial Robustness Evaluation

Figure 6: The GPT-5 scoring prompt configuration for
the Adversarial Robustness Evaluation task.

Types Datasets Lan. #Samples #Avg
Words

Avg
Dur. (s)

Basic Track

Understanding
Repeat en 252 21.76 8.04

Summary en 118 58.93 20.38
GaokaoEval en 303 47.38 20.44

Reasoning

StoralEval en 201 66.46 20.52
TruthfulEval en 470 10.87 3.40
Gsm8kEval en 582 25.73 8.84

MLC en 177 22.43 7.56

Oral
Conversation

AlpacaEval en 199 16.37 5.67
CommonEval en 200 8.16 4.83
WildchatEval en 349 14.68 4.75

Pro Track

Understanding

UnderEmotion en 137 13.55 6.01
CodeSwitching en 70 10.37 3.24

Safety en 24 13.25 3.95
ClothoEval en 265 16.55 25.43

Reasoning
MLCpro en 91 11.40 3.88

MtBenchEval en 190 7.48 2.51
SpeakerAware en 55 9.37 3.33

Oral
Conversation

GenStyle en 44 15.36 5.92
Multilingual multi 1,108 17.11 6.38

Table 5: Statistical information of the test datasets for
both Basic and Pro tracks across understanding, reason-
ing, and oral conversation tasks.

Table 6: Model size and inference efficiency across
fusion variants.

Method Params
(MB)

FLOPs
(G)

Latency
(ms)

w/ GCA 182.0 6.9 74.0
w/o Gate 146.5 6.3 67.3
w/ FiLM 110.4 0.2 73.6
w/ Q-Former 101.1 1.4 63.7

sample indices. As shown in subfigure (a), open- 822

LISTEN maintains a dynamic distribution in its 823

fused embeddings (green), effectively capturing 824

the variance inherent in the audio inputs (blue). 825

This suggests that the model successfully integrates 826

speech modality features into the latent space, al- 827

lowing for context-aware generation. 828

In contrast, w/o Gate, FiLM, and Q-Former 829

show a flat-line pattern: the fused embeddings 830

become nearly constant across inputs, indicating 831

weak input-conditioned fusion. This aligns with the 832

off-task outputs and context drift noted in the ap- 833

pendix, and supports GCA as necessary for stable, 834

speech-grounded instruction following. 835

E Computational Performance Analysis 836

Table 6 shows that enabling GCA introduces only 837

a small efficiency overhead compared with the w/o 838

Gate variant: parameters increase from 146.5MB 839

to 182.0MB, FLOPs from 6.3G to 6.9G, and la- 840

tency from 67.3 ms to 74.0 ms. Despite this limited 841

increase in model size and inference cost, GCA 842

yields substantially larger gains in the main experi- 843

ments. By contrast, FiLM and Q-Former are lighter 844

and, but their performance in the primary evalua- 845

tions is very poor and they often fail on instruction- 846

sensitive settings. Overall, the results suggest that 847

the improvements stem from GCA’s gated, token- 848

level cross-modal coupling rather than from using 849

a cheaper fusion module. 850

F Use Cases 851

Table 7 presents a qualitative case study under an 852

open-ended story continuation instruction, where 853

successful completion requires (i) grounding in 854

the speech content, (ii) preservation of narrative 855

entities and setting, and (iii) adherence to the con- 856

tinuation format. 857

openLISTEN generates a fluent and coherent 858

continuation that faithfully reflects the core se- 859
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(a) openLISTEN
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(b) w/o Gate
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(c) w/ FiLM
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(d) w/ Q-Former

Figure 7: Comparison of different modules. The standardized mean distribution of the speech/text embeddings and
the fused embedding after (a) openLISTEN, (b) w/o Gate, (c) w/ FiLM, and (d) w/ Q-Former modules.

mantic revelation in the speech (the duckling is860

a swan), maintains narrative consistency, and ex-861

tends the story without introducing contradictory862

elements. This behavior indicates effective cross-863

modal grounding and stable instruction execution864

under open-ended conditions. The w/o GCA vari-865

ant partially satisfies the continuation format but866

introduces off-context content, such as new char-867

acters and altered background details that are un-868

supported by the input speech. This suggests that869

removing GCA weakens fine-grained alignment870

between speech evidence and text generation, lead-871

ing to semantic drift even when surface-level task872

structure is preserved. In contrast, w/o Gate, FiLM,873

and Q-Former fail to comply with the instruction874

entirely, producing outputs unrelated to both the875

speech content and the requested task. These re-876

sponses indicate a breakdown in cross-modal in-877

struction conditioning, where acoustic or latent rep-878

resentations no longer effectively constrain text 879

generation. Such failures are consistent with modal- 880

ity bias and unstable fusion behavior when dy- 881

namic, token-level regulation is absent. Overall, 882

this use case highlights that robust freestyle instruc- 883

tion compliance in open-ended settings requires 884

not only cross-attention, but also a gated, dynami- 885

cally regulated fusion mechanism, as instantiated 886

by GCA in openLISTEN. 887
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Table 7: Illustrative examples demonstrating freestyle instruction compliance in openLISTEN and its ablation
variants. Correct responses are highlighted in green, while incorrect or irrelevant responses are highlighted in blue.

Input Speech: The ugly duckling was born different from his siblings, who all made fun of him. He felt
lonely and rejected. As he grew older, the duckling discovered that he was not ugly at all, but instead, he
was a beautiful swan. He was accepted by other swans and finally found happiness.

Instruction: Continue the story based on the content of the speech, ensuring that it fits the original story
setting and characters. <speech>

Model Output

openLISTEN The duckling finally understood that he had never been ugly, he was a swan.
Welcomed by the other swans, he began a new life with them. He glided
across the pond under the warm sunshine, surrounded by his new friends, and
for the first time felt truly at peace with himself.

w/o GCA The duckling felt really sad and alone, you know? He was the only one who
didn’t have siblings. But then, he found a group of ducks who welcomed him
with open wings. They showed him how to swim and dive, and he quickly
became part of their family. The duckling was overjoyed to finally belong
and was grateful for the love and support he received.

w/o Gate how do you keep your eyes open while driving at night?

w/ FiLM So, I’m wondering, can you tell me what the author of The Great Gatsby is
trying to say about the American Dream in the story?

w/ Q-Former How can I use the new features in the latest version of the software to boost
my productivity and efficiency? What are the key benefits of these features,
and how can I apply them to my work? What steps should I take to get the
most out of the software? What are the potential risks or challenges I might
face, and how can I address them? What are the long-term benefits of using
this software, and how can I ensure its continued success?
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