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Abstract001

Large Audio Language Models (LALMs) have002
garnered significant research interest. Despite003
being built upon text-based large language mod-004
els (LLMs), LALMs frequently exhibit a degra-005
dation in knowledge and reasoning capabili-006
ties. We hypothesize that this limitation stems007
from the failure of current training paradigms008
to effectively bridge the acoustic-semantic gap009
within the feature representation space. To010
address this challenge, we propose CORD, a011
unified alignment framework that performs on-012
line cross-modal self-distillation. Specifically,013
it aligns audio-conditioned reasoning with its014
text-conditioned counterpart within a unified015
model. Leveraging the text modality as an inter-016
nal teacher, CORD performs multi-granularity017
alignment throughout the audio rollout process.018
At the token level, it employs on-policy re-019
verse KL divergence with importance-aware020
weighting to prioritize early and semantically021
critical tokens. At the sequence level, CORD022
introduces a judge-based global reward to opti-023
mize complete reasoning trajectories via Group024
Relative Policy Optimization (GRPO). Empiri-025
cal results across multiple benchmarks demon-026
strate that CORD consistently enhances audio-027
conditioned reasoning and substantially bridges028
the audio–text performance gap with only 80k029
synthetic training samples, validating the effi-030
cacy and data efficiency of our on-policy, multi-031
level cross-modal alignment approach.032

1 Introduction033

Large Language Models (LLMs) (Qwen et al.,034

2025; DeepSeek-AI et al., 2025; OpenAI, 2025)035

have demonstrated exceptional semantic under-036

standing capabilities, sparking research to extend037

this intelligence to multimodal domains through038

end-to-end processing. In the audio domain, most039

state-of-the-art Large Audio-Language Models040

(LALMs) (Chu et al., 2023, 2024; Wu et al., 2025;041

Ding et al., 2025; Zeng et al., 2024; Fang et al.,042

2024) are built upon pretrained text-based LLMs043

by incorporating an audio encoder (Radford et al., 044

2022) and a modality alignment module. Raw au- 045

dio signals are first encoded into acoustic represen- 046

tations, which are then projected into the LLM’s 047

embedding space through audio-text paired super- 048

vision. This paradigm implicitly assumes that train- 049

ing on audio-text interleaved data is sufficient to 050

align audio and text into a unified semantic space. 051

However, recent studies (Wang et al., 2024; 052

Cuervo et al., 2025) have revealed a persistent 053

performance disparity between the two modali- 054

ties. Despite receiving semantically equivalent in- 055

puts, LALMs often exhibit markedly inferior per- 056

formance on audio-conditioned tasks compared 057

to their text-conditioned counterparts. This gap 058

is particularly pronounced in data-constrained 059

regimes (Chu et al., 2024; Wu et al., 2025; Xu et al., 060

2025), where limited training samples expose the 061

limitations of existing alignment mechanisms and 062

highlight the need for more data-efficient cross- 063

modal alignment. 064

Several recent approaches have attempted to im- 065

prove audio-conditioned reasoning performance, 066

primarily through supervised fine-tuning with la- 067

beled speech data or knowledge distillation from 068

external text-based teachers. Despite their progress, 069

these methods suffer from three fundamental limi- 070

tations. (1) Limited scalability. Supervised fine- 071

tuning (He et al., 2024; Minixhofer et al., 2025) 072

relies on large-scale, high-quality annotated speech 073

data, which is expensive to collect and difficult to 074

scale across diverse tasks and domains. (2) Off- 075

policy distillation and distribution mismatch. 076

Teacher-based distillation methods (Cuervo et al., 077

2025; Wang et al., 2024; Tseng et al., 2025) typi- 078

cally provide supervision along the teacher’s text- 079

generation trajectories, rather than the student’s 080

actual audio-conditioned inference states. This off- 081

policy supervision leads to distribution mismatch 082

and limits the ability to correct accumulated audio- 083

specific reasoning errors. (3) Uniform token-level 084
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supervision. Conventional KL-based distillation085

treats all tokens equally (Wang et al., 2025; Li086

et al., 2025; Tseng et al., 2025), failing to empha-087

size semantically critical tokens that drive cross-088

modal misalignment, and lacking sequence-level089

constraints to explicitly regulate global reasoning090

trajectories.091

To address these challenges, we propose CORD092

(Cross-modal Weighted On-policy Reward-guided093

Distillation), a unified alignment framework that094

performs online cross-modal self-distillation with-095

out relying on any external teacher. CORD lever-096

ages the model’s internal text modality as an097

in-model teacher and conducts multi-granularity098

distillation along the student model’s real audio-099

conditioned reasoning trajectories. By construct-100

ing on-policy alignment objectives based on au-101

dio modality rollouts, CORD directly aligns audio-102

conditioned reasoning behavior with its text-103

conditioned counterpart within a unified model ar-104

chitecture.105

At the token level, CORD introduces a fine-106

grained weighting mechanism that prioritizes to-107

kens exhibiting high cross-modal divergence as108

well as those appearing at early stages of reason-109

ing, where semantic deviations are more likely to110

propagate and dominate the final outcome. This111

weighted reverse KL objective enables targeted112

correction of modality-specific reasoning errors.113

At the sequence level, CORD formulates a cross-114

modal reward function and employs Group Relative115

Policy Optimization (GRPO) (Shao et al., 2024) to116

align complete reasoning trajectories, encouraging117

the audio modality to follow reasoning policies118

consistent with the text modality.119

Extensive experiments on multiple reasoning120

benchmarks demonstrate that CORD substan-121

tially improves audio-conditioned reasoning per-122

formance. In particular, CORD reduces the audio–123

text performance gap by an average of 41.6%124

on Qwen2-Audio-7B-Instruct and 44.8% on Step-125

Audio2-mini, significantly outperforming conven-126

tional distillation baselines. On several tasks,127

CORD nearly eliminates the modality gap alto-128

gether, indicating that on-policy cross-modal self-129

distillation with an internal teacher provides an130

effective and scalable solution for mitigating rea-131

soning degradation in LALMs.132

Our contributions can be summarized as follows:133

• Internal on-policy cross-modal self-134

distillation. We propose CORD, a fully135

in-model, weighted on-policy cross-modal 136

self-distillation framework that aligns audio- 137

conditioned reasoning with text-conditioned 138

behavior without relying on any external 139

teacher, avoiding off-policy mismatch and 140

architecture-induced noise. 141

• Multi-granularity alignment of reasoning 142

trajectories. CORD jointly enforces token- 143

level and sequence-level alignment by empha- 144

sizing semantically critical and early reason- 145

ing tokens with weighted reverse KL, while 146

regulating global reasoning trajectories via a 147

reward-guided GRPO objective. 148

• Effective reduction of the audio-text rea- 149

soning gap. We demonstrate that CORD con- 150

sistently reduces the audio-text gap by over 151

40% across various backbones, nearly reach- 152

ing parity with text-conditioned performance 153

in several reasoning tasks. 154

2 Related Work 155

2.1 Audio-Text Alignment in LALMs 156

While cascaded ASR–LLM pipelines largely pre- 157

serve text-domain performance, they discard 158

speaker and paralinguistic cues essential for speech 159

interaction (Maimon et al., 2025) , prompting re- 160

cent work on end-to-end LALMs (Tang et al., 2024; 161

Chu et al., 2024; Xie and Wu, 2024). However, 162

despite architectural advances, such models consis- 163

tently underperform text-based LLMs on language 164

understanding and reasoning benchmarks, reveal- 165

ing a persistent text–speech understanding gap (Cui 166

et al., 2025) . Existing approaches mainly attempt 167

to reduce this gap via representation-level cross- 168

modal alignment or large-scale synthetic speech 169

data augmentation (Held et al., 2025), but often 170

show limited gains on broad reasoning tasks or rely 171

on massive proprietary datasets that hinder repro- 172

ducibility (Zeng et al., 2025) . 173

2.2 On Policy Distillation 174

On-policy distillation (OPD) trains a student us- 175

ing supervision computed on the student’s own 176

rollouts, rather than on teacher-generated trajecto- 177

ries. Agarwal et al. (2024) introduces this paradigm 178

for language models, showing that supervising at 179

the student’s prefixes can correct error cascades 180

that would not be exposed under teacher trajecto- 181

ries. MiniLLM (Gu et al., 2025) further develops 182
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Figure 1: The overall framework of CORD. Given semantically equivalent audio and text inputs, CORD performs
on-policy cross-modal self-distillation within a single model. Audio-conditioned trajectories are aligned to text-
conditioned behaviors at two levels: (i) a token-level objective that applies importance-aware and position-aware
reverse KL weighting along audio rollouts, and (ii) a sequence-level objective that uses a judge-based reward
optimized via GRPO to enforce global reasoning consistency.

on-policy knowledge distillation for compressing183

LLMs, emphasizing that matching behaviors on stu-184

dent trajectories can yield strong performance with185

a smaller student. Recently, some works (Yang186

et al., 2025; Lu and Lab, 2025; Chen et al., 2025)187

reports that on-policy distillation can reach compa-188

rable reasoning performance to RL-style alignment189

at a fraction of the training cost under their training190

recipe. Beyond white-box settings, Ye et al. (2025)191

study black-box on-policy distillation where only192

teacher API access is available, proposing mech-193

anisms to stabilize on-policy supervision without194

full teacher internals.195

3 Method196

In this section, we present CORD (Cross-modal197

Weighted On-policy Reward-guided Distillation), a198

framework designed to bridge the performance gap199

in LALMs by aligning audio-conditioned reasoning200

trajectories with their text-conditioned counterparts.201

Unlike static or off-policy supervision, CORD en-202

forces alignment along the model’s actual inference203

paths using an in-model teacher strategy. As shown204

in Figure 1, CORD employs a multi-granularity205

alignment approach consisting of two complemen-206

tary objectives:207

• Token-level alignment corrects fine-grained208

semantic deviations at each decoding step us-209

ing importance-weighted KL.210

• Sequence-level alignment enforces global211

consistency across entire trajectories via 212

GRPO. 213

By combining local step-wise correction with 214

global trajectory regulation, CORD provides a uni- 215

fied framework for cross-modal alignment. In the 216

following, we detail the problem formulation, the 217

specific alignment objectives, and provide a com- 218

prehensive analysis of the underlying mechanisms 219

that ensure training stability and semantic fidelity. 220

3.1 Problem Formulation 221

Given semantically equivalent audio and text in- 222

puts (xa, xt), a LALM pθ induces autoregressive 223

distributions over output sequences y: 224

pθ(y | x) =
T∏
t=1

pθ(yt | y<t, x), x ∈ {xa, xt}.

(1) 225

Empirically, LALMs often exhibit divergent behav- 226

iors across modalities despite identical input se- 227

mantics. CORD aims to minimize this discrepancy 228

by explicitly constraining the audio-conditioned 229

inference trajectories y ∼ pθ(· | xa), rather than 230

merely matching marginal output distributions. 231

3.2 On-policy Cross-modal Distillation 232

As shown in Figure 1, CORD aligns the model’s 233

cross-modal behavior along trajectories sampled 234

from its current policy. For each xa, we sample 235

y ∼ pθ(· | xa) to obtain an on-policy decoding 236

trajectory. At each step t, the model induces two 237
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distributions over the vocabulary V conditioned238

on the same prefix y<t: pθ(· | y<t, x
a) and pθ(· |239

y<t, x
t).240

To quantify the discrepancy at each state, we241

employ Reverse Kullback–Leibler (KL) Diver-242

gence:243

Dt = KL
(
pθ(· | y<t, x

a)
∥∥ pθ(· | y<t, x

t)
)

=
∑
v∈V

pθ(v | y<t, x
a) log

pθ(v | y<t, x
a)

pθ(v | y<t, xt)
.

(2)244

Compared to forward KL, reverse KL places245

stronger emphasis on high-probability tokens un-246

der the text-conditioned distribution, encouraging247

the audio-conditioned policy to recover critical rea-248

soning decisions made by the text modality. When249

applied on-policy along audio-conditioned trajec-250

tories, this formulation enables targeted correction251

of semantic deviations that arise during audio in-252

ference, rather than enforcing global distributional253

matching.254

3.3 Analysis of Cross-modal Discrepancy255

To motivate the design of CORD, we first investi-256

gate the reasoning behavior of LALMs under audio257

and text modalities. Let y = (y1, . . . , yT ) denote a258

sequence sampled from the audio-conditioned pol-259

icy pθ(· | xa). At each decoding step t, given the260

same prefix y<t, the model induces two conditional261

token distributions over the vocabulary V : one con-262

ditioned on audio input xa, and the other on text263

input xt. We quantify their discrepancy using the264

token-level Kullback–Leibler divergence Dt.265

A common practice is to uniformly average266

token-level KL divergences,267

1

T

T∑
t=1

Dt. (3)268

This approach implicitly assumes that all tokens269

contribute equally to cross-modal alignment. How-270

ever, our empirical analysis on the MMSU bench-271

mark reveals that the distribution of Dt is highly272

skewed and non-uniform.273

As illustrated in Figure 2, the distribution of274

Dt is highly skewed: most tokens exhibit very275

small divergence, while only a small number of276

critical tokens have substantially larger KL values.277

Specifically, we visualize the reverse KL distri-278

bution on the MMSU benchmark to investigate279

this phenomenon. As illustrated in Figure 2 (top-280

left), the distribution follows a heavy-tailed pat-281

tern, where the 80th percentile corresponds to a282

remarkably low divergence of only 0.23. This in- 283

dicates that the vast majority of tokens are already 284

well-aligned across modalities. Furthermore, the 285

scatter plot (bottom-left) shows that these high- 286

discrepancy states are concentrated in early decod- 287

ing stages (r = −0.139). Misalignments at these 288

pivotal early states often trigger a cascade effect, 289

leading to cumulative reasoning failures. 290

In contrast, the word clouds in Figure 2(a) re- 291

veal that high-KL tokens are predominantly con- 292

centrated on semantically critical reasoning words 293

and multiple-choice options (e.g., A, B). The mis- 294

alignment at these pivotal states is a primary driver 295

of incorrect responses; moreover, errors occurring 296

at these early high-discrepancy tokens tend to trig- 297

ger a cascade effect, leading to cumulative failures 298

in subsequent decoding steps. 299

As a result, uniform averaging leads to a low 300

overall loss magnitude, causing gradients from 301

high-KL tokens to be diluted by numerous low-KL 302

tokens. This weakens corrective updates precisely 303

at positions that dominate semantic misalignment. 304

To address this issue, we introduce an importance- 305

aware token-level weighting scheme. 306

3.4 Importance-aware Token-level Alignment 307

To address the gradient dilution issue, CORD in- 308

troduces a multi-dimensional weighting scheme 309

that prioritizes semantically critical and early-stage 310

tokens. 311

Top-K KL-based Importance Weighting. We 312

first select the K tokens with the largest divergence 313

values, where K = 20 in all experiments. Let I∗
K 314

denote the index set of the top-K tokens ranked by 315

Dt. We define a KL-based importance weight 316

wKL
t =

{
α, t ∈ I∗

K ,

1, otherwise,
(4) 317

where α > 1 is a hyperparameter that controls the 318

strength of emphasis on high-divergence tokens. 319

This hard selection prevents low-divergence tokens 320

from dominating the optimization and ensures that 321

gradient updates focus on tokens that exhibit sig- 322

nificant cross-modal semantic mismatch. 323

Sequential Decay Weighting. We further ob- 324

serve that early decoding errors are more detri- 325

mental than later ones: once an incorrect semantic 326

decision is made at an early step, subsequent tokens 327

are unlikely to fully correct the reasoning trajec- 328

tory. To emphasize early alignment, we introduce a 329
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(a) Tokens from high-KL regions.

(b) Tokens from low-KL (bottom) regions.

Figure 2: Statistical and Semantic Analysis of Token-Level Reverse KL Divergence. Top-left: Histogram of
KL(Paudio∥Ptext) for all generated tokens (log scale), with the 80th percentile threshold marked by the red dashed
line. Higher KL values highlight pivotal states where audio-conditioned reasoning significantly deviates from
the text-conditioned teacher. Bottom-left: Scatter plot of KL divergence versus token position, revealing that
major cross-modal discrepancies are concentrated in earlier reasoning stages. (a)-(b): Qualitative word cloud
visualizations. High-KL regions (a) are enriched with semantically critical reasoning tokens (e.g., “Therefore”,
“answer”) and choice options (e.g., A, B), whereas low-KL regions (b) primarily consist of common functional
words and background information.

position-dependent decay weight. Specifically, we330

assign a higher weight to earlier tokens and linearly331

decay it over time:332

wpos
t = β−(β−1)

t− 1

T − 1
, t = 1, . . . , T, (5)333

where β > 1 is a hyperparameter controlling the334

relative importance of early decoding steps. This335

formulation ensures that wpos
1 = β and wpos

T = 1.336

Final Token-level Alignment Objective. The337

final token weight is defined as the product of the338

KL-based importance weight and the positional339

decay weight:340

wt = wKL
t · wpos

t (6)341

The token-level alignment loss is then given by342

Ltok = Ey∼pθ(·|xa)

[
T∑
t=1

wt, Dt

]
(7)343

This objective amplifies supervision on a small344

set of semantically critical tokens while prioritizing345

early decoding stages, effectively mitigating gradi-346

ent dilution and improving cross-modal reasoning347

alignment.348

3.5 Sequence-level Alignment via 349

Reward-guided Optimization 350

While token-level alignment corrects local seman- 351

tic deviations, it does not explicitly constrain global 352

reasoning behavior. In practice, locally aligned 353

token distributions may still lead to globally in- 354

consistent or incorrect final answers. To address 355

this limitation, CORD introduces a sequence-level 356

alignment objective that provides global supervi- 357

sion over complete audio-conditioned reasoning 358

trajectories. 359

Judge-based Global Alignment Reward. Given 360

an audio input xa and its semantically equivalent 361

text input xt, we sample an audio-conditioned out- 362

put sequence y ∼ pθ(· | xa) and generate a text- 363

conditioned reference ŷ ∼ pθ(· | xt). We employ 364

a judge model J(·, ·) to directly evaluate whether 365

the two sequences are semantically aligned at the 366

answer level. The judge produces a binary reward: 367

rseq(y;x
a, xt) = J(y, ŷ) ∈ {0, 1}, (8) 368

where rseq = 1 indicates that the audio-conditioned 369

answer is judged to be semantically consistent with 370
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the text-conditioned answer, and rseq = 0 other-371

wise. This reward captures global reasoning align-372

ment beyond local token-wise similarity.373

GRPO Optimization. To optimize the model un-374

der this sequence-level reward, we adopt Group375

Relative Policy Optimization (GRPO). For each376

audio input xa, we sample a group of N on-377

policy trajectories {y(i)}Ni=1 from the current policy378

pθ(· | xa). Each trajectory is evaluated by the judge379

model, yielding rewards {r(i)seq}Ni=1.380

GRPO computes a relative advantage by compar-381

ing each trajectory’s reward to the group average:382

A(i) = r
(i)
seq −

1

N

N∑
j=1

r
(j)
seq. (9)383

Following the approach in DAPO (Yu et al.,384

2025), we omit the explicit KL divergence penalty.385

Consequently, the sequence-level optimization ob-386

jective is defined as:387

Lseq = −E{y(i)}

[
1

N

N∑
i=1

A(i) log pθ

(
y(i) | xa

)]
.

(10)388

By optimizing this objective, the model increases389

the likelihood of audio-conditioned trajectories that390

achieve higher global alignment rewards relative to391

other on-policy rollouts. Crucially, GRPO operates392

entirely on-policy, ensuring that global supervision393

is applied to the exact inference states encountered394

during audio-conditioned reasoning.395

Together with token-level alignment, this judge-396

guided GRPO objective explicitly constrains global397

reasoning outcomes and mitigates failure cases398

where locally aligned tokens still result in semanti-399

cally inconsistent answers.400

3.6 Overall Objective401

CORD jointly optimizes local and global alignment402

objectives:403

LCORD = Ltok + Lseq, (11)404

where Lseq denotes the GRPO-based sequence-405

level loss.406

4 Experiments407

4.1 Experimental Setting408

Baselines. In our experiments, we adopt409

Qwen2-Audio-7B-Instruct (Chu et al., 2024)410

and Step-Audio-2-Mini (Wu et al., 2025) as411

base models. Following the previous distillation 412

method (Cuervo et al., 2025), We implement two 413

distillation objectives using teacher rollouts: 414

• Supervised Fine-Tuning (SFT): Given a 415

teacher rollout y ∼ pθ(· | xt), the student 416

is optimized to maximize the likelihood of the 417

audio-conditioned trajectory: 418

LSFT = −Ey∼ptθ

 |y|∑
t=1

log paθ,t

 (12) 419

• Forward KL Divergence: We minimize the 420

distribution discrepancy between modalities 421

over teacher rollouts: 422

LFKL = KL
(
pθ(· | y<t, x

t)
∥∥ pθ(· | y<t, x

a)
)

(13) 423

Dataset. We curate 80,000 instances from Numi- 424

naMath (LI et al., 2024) to construct our training 425

data. By employing the Kokoro (hexgrad, 2024) 426

model to synthesize audio for each text instruction, 427

we generate semantically equivalent pairs across 428

the text and audio modalities. 429

Judge Model. Our judge model for GRPO was 430

developed by distilling the evaluation outputs of 431

proprietary frontier models on millions of text- 432

based instruction-following samples. This judge 433

model exhibits exceptional performance, with self- 434

evaluation accuracy consistently exceeding 99%. 435

Evaluation Benchmarks. To evaluate the 436

model’s knowledge-based question answering 437

capabilities, we utilize MMSU and OpenBookQA 438

(OBQA) from VoiceBench (Chen et al., 2024). 439

GSM8K (Cobbe et al., 2021) is employed to assess 440

the model’s mathematical reasoning performance. 441

Furthermore, we adopt MMAU (Sakshi et al., 442

2024) to evaluate acoustic and paralinguistic 443

reasoning; this benchmark is further categorized 444

into three distinct subsets: Music, Speech, and 445

Sound. 446

Experimental Details. Please refer to Ap- 447

pendix A for more details. 448

4.2 Main Results 449

Tables 1 and 2 report the performance of CORD 450

across multiple benchmarks using two representa- 451

tive LALMs, Qwen2-Audio-7B-Instruct and Step- 452

Audio2-mini. The results show that CORD substan- 453

tially reduces the performance gap between audio 454
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Method
MMSU OBQA GSM8K

AVG.
Acc. ∆base Acc. ∆base Acc. ∆base

Qwen2-Audio-7B-Instruct 36.04 8.42 51.20 17.59 20.73 19.74 15.25
+ SFT 36.47 7.99 ↓0.43 49.49 19.30 ↑1.71 33.68 6.79 ↓12.95 11.36
+ Forward KL 36.77 7.69 ↓0.73 48.21 20.58 ↑2.99 36.05 4.42 ↓15.32 10.90
+ CORD (ours) 38.06 6.40 ↓2.02 52.77 16.02 ↓1.57 36.20 4.27 ↓15.47 8.90

Step-Audio2 mini 52.31 8.16 72.30 7.70 43.75 16.72 10.86
+ SFT 54.68 5.79 ↓2.37 74.72 5.28 ↓2.42 27.89 32.58 ↑15.86 14.55
+ Forward KL 53.12 7.35 ↓0.81 72.08 7.92 ↑0.22 46.57 13.90 ↓2.82 9.72
+ CORD (ours) 57.63 2.84 ↓5.32 77.74 2.26 ↓5.44 47.56 12.91 ↓3.81 6.00

Table 1: Comparison of audio-conditioned reasoning performance across different backbones. Base Models (first
row of each block) refer to the original instruction-tuned Qwen2-Audio-7B and Step-Audio2-mini. ∆base represents
the modality gap for each method, defined as AccBase

text − AccMethod
audio , where AccBase

text is the fixed text-conditioned
accuracy of the Base Model. For Qwen2-Audio, these text baselines are 44.46, 68.79, and 40.47; for Step-Audio2,
they are 60.47, 80.00, and 60.47. AVG. is the mean of the modality gaps. Arrows indicate the reduction (↓) or
increase (↑) in the gap compared to the Base Model’s initial ∆base.

and text modalities, while effectively preserving455

auxiliary audio capabilities beyond speech.456

Cross-modal gap reduction. As shown in Ta-457

ble 1, CORD achieves consistent and substantial re-458

ductions in the audio–text performance gap across459

both backbone models. Across all benchmarks,460

CORD consistently outperforms SFT and Forward-461

KL, demonstrating the effectiveness of on-policy,462

trajectory-level alignment. Specifically, on Qwen2-463

Audio-7B-Instruct, CORD reduces the average au-464

dio–text gap by 41.6% relative to the base model,465

whereas Forward-KL yields only a 28.5% reduc-466

tion. On Step-Audio2-mini, CORD achieves a467

44.8% gap reduction, while Forward-KL leads to468

only a 10.5% reduction.469

In addition, by comparing results between differ-470

ent models, we observe a clear trend: Step-Audio2-471

mini benefits more from CORD (44.8% → 41.6%),472

exhibiting larger gap reductions and stronger473

alignment. This suggests that a stronger text-474

conditioned teacher leads to more effective cross-475

modal alignment. This observation indicates that476

CORD naturally scales with the quality of the477

base LALM and can more effectively exploit im-478

provements in text reasoning to enhance audio-479

conditioned performance.480

Emergent Cross-domain Generalization. Al-481

though CORD is trained exclusively on a math-482

focused dataset, both models exhibit more pro-483

nounced improvements on general-domain bench-484

marks such as MMSU and OBQA than on the485

math-intensive GSM8K benchmark. This observa-486

Method Music Sound Speech Avg.

Base Model 58.98 64.74 58.73 60.81
+ SFT 56.29 64.44 51.51 57.39
+ Forward KL 55.99 61.70 53.01 56.90
+ CORD (ours) 60.18 64.44 55.42 60.01

Table 2: Fine-grained performance on the MMAU
benchmark across music, sound, and speech categories
based on Qwen2-Audio-7B-Instruct.

tion indicates that CORD does not merely acquire 487

domain-specific knowledge, but instead learns a 488

transferable meta-capability of cross-modal align- 489

ment. 490

Preserving Auxiliary Audio Capabilities. Ta- 491

ble 2 shows that CORD effectively preserves gen- 492

eral audio understanding capabilities while align- 493

ing for complex reasoning, whereas baseline meth- 494

ods suffer from significant performance degrada- 495

tion. Specifically, the Forward-KL baseline ex- 496

hibits a noticeable performance tax, with scores 497

dropping by 2.99 points in music and 3.04 points 498

in sound, suggesting that conventional distillation 499

may inadvertently lead to the catastrophic forget- 500

ting of non-speech acoustic patterns. In contrast, 501

CORD demonstrates remarkable robustness: it not 502

only maintains near-parity with the base model 503

in the sound category but even yields a slight im- 504

provement in music. These results indicate that 505

trajectory-level on-policy alignment effectively mit- 506

igates collateral damage to auxiliary audio modal- 507

ities, ensuring a more stable and balanced cross- 508
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Method Step MMSU OBQA GSM8K

Base Model (i) – 36.04 51.20 20.73

Stability Analysis (GRPO only)
+ GRPO (ii) 500 36.92 50.54 35.59
+ GRPO (ii) 1000 27.87 36.48 19.89

Incremental Ablation (Cumulative)
+ GRPO + OPD (iii ) 3000 37.41 51.20 36.12
+ Full (iv) 3000 38.06 52.77 36.20

Table 3: Ablation study of individual components and
training stability. We evaluate the incremental contribu-
tions of: (i) the base model, (ii) sequence-level GRPO,
(iii) On-Policy Distillation (OPD), and (iv) the Full
CORD framework, which integrates all previous mod-
ules with token-level importance weighting for fine-
grained alignment. Red values denote model collapse
where performance falls below the base baseline.

modal alignment that retains pre-trained general509

audio intelligence.510

4.3 Ablation Studies511

We conduct ablation studies to analyze the contribu-512

tion of each component in CORD and to investigate513

the sensitivity of key hyperparameters. All abla-514

tions are performed on Qwen2-Audio-7B-Instruct515

under the same training setup as the main experi-516

ments.517

4.3.1 Component-wise Ablation518

In Table 3, we conduct an incremental ablation519

study to evaluate the efficacy of each module within520

the CORD framework.521

We observe that while initial reinforcement learn-522

ing via GRPO yields performance gains at 500523

steps, it suffers from severe model collapse as train-524

ing extends to 1000 steps. This degradation is most525

pronounced on GSM8K (35.59 → 19.89), where526

performance falls even below the base model base-527

line. Notably, our OPD module acts as a powerful528

regularizer that eliminates this instability, ensuring529

sustained optimization for up to 3000 steps with-530

out quality loss (35.59 → 36.12 in GSM8K). Fi-531

nally, by augmenting OPD with cross-modal token-532

level weighting, the complete CORD framework533

achieves the best overall performance, with an av-534

erage improvement of 6.35 over the base model (i).535

This validates the synergy between stable sequence-536

level reinforcement learning, on-policy anchoring,537

and fine-grained alignment.538
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Figure 3: Sensitivity analysis of the weighting intensity
α and β. To reduce hyperparameter complexity, we set
α = β. The scores represent relative improvements
over the baseline (α = β = 1.0). A value of 2.0 yields
the most consistent gains across all tasks.

4.3.2 Sensitivity to Weighting Intensity 539

To efficiently navigate the hyperparameter space 540

while balancing the contributions of token-level im- 541

portance (α in Equation. 4 ) and positional weight- 542

ing (β in Equation. 5 ), we couple these parameters 543

by setting α = β. As illustrated in Figure 3, the 544

performance across all benchmarks exhibits a char- 545

acteristic bell-shaped trend, achieving an optimal 546

trade-off at α = β = 2.0. This configuration suffi- 547

ciently accentuates pivotal reasoning states without 548

over-concentrating gradients on a sparse subset of 549

tokens, which could otherwise compromise opti- 550

mization stability. In contrast, smaller values (e.g., 551

1.0) revert toward uniform KL optimization, while 552

excessively large values (e.g., 2.5) lead to marginal 553

performance drops due to the over-suppression of 554

long-tail semantic information. Consequently, we 555

adopt α = β = 2.0 as the default setting for all 556

primary experiments. 557

5 Conclusion 558

We introduce CORD, a weighted on-policy cross- 559

modal self-distillation framework designed to 560

bridge the audio–text gap in LALMs. By align- 561

ing audio-conditioned reasoning with text base- 562

lines at both token and sequence levels, CORD 563

employs an importance-aware KL objective and a 564

judge-guided GRPO objective to ensure local se- 565

mantic accuracy and global trajectory consistency. 566

Extensive benchmarks demonstrate that CORD sig- 567

nificantly narrows the modality gap, highlighting 568

on-policy trajectory alignment as a robust paradigm 569

for cross-modal alignment. 570
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6 Limitations571

Despite the significant performance gains achieved572

by CORD, our study has several limitations. First,573

due to computational resource constraints, our574

framework was primarily evaluated on a dataset of575

80,000 instances focused on mathematical reason-576

ing. While this scale is sufficient to demonstrate the577

efficacy of our method, exploring the behavior of578

CORD under larger and more diverse multimodal579

data remains an important direction for future work.580

Second, the current experiments are largely cen-581

tered on audio understanding benchmarks. The582

generalizability of our importance-aware weight-583

ing and on-policy distillation to broader, more di-584

verse domains, such as general audio-visual scene585

understanding.586
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we generate a single on-policy rollout per prompt 779

at each update step. In contrast, for GRPO, we sam- 780

ple a group of four rollouts per prompt (group size 781
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is set to 200 tokens. All models are optimized us- 783

ing the AdamW optimizer with a learning rate of 784

3× 10−5 and share the same training schedule and 785

decoding configurations unless otherwise specified. 786
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For rollout sampling, we use a temperature of 1.0787

for CORD and Forward-KL, while a higher tem-788

perature of 1.5 is adopted for GRPO to encourage789

trajectory diversity. For the token-level alignment790

objective, we fix the KL-based importance scaling791

factor and the positional decay factor to α = 2 and792

β = 2, respectively, in all experiments.793
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