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Abstract

Large Audio Language Models (LALMs) have
garnered significant research interest. Despite
being built upon text-based large language mod-
els (LLMs), LALMs frequently exhibit a degra-
dation in knowledge and reasoning capabili-
ties. We hypothesize that this limitation stems
from the failure of current training paradigms
to effectively bridge the acoustic-semantic gap
within the feature representation space. To
address this challenge, we propose CORD, a
unified alignment framework that performs on-
line cross-modal self-distillation. Specifically,
it aligns audio-conditioned reasoning with its
text-conditioned counterpart within a unified
model. Leveraging the text modality as an inter-
nal teacher, CORD performs multi-granularity
alignment throughout the audio rollout process.
At the token level, it employs on-policy re-
verse KL divergence with importance-aware
weighting to prioritize early and semantically
critical tokens. At the sequence level, CORD
introduces a judge-based global reward to opti-
mize complete reasoning trajectories via Group
Relative Policy Optimization (GRPO). Empiri-
cal results across multiple benchmarks demon-
strate that CORD consistently enhances audio-
conditioned reasoning and substantially bridges
the audio–text performance gap with only 80k
synthetic training samples, validating the effi-
cacy and data efficiency of our on-policy, multi-
level cross-modal alignment approach.

1 Introduction

Large Language Models (LLMs) (Qwen et al.,
2025; DeepSeek-AI et al., 2025; OpenAI, 2025)
have demonstrated exceptional semantic under-
standing capabilities, sparking research to extend
this intelligence to multimodal domains through
end-to-end processing. In the audio domain, most
state-of-the-art Large Audio-Language Models
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(LALMs) (Chu et al., 2023, 2024; Wu et al., 2025;
Ding et al., 2025; Zeng et al., 2024; Fang et al.,
2024) are built upon pretrained text-based LLMs
by incorporating an audio encoder (Radford et al.,
2022) and a modality alignment module. Raw au-
dio signals are first encoded into acoustic represen-
tations, which are then projected into the LLM’s
embedding space through audio-text paired super-
vision. This paradigm implicitly assumes that train-
ing on audio-text interleaved data is sufficient to
align audio and text into a unified semantic space.

However, recent studies (Wang et al., 2024;
Cuervo et al., 2025) have revealed a persistent
performance disparity between the two modali-
ties. Despite receiving semantically equivalent in-
puts, LALMs often exhibit markedly inferior per-
formance on audio-conditioned tasks compared
to their text-conditioned counterparts. This gap
is particularly pronounced in data-constrained
regimes (Chu et al., 2024; Wu et al., 2025; Xu et al.,
2025), where limited training samples expose the
limitations of existing alignment mechanisms and
highlight the need for more data-efficient cross-
modal alignment.

Several recent approaches have attempted to im-
prove audio-conditioned reasoning performance,
primarily through supervised fine-tuning with la-
beled speech data or knowledge distillation from
external text-based teachers. Despite their progress,
these methods suffer from three fundamental limi-
tations. (1) Limited scalability. Supervised fine-
tuning (He et al., 2024; Minixhofer et al., 2025)
relies on large-scale, high-quality annotated speech
data, which is expensive to collect and difficult to
scale across diverse tasks and domains. (2) Off-
policy distillation and distribution mismatch.
Teacher-based distillation methods (Cuervo et al.,
2025; Wang et al., 2024; Tseng et al., 2025) typi-
cally provide supervision along the teacher’s text-
generation trajectories, rather than the student’s
actual audio-conditioned inference states. This off-
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policy supervision leads to distribution mismatch
and limits the ability to correct accumulated audio-
specific reasoning errors. (3) Uniform token-level
supervision. Conventional KL-based distillation
treats all tokens equally (Wang et al., 2025; Li
et al., 2025; Tseng et al., 2025), failing to empha-
size semantically critical tokens that drive cross-
modal misalignment, and lacking sequence-level
constraints to explicitly regulate global reasoning
trajectories.

To address these challenges, we propose CORD
(Cross-modal Weighted On-policy Reward-guided
Distillation), a unified alignment framework that
performs online cross-modal self-distillation with-
out relying on any external teacher. CORD lever-
ages the model’s internal text modality as an
in-model teacher and conducts multi-granularity
distillation along the student model’s real audio-
conditioned reasoning trajectories. By construct-
ing on-policy alignment objectives based on au-
dio modality rollouts, CORD directly aligns audio-
conditioned reasoning behavior with its text-
conditioned counterpart within a unified model ar-
chitecture.

At the token level, CORD introduces a fine-
grained weighting mechanism that prioritizes to-
kens exhibiting high cross-modal divergence as
well as those appearing at early stages of reason-
ing, where semantic deviations are more likely to
propagate and dominate the final outcome. This
weighted reverse KL objective enables targeted
correction of modality-specific reasoning errors.
At the sequence level, CORD formulates a cross-
modal reward function and employs Group Relative
Policy Optimization (GRPO) (Shao et al., 2024) to
align complete reasoning trajectories, encouraging
the audio modality to follow reasoning policies
consistent with the text modality.

Extensive experiments on multiple reasoning
benchmarks demonstrate that CORD substan-
tially improves audio-conditioned reasoning per-
formance. In particular, CORD reduces the audio–
text performance gap by an average of 41.6%
on Qwen2-Audio-7B-Instruct and 44.8% on Step-
Audio2-mini, significantly outperforming conven-
tional distillation baselines. On several tasks,
CORD nearly eliminates the modality gap alto-
gether, indicating that on-policy cross-modal self-
distillation with an internal teacher provides an
effective and scalable solution for mitigating rea-
soning degradation in LALMs.

Our contributions can be summarized as follows:

• Internal on-policy cross-modal self-
distillation. We propose CORD, a fully
in-model, weighted on-policy cross-modal
self-distillation framework that aligns audio-
conditioned reasoning with text-conditioned
behavior without relying on any external
teacher, avoiding off-policy mismatch and
architecture-induced noise.

• Multi-granularity alignment of reasoning
trajectories. CORD jointly enforces token-
level and sequence-level alignment by empha-
sizing semantically critical and early reason-
ing tokens with weighted reverse KL, while
regulating global reasoning trajectories via a
reward-guided GRPO objective.

• Effective reduction of the audio-text rea-
soning gap. We demonstrate that CORD con-
sistently reduces the audio-text gap by over
40% across various backbones, nearly reach-
ing parity with text-conditioned performance
in several reasoning tasks.

2 Related Work

2.1 Audio-Text Alignment in LALMs

While cascaded ASR–LLM pipelines largely pre-
serve text-domain performance, they discard
speaker and paralinguistic cues essential for speech
interaction (Maimon et al., 2025) , prompting re-
cent work on end-to-end LALMs (Tang et al., 2024;
Chu et al., 2024; Xie and Wu, 2024). However,
despite architectural advances, such models consis-
tently underperform text-based LLMs on language
understanding and reasoning benchmarks, reveal-
ing a persistent text–speech understanding gap (Cui
et al., 2025) . Existing approaches mainly attempt
to reduce this gap via representation-level cross-
modal alignment or large-scale synthetic speech
data augmentation (Held et al., 2025), but often
show limited gains on broad reasoning tasks or rely
on massive proprietary datasets that hinder repro-
ducibility (Zeng et al., 2025) .

2.2 On Policy Distillation

On-policy distillation (OPD) trains a student us-
ing supervision computed on the student’s own
rollouts, rather than on teacher-generated trajecto-
ries. Agarwal et al. (2024) introduces this paradigm
for language models, showing that supervising at
the student’s prefixes can correct error cascades
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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.

that would not be exposed under teacher trajecto-
ries. MiniLLM (Gu et al., 2025) further develops
on-policy knowledge distillation for compressing
LLMs, emphasizing that matching behaviors on stu-
dent trajectories can yield strong performance with
a smaller student. Recently, some works (Yang
et al., 2025; Lu and Lab, 2025; Chen et al., 2025)
reports that on-policy distillation can reach compa-
rable reasoning performance to RL-style alignment
at a fraction of the training cost under their training
recipe. Beyond white-box settings, Ye et al. (2025)
study black-box on-policy distillation where only
teacher API access is available, proposing mech-
anisms to stabilize on-policy supervision without
full teacher internals.

3 Method

In this section, we present CORD (Cross-modal
Weighted On-policy Reward-guided Distillation), a
framework designed to bridge the performance gap
in LALMs by aligning audio-conditioned reasoning
trajectories with their text-conditioned counterparts.
Unlike static or off-policy supervision, CORD en-
forces alignment along the model’s actual inference
paths using an in-model teacher strategy. As shown
in Figure 1, CORD employs a multi-granularity
alignment approach consisting of two complemen-
tary objectives:

• Token-level alignment corrects fine-grained
semantic deviations at each decoding step us-
ing importance-weighted KL.

• Sequence-level alignment enforces global
consistency across entire trajectories via
GRPO.

By combining local step-wise correction with
global trajectory regulation, CORD provides a uni-
fied framework for cross-modal alignment. In the
following, we detail the problem formulation, the
specific alignment objectives, and provide a com-
prehensive analysis of the underlying mechanisms
that ensure training stability and semantic fidelity.

3.1 Problem Formulation
Given semantically equivalent audio and text in-
puts (xa, xt), a LALM pθ induces autoregressive
distributions over output sequences y:

pθ(y | x) =
T∏

t=1

pθ(yt | y<t, x), x ∈ {xa, xt}.

(1)
Empirically, LALMs often exhibit divergent behav-
iors across modalities despite identical input se-
mantics. CORD aims to minimize this discrepancy
by explicitly constraining the audio-conditioned
inference trajectories y ∼ pθ(· | xa), rather than
merely matching marginal output distributions.

3.2 On-policy Cross-modal Distillation
As shown in Figure 1, CORD aligns the model’s
cross-modal behavior along trajectories sampled
from its current policy. For each xa, we sample
y ∼ pθ(· | xa) to obtain an on-policy decoding
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trajectory. At each step t, the model induces two
distributions over the vocabulary V conditioned
on the same prefix y<t: pθ(· | y<t, x

a) and pθ(· |
y<t, x

t).
To quantify the discrepancy at each state, we

employ Reverse Kullback–Leibler (KL) Diver-
gence:

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)
Compared to forward KL, reverse KL places

stronger emphasis on high-probability tokens un-
der the text-conditioned distribution, encouraging
the audio-conditioned policy to recover critical rea-
soning decisions made by the text modality. When
applied on-policy along audio-conditioned trajec-
tories, this formulation enables targeted correction
of semantic deviations that arise during audio in-
ference, rather than enforcing global distributional
matching.

3.3 Analysis of Cross-modal Discrepancy

To motivate the design of CORD, we first investi-
gate the reasoning behavior of LALMs under audio
and text modalities. Let y = (y1, . . . , yT ) denote a
sequence sampled from the audio-conditioned pol-
icy pθ(· | xa). At each decoding step t, given the
same prefix y<t, the model induces two conditional
token distributions over the vocabulary V : one con-
ditioned on audio input xa, and the other on text
input xt. We quantify their discrepancy using the
token-level Kullback–Leibler divergence Dt.

A common practice is to uniformly average
token-level KL divergences,

1

T

T∑

t=1

Dt. (3)

This approach implicitly assumes that all tokens
contribute equally to cross-modal alignment. How-
ever, our empirical analysis on the MMSU bench-
mark reveals that the distribution of Dt is highly
skewed and non-uniform.

As illustrated in Figure 2, the distribution of
Dt is highly skewed: most tokens exhibit very
small divergence, while only a small number of
critical tokens have substantially larger KL values.
Specifically, we visualize the reverse KL distri-
bution on the MMSU benchmark to investigate

this phenomenon. As illustrated in Figure 2 (top-
left), the distribution follows a heavy-tailed pat-
tern, where the 80th percentile corresponds to a
remarkably low divergence of only 0.23. This in-
dicates that the vast majority of tokens are already
well-aligned across modalities. Furthermore, the
scatter plot (bottom-left) shows that these high-
discrepancy states are concentrated in early decod-
ing stages (r = −0.139). Misalignments at these
pivotal early states often trigger a cascade effect,
leading to cumulative reasoning failures.

In contrast, the word clouds in Figure 2(a) re-
veal that high-KL tokens are predominantly con-
centrated on semantically critical reasoning words
and multiple-choice options (e.g., A, B). The mis-
alignment at these pivotal states is a primary driver
of incorrect responses; moreover, errors occurring
at these early high-discrepancy tokens tend to trig-
ger a cascade effect, leading to cumulative failures
in subsequent decoding steps.

As a result, uniform averaging leads to a low
overall loss magnitude, causing gradients from
high-KL tokens to be diluted by numerous low-KL
tokens. This weakens corrective updates precisely
at positions that dominate semantic misalignment.
To address this issue, we introduce an importance-
aware token-level weighting scheme.

3.4 Importance-aware Token-level Alignment
To address the gradient dilution issue, CORD in-
troduces a multi-dimensional weighting scheme
that prioritizes semantically critical and early-stage
tokens.

Top-K KL-based Importance Weighting. We
first select the K tokens with the largest divergence
values, where K = 20 in all experiments. Let I∗

K

denote the index set of the top-K tokens ranked by
Dt. We define a KL-based importance weight

wKL
t =

{
α, t ∈ I∗

K ,

1, otherwise,
(4)

where α > 1 is a hyperparameter that controls the
strength of emphasis on high-divergence tokens.
This hard selection prevents low-divergence tokens
from dominating the optimization and ensures that
gradient updates focus on tokens that exhibit sig-
nificant cross-modal semantic mismatch.

Sequential Decay Weighting. We further ob-
serve that early decoding errors are more detri-
mental than later ones: once an incorrect semantic
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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.

decision is made at an early step, subsequent tokens
are unlikely to fully correct the reasoning trajec-
tory. To emphasize early alignment, we introduce a
position-dependent decay weight. Specifically, we
assign a higher weight to earlier tokens and linearly
decay it over time:

wpos
t = β−(β−1)

t− 1

T − 1
, t = 1, . . . , T, (5)

where β > 1 is a hyperparameter controlling the
relative importance of early decoding steps. This
formulation ensures that wpos

1 = β and wpos
T = 1.

Final Token-level Alignment Objective. The
final token weight is defined as the product of the
KL-based importance weight and the positional
decay weight:

wt = wKL
t · wpos

t (6)

The token-level alignment loss is then given by

Ltok = Ey∼pθ(·|xa)

[
T∑

t=1

wt, Dt

]
(7)

This objective amplifies supervision on a small
set of semantically critical tokens while prioritizing
early decoding stages, effectively mitigating gradi-
ent dilution and improving cross-modal reasoning
alignment.

3.5 Sequence-level Alignment via
Reward-guided Optimization

While token-level alignment corrects local seman-
tic deviations, it does not explicitly constrain global
reasoning behavior. In practice, locally aligned
token distributions may still lead to globally in-
consistent or incorrect final answers. To address
this limitation, CORD introduces a sequence-level
alignment objective that provides global supervi-
sion over complete audio-conditioned reasoning
trajectories.

Judge-based Global Alignment Reward. Given
an audio input xa and its semantically equivalent
text input xt, we sample an audio-conditioned out-
put sequence y ∼ pθ(· | xa) and generate a text-
conditioned reference ŷ ∼ pθ(· | xt). We employ
a judge model J(·, ·) to directly evaluate whether
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the two sequences are semantically aligned at the
answer level. The judge produces a binary reward:

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

where rseq = 1 indicates that the audio-conditioned
answer is judged to be semantically consistent with
the text-conditioned answer, and rseq = 0 other-
wise. This reward captures global reasoning align-
ment beyond local token-wise similarity.

GRPO Optimization. To optimize the model un-
der this sequence-level reward, we adopt Group
Relative Policy Optimization (GRPO). For each
audio input xa, we sample a group of N on-
policy trajectories {y(i)}Ni=1 from the current policy
pθ(· | xa). Each trajectory is evaluated by the judge
model, yielding rewards {r(i)seq}Ni=1.

GRPO computes a relative advantage by compar-
ing each trajectory’s reward to the group average:

A(i) = r
(i)
seq −

1

N

N∑

j=1

r
(j)
seq. (9)

Following the approach in DAPO (Yu et al.,
2025), we omit the explicit KL divergence penalty.
Consequently, the sequence-level optimization ob-
jective is defined as:

Lseq = −E{y(i)}

[
1

N

N∑

i=1

A(i) log pθ

(
y(i) | xa

)]
.

(10)
By optimizing this objective, the model increases

the likelihood of audio-conditioned trajectories that
achieve higher global alignment rewards relative to
other on-policy rollouts. Crucially, GRPO operates
entirely on-policy, ensuring that global supervision
is applied to the exact inference states encountered
during audio-conditioned reasoning.

Together with token-level alignment, this judge-
guided GRPO objective explicitly constrains global
reasoning outcomes and mitigates failure cases
where locally aligned tokens still result in semanti-
cally inconsistent answers.

3.6 Overall Objective
CORD jointly optimizes local and global alignment
objectives:

LCORD = Ltok + Lseq, (11)

where Lseq denotes the GRPO-based sequence-
level loss.

4 Experiments

4.1 Experimental Setting

Baselines. In our experiments, we adopt
Qwen2-Audio-7B-Instruct (Chu et al., 2024)
and Step-Audio-2-Mini (Wu et al., 2025) as
base models. Following the previous distillation
method (Cuervo et al., 2025), We implement two
distillation objectives using teacher rollouts:

• Supervised Fine-Tuning (SFT): Given a
teacher rollout y ∼ pθ(· | xt), the student
is optimized to maximize the likelihood of the
audio-conditioned trajectory:

LSFT = −Ey∼ptθ




|y|∑

t=1

log paθ,t


 (12)

• Forward KL Divergence: We minimize the
distribution discrepancy between modalities
over teacher rollouts:

LFKL = KL
(
pθ(· | y<t, x

t)
∥∥ pθ(· | y<t, x

a)
)

(13)

Dataset. We curate 80,000 instances from Numi-
naMath (LI et al., 2024) to construct our training
data. By employing the Kokoro (hexgrad, 2024)
model to synthesize audio for each text instruction,
we generate semantically equivalent pairs across
the text and audio modalities.

Judge Model. Our judge model for GRPO was
developed by distilling the evaluation outputs of
proprietary frontier models on millions of text-
based instruction-following samples. This judge
model exhibits exceptional performance, with self-
evaluation accuracy consistently exceeding 99%.

Evaluation Benchmarks. To evaluate the
model’s knowledge-based question answering
capabilities, we utilize MMSU and OpenBookQA
(OBQA) from VoiceBench (Chen et al., 2024).
GSM8K (Cobbe et al., 2021) is employed to assess
the model’s mathematical reasoning performance.
Furthermore, we adopt MMAU (Sakshi et al.,
2024) to evaluate acoustic and paralinguistic
reasoning; this benchmark is further categorized
into three distinct subsets: Music, Speech, and
Sound.

Experimental Details. Please refer to Ap-
pendix A for more details.
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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.

4.2 Main Results

Tables 1 and 2 report the performance of CORD
across multiple benchmarks using two representa-
tive LALMs, Qwen2-Audio-7B-Instruct and Step-
Audio2-mini. The results show that CORD substan-
tially reduces the performance gap between audio
and text modalities, while effectively preserving
auxiliary audio capabilities beyond speech.

Cross-modal gap reduction. As shown in Ta-
ble 1, CORD achieves consistent and substantial re-
ductions in the audio–text performance gap across
both backbone models. Across all benchmarks,
CORD consistently outperforms SFT and Forward-
KL, demonstrating the effectiveness of on-policy,
trajectory-level alignment. Specifically, on Qwen2-
Audio-7B-Instruct, CORD reduces the average au-
dio–text gap by 41.6% relative to the base model,
whereas Forward-KL yields only a 28.5% reduc-
tion. On Step-Audio2-mini, CORD achieves a
44.8% gap reduction, while Forward-KL leads to
only a 10.5% reduction.

In addition, by comparing results between differ-
ent models, we observe a clear trend: Step-Audio2-
mini benefits more from CORD (44.8% → 41.6%),
exhibiting larger gap reductions and stronger
alignment. This suggests that a stronger text-
conditioned teacher leads to more effective cross-
modal alignment. This observation indicates that
CORD naturally scales with the quality of the
base LALM and can more effectively exploit im-
provements in text reasoning to enhance audio-
conditioned performance.

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.

Emergent Cross-domain Generalization. Al-
though CORD is trained exclusively on a math-
focused dataset, both models exhibit more pro-
nounced improvements on general-domain bench-
marks such as MMSU and OBQA than on the
math-intensive GSM8K benchmark. This observa-
tion indicates that CORD does not merely acquire
domain-specific knowledge, but instead learns a
transferable meta-capability of cross-modal align-
ment.

Preserving Auxiliary Audio Capabilities. Ta-
ble 2 shows that CORD effectively preserves gen-
eral audio understanding capabilities while align-
ing for complex reasoning, whereas baseline meth-
ods suffer from significant performance degrada-
tion. Specifically, the Forward-KL baseline ex-
hibits a noticeable performance tax, with scores
dropping by 2.99 points in music and 3.04 points
in sound, suggesting that conventional distillation
may inadvertently lead to the catastrophic forget-
ting of non-speech acoustic patterns. In contrast,
CORD demonstrates remarkable robustness: it not

31608



only maintains near-parity with the base model
in the sound category but even yields a slight im-
provement in music. These results indicate that
trajectory-level on-policy alignment effectively mit-
igates collateral damage to auxiliary audio modal-
ities, ensuring a more stable and balanced cross-
modal alignment that retains pre-trained general
audio intelligence.

4.3 Ablation Studies

We conduct ablation studies to analyze the contribu-
tion of each component in CORD and to investigate
the sensitivity of key hyperparameters. All abla-
tions are performed on Qwen2-Audio-7B-Instruct
under the same training setup as the main experi-
ments.

4.3.1 Component-wise Ablation
In Table 3, we conduct an incremental ablation
study to evaluate the efficacy of each module within
the CORD framework.

We observe that while initial reinforcement learn-
ing via GRPO yields performance gains at 500
steps, it suffers from severe model collapse as train-
ing extends to 1000 steps. This degradation is most
pronounced on GSM8K (35.59 → 19.89), where
performance falls even below the base model base-
line. Notably, our OPD module acts as a powerful
regularizer that eliminates this instability, ensuring
sustained optimization for up to 3000 steps with-
out quality loss (35.59 → 36.12 in GSM8K). Fi-
nally, by augmenting OPD with cross-modal token-
level weighting, the complete CORD framework
achieves the best overall performance, with an av-
erage improvement of 6.35 over the base model (i).
This validates the synergy between stable sequence-
level reinforcement learning, on-policy anchoring,
and fine-grained alignment.

4.3.2 Sensitivity to Weighting Intensity
To efficiently navigate the hyperparameter space
while balancing the contributions of token-level im-
portance (α in Equation. 4 ) and positional weight-
ing (β in Equation. 5 ), we couple these parameters
by setting α = β. As illustrated in Figure 3, the
performance across all benchmarks exhibits a char-
acteristic bell-shaped trend, achieving an optimal
trade-off at α = β = 2.0. This configuration suffi-
ciently accentuates pivotal reasoning states without
over-concentrating gradients on a sparse subset of
tokens, which could otherwise compromise opti-
mization stability. In contrast, smaller values (e.g.,

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.
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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.

1.0) revert toward uniform KL optimization, while
excessively large values (e.g., 2.5) lead to marginal
performance drops due to the over-suppression of
long-tail semantic information. Consequently, we
adopt α = β = 2.0 as the default setting for all
primary experiments.

5 Conclusion

We introduce CORD, a weighted on-policy cross-
modal self-distillation framework designed to
bridge the audio–text gap in LALMs. By align-
ing audio-conditioned reasoning with text base-
lines at both token and sequence levels, CORD
employs an importance-aware KL objective and a
judge-guided GRPO objective to ensure local se-
mantic accuracy and global trajectory consistency.
Extensive benchmarks demonstrate that CORD sig-
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nificantly narrows the modality gap, highlighting
on-policy trajectory alignment as a robust paradigm
for cross-modal alignment.

6 Limitations

Despite the significant performance gains achieved
by CORD, our study has several limitations. First,
due to computational resource constraints, our
framework was primarily evaluated on a dataset of
80,000 instances focused on mathematical reason-
ing. While this scale is sufficient to demonstrate the
efficacy of our method, exploring the behavior of
CORD under larger and more diverse multimodal
data remains an important direction for future work.
Second, the current experiments are largely cen-
tered on audio understanding benchmarks. The
generalizability of our importance-aware weight-
ing and on-policy distillation to broader, more di-
verse domains, such as general audio-visual scene
understanding.
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A Experiment Details

For CORD and Forward-KL distillation baselines,
we generate a single on-policy rollout per prompt
at each update step. In contrast, for GRPO, we sam-
ple a group of four rollouts per prompt (group size
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N=4). The maximum generated sequence length
is set to 200 tokens. All models are optimized us-
ing the AdamW optimizer with a learning rate of
3× 10−5 and share the same training schedule and
decoding configurations unless otherwise specified.
For rollout sampling, we use a temperature of 1.0
for CORD and Forward-KL, while a higher tem-
perature of 1.5 is adopted for GRPO to encourage
trajectory diversity. For the token-level alignment
objective, we fix the KL-based importance scaling
factor and the positional decay factor to α = 2 and
β = 2, respectively, in all experiments.
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