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Abstract

Recent advances in large language models (LLMs) have
shown remarkable capabilities across textual and multi-
modal domains. In parallel, large language diffusion mod-
els have emerged as a promising alternative to the autore-
gressive paradigm, offering improved controllability, bidi-
rectional context modeling, and robust generation. However,
their application to the audio modality remains underex-
plored. In this work, we introduce DIFFA, the first diffusion-
based large audio-language model designed to perform spo-
ken language understanding. DIFFA integrates a frozen dif-
fusion language model with a lightweight dual-adapter ar-
chitecture that bridges speech understanding and natural lan-
guage reasoning. We employ a two-stage training pipeline:
first, aligning semantic representations via an ASR objective;
then, learning instruction-following abilities through syn-
thetic audio-caption pairs automatically generated by prompt-
ing LLMs. Despite being trained on only 960 hours of ASR
and 127 hours of synthetic instruction data, DIFFA demon-
strates competitive performance on major benchmarks, in-
cluding MMSU, MMAU, and VoiceBench, outperforming
several autoregressive open-source baselines. Our results re-
veal the potential of large language diffusion models for effi-
cient and scalable audio understanding, opening a new direc-
tion for speech-driven AI.

Code — https://github.com/NKU-HLT/DIFFA
Extended version — https://arxiv.org/abs/2507.18452

1 Introduction
Large language models (LLMs) have catalyzed a paradigm
shift in artificial intelligence, pushing the frontiers of nat-
ural language understanding, computer vision, and multi-
modal reasoning. In the domain of speech and audio pro-
cessing, large audio-language models (LALMs) have simi-
larly benefited from these advances in LLMs. By bridging
continuous acoustic signals with discrete linguistic repre-
sentations, LALMs enable end-to-end modeling of spoken
interaction. This capability not only advances fundamental
research in speech understanding and generation, but also
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Figure 1: DIFFA vs. Qwen2-Audio-Instruct. The abbre-
viations correspond to MMSU benchmark’s capabilities:
Perception-Semantics (Percep-Sem), Perception-Phonology
(Percep-Phon), Perception-Paralinguistics (Percep-Paral),
Reasoning-Semantics (Reason-Sem), Reasoning-Phonology
(Reason-Phon), and Reasoning-Paralinguistics (Reason-
Paral).

opens up practical opportunities for building more natural,
robust, and versatile human-computer communication sys-
tems.

Existing LALMs typically follow two design paradigms.
The first couples a speech encoder with an LLM, of-
ten through lightweight adapters that project continuous
acoustic representations into the input space of the lan-
guage model (e.g., Qwen2-Audio (Chu et al. 2024), Audio-
Flamingo (Kong et al. 2024a)). The second discretizes au-
dio into speech tokens via speech tokenizers and subse-
quently trains directly on these tokens under the LLM
training paradigm (e.g., SpeechGPT (Zhang et al. 2023),
Moshi (Défossez et al. 2024)). Despite their strong results,
both paradigms predominantly rely on autoregressive (AR)
decoding, which suffers from well-known drawbacks such
as exposure bias, slow generation, and limited flexibility for
bidirectional or partially conditioned inference.
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To address these limitations, diffusion large language
models (dLLMs) 1 (Austin et al. 2021; Shi et al. 2024)
have emerged as a promising alternative. By framing gener-
ation as an iterative denoising process, dLLMs support non-
autoregressive decoding, parallel prediction, and improved
controllability(Shi et al. 2024). Recent advances such as
LLaDA (Nie et al. 2025) demonstrate that dLLMs can ri-
val autoregressive counterparts like LLaMA-3 (Dubey et al.
2024), while exhibiting stronger robustness and training ef-
ficiency. Furthermore, LLaDA-V (You et al. 2025) extends
this paradigm to vision–language tasks, confirming the com-
petitiveness and generality of diffusion modeling in multi-
modal learning.

However, the audio modality remains notably underex-
plored in the context of dLLMs. While such models have
demonstrated promising results in text domains, their appli-
cability to audio-language understanding has not been sys-
tematically investigated. The unique characteristics of au-
dio—such as acoustic variability, complex temporal struc-
tures, and rich paralinguistic information—motivate an ex-
ploration into whether dLLMs can be effectively extended
to this domain with their flexible decoding mechanisms and
bidirectional context modeling.

To bridge this gap, we explore the potential of adapting
large language diffusion models for audio understanding.
Specifically, we investigate whether such models can effec-
tively process audio inputs and perform on par with, or sur-
pass, strong autoregressive LALMs. Toward this goal, we
introduce DIFFA, a DIFFusion-based large Audio-language
framework. DIFFA adopts a modular and efficient design: a
pretrained speech encoder (Whisper (Radford et al. 2023)),
two lightweight adapters (semantic and acoustic), and a
frozen diffusion-based LLM. To avoid catastrophic forget-
ting, we train only the adapters and keep both the lan-
guage model and speech encoder frozen. The training proce-
dure is divided into two stages: first, we align the semantic
adapter under an ASR objective using LibriSpeech (Panay-
otov et al. 2015); then, we fine-tune both adapters on syn-
thetic instruction data using the “What can you hear from
the audio?” prompting scheme inspired by the DESTA-2 (Lu
et al. 2025). Figure 1 visually compares the performance of
DIFFA and Qwen2-Audio-Instruct across multiple bench-
marks. Notably, DIFFA attains competitive outcomes using
merely 960 hours of ASR data and 127 hours of synthetic
data, whereas Qwen2-Audio-Instruct depends on a far larger
dataset of 510,000 hours.

Our contributions are summarized as follows:

• We propose the first diffusion-based LALM, DIFFA, en-
abling large-scale audio-text understanding without rely-
ing on autoregressive modeling.

• We introduce a dual-adapter training framework and a
two-stage training strategy that aligns speech representa-
tions to a frozen diffusion LLM, supporting audio under-

1In this paper, the terms large language diffusion model and
diffusion large language model (dLLM) are used interchangeably
to describe the same concept, consistent with common usage in
prior work.

standing and instruction following without explicit super-
vised fine-tuning data.

• Despite using only 960 hours of ASR data, 127
hours of synthetic instruction data and 72 A800 GPU
hours, DIFFA achieves competitive performance across
multiple benchmarks, including MMSU, MMAU, and
VoiceBench.

• We will release the training pipeline, inference code, and
data generation scripts to promote research on diffusion-
based LALMs with minimal compute and data require-
ments.

2 Related Work
Large Audio-Language Models (LALMs). Existing
LALMs generally adopt one of two design paradigms. The
first integrates a speech encoder with an LLM through
lightweight adapters that map continuous acoustic fea-
tures into the language model’s input space (e.g., Qwen2-
Audio (Chu et al. 2024), Qwen2.5-Omni (Xu et al. 2025),
SALMONN (Tang et al. 2024a), Audio-Flamingo (Kong
et al. 2024a)). The second discretizes speech into tokens us-
ing quantizers or self-supervised encoders, and feeds these
tokens to the LLM as an additional input stream (e.g.,
SpeechGPT (Zhang et al. 2023), Moshi (Défossez et al.
2024)). While effective, both paradigms are predominantly
built upon autoregressive (AR) decoding.

Large Language Diffusion Models. Diffusion-LM (Shi
et al. 2024; Sahoo et al. 2024) generate text by iterative de-
noising. LLaDA (Nie et al. 2025) scales diffusion models to
LLMs with likelihood-based training, and LLaDA-V (You
et al. 2025) extends it to vision. Large language diffusion
models offer bidirectional, parallel decoding—yet remain
unexplored in the audio domain.

Supervision-Efficient Modality Alignment. Efforts
such as DESTA (Zhang et al. 2023; Lu et al. 2025) and
BLSP (Wang et al. 2023) align speech and text using syn-
thetic instructions (e.g., “What can you hear from the au-
dio?”) without human annotation. While prior models use
cascaded ASR+LLM pipelines, our model performs end-to-
end instruction following via dual adapters and a frozen dif-
fusion LLM.

3 Methods
In this section, we present the overall framework of our pro-
posed DIFFA, including its formulation, data construction,
training strategy, and inference procedure.

3.1 Preliminaries
LLaDA (Nie et al. 2025) is a non-autoregressive language
modeling paradigm that introduces a discrete random mask-
ing process and learns a mask predictor to approximate its
reverse. Unlike traditional autoregressive models, LLaDA
allows for bidirectional dependency modeling and efficient
likelihood-based training.

LLaDA defines a forward masking process to sample a
corrupted sequence xt, where each token is independently
replaced with a special mask token M with probability t ∈
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Figure 2: Training process of our DIFFA framework. Stage 1 performs semantic alignment via an ASR objective, aligning the
speech encoder with the diffusion language model. Stage 2 enables modality alignment by prompting the model to describe
what it hears from the audio, following an audio caption instruction paradigm.

(0, 1]. The mask predictor pθ(x0|xt) is parameterized by
a standard Transformer decoder and trained to reconstruct
masked tokens:

L(θ) ≜ −Et,x0,xt

[
1

t

L∑
i=1

1[xi
t = M] log pθ(x

i
0|xt)

]
, (1)

where L denote the length of target sequence. This ob-
jective yields a tractable upper bound of the negative log-
likelihood (Shi et al. 2024; Ou et al. 2025), enabling parallel
token prediction.

Supervised fine-tuning (SFT) under LLaDA follows a
similar approach. Given a prompt p0 and response r0, the
response tokens are masked independently to obtain rt. The
loss is computed as:

−Et,p0,r0,rt

1

t

L′∑
i=1

1[rit = M] log pθ(r
i
0|p0, rt)

 , (2)

where L′ is the response length.
During inference, LLaDA decodes iteratively from a fully

masked sequence. At each denoising step, the model pre-
dicts masked tokens and re-applies masks to low-confidence
positions, gradually refining predictions over T steps.

3.2 Data Construction
Inspired by the DESTA series, we construct a dataset
by prompting LLaDA-based or instruction-tuned language
models (e.g., LLaMA3, Qwen3) with audio transcriptions:
"[00:01 - 00:03]: "Take the winding path to reach the lake."

(Gender: Female, Accent: American, Emotion: neutral, Du-
ration: 3s . . . ) " and acoustic attributes using the prompt:
"What can you hear from the audio?". The generated re-
sponse serves as the supervision signal, paired with the
corresponding audio. This enables extbfmodality alignment
without any explicit supervised fine-tuning data.

Furthermore, motivated by self-distillation tech-
niques (Yang et al. 2024), we introduce a rewriting
step to mitigate the domain shift arising from different
model pre-training distributions. Specifically, we first
employ Qwen3-8B to generate an initial set of captions.
Subsequently, our LLaDA model rewrites these captions to
align the textural style with its own internal data distribution.
We denote this variant as LLaDA-rewrite-Qwen3.

3.3 Model Architecture and Training Strategy
Let (a0, p0, r0) denote the audio input, textual prompt, and
target response, respectively. We employ a frozen Whisper-
small encoder to extract frame-level acoustic features from
a0, and integrate them into the LLaDA-8B-Instruct back-
bone via two lightweight adapters.:

Semantic Adapter. A 2-layer convolutional network with
a subsampling rate of 4, followed by a 2-layer linear projec-
tion. It compresses the encoder’s 50 Hz output to 12.5 Hz.

Acoustic Adapter. A 2-layer Q-former (Li et al. 2023)
blocks with 64 trainable query vectors. It extracts speech-
specific features from intermediate encoder states.

Two-Stage Training. The whole training process is
shown in Figure 2. In stage 1, the semantic adapter is trained
on 960 hours Librispeech using an ASR-style objective to
align the speech encoder with the language model. In stage
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Figure 3: Inference procedure of DIFFA.

2, both adapters are fine-tuned on our 127-hour synthetic
dataset under the audio captioning objective. The final au-
dio representation is the concatenation of outputs from both
adapters and prepended as prefix tokens to the LLM input.
In both stages, audio and prompt tokens remain unmasked
during training. We use <endoftext> as a padding and
end-of-sequence token during training, which must also be
predicted. The LLaDA model and Whisper encoder remain
frozen throughout. At each training step, the tokens of r0 are
independently replaced with a special mask token M with
probability t ∈ (0, 1]. And then a forward masking process
to sample a corrupted sequence rt. We optimize the model
using a diffusion-style masked prediction objective:

La =− Et,a0,p0,r0,rt1

t

L′∑
i=1

1[rit = M] log pθ(r
i
0 | a0, p0, rt)

 , (3)

where rt is the masked response and L′ is its length.

3.4 Inference Procedure
At inference time, we first pad the prompt and audio input,
then initialize the response rT as a fully masked sequence
of desired length. The model iteratively refines rt over T
denoising steps.

At step t → s, the model predicts masked tokens:
r̂t = argmax pθ(r0|a0, p0, rt), (4)

then re-masks ⌈s/t⌉ proportion of tokens with the lowest
confidence to form rs.

We follow a semi-autoregressive strategy (Nie et al.
2025), generating the sequence block-wise from left to right.
Within each block, tokens are predicted in parallel and par-
tially remasked.

This iterative inference scheme balances generation qual-
ity and efficiency, while maintaining the benefits of paral-
lel decoding and bidirectional context modeling inherent in
diffusion-based LLMs.

Dataset Samples Total Dur. (h)

VCTK-Corpus 20,000 19.91
Accentdb 16,874 19.28
IEMOCAP 20,000 24.82
dailytalk 20,000 18.17
VoxCeleb1 20,000 45.83

Total 96,874 127.01

Table 1: Statistics of Datasets

4 Experimental Setup
4.1 Datasets
In our experiments, we employ only open-source datasets
Librispeech for ASR task in stage 1 and five dataset to con-
struct dataset for Q&A in stage 2: VCTK-Corpus (Yam-
agishi, Veaux, and MacDonald 2019), Accentdb (Ahamad,
Anand, and Bhargava 2020), IEMOCAP (Busso et al. 2008),
dailytalk (Lee, Park, and Kim 2023), VoxCeleb (Nagrani,
Chung, and Zisserman 2017). The details of datasets are pre-
sented in Table 1.

Compared to DESTA-2, our dataset follows a similar con-
struction paradigm but excludes the PromptTTS and Mixed
Noise & Reverb subsets due to lack of access. Our dataset
includes 10 annotated attributes—gender, age, accent, emo-
tion, pitch, volume, speaking speed, duration, intent, and
spoken text—which is slightly fewer than the 12 attributes
used in DESTA-2.

4.2 Model Configuration and Training Setup
For the speech encoder, we adopt the Whisper-Small en-
coder, which contains 88.2 million parameters. As the lan-
guage backbone, we use LLaDA-8B-Instruct, a large lan-
guage diffusion model trained with a masked denoising ob-
jective inspired by diffusion-based frameworks. It is built
upon a Transformer decoder architecture with 32 layers,
32 attention heads, a hidden size of 4096, and approx-
imately 8.1 billion parameters. The architecture follows
LLaMA (Touvron et al. 2023; Dubey et al. 2024), with key
modifications including RMSNorm (Zhang and Sennrich
2019) for normalization, SwiGLU (Shazeer 2020) for non-
linearity, and rotary position embeddings (RoPE) (Su et al.
2024) for positional encoding.

In our experiments, all parameters of LLaDA-8B-Instruct
are frozen. We introduce lightweight trainable adapters to
integrate audio features, following prior work on parameter-
efficient multimodal learning. The semantic adapter contains
14.4 million parameters and the acoustic adapter 22.3 mil-
lion. In Stage 1, we train the semantic adapter using the
LibriSpeech dataset for 10 epochs. We adopt a learning rate
of 1e-4 with 1000 warm-up steps and a global batch size of
128. In Stage 2, both the semantic and acoustic adapters are
jointly trained on our generated dataset for 10 epochs. We
use a learning rate of 5e-5 with 2000 warm-up steps and a
global batch size of 64. All experiments are optimized us-
ing the Adam optimizer and conducted on 4 NVIDIA A800
GPUs with 80GB memory each.
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Models
Perception Reasoning Overall

Semantics Phonology Paralinguistics Avg Semantics Phonology Paralinguistics Avg Avg

Human 87.10 94.32 92.88 91.24 82.16 87.60 89.12 86.77 89.72

Gemini-1.5-Pro (Team et al. 2024) 57.06 53.60 31.23 46.10 79.47 83.46 46.33 76.16 60.68
Qwen2.5-Omni (Xu et al. 2025) 55.12 37.33 39.35 42.50 88.00 81.37 48.36 79.83 60.57
Kimi-Audio (Ding et al. 2025) 57.64 42.30 35.74 43.52 81.77 76.65 55.22 76.03 59.28
MiniCPM (Team 2025) 56.56 34.05 36.48 40.54 80.71 74.72 46.71 73.57 56.53
GPT-4o-Audio (OpenAI et al. 2024) 59.70 41.56 21.44 39.67 80.83 78.74 26.25 71.96 56.38
MERaLiON (He et al. 2024) 54.49 33.69 25.84 35.74 80.32 77.18 41.49 73.68 54.10
Qwen2-Audio-Instruct (Chu et al. 2024) 52.14 32.87 35.56 39.02 77.62 64.81 46.67 68.90 53.27
Gemini-2.0-Flash 47.17 41.30 30.62 40.83 70.69 70.69 36.16 47.83 51.03
Megrez-3B-Omni (Li et al. 2025) 41.36 32.52 26.35 32.48 73.53 66.11 40.42 67.05 49.03
DIVA(Held et al. 2024) 44.36 33.72 27.45 33.95 62.32 74.24 40.00 65.04 48.31
Qwen-Audio-Chat (Chu et al. 2023) 57.21 38.52 24.70 35.69 58.61 59.78 25.60 55.93 46.92
Step-Audio (Huang et al. 2025) 31.56 29.39 24.01 28.72 49.10 50.09 45.27 47.27 37.42
BLSP (Wang et al. 2023) 31.35 20.96 23.75 28.36 47.91 42.31 42.08 44.97 35.96
GLM-4-Voice (Zeng et al. 2024) 27.80 24.52 27.34 26.18 46.10 48.16 44.35 46.76 35.51
Random 24.30 25.70 26.10 24.90 23.80 25.40 25.40 25.02 25.37

DIFFA 52.67 36.65 35.12 40.28 81.53 72.68 45.67 72.92 56.04

Table 2: Performance breakdown on the MMSU benchmark across perception and reasoning dimensions.

Model Sound Music Speech Average

Gemini 2.5 Pro (Comanici et al. 2025) 75.08 68.26 71.47 71.60
Qwen2.5-Omni (Xu et al. 2025) 78.10 65.90 70.60 71.53
Phi-4-multimodal (Abouelenin et al. 2025) 65.47 64.37 67.27 65.70
Audio Flamingo 2 Reasoning (Ghosh et al. 2025) 75.98 74.25 43.54 64.59
GPT-4o Audio (OpenAI et al. 2024) 64.56 56.29 66.67 62.51
Audio Flamingo 2 (Ghosh et al. 2025) 71.47 70.96 44.74 62.39
Qwen2-Audio-Instruct (Chu et al. 2024) 67.27 56.29 55.26 59.61
GPT-4o mini Audio (OpenAI et al. 2024) 50.75 39.22 69.07 53.01
Gemini Pro v1.5 (Team et al. 2024) 56.75 49.40 58.55 52.97
M2UGen (Liu et al. 2023) 43.24 37.13 33.33 37.90
MusiLingo (Deng et al. 2024) 43.24 40.12 31.23 38.20
SALMONN (Tang et al. 2024b) 41.14 37.13 26.43 34.90
MuLLaMa (Liu et al. 2024) 33.03 32.34 17.42 27.60
GAMA-IT (Ghosh et al. 2024) 30.93 26.74 10.81 22.83
GAMA (Ghosh et al. 2024) 31.83 17.71 12.91 20.82
LTU (Gong et al. 2024) 20.42 15.97 15.92 17.44
Audio Flamingo Chat (Kong et al. 2024b) 25.23 17.66 6.91 16.60

DIFFA 46.25 43.41 59.46 49.71

Table 3: Evaluation results on the MMAU benchmark. Each model is assessed across three core audio domains: sound, music,
and speech.

4.3 Benchmarks

MMSU (Wang et al. 2025) is a large-scale benchmark aimed
at evaluating the perception and reasoning capabilities of
SpeechLLMs in authentic spoken language scenarios. It
consists of 5,000 carefully curated audio-question-answer
triplets across 47 diverse tasks, covering a wide spectrum
of linguistic and paralinguistic phenomena—including pho-
netics, prosody, semantics, emotion, and speaker traits.

MMAU (Sakshi et al. 2025) is a benchmark designed
to evaluate advanced audio understanding through human-
annotated multiple-choice questions paired with audio clips.

It covers three core domains—speech, music, and environ-
mental sounds—and targets 27 distinct skills that require
complex reasoning and expert-level knowledge. In our ex-
periments, we use the Test-mini split of MMAU for evalua-
tion.

VoiceBench (Chen et al. 2024b) is a comprehensive
benchmark designed to evaluate the capabilities of LLM-
based voice assistants. It primarily consists of audio queries
synthesized via text-to-speech (TTS) from existing text-
based benchmarks, simulating realistic user interactions in
spoken form.
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Model AlpacaEval CommonEval SD-QA MMSU∗ OBQA IFEval AdvBench Overall

GPT-4o-Audio (OpenAI et al. 2024) 4.78 4.49 75.50 80.25 89.23 76.02 98.65 86.43
Kimi-Audio (Ding et al. 2025) 4.46 3.97 63.12 62.17 83.52 61.10 100.00 76.93
Baichuan-Omni-1.5 (Li et al. 2024) 4.50 4.05 43.40 57.25 74.51 54.54 97.31 71.14
GLM-4-Voice (Zeng et al. 2024) 3.97 3.42 36.98 39.75 53.41 25.92 88.08 55.99
DiVA (Held et al. 2024) 3.67 3.54 57.06 25.76 25.49 39.16 98.27 55.70
Qwen2-Audio (Chu et al. 2024) 3.74 3.43 35.72 35.72 49.45 26.33 96.73 55.34
Step-Audio (Huang et al. 2025) 4.13 3.09 44.21 28.33 33.85 27.96 69.62 49.77
LLaMA-Omni (Fang et al. 2025) 3.70 3.46 39.69 25.93 27.47 14.87 11.35 37.50
VITA (Fu et al. 2024) 3.38 2.15 27.94 25.70 29.01 22.82 26.73 34.68
Slam-Omni (Chen et al. 2024a) 1.90 1.79 4.16 26.06 25.27 13.38 94.23 33.84
Mini-Omni2 (Xie and Wu 2024b) 2.32 2.18 9.31 24.27 26.59 11.56 57.50 31.32
Mini-Omni (Xie and Wu 2024a) 1.95 2.02 13.92 24.69 26.59 13.58 37.12 27.90
Moshi (Défossez et al. 2024) 2.01 1.60 15.64 24.04 25.93 10.12 44.23 27.45

DIFFA 3.78 2.96 34.45 29.57 35.60 26.56 76.54 48.22

Table 4: Evaluation results on VoiceBench. Metrics cover diverse QA and alignment tasks. Note that MMSU∗ in VoiceBench
is derived from MMLU-Pro, which differs from the MMSU benchmark.

5 Experiments
5.1 Evaluation on MMSU
To assess the advanced reasoning abilities of our diffusion-
based model, we evaluate DIFFA on the MMSU bench-
mark, which assesses fine-grained spoken language under-
standing across perception (semantics, phonology, paralin-
guistics) and reasoning dimensions. As shown in Table 2,
our model achieves an average accuracy of 56.04%, high-
lighting its ability to handle a wide range of linguistically
grounded tasks.

Although the overall performance trails top proprietary
models like Gemini-1.5-Pro (60.68%), DIFFA outperforms
many strong autoregressive baselines, such as Qwen2-
Audio-Instruct (53.27%) and Gemini-2.0-Flash (51.03%).
This competitive result, despite relying solely on synthetic
supervision and lightweight adapters, supports the viabil-
ity of diffusion-based approaches for nuanced speech under-
standing.

DIFFA performs particularly well on semantic reasoning
tasks (81.53%), benefiting from its strong language model-
ing backbone and ASR-aligned speech encoder. However,
like most models in the benchmark, it exhibits lower ac-
curacy in phonological and paralinguistic tasks—areas that
demand precise acoustic perception beyond textual seman-
tics. These trends mirror the broader challenges outlined
in the MMSU benchmark, where human-level performance
(89.72%) remains a distant target.

This result provides the first empirical evidence that large
language diffusion models can serve as viable backbones for
large-scale audio-language understanding, even without au-
toregressive decoding. Despite using only 127 hours of syn-
thetic training data—orders of magnitude less than the tens
of thousands of supervised fine-tuning (SFT) hours used by
many baselines—DIFFA demonstrates strong generalization
and reasoning capabilities.

Overall, DIFFA demonstrates robust generalization across
complex linguistic dimensions, establishing a strong
diffusion-based baseline. Future work should focus on en-

hancing the model’s sensitivity to prosodic and phonological
cues to bridge the gap with human-level performance.

5.2 Evaluation on MMAU
We further evaluate DIFFA on the MMAU benchmark,
which tests 27 skills across three audio domains: sound, mu-
sic, and speech. As shown in Table 3, DIFFA achieves an
average accuracy of 49.71%, outperforming several widely
used autoregressive LALMs, such as SALMONN (34.90%),
GAMA-IT (22.83%), and LTU (17.44%). It also approaches
the performance of commercial models like GPT-4o mini
Audio (53.01%) and Gemini Pro v1.5 (52.97%).

A domain-level breakdown shows that DIFFA achieves
the highest performance on speech-related tasks (59.46%),
likely benefiting from its speech-caption-focused training
paradigm. In contrast, models such as Audio Flamingo
2 perform better on music and environmental sounds but
underperform in speech understanding (e.g., 44.74% for
speech), underscoring the advantage of targeted, speech-
centric training.

Overall, these results position DIFFA as a promising
diffusion-based alternative to autoregressive LALMs. With
limited resources and a parameter-efficient adapter tuning
scheme, it achieves competitive results across complex au-
dio reasoning benchmarks, indicating strong potential for
scaling with larger or higher-quality datasets.

5.3 Evaluation on VoiceBench
VoiceBench evaluates semantic understanding from audio-
as-question prompts, covering knowledge, instructions, and
safety—making it a rigorous benchmark for spoken query
comprehension.

Despite being trained on only 960 hours of ASR data and
127 hours of synthetic instructions, DIFFA achieves 34.45%
on SD-QA and 35.60% on OBQA, demonstrating promis-
ing capability in factual spoken QA. This is particularly no-
table when compared to models like Qwen2-Audio (35.72%
SD-QA, 49.45% OBQA), which are trained on hundreds of
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LLM Backbone Data Source Adapter MMAU MMSU
Sound Music Speech Avg Perception Reasoning Avg

LLaMA 3.1 LLaMA 3 Dual 22.82 26.65 35.74 28.40 32.36 44.83 38.40
LLaDA LLaMA 3 Dual 47.75 45.51 61.86 51.71 37.27 73.20 54.72

LLaDA Qwen3 Single 44.44 44.31 54.35 47.70 36.98 69.83 52.88
LLaDA Qwen3 Dual 46.25 43.41 59.46 49.71 40.28 72.92 56.04

Table 5: Ablation study on model architecture and adapter design. All models use 8B Instruct version.

Data Source MMAU MMSU Voicebench Avg

LLaMA 3 51.71 54.72 37.17 47.86
LLaDA 51.31 56.18 43.52 50.34
Qwen3 49.71 56.04 48.22 51.32

rewrite-Qwen3 50.41 56.43 46.60 51.15

Table 6: Ablation study on the impact of different instruction
data sources. All models use 8B Instruct version.

thousands of hours of proprietary data. The results suggest
that diffusion-based models, even with limited training, can
capture core semantic structures in speech.

On IFEval, DIFFA reaches 26.56%, slightly surpassing
Qwen2-Audio (26.33%) and GLM-4-Voice (25.92%), indi-
cating a basic capacity for instruction comprehension from
audio inputs. However, the performance gap with top mod-
els such as Kimi-Audio (61.10%) underscores the challenge
of aligning audio-conditioned instruction execution without
large-scale supervised tuning.

In AdvBench, DIFFA attains 76.54%, outperforming
many strong baselines and approaching GLM-4-Voice. This
highlights the potential of lightweight, diffusion-based mod-
els to learn safety-aligned behavior with minimal data.

In summary, DIFFA establishes a competitive baseline on
VoiceBench despite using orders of magnitude less training
data than competing systems. These findings validate the
feasibility of diffusion-based LLMs for semantic audio un-
derstanding and offer a data-efficient alternative to current
autoregressive paradigms.

5.4 Ablation Study
We perform a comprehensive ablation study to assess the
impact of three key factors on model performance: (1) the
choice of language model backbone, (2) adapter design, and
(3) instruction data source. Besides, effect of inference hy-
perparameters are provided in Appendix.

Impact of Diffusion-Based Language Modeling. As
shown in Table 5, replacing the autoregressive LLaMA
3.1 backbone with the diffusion-based LLaDA architec-
ture leads to a substantial improvement across all metrics.
Specifically, with dual adapters, the LLaDA variant achieves
51.71 on MMAU and 54.72 on MMSU, significantly outper-
forming its LLaMA counterpart. This highlights the advan-
tage of diffusion language model for audio understanding
tasks.

Effect of Adapter Design. We compare single and dual
adapter configurations using the same LLaDA backbone.
The single adapter setup uses only a semantic adapter
aligned with the speech encoder’s output. The dual adapter
adds an acoustic adapter that extracts low-level acoustic cues
from intermediate encoder states. Results show that dual
adapters yield a +2.01 gain on MMAU and +3.16 on MMSU,
confirming the advantage of combining semantic and acous-
tic information for richer audio understanding.

Instruction Data Source. Table 6 examines the role of
different instruction data sources on final performance. All
variants show comparable results, with Qwen3-generated in-
struction data leading to the best overall accuracy. Rewrit-
ing Qwen3 data with LLaDA brings only marginal improve-
ments, suggesting that enhancing data quality at generation
time may be more effective than post-hoc refinement. Inter-
estingly, models trained on LLaDA-generated data outper-
form those based on LLaMA-3 instructions, indicating that
the inductive bias of diffusion-based generation may yield
more aligned supervision.

6 Conclusion

In this work, we introduce DIFFA, a diffusion-based large
audio-language model that combines a frozen diffusion lan-
guage backbone with lightweight dual adapters for audio un-
derstanding and instruction following. Unlike prior LALMs,
DIFFA replaces the autoregressive LLM backbone with
a diffusion LLM — a fundamentally different modeling
paradigm which we extend to the audio domain for the first
time. Our dual-adapter design explicitly disentangles seman-
tic and acoustic signals, which is crucial for stable diffu-
sion decoding. Importantly, DIFFA achieves performance
comparable to Qwen2-Audio while using less than 0.22%
of its data (960h + 127h vs. 510k h), and it surpasses an
LLaMA3.1-based baseline under identical configurations,
demonstrating both conceptual novelty and empirical effi-
ciency. As an initial exploration of diffusion-based model-
ing in the audio domain, our results suggest that such mod-
els offer a promising alternative to autoregressive LALMs.
While our experiments are conducted on relatively small-
scale open-source corpora, we plan to scale to broader and
more diverse data in future work. We hope this study encour-
ages further research into efficient, flexible, and controllable
speech-driven AI systems.
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