
Generate text-like embeddings from 
audio embeddings via diffusion!

§ We formulate modality bridging as conditional 
representation generation.

§ Diffusion-Link generates text-like embedding from 
an audio embedding, which can be used as a 
condition for downstream LLM decoding.
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Motivation

The modality gap in shared audio-text space 
can bottleneck Audio-LLM systems.

§ Can we mitigate modality gap without scaling 
audio-text supervision?

Method Output Dim Ext. 
Knowledge # ME ↑ CD ↑ SP ↑ SD ↑

Zero-shot Captioning
ZerAuCap 1×D 527 12.3 28.1 8.6 18.3

DRCap 1×D 450k 21.8 59.5 15.7 37.6
Zhang et al. 1×D No 22.0 64.4 15.6 40.0

WSAC 1×D 46k 24.1 63.3 17.3 40.3
Ours 1×D No 24.2 73.2 17.5 45.4

Fully Supervised Captioning
Prefix AAC T×D No 24.0 73.3 17.7 45.5

RECAP T×D 600k 25.6 75.1 18.6 47.1
EnCLAP-large T×D No 25.5 80.3 18.8 49.5

CLAP-ART T×D No 25.6 80.7 18.8 49.8
Ours 1×D No 25.6 82.5 18.9 50.7

Method ME ↑ CD ↑ SP ↑ SD ↑

Zero-shot Captioning

Baseline
(CLAP + LLaMA2-7B)

21.2 48.0 14.4 31.2

+ Diffusion-Bridge 23.3 62.6 16.5 39.5

+ Diffusion-Link 24.2 73.2 17.5 45.4

Fully Supervised Captioning
Baseline

(CLAP + LLaMA2-7B)
25.0 76.9 18.6 47.7

+ Diffusion-Bridge 25.2 77.1 18.0 47.4

+ Diffusion-Link 25.6 82.5 18.9 50.7

§ Residual modality gap in shared audio–text space can 

bottleneck effective multimodal encoder–LLM coupling.

§ Diffusion-Link bridges this gap by generating text-like 

embeddings toward the text-embedding distribution.

§ The method is lightweight and plug-in: the multimodal 

encoder remains frozen, and the bridge is only a 3-block 

residual MLP diffusion module.

§ Beyond AAC, Diffusion-Link can extend to audio QA, audio 

reasoning, and instruction-following Audio-LLMs.

§ Future direction: extend Diffusion-Link into a 

generalized omni-modal generative bridge for 

connecting representation spaces across modalities.
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Our Framework

Denote audio-text embeddings from a multimodal encoder :

𝐞𝟎" , 𝐞𝟎# ∈ ℝ$×$

Method

Key Idea

Main Results

1. Diffusion-Link improves matched audio–text similarity by +41.6%, indicating reduced residual modality gap.

2. Without retrieval-based(RAG) external knowledge, it achieves SOTA zero-shot AAC and improves by +52.5%.

3. Under fully supervised AAC, it still improves by +7.3% over the baseline.

4. The improvement comes from a lightweight bridge: frozen audio-language encoder + 3-block residual MLP diffusion 

module.

Ablation

Fig. 2: Visualization of embeddings on AudioCaps using UMAP.
Red line means the pair of audio and text embeddings. Green line
means the pair of text-like and original text embeddings.

s=0 using DDIM sampler [15]:
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The output êt is a text-like embedding.

2.3. LLM-based Text Decoding

Given a text-like embedding êt, a projection head maps it to a soft-
prefix vector p ↔ Rmh. Here m denotes the number of learnable
soft tokens and h denotes the decoder hidden size. We then p into
soft-prefix tokens sequence p ↔ Rm↑h and feed this sequence to
the decoder. If we optionally prepend a fixed instruction prompt of
n tokens, the resulting input becomes p ↔ R(m+n)↑h.

We consider two training options for our LLM decoder frame-
work: (i) text-only training: using text-driven êt with an instruction
prompt. (ii) fully supervised training: using audio-driven êt and
we not use an instruction prompt. We train the LLM decoder with
the standard autoregressive cross-entropy objective

LCE = ↑
L∑

l=1

log pε
(
wl|w<l,p

)
, (11)

where ϑ denotes the LLM decoder’s learnable parameters and w =
(w1, . . . , wL) means the target caption tokens. At inference, given
audio data only with optional instruction prompt, and decode tar-
get caption. When the LLM decoder is trained under the text-only
training, this evaluation corresponds to zero-shot captioning.

3. EXPERIMENTAL SETTINGS

3.1. Datasets

For training and evaluation, we conduct all experiments on Audio-
Caps [21], a corpus of ten-second audio clips paired with human-
written captions. We use 48,595 training clips and 944 test clips.
The train split provides one caption per clip, whereas the test split
provides up to five. All audio is resampled to 48kHz. For audio pre-
processing, we compute STFTs with a 1,024 window size and a 480

Table 1: Average cosine similarity scores for various embedding
pairs on AudioCaps. For the CLAP, no transformation is applied, so
êM = eM. We report et · êt↓M, where êt↓M denotes a text-like
embedding generated from modality M. Transformations are ob-
tained via C3 [10], DB (Diffusion-Bridge) [20], DG (DiffGap) [22],
and our DL (Diffusion-Link). Here, ↗ and ↘↗ indicate matched and
non-matched pairs, respectively.

Comparison Pair Cosine Similarity

CLAP C3 DB DG DL

(a) et ·êt↓a(→) 0.486 0.547 0.528 0.110 0.688
(b) et ·êt↓t(→) 1.000 1.000 0.999 0.334 0.945
(c) et ·êt↓a( ↑→) 0.030 0.092 0.000 0.007 0.000
(d) et ·êt↓t( ↑→) 0.098 0.158 0.002 0.043 0.001

Table 2: Average cosine similarity scores for various inference for-
ward timestep s→ during diffusion process on AudioCaps.

Diffusion-Link
Inference forward timestep s→

100 200 300 400 500

Cosine Similarity 0.688 0.654 0.596 0.510 0.404

hop length, and then form mel-spectrograms with 64 mel-bins. We
train on the train split and report results on the test split.

3.2. Implementation Details and Metrics

For audio-language multimodal encoder, we use the LAION-CLAP
pretrained model [2] and keep it frozen. Following prior work [20],
we apply the same normalization process to the output embed-
dings of CLAP. For Diffusion-Link, we adopt three residual MLP
blocks [31]. We train Diffusion-Link with the Adam [32] optimizer
and a batch size of 128. The base learning rate is set to 1≃10↔4

and follows a step-decay schedule, multiplying the rate by 0.97
every 200 steps. We employ an exponential moving average (EMA)
of the model parameters with a decay of 0.995 and use the EMA
weights for inference. We adopt a cosine noise schedule with a total
of T=1000 timesteps. At inference, we employ DDIM [15] sam-
pling with 5 iteration steps. Before denoising, we apply a shallow
forward noising to s→=100 and then run the reverse procoess. For
LLM-based text decoder, we adopt LLaMA2(7B) [5] as the LLM
decoder. In the text-only training, we employ a linear layer with
soft prefix tokens m=1 for the project head and prepend a short
instruction prompt; in the fully supervised training, we use 2 linear
layers with m=10 for the project head and no hard prompt. We
fine-tune project head and the LLM using LoRA [33]. LLM training
uses AdamW [34] optimizer with batch size 4 for 50 epochs: the
learning rate warms up over the first 2 epochs with max learning
rate 5≃10↔6, then use a cosine decay. We also train a baseline mul-
timodal LLM system to verify the effectiveness of Diffusion-Link,
we adopt same setting but detach only Diffusion-Link module. For
evaluation, we adopt the metrics for modality gap analyzing, includ-
ing cosine simiarity and visualization using UMAP [35]. For AAC,
we use the metrics, METEOR (ME) [36], CIDEr (CD) [37], SPICE
(SP) [38], and SPIDEr (SD) [39].

4. RESULTS
4.1. Main Results

Effectiveness of Diffusion-Link for Modality Bridging. As shown
in Table 1, Diffusion-Link attains the highest cosine similarity on

Conclusion
Setup

Apply the same forward process to each modality ℳ ∈ {a, t} :

𝐞&ℳ = &α&𝐞(ℳ + 1 − &α&𝝐ℳ , 𝝐ℳ ∼ 𝒩 𝟎, 𝐈 .

Forward Process

The denoiser 𝜙! ⋅, 𝑠 is trained to map both noised text and 

audio embeddings to the text embedding distribution.

§ Cross-sample Prediction Loss : 

ℒ)*++ = 𝔼 𝐞(# − 𝜙, 𝐞&# , 𝑠 -
- + 𝐞(# − 𝜙, 𝐞&" , 𝑠 -

-

§ Batch-level Topology Loss : 

ℒ./0/ = 𝐒11 − 𝐒1 21 3
-

Training Objective

𝐞&∗
ℳ = &α&∗𝐞

ℳ + 1 − &α&∗𝝐 (Forward)

6𝐞# = DDIM(𝜙, , 𝐞&∗
ℳ , 𝑠∗ → 0) (Reverse)

Inference & LLM-based Text Decoding

text → text audio → text

+41.6%
matched cosine sim

vs. CLAP (matched pairs)

+52.5%
relative CIDEr
zero-shot AAC

+7.3%
relative CIDEr

supervised AAC
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https://github.com/kaistmm/Diffusion-Link
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