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Abstract

Visual editing with diffusion models has made significant progress but often struggles
with complex scenarios that textual guidance alone could not adequately describe, high-
lighting the need for additional non-text editing prompts. In this work, we introduce a
novel audio-guided visual editing framework that can handle complex editing tasks with
multiple text and audio prompts without requiring additional training. Existing audio-
guided visual editing methods often necessitate training on specific datasets to align audio
with text, limiting their generalization to real-world situations. We leverage a pre-trained
multi-modal encoder with strong zero-shot capabilities and integrate diverse audio into
visual editing tasks, by alleviating the discrepancy between the audio encoder space and
the diffusion model’s prompt encoder space. Additionally, we propose a novel approach
to handle complex scenarios with multiple and multi-modal editing prompts through our
separate noise branching and adaptive patch selection. Our comprehensive experiments on
diverse editing tasks demonstrate that our framework excels in handling complicated edit-
ing scenarios by incorporating rich information from audio, where text-only approaches
fail.

1 Introduction
Recent advancements in text-to-image diffusion models have facilitated visual editing tasks,
which require precise manipulation of images or videos while preserving essential elements
[10, 15, 34, 48]. However, relying solely on text prompts limits their effectiveness in complex
editing scenarios where descriptions may be ambiguous or insufficient [5, 14, 20, 57]. To
address this limitation, researchers have incorporated non-text conditions—such as edge map,
segmentation mask, and depth map—to provide richer and more precise control over the
editing process [14, 26, 33, 57]. Audio is one of the widely used modalities and can provide
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rich and dynamic information, thus being effective for visual editing. However, in audio-
guided visual editing, existing methods often require additional training on speci�c datasets
to align audio with the text [3, 24, 55], limiting their generalization to diverse real-world
scenarios.

We address this limitation by leveraging a pre-trained aligned multi-modal encoder trained
on large-scale text-audio and audio-visual datasets [46], which demonstrates strong zero-shot
capabilities. However, integrating this encoder with diffusion models such as Stable Diffusion
[41] faces challenges due to the discrepancy between the encoder's output space and the CLIP
text encoder space used in Stable Diffusion, as illustrated in Figure 1. We overcome this
incompatibility by introducing a simple mapping technique involving only a matrix inversion,
effectively incorporating audio features in visual editing without extensive retraining.

Achieving richer and more complex visual editing often requires integrating multiple
editing prompts [14, 26, 33, 57], such as combining audio and text prompts. Existing
approaches typically enhance diffusion models with additional modules to handle multiple
editing prompts, requiring further training. In contrast, we propose a novel separate noise
branching and adaptive patch selection as shown in Figure 1, which can effectively integrate
multiple editing signals without training.

To comprehensively evaluate our framework, we construct new benchmark datasets,
PIEBench-multiandDAVIS-multi, by extending existing text-guided visual editing bench-
marks to include audio editing prompts. Through comprehensive experiments and analysis,
we demonstrate that our framework effectively handles complex editing scenarios by effec-
tively incorporating rich information from audio, which existing text-only methods struggle
with. We will publicly release our benchmarks to promote subsequent research.

Our contributions can be summarized as follows:

• We present a novel zero-shot approach to integrate audio into visual editing, which
delivers strong performance across diverse types of audio by effectively integrating a
pre-trained aligned multi-modal encoder without any further training.

• We propose a novel approach of separate noise branching and adaptive patch selection,
which can handle complex visual editing scenarios with multiple editing prompts
without further training.

• Comprehensive experiments and analysis on our new benchmark datasets,PIEBench-
multi andDAVIS-multi, demonstrate that our framework effectively handles complex
editing scenarios involving both text and audio prompts, where existing text-only
methods struggle. We will also release our benchmarks to promote subsequent research.

2 Related Work

2.1 Diffusion Models in Multi-modal Generation

With the groundbreaking achievements in text-to-image diffusion models [36, 40, 41, 42],
researchers have actively explored the application of diffusion models in various output
modalities, including text [13, 29, 53], audio [28, 38, 43] and video [4, 18, 30]. Furthermore,
incorporating non-text conditions, such as video-to-audio [8, 29], image-to-video [12, 35],
and audio-to-image [23, 55] has led to impressive results. Notably, the integration of visual,
textual, and auditory information as either condition or output [46, 52, 54] enables us to
handle a broader range of tasks within a uni�ed framework.
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Figure 1:Left : To address the limited generalization of previous methods that require addi-
tional training to align audio data with text, our framework leverages an aligned multimodal
encoder pretrained on large-scale datasets without extra training.Right: Instead of enhancing
diffusion models to handle multiple editing prompts through additional training, we propose
a novel method, separate noise branching and adaptive patch selection, which can effectively
combine multiple and multi-modal prompts, while preserving each editing effect.

2.2 Diffusion Models in Editing

Building on the observation that DDIM sampling can be reversed to reconstruct or interpolate
visual data [44], numerous studies have focused on diffusion-based editing. These works
primarily target image editing with text prompts [15, 17, 34, 48], aiming to achieve faithful
inversion for enhanced editing capabilities. Additional control mechanisms have been incor-
porated alongside DDIM inversion, such as cross-attention [15], unconditional embeddings
[34], and spatial and self-attention features [48].

Text-guided video editing has also drawn signi�cant interest [2, 10, 39, 50], with an
emphasis on preserving temporal consistency across edited frames. Moreover, the �eld of
diffusion-based editing has expanded to include sound, which is utilized either as a prompt
[3, 22, 24, 27, 55] or as the subject of editing [28, 31, 49].

Recently, it has been recognized that text prompts alone are insuf�cient for handling
complex editing scenarios [5, 14, 20, 57]. To address this limitation, researchers have explored
incorporating non-text conditions—such as edge map, segmentation mask, and depth map—to
achieve richer and more precise control [14, 26, 33, 57]. However, most of these approaches
expand the capabilities of diffusion models by adding and training additional modules to the
text-to-image diffusion model, which requires extra training with paired datasets. CoDi-2
[45] demonstrates instructional editing capability with multiple and multi-modal prompts, but
requires extensive training on paired datasets of original data [15]. In contrast, our approach
does not require training with paired data and has strong zero-shot editing ability.

3 Method

3.1 Background

A family of Latent Diffusion Model [28, 41] transforms a high-dimensional input datax
into a lower-dimensional latentz using the encoderE and decoderD, wherex̂ = D(E(x)) .
Subsequently, a time-conditioned U-net, denoted asq, conducts a sequential diffusion process
to predictz0 from random noisezT , considering the textual conditionC= y (P) as Equation
1, wherey refers to the prompt encoder andP is editing prompt.

L ldm = EE(x);e� N (0;1);tke� eq (zt ; t;C)k2
2; (1)
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Figure 2: Editing results for Audio-guided Image Editing (A2I-edit ) and Text and Audio-
guided Image Editing (TA2I-edit )

DDIM inversion [44] allows the original data to be encoded through an invertible transfor-
mation as expressed in Equation 2, resulting in initial noisez�

T capable of reconstruction and
interpolation. In editing tasks, conditional DDIM inversion with textual descriptionPinv is
commonly employed, where the initial noisez�

T is utilized along with the editing promptP
in sampling stage to maintain the structure and semantic layout. We use� to distinguish the
diffusion trajectory of DDIM inversion and editing.

z�
t+ 1 =

q
at+ 1
at

z�
t +

� q
1

at+ 1
� 1�

q
1
at

� 1
�

� eq (z�
t ; t;Cinv) (2)

However, this approach often leads to undesired changes [34], prompting the additional
controls over the diffusion process for �ne-grained editing [7, 32, 34, 48]. PnP-Diffusion [48]
has demonstrated the effectiveness of injecting spatial features and self-attention to preserve
the original image content. Speci�cally, spatial features of the fourth decoder layer and the
self-attention matrix are extracted during the DDIM inversion, which are then injected in the
editing stage. TokenFlow [10], which we adopt for video editing, adapts the PnP-Diffusion
to video editing. It �rst randomly samples a subset of keyframes from the input video and
jointly edits them via an extended self-attention mechanism as in Tune-A-Video [50]. It
then propagates the edited tokens from each keyframe's self-attention map to its neighboring
frames to ensure temporal coherence.

3.2 Training-Free Integration of Audio Prompts

With the rapid advancement of visual editing, research has evolved to integrate more diverse
conditions beyond simple text prompts [14, 26, 33, 45, 57]. Most audio-conditioned ap-
proaches �ne-tune the diffusion model to align sound with text [3, 24, 55], but such adaptation
couples the model to the speci�c training data and generalizes poorly to in-the-wild audio.

To overcome this limitation, we adopt a large-scale multimodal encoder such as ImageBind
[11] and CoDi [46]. Speci�cally, we utilize CoDi because (i) it relies on the same OpenCLIP-
L/14 backbone as Stable Diffusion 1.x, common in visual-editing pipelines, and (ii) it is
trained on the largest public audio corpus, giving robust audio representations.
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Figure 3: Editing results for Audio-guided Video Editing (A2V-edit) and Text and Audio-
guided Video Editing (TA2V-edit )

However, integrating CoDi with Stable Diffusion is non-trivial, since they operate in
different feature spaces. Stable Diffusion directly conditions on the CLIP text encoder's
output, while CoDi's audio encoder produces embeddings in the aligned CLIP space. We
denote the Stable Diffusion space byCSD and the aligned CLIP space byCCLIP. Given a
text promptP, the CLIP text encodery text generates an SD-space vectorc = y text(P) 2 CSD.
Applying pooling to this output yields the special-token embeddingcSD;pooled2 CSD. We then
project and normalize:

cCLIP =
McSD;pooled



 McSD;pooled



 ; (3)

whereM : CSD ! C CLIP is a learned linear mapping with no bias.
Given an audio embeddingcA 2 CCLIP from CoDi's encodery audio, we invert Eq. 3 and

estimate its SD-space counterpart by solving a Tikhonov-regularized least squares problem:

c̃SD =
�
M> M + l I

� � 1M>
�

kcinvkcA

�
; (4)

wherecinv = y text(Pinv) 2 CSD, l = 10� 5, Pinv is the inversion prompt, andI is the identity
matrix. Finally, we replicate the inverted featurec̃SD certain times and concatenate it with
the �rst and last special tokens fromcinv. Despite minor precision errors that may arise from
matrix inversion, the semantic content is effectively preserved in visual editing.

3.3 Separate Noise Branching with Adaptive Patch-wise Noise Selection
Multi-modal editing commonly requires multiple guidance signals—text, audio, depth, masks,
and so on—to be combined within a single diffusion process [14, 26, 33, 57]. Existing works
often enlarge the network or attach learned adapters, both of which incur additional training
on speci�c paired dataset. We instead treat multi-prompt fusion as avariance-preserving
aggregationof the model's native noise estimates, yielding a parameter-free, training-free
procedure that can be plugged into any pre-trained latent diffusion model.
Separate noise estimation.Let zt 2 Rc� h� w be the latent at diffusion stept and C =
fC1; : : : ;CNg the set ofN encoded prompts (possibly of different modalities). For each prompt
we query the frozen denoiser

ei = eq (zt ; t; Ci); i = 1; : : : ;N: (5)

Limitations of naïve averaging.A naïve fusion,̂eq = 1
N å i ei , reduces variance in proportion

to 1=N. Because diffusion process relies on scaled noise to reconstruct detail, this variance
collapse produces suboptimal results, as observed in Fig. 4 (top) and quanti�ed in Sec. 4.
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Figure 4: Comparison of different noise integration methods. Directly averaging each noise
prediction diminishes important high-frequency components, as evident in the red box. In
contrast, our separate noise branching and adaptive patch selection preserve these details
while effectively incorporating multiple editing effects.

Adaptive patch-wise Noise Selection.We utilize the inversion promptCinv and its noise
predictioneinv = eq (zt ; t; Cinv) to migitage this limitation. Subtractingeinv from each editing
prompt yields residual feature mapsDei = ei � einv, where eachDei 2 Rc� h� w represents the
difference in noise predictions for each prompt. Letp index spatial locations on theh� w
grid. We retain, for every patch, the residual with the largest magnitude:

êq (p) = einv(p)+ Dei?(p)(p); i?(p) = argmax
i

kDei(p)k (6)

, wherek�k is the channel-wisè2 norm. Equation(6) preserves high-frequency detail and
prevents destructive interference between heterogeneous conditions, as illustrated in Fig. 4
(bottom).

4 Experiments

In this section, we rigorously validate the effectiveness of our framework by constructing
various evaluation datasets and baselines that incorporate audio editing prompts. Speci�cally,
quantitative evaluations are conducted across four tasks: Audio-guided Image Editing (A2I-
edit), Text and Audio-guided Image Editing (TA2I-edit ), Audio-guided Video Editing (A2V-
edit), and Text and Audio-guided Video Editing (TA2V-edit ). Additionally, we explore more
complex editing scenarios in Section 4.7.

The results from the A2I-edit and A2V-edit tasks assess whether our audio mapping can
produce appropriate editing results while preserving the diverse information contained in the
audio. The TA2I-edit and TA2V-edit tasks demonstrate that our noise integration method
yields suitable results in complex editing scenarios that existing visual editing approaches
cannot handle. The zero-shot capability of our framework can be further veri�ed in the
Sections 3, 4, 5, and 6 of the supplementary material.

4.1 Implementation Details

We incorporate diffusion editing techniques such as PnP-Diffusion [48] and TokenFlow
[10]. These techniques demonstrate superior edit �delity and do not require word-level
con�gurations, such as specifying which words to replace or emphasize. We employ Stable
Diffusion v1.5 for fairness and utilize A100 with 40GB memory for inference with the seed
set to 1 for all experiments.


