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Abstract

Video and audio content creation serves as the core tech-
nique for the movie industry and professional users. Re-
cently, existing diffusion-based methods tackle video and
audio generation separately, which hinders the technique
transfer from academia to industry. In this work, we aim
at filling the gap, with a carefully designed optimization-
based framework for cross-visual-audio and joint-visual-
audio generation. We observe the powerful generation abil-
ity of off-the-shelf video or audio generation models. Thus,
instead of training the giant models from scratch, we pro-
pose to bridge the existing strong models with a shared la-
tent representation space. Specifically, we propose a mul-
timodality latent aligner with the pre-trained ImageBind
model. Our latent aligner shares a similar core as the clas-
sifier guidance that guides the diffusion denoising process
during inference time. Through carefully designed opti-
mization strategy and loss functions, we show the superior
performance of our method on joint video-audio genera-
tion, visual-steered audio generation, and audio-steered vi-
sual generation tasks. The project website can be found
at https://yzxing87.github.io/Seeing-and-Hearing/.

1. Introduction
Recently, AI-generated content has made significant ad-
vances in creating diverse and high-realistic images [4, 9,
22, 32, 34], videos [4, 7, 15, 19, 20, 22, 38], or sound [25,
28–30, 46], based on the input descriptions from users.
However, existing works primarily concentrate on generat-
ing content within a single modality, disregarding the mul-
timodal nature of the real world. Consequently, the gen-
erated videos lack accompanying audio, and the generated
audio lacks synchronized visual effects. This research gap
restricts users from creating content with greater impact,
such as producing films that necessitate the simultaneous
creation of both visual and audio modalities. In this work,
we study the visual-audio generation task for crafting both

*equal contribution

video and audio content.
One potential solution to this problem is to generate vi-

sual and audio content in two stages. For example, users
can first generate the video based on the input text prompt
utilizing existing text-to-video (T2V) models [7, 18]. Then,
a video-to-audio (V2A) model can be employed to gener-
ate aligned audio. Alternatively, a combination of text-to-
audio (T2A) and audio-to-video (A2V) models can be used
to generate paired visual-audio content. However, existing
V2A and A2V generation methods [26, 48] either have lim-
ited capability to specific downstream domains or exhibit
poor generation performance. Moreover, the task of joint
video-audio generation (Joint-VA) has received limited at-
tention, and existing work [36] shows limited generation
performance even within a small domain and also lacks se-
mantic control.

In this work, we propose a new generation paradigm
for open-domain visual-audio generation. We observe that:
(1) There are well-trained single-modality text-conditioned
generation models that demonstrate excellent performance.
Leveraging these pre-trained models can avoid expensive
training for synthesizing each modality. (2) We have no-
ticed that the pre-trained model ImageBind [17] possesses
remarkable capability in establishing effective connections
between different data modalities within a shared semantic
space. Our objective is to explore how we can leverage Im-
ageBind as a bridge to connect and integrate various modal-
ities effectively.

Leveraging these observations, we propose to utilize Im-
ageBind as an aligner in the diffusion latent space of differ-
ent modalities. During the generation of one modality, we
input the noisy latent and the guided condition of another
modality to our aligner to produce a guidance signal that in-
fluences the generation process. By gradually injecting the
guidance into the denoising process, we bridge the gener-
ated content closer to the input condition in the ImageBind
embedding space. For Joint-VA generation, we make the
guidance bidirectional to impact the generation processes
of both modalities.

With our design, we successfully bridge the pre-trained
single-modality generation models into an organic system
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Figure 1. Overview. Our approach is versatile and can tackle four tasks: joint video-audio generation (Joint-VA), video-to-audio (V2A),
audio-to-video (A2V), and image-to-audio (I2A). By leveraging a multimodal binder, e.g., pretrained ImageBind, we establish a connection
between isolated generative models that are designed for generating a single modality. This enables us to achieve both bidirectional
conditional and joint video/audio generation.

and achieve a versatile and flexible visual-audio generation.
In addition, our approach does not require training on large-
scale datasets, making our approach very resource-friendly.
Besides the generality and low cost of our approach, we
validate our performance on four tasks and show the supe-
riority over baseline approaches.

In summary, our key contributions are as follows:
• We propose a novel paradigm that bridges pre-trained

diffusion models of single modality together to achieve
audio-visual generation.

• We introduce diffusion latent aligner to gradually align
diffusion latent of visual and audio modalities in a multi-
modal embedding space.

• We conduct extensive experiments on four tasks including
V2A, I2A, A2V, and Joint-VA, demonstrating the superi-
ority and generality of our approach.

• To the best of our knowledge, we present the first work
for text-guided joint video-audio generation.

2. Related Work
2.1. Conditional Audio Generation

Audio generation is an emerging field that focuses on mod-
eling the creation of diverse audio content. This includes
tasks such as generating audio conditioned on various in-
puts like text [11, 16, 24, 25, 28, 46], images [37], and
videos [12, 26, 31, 39]. In the field of text-to-audio research,
AudioGen [28] proposes an auto-regressive generative
model that operates on discrete audio representations, Diff-
Sound [46] utilizes non-autoregressive token-decoder to ad-
dress the limitations of unidirectional generation in auto-
regressive models. Other works like Make-An-Audio [25]
and AudioLDM [29], employ latent diffusion methods for
audio generation. More recently, some approaches lever-
age Large Language Models (LLMs) to enhance the per-

formance of audio generation models, such as Make-an-
Audio2 [24], AudioLDM2 [30], and TANGO [16]. Re-
search focusing on audio generation that is conditioned on
images and videos, exemplified by works like Im2Wav [37]
and SpecVQGAN [26], has also captured significant inter-
est within the scholarly community. Utilizing the semantics
of a pre-trained CLIP model for visual representation (Con-
trastive Language–Image Pre-training) [33], Im2Wav [37]
first crafts a foundational audio representation via a lan-
guage model, then employs an additional language model to
upsample these audio tokens into high-fidelity sound sam-
ples. SpecVQGAN [26] utilizes a transformer to generate
new spectrograms from a pre-trained codebook based on in-
put video features. It then reconstructs the waveform from
these spectrograms using a pre-trained vocoder.

2.2. Conditional Visual Generation

The task of text-to-image generation has seen significant
achievements recently [2, 35, 42, 49]. This progress has
sparked interest in a new research domain focusing on
audio-to-image generation [40]. Wan et al. [44] pro-
pose a method to generate images from audio record-
ings, employing Generative Adversarial Networks (GANs).
Wav2CLIP [45] adopts a CLIP-inspired approach to learn
joint representations for audio-image pairs, which can sub-
sequently facilitate image generation using VQ-GAN [13].
Text-to-video has also achieved remarkable progress re-
cently [1, 4, 7, 15, 19, 22, 23, 25, 50, 51]. The mainstream
idea is to incorporate temporal modeling modules in the U-
Net to learn the temporal dynamics [1, 19, 23, 38, 51] in
the video pixel space [22, 23] or the latent space [4, 19].
In this work, we leverage the open-source latent-based text-
to-video model as our base model for the video generation
counterpart. There also exist Audio-to-video generation
methods, such as Sound2sight [5], TATS [14], and Tempo-
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tokens [47]. While [5] focuses on extending videos in a way
that aligns with the audio, Tempotokens [47] takes a dif-
ferent approach by exclusively generating videos from the
audio input. TATS [14] introduces a technique for creating
videos synchronized with audio, but despite its remarkable
aspects, the variety in the videos it produces is significantly
constrained.

2.3. Multimodal Joint Generation

Some research has already begun exploring the area of Mul-
timodal Joint Generation [36, 41, 52]. MM-Diffusion [36]
introduces the first framework for simultaneous audio-video
generation, designed to synergistically enhance both visual
and auditory experiences cohesively and engagingly. How-
ever, it’s unconditional and can only generate results in the
training set domain, which will limit the generation diver-
sity. MovieFactory [52] employs ChatGPT to elaborately
expand user-input text into detailed sequential scripts for
generating movies, which are then vividly actualized both
visually and acoustically through vision generation and au-
dio retrieval techniques. However, a notable constraint of
MovieFactory lies in its reliance on audio retrieval, limiting
its capacity to generate audio that is more intricately tailored
to the specific scenes.

3. Method
3.1. Preliminaries

3.1.1 Latent diffusion models

We adopt latent-based diffusion models (LDM) for our gen-
eration model. The diffusion process follows the standard
formulation in DDPM [21] that consists of a forward diffu-
sion and a backward denoising process. Given a data sam-
ple x ∼ p(x), an autoencoder consisting an encoder E and
a decoder D first project the x into latent z via z = E(x).
Then, the diffusion and denoising process are conducted
in the latent space. Once the denoising is completed at
timestep 0, the sample will be decoded via x = D(z̃0). The
forward diffusion is a fixed Markov process of T timesteps
that yields latent variables zt based on the latent variable at
previous timestep zt−1 via

q(zt|zt−1) = N (zt;
√
1− βtzt−1, βtI), (1)

where βt is a predefined variance at each step t. Finally, the
clean data z0 becomes zT , which is indistinguishable from
a Gaussian noise. The zt can be directly derived from z0 in
a closed form:

q(zt|z0) = N (zt;
√
ᾱtz0, (1− ᾱt)I), (2)

where ᾱt =
∏t

i=1 αi, and αt = 1 − βt. Leveraging the
reparameterization trick, the zt can be computed via

zt =
√
ᾱtz0 + (1− ᾱt)ϵ, (3)

where ϵ is a random Gaussian noise. The backward de-
noising process leverages a trained denoiser θ to obtain less
noisy data zt−1 from the noisy input zt at each timestep:

pθ (zt−1 | zt) = N (zt−1;µθ (zt, t, p) ,Σθ (zt, t, p)) .
(4)

Here µθ and Σθ are determined through a denoiser net-
work ϵθ (zt, t, p), where p represents input prompt. The
training objective of θ is a noise estimation loss, formulated
as

min
θ

Et,zt,ϵ ∥ϵ− ϵθ (zt, t, p)∥22 . (5)

3.1.2 Classifier guidance

Classifier guidance [10] is a conditional generation mech-
anism that leverages the unconditional diffusion model to
generate samples with the desired category. Given an un-
conditional diffusion model pθ(zt|zt+1), in order to condi-
tion it on a class label y, it can be approximated via

pθ,ϕ(zt|zt+1, y) = Zpθ(zt|zt+1)pϕ(y|zt, t), (6)

where Z is a constant coefficient for normalization, ϕ is a
trained time-aware noisy classifier for the approximation of
label distribution of each sample of zt. The guidance from
the classifier ϕ is the gradient of zt with respect to y and is
applied to the original zt predicted from ϵθ:

ϵ̂(zt) = ϵθ(zt)−
√
1− α̂t▽zt log pϕ(y|zt). (7)

3.1.3 Linking multiple modalities

We aim to force the generated samples in different modali-
ties to become closer in a joint semantic space. To achieve
this goal, we choose ImageBind [17] as the aligner since
it learns an effective joint embedding space for multiple
modalities. ImageBind learns a joint semantic embedding
space that binds multiple different modalities including im-
age, text, video, audio, depth, and thermal. Given a pair
of data with different modalities (M1,M2), e.g., (video, au-
dio), the encoder of the corresponding modality Ei takes the
data as input and predicts its embedding ei. The ImageBind
is trained with a contrastive learning objective formulated as
follows:

LM1,M2
= − log

exp(q⊺
i ki/τ)

exp(q⊺
i ki/τ) +

∑
j ̸=i exp(q

⊺
i kj/τ)

,

(8)
where τ is a temperature factor to control the smoothness
of the Softmax distribution, and j represents the negative
sample, which is the data from another pair. By project-
ing samples of different modalities into embeddings in a
shared space, minimizing the distance of the embeddings
from the same data pair, and maximizing the distance of
the embeddings from different data pairs, the ImageBind
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Figure 2. The proposed diffusion latent aligner. During the denoising process of generating one specific modality (visual/audio), we
adopt the condition information (audio/video) to guide the denoising process. By leveraging the pretrained ImageBind model, we calculate
the distance of the generative latent zM1

t with the condition zM2
0 in the shared embedding space of ImageBind. Then we backpropagate

the distance value to obtain the gradient of zM1
t with respect to the distance.

model achieves semantic alignment capability and thus can
be served as a desired tool for multimodal alignment.

3.2. Diffusion Latent Aligner

3.2.1 Problem formulation

Consider two modalities M1,M2, where M2 is the condi-
tional modality and M1 is the generative modality. Given a
latent diffusion model (LDM) θ that produces data of M1,
our objective is to leverage the information from the con-
dition xM2 ∼ p(xM2) to steer the generation process to
a desired content, i.e., aligned the intermediate generative
content with the input condition. To achieve this goal, we
devise a diffusion latent aligner that guides the intermediate
noisy latent towards a target direction to the content that the
condition depicted during the denoising process. Formally,
given a sequence of latent variables zt, zt−1, ..., z0 from an
LDM, the diffusion latent alignerA takes the corresponding
latent zt at arbitrary timestep t alongside the guided condi-
tion xM2 , and produce a modified latent ẑt which has better
alignment with the condition.

ẑM1
t = A(zM1

t ,xM2). (9)

For joint visual-audio generation, the aligner should simul-
taneously obtain information from the two modalities and
provide guidance signals to these latents:

(ẑM1
t , ẑM2

t ) = A(zM1
t , zM2

t ). (10)

After the sequential denoising process, the goal of our
aligner is to minimize the F(D(zM1

0 ),xM2), for unidirec-
tional guidance, andF(D(zM1

0 ),D(zM2
0 )) for synchronized

bidirectional guidance, where F indicates a distance func-
tion to measure the degree of alignment between samples

with two modalities. The updatable parameters in this pro-
cess can be latent variables, embedding vectors, or neural
network parameters.

3.2.2 Multimodal guidance

To design such a latent aligner stated in Section 3.2.1, we
propose a training-free solution that leverages the great ca-
pability of a multimodal model trained for representation
learning, i.e., ImageBind [17] to provide rational guidance
on the denoising process. Specifically, given latent variables
zt at each timestep t, the predicted z0 can be derived from
zt and the predicted noise ϵ̂ via

z̃0 = G(zt) =
1√
ᾱt

zt −
√

1− ᾱt

ᾱt
ϵ̂, (11)

where ϵ̂ = ϵθ(zt, t). With such a clean prediction, we
can leverage the external models that are trained on normal
data without retraining them on noisy data like the classifier
guidance is needed. We feed the z0 and the guiding con-
dition to the ImageBind model to compute their distance in
the ImageBind embedding space. The obtained distance can
then serve as a penalty, which can be used to backpropagate
the computation graph and obtain a gradient on the latent
variable zt:

L(z̃0,xM2) = 1−F(EM1(z̃0),E
M2(xM2)). (12)

Then we update the zt via

ẑt = zt − λ1∇zt
L(D(z̃0),xM2), (13)

where λ1 serves as the learning rate of each optimization
step. In this way, we alter the sampling trajectory at each
timestep through our multimodal guidance signal to achieve
both audio-to-visual and visual-to-audio. This procedure
only costs a small amount of extra sampling time, without
any additional datasets and expensive network training.
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Algorithm 1 Multimodal guidance for joint-VA generation

Require: Learning rate λ1, λ2, optimization steps N ,
warmup steps K, prompt p

1: y = EMB(p)
2: for t = T to 0 do
3: zvt ←− DENOISE(zvt+1,y)
4: zat ←− DENOISE(zat+1,y)
5: if t < K then
6: for n = 0 to N do
7: z̃v0 = 1√

ᾱv
t

(zvt −
√
1− ᾱv

t ϵ
v
t )

8: z̃a0 = 1√
ᾱa

t

(zat −
√
1− ᾱa

t ϵ
a
t )

9: ea, ev, ep = IMAGEBIND(z̃a0 , z̃
v
0, p)

10: Ljoint-va = F(ev, ep) +F(ev, ea) +F(ea, ep)
11: zvt = zvt − λ1∇zv

t
Ljoint-va

12: zat = zat − λ1∇za
t
Ljoint-va

13: y = y − λ2∇yLjoint-va
14: end for
15: end if
16: end for
17: return zv0, z

a
0

3.2.3 Dual/Triangle loss function

We observed that audio often lacks enough semantic infor-
mation such as some audio is pure background music, while
the paired video contains rich semantic information such as
multiple objects and environment sound. Using this type of
condition to guide visual generation is not enough and may
provide useless guidance information. To solve this, we in-
corporate another modality, e,g., text, to provide a compre-
hensive measurement as

La2v = F(ev, ea) + F(ev, ep). (14)

The ev , ea and ep are the corresponding embeddings in the
multimodal space of ImageBind. The F represents the dis-
tance function between two embedding vectors which is one
minus cosine similarity between them. Similarly, the loss
for V2A can be written as

Lv2a = F(ea, ev) + F(ea, ep). (15)

For visual-audio joint generation, the loss turns into a trian-
gle:

Ljoint-va = F(ev, ep) + F(ev, ea) + F(ea, ep). (16)

The text can be input by the user to provide a user-guided
interactive system or can be extracted via audio captioning
models. As stated before, the audio tends to present in-
complete semantic information. Thus, the extracted caption
should be worse than that. However, we empirically find
that our approach helps to correct these semantic errors, and
improves the semantic alignment.

3.2.4 Guided prompt tuning

Using the aforementioned multimodal latent guidance, we
successfully achieved good generation quality and better
content alignment on visual-to-audio generation. However,
we observed that when applying this approach to audio-
to-visual generation, the guidance has a neglectable effect.
Meanwhile, when leveraging the audio to generate corre-
sponding audios, the generated video becomes less tempo-
ral consistent due to the gradient of each frame having no
ensure of temporal coherence. Therefore, to overcome this
issue, we further propose guided prompt tuning by optimiz-
ing the input text embedding vector of the generative model,
which is formulated as

ŷ = y − λ2∇yL. (17)

The λ2 indicates the learning rate for the prompt embed-
ding. Specifically, we detach the prompt text embedding at
the beginning of predicting the noise and retain a compu-
tational graph from the text embedding to the calculation
of multimodal loss. Then we backpropagate the computa-
tional graph to obtain the gradient of the prompt embedding
w.r.t. the multimodal loss. The updated embedding is shared
across all timesteps to provide consistent semantic guidance
information.

4. Experiments
4.1. Experimental Setup

Dataset We utilize the VGGSound dataset [6] and Land-
scape dataset [36] for evaluation on video-to-audio, audio-
to-video, and audio-video joint generation task. Since our
method is an optimization-based solution, there is no need
to utilize the entire dataset for evaluation. Instead, we ran-
domly sample 3k video-audio pairs from the VGGSound
dataset for video-to-audio generation, 3k pairs for audio-to-
video generation, and 3k pairs for image-to-audio genera-
tion respectively. We extract the key frame from each video
for the image-to-audio generation task. We also randomly
sample 200 video-audio pairs from the Landscape dataset
for video-audio joint generation.
Implementation details We utilize the pretrained Audi-
oLDM [29] for video-to-audio and image-to-audio gener-
ation, the AnimateDiff [18] for audio-to-video generation.
We use both the pre-trained AudioLDM and AnimateDiff
for the joint audio-video generation. We set the denoising
step to 30 for video-to-audio generation, 25 for audio-to-
video generation, and 25 for audio-video joint generation,
respectively. We use the learning rate 0.1 for guiding the
AudioLDM denoising and 0.01 for guiding the Animate-
Diff denoising, which applies to all the tasks. We fixed
the random seed of the optimization process for fair com-
parisons. All the experiments are conducted on NVIDIA
Geforce RTX 3090 GPUs.
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Task Method Metric

V2A

KL↓ ISc↑ FD↓ FAD↓
SpecVQGAN [26] 3.290 5.108 37.269 7.736

Ours-vanilla 3.203 5.625 40.457 6.850
Ours 2.619 5.831 32.920 7.316

I2A
KL↓ ISc↑ FD↓ FAD↓

Im2Wav [37] 2.612 7.055 19.627 7.576
Ours-vanilla 3.115 4.986 33.049 7.364

Ours 2.691 6.149 20.958 6.869

A2V
FVD↓ KVD↓ AV-align↑ -

TempoToken [48] 1866.285 389.096 0.423 -
Ours-vanilla 417.398 36.262 0.518 -

Ours 402.385 34.764 0.522 -

Joint VA Generation

FVD↓ KVD↓ FAD↓
Landscape: MM [36] 1141.009 135.368 7.752 -

Landscape: MM [36] + Ours 1174.856 135.422 6.463 -
AV-alignbind↑ VT-alignbind ↑ AT-alignbind ↑ AV-align ↑

Open-domain: MM[36] N/A N/A N/A N/A
Open-domain: Ours-vanilla 0.074 0.322 0.081 0.226

Open-domain: Ours 0.096 0.324 0.138 0.283

Table 1. Quantitative comparison with baselines on four tasks.
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Figure 3. Compared with baseline on the video-to-audio generation task. SpecVQGAN fails to generate realistic and aligned audio with
the input video. Our method can produce aligned audio with the input video rhythm.

4.2. Baselines

Video-to-Audio We choose SpecVQGAN [26] as the base-
line of Video-to-Audio generation task. We used the pre-
trained model, which was trained using ResNet-50 with 5
features on VGGSound [26] as our inference model and
compared our method with SpecVQGAN on 3k VGGSound
sample datasets.
Image-to-Audio We choose Im2Wav as the baseline of the
Image-to-Audio generation task and used the pre-trained
model provided by the authors [37], test on 3k Paprika
style transferred VGGSound samples transferred by Ani-
meGANv2 [8].
Audio-to-Video We choose TempoTokens as the baseline
of the Audio-to-Video generation task and used the pre-
trained model provided by the authors [48], test on 3k VG-
GSound samples.
Joint video and audio generation As MM-Diffusion [36]
is the state-of-the-art of unconditional video and audio joint

generation task, We choose it as the baseline of uncondi-
tional video and audio joint generation task in the limit
Landscape domain with 200 Landscape samples using the
model pre-trained on Landscape datasets. On the open do-
main, we compare our Ours-with-guidance model with the
Ours-vanilla model, as, to the best of our knowledge, there
is no established baseline for this task.

Ours-Vanilla We design several vanilla models of our tasks
with the combination of existing tools. For the video-to-
audio task, we extract the key frame [27] and use a pre-
trained image caption model [3] to obtain the caption for the
video. We then use the extracted caption to generate audio
with the AudioLDM model. For the audio-to-video task, we
use an audio caption model and feed the extracted caption to
the AnimateDiff to generate the videos for the input audio.
For the joint audio and video generation task, we directly
take the test prompt as input to the AudioLDM model and
AnimateDiff model to compose the joint generation results.
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A bear with 
sunglasses 
making 
smoothies in 
a kitchen.

A bicycle on 
top of a boat

A man is 
riding a horse 
in sunset

OursOurs-vanilla
Figure 4. Compared with baseline on the joint video-and-audio generation task. Our method can produce better text-aligned visual content
than the vanilla model. Besides, our generated audio is also of better quality and better alignment with the generated videos.
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Figure 5. Compared with baseline on the audio-to-video task. Given the input audio, the generated videos by TempoToken are not aligned
with the input audio and the generation with poor visual quality. Our method can produce visually much better and semantically aligned
content with the input condition.

4.3. Visual-to-Audio Generation

Visual-to-audio generation includes video-to-audio gener-
ation and image-to-audio generation tasks. The image-to-
audio generation requires audio-visual alignment from the
semantic level, whereas temporal alignment is additionally
needed for video-to-audio generation. Moreover, the gen-

erated audio also needs to be high-fidelity. To quantita-
tively evaluate our performance on these aspects, we utilize
the MKL metric [26] for audio-video relevance, Inception
score (ISc), Frechet distance (FD), and Frechet audio dis-
tance (FAD) for audio fidelity evaluation. From Tab. 1, we
can see that even though our method is training-free, we
can still outperform the baseline which requires large-scale
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Figure 6. Compared with our vanilla model on the video-to-audio
generation task. Our method can significantly reduce the back-
ground and irrelevant sound and thus achieve better audio quality,
which is also reflected in Tab. 1.

training on audio-video pairs. When compared with the
text-to-audio baseline, we could see that our method con-
sistently improves the audio-video relevance and the audio
generation quality. When compared with our vanilla base-
line, we find our method can significantly improve the audio
quality, especially by reducing irrelevant sound and back-
ground noise, as shown in Fig. 6.

4.4. Audio-to-Video Generation

Audio-to-video generation requires the generated videos
to be high-quality, as well as semantically and temporally
aligned with the input audio. To quantitatively evaluate
the visual quality of the generated videos, we adopt the
Frechet Video Distance (FVD) and Kernel Video Distance
(KVD) [43] as the metrics. We also use the audio-video
alignment (AV-align) [48] metric to measure the alignment
of the generated video and the input audio. We show our
quantitative results in Tab. 1. We observe that our training-
free method can outperform the training-based baseline in
terms of both semantic alignment and video quality. Be-
sides, compared with the text-to-video method, our method
can achieve better audio-video alignment while maintain-
ing a comparable visual quality performance. We show our
qualitative results in Fig. 5. We observe that TempoToken
struggles with visual quality and audio-visual alignment,
and thus the generated videos are not relevant to the input
audio and the generated quality is relatively poor. Although
the text-to-video method can achieve good performance on
the visual quality of the generated videos, it struggles to
accurately align with the input audio content. Our training-
free method, utilizing a shared audio-visual representation
space, can achieve a good tradeoff between visual quality
and audio-visual alignment.

4.5. Joint Video and Audio Generation

The practical joint video and audio generation task should
take the text as the input, produce high-fidelity videos
and audio, maintain the audio-video alignment, and main-
tain the text-audio and text-video relevance. Specifi-
cally, we adopt the FVD for video quality, FAD for au-
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Figure 7. We visualize the effect of our guided prompt tuning.
The automatic caption generated is “frozen 2 - screenshot”, which
fails to capture the meaningful visual content, and thus, the text-
to-audio method fails to produce meaningful sounds. Our prompt
tuning can inspect the visual information to complement the se-
mantic information to generate meaningful sounds.

dio quality, AV-align [48] for audio-video relevance, TA-
align for text-audio alignment, and the TV-align for text-
video alignment. Our quantitative evaluation is shown in
Tab. 1. Our latent aligner can be plugged into existing un-
conditional audio-video joint generation framework MM-
Diffusion [36]. The results show that compared with the
original MM-Diffusion, our latent aligner can boost the au-
dio generation quality when maintaining the video gener-
ation performance. We also verify our method of text-
conditioned joint video and audio generation. We bridge the
video diffusion model AnimateDiff [18] and audio diffusion
model AudioLDM [29] with our diffusion latent aligner. We
randomly collect 100 prompts from the web to condition our
generation. Compared with separate text-to-video and text-
to-audio models, our aligner can improve text-video align-
ment, text-audio alignment, and video-audio alignment. We
show the qualitative comparison in Fig. 4. More qualitative
results can be found in the Supplementary.

5. Conclusion

We propose an optimization-based method for the open-
domain audio and visual generation task. Our method
can enable video-to-audio generation, audio-to-video gen-
eration, video-audio joint generation, image-to-audio gen-
eration, and audio-to-image generation tasks. Instead of
training giant models from scratch, we utilize the a shared
multimodality embedding space provided by ImageBind to
bridge the pre-trained visual generation and audio genera-
tion diffusion models. Through extensive experiments on
several evaluation datasets, we show the advantages of our
method, especially in terms of improving the audio genera-
tion fidelity and audio-visual alignment.
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