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Abstract

We explore how to endow the static and pre-trained image models to watch and hear
from the audio-video domain with a limited set of trainable parameters. To achieve this
objective, we propose an Audio-Visual Spatial-Temporal-Fusion Prompting, called AV-
STFP, to gradually adapt the shared and frozen image model to learn audio-visual rep-
resentation by decoupling the adaptation into temporal-aware prompting, spatial-aware
prompting, and multimodal fusion prompting. First, temporal-aware prompting intro-
duces a set of temporal prompts into tokens along temporal frames to adapt the shared
pre-trained image layers to capture temporal patterns. Next, spatial-aware prompting in-
serts a set of spatial prompts into the tokens to enable the shared image layers to learn
audio contexts and further enhance the visual semantics. Finally, multimodal fusion
prompting incorporates a set of fusion prompts between audio and visual tokens to en-
force the pre-trained image layers to integrate two modalities. By only tuning the inserted
learnable prompts and freezing the pre-trained image backbones, AV-STFP efficiently
transfers the well-generalized image knowledge into the audio-visual domain with min-
imal costs. Extensive experiments on the various audio-visual understanding tasks indi-
cate that AV-STFP achieves competitive or even superior performance to state-of-the-art
methods while involving minimal trainable parameters (i.e. 0.6% of model parameters).

1 Introduction
Audio-visual learning aims to build multimodal systems capable of simultaneously process-
ing audio and video information, enabling intelligent systems to perceive their surroundings
by both watching and listening, similar to human perception [58]. Existing models typi-
cally adopt modality-specific encoders to separately encode modality-specific features and
then aggregate them to handle various audio-visual understanding tasks like audio-visual
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event localization (AVE) [39], audio-visual segmentation (AVS) [55], audio-visual action
recognition (AVAR) [48] and audio-visual question answering (AVQA) [20]. Most works ei-
ther leverage enormous audio-visual pairs to learn a good representation via self-supervised
learning [11, 14, 47] or fine-tune audio-visual encoders that have been independently pre-
trained on modality-specific data [20, 39, 46, 52, 55]. However, pre-training audio-visual
encoders on massive paired data commonly requires expensive computing resources and an
unaffordable training burden. Besides, the fine-tuning stage further increases the training
budget and potentially degrades the well-generalized knowledge and overfits on the smaller
downstream datasets.

Figure 1: Comparison between AV-STFP
and existing methods on AVE task. The
‘Shared A&V’ and ‘Non-Shared A&V’
mean audio and visual encoders are shared
and non-shared.

To mitigate this challenge, LAVISH [27]
adapted pre-trained image models to inter-
act with audio-visual spatial features using
a limited set of adapters. Instead, Duan et
al. [8] introduced learnable modules to cap-
ture spatial, temporal, and channel features us-
ing unimodal encoders, involving more param-
eters and audio-specific encoders. To solve
this issue, STG-CMA [45] proposed efficient
adapters to adapt shared image pre-trained
models for the audio-visual domain, while it
lacks efficient fusion due to its parameter-
free interaction module and consumes evi-
dent trainable parameters. Fortunately, prompt
learning [15, 24] is proposed to adapt large
foundation models in diverse tasks by updat-
ing extremely few learnable prompt tokens (i.e.
less than 1% of model parameters). CoPL [53]
proposed model-specific prompts for unimodality and model-interaction prompts for multi-
modal fusion. However, it inserts both local and global prompts into each modality token,
impeding the pre-trained layers from efficiently learn spatial and temporal features. Besides,
using compressed tokens for multimodal fusion would potentially lose modality-specific in-
formation. Hence, a natural question arises: Is it possible to prompt frozen image-only foun-
dation models to efficiently capture semantic and temporal patterns of audio-video modality
and perform the multimodal fusion without losing modality-specific information? Our pro-
posed model affirmatively responds to this question.

Compared with static images, audio possesses unique acoustic characteristics and both
audio and video contain rich dynamic information with temporal patterns. It is challenging
for pre-trained image models to directly understand audio-visual modalities without addi-
tional parameters. Hence, we propose an Audio-Visual Spatial-Temporal-Fusion Prompting
called AV-STFP to adapt pre-trained vision models into the audio-visual domain by decou-
pled adaptations including spatial-aware prompting, temporal-aware prompting, and multi-
modal fusion prompting. Differ from CoPL, our AV-STFP reuses the shared pre-trained im-
age attention layers in each prompting stage and efficiently interacts the audio-visual modal-
ities without losing modality-specific information. First, the temporal-aware prompting in-
serts a set of temporal prompts into the key-value tokens along the temporal dimension, en-
forcing the pre-trained image layers to capture temporal patterns across audio-visual frames.
Then, the spatial-aware prompting introduces a set of spatial prompts into the tokens along
the spatial dimension to adapt the pre-trained image layers to extract acoustic characteristics
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and enhance the visual semantics. Finally, multimodal fusion prompting incorporates a set
of fusion prompts between audio and visual tokens to enforce the pre-trained image layers
for efficient integration of audio and visual modalities. This work can be summarized as:

1. We propose AV-STFP to prompt the pre-trained image-only models to efficiently learn
spatial-temporal information of audio-visual modality and fuse them for feature interactions.

2. AV-STFP adopts temporal-aware prompting, spatial-aware prompting, and multimodal
fusion prompting to enable cross-modal adaptation from image to video, audio, and multi-
modal fusion, enabling shared image models to understand dynamic video and sound.

3. Experiments on audio-visual understanding tasks demonstrate that AV-STFP achieves
competitive or even better performance than state-of-the-art methods while only introducing
a small amount (0.6% of model parameters) of trainable parameters, as shown in Figure 1.

2 Related Works
Audio-Visual Understanding. Audio-visual understanding tasks aim to leverage both audio
and visual modalities to interpret complex audio-visual scenarios. For instance, AVE [39]
requires models to identify events that involve both audio and visual components [7, 25,
46, 54]. AVS task seeks to generate masks that identify objects in visual scenes associated
with specific sounds [28, 31, 55]. AVAR task aims to predict human activities by involv-
ing audio and video signals [17, 48]. AVQA task is designed to enable models to respond
to human-generated questions about audio-visual events by learning representations from
both modalities [20, 37, 52]. Most existing models predominantly rely on modality-specific
models to extract audio-visual features, which are subsequently combined through a fusion
module for specific tasks. Differ from that, we explore leveraging a shared frozen pre-trained
image foundation model to perceive the audio-visual data without dedicated audio encoders.
Parameter-efficient Audio-Visual Learners. Foundation models have facilitated various
fields such as NLP [2, 5, 33, 42], CV [1, 6, 29, 40], and multimodality [10, 21, 22, 35].
Re-training or fine-tuning giant foundation models for customized tasks requires unexpected
computation costs. Hence, parameter-efficient transfer learning (PETL) is proposed to trans-
fer the learned knowledge from pre-trained foundation models into various tasks [3, 9, 16, 18,
23, 34, 38, 44, 50, 56, 57] by updating newly added parameters while keeping the foundation
backbone frozen. PETL methods generally fall into three categories: adapter tuning [12],
prompt tuning [15], and low-rank adaptation (LoRA) [13]. Lin et al. [27] proposed LAV-
ISH to adapt pre-trained image models to the audio-visual domain without considering the
modality-specific spatial-temporal adaptation that is crucial for sequential modalities. Duan
et al. [8] proposed the interaction of spatial, temporal and channel information while relying
on the specific audio pre-training and involving more model complexity. Afterwards, STG-
CMA [45] performed the spatial-temporal-global reasoning by pre-trained image models
along with lightweight adapters, while it still requires many trainable parameters. CoPL [53]
proposed collaborative prompts to fine-tune both unimodal and multimodal features with
reduced parameters. However, its unimodal prompts make the pre-trained model hard to
learn spatial-temporal patterns, and its multimodal fusion stage loses modality-specific in-
formation. Therefore, our AV-STFP leverages the pre-trained image models to successively
learn spatial semantics and temporal dynamics of audio-video features, and aggregate them
without losing unimodal information by enabling 0.6% of model parameters to be tunable.
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Figure 2: Illustration of our proposed AV-STFP. Our AV-STFP introduces a set of temporal-
aware prompts, spatial-aware prompts, and multimodal fusion prompts to original audio-
visual tokens, augmenting the shared pre-trained image layers to learn the temporal depen-
dency, semantic information, and multimodal interaction of audio-visual modalities, respec-
tively. During the training, only newly added prompts and task-specific modules are train-
able, while the original pre-trained image backbone is frozen.

3 Proposed Methodology

We propose Audio-Visual Spatial-Temporal-Fusion Prompting (AV-STFP) to adapt frozen
pre-trained image models (e.g., the CLIP image encoder) to the audio-visual domain. To do
so, we decouple the whole adaptation into three stages, including temporal-aware prompt-
ing, spatial-aware prompting, and multimodal fusion prompting, and reuse the multihead
self-attention (MHSA) from pre-trained image models in each stage, as illustrated in Fig-
ure 2. First, the temporal-aware prompting inserts a set of temporal prompts into audio and
visual tokens along the temporal dimension to capture the temporal dynamics within each
modality, leveraging a shared MHSA block. Next, spatial-aware prompting injects a set of
spatial prompts into tokens, enabling the pre-trained MHSA block to transfer its semantic
knowledge to audio and video frames. Finally, multimodal fusion prompting positions a set
of fusion prompts between audio and visual tokens, allowing the shared MHSA block to
integrate information across both modalities effectively.

3.1 Audio-Visual Inputs and Patchifying

Given an input video clip with M RGB frames V ∈ RM×H×W×3, we first apply a pre-trained
patch embedding layer to project the frames into a visual embedding Vin ∈ RM×(Nv+1)×D, in-
cluding a prepended class token, where Nv is the number of image patches and D is the em-
bedding dimension. For the audio clip, we segment the audio waveform into M short chunks,
each of which is transformed into an fbank feature using the Hanning window. These audio
segments are then stacked along the temporal dimension to form the input audio spectrogram
A ∈ RM×T×F , where T and F represent the temporal and frequency dimensions. Similarly,
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a pre-trained patch embedding layer from the image model is applied to convert the audio
input into an audio embedding Ain ∈ RM×(Na+1)×D, including an inserted class token, where
Na is the number of audio patches. To match the shape of the audio spectrogram, we sum the
weights of the frozen visual patch embedding layer along the channel dimension.

3.2 Temporal-Aware Prompting
Unlike static images, audio and video contain rich dynamic information with temporal pat-
terns across frames. Pre-trained image encoders, however, are trained on static images and
thus lack the ability to capture audio and temporal information. To adapt these models for
temporal dependencies, we introduce temporal-aware prompting by adding a set of key-value
prompts into the key-value tokens of audio and visual embeddings, as shown in Figure 2.

First, the audio Ain and visual embeddings Vin are reshaped into At ∈ R(Na+1)×M×D and
visual input Vt ∈ R(Nv+1)×M×D. Then, a set of audio key-value prompts

{
Pl

a,key,P
l
a,val

}
∈

RNt
p×D and a set of visual key-value prompts

{
Pl

v,key,P
l
v,val

}
∈ RNt

p×D are prepended into the
key-value tokens of audio and visual embeddings along the temporal dimension, prompting
a shared and pre-trained MHSA block to learn the temporal consistency among different
frames, where Nt

p is the number of temporal-aware prompts. The specific procedure is:

Kl−1
a,t = [Al−1

t ,Pl−1
a,key], Vl−1

a,t = [Al−1
t ,Pl−1

a,val ], Al
t = Al−1

t +βaMHSA(LN(Al−1
t ,Kl−1

a,t ,Vl−1
a,t )) (1)

Kl−1
v,t = [V l−1

t ,Pl−1
v,key], Vl−1

v,t = [V l−1
t ,Pl−1

v,val ], V l
t =V l−1

t +βvMHSA(LN(V l−1
t ,Kl−1

v,t ,Vl−1
v,t )) (2)

where [·] is the concatenation operation,
{

Kl−1
a,t ,Vl−1

a,t
}

(
{

Kl−1
v,t ,Vl−1

v,t
}

) are prompted audio
(visual) Key-Value tokens in (l-1)th layer, (Al

t , V l
t ) are the outputs of temporal prompting,

and (βa, βv) denote the tunable scale factors to control the outputs from MHSA layers.
Through learning the inserted temporal prompts with self-attention, the pre-trained image

layer can be enforced to capture temporal patterns in audio clips and video frames.

3.3 Spatial-Aware Prompting
Unlike images, the audio spectrogram has different semantics due to the acoustic character-
istics. To enable the pre-trained image priors to learn the spatial contexts of audio and further
strengthen the spatial modelling of video, we introduce spatial-aware prompting by prepend-
ing a set of spatial prompts into the tokens. First, the output audio-visual tokens from the
temporal-aware prompting stage are reshaped to As ∈ RM×(Na+1)×D and Vs ∈ RM×(Nv+1)×D,
respectively. Then, a set of audio spatial prompts Pl

a,s ∈ RNs
p×D and visual spatial prompts

Pl
v,s ∈ RNs

p×D are separately inserted after audio and visual tokens along spatial dimension
to prompt the well-learned semantic knowledge from the pre-trained MHSA to audio-video
modalities, where Ns

p is the number of spatial-aware prompts. The whole operation is:

Al−1
s = [Al−1

s ,Pl−1
a,s ], Vl−1

s = [V l−1
s ,Pl−1

v,s ] (3)

[Al
s,Z

l
a,s] = Al−1

s +MHSA(LN(Al−1
s )), [V l

s ,Z
l
v,s] = Vl−1

s +MHSA(LN(Vl−1
s )) (4)

where Al
s and V l

s are the output tokens from spatial-aware prompting stage in (l-1)th layer,
Zl

a,s and Zl
v,s represents the output embedding of spatial prompts.

By updating the prepended learnable spatial prompts, the pre-trained image models can
mitigate the domain gap to learn the acoustic semantics and further enhance the contextual
modelling of video frames.
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3.4 Multimodal Fusion Prompting
We have audio and visual modalities throughout the learning task, requiring an effective in-
tegration of the two modalities to enhance the downstream prediction. However, pre-trained
image models only learned the close-domain image knowledge. To enforce them to integrate
audio and visual modalities without losing modality-specific information, we design a mul-
timodal fusion prompting by incorporating a set of fusion prompts between audio and visual
tokens. Instead of cross-attention-based fusion, we reuse the frozen pre-trained MHSA block
to leverage its capability of connecting different sequence tokens to integrate multimodal
tokens via inserted prompts. Given audio tokens As,t and visual tokens Vs,t attained from

temporal- and spatial-aware prompting, we insert a set of fusion prompts Pl
f usion ∈ RN f

p×D

between them for performing the information interaction via a shared pre-trained MHSA
block, where N f

p is the number of fusion prompts. The procedure can be defined as:

AVl−1 = [Al−1
s,t ,Pl−1

f usion,V
l−1
s,t ], [Al ,Zl

f usion,V
l ] = AVl−1 +βav ∗MHSA(LN(AVl−1)) (5)

where Zl
f usion represents the output embedding of fusion prompts, Al and V l are the output

tokens from multimodal fusion prompting stage in (l-1)th layer, which then individually
undergoes the shared pre-trained fully-connected network (FFN) block to obtain the final
audio and visual features for the following various downstream tasks.

Through training the incorporated fusion prompts, the bridged audio and visual tokens
interact with each other by self-attention operation, enforcing the pre-trained image models
to effectively integrate audio and visual modalities.

4 Experiments

4.1 Downstream Tasks and Datasets
Audio-visual event localization (AVE): We assess AV-STFP on the AVE dataset [39], which
comprises 4, 143 video clips with a synchronized audio stream. Audio-visual question an-
swering (AVQA): We evaluate AV-STFP on the MUSIC-AVQA dataset [20], which contains
9, 288 video clips plus 45, 867 question-answer pairs. Audio-visual action recognition
(AVAR): We evaluate AV-STFP on the Kinetics-Sound [48], including 27, 609 video clips
spreading across 32 action categories. For all audio-visual tasks, the model is trained on the
training split and its performance score is obtained from the testing split.

4.2 Experimental Setups
Data Pre-processing. Following existing works [8, 27, 45], we extract 10 RGB image
frames as visual inputs, each one uniformly sampled from a video clip and then resized and
cropped into the resolution size of 224× 224. For the audio input, each audio waveform is
chunked into 10 short segments, each one transformed into 128-D fbank features by the Han-
ning window. For AVE and AVAR tasks, we follow [50] to add stronger data augmentation
for the visual signal, and follow [27] to adopt the mix-up augmentation for the audio signal.
Model Configurations. We employ the pre-trained CLIP vision tower as the shared back-
bone with our spatial-temporal-fusion prompts attached to extract audio and visual features
for different tasks. We employ two variants like ViT-B/16 and ViT-L/14 for AVE and AVAR
tasks, and only utilize a large setting for the AVQA task. For all tasks, we adopt 2 temporal-
aware prompts, 10 spatial-aware prompts, and 2 fusion prompts. For the AVE and AVQA
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Method Encoder Pretrain Dataset Trainable
Param. ↓

Total
Param. ↓ Acc. ↑Visual Audio Visual Audio

PSP [54] VGG-19 VGGish ImageNet AudioSet 1.7M 217.4M 77.8%
AVT [25] VGG-19 VGGish ImageNet AudioSet 15.8M 231.5M 76.8%
RFJC [7] VGG-19 VGGish ImageNet AudioSet 22.8M 238.5M 76.2%

AVEL [39] ResNet-152 VGGish ImageNet AudioSet 3.7M 136.0M 74.0%
CMRAN [49] ResNet-152 VGGish ImageNet AudioSet 15.9M 148.2M 78.3%

MM-Pyramid [51] ResNet-152 VGGish ImageNet AudioSet 44.0M 176.3M 77.8%
CMBS [46] ResNet-152 VGGish ImageNet AudioSet 14.4M 216.7M 79.7%

AVSDN [26] ResNet-152 VGGish ImageNet AudioSet 8.0M 140.3M 75.4%
MBT∗ [32] ViT-B-16 AST ImageNet AudioSet 172.0M 172.0M 77.8%

DG-SCT [8] Swin-L HTS-AT ImageNet AudioSet 43.6M 461.3M 82.2%
LAVISH [27] Swin-L , shared ImageNet ✘ 10.1M 238.8M 81.1%

CoPL [53] Swin-L , shared ImageNet ✘ 1.7M 232.3M 81.9%

LAVISH [27] ViT-B-16 , shared ImageNet ✘ 4.7M 107.2M 75.3%
ViT-L-16 , shared ImageNet ✘ 14.5M 340.1M 78.1%

STG-CMA (TINY) [45] ViT-B-16 , shared CLIP ✘ 3.5M 89.6M 76.3%
STG-CMA (BASE) [45] ViT-L-14 , shared CLIP ✘ 20.1M 323.6M 83.3%

AV-STFP (ours) ViT-B-16 , shared CLIP ✘ 1.1M 87.1M 76.7%
ViT-L-14 , shared CLIP ✘ 1.8M 303.4M 83.0%

Table 1: Comparison with SOTA methods on AVE dataset. The and denote the frozen
and trainable parameters, respectively. The ✘ indicates that the datasets are not used for
pre-training. The ∗ represents the method re-implemented by [27].

tasks, the extracted audio-visual features are concatenated to pass through an MLP-based
classifier to make the prediction. We follow existing works [27, 43, 46] to employ the clas-
sification accuracy as a measurement score. For the AVQA task, we substitute the feature
extractor of the baseline model [20] with a frozen CLIP vision backbone with AV-STFP in-
serted while maintaining the original text encoder and pre-trained grounding modules. We
follow the baseline work to adopt the answer prediction accuracy as the assessment criterion.
Model Training. Our AV-STFP is trained for 30 epochs by Adam optimizer [19], where
the weight decay is configured as 0.2. Meanwhile, we use the CrossEntropy loss functions
for all tasks and the Cosine Decay [30] to dynamically adjust the learning rate during the
training procedure. More specifically, the learning rate is first linearly warmed up into 3e-4
within the first 2 epochs and then decayed into 2e-6 with a cosine function. To better train
the model, we assign different learning rates for newly introduced prompts and task-specific
layers. More implementation details can be found in the Supplementary Material.

4.3 Experimental Results

Audio-Visual Event Localization. As shown in Table 1, our AV-STFP achieves an impres-
sive performance compared with existing methods while only using 0.06% of total param-
eters. First, our proposed AV-STFP (ViT-B-16) obtains a competitive prediction accuracy
(76.7%) using the fewest trainable parameters. When switching to the ViT-L-14 backbone,
our AV-STFP boosts the accuracy prediction from 76.7% to 83.0% by only increasing the
small amount (0.7M) of trainable parameters, outperforming most existing methods such as
LAVISH, DG-SCT, and CoPL. Although AV-STFP has slightly inferior accuracy than STG-
CMA (BASE) (83.0% vs 83.3%), it only adopts 10 times fewer tunable parameters (1.8M
vs 20.1M). Compared with DG-SCT using audio-specific pre-training, AV-STFP adopts a
shared image backbone to efficiently learn audio-visual features.
Audio-Visual Question Answering. We also compare AV-STFP with AVQA methods on
audio questions (AQ), visual questions (VQ), and audio-visual questions (AVQ). As shown in
Table 2, AV-STFP achieves a state-of-the-art average question score (77.0%). Besides, AV-
STFP outperforms better than LAVISH and DG-SCT in all types of questions. Compared
with CoPL [53], our method achieves inferior performance in AVQ (73.2% vs 76.3%) but
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Method Encoder Trainable
Param. ↓

Total
Param. ↓

Question ↑
Visual Audio AQ VQ AVQ Avg.

AVSD [37] Non-shared N/A N/A 68.5% 70.8% 65.5% 67.4%
Pano-AVQA [52] Non-shared N/A N/A 70.7% 72.6% 66.6% 68.9%

ST-AVQA [20] Non-shared 10.6M 94.4M 74.1% 74.0% 69.5% 71.5%
LAVISH [27] Shared 21.1M 249.8M 75.7% 80.4% 70.4% 74.0%
DG-SCT [8] Non-shared 110.4M 520.2M 77.4% 81.9% 70.7% 74.8%

STG-CMA (BASE) [45] Shared 26.9M 221.9M 77.1% 80.8 % 70.7% 74.5%
STG-CMA (LARGE) [45] Shared 83.0M 278.1M 78.7% 83.0% 72.3% 76.2%

CoPL [53] Shared 1.8M 240.2M 77.3% 77.6% 76.3% 76.7%
AV-STFP (ours) Shared 9.3M 312.7M 77.3% 84.8% 73.2% 77.0%

Table 2: Comparison results of different methods on the MUSIC-AVQA dataset, including
audio, visual, and audio-visual questions.

Method Pretrain Backbone Param. ↓ Acc. ↑
AVSlowFast [48] Kinetics-400 [17] ResNet-50 38.5M 83.7%
CrissCross [36] Kinetics-400 [17] R(2+1)D-18 15.4M 66.7%

MoMA [43]

ImageNet [4] ViT-B/16 16.5M 90.6%
ImageNet [4] ViT-L/14 57.7M 92.2%

CLIP ViT-B/16 16.5M 91.1%
CLIP ViT-L/14 57.7M 94.2%

AV-STFP (ours) CLIP ViT-B/16 1.10M 85.6%
CLIP ViT-L/14 1.82M 92.6%

Table 3: Comparison results of our AV-STFP and exist-
ing methods on the Kinetics-Sound32 dataset for AVAR
task.

Prompting Param. Acc.Temporal Spatial Fusion
✘ ✘ ✘ 1.09M 78.2%
✔ ✘ ✘ 1.28M 80.7%
✘ ✔ ✘ 1.58M 81.4%
✘ ✘ ✔ 1.14M 79.5%
✔ ✔ ✘ 1.78M 82.4%
✘ ✔ ✔ 1.63M 81.2%
✔ ✘ ✔ 1.33M 81.5%
✔ ✔ ✔ 1.82M 83.0%

Table 4: Comparison results of
our model with different types of
prompting stages on AVE task.

significantly better performance in VQ (84.8% vs 77.6%). Although STG-CMA (LARGE)
has a slightly better accuracy score (78.7%) than ours (77.3%) in AQ, it presents a remark-
ably inferior performance than ours in VQ (83.0% vs 84.8%) and AVQ (72.3% vs 73.2%).
Moreover, our proposed AV-STFP contains significantly fewer tunable parameters than STG-
CMA (9.3M vs 83.1 M) and avoids the specific audio pre-training, revealing that the pro-
posed learnable prompts can efficiently enable the frozen pre-trained image models to watch
the video and hear the sound for better responding to the questions.
Audio-Visual Action Recognition. We further compare our AV-STFP with existing AVAR
methods such as AVSlowFast [48], CrissCross [17] and MoMA [43]. From Table 3, AV-
STFP (CLIP ViT-B/16) (85.6%) achieves better performance than AVSlowFast (83.7%) and
CrissCross (66.7%) while using only 1.10 M trainable parameters. It is worth mentioning
that AVSlowFast and CrissCross pre-train their models on the action recognition dataset
(Kinetics-400) and then fine-tune them on the Kinetics-Sound32, enabling the overlapped
action categories. However, AV-STFP adapts the models pre-trained on the image-only
dataset into Kinetics-Sound32, which is unseen for pre-trained backbones. When using the
CLIP ViT-L/14 backbone, AV-STFP improves the performance from 85.6% to 92.6% with
an increase of only 0.72M parameters. Although the MoMA (CLIP ViT-L/14) slightly out-
performs AV-STFP (94.2% vs 92.6%), it utilizes around 30 times more tunable parameters
(57.7M vs 1.82M). It presents that AV-STFP can efficiently transfer the knowledge from
pre-trained image models to benefit the AVAR task with minimal model parameters.

4.4 Ablation Studies
In this section, we conduct extensive ablation studies on the AVE dataset to validate the
effectiveness of different components of our approach.
Spatial-Temporal-Fusion Prompts Design. In Table 4, we conduct studies to explore the
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Model A.P. V.P. F.P. Param. Acc.
Audio Branch

w/o Prompt ✘ ✘ ✘ 0.06M 44.0%
w/ Prompt ✔ ✘ ✘ 0.4M 65.5%

Visual Branch
w/o Prompt ✘ ✘ ✘ 0.06M 75.8%
w/ Prompt ✘ ✔ ✘ 0.4M 79.4%

Audio-Visual Branch Without Fusion
w/ Audio Prompt ✔ ✘ ✘ 1.43M 80.8%
w/ Visual Prompt ✘ ✔ ✘ 1.43M 79.0%

w/ AV Prompt ✔ ✔ ✘ 1.8M 81.6%

Ours vs Finetuning
Full Finetuning ✘ ✘ ✘ 606.8M 57.6%
AV-STFP(ours) ✔ ✔ ✔ 1.8M 83.0%

Table 5: Comparison results with different prompt-
ing configurations. ‘A.P.’, ‘V.P.’, and ‘F.P.’ mean
the ‘Audio Prompting’, ‘Video Prompting’, and
‘Fusion Prompting’, respectively.

Figure 3: The t-SNE visualization of
baseline model w/o AV-STFP (left) and
with AV-STFP (right). The number 0−28
means the indices for event categories in
the AVE dataset. Each color corresponds
to a specific event.

effectiveness of different types of proposed prompts in our AV-STFP on the AVE dataset.
First, we observe that the reference model omitting all learnable prompts obtains the worst
performance, showing the proposed temporal-aware, spatial-aware, and multimodal fusion
prompts are indispensable for adapting the frozen image models into the audio-visual do-
main. Then, we find that introducing any type of proposed prompts into the pre-trained
image model will enhance the performance to a different degree. Especially, spatial-aware
prompts play a more important role in the cross-modal adaptation from image to audio and
video modalities. Afterwards, the performance will be further improved when injecting any
two types of learnable prompts into the pre-trained image backbone. For instance, inserting
spatial-temporal prompts performs better than adding spatial-fusion prompts, indicating that
temporal-aware prompts are crucial to adapt the static image models to capture the temporal
dependency of audio and video frames. Finally, removing the fusion prompts from AV-STFP
would degrade the performance from the best 83.0% into 82.4%, presenting the efficiency
of our prompt-based fusion mechanism on interacting with audio and visual modalities.

Prompting Configuration. In Table 5, we design comparison experiments to verify the
effectiveness of our AV-STFP with different prompting configurations on the AVE dataset
using the frozen CLIP ViT-L-14 backbone. First, to explore the influence of spatial-temporal
prompts on a single modality, we design two groups of reference models only considering
either the audio branch or the visual branch. We can find that inserting spatial-temporal
prompts will improve the audio-only model from 44.0% to 65.5% and the visual-only model
from 75.8% to 79.4%, showing that the prepended prompts are very crucial for adapting
the frozen image models to understand sequential consistency of audio and video. We also
observe that the visual-only model achieves better performance than the audio-only one, im-
plying that the performance of the AVE task is dominated by the visual modality. Second,
we investigate the impact of removing audio or visual prompts from the audio-visual branch.
We can observe that omitting prompts from either audio or visual branch will lead to perfor-
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mance degradation, showing that our dual-branch prompting benefits in correctly predicting
the event in the AVE task. Finally, we compare our efficient audio-visual prompting scheme
with the full fine-tuning paradigm. From Table 5, we can find that our proposed prompt-
based method significantly exceeds the full-finetuning scheme while only occupying 0.3%
of its trainable parameters, demonstrating the efficiency of our AV-STFP in generalizing
the pre-trained image models into the audio-visual domain and overcoming the knowledge
forgetting caused by full fine-tuning.
Qualitative Analysis. We adopt the t-SNE [41] to visualize the output audio-visual fea-
tures from the baseline model with our AV-STFP and without our AV-STFP as depicted
in Figure 3. To obtain the baseline without AV-STFP, we only remove all inserted learnable
prompts and unchange other components of the architecture of AV-STFP. We adopt the CLIP
ViT-L/14 as the pre-trained image backbone for both models and evaluate them on the AVE
dataset. As we can observe, compared with the baseline removing all proposed prompts,
our AV-STFP yields more intra-class compact and inter-class separable audio-visual fea-
tures in terms of circled classes in Figure 3, indicating that our novel multimodal prompting
technique can efficiently adapt the pre-trained image model to successfully predict event
categories.

5 Conclusions

In this paper, we propose an Audio-Visual Spatial-Temporal-Fusion Prompting (AV-STFP),
a novel prompt learning framework to transfer the learnt knowledge from the pre-trained im-
age foundation model into the audio-visual domain. By introducing a set of temporal-aware,
spatial-aware, and multimodal fusion learnable prompts into original audio-visual tokens, the
shared pre-trained image layers can be efficiently adapted to learn the temporal consistency,
semantic reasoning, and multimodal interaction of audio and video modalities. The exten-
sive experiments on the audio-visual understanding tasks present that our AV-STFP attains
competitive or even better performance than state-of-the-art methods while only involving a
small number of tunable parameters.
Future Work. While our AV-STFP enhances the advancement of parameter-efficient audio-
visual learning, it is necessary to evaluate our model in more challenging audio-visual envi-
ronments. In addition, our proposed method relies on a shared pre-trained image foundation
model to handle audio data, which maybe hard to sufficiently understand the acoustic char-
acteristics due to the domain gap. In the future, we will apply our AV-STFP to the pre-trained
audio-visual backbones to further improve the performance.
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