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As depicted in (a), the pre-trained model equally extracts visual features and directly passes them to
downstream tasks.
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In recent years, the deployment of large-scale pre-trained models in audio-visual downstream tasks has yielded remarkable outcomes. However, these models, primarily trained on single-modality unconstrained datasets, still encounter challenges in feature extraction for multi-modal tasks, leading to suboptimal performance.
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However, when perceiving the roaring sound of an engine, the visual region depicting a "car" should receive

more attention than the region of "trees".

Simultaneously, when observing the car, it is crucial to

concentrate on the audio segments of the engine sound. Therefore, the encoder should not only equally
extract modal-specific information from the current modality, but also highlight information related to other
modalities to enhance feature fusion across diverse modalities in downstream tasks.
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The success of prompt learning in large language models (LLMs) has recently sparked growing research interest in multi-modal prompt learning. While these approaches enable adaptive adjustment of input features using text-based prompt templates for downstream tasks, an important question arises: Can audio or video serve as innovative prompt templates to enhance task comprehension for pre-trained models and guide adaptive feature extraction of the counterpart modality? Our findings suggest a positive answer to this question.
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Shown in (b), take visual modality, our visual features contain fine-grained, task-specific information under
the guidance of audio prompts.
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In this paper, we present the Dual-Guided Spatial-Channel-Temporal (DG-SCT) attention mechanism, designed to adaptively adjust feature extraction of pre-trained models based on audio-visual input.
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Specifically, DG-SCT is injected into every layer of frozen pre-trained audio and visual encoders. This
mechanism utilizes audio and visual modalities to guide the feature extraction of their respective
counterpart modalities across spatial, channel, and temporal dimensions.
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Notably, our approach adds only a limited number of parameters for the interaction layer, while keeping the original parameters of the large-scale pre-trained models frozen.
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02-1 Adding DG-SCT modules to frozen encoders
02-2 DG-SCT
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Now, let’s have a brief introduction about how to add DG-SCT modules into Visual and Audio encoders, thus
finetuning these two encoders.
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Now, Let’s delve deeper into our approach.
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02-1 Adding DG-SCT modules

How to add DG-SCT modules into Visual and Audio encoders?
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As shown in the equation, vl and al are intermediate representation of visual and audio modalities, Usually, the block of the transformer-based encoders has multi-head attention follows with an MLP. This is where we introduce our DG-SCT module, represented as the ‘omega’ function in our formulation. For video representations, DG-SCT module leverages audio guidance, whereas for audio representations, it utilizes visual guidance.
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Now for the details of DG-SCT. Take video representation, audio modality serves as soft prompt to generate channel attentive maps, spatial attentive maps and temporal attentive gates, emphasizing informative features of the visual modality.
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Experiments

03-2 Audio-visual downstream tasks
03-3 Few-shot/zero-shot tasks
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- AVE Method Visual Encoder Audio Encoder Acc
AVEL(Audio-Visual) [[30]] VGG-19 VGG-like 71.4
AVEL(Audio-Visual+Att) [30] VGG-19 VGG-like 72.7
AVSDN [15] VGG-19 VGG-like 72.6
CMAN [35]] VGG-19 VGG-like 73.3
DAM [37] VGG-19 VGG-like 74.5
CMRAN [34] VGG-19 VGG-like 77.4
CMBS [33]] VGG-19 VGG-like 79.3
LAVisH [16] Swin-V2-L (shared) 81.1
LAVisH [16] Swin-V2-L (shared) 79.7
LAVisH*] Swin-V2-L HTS-AT 78.6
Ours Swin-V2-L HTS-AT 82.2
- AVVP Segment-level Event-level
Methods A \% AV  Type Event A \Y AV Type Event
AVE [30]] 499 373 370 414 436 436 324 326 362 37.4
AVSDN [15] 47.8 52.0 37.1 45.7 50.8 341 463 265 356 37.7
HAN [29] 60.1 529 489 540 554 513 489 430 477 480
MGN [22] 60.7 555 506 556 572 510 524 444 493 49.2
Ours 590 594 528 57.1 570 49.2 56.1 46.1 50.5 49.1
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We conduct comprehensive experiments on four datasets, including AVE, AVVP, 


Setting

- AVQA

Method Visual Encoder Audio Encoder

My Mg M r

AVS [39] PVT-v2 VGG-like 78.7 87.9 64.5

LAVisH [16] Swin-V2-L (shared) 80.1 88.0 60.3

LAVisH* Swin-V2-L HTS-AT 78.0 87.0 59.9

Swin-V2-L HTS-AT 809 89.2 64.2
Method Visual Encoder Audio Encoder AQ VQ Avg
AVSD [26] VGG-19 VGG-like 68.5 70.8 67.4
Pano-AVQA [36] Faster RCNN VGG-like 70.7 72.6 68.9
ST-AVQA [[13] ResNet-18 VGG-like 74.1 74.0 71.5
LAVisH [16] Swin-V2-L(shared) 75.7 804 74.0
LAVisH* Swin-V2-L HTS-AT 754  79.6 73.6
Swin-V2-L HTS-AT 774 819 74.8
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AVS, and AVQA, as well as our newly proposed few-shot/zero-shot audio-visual tasks. Across 25 experimental settings, our approach achieves state-of-the-art results on 19 of them.
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our approach demonstrates robust generalizability and holds potential for application in more audio-visual

scenarios in the future.
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下面进行实验分析。
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we employ t-SNE to visualize the learned audio and visual features and compare features generated by our model with features generated by baseline without DG-SCT, on various tasks. As we can see, features extracted by the proposed DG-SCT are more intra-class compact and more inter-class separable. These meaningful visualizations further demonstrate that the DG-SCT model successfully learns compact and discriminative features for each modality across diverse downstream tasks.


)it i) o

i  ZHEJIANG UNIVERSITY

Cross-modal Prompts

Adapting Large Pre-trained
Models for Audio-Visual
Downstream Tasks

Thank you

Haoyi Duan




	幻灯片编号 1
	幻灯片编号 2
	幻灯片编号 3
	幻灯片编号 4
	幻灯片编号 5
	幻灯片编号 6
	幻灯片编号 7
	幻灯片编号 8
	幻灯片编号 9
	幻灯片编号 10
	幻灯片编号 11
	幻灯片编号 12
	幻灯片编号 13
	幻灯片编号 14
	幻灯片编号 15
	幻灯片编号 16
	幻灯片编号 17
	幻灯片编号 18
	幻灯片编号 19

