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Motivation

Current CV is task-specific
Goal: Multi-task visual representation with minimal tuning
e Challenges with Video Understanding:
o  Resource-intensive

o Image-text misalignment
o  Composed of frame sequences

IVL models like CLIP, ALIGN, FILIP excel in general-purpose learning
e |VL models learn from image-caption pairs similar to how video task involve pairing
sequences with relevant descriptions

e Solution:
o  Prompt-based learning for efficient video understanding
o  Adapt pre-trained CLIP for video tasks



Prompt-based learning for Efficient Video
Modeling

e Current Challenge:
o  Fine-tuning for each task is costly; don't want 100s of models.
e Our Solution:
o  Use CLIP-like general prompts for various tasks.
o  Optimize prompt vectors to match pre-training objectives, helping model generalize.
o  Employ lightweight transformers to encode temporal info from frame-wise features.
e Adaptation Tasks Covered:
o  Action recognition
o  Action localization
o  Text-to-videoretrieval.
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Model (I-VL -> CLIP)
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\ Model(CLIP -> Video)
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\ Model (Model Adaption)
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Model (Temporal Modeling)
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Model(Downstream Tasks)
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Model (Loss)

- action recognition & text-video retrieval
- action localisation

exp(@; s Ci/T)

. gZGXp(ﬁ;-Cj/T)

1




\ Experiment Definition

Closed Set Few-shot Zero-shot




Experiment Tasks
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Experiment: Closed-set ablation

Table 1: Ablation study for closed-set action recognition.

K-400 K-700
Model Prompt Temporal | TOP1 TOP5 AVG | TOP1 TOP5 AVG

Baseline-1 [69] hand-craft X = - —~ —~ — 52.4
Baseline-11 [69] X X ~ - - - 66.1




Experiment: Closed-set ablation

Table 1: Ablation study for closed-set action recognition.
| K-400 K-700
Model Prompt Temporal | TOP1 TOP5 AVG | TOP1 TOP5 AVG

Baseline-1 [69] hand-craft X - - — - - 52.4
Baseline-11 [69] X X : - = - 66.1

A0 24+-X+42 69.1
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Experiment: Closed-set action recognition

Table 2: Comparison on closed-set action recognition. On all datasets, our model
performs comparably to existing methods, by training [ar [ewer parameters.
I HMDB-51 UCF-101 K-400 K-700
Method | TOFP1L STOPS | TOP1 -TOPS | TOP1 TOPS | TOP1 TOPS

13D ’J_.3;] 74.3 95.1 71.6 90.0 H8.7 81.7
S3D-G l?%')l 75.9 96.8 74.7 93.4
R,("Z—}—l)[) [79.] 74.5 96.8 72.0 90.0
TSM [50] 74.7
R3D-50 B3] 66.0 92.0
NL-13D lxﬂ 66.0 76.5
SlowFast [20] 77.0
X3D-XXL [|8] 80.4
TimeSformer-L 4] 80.7

Ours (A5) 99.0 | 76.6 | 64.7  88.5




Experiment: Few-shot action recognition
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Experiment: Closed-set action localization

THUMOS14 ActivityNet1.3
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Experiment: Zero-shot action localisation

Table 7: Results of zero-shot action localisation. Baseline-111 uses the same pro-
posal detector as our method, but adopts the original CLIP with handcrafted prompts
as the proposal classifier. Our model is trained on 75% (or 50%) action categories and
tested on the remaining 25% (or 50%) action categories.
THUMOS14 ActivityNet1.3
Method d o< . 0.5 0.6 0.7 AVG]| 0.5 0.75 0.95 AVG

188 | 35.6 204 2.1 20.2

7
75% v.s 259 : 31.6 23.0 14.9 7.5 23.3|37.6 22.9 3.8 23.1

Baseline-111 5% v.s 259 33. 255 18.3 116 5.
Ours

.

50% - 509 . 29.6 21.6 14.0 7.2 21.9(32.0 19.3 2.9 19.6

Baseline-111 ’ 50% v.s 509 27.2 213 153 9.7 48 15.7]1 28.0 164 1.2 16.0

Ours




Experiment: text-video retrieval

Table 8: Results of text-video retrieval. Basecline-1V refers to the original CLIP
model with text query naively encoded, i.e. without using any prompt. E2E denotes if
the model has been trained end-to-end. As these methods are pre-trained on different
datasets with variable sizes, it is unlikely to make fair comparisons.
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visual encoder textual encoder

I video
Transformer x2: 5 Million B cmoedaing b

embedding

Prompt Vector x16 x2: 16k CLIP

text encoder

A T SO G

1
CLIP *

image encoder

TTT,TT

XLl

RTX 3080




