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Background

® Pretrained Vision-Language (V-L) models are open-vocabulary

Text

e E.g: CLIP pretrained on 400 Million image-caption pairs

Encoder
IR
o T T, T3 UM
o  Zero-shot capability
o  Effectively transfer to downstream vision tasks B .
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CLIP used for zero-shot classification (Radford et al., 2021)
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Effective formulation of CLIP baseline for videos

Problem statement:

Similar to CLIP for images, can we come up with VideoCLIP based V-L model for videos?

Existing solutions:

e Video-text pretraining
o Expensive: Curating large scale video-text pairs

o High compute requirement

e Adapt already available image-text models for videos



Common Methods to Adapt CLIP for Videos

® Introduce additional modules for temporal modeling
e e.g.Video decoders, temporal attention, inter-frame communication blocks

e Recent works e.g. XCLIP and ActionCLIP

It is Challenging

e Additional components hurts the inherent generalization ability of CLIP

® Increase compute requirements during training and inference



Effective formulation of CLIP baseline for videos

A simple Video Fine-tuned CLIP (ViFi-CLIP) is sufficient to bridge the domain gap
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ViFi-CLIP

® Our simple baseline ViFi-CLIP for adapting CLIP to videos

O

O

Fine-tune CLIP on videos with minimal design changes I
1x512
No modality specific components that may degrade the R T .............
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ViFi-CLIP

® VIiFi-CLIP can learn suitable video representations with minimal design changes

( Vanilla CLIP (ICML'21) CLIP text-side tuned CLIP image-side tuned ViFi CLIP ; XCLIP (ECCV'22)
Acc. 63.2(A=-8.8) Acc. 69.8(A=-2.2) Acc. 72.9(A=+0.9) Acc. 76.8(A=+4.8) Acc. 72.0
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( Vanilla CLIP (ICML'21) CLIP text-side tuned CLIP image-side tuned ViFi CLIP
Acc. 40.8(A=-3.8) Acc. 48.5(A=+3.9) Acc. 49.0(A=+4.4) Acc. 51.3(A=+6.7)
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Base to Novel generalization benchmark

® Introduce a base-to-novel generalization benchmark Kinetic-400 I Base categories
> Novel categories
o  Evaluating model's generalization ability within a dataset &
o
o  First open-vocabulary video recognition protocol “;
S Something-Something v2
o Splits datasets into base and novel classes % |||“|
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Bridge and Prompt approach in low-data regimes

_____________________________

e We explore a two-stage approach, ‘bridge and prompt’ i___TF_f_"}??_r_a‘_!’_99_“_'}_8____ﬁﬁ“.---‘."!?3‘.‘!!‘.‘??..335{‘!‘3!‘_%!-_-,5
T x 512 Tlx512
o  Fine-tuning on a video dataset to bridge the modality gap. [ Image Encoder I *] [ Text Encoder Ty %|

Image Encoder I Text Encoder Tz * ]

o Model is then adapted to downstream tasks for better

generalization via prompting. i i ““ ‘

Image Encoder Iy Text Encoder T; #
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/'Patch tokens Learned prompts
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Experiments

We conduct experiments on four different benchmark settings
Generalization benchmarks:

® Zero-shot

o  Pretrain models on K-400

o  Evaluate models on: UCF101, HMDB-51, K-600
® Base-to-novel generalization

o  Train models on base classes

o  Evaluate models on base and novel classes
Supervised learning benchmarks:
® Few-shot
e Fully-supervised tasks

/4\ UNIVE
MOHAMED BIN ZAYED
e’ 5 M

RSITY OF
é ARTIFICIAL INTELLIGENCE

10



ViFi-CLIP Generalizes Well

Zero-shot setting

o Modality gap bridged by adapting CLIP for video domain (K-400 pretraining)

o  Without loss in generalization ability towards cross datasets

Method HMDB-51 UCF-101

Method K600 (Top-1) K600 (Top-5)

Uni-modal zero-shot action recognition models

Uni-modal zero-shot action recognition models

ASR [41] 21.8+0.9 244+1.0 SJIE[1] 223+0.6 482+ 04
ZSECOC [32] 226+12 15.1+1.7 ESZSL [36] 229+12 48.3 4+ 0.8
UR [50] 244+1.6 175+ 1.6 DEM [44] 23.6 +0.7 495+ 04
E2E [5] 32.7 48 GCN [13] 2234+0.6 49.7 £ 0.6
ER-ZSAR [8] 353+46 51.84+29 ERZSAR [8] 21+14 73.1+03
Adapting pre-trained image VL models Adapting pre-trained image VL models
Vanilla CLIP [33] 40.8 +0.3 63.2+0.2 Vanilla CLIP [33] 59.8+0.3 83.5+0.2
ActionCLIP [40] 408 =54 583+34 ActionCLIP [40] 66.7 + 1.1 91.6 + 0.3
XCLIP [30] 446 +5.2 72.0+23 XCLIP [30] 65.2+04 86.1 +£0.8
A5 [17] 443 +22 69.3 +4.2 AS5[17] 55.8 +0.7 81.44+03
Tuning pre-trained image VL models Tuning pre-trained image VL models
CLIP image-FT 49.0 +0.3 729 +0.8 CLIP image-FT 624 +1.0 85.8 +0.5
CLIP text-FT 48.5 + 0.1 69.8 + 1.1 CLIP text-FT §8.5 +1.2 89.6 +0.3
| ViFi-CLIP 51.3+0.6 76.8 + 0.7 ViFi-CLIP 71.2+1.0 92.2 +0.3 )
+6.7 +4.8 +4.5 +0.6
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ViFi-CLIP Generalizes Well

Base-to-novel generalization

e We compare ViFi-CLIP with
o Methods that explicitly adapt CLIP for videos

K-400 HMDB-51 UCF-101 SSv2
Method Base Novel HM | Base Novel HM | Base Novel HM | Base Novel HM

Adapting pre-trained image VL models

Vanilla CLIP [33] 623 534 575|533 468 498 | 785 63.6 703 | 49 53 5.1

ActionCLIP [40] 61.0 46.2 526 | 69.1 373 485 |90.1 581 70.7| 133 10.1 115
XCLIP [30] 74.1 564 640 | 694 455 550|899 589 712 | 85 6.6 7.4
A5 [17] 69.7 37.6 48.8 | 462 160 238 |90.5 404 558 | 83 53 6.4

Tuning pre-trained image VL models

CLIPimage-FT 729 580 646|626 475 540|864 653 744| 92 85 88
CLIP text-FT 734 597 658|700 512 59.1 909 674 774|124 95 108
ViFi-CLIP [ 764 611 679|738 533 619|929 677 783162 121 139}

+23 +47 +39 | +44 +65 +69 | +24 +4.1 +7.1 | +29 +20 +24
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ViFi-CLIP directly adapts to supervised video tasks

g

Few-shot learning

o VIiFi-CLIP supasses other approaches that explicitly adapts CLIP for videos

Model HMDB-51 UCF-101 SSv2
K=2 K=4 K=8 K=16 | K=2 K=4 K=8 K=16 | K=2 K=4 K=8 K=16
Adapting pre-trained image VL models
Vanilla CLIP [33] 419 419 419 419 | 63.6 63.6 63.6 63.6 2.7 2.0 2.7 2.7
ActionCLIP [40] 475 579 573 59.1 |70.6 715 73.0 914 | 4.1 58 84 111
XCLIP [30] 53.0 573 628 640 | 485 756 837 914 39 45 6.8 10.0
AS [17] 39.7 507 560 624 | 714 799 857 899 44 51 6.1 9.7
Tuning pre-trained image VL models
CLIP image-FT 496 549 578 620 | 744 79.1 853 90.5 49 60 72 10.4
CLIP text-FT 545 616 631 650 | 801 828 858 88.1 62 6.1 6.3 9.1
ViFi-CLIP [ 572 627 645 66.8 | 80.7 851 90.0 92.7 62 74 85 12.4]
+42 +48 +1.7 +28 | 493 +52 +43 +13 | +18 +16 +0.1 +13
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ViFi-CLIP directly adapts to supervised video tasks

Fully supervised setting (K400)

o  ViFi-CLIP performs competitive in fully supervised setting

Method Frames Top-1 Top-5 Views GFLOPs TP

Uni-modal architectures

Uniformer-B [23] 32 830 954 4x3 259 -
TimeSformer-L [4] 96  80.7 947 1x3 2380 -
Mformer-HR [31] 16 81.1 952 10x3 959 -
Swin-L [27] 32 831 959 4x3 604 -

Adapting pre-trained image VL models

ActionCLIP [40] 32 838 962 10x3 563 677
X-CLIP [30] 16 847 968 4x3 287 585
A6[17] 16 769 935 - 5 :

Tuning pre-trained image VL models

CLIP image-FT 16 828 962 4x3 281 711
CLIP text-FT 16 731 912 4x3 281 711
ViFi-CLIP 16 839 963 4x3 281 7I.1
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Further analysis

Is fine-tuning efficient w.r.t adapting CLIP?

e We compare the compute complexity of ViFi-CLIP with methods that explicitly adapt CLIP for videos

Method GFLOPs TP Params (M)
ActionCLIP [40] 563 67.7 168.5
XCLIP [30] 287 58.5 1315
ViFi-CLIP 281 71.1 124.7
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Visualizations

Attention maps

® VIiFi-CLIP learn Inter-object relationships and scene-dynamics from temporal cues

o
=
a,

)
°
151

=
=

o

=

o

oy

i

=

ViFi-CLIP

Video input

ViFi-CLIP

“Astronaut riding a horse” “Giraffe diving”
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Conclusion

e We propose a simple and effective baseline for adapting CLIP to videos

e Performs favourably well against existing complex approaches on four benchmark in video
action recognition

® Introduce base to novel generalization benchmark for videos

® Bridge and Prompt for low data regimes
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