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CLIP is hot and plays a vital role in many multi-modal research works...
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CLIP is a pre-training model consisted of an image encoder and text encoder.
It 1s pre-trained on 400 million (image, text) pairs via contrastive learning and shows great
generalization performance on over 30 different existing computer vision datasets.

* The picture comes from https://openai.com/blog/clip/
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Problem of CLIP When It Comes to Text-Video Retrieval
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The image encoder is

Vision Transformer (ViT)
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! generally a vision transformer (ViT).

Transformer Encoder

A
L x o

Embedded
Patches

e - 99 0) @) 8) 0)8) 6) B)6] @15

* Extra learnable

[class] embedding [ Linear Projection of Flattened Patches
N I R

RN ot T @W@

e 4

Images will be divided into patches and projected linearly into
embedding space. Then they can be processed by the Multi-

Head Self-Attention (MHSA) blocks in the transformer.
This process is called visual tokenization.

* The picture comes from Alexey Dosovitskiy et al. An image is worth 16x16 words: transformers for image recognition at scale. ICLR 2022.
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Problem of CLIP When It Comes to Text-Video Retrieval
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'... Continuous frames in a video are similar.
In this case, visual tokenization process in the
— vision transformer of CLIP produces many
RN

o homogeneous tokens.

| ‘
:m!! Visual tokenization of a video usually produce
S embe hundreds or even thousands of frame tokens.
e order Redundant tokens significantly increase
computation costs and hinders the deployment of
video retrieval models in web applications.

Figure. t-SNE visualization of video token embeddings of CLIP. The
shown similar image patches within a cluster are from different
temporal frames in the same video
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[CLASS] embedding
The video tokens are redundant, can we find a

'... small set of tokens to represent the video?
> : : C
- RRR This small set of video should be discriminative
s 1.4 enough for the video representation learning.

N ’ In the left picture, data points are naturally
i A clustered, can we use tokens corresponds to
t-SNE of token embeddings of CLIP .
cluster centers to represent the video?

frame order

The answer is absolutely YES! Center tokens
contain most valuable information of the video.

Figure. t-SNE visualization of video token embeddings of CLIP. The
shown similar image patches within a cluster are from different
temporal frames in the same video
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e * the base framework — following CLIP4clip
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The goal of the model is to learn a function f, which can score the similarity of the video v; and text t;.
The whole model is consisted of a video encoder h and a text encoder g.

foit;) = h(v) T g(ty).

Generally, the video encoder and text encoder are both transformers.

Text Encoder (Transformer)

Token + Pomlon
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* The picture comes from Huaishao Luo, et al. CLIP4Clip: An Empirical Study of CLIP for End to End Video Clip Retrieval. CoRR abs/2104.08860 (2021).
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We adopt a multi-segment clustering strategy in the vision transformer as the neighbor frames are more likely
to be similar. Here, the video is divided into three segments and each contains three frames. Clustering is
performed independently on tokens of each segment, and center tokens of all clusters from one segment are
selected and concatenated into a new sequence. Via attention on this new sequence, the visual model is able to
learn features that contain segment-level video semantics.
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 token clustering & center selection | The similarity score of the video v; and text t; now becomes:
c > |
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2 .
3 - 1000+ in some case.
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g 30 | By only reserving the center tokens after clustering, we save a lot of
ropped

memory and computation cost.
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Via attention among tokens from different frames in a video segment,

 token clustering & center selection | The similarity score of the video v; and text t; now becomes:
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Method

* two instances of clustering method — k-medoids++

Given a set of tokens {xq, ..., x,,} € R%, playing normal
k-means on these tokens:

1. Initialize cluster centroids u1, p2, ..., UK € R9 randomly;
2. For every i, set p; = arg minj||xi — ,uj||§;
X pi=jix

3. For every j, set yj = ; 1{-} equals to 1 if and

Zgl 1{pi=j}
only if the inner condition is true;

4. Repeat step 2 and 3 until convergence.

Random initialization is not suitable for text-video
retrieval — a deterministic initialization method:

Algorithm 1: KKZ initialization for k-means [23]

1

2
3
4

10

Input: tokens {x1,...,xmn} € R4, cluster number K

Output: centroids {u1, yo, . . ., g} € RY

p1 — argmax, ||x;||2;

fori «— 2to K do

for j — 1tomdo

fork «— 1toido
// calculate distance between x; and py
djj < distance(x;j, pig);

end

dj < ming d; g;
end

pi < argmax, dj;

end




Method

b * two instances of clustering method — spectral clustering

Data clusters may not be spherical in the high-dimension  Directions of eigenvectors also matter for some distance
space. Spectral clustering maybe better in such cases. metric. We align the direction of eigenvectors with the
major direction of data points.

1. Construct similarity graph. Let W be its weighted adjacency Algorithm 2: sign fip for SVD [5]
matrix, D be the degree matrix;

Input: L € R™ truncated singular value decomposition

1 1
2. Compute normalized Laplacian Lsy, = D™2(D — W)D™ 2; (U5, V) of L, U = [u ug] € RM<K
3. Compute the first K eigenvectors y1, . .., gg of Lsym which Output: U’ = [u/, ..., /] with appropriate signs
correspond to the first K least eigenvalues; L for k — 1to K do
4. LetU = [y, ...,y ]; Normalize each row of U to have norm ) y=1-YK o7
: : i=1,izk i’
of 1, generally, {2 norm is used; _ /* sign(-) return the sign of input, Y.;
5. Consider each row of U as a new data point, apply k-means denote the i-th column of Y ’ %/
to these data points. Cem JTY STV 2.
3 SE = j:131gn(uk .,])(uk L)

4+ end
for k — 1to K do

’

| ) = sign(spug;
7 end

o W




Experiments

SieiR2022 | «  datasets

MSVD, MSR-VTT, LSMDC, ActivityNet
e Metric

Recall at rank K, R@IK, higher is better
Median rank, MdR, lower is better
Mean rank, MnR, lower is better

* Setting of our method — Center CLIP

We use (B, — S, K) to represent the setting. It means we perform token clustering right after the a-th
transformer block, the number of temporal segments is S, and the number of clusters/centers are constant K.



Experiments

Ly | G;IHI[‘!&;O 22 | , MSVD

Method MeM. Speed Text — Video Video — Text
GB ms | R@1T R@57 R@10T MdR| MnR| ‘ R@1T R@5T R@10T MdR| MnR|

CE [29] - - 19.8  49.0 63.8 6 - - - - - -
TT-CE+ [10] - - 25.4 56.9 71.3 4 - 27.1 35.3 67.1 4 -
Frozen in Time [2] - - 33.7 64.7 76.3 3 - - - - - -
CLIP zero-shot - - 37.0 64.1 73.8 3 - 59.9 85.2 90.7 1 -
CLIP4clip (meanP) [32] 20.8 24.4 46.2 76.1 84.6 2 10.0 56.6 79.7 84.3 1 7.6
CLIP4clip (seqTransf) - - 45.2 75.5 84.3 2 10.3 62.0 87.3 92.6 1 4.3
baseline (CLIP4clip (meanP), ViT-B/32) 20.8 24.4 45.9 74.9 84.7 2 10.4 51.0 76.3 82.2 1 9.1
CenterCLIP (k-medoids++, B — 4, 49) 15.0 22.9 47.6 77.5 86.0 2 9.8 54.2 78.4 84.9 1 7.6
CenterCLIP (k-medoids++, B — 3, 49) 14.2 22.9 47.3 76.8 85.6 2 9.9 57.9 83.6 90.5 1 3.2
CenterCLIP (spectral, B — 4,49) 14.9 40.8 47.4 76.5 85.2 2 9.7 62.7 88.1 02.8 1 4.1
CenterCLIP (spectral, B — 3,49) 14.2 43.6 47.3 76.9 86.0 2 9.7 63.5 86.4 92.6 1 3.8
baseline (CLIP4clip (meanP), ViT-B/16) 257  59.6 | 49.6  79.5  88.0 2 86 | 627 839 894 1 6.1
CenterCLIP (k-medoids++, Bg — 4, 160) 17.6 86.5 50.6 30.3 838.4 1 8.4 63.4 90.1 95.0 1 3.0

Table 1: Results on MSVD. MeM. is the average GPU memory cost when training on 2 and 8 Tesla V100 GPUs for ViT-B/32 and
ViT-B/16, respectively. Speed is the inference time per video during evaluation on a Tesla V100 GPU.

significant improvement, SOTA performance, 32% reduction in memory (ViT-B/32), 6% gain of speed (ViT-B/32)
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Experiments

Method MeM. Speed Text — Video Video — Text
GB ms | R@1T R@5T R@10T MdR| MnR| | R@1T R@5T R@10T MdR| MnR]

FSE [67] - - 18.2 44.8 - 7.0 - 16.7 43.1 - 7.0 -
CE [29] - - 13.2 47.7 - 6.0 12.1 17.7 46.6 - 6.0 24.4
CMGSD [15] - - 242 56.3 - 4.0 - 24.6 56.8 - 4.0 -
MMT [13] - - 28.7 61.4 - 3.3 16.0 28.9 61.1 - 4.0 17.1
TT-CE+ [10] - - 23.5 57.2 - 4.0 - 23.0 56.1 - 4.0 -
T2VLAD [56] - - 23.7 55.5 - 4.0 - 24.1 56.6 - 4.0 -
SSB [38] - - 29.2 61.6 - 3.0 - 28.7 60.8 - 2.0 -
CLIP zero-shot - - 21.7 46.0 59.6 7.0 39.7 17.9 40.8 54.2 8.0 43.3
CLIP4clip (meanP) [32] 25.0 82.0 40.5 72.4 - 2.0 7.4 42.5 74.1 85.8 2.0 6.6
CLIP4clip (seqTransf) - - 40.5 72.4 - 2.0 7.5 41.4 73.7 85.3 2.0 6.7
baseline (CLIP4clip (meanP), ViT-B/32) 25.0 82.0 41.8 73.9 84.7 2.0 7.3 42.8 73.8 85.3 2.0 6.9
CenterCLIP (k-medoids++, Bg — 15, 49) 16.8 71.3 43.9 75.3 85.2 2.0 7.0 44.2 75.0 86.1 2.0 6.8
CenterCLIP (k-medoids++, Bg — 12, 49) 16.2 70.4 43.5 75.0 85.9 2.0 6.9 445 753 86.0 2.0 6.7
CenterCLIP (spectral, Bg — 20, 49) 17.7 162 43.5 75.1 854 2.0 6.9 441 75.1 86.0 2.0 6.7
CenterCLIP (spectral, Bs — 15, 49) 16.8 174 439 74.6 85.8 2.0 6.7 44.5 75.7 86.2 2.0 6.5
CenterCLIP (k-medoids++, Bg — 15, 160, ViT-B/16)  23.0 419 46.2 77.0 87.6 2.0 5.7 | 46.7 77.1 88.0 2.0 55

Table 2: Results on ActivityNet. MeM. is the average GPU memory cost when training on 8 and 32 Tesla V100 GPUs. Baseline

with ViT-B/16 OOM on 32 Tesla V100 GPUs. Speed is the inference time per video during evaluation on a Tesla V100 GPU.

significant improvement, SOTA performance, 35% reduction in memory (ViT-B/32), 14% gain of speed (ViT-B/32)
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Method MeM. Speed Text — Video Video — Text

GB ms | R@1T R@5T R@10T MdR| MnR| | R@1T R@5T R@10T MdR| MnR|
ACctBERT [69] - - 86 234 331 36 - - - - - -
JSFusion [63] - - 102 312 432 13 - - - - - -
HowTo100M [35] - - 14.9 40.2 52.8 9 - - - - - -
CE [29] - - 20.9 48.8 62.4 6 - 20.6 50.3 64.0 5.3 -
MMT [13] - - 26.6 57.1 69.6 4 24.0 27.0 57.5 69.7 3.7 21.3
T2VLAD [56] - - 29.5 59.0 70.1 4 - 31.8 60.0 71.1 3 -
AVLnet [43] - - 271 55.6 66.6 4 - 28.5 58.6 71.6 3 -
TT-CE+ [10] - - 29.6 61.6 74.2 3 - 32.1 62.7 75.0 3 -
CLIP zero-shot - - 31.2 53.7 64.2 4 - 27.2 51.7 62.6 5 -
CLIP4clip (meanP) [32] 20.8 24.4 43.1 70.4 80.8 2 l6.2 43.1 70.5 81.2 2 12.4
CLIP4clip (seqTransf) - - 445 71.4 81.6 2 15.3 42.7 70.9 80.6 2 11.6
baseline (CLIP4clip (meanP), ViT-B/32)  20.8 24.4 43.0 70.7 80.6 2 l6.2 43.1 70.8 80.6 2 11.4
CenterCLIP (k-medoids++, Bs — 4, 49) 15.0 22.9 43.6 71.4 81.2 2 15.3 42.9 70.4 80.8 2 10.8
CenterCLIP (k-medoids++, Bs — 3,49) 14.2 229 44.0 70.7 81.4 2 15.7 42.9 71.4 81.7 2 11.1
CenterCLIP (spectral, B — 4, 49) 14.9 40.8 43.6 71.7 80.6 2 154 43.5 72.1 82.2 2 11.1
CenterCLIP (spectral, B¢ — 3, 49) 14.2 43.6 442 71.6 82.1 2 15.1 42.8 71.7 §2.2 2 10.9
baseline (CLIP4clip (meanP), ViT-B/16)  25.7 59.6 45.6 71.2 80.9 2 15.2 43.2 72.5 80.7 2 10.9
CenterCLIP (k-medoids++, Bg — 4,160)  17.6 86.5 48.4 73.8 82.0 2 13.8 47.7 75.0 83.3 2 10.2

Experiments

(b) Training on training-9K

Table 3: Results on MSR-VTT. MeM. is the average GPU memory cost when training on 2 and 8 Tesla V100 GPUs for ViI-B/32
and ViT-B/16, respectively. Speed is the inference time per video during evaluation on a Tesla V100 GPU.

significant improvement, SOTA performance
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Method MeM. speed Text — Video Video — Text
GB ms | R@1T R@57 R@10T MdR| MnR| ‘ R@1T R@5T R@10T MdR| MnR]|

JSFusion [63] - - 9.1 21.2 34.1 36.0 - 12.3 28.6 38.9 20.0 -
CE [29] - - 11.2 26.9 34.8 25.3 96.8 - - - - -
MMT [13] - - 12.9 29.9 40.1 19.3 75.0 12.3 28.6 38.9 20.0 76.0
Frozen in Time [2] - - 15.0 30.8 39.8 20.0 - - - - - -
TT-CE+ [10] - - 17.2 36.5 46.3 13.7 - 17.5 36.0 45.0 14.3 -
CLIP zero-shot - - 15.1 28.3 35.8 31.0 132 7.3 18.4 25.1 58.0 151
CLIP4clip (meanP) [32] 20.8 24.4 20.7 38.9 47.2 13.0 65.3 20.6 394 47.5 13.0 56.7
CLIP4clip (seqIransf) - - 22.0 41.0 49.1 11.0 61.0 20.8 39.0 48.6 12.0 54.2
baseline (CLIP4clip (meanP), ViT-B/32)  20.8 24.4 20.1 40.2 48.4 12.0 57.1 21.2 39.3 48.4 12.0 50.8
CenterCLIP (k-medoids++, Bg — 6,49) l6.4 23.9 21.9 41.1 50.7 10.0 55.6 211 41.2 50.2 10.0 48.7
CenterCLIP (k-medoids++, Bg — 4, 49) 15.0 22.9 21.7 39.8 49.8 11.0 54.8 214 40.3 50.8 10.0 48.4
CenterCLIP (spectral, Bg — 6,49) 16.4 40.8 21.6 40.9 49.3 11.0 57.2 20.6 39.5 48.8 12.0 514
CenterCLIP (spectral, Bg — 4,49) 15.0 43.0 21.4 39.7 49.4 11.0 55.9 19.5 39.9 48.0 12.0 50.1
baseline (CLIP4clip (meanP), ViT-B/16)  25.7 59.6 | 24.1 45.0 55.1 3 51.1 22.5 42.9 53.5 9 45.1
CenterCLIP (k-medoids++, Bg — 4, 160) 17.6 86.5 24.2 46.2 95.9 3 a7 3 24.5 46.4 55.8 7 41.3

Experiments

Table 4: Results on LSMDC. MeM. is the average GPU memory cost when training on 2 and 8 Tesla V100 GPUs for ViT-B/32
and ViT-B/16, respectively. Speed is the inference time per video during evaluation on a Tesla V100 GPU.

SOTA performance
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e more baselines

Method Mem. TV ‘ R@1T R@57 R@10T MdR| MnR]

MSR-VTT (train on training-7K)

= E A
s [ 00T
sparse sampling (Bs — 6,49)  16.39 ;[;:\{, iz sz ;?: ; 1;2
sparse sampling (Bg — 4,49) = 14.95 ;[;:EE jé; 22; ;?g j 1;2

) T-V | 425 68.5 79.6 2 16.4
token shift [68] 2077 op bmae o0l s s 120
temporal shift [54] 20.77 ;[‘I:¥ ii ziz ;ZZ 2 iéz
CenterCLIP (Bg — 6, 49) 16.39 \T:)¥ ig zz:z ;22 ; E;
CenterCLIP (B~ 4.49) | 195 (T W 0 s o s

LSMDC

=~ A

) T-V 214 423 50.2 10.0 55.6
token shift [68] 20.77 V:T 21.7 41.6 50.1 10.0 49.6
CenterCLIP (B = 4.49) 1495 7y B 100 e 00 s

ActivityNet

) T—-V 42.0 73.6 84.8 2.0 7.3
token shift [68] 24.98 V:T 495 743 85.2 2.0 70
CenterCLIP (B — 15, 49) 16.75 T-V 4309 75.3 85.2 2.0 7.0

VT @ 442 75.0 86.1 2.0 6.8

Table 5: Comparison with strong token selection baselines.

Experiments

* place of performing token clustering
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T2V R@1 on LSMDC
8

—Jc— baseline

—J— baseline
S (¥ segments) = 6
—&— S (# segments) = 4

S (# segments) = 6

—A— S (# segments) = 4
0 2 a 6 8 10 12
the number of transformer blocks before clustering (B)

Average Memory Cost on RTX 3090 (GB)

19.0

-3

0 2 4 6 8 10 12
the number of transformer blocks before clustering (B)

(a) T2V R@1 on LSMDC (b) Memory cost on RTX 3090

Figure 3: Influence of places of token clustering,.

Method Mem. TeV | R@17 R@57 R@107 MdR| MnR|
CenterCLIP 1352 T—-V 21.0 42.7 51.9 9.0 57.0
(B4 — 6,49), (Bs — 3, 49) 24 yT | 209 418 515 90 507
TV | 217 398 498 110 548
CenterCLIP (Bs — 4.49) 1639y, 1 o 403 508 100 | 484
TV | 219 411 507 100  55.6
CenterCLIP (Bg —6,49) 1495y x| 11 410 502 100 487

Table 6: Performing clustering twice on LSMDC.
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Experiments

influence of cluster number K and segment S
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More ablations can be
found in the paper.



Experiments

SIGIR2022 | «  visualization

The four-legged creature, half-horse, half-eagle, rises above the trees.

The clustering
algorithm

reserves the most
representative tokens.



Madid

The End! Thank You!
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