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Stage ViT-B Output Size
Data sparse sampling 3x8x224x224
Patch 1x16x16, 768 .
Embedding stride 1 x16x16 7688 x
Position sine-cosine
Embedding 768 % 768x
Mask semantlc' mask 768
mask ratio = p
MHSA(768)
Encoder MLP(3072) x12 768 x
Lo LN(768)
Projection { MLP(512) J K Kx512x

Table 17: Architecture of video encoder. We take ViT-
B with 8-frame input as an example. “MHSA”, “MLP”
and “LN” refer to spatiotemporal multi-head self-attention,
multi-layer perceptron and layer normalization. K means
the layer number for unmasked token alignment. We mark
the channel number, frame number, spatial size and

by different colors.

config SthSth V2 Kinetics
optimizer AdamW [50]
optimizer momentum 51, $2=0.9,0.95
weight decay 0.05

learning rate schedule cosine decay [51]
learning rate 1.2e-3

batch size 2048

warmup epochs [29] 40

total epochs default 200

mask ratio default 80%

input frame 8

drop path [34] 0 0.1 (B), 0.2 (L)
flip augmentation no yes
augmentation MultiScaleCrop [0.66, 0.75, 0.875, 1]

Table 18: Stage-1 pre-training settings.

A. More implementation details
A.1. Model architecture and training details

In this section, we introduce the model architectures and
training hyperparameters in our experiments.

Stage 1. In Stage 1, we train the video encoder from
scratch, which is a vanilla ViT [23] without temporal down-
sampling. We use the same patch size for both ViT-B and
VIiT-L, i.e., 1x16x16 (I'x HxW). To align with the un-
masked teacher, we use a simple linear projection, includ-
ing Layer Normalization [3] and one linear layer. The ex-
ample architecture is shown in Table 17. For pre-training,
we follow most of the hyperparameters in VideoMAE [69],
as presented in Table 18. However, to prevent overfitting,
we use drop path [34] in our approach.

config SM & 17TM & 25M
optimizer AdamW [50]
optimizer momentum 51, 82=0.9,0.999
weight decay 0.02

learning rate schedule cosine decay [51]
learning rate le-4

batch size 4096 (image), 4096 (video)
warmup epochs [29] 1

total epochs 10

mask ratio 50% (image), 80% (video), 50% (text)
input frame 4

drop path [34] 0.1 (B),0.2 (L)

flip augmentation yes
augmentation MultiScaleCrop [0.5, 1]

Table 19: Stage-2 pre-training settings.

config SthSth Kinetics MiT
optimizer AdamW [50]
optimizer momentum 1, $2=0.9,0.999

weight decay 0.05
learning rate schedule cosine decay [51]
learning rate 4e-4 (B), 8e-4 (L) 4e-4 (B), 2e-4 (L) 1le-4 (B/L)

batch size 512

repeated augmentation 2 2 1
warmup epochs [29] 5 2 5

total epochs 30 (B), 17 (L) 35(B),20 (L) 40 (B), 20(L)
drop path [34] 0.1 (B), 0.2 (L)

layer-wise Ir decay [6] 0.75 (B), 0.85 (L)

flip augmentation no yes yes
label smoothing [67] 0.1
cutmix [95] 1.0

augmentation RandAug(9, 0.5) [17]

Table 20: Action recognition fine-tuning settings.

Stage 2. In Stage 2, we equip the pre-trained video en-
coder with a text encoder and cross-modal decoder. Fol-
lowing Singularity [40], for the base model, we use the first
9 layers and the last 3 layers of BERT, s, to initialize the
text encoder and decoder, respectively. While for our large
model, we respectively adopt the first 19 layers and the 5
layers of BERT;q,4.. For pre-training, we set all the loss
weights to 1. And more details are shown in Table 19.

Action Recognition. We adopt the Stage-1 pre-trained
video encoder and add an extra classification layer for fine-
tuning. Detailed hyperparameters for different datasets are
shown in Table 20. In our experiments, we have tried to
fine-tune the Stage-2 pre-trained video encoder, but the re-
sults on Kinetics are similar.

Action Detection. Following VideoMAE [69] and ST-
MAE [25], we add ROIAlign with MaxPooling to generate
the regions of interest. Since we the Kinetics pre-trained
models adopt sparse sampling [73], we use a frame span of
300 for action detection, which is the default frame number



config AVA v2.2

optimizer AdamW [50]
optimizer momentum 51, $2=0.9,0.999
weight decay 0.05
learning rate schedule cosine decay [51]
learning rate 1.25e-4
batch size 128
warmup epochs [29] 5

total epochs 30 (B), 25 (L)
drop path [34] 0.2(B),0.4 (L)
layer-wise Ir decay [6] | 0.75 (B), 0.85 (L)
flip augmentation yes

Table 21: Action detection fine-tuning settings.

config ActivityNet MSRVTT MSVD
optimizer AdamW [50]

optimizer momentum 51, 82=0.9,0.999

weight decay 0.02

learning rate schedule cosine decay [51]

learning rate 4e-5 (B/L) 2e-5 (B/L) 2e-5 (B)
batch size 256

warmup epochs [29] 1

total epochs 12 (B), 10 (L) 8 (B/L) 15(B), 6 (L)
input frame 12

drop path [34] 0.2(B),0.3 (L) 0.2(B),0.4 (L) 0.2(B),0.4 (L)
flip augmentation yes

augmentation MultiScaleCrop [0.5, 1]

Table 22: Video question-answering fine-tuning settings.

of Kinetics videos. More details are listed in Table 21.

Video-text retrieval. For fine-tuning, we adopt the same
architecture as in Stage 2, but we only apply VTC and VTM
losses. For all datasets, we sparsely sample 12 frames for
both training and testing. More details are listed in Table 24.
For a fair comparison, we follow Singularity [40] to apply
flip augmentation for SSV2 retrieval, which may harm the
performance of this temporal-related dataset.

Video question-answering. Following the previous
works [40, 15, 43], we formulate this task as text genera-
tion instead of classification. We add an extra multi-modal
decoder that takes the output of the cross-modal decoder
as the keys/values. And it decodes the answer text with
“[CLS]” as a start. We follow [40, 15] to adopt the same ar-
chitecture as the cross-modal decoder, and initialize it using
the pre-trained cross-modal decoder. As for multiple-choice
question-answering, we follow [40, 43, 15] to convert it to
a text-to-video retrieval task, where the question and candi-
date answers are concatenated. The detailed hyperparame-
ters are shown in Table 22 and Table 23.

B. More results

B.1. Video-text retrieval

Table 25 and Table 26 show more zero-shot and fine-
tuned retrieval results on MARVTT [83], DiDeMo [1], Ac-
tivityNet [38], LSMDC [63] and MSVD [13].

config MSRVTT-MC
optimizer AdamW [50]
optimizer momentum 51, 82=0.9,0.999

weight decay 0.02
learning rate schedule cosine decay [51]
learning rate 8e-5 (B), 4e-5 (L)

batch size 256

warmup epochs [29] 0

total epochs 5

input frame 12

drop path [34] 0.2(B),0.3 (L)

flip augmentation yes
augmentation MultiScaleCrop [0.5, 1]

Table 23: Multi-choice video question-answering fine-
tuning settings.

B.2. Dataset descriptions

We show the statistics of pre-training datasets in Table
27, and downstream datasets in Table 28.



config MSRVTT DiDeMo ActivityNet LSMDC MSVD SSV2-label ~ SSV2-template
optimizer AdamW [50]

optimizer momentum 51, f2=0.9,0.999

weight decay 0.02

learning rate schedule cosine decay [51]

learning rate 2e-5 (B/L) 2e-5 (B), 4e-5 (L) 4e-5 (B/L) 2e-5 (B/L) 2e-5 (B/L) 5e-5 (B/L) le-4 (B/L)
batch size 256

warmup epochs [29] 1

total epochs 10 (B), 7(L) 12(B), 5 (L) 20 (B/L) 10 (B), 8 (L) 10 (B/L) 10 (B/L) 10 (B), 8 (L)
input frame 12

max text length 32 64 150 96 64 25 25

drop path [34] 0.2(B),03(L) 0.1(B),03(@) 0.1(B),0.2() 0.1(B),0.2(L) 0.2(B),0.3(L) 0.1(B),0.2(L) 0.1 (B),0.2(L)
flip augmentation yes

augmentation MultiScaleCrop [0.5, 1]

Table 24: Video-text retrieval fine-tuning settings.

Method #Pairs | Type MSRVTT DiDeMo ActivityNet LSMDC MSVD
R@] R@5 R@10|R@]1 R@5 R@I10|R@]l R@5 R@10|R@] R@5 R@10|R@1 R@5 R@I0
M T2V | 29.6 528 619 | 334 583 670 | 283 530 642 | 168 305 376 | 557 837 922
V2T | 262 46.7 549 | 320 587 682 | 259 502 61.7 | 129 274 33.6 | 60.6 857 922
UMT-B 1M T2V | 355 593 68.6 | 419 667 750 | 338 59.1 704 | 181 33.1 40.0 | 588 86.1 915
V2T | 31.6 53,5 64.1 | 403 666 758 | 31.6 562 679 | 160 299 357 | 619 869 913
25M T2V | 352 57.8 66.0 | 412 654 749 | 355 606 71.8 | 19.1 334 422 | 603 867 919
V2T | 303 50.7 614 | 408 67.7 767 | 328 576 692 | 157 306 374 | 640 863 904
M T2V | 333 58.1 66.7 | 340 604 687 | 319 602 720 |200 372 437 | 681 921 952
V2T | 302 513 61.6 | 362 600 686 | 300 59.1 713 | 161 320 392 | 681 925 963
UMT-L 1M T2V | 426 644 731 | 464 700 788 | 428 69.6 798 | 252 43.0 505 | 71.0 933 964
V2T | 386 59.8 69.6 | 465 722 795 | 40.7 67.6 78.6 | 232 377 442 | 69.1 915 948
25M T2V | 40.7 634 718 | 48.6 729 790 | 419 689 803 | 249 417 518 | 722 942 96.9
V2T | 37.1 587 689 | 499 748 814 | 394 668 783 | 219 378 457 | 724 934 958

Table 25: Zero-shot retrieval results on MSRVTT, DiDeMo, AcitivityNet, LSMDC, and MSVD.

MSRVTT DiDeMo ActivityNet LSMDC MSVD

Method #Pairs | Type | p o) R@s R@10|R@I R@5 R@I0|R@I R@5 R@I0|R@l R@5 R@10|R@I R@5 R@I0

T2V | 463 727 82.0 | 548 83.0 8.0 | 521 805 89.6 |303 518 614 | 67.0 927 96.7

M V2T | 444 728 80.7 | 529 80.2 858 | 50.0 79.8 882 | 298 522 605 | 67.0 925 963

T2V | 50.6 754 835 | 60.8 851 91.0 | 561 825 912 | 323 545 619 | 708 937 96.6

UMT-B ™ V2T | 494 767 835 | 595 838 90.7 | 546 821 91.1 | 315 536 619 | 713 939 972

T2V | 51.0 76,5 842 | 616 868 915 | 583 839 915 | 327 547 634 | 719 94.5 978

2M V2T | 49.0 77.0 847 | 595 849 905 | 56.0 835 91.7 | 327 535 632 | 740 946 973

T2V | 533 76.6 839 | 597 849 908 | 581 855 929 |377 60.6 673 | 769 96.7 98.7

M V2T | 51.4 763 828 | 595 845 90.7 | 554 844 929 | 362 589 657 | 73.6 963 98.1

T2V | 56.5 80.1 874 | 66,6 899 937 | 66.6 886 947 | 414 638 723 | 788 973 988

UMT-L ™ V2T | 56.7 79.6 86.7 | 66.4 875 929 | 643 878 948 | 403 63.1 71.1 | 781 97.6 98.7

T2V | 588 81.0 87.1 | 704 901 935 | 668 89.1 949 | 43.0 655 73.0 | 80.3 981 99.0

M V2T | 586 81.6 865 | 657 89.6 933 | 644 891 948 | 414 643 715 | 812 96.7 98.7

Table 26: Fine-tuned retrieval results on MSRVTT, DiDeMo, AcitivityNet, LSMDC, and MSVD.



Dataset #image/video #text Type
Kinetics-710 [44] 658K 0 Video
COCO [48] 113K 567K image
Visual Genome [39] 100K 768K image
SBU Captions [57] 860K 860K image
CC3M [65] 2.88M 2.88M image
CCI2M [12] 11.00M 11.00M image
WebVid-2M [5] 2.49M 2.49M video
WebVid-10M [5] 10.73M 10.73M video
SM corpus = CC3M+WebVid-2M 5.3T™ 5.37TM video+image
17M corpus = SM+COCO+VG+SBU+CC12M 17.44M 18.57M  video+image
25M corpus = 17M+WebVid-10M—WebVid-2M 25.68M 26.81M  video+image

Table 27: Statistics of pre-training datasets.

#video #text Avg Video
Train Val Train Val Test Length (s)
Action Recognition
Kinetics-400 [ 240,436 19,787 - - - 10
Kinetics-600 [ 366,006 27,935 - - - 10
Kinetics-700 [ 529,573 33,861 - - - 10
Moments in Time V1 [55] 802,244 33,899 - - - 3
Something-Something V2 [30] 168,913 24,777 - - - 4
Action Detection
235 64 - - - 900
Video-Text Retrieval
7,010 - 1,000 140,200 - 1,000 15
8,496 1,094 1,036 8,496 1,094 1,036 29.3
ActivityNet Captions [38] 10,009 4,917 - 10,009 4917 - 180
101,055 - 1,000 101,055 - 1,000 4.7
1,200 100 1,200 100 670 15
SSV2-Template [40] 168,913 - 2,088 174 - 174 4
168,913 - 2,088 109,968 - 1,989 4
Video Question-Answering
ActivityNet-QA [93] 3,200 1,800 32,000 18,000 8,000 180
MSRVTT-QA [81] 6,513 497 2,990 158,581 12,278 72,821 15
MSRVTT-MC [ 7,010 - 2,990 140,200 - 14,950 15
1,161 245 29,883 6,415 13,157 15

Table 28: Statistics of downstream datasets.



