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Appendix

A More about VAST Foundation Model

A.1 Pretraining Settings

Specific pretraining configurations of VAST including training corpora, training steps for each corpus
(i.e., dataset mix ratio), and training objectives on each corpus are presented in Table 1. To enhance
data quality, we use trained vision captioner to generate new captions for CC12M and LAION datasets
and replace original captions with them. It is noted that VAST have been trained for relatively small
steps (205K steps), but have already shown excellent performances on various types of downstream
tasks, and we believe that training by more steps can further increase the model capabilities.

Table 1: Model configurations and pretraining settings of VAST. It is noted that 400M Web data used
in CLIP [1] and LAION-400M [2] used in EVAClip [3] are also counted for training samples statics.
LAION-102M and LAION-110M are both random sampled subsets from LAION-400M. Regarding
training objectives, ‘ret’ represents for the combination of VCC and VCM, while ‘cap’ denotes VCG,
and differnet modality groups are separeted by ‘%’.

Model Param Sample | Training Corpus Batch Size  Steps  Epoch Objectives

ret%vast%vat%vst%vtoat +

‘ VAST-27M 1024 60000 2.3 cap%vast%vat%ovst%vtToat

07
VALOR-1M 1024 25000 25 ret%vat%vt%at +

‘ cap%vat%vtPat
VAST  1.3B 442M | yayCaps 1024 15000 38 ret%at + cap%at
| ccaM 2048 30000 12 ret%vt + cap%vt
| cciam 2048 20000 4 ret%vt + cap%vt
| LAION-110M 2048 55000 1 ret%vt + cap%vt

A.2 Downstream Datasets Descriptions

We evaluate VAST on multiple popular domnstream datasets, including MSRVTT, VATEX,
YouCook2, VALOR-32K, MSVD, LSMDC, DiDeMo, ActivityNet Caption, TGIF, MUSIC-AVQA,
TVC, Clotho, AudioCaps, MSCOCO, Flickr30K and VQAv2. Specific train/val/test splits of those
benchmarks can be found in Table 2 and specific descriptions of them are as follows.

MSRVTT [4] contains 10K video clips and 200K captions. The videos cover a wide range of
topics and scenes, including human activities, sports, natural landscapes, and more. We evaluate
text-to-video retrieval, video captioning and video QA on this dataset. Following methods presented
in Table 4, we use the ‘1K-A split’ for retrieval evaluation. For captioning and QA, we use the
standard split.
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Table 2: Downstream dataset splits.

Task Type Modal Type  Benchmark #Videos/#Images #Captions/#QA-pairs
Train Val Test Train Val Test
V-T(SM) MSCOCO 113287 5000 5000 566747 25010 25010
Flickr30K 29000 1014 1000 145000 5070 5000
ClothoV1 2893 1045 - 14465 5225 -
A-T ClothoV2 3839 1045 - 19195 5225 -
AudioCaps 49291 428 816 49291 2140 4080
Retrieval MSRVTT 9000 - 1000 180000 - 1000
YouCook2 10337 3492 - 10337 3492 -
VALOR-32K 25000 3500 3500 25000 3500 3500
V-T(MM) VATEX 25991 1500 1500 259910 1500 1500
DiDeMo 8394 1065 1003 8394 1065 1003
ANET 10009 - 4917 10009 - 4917
LSMDC 101046 7408 1000 101046 7408 1000
V-T(SM) MSCOCO 113287 5000 5000 566747 25010 25010
MSVD 1200 100 670 48774 4290 27763
ClothoV1 2893 1045 - 14465 5225 -
A-T ClothoV2 3839 1045 - 19195 5225 -
Caption AudioCaps 49838 495 975 49438 2475 4875
MSRVTT 6513 497 2990 130260 9940 59800
YouCook2 10337 3492 - 10337 3492 -
V-T(MM) VALOR-32K 25000 3500 3500 25000 3500 3500
VATEX 25991 3000 6000 259910 30000 60000
TVC 86603 10841 - 174350 43580 -
MSVD-QA 1200 250 520 30933 6,415 13157
V-T(SM) TGIF-FrameQA 32345 - 7132 39389 - 13691
QA VQAvV2 82783 40504 37K/81K 4437570 2143540 1.1M/4.5M
MSRVTT-QA 6513 497 2990 158581 12278 72821
V-T(MM) MUSIC-AVQA 9277 3815 6399 32087 4595 9185
ANET-QA 3200 1800 300 32000 18000 8000

VATEX [5] contains 41,250 video clips sourced from Kinetics-600 dataset [6] and 825,000 sentence-
level descriptions. We evaluate text-to-video retrieval and video captioning on this dataset. For
captioning, we use the official split. For retrieval. we follow the HGR [7] split protocol.

YouCook2 [8] consists of 14K video clips from 2K instructional cooking videos from YouTube. Each
video includes multiple actions performed by the chef, along with corresponding textual descriptions
and temporal annotations. We evaluate text-to-video retrieval and video captioning on this dataset
with official splits.

VALOR-32K [9] is an audiovisual video-language benchmark that contains 32K 10 seconds long
audible video clips sourced from AudioSet [10]. Each video clip is annotated with an audiovisual
caption which simultaneously describes both visual and audio contents in videos. We evaluate
text-to-video retrieval and video captioning on this dataset with official splits.

MSVD [11] contains 1,970 videos, each of which is paired with around 40 captions. We evaluate
video QA on this dataset and use the split proposed by Xu et al. [12].

LSMDC [13] consists of 118K clips form 202 movies, each of which is paird with one caption. We
evaluate text-to-video retrieval on this dataset with official split.

DiDeMo [14] contains 10K long-form videos from Flickr and for each video, four short sentences
are annotated in temporal order. We follow methods in Table 4 to concatenate those short sentences
and evaluate ‘paragraph-to-video’ retrieval on this benchmark. The official split is used.

ActivityNet Caption [15] contains 20K long-form videos (180s as average length) from YouTube
and 100K captions. We evaluate text-to-video retrieval and video QA on this dataset. For retrieval we
use official split and for video QA, split proposed by Yu et al. [16] is used.

TGIF [17] contains three video QA benchmarks including TGIF-Action, TGIF-transition and TGIF-
Frame, and the first two are multiple-choice QA while the last is open-ended QA. We evaluate VAST
on TGIF-frame benchmark with official split.
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Table 3: Downstream task finetuning settings. Lr, Bs, Epo, Obj and Res denote learning rate, batch
size, epoch, training objectives and resolution, respectively. V{(Tr), V{(Te), Ac(Tr), Ac(Te) denotes
sampled video frames (Vf) or audio clips (Ac) in training (Tr) and testing (Te), respectively. The
marks in Obj are the same as those in Table 1. Most hyperparameters in the table are not precisely
tuned.

Task  Modality  Benchmark Lr Bs Epo Obj VI(Tr) Vf(Te) Ac(Tr) Ac(Te) Res
MSCOCO le-5 256 5 ret%vt - - - - 384
V-IEM) Bickr les 256 5 retdvt - . - 384
AT ClothoV1/V2 2e-5 64 10 ret%at - - 3 3 -
AudioCaps 2e-5 64 10 ret%at - - 1 1 -
RET MSRVTT 2e-5 64 3.6 ret%vast 8 16 1 1 224
YouCook2 3e-5 64 30 ret%vast 8 16 1 1 224
VALOR-32K 2e-5 64 10  ret%vat 8 8 1 1 224
V-T(MM) VATEX 2e-5 64 2.5 ret%vast 8 16 1 1 224
DiDeMo 2e-5 64 40 ret%vat 8 32 2 2 224
ANET 2e-5 64 20  ret%vat 8 32 2 2 224
LSMDC 2e-5 64 5 ret%vat 8 32 1 1 224
V-T(SM) MSCOCO le-5 64 5 cap%vt - - - - 480
MSCOCO(SCST) 2.5e-6 64 2.5 cap%vt - - - - 480
AT ClothoV1/V2 2e-5 64 10 cap%at - - 3 3 -
AudioCaps 2e-5 64 10 cap%at - - 1 1 -
CAP MSRVTT 25 128 10  cap%vast 8 8 1 1 224
YouCook2 3e-5 64 30 cap%vast 8 16 1 1 224
VALOR-32K le-5 64 10  cap%vat 8 12 1 1 224
V-TMM) - yaTEX %5 64 10  caplvast 8 20 1 1 224
VATEX(SCST) Te-6 64 5 cap%vast 8 20 1 1 224
TVC 3e-5 64 40 cap%vst 8 8 - - 224
MSVD-QA le-5 64 10 qa%vt 8 14 - - 224
V-T(SM)  TGIF-FrameQA 2e-5 64 10  qa%vt 4 4 - - 224
QA VQAvV2 2e-5 128 20 qa%vt - - - - 384
MSRVTT-QA 2e-5 64 45 qa%vast 8 8 1 1 224
V-T(MM) MUSIC-AVQA 2e-5 64 20 qa%vat 8 8 2 2 224
ANET-QA 2e-5 64 10 qa%vat 8 16 2 2 224

MUSIC-AVQA [18] is a audiovisual video QA benchmark containing more than 45K Q-A pairs
covering 33 different question templates spanning over different modalities and question types. The
offcial split is used.

TVC [19] is a multi-channel video captioning dataset containing 108K video moments and 262K
paired captions. Video subtitles can be used as additional input. We evaluate video captioning on this
benchmark with official split.

Clotho [20] contains 15-30 second audio clips and has two versions. The original (v1) has 4981
audios, while an expanded version (v2) includes 6974 audios, enlarging solely the training set. We
evaluate text-to-audio retrieval and audio captioning on those benchmarks with official split.

AudioCaps [21] contains 51K 10-second clips, with one caption in the training set and five in the
validation and test sets. We evaluate text-to-audio retrieval and audio captioning on it. For captioning,
we use the official split, and for retrieval we follow the Sophia et al. [22] split protocol.

MSCOCO [23] contains 123K images each of which is paired with 5 annotated captions, We evaluate
text-to-image retrieval and image captioning on this dataset with Karpathy split [24].

Flickr30K [25] contains 31K images each of which is paired with 5 annotated captions, We evaluate
text-to-image retrieval on this dataset with Karpathy split [24].

VQAV2 [26] was used as the basis of the 2017 VQA Challenge?2, it contains 1.1M questions with
11.1M answers relating to MSCOCO images. The official split is used.

A.3 Finetuning Settings

Specific finetuning hyperparameters of VAST for different benchmarks are presented in Table 3.



Table 4: Performance comparison on Text-to-Video Retrieval benchmarks. For fair comparisons,
performances before employing post-processing such as dual-softmax [27] are reported and compared.
All benchmarks are multi-modal benchmarks (containing audio and subtitle tracks). Methods utilizing
audio or subtitle modalities besides vision for video representation are marked with gray background
color.

Method Sample MSRVTT DiDeMo ActivityNet
R@1 R@5 R@I0 ‘ R@1 R@5 R@I0 ‘ R@1 R@5 R@I10
Singularity [28] 17M 41.5 68.7 77.0 53.9 79.4 86.9 47.1 75.5 85.5
OmniVL [29] 17M | 478 742 838 | 524 795 854 | - ; ;
HiTeA [30] 17M 46.8 71.2 81.9 56.5 81.7 89.7 49.7 77.1 86.7
VINDLU-L [31] 25M 48.8 72.4 82.2 59.8 86.6 91.5 55.9 82.3 90.9
LAVENDER [32] 30M 40.7  66.9 77.6 534 78.6 85.3 - - -
All-in-one [33] 138M 37.9 68.1 77.1 32.7 61.4 73.5 - - -
CLIP4Clip [34] 400M 45 714 81.6 434  70.2 80.6 40,5 724 -
X-CLIP [35] 400M 493 75.8 84.8 47.8 79.3 - 46.2 75.5 -
mPLUG-2 [36] 417TM 53.1 77.6 84.7 56.4 79.1 85.2 - - -
UMT-L [37] 425M 58.8 81.0 87.1 704 90.1 93.5 66.8  89.1 94.9
CLIP-VIP [38] 500M 542 772 84.8 50.5 78.4 87.1 53.4 81.4 90.0
MMT [39] 136M 26.6 57.1 69.6 - - - 28.7 61.4 -
AVLNet [40] 136M 22.5 50.5 64.1 - - - - - -
Gabeur et al. [41] 136M 28.7 59.5 70.3 - - - 29.0 61.7 -
ECLIPSE [42] 400M - - - 44.2 - - 45.3 75.7 86.2
VALOR-L [9] 4335M | 544  79.8 87.6 57.6 83.3 88.8 63.4 87.8 94.1
VAST 442M 639 843 89.6 720 89.0 914 70.5 90.9 95.5
Method ‘ R@l R@S. R@I0 Method ‘ Ral R@S R@10 Method ‘ a1 Rot R@10
Support-set [43] | 449  82.1 897 Frozen [45] 329 604 712 UniVL[46] | 289 576 700
CLIP4Clip [34] | 559 892 950 CLIPAClip [34] | 434 699 797 MELTR [47] | 337 63.1 748
DCR [44] 657 926 967 S VLM [48] | 271 569 69.4
VALOR-L ‘ 769 967 986 VALOR-L[9] | 732 916 954 VALUE [49] | 313 530 622
VAST 830 982 992 VAST 800 937 966 VAST 504 743 808

Table 5: Performance comparison on zero-shot Text-to-Video Retrieval benchmarks. Methods
utilizing audio or subtitle modalities besides vision for video representation are marked with gray
background color.

MSRVTT DiDeMo

Method Sample | @1 R@5 R@10 | R@1 R@5
Frozen [45] 5M 187 395 516 | 211 460 562
ALPRO[50]  5M 24.1 447 554 | 238 413 579
Singularity [28]  5M 284 502 595 |369 616 693
HiTeA [30] 17M | 344 600 699 |432 693 79.0
OmniVL[29]  18M | 420 630 730 |406 646 743
VIOLET [51]  183M | 259 495 597 |235 498 598
UMT-L[37]  425M | 407 634 718 |486 729 790
Florence [52] 900M 37.6 63.8 72.6 - - -
VAST 443M | 493 683 739 [555 743 796
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A.4 Detailed Comparisons to State-of-the-Art Methods

Text-to-Video Retrieval. We compare VAST to SOTA methods on six multi-modal text-to-video
retrieval benchmarks. As shown in Table 4, VAST improves previous SOTA methods by 5.1, 1.6, 3.7,
6.1 points on MSRVTT, DiDeMo, ActivityNet, VATEX benchmarks, respectively. Besides above
mentioned vision-oriented benchmarks, VAST outperforms VALOR-L [9] by 6.8 points on the audio-
oriented benchmark VALOR-32K, and surpass MELTR [47] by 16.7 points on the subtitle-oriented
benchmark YouCook?2, which demonstrate the strong generalization capabilities of VAST towards
different types of downstream datasets. In addition, the zero-shot retrieval performance comparison is



Table 6: Performance comparison on Video QA benchmarks. MSVD-QA and TGIF-QA are vision-
only benchmarks while the others are multi-modal benchmarks. Methods utilizing audio or subtitle
modalities besides vision for video representation are marked with gray background color.

Method Sample | MSRVTT-QA MSVD-QA TGIF-QA  ActivityNet-QA  MUSIC-AVQA
ClipBERT [53] 5.4M 374 - 60.3 -
ALPRO [50] 5M 42.1 45.9 - - -
VIOLETV2 [54] M 445 547 72.8 - -
Clover [55] 5M 439 51.9 71.4 - -
OmniVL [29] 17M 44.1 51.0 -
HiTeA [30] 17M 459 55.3 732 46.4 -
SINGULARITY [28]  17M 435 - - 43.1 -
VINDLU-B [31] 17M 438 - - 44.6 -
LAVENDER [32] 30M 45.0 56.6 735 - -
JustAsk [56] 69M 415 46.3 - 38.9 -
MERLOT [57] 180M 43.1 - 69.5 414 -
All-in-one [33] 228.5M 46.8 48.3 66.3 - -
FrozenBiLM [58] 410M 47.0 54.8 68.6 432 -
mPLUG-2 [36] 417M 48.0 58.1 75.4 - -
UMT-L [37] 425M 47.1 55.2 - - -
InternVideo [59] 646M 47.1 55.5 722 - -
GIT [60] 1.7B 432 56.8 72.8 - -
MaMMUT [61] 2B 495 60.2 - - -
Flamingo (80B) [62]  2.3B 474 - - - -
VideoCoCa (2.1B) [63]  4.8B 46.0 56.9 - - -
GIT2 (5.1B) [60] 12.9B 45.6 58.2 74.9 - -
VALOR-L [9] 433.5M 492 60.0 78.7 48.6 78.9
VAST(1.3B) 442M 50.1 60.2 79.1 50.4 80.7

Table 7: Performance comparison on Video Captioning benchmarks. All benchmarks are multi-modal
benchmarks. BLEU @4 and CIDEr (C) metrics are reported. On VATEX benchmark, we follow most
state-of-the-art methods [60; 9; 64] employing SCST finetuning [65] after cross-entropy training, and
corresponding results are marked with “*’. Methods utilizing audio or subtitle modalities besides
vision for video representation are marked with gray background color.

Method Sample |  MSRVTT VATEX YouCook2 TVC VALOR-32K
B@4 C |B@4 C |B@4 C |B@4 C B@4 C
SwinBERT [66] - 419 538387 730 | 9.0 1090 | 145 554 |54 273
VIOLETV2 [54] 5M - 58.0 | - - - - - - - -
HiTeA [30] 5M - 625 | - - - - - - - -
LAVENDER [32] 30M - 60.1 | - - - - - - - -
MaMMUT [61] 2B - 736 | - - - - - - - -
GIT [60] 1.7B 538 739 | 41.6* 91.5% | 103 1298 | 162 63.0
GIT2(5.1B) [60] 129B | 548 759 | 427 945+ | 94 1312 | 169 66.1 | - -
SMPFF [67] - 484 585397 705 |- - - - 75 371
VALUE [49] 136M | - - - 58.1 | 124 1303 | 11.6 505 | - -
UniVL [46] 136M | 41.8 500 | - - 174 1810 | - - - -
MELTR [47] 136M | 442 528 | - - 179 1900 | - - - -
CLIP4Caption++ [64] 400M | - - 40.6% 85.7% | - - 150 660 | - -
VALOR-L [9] 433.5M | 544 740 | 45.6% 95.8% | - - - - 96 615
VAST(1.3B) 42M | 567 78.0 | 45.0¢ 99.5% | 182 198.8 | 199 741 | 99  62.2
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Table 8: Performance comparison on Text-to-Audio Retrieval benchmarks.

Method Sample ClothoV1 ClothoV2 AudioCaps
R@l R@5 R@10 | R@l R@5 R@I0|R@1 R@5 R@I0

Oncescu et al. [22] - 9.6 - 40.1 - - - 25.1 - 73.2
Nagrani et al. [68] M 126 - 454 - - - 355 - 84.5
LAION [69] 0.63M | - - - 16.1 383 51.1 36.1 71.8 839
CNNI14-BERT [70] 0.4M - - - 215 479 619 351 700 82.1
HTSAT-BERT [70] 0.4M - - 19.7 457 594 422 765 871
VALOR-B [9] M 17.5 427 553 - - - 40.1 739 83.1
VAST 284M | 251 515 640 269 532 66.1 520 768 829

Table 9: Performance comparison on Audio Captioning benchmarks.

ClothoV1 ClothoV2 AudioCaps
Method Sample | @4 M R C |[B@4 M R C |B@4 M R C
Xuetal [71] i 159 169 368 377 |- - - - [231 229 467 660
CNNI4-BART[70] 04M |- - - - | 180 185 400 488 272 247 499 756
HTSATBART[70] 04M |- - - - | 168 184 383 462|283 250 507 78.7
VALOR-B [9] IM | 162 174 382 423 |- - - - |270 231 494 741
VAST 284M | 185 189 399 507 | 190 193 40.8 519 | 295 247 509 78.1

shown in Table 5, VAST achieves 49.3 and 55.5 zero-shot R@1 performance that surpasses previous
SOTA by 7.3 and 6.9 points, respectively.

Video QA. We evaluate VAST on five open-ended video QA benchmarks. As shown in Table 6,
VAST have achieved new SOTA performances on all benchmarks, and outperform recent proposed
large-scale foundation models such as GIT [60], MaMMUT [61], Flamingo [62] and CoCa [63]. In
addition, on the audiovisual video QA benchmark MUSIC-AVQA, VAST surpasses VALOR by 1.8
points, demonstrating its better capabilities to answer both visual and audio questions.

Video Captioning. In Table 7, we compare VAST to state-of-the-art methods on five multi-modal
video captioning benchmarks. According to the results, VAST have achieved new state-of-the-art
CIDEr score on all five benchmarks with evident margins. Compared to previous vision-language
modal SOTA method GIT [60] which takes a 5.1B DaViT [81] as vision encoder and conduct
pretraining on 12.9B private image-text corpus, VAST surpass it with only 22.5% parameters and
3.4% training data, demonstrating the high efficiency of our method. Compared to previous multi-
modal video-language SOTA method VALOR [60], VAST can additionally process subtitle-oriented

Table 10: Performance comparison on Image-Text downstream tasks. CIDEr (C) and SPICE (S)
metrics are reported for captioning. On MSCOCO caption benchmark, we follow SOTA methods [60;
9; 72] employing SCST finetuning [65], and corresponding results are marked with “*’.

| MSCOCO-Ret Flickr30K-Ret MSCOCO-Cap  VQAV2
Method Sample | R@1 R@5 R@I0 | R@l R@5 R@I0 | C S |dev sd
ALBEF [73] 14M | 607 843 905 |856 975 989 |- - 7584 76.04
OFA [72] 18M | - - - - - - 154.9% 26.6* | 820 820
BEIT-3 [74] 2IM | 672 877 928 | 903 987 995 | 147.6 254 | 8419 84.03
BLIP [75] 120M | 651 863 918 |87.6 977 990 | 1367 - 7825 78.32
BLIP-2 [76] 129M | 683 877 926 | - - - 1458 - 82.19 8230
mPLUG-2 [36] 417M | 657 871 926 | 881 976 99.1 | 1377 237 |8L11 8LI3
VALOR-L [9] 433.5M | 614 844 909 | - - - 152.5% 25.7% | 7846 78.62
Florence [52] 900M | 632 857 - 879 981 - - - 80.16  80.36
PaLl [77] 16B | - - - - ; - 149.1 - 843 843
GIT [60] 178 | - - - - ] - ISL1% 263% | 786 7858
SimVLM [78] 18B | - - - - ] - 1433 254 | 8003 80.34
ALIGN [79] 18B | 599 833 898 |849 974 986 |- - - -
Flamingo (80B) [62] 2.3B | - - - - - - 1381 - 820 821
CoCa(2.1B)[80] ~ 48B | - - - - - - 1436 247 | 823 823
GIT2(5.1B) [60] 129B | - - - - ; - 15275 264% | 817 819
VAST 442M | 680 877 928 | 910 985 995 | 149.0% 27.0% | 8023 80.19
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benchmarks such as YouCook2 and TVC, and achieves better results due to that it jointly models the
relations between text and omni-modalities in videos.

Text-to-Audio Retrieval and Audio Captioning. As shown in Table 8, VAST have largely improved
previous SOTA methods on three text-to-audio retrieval benchmarks, by 7.6, 5.4 and 9.8 R@1
points, respectively. and for audio captioning task, VAST achieves new SOTA performances on
Clotho benchmark (both V1 and V2), and comparable performance on AudioCaps benchmark to
WavCaps [70]. It is noted that WavCaps explored four model architectures with different audio
encoder and text encoders targeting at different benchmarks, while VAST takes a unified architecture
without targeted optimizations for specific downstream benchmarks.

Image-Text Benchmarks. We evaluate VAST on text-to-image retrieval, image captioning and image
QA benchmarks. The results are presented in Table 10, from which we can find that even though
VAST is designed as a omni-modality video-language understanding and generation model, it also
shows strong capabilities on image-text benchmarks, demonstrating its generalization capabilities
towards tasks of various modality types. Specifically, VAST achieves new SOTA performance on R@1
score of Flicker30K and R@5, R@10 scores of MSCOCO dataset, which outperforms image-text
pretrained foundation models such as BLIP-2 [76] and BEiT-3 [74]. On COCO caption benchmark,
VAST achieves 27.0 SPICE score which outperforms all previous methods such as OFA [72] and
GIT2 [60]. On image QA benchmark, VAST achieves better performance than GIT [60], which is
also a generative methods and predicts answers in a fully open way without any constraints.
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B More about VAST-27M Dataset

B.1 Word cloud distribution
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Figure 1: Word cloud map (Top-200) for vision, audio, omni-modality captions and raw subtitles of

VAST-27M.

B.2 Prompts for Omni-Modality Caption Generation

Single Modality Captions

1. A person surfing in the ocean in front of the waves.

2. Aman is surfing in the middle of the ocean and it
starts to wave in the ocean,

3. A surfer on a surfboard rides in a wave, then jumps up
and starts surfing.

2. Someone is playing a surf - on.
3. Sea waves and people talking can be heard.

1. The ocean waves and men speaking are heard.

"She's in second place on this left opens up with a
little snap, gets back into the lip to finish it off, rides
through the explosive closeout and look into better."

Onmi-Modality Caption Generation with Different Instructional Prompts

"Human: About one video, here are 3 vision captions: {}, 3
audio captions: {}, and one speech subtitle: {}. You need to
understand and encode them into 1 sentence. Vision and
audio captions maybe redundant, summarize them before
encode with speech subtitle. Do not simply concatenate them
together. The weights of video/audio/speech are equaled.
Assistant: The sentence is "

"Human: About one video, here are 3 vision captions: {}, 3
audio captions: {}, and one speech subtitle: {}. You need to
understand and encode them into 1 sentence. Vision and
audio captions maybe redundant, summarize them before
lencode with speech subtitle. Do not simply concatenate them
together. The weights of video/audio/speech are equaled.
Assistant: The sentence is "

"Human: About one video, here are 3 vision captions: {}, 3
audio captions: {}, and one speech subtitle: {}. You need to
understand and encode them into 1 sentence. Vision and
audio captions maybe redundant, summarize them before
encode with speech subtitle. Do not simply concatenate them
together. The weights of video/audio/speech are equaled.
Assistant: The sentence is "

Omni-Modality Captioner
(Vicuna-13b)

—

with

, as they compete for the top spot,
with a close-up of the surfer finishing the ride and
looking ahead.

Omni-Modality Captioner
(Vicuna-13b)

with
the sound of the ocean waves and men speaking,
with the sound of
someone playing a surfboard,
with the
sound of sea waves and people talking ...

Omni-Modality Captioner
(Vicuna-13b)

—

performing a snap and finishing it
off, before navigating through an explosive closeout and
looking for a better spot.

Figure 2: Ablation study for instructional prompt used for omni-modality video caption generation in

VAST-27M.
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More Examples

_______________________________________ 1
1. a young boy riding a skateboard at a skate park. I
2. aman is skateboarding. |
3. a person riding a skateboard on a skate park course. o |

while
talking about
skateboarding |
1. is . Nalmovesy moves and |
2 talking about L explaining how to
3. skateboarders are skating. Eo@ fE il |
your hands and
grab yournose to ||
help get it in
P P there, |
This is to use your hands once you swing it above through
your legs. Just grab just grab your nose a little bit and help |
getitin there.
|

__________________________________ - - - - — 4
1. cartoon characters are getting ready to go with a suitcase. |
2. a group of piggy characters are in their house with a
suitcase. |
3. a group of cartoon characters have their suitcase open in a
bedroom. |

, with
one character |
1. a cartoon character is speaking. checking if they |
2. an animated character is talking. need to bring
3. someone is making a conversation in a cartoon. everything and |
another character
confirming the |
importance of all
the items. |
Are you sure we need it all? Yes, its all very important. |
|

__________________________________ —_—_ — = = q
1. a car driver is driving down a high hill on the road. |
2. aman in sunglasses is talking while driving a car on a road. |
3. aman is driving down the road.

with |
a high speed |
1. a man is speaking about driving a car with a high engine sound in
speed engine sound in the background. the background, |
2. a person is speaking. on a road, with
3. a car engine is heard. the desire to have |
unlimited fuel and |
just drive off into
Milk is readily available in market nowadays. So you can ‘[Z;i::se‘ |
get that condensed Milk. so here | put the condensed : |
milk in a big bowl.
|
____________________________ - —_- — - =4
1. awoman is pouring a liquid into a large glass bowl. |
2. a person is putting yellow cheese in a bowl. |
3. the person is pouring butter into a bowl. A S
woman is
introducing and |
showing her |
ingredients,
1. a woman is introducing and showing her ingredients.
2. a woman is introducing her favorite foods. |
3. a person is cooking. which is readily |
available in the
market, and is |
putting it in a big
Milk is readily available in market nowadays. So you can get bowl |
that condensed Milk. so here | put the condensed milk in a |
big bowl.
|

Figure 3: More samples in VAST-27M.
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