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Learning Audio-Visual Representations Video/Caption Retrieval
Video Model e The proposed AMM loss function consistently achieves the highest
3| f mage Encoder ) performance in multiple spoken/language caption model architectures.
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' R I—— ”:6 [ MLP > e Loss function comparisons on S-MiT where models are trained
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A group of pigs are | A person is drawu‘ng a | A person is skiing| Calk is being applied to a Agroup of people in S = m with ResNet-50 architecture for SpOken captlons.
racing through a fenced | couple with a pen on a | down a mountain. |floor to place wood floor|2a ((:jr(()de are singing - % —> % —> E
- and dancing. -
enclosure. e oftpper. | e - %_ 2 S g Caption to Video Video to Caption
S Cantion Model S O Loss
5 aption Mode O R@! R@5 R@10 mAP |R@! R@5 R@10 mAP
=1 —’[ Caption Encoder —>  MLP Noise contrastive estimation (NCE) [5] | 32.7 60.8 70.6 45.6|33.1 59.4 69.6 45.5
| | | é Semi-hard negative mining (SHN) [6] | 33.9 60.1 70.9 45.8|34.0 60.6 70.1 46.0
A large trctor IS black dog is | Two boys are running A golf ball is bin A group of lions are attac.klng an _ _ Masked margin softmax (MMS)[ ] 37.2 654 751 50.0|37.8 64.6 74.2 50.1
harvesting crops in | confused and ]and splashing in the | pressed by a machine | elephant in front of a river. e Jo learn from the large set of spoken captions in the Spoken Moments
a field. turning its head | water at a beach. until it explodes. . . Adaptive Mean Margin (AMM) 39.5 65.7 75.5 51.6|40.1 66.3 74.5 52.0
dataset (S-MiT) we adopt a cross-modal architecture [2, 3, 4].
e \We propose a new video caption dataset of 500k videos (sourced from the e We propose a novel approach to contrastive loss where we compute
Multi-Moments dataset [1]) each with a unique spoken caption describing the margin based on the difference between the similarity of the e Cross Dataset Evaluation:The S-MiT model shows it generalizes
what is happening in the video. We also generate text captions using an positive pair and the set of negative pairs in each batch (Eqg. 2). We strongly to the other datasets even beating the MSR-VTT model on
automatic speech recognition system to feed them to language models. call this Adaptive Mean Margin (AMM). We replace M in Masked its own test set.
e Comparison of our dataset to existing video caption datasets. margin §oftmax (Eq. 1) W't_h our proposed AMM, whgre a=0.5 Is a Evaluated On
dampening parameter to weight the strength of the margin. . — ,
Dataset Clips Videos Captions Words Vocab  Domain Trained On Vatex ActivityNet MSR-VIT S-MiT
TACOS Y > 18227 | 146771 28292 Cooking 1 i oS (@i,y;)—M R@! R@5 R@10 mAP |R@1 R@5 R@I0 mAP |R@! R@5 R@10 mAP |R@l R@5 R@I0 mAP
. ) ) ’ »CCU = —_—— lOg (1)
. Y Vat 45.9 79.7 87.5 60.7(15.6 39.4 51.7 27.1|22.6 49.8 63.2 35.6(13.1 33.0 45.8 23.5
YouCook II 15400 2,000 15400 121,418 2,583  Cooking B "eS@iw)=M 4 37 | [4;e5( i) -
MSVD 1 970 1 970 ~0.028 607339 13010 Genera ActivityNet | 25.0 56.0 63.4 39.1119.1 48.1 61.2 32.5|15.1 37.1 50.4 26.4| 9.8 28.7 40.6 19.7
Charades 10.000 10.000 27 200 645 636 17 204 Genera ( 1 Z ) MSR-VTT |21.0 51.3 64.8 35.1| 9.9 28.3 39.7 19.6|29.1 64.2 77.9 44.8(14.6 39.3 53.4 26.9
’ ’ ’ ’ ’ ; Mgy = ol S (@, 15) L;2:5(xi,yi)) (2)
Y iy Yi i (%1, Yj S-MiT ‘
MPII 68.337 04 68.375 653.467 24,549 General B—1 = i 42.77 75.4 84.2 57.1{17.6 41.6 53.8 29.2|133.1 64.8 77.4 47.6/38.4 68.5 78.7 52.1
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ActivityNet Captions 1009000 209000 100,000 j_,348,000 15,564 General [2] Antoine Miech, Dimitri Zhukov, Jean-Baptiste Alayrac, Makarand Tapaswi, Ivan Laptev, and Josef Sivic. Howto100m: Learning a text-video embedding by watching hundred million narrated video clips. In Int. Conf. Comput.
Vis., pages 2630-2640, 2019.
VidGOStOI'y 123,000 20,000 123,000 1 ,633,226 - General [3] David Harwath, Adria Recasens, Didac Suris, Galen Chuang, Antonio Torralba, and James Glass. Jointly discovering visual objects and spoken words from raw sensory input. Int. J. Comput. Vis., (128):620-641, 2020.
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[5] Michael Gutmann and Aapo Hyvarinen. Noise-contrastive estimation: A new estimation principle for unnormalized statistical models. In Proceedings of the Thirteenth International Conference on Atrtificial Intelligence and I!II I I“II'iui
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