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Contrastive Multimodal Pre-Training

« Contrastive multimodal pretraining!!2lisl on noisy multimodal video
consist of video-audio-text triplets.

Text “On the football pitch” “Whetherit'sina “World Cup Semi Final” “Raising fund for
kitchen” ____—— | UNICEF”

Video

[1] End-to-End Learning of Visual Representations from Uncurated Instructional Videos, CVPR 2020
[2] Self-Supervised MultiModal Versatile Networks, NeurlPS 2020
[3] VATT: Transformers for Multimodal Self-Supervised Learning from Raw Video, Audio and Text. NeurlPS 2021



Motivation: Formulation of Contrastive
Multimodal Pre-Training

« Contrastive multimodal pretraining!"2li8l ysually consist of two pairwise contrastive

losses for video-audio and video-text respectively, to solve a cross-modal
alignment (CMA) problem:

min CMA,,(0) + CMA,,;(0)

6
where CMA,, and CMA ; penalize the cross- Text mf_{b/”",‘“_ L"’C_';/"‘i;
modal alignment for video-audio and video-text - TS
pairs, using the Noise-Contrastive Estimation CMA, ¢
objective. _
Video
-
CMAva(e) —_ _ log eXp(z’U Za/T) =
exp(2y 2a/T) + X, 1cn €XP(2'y 20/ T) CMA,a
exp(z, 2 /T
CMA,,(6) = — log Zzte:uzt) P(zy 2/7) _
ZztE’Pk(zt) exp(zv Zt/T) + Zz’ej\/' exp(z’v Z’t/T)

[1] End-to-End Learning of Visual Representations from Uncurated Instructional Videos, CVPR 2020
[2] Self-Supervised MultiModal Versatile Networks, NeurlPS 2020

[3] VATT: Transformers for Multimodal Self-Supervised Learning from Raw Video, Audio and Text. NeurlPS 2021



Motivation: Caveats in Cross-modality Alignment

« Even on the commonly adopted instructional videos (i.e. Howto100MM), the
cross-modality alignment (CMA) only provide weak and noisy supervision

* e.g. a speaker can refer to something that is not visually present in the current frame,
or even something irrelevant to the visual content.

“On the football pitch” “Whether it's in a kitchen” “World Cup Semi Final” “Raising fund for UNICEF”
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Is there anyway to measure the noisiness of Cross-modality Alignment?

[1] End-to-End Learning of Visual Representations from Uncurated Instructional Videos, CVPR 2020



Motivation: Modality-agnostic Pre-Training

« Modality-agnostic VAT T as baseline
« Gradient Conflicts!?! between g,, and g,
« Gradient Alignment can be measured by cos(9,,, 9.+
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Our conjecture: there is connection between Gradient Alignment and Cross-Modality alignment (CMA)

[1] VATT: Transformers for Multimodal Self-Supervised Learning from Raw Video, Audio and Text. NeurlPS 2021
[2] Gradient surgery for multi-task learning. NeurlPS 2020



Connection between
Gradient Alignment and Cross-modality Alignment?
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Proposed Method: The “soft" way

Gradient-based Curriculum
Learning

« We use gradient alignment cos(g,.,
9,4 as indicator of misalignment and
noisiness of samples.

« We then use curriculum learning to
gradually identifies and removes
more misaligned samples as the
training goes on, based on the
indicator.

Algorithm 2 Gradient-based Curriculum Learning

Require: Model parameter 6, minibatchs B,,,, minibatchs
B¢, initial
for (b'ua, bvt) S (Bvaa th) do
update y > curriculumly update
Gua < VQCMAUQ(H), gut < VoCMA ¢ (0)
gva < flatten(g,q4), gor < flatten(gy:)
if Gva " Gut > Y then
Gva < reShape(gva)’ Got < reShape(gvt)
A0 < gy + Got > sum up gradients
update 6 with A6 > update parameter
end if
end for




Proposed Method: The “hard” way

Cross-modality Gradient
Realignment

* Re-align the cross-modality gradients,
by re-projecting to the orthogonal
direction to each other.

« Similar to Gradient Surgery!'! originally
introduced in multi-task learning.

[1] Gradient surgery for multi-task learning. NeurlPS 2020

Algorithm 1 Cross-Modality Gradient Realignment

Require: Model parameter € , minibatchs B,,,, minibatchs

for (bya, byt) € (Bya, Byt) do

Gua < VQCMAUG (9), gut < VQCMAvt (9)
gva < flatten(g,4), got < flatten(g,:)

gva <~ Guvas gvt — got
if Gua * Gut < O then

Gva < Gva — ﬂ”g‘z 'j]g > projection gy < Gua
gvt — gvt - ﬁ;}ifﬁ% > projection Gva < Gut
end if
gva — reShape(gva)a gvt < reShape(gvt)
Al < Gut + Guva > sum up gradients
update 6 with Af > update parameter

end for




GR: Gradient Realignment
CL: Gradient-based Curriculum Learning

Experiments

GR + CL Improve on both uni-modal tasks and cross-modal tasks
Current SoTA on modality-agnostic setting.

* Pre-Training Dataset  Tasks Video Action Cls Text-Video Retrieval Audio Cls
Dataset UCF101 HMDBS1 Kinetics400 YouCook2 MSRVTT ESC50
 Howto100M :
Metric Toplt Top5t Toplt Top5t Toplt Top5t | Rank] R@10t Rank] R@101 | Toplt Top5t
« AudioSet VATT [11] 7853 9524 5736 86.07 7471 92.69 | 9350 17.10 7300 1670 | 7150 91.75
. Youtube8M +RW (VA) 7824 9501 5874 8539 70.55 9041 [168.90 9.24 10020 13.56 |71.56 93.02
+RW (VT) 78.03 9535 5823 86.80 7566 92.80 | 90.35 1926 6250 18.02 |71.29 91.38
+GR 78.44 9537 5438 83.64 7672 9272 | 47.00 2494 6800 1920 |69.00 93.00
* Downstream HTIOM +CL 79.10 96.16 5641 86.06 77.25 93.38 | 40.00 2601 56.00 2390 |72.50 94.25
« Uni-Modal + Both 79.24 9658 58.24 87.37 7659 93.26 | 42.00 2587 54.00 2450 |72.05 94.16
« Video Cls VATT [11] 8440 - 6310 - 7923 9430 | 3400 29.00 67.00 23.60 |81.20 -
+RW (VA) 8344 9728 59.55 88.02 76.56 93.52 [238.50 6.80 147.00 1230 |81.75 97.25
* UCF101 +RW (VT) 84.42 9749 6230 86.61 78.59 94.17 ‘76.00 18.72 120.00 15.20 ‘80.75 96.75
+ HMDBS51 HTIEOM +GR 84.77 9738 6230 9038 79.29 9432 | 29.00 31.65 70.00 21.40 |81.50 97.00
. Kinetics400 AudioSet + CL 86.04 97.75 6545 88.94 79.89 9471 | 33.00 29.17 6550 2097 |82.00 97.25
. Audio Cls + Both 85.46 97.58 65.52 89.74 79.26 94.48 | 31.50 3026 69.50 19.96 | 82.00 97.00
VATT [11] 8828 9873 65.84 9143 79.39 94.56 | 29.00 29.66 56.00 2690 |80.75 97.00
* ECS50 +RW (VA) 8697 98.09 61.06 89.66 77.70 93.83 | 99.00 1425 7550 19.70 |83.50 97.25
« Cross-Modal HTlJ?OM +RW (VT) 88.19 97.96 61.13 90.51 78.43 94.38 ‘27.00 31.07 4850 27.70 ‘82.25 96.75
: : : +GR 87.49 98.10 6099 8835 79.73 9457 | 3200 29.56 60.00 2720 | 85.00 98.00
- Text-Video Retrieval ~ AudoSet $9.02 9833 65.77 9215 7970 94.80 | 31.00 3134 4850 2870 |83.50 97.75
* YouCook2 YT8M 4 Both 89.70 9835 6435 92.08 80.01 94.69 | 29.00 31.86 45.00 29.10 | 84.50 98.00
« MSRVTT



| Visualization: VATT output space
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VATT Baseline: Video and Text mixed together
w/ Our Methods: Video and Text become disentangled
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