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Background and Motivation
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=  Successful image understanding
= Cross-modal retrieval tasks
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= Caption generation
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= Needs multiple training stages or
components

* Needs special recipe for video tasks



Proposed Solution

Authors introduce MaMMUT
Contains one visual encoder and one text decoder
Shared weights in two-pass learning method.

Tested against other vision-language models
O  Zero-shot Image Retrieval
O  Visual/Video Question Answering

O  Open-Vocabulary Object Detection
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MaMMUT In Action

Image-Text and Text-Image Retrieval

Cuery Top Retrievals Open-Vocabulary Detection
b ; A girl with a guitar and a guy with
an umbrella sitting in front of a Novel classes:
gate on the sidewalk ~ cooking
A man and a woman are chatting .
while sitting next to a black gate utensil
A man and a woman are sitting on * Hotplate
the base of fence having a
conversation * Saucepan
Query * Cooker

Climbers with hiking boots and blue helmets
ascend a snow covered mountain

* Kitchen table




MaMMUT In Action(Cont'd)

Question: what is
the number on the
red bus ?

Predicted Answer:
15

Groundtruth:
15

Question: What wants Predicted: Ground truth:
to jump in the water? dog dog

Question: What is Predicted: Ground truth:
eating a carrot? guinea guniea




Methodology

e ViT-based vision encoder and a single text decoder

® M cross attention layers into N text decoder layers

® No task-specific head required

e Uses a two-pass learning strategy approach to unify

B contrastive learning
B autoregressive captioning

B localization awareness(with cropped positional embedding)

e Allows maximal weight sharing for generative and contrastive tasks

e Uses a noisy web alt-text dataset



1st Pass: Contrastive LossS

1% Pass: compute
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Focal Contrastive Loss

Contrastive loss requires larger batch size

Goal is to learn from the more challenging and informative examples
Solution: FOCAL LOSS!

Provides additional sensitivity to objects
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2nd Pass: Generative Loss

Cross Attention
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Architecture Overview
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Learning Positional Embeddings for Localization Awareness

e VLMs use full-image positional embeddings rand‘c’lmly,cmp
m  Works well for image classification anc restze
m Does not work for detection at region level

e Solution: Cropped Positional Embeddings! .
o -
-

..- upsample

positional
embeddings




MaMMUT for Video Tasks

Language

® Previous approaches include frame-by- Encoder

frame processing e
® Just captures spatial information

ll' Image
Encoder
I

Video

Language
Decoder

Per-frame inference of
the image encoder modef

® Motivation from TubeVIT paper
® 2D patches to process frames

® 3D tubes to process multiple frames
. Image QZD Language
® Sparse temporal stride for 2D patches Encoder Decoder

Video Text
patches | Tokens
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MaMMUT for Video Tasks(Cont'd)

* Modifications to TubeViT approach
® TubeViT uses fixed positional embeddings
® MaMMUT combines learnt embeddings from encoder

with weighted connections to fixed embeddings

® No additional pre-training on video data
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Image courtesy of AJ Piergiovanni and Anelia Angelova, Research Scientists, Google



MaMMUT for Video Tasks

Image-Only Stream
2D Patches \
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Implementation Details

ViT-Huge image encoder with 650M parameters
Transformer text decoder with 1B parameters

O Cross attention layers applied every two decoder layers
AdamW optimizer with 0.01 weight decay value
Generative and contrastive loss weights set to 1.0

Pre-training images resized to 272x272
O Later cropped to 224x224



Implementation Details

® \Web alt-text dataset with 1.8B image-text pairs

O Used for contrastive and generative pre-training
® Fine-tuned with Cropped Positional Embedding for downstream detection.
® Used for ablation studies:

O ViT-Base image encoder (86M params)

O Text decoder (128M params)



Results: Zero-Shot Image-Text Retrieval

image MS COCO (5K test set) Flickr30K (1K test set)

model image-to-text text-to-image image-to-text text-to-image
Method size | R@l R@5 R@l0 R@l R@5 R@10 | R@l R@5 R10 R@l R@5 R@10
CLIP (Radford eval, 2021) | 302M | 584 815 88.1 378 624 72.2 88.0 987 99.4 68.7 906 95.2
ALIGN (Jia et al,, 2021) 408M | 58.6 83.0 89.7 456 698 78.6 88.6 987 99.7 75.7 938 96.8
FLAVA (Singhetal, 2022) | 86M | 427 768 - 384 675 - 67.7 940 - 652 894 -
FILIP (Yao et al., 2021) 302M | 613 843 90.4 459 706 79.3 89.8 992 99.8 75.0 934 96.3
Florence (Yuun et al, 2021 637TM | 647 859 - 472 714 - 909 99.1 - 76.7 936 -
CoCa-L (Yu et al, 2022) 303M | 654 856 o1.4 50.1 738 81.8 914 992 99.9 79.0  95.1 97.4
CoCa (Yu et al, 2022) 1B 66.3  86.2 91.8 512 742 82.0 925 995 99.9 804 957 97.7
MaMMUT (ours) 630M | 70.7 891 93.7 541 768 84.2 949 995 99.9 825 96.0 98.0




Results: Visual Question-Answering

Method Test-Dev | Test-Std
FLAVA (Singh et al, 2022) 72.8 -
METER (Dowu et al, 2022) 717.7 7.6
Unified-10 (Lu et al., 2022 77.9 -
OmniVL (Wang et al., 2022¢) 78.3 78.4
Florence (Yuan et al,, 2021) 80.2 804
SIimVLM (Yu et al, 2022 80.0 80.3
OFA (Wang et al., 2022d) 82.0 82.0
CoCa (Yu et l| , 2 IJ“) 82.3 82.3
BEiT-3 (Yu et al., 2022) 84.2 84.0
ALBEF (L1 et .lI,JIIJI) 75.8 76.0
AnswerMe (I’u;‘,_im anni et al., 2022a) 73.6 -
BLIP (Li et al., 2022a 78.2 78.3
GIT (Wang et al., 2022b) 78.6 78.8
Flamingo-80B (. \layrac et al., 2022 82.0 82.1
BLIP-2-7B (Lict al., 2023) 82.3 -
PaLI-3B (Chen et al,, 2022) 79.3 -
PaLI-15B (Chen et al, 2022) 80.8 -
PaLI-17B (Chen et al., 2022 84.3 84.3
MaMMUT (2B) 80.7 80.8

Overall

Yes/No

Number

Other

80.84

93.41

63.89

73.78




Results: Video QA and Video Captioning

Video QA Results

Video Captioning Results

Method MSEVTT-QA | MSVD-QA Method MSRVTT | MSVD
Just Ask (Yang et al., 2021) 41.5 46.3 ORG-TRL (Zhang et al., 2020) 50.9 95.2
MERLOT (Zelers e, 2021) 43.1 - Jpenook (Zhung et 0. 2210 1 291 o
OmniVL (Wang et al., 2022c) 44.1 51.0 VIOLETV2 (Fu' et al., 2023) 80 | 1302
WVindLU (Cheng et al., 2022 44.6 - MV-GPT (Sco et al, 2022) 60.0 -
[terative Cu—Tuk (Piergiovanni et al., 2022b) 457 48.8 Vid28Seq (Yang et al, 2023) 64.6 146.2
All-in-one (Wang et al , 2022a) 46.8 483 o comMane b 02 | P2 en
Video- C”‘*’*‘{\" n et al., 2022) 46.3 56.9 GIT2 (Wans ot 4., 20220) 75.9 185.2
VIOLET (Fu etal, 2021) 439 47.9 MaMMUT (ours) 73.6 195.6
VIOLETv2 [l et al., 2023) 44.5 54.7

Dynamic Pretr. (Piergiovann et al., 2023h0) 45.1 47.1

GIT (Wang et al., 2022b) 432 56.8

GIT2 (Wang et al., 2022 *} 456 58.2

InternVideo (Wang et al,, 20220) 47.1 55.5

Flamingo (Alayrac et x.I.f 2022 47.4 -

MaMMUT (ours) 49.5 60.2




Results: Open-Vocabulary Detection

Method APr AP
DetPro-Cascade ( , ) 20.0
Detic-CN2 ( , ) 24.6
RegionCLIP ( ) ) 22.0
ViLD-Ensemble ( i ) 21.7
ViLD-Ensemble ( i ) 26.3
VL-PLM ( , ) 17.2
Rasheed et al. ( , ) 21.1
OWL-VIT ( , ) 23.3
OWL-VIT ( \ ) 25.6
MaMMUT (ours) 31.0




Ablation Studies

e Cross-task Benefits

MS COCO Flickr30K VOQA

Contrastive Generative 2T T21 I2T T21 Acc.
v 54.8 382 82.6 67.1 H3.5

s ; - - - H9.9

v v 54.3 38.7 B0.6 67.5 71.7

e Balancing Losses

MS COCO Flickr30K VQA

weights 12T T21 12T T21 Acc.
(2.0, 0.5) 56.71 40.77 82.52 67.77 70.08
(2.0, 1.0) 56.7 40.27 81.84 67.25 70.84
(1.0, 1.0) 56.25 39.73 81.74 67.50 71.48
(1.0, 2.0) 55.39 39.09 81.54 65.64 72.27
(0.5, 2.0) 52.05 37.32 78.32 62.73 71.79




Ablation Studies

e Cross-attention Design

MS COCO Flickr30K VQA

# Cross-Att. 2T T21 2T T21 Acc.

] 55.3 39.6 81.7 67.2 68.7

2 56.6 40.1 81.9 67.6 70.8

4 55.7 399 82.2 67.3 71.5

e Video Adaptation Experiments
MSRVTT-QA MSVD-QA

MaMMUT- Full Model 42.1 45.8
No Gated Connection 41.8 45.5
No Fixed Embeddings 41.5 45.1
No Tubes 40.3 42.6




Ablation Studies

e Projections and attention pooling

image-to-lex] lexi-lo-1mage
Atl, Pool/ Proj | R@] R@5 R@]0) | R@]l R@5 R@ll
NN 53,32  B0.57  B6.Y] 3086 67.7 T7.46
YN | 5244 7871 86.33 393 6662 7691
N/Y | 51.37 7881 8613 | 3949 6697 77.05
YIY 50078 7695 8374 | 3859 6654 7607




Total Train Computage

e MaMMUT performance from scratch:
o 3.4x cheaper than PaLl (relies on pretrained image encoder)
o 5.5x than CoCa
o 10.3x than Flamingo (relies on pretrained image encoder)
o 41.2x than GIT-2



Limitations

e MaMMUT relies on web alt-text data for pre-training

o The model is subject to text generative risks from biased data
m Further investigation is needed

e The model relies on a single text decoder for joint learning
o Introduces conflict through trade-offs
m  Weights assigned to contrastive and generative loss
m  Number of cross-attention layers
m Performance on image-to-text retrieval



Conclusion

e The MaMMUT model consists of a vision encoder and text decoder
e Two-pass learning allows the model to train for retrieval and text generation
using shared weights

e The model is capable of handling a diverse set of tasks
o Image-text / Text-image retrieval

Open vocabulary object detection

VQA

VideoQA

Video Captioning

o O O O
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