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Background and Motivation

▪ Successful image understanding

▪ Cross-modal retrieval tasks

▪ Caption generation

▪ Visual Question Answering
▪ 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

○ Zero-shot Image Retrieval

○ Visual/Video Question Answering

○ Open-Vocabulary Object Detection



MaMMUT In Action



MaMMUT In Action(Cont’d)



Methodology

● ViT-based vision encoder and a single text decoder

● M cross attention layers into N text decoder layers

● No task-specific head required

● Uses a two-pass learning strategy approach to unify

■ contrastive learning

■ autoregressive captioning

■ localization awareness(with cropped positional embedding)

● Allows maximal weight sharing for generative and contrastive tasks

● Uses a noisy web alt-text dataset



1st Pass: Contrastive Loss



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

vi and lj represents normalized image 

and text embeddings

Ƭ is the temperature hyperparameter



2nd Pass: Generative Loss



Architecture Overview



Learning Positional Embeddings for Localization Awareness

● VLMs use full-image positional embeddings
■ Works well for image classification

■ Does not work for detection at region level

● Solution: Cropped Positional Embeddings!



MaMMUT for Video Tasks

● Previous approaches include frame-by-

frame processing

● Just captures spatial information

● Motivation from TubeViT paper

● 2D patches to process frames

● 3D tubes to process multiple frames

● Sparse temporal stride for 2D patches



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

Image courtesy of AJ Piergiovanni and Anelia Angelova, Research Scientists, Google



MaMMUT for Video Tasks

Image courtesy of AJ Piergiovanni and Anelia Angelova, Research Scientists, Google



Implementation Details

● ViT-Huge image encoder with 650M parameters

● Transformer text decoder with 1B parameters

○ 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

○ Later cropped to 224x224



Implementation Details

● Web alt-text dataset with 1.8B image-text pairs

○ Used for contrastive and generative pre-training

● Fine-tuned with Cropped Positional Embedding for downstream detection.

● Used for ablation studies:

○ ViT-Base image encoder (86M params)

○ Text decoder (128M params)



Results: Zero-Shot Image-Text Retrieval



Results: Visual Question-Answering



Results: Video QA and Video Captioning

Video QA Results Video Captioning Results



Results: Open-Vocabulary Detection



Ablation Studies

● Cross-task Benefits

● Balancing Losses



Ablation Studies

● Cross-attention Design

● Video Adaptation Experiments



Ablation Studies

● Projections and attention pooling



Total Train Computage

● MaMMUT performance from scratch:

○ 3.4x cheaper than PaLI (relies on pretrained image encoder)

○ 5.5x than CoCa

○ 10.3x than Flamingo (relies on pretrained image encoder)

○ 41.2x than GIT-2



Limitations

● MaMMUT relies on web alt-text data for pre-training
○ The model is subject to text generative risks from biased data

■ Further investigation is needed

● The model relies on a single text decoder for joint learning
○ Introduces conflict through trade-offs

■ Weights assigned to contrastive and generative loss

■ Number of cross-attention layers

■ Performance on image-to-text retrieval



Conclusion

● The MaMMUT model consists of a vision encoder and text decoder

● Two-pass learning allows the model to train for retrieval and text generation

using shared weights

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

○ Open vocabulary object detection

○ VQA

○ VideoQA

○ Video Captioning
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