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MAE: Masked Autoencoderas Scalable Vision Learners (2021)

MAE: Masked Autoencoders Are Scalable Vision Learners

Better BERT-style training
with a few tricks:

- Only encode
non-masked tokens

- Use a decoder to
predict missing
patches

Simple autoencoding of
RGB pixel values works
extremely well!
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Multi-modal Learning
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Data Fusion at the feature level e
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S| ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst
We harness the power of advanced LLM as the catalystto bridge modalities with easy acquired,
language-paired two-modality data (e.g., image-tex, video-text, and audio-text), resulting in a multimodal LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023
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Multimodal Learning
VisionLanguage Models (VLM)



Multi-modal Learnin

CLIP: Visual representations from image-and-text data

CLIP (Contrastive Languatjeage

Pre-Training)is a NN trained on a

variety of (image, text) pairs. It
predicts the most relevant text
snippet, given an image, without
directly optimizing for the task

(1) Contrastive pre-training
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ImageBind:One Embedding Space To Bind Them(@lllP++)

1) Cross-Modal Retrieval
Audio

<

Crackle of a Fire

<)

Baby Cooing
N

Images & Videos

Depth

.. .

Text

“A fire crackles while a pan of food 1s frying on
the fire.”

“Fire 1s crackling then wind starts blowing.”
“Firewood crackles then music...”

“A baby 1s crying while a toddler is laughing.”
“A baby is laughing while an adult is laughing
“A baby laughs and something...”

A & B8 ) @

Images Videos Text Audio Dcpth

Web Image Text -u Depth Sensor Data [Zs] ‘ Web Videos . ‘3))

Sheep basking in the sun

3) Audio to Image Generation

Naturally Aligned
Emergent Alignment

Thermal Data

La! D9. Lb5Qa 22Ayid SYo.
enables novel multimodal capabilities.

.& |[tA3IyAy3d AAE Y2REFT
common space, IMAGEBIND enables:

1) CrossModal Retrieval, which shows
emergent alignment of modalities such as

I dzZRA2X RSLIGK 2NJ G§SEGZ
together. 2) Addingmbeddingdrom

different modalities naturally composes

their semantics. And 3) Audio-Image
generation, by using our audembeddings

with a pretrained DALLR decoder

designed to work with CLIP text

embeddings

-

IMAGEBIND [T

IMAGEBIND overvievDifferent modalities occur naturally aligned in different data sources, for instance images+text and | ©
video+audio in web data, depth or thermal information with images, IMU data in videos captured with egocentric camer:
IMAGEBIND links all these modalities in a common embedding space, enabling new emergent alignments and capabili

IMAGEBIND: One Embedding Space To Bind TherRAR, Meta AI2023



BioBridge:Bridging Biomedical Foundation Models via Knowledge Graphs

Contrastive Learning ImageBind .. Bridge (Ours)
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KG, keeping all FMs frozen ch o*h-~ "
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Multimodal DETR (M-DETR)

set of images
features

Multi-modal Learning

Data Fusion at the token lev
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ChatBridge: Bridging Modalities with LLM Data Fusion at the language level
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ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst
We harness the power of advanced LLM as the catalyst to bridge modalities with easy acquired,
language-paired two-modality data (e.g., image-text, video-text, and audio-text), resulting in a multimodal LLM.

ChatBridge: Bridging Modalities with Large Language Model as a Language Catalyst, Zhao et al., 2023
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Socratic Question to Video Search Socratic Egocentric Image Summaries Socratic Video Q&A with Linguistic World-5State History
o R S VLM where am 12 @ Generated Linguistic World-State History from Video
? . ¢ r
my remote control? — 10:38 AM: Places: living room. Objects: sofa bed, loveseat, coffee table
(@) living room Activities: watching TV. | was watching TV in a living room
. Atity? @ i 171:08 AM: Places: living room. Objects: remote control, television, netflix
vl Searchn entiny ¢ . . S ) . . L.
{@VLM what do | see? @ Activities: watching netflix. | was watching netflix on the television
12:19 PM: Places: television room. Objects: television, remote contro
(,F:‘_ remote control _ netflix, Activities: watching netflix. | was watching netflix on a television
W @ ) remote control, television, netflix P
(@) matches for remote control
@ (ST Eee @LM & @VvLM what am | deing? @ .
10:38 AM 11:08 AM 12:19 PM @ where did | leave my remote control?

@ watching netflix, sitting on the couch e

(.:j | left my remate control in the living room.
— . . .
fq_l ) watching netflix

._'_| M summary? @ || W :"'-;|'f|-'| n @

; | was watching TV in the living room
@ | am watching netflix on the television. (“’) and | needed it to change the channel.

from LMs are blue, VLMs green, ALMs purple, prompt text gray, user inputs magenta, VLM-chosen
LM outputs green-underlined blue, and ALM-chosen LM outputs purple-underlined blue.

Socratic Models: Composing Zero-Shot Multimodal Reasoning with Language, Google, 2022



Foundation Models (2020+)

Machine Learningg
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Fig. 2. A foundation model can centralize the information from all the data from various modalities. This
one model can then be adapted to a wide range of downstream tasks.

https://arxiv.org/abs/2108.07258

demonstrated impressive behavior, but can fail
unexpectedly, harbor biases, and are poorly
understood. Nonetheless, they are being
deployed at scale.

https://blog.inten.to/foundation-models-h89e7610057

RHJW MmdzGrigar®Sapunov, NLP in 2021, OpenTalks.Al / 2022
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Fundamental Models for Vision Tasks
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Figure 4: Absolute improvement of CapPa over CLIP* in various settings, Left: C'.lpP‘L pairs
ignificantly better with decoders in image-language tasks, especially w |1L|1 the decoder is a pre-
trained and frozen language model. Right: CapPa seems to be a noticeably better frozen feature
extractor for fine-grained classification tasks (we show L/14 results, see appendix for B/ 16).
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Figure 4: Absolute improvement of CapPa over CLIP* in various settings. Left: CapPa pairs
significantly better with decoders in image-language tasks, especially when the decoder is a pre-
trained and frozen language model. Right: CapPa seems to be a noticeably better frozen feature

extractor for fine-grained classification tasks (we show L/14 results, see appendix for B/16).

We presented an extensive comparison of vision encoders pretrained with a
contrastive and generative (captioning) objective and found that the
generatively pretrained encoders obtain better performance when used for
captioning, VQA, finegrained and fewshot classification taskswhile achieving
competitive performance in classification overall. In conclusion, we establishe
plain image captioning as a competitive pretraining strategy for vision
backbones from imagéext data

Image Captioners Are Scalable Vision Learners Gmmgle DeepMind2023
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MAEpre-pretraining for billion-scale pretraining

S5v2 K400
Accuracy Accuracy
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AP = Accuracy
iNatl® N1k
5-Shot Linear
............ mmmm MAE—-WSP
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5-Shot Zero Shot s MAE

Figure 1: MAE pre-pretraining improves performance. Trans-
fer performance of a ViT-L architecture trained with self-supervised
pretraining (MAE), weakly supervised pretraining on billions of im-
ages (WSP), and our pre-pretraining (MAE—W SP) that initializes
the model with MAE and then pretrains with WSP. Pre-pretraining
consistently improves performance.

MAE + Weakly-supervised
pretraining (WSP)

Pre-pretraining Masked Autoencoder (MAHearns visual
representations from image datasets without using any
labels. MAE randomly masks 75% of an image and train
model to reconstruct the masked input image by minimiz
the pixel reconstruction error.

Weakly-supervised pretraining (WSHgverages images
GAOGK 3a20A10SR WgSI 1 Q 4&dz
convert the text into a discrete set of labels, specifically
leveraging hasttag information We then use a mulabel
classification loss to train models. We refer to this metho
as WSP.

al! 9y {t 2 2Zdd3hart! fAs{trains the encoder
using the MAE seBupervised method using only the
images. This prpretraining stage initializes the model
while simultaneously being computationally efficient
because of the masking used in MAE. In the second stal
we pretrain the encoder using both the image and
associated weak supervisionhis combination
outperforms using either strategy in isolation, i.e., an MA
model or a weakly supervised model trained from scratcl

The effectiveness of MAE pigretraining for billion-scale pretrainingMeta Al,2024



DINOvZ2:Learning Robust Visual Featurasthout Supervision Diseriminative Sex

supervised Prdraining

Discriminative Selsupervised

Pre-training

supervised VIT training by directly predicting the output
We learn our features with a

DINO: Distillation with NO label®DINO simplifies self g 71_){0;5;@
of a teacher network (built with a momentum encode softmax

by using a standard crossitropy loss. e 1 discriminative selsupervised method
Emerging Properties in Se8upervised Vision Transformerd021 student gg, | ™ | teacher gg, that can be seen asambination of
Uncurated Data i i ° o DINO andBOT(ZhOU et al., 2022),

° losses with the centering cSwAV
(Caron et al., 2020). We also add a
regularizerto spread features and a
short high-resolution trainingphase.

\ b
==
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The recent breakthroughs in natural language processing for model
pretraining on large quantities of data have opened the way for similar
Overview of our data processing pipeline. foundation models in computer visionThese models could greatly
Images from curated and uncurated data sour¢ SIMplify the use of images in any system by producing generalpurpose
are first mapped to embeddings. Uncurated | Visual features, i.efeatures that work across image distributions and
images are then deduplicated before being | [@sks without finetuning This work shows that existing pretraining

matched to curated images. The resulting methods, especially seffupervised methods, can produce such features
combination augments the initial dataset if trained on enough curated data from diverse sources. We revisit
through a seksupervised retrieval system. existing approaches and combine different techniques to scale our

pretraining in terms of data and model size.
DINOv2: Learning Robust Visual Features without Supervidibeta Al Researclz024



Foundation
models in
computer
vision should
have features
that work
across image
distributions

and tasks

without

finetuning!
Qualitative ResultsPCA of patch features. Visualization of the first PCA componenté#/e compute a
1) our unsupervised foreground / background detector, PCA between the patches of the images from the same
performs very well and is capable of delineating the column (a, b, c and d) and show their first 3 components.
boundary of the main object in the picture. Each component is matched to a different color channel.
2) other components correspond to “parts" of objects and Same parts are matched between related images despite
match well for images of the same category( emerging changes of pose, style or even obje@ackground is

property ¢ model was not trained to parse parts of objects). removed by thresholding the first PCA component
DINOv2: Learning Robust Visual Features without Supervidibeta Al Researclz024



DINOv2:LearningRobust Visual Featuresithout Supervision o e

(
DINOv2: Learning Robust Visual Features without Supervidibeta Al Researclz024

(Drawings / Animals)

Qualitative ResultsPatch matching. g
Finally, we explore what type of
information our patchevel features

contain by matching them across images FOlancliat_mn
We start by detecting the foreground MOGEIS 1
computer

object using the procedure described
above. Then, we compute the euclidean
distance between patch features extracte
from two images and map them by solvin
an assignment problem. In order to reduc
the number of matches, we then apply a
non-maximum suppression.

vision should
have features
that work
across image
distributions
and tasks
without

Matching across image#Ve match finetuning!

patchlevel features between images
from different domains, poses and even
objects that share similar semantic
information. This exhibits the ability of
our model to transfer across domains
and understand relations between
similar parts of different objects



SAM:Segment AnythingFoundation model for segmentatio
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Encoder
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T ) T * licensed images
segmentation prompt prompt Image
(a) Task: promptable segmentation (b) Model: Segment Anything Model (SAM) (¢) Data: data engine (top) & dataset (bottom)

Foundation model for segmentatiomith three interconnected components: a promptable 7 | : |
segmentation task, a segmentation model (SAM) that powers data annotation and edaBesOt ke 3. Each cotumn shows 3 valid masks senerated by
transfer to a range of tasks via prompt engineerinand a data engine for collecting-3B, our R N T

dataset of over 1 billion masks.

—E}—» mask decoder
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-. ' anpcf + point q d
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image | . T T T
encoder \ k.
/ conv\ prompt encoder = ;,
- - T =
Image en:lr)r::l%l(;ng mask  points  box text

valid masks
Segment Anything Model (SAM)verview. A heavyweight image encoder outputs an image
embedding that can then be efficiently queried by a variety of input prompts to produce object :
masks at amortized redime speed. For ambiguous prompts corresponding to more than one objé ;oo 15: Zero-shot text.to-mask. SAM can work with
SAM can output multiple valid masks and associated confidence scores. simple and nuanced text prompts. When SAM fails to make

a correct prediction, an additional point prompt can help.

Segment Anything! £ SE I Yy R S NPio¥ Daiir, R6s® @rEhichlela Al Research, FAFD23
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Grounding DINOOpenSet Object Detection e e |

(a) Closegset object detection requires models to detect objects of-gedined categories. (b) Previous work zstmwt transfeé models to novel categories
for model generalization. We propose to add Referring expression comprehension (REC) as another evaluation for modsigeseyalnovel objects
with attributes. (c) We present an image editing application by combining Grounding DINO and Stable Diffusion

Grounding DINO: Marrying DINO with GroundedReening for Operbet Object Detectior2023



