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Qutline

1. Introduce multimodality
a.  What is Multimodality?
b.  Why Multimodality?
2. Multimodal Large Language Models
a. Early work 1: CLIP: Contrastive Language-Image Pre-training
b. Early work 2: Flamingo: the dawns of LMMs (relatively small language models)
c. Multimodal LLM

3. Training Multimodal LLMs
a. Architecture
b. Visual encoders or tokenizer
c. Instruction Tuning in Multi-modal LLM
d. Multi-stage training

4. Research Directions for Multimodal LMM
5. Our research on Multimodal Large Language Models



Why Multimodality
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Human processes multimodal infos simultaneously

[1] Bergen, Benjamin K. Louder than words: The new science of how the mind makes meaning. Basic Books, 2012 5



What is Multimodality?

Multimodal Behaviors and Signals

4 Language
= Lexicon
= Words
= Syntax
= Part-of-speech
* Dependencies

= Pragmatics
= Discourse acts

Acoustic

* Prosody
= |ntonation
= Voice quality

* Vocal expressions

\ = Laughter, moans

Visual

» Gestures
= Head gestures
= Eye gestures
= Arm gestures

* Body language
» Body posture
= Proxemics

» Eye contact
* Head gaze
= Eye gaze

= Facial expressions
= FACS action units
» Smile, frowning

Touch
= Haptics
= Motion

Physiological
= Skin conductance

* Electrocardiogram

Mobile

= GPS location
= Accelerometer

= Light sensors




What is Multimodality?

Definition

Modality refers to the way in which something expressed or perceived.

Raw Abstract
. Modalities Modalities
from a sensor (closest from sensor) (farthest from sensor)
N | | g
) Speech Language Sentiment
Examples: signal intensity
Image Detected Object

objects categories



What is Multimodality? -

multimodal adjective

mul-timod-al ( mal-té-mo-d®l«) ) -ti-

: having or involving several modes, modalities, or maxima

' multimodal distributions

| multimodal therapy

In our case, focusing on NLP: text + one or more other modality (images, speech,
audio, olfaction, others). We'll mostly focus on images as the other modality.



Why is Multimodality? b

)

Masked (and shifted)

target

Many use cases are impossible Surgical images/observations and actions
without multimodality, especially l
those in industries that deal with a  re—
mixture of data modalities such as roxt i l
healthcare, robotics, e-commerce, The patient Multimodal

Q s developed heart —>| | | | | | — bl Multitask
retail, gaming, etc. failure... Al model

. . Images and questions
An example of how multimodality can be

User:
used in healthcare. Image from Wihat causad s fash?
Multimodal biomedical AI =

This is probably an
allergic reaction



Why is Multimodality?

A range of very good reasons:

® Faithfulness: Human experience is multimodal
® Practical: The internet & many applications are multimodal

@ Data efficiency and availability:

O Efficiency: Multimodal data is rich and “high bandwidth” (compared to language;
quoting LeCun, “an imperfect, incomplete, and low-bandwidth serialization
protocol for the internal data structures we call thoughts”), so better for learning?

O Scaling: More data is better, and we’re running out of high quality text data.

Multimodality is one of the main frontiers of the new foundation model revolution.



Multimodal Large Language Models

— The age of the large model is upon us, so let's just skip the small model
and leap directly into the large model era.



Milestones

Given the existence of so many amazing multimodal systems, a challenge of writing this PPT is
choosing which systems to focus on. Here, we first focus on two early models: CLIP (2021) and
Flamingo (2022) both for their significance as well as availability and clarity of public details.

e CLIP was the first model that could generalize to multiple image classification tasks with
zero- and few-shot learning.

e Flamingo wasn’t the first large multimodal model that could generate open-ended
responses. However, Flamingo’s strong performance prompted some to consider it the GPT-
3 moment in the multimodal domain.

e Multimodal LLMs

[CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)
Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2103.00020
https://arxiv.org/abs/2204.14198

Early Work I: CLIP

Contrastive Language-Image Pre-training

a good practice for alignment: we could “map images to the text space” using
a discriminative Language models (encoder-only LLM)



CLIP: Contrastive Language-Image Pre-training

-> CLIP leveraged natural language
supervision and contrastive learning,
which allowed CLIP to both scale up
their data and make training more
efficient. We’ll go over why/how these
two techniques work.

° [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)

Food101
guacamole (90:1%) Ranked 1out of 101 labels

Youtube-BB
airplane, person (89.0%) Ranked 1out of 23 labels

a photo of a airplane.

v
-
X a photo of a bird.
X
X

X a photo of a car.

Zero-shot image classification with CLIP


https://arxiv.org/abs/2103.00020

CLIP's high-level architecture

Language projection

matrix W,
(D, x D)
Multimodal
embedding
of text
happy hippie | Text
hamster ‘ encoder | .
‘ ' Text embedding (D ) Cosine
—— similarity
score
Image embedding (D )
Image
encoder
e
Multimodal
embedding
‘ of image

matrix W

Vision projection ‘
(D, x D) ‘

CLIP's architecture. Both encoders and projection matrices are jointly trained together from
scratch. The training goal is to maximize the similarity scores of the right (image, text) pairings
while minimizing the similarity scores of the wrong pairings (contrastive learning).

° [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)


https://arxiv.org/abs/2103.00020

Scalable Data

For many years, image models were trained with manually annotated (image, text) datasets (e.g.
ImageNet, MS COCO). This isn’t scalable. Manual annotation is time-consuming and expensive.

The CLIP paper noted that none of the then-available (image, text) datasets was big and high
quality enough. They created their own dataset - 400M (image, text) pairs - as follows.

1. Construct a list of 500,000 queries. Queries are common words, bigrams, and titles of popular
Wikipedia articles.

2. Find images matching these queries (string and substring match). The paper mentioned this
search did NOT happen on search engines but didn’t specify where. My theory is that since
OpenAl already scraped the entire Internet for their GPT models, they probably just queried
their internal database.

3. Each image is paired with a text that co-occurs with it (e.g. captions, comments) instead of the
query since queries are too short to be descriptive.

° [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)


https://arxiv.org/abs/2103.00020

Data Example: Wikipedia-based Image Text Dataset

& Not logged in Talk Contributions Create account Log in

Article  Talk Read Edit View history Search Wikipedia Q

WIK;PEDIA Half Dome }»"* ™

‘The Free Encyclopedia

From Wikipedia, the free encyclopedia

Main page "Half dome" redirects here. For the term in architecture, see Semi-dome.

go""m:s . Half Dome is a granite dome at the eastern end of Yosemite Valley in Yosemite National Park, Half Dome
rent even!
e California. It is a well-known rock formation in the park, named for its distinct shape. One side is a {mage

sheer face while the other three sides are smooth and round, making it appear like a dome cut in

Random article

About Wikipedia
Contactvs half.®] The granite crest rises more than 4,737 ft (1,444 m) above the valley fioor.
Borte Contents fide] WS\ Page Description
Contribute 1 Geology
Help. 2 Ascents
Learn to edit 3 Hiking the Cable Route
Qoenaaity porisl 4 Notable ascents
Recent changes Sunset over Half Dome from Glacier Point
5 Notable free climbs
Upload file Reference Description Highest point
6 In culture 1
Z : Elevation 8846 ft (2696 m) NavD as!'l
Tool i
— :“ o Prominence 1,360 ft (410 m) (']
8 f
What links here eferences Parentpeak  Clouds Restl')
Related changes 9 External links ot reovw 2]
Coordinates (g 37°44'46"N 119°31'59"W I
Special pages
Permanent link Geography
Page information Geology [edit] P
Cite this page i ),
Wikidata ftem Main article: Geology of the Yosemite area ‘
The impression from the valley floor that this is a round dome that has lost its northwest half, is !
i 15 just an illusion. From Washburn Point, Half Dome can be seen as a thin ridge of rock, an aréte,
Domioed & PDF that is oriented nortt with its southeast side almost as steep as its northwest side C
FYIORADA yaeson except for the very top. Although the trend of this ridge, as well as that of Tenaya Canyon, is
In other projects probably controlled by master joints, 80 percent of the northwest "half* of the original dome may {
Wikimedia Commons well still be there. E > (

WIT: Wikipedia-Based Image Text Dataset for Multimodal Multilingual Machine Learning. https://github.com/google -research-datasets/wit



Even a lager one: Laion-5B

e Dataset columns

o URL: the image url, millions of domains are covered

TEXT: captions, in english for en, other languages for multi and nolang

WIDTH: picture width

HEIGHT: picture height

LANGUAGE: the language of the sample, only for laion2B-multi, computed using cld3

similarity: cosine between text and image ViT-B/32 embeddings, clip for en, mclip for multi and nolang
pwatermark: probability of being a watermarked image, computed using our watermark detector
punsafe: probability of being an unsafe image, computed using our clip based detector

O O O O 0O O O

Width Laion2B-en Heloht vash Laion2B-multi Height

Width Laion1B-nolang Height

@®0128
@ 1024-more

®0128

@ 1024-more
@ 128256
@ 5121024
® 256512

@ 1024-more
®0128

@ 5121024
® 128256
® 256512

@ 1024-more
@012

@ 5121024
® 128256
® 256512

@®0128

@ 1024-more
@ 5121024
® 128256
® 256512

@ 5121024
® 128256
® 256512

@ 1024-more
®0128

@ 512:1024
® 128256
® 256512

Text length Text length

Text length
® 2550

® 50100
®025

® 100150
® 150-more

@ 50-100
® 2550
@025

® 100150
® 150-more

@ 2550

@ 50100
@025

® 100150
® 150-more

Average text length: 67 Average text length: 52 Average text length: 46


https://github.com/google/cld3
https://github.com/LAION-AI/LAION-5B-WatermarkDetection
https://github.com/LAION-AI/CLIP-based-NSFW-Detector

Existing Data
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Discriminative vs. generative for image classifications

0.29 Class 0
Classifier Output probability
0.52 Class 1
Predetermined classes 004 Class K
Class 0 | dog Final output cat
Class 1 cat
Token 1 Token 2 Token 3
Class K and
0.29 0.09 0.32
Language Output probability 0.52 011 0.21
model
0.04 0.68 0.12
Final output cat and dog

If a classifier outputs only one class for each input, a language model outputs a sequence of classes. Each generated
class is called a token. Each token is from a predetermined list, the vocabulary, of the language model.

[CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)


https://arxiv.org/abs/2103.00020

Contrastive objective (CLIP)

Several men in hard hats are operating a giant pulley system.
Workers look down from up above on a piece of equipment.
Two men working on a machine wearing hard hats.

Four men on top of a tall structure.

Three men on a large rig.

Texts for an image is diverse

A black dog and a white dog with brown spots are staring at each
other in the street.

A black dog and a tri-colored dog playing with each other on the
road.

Two dogs of different breeds looking at each other on the road.
Two dogs on pavement moving toward each other.

A black dog and a spotted dog are fighting.

While the language model objective allows for vastly more flexible outputs, CLIP authors noted this objective made
the training difficult. They hypothesized that this is because the model tries to generate exactly the text
accompanying each image, while many possible texts can accompany an image: alt-text, caption, comments, etc.

[CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)


https://arxiv.org/abs/2103.00020

Contrastive objective (CLIP)

Contrastive learning is to overcome this challenge. Instead of predicting the exact text of each
image, CLIP was trained to predict whether a text is more likely to accompany an image than other
texts.

For each batch of N (image, text) pairs, the model generates N text embeddings and N image
embeddings.

e Let V4, Vs,...,V, be the embeddings for the N images.
e LetLy,Lo,...,L, be the embeddings for the N texts.

CLIP computes the cosine similarity scores of the N 2 possible (V;, L) pairings. The model is trained
to maximize the similarity scores of the N correct pairings while minimizing the scores of the
N2 — N incorrect pairings. For CLIP, N = 32, 768.

° [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)


https://arxiv.org/abs/2103.00020

CLIP

(1) Contrastive pre-training
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Figure 1. Summary of our approach. While standard image models jointly train an image feature extractor and a linear classifier to predict
some label, CLIP jointly trains an image encoder and a text encoder to predict the correct pairings of a batch of (image, text) training
examples. At test time the learned text encoder synthesizes a zero-shot linear classifier by embedding the names or descriptions of the

target dataset’s classes.

[CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)


https://arxiv.org/abs/2103.00020

CLIP applications: classification

Today, for many image classification tasks, CLIP is still a strong out-of-the-box baseline to be used
as-is or fine-tuned.

StanfordCars +28.9
Country211
Food101
Kinetics700
ST2

HatefulMemes
CIFAR10

Caltech101 j+2.0

ImageNet
OxfordPets
PascalvOC2007

FGVCAircraft
RESISC45

Flowers102

DTD

CLEVRCounts

GTSRB
PatchCamelyon

KITTI Distance

EuroSIAT . : :
-40 -30 -20 -10 O 10 20 30 40

A Score (%)
Zero-Shot CLIP vs. Linear Probe on ResNet50

[CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)


https://arxiv.org/abs/2103.00020

CLIP applications: text-based image retrieval

Text-based image retrieval

Since CLIP’s training process was conceptually similar to image-to-text retrieval and text-to-image
retrieval, CLIP “displays significant promise for widely-applicable tasks like image retrieval or
search” However, “on image retrieval, CLIP’s performance relative to the overall state of the art is
noticeably lower.”

There are attempts to use CLIP for image retrieval. For example, clip-retrieval package works as
follows:

1. Generate CLIP embeddings for all your images and store them in a vector database.

2. For each text query, generate a CLIP embedding for this text.

3. Query in the vector database for all images whose embeddings are close to this text query
embedding.

° [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)


https://arxiv.org/abs/2103.00020

CLIP applications: image generation

CLIP objective

“a corgi
playing a
flame I
throwing
— ——
trumpet” AAO00
...................................... - O O
— > » .
O O
prior

° [CLIP] Learning Transferable Visual Models From Natural Language Supervision (OpenAl, 2021)
° https://tryolabs.com/blog/2022/08/31/from-dalle-to-stable-diffusion?utm_source=blog&utm_medium=edgeAlalliance&utm_campaign=edgeAlalliance&utm_id=edgeAlalliance


https://arxiv.org/abs/2103.00020

Early Work II:
Flamingo, the dawns of LMMs

a good practice to enable “talking on images” with generative language
models



Flamingo: the dawns of LMMs (Z A KA KIEE)

In a reductive view, Flamingo = CLIP + An autoregressive language model

(3]

This is a dog. It's a
(>  white fluffy dog.

What season is this? €
It looks like a summer
> day.

Why do you think so? ¢S5
The grass is green and
the dog is not wearing
a sweater.

What breed is the dog? €9
(7™ I'saSamoyed.
Is the dog running? €5
™  No,it's sitting.

Can you describe the
pose of its back legs? €5

The back legs are bent
and the dog is sitting
(™ onits haunches

Which city is this? €5
This is a street sign in
(™ New York City.
Which street comer is it?
(&)
Itis the intersection of
Madison Avenue and
(™ East42nd Street.

Which subway station
is nearby?

The closest subway
station is Grand Cen-

(™ tral Station.
How about the nearest
park? [>)
The nearest park is
(™ Bryant Park.

There is another sign.
What does it say?

(™ Itsays "One way".

then say the color it is
written in. For exam-
ple:

[romous]

Color is "Purple” and
itis written in red.

[omem]

Color is "Green" and
itis written in blue.

@ @ @ @ @ @

Color is "Yellow" and
(> itis written in green.

] e

Coloris "Black” and it
(>  is written in yellow.

Well done! Do you
know the name of
the test these images
come from?

1 think it is called the
® Stooptest.

Can you explain how
humans perform i
this test? (5}

Humans are slower
when the color of the
word and the color of
[ the word are different,

How about you? (5

1 am not affected by
(P this difference.

Adding a decoder LM. Unlike CLIP, Flamingo can generate text responses.
Attention interaction between image encoder and LM

A
4

What is the difference
between these two im-

ages? o)
The first one is a trian-

gle and the sccond one
[ isahexagon.

O

Which one has larger
internal angles?

The hexagon has
(7  larger intemal angles.

What color are they? €5

(7> They are both red.

Flamingo can generate text responses conditioned on both text and images

Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2204.14198

Flamingo's high-level architecture

Output: text
. Pretrained and frozen = |

() a very serious cat.
Trained from scratch
| - n-th GATED XATTN-DENSE
Perceiver Perceiver
| A L mwlek s
1st GATED XATTN-DENSE

Processed text I

| <image> This is a very cute dog.<image> This is

Interleaved visual/text data

This is a very cute dog.m This is
|

Figure 3: Flamingo architecture overview. Flamingo is a family of visual language models (VLMs)
that take as input visual data interleaved with text and produce free-form text as output.

At a high level, Flamingo consists of 2 parts:
e Vision encoder: a CLIP-like model is trained using contrastive learning. The text encoder of this model is
then discarded. The vision encoder is frozen to be used in the main model.
e Language model: Flamingo finetunes Chinchilla to generate text tokens, conditioned on visuals and text,

using language model loss, with two additional components Perceiver Resampler and GATED XATTN-
DENSE layers.

. Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2204.14198

D ata Flamingo used 4 datasets: 2 (image, text) pair datasets, 1 (video, text) pair dataset, and 1 interleaved

image and text dataset.

This is an
image of a
flamingo.

Image-Text Pairs dataset Video-Text Pairs dataset

A kid Welcome
doing a to my
kickflip. | website!

This is a
picture of
my dog.

This is a
picture of
my cat.

Multi-Modal Massive Web (M3 W) dataset
Traini
Dataset Type Size How a'mmg
weight
Interleaved For each webpage, they sample a random
. 43M subsequence of 256 tokens and take up to
M3W image and text . . . 1.0
webpages  the first 5 images included in the sampled
dataset
sequence
ALIGN (Irr-xage, text) 1.8B pairs Texts are alt-texts, averaging 12 02
pairs tokens/text.
LTIP (Irr}age, text) 312M pairs Texts are long descriptions, averaging 20.5 02
pairs tokens/text.
Video, text 27M short .
VTP ( . %) . ~22 seconds/video on average 0.03
pairs videos

Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2204.14198

Flamingo's language model

Flamingo uses Chinchilla as their language model. More specifically, they freeze the 9 pretrained
Chinchilla LM layers. A traditional language model predicts the next text token based on the
preceding text tokens. Flamingo predicts the next text token based on both the preceding text and

visual tokens.

Next Token

e
SO0 a8

Visual Tokens Text Tokens

. Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2204.14198

Perceiver Resampler

As the visual inputs can be both images and videos, the vision encoder can produce a variable
number of image or video features. Perceiver Resampler converts these variable features into a
consistent 64 visual outputs.

Perceiver Resampler l J l l
_)S_Dyl'ﬂ_-_l;éyg_r_s --------------------------------- ' def perceiver_resampler(
x_f, # The [T, S, d] visual features (T=time, S=space)

time_embeddings, # The [T, 1, d] time pos embeddings.

x, # R learned latents of shape [R, d]
num_layers, # Number of layers
):

“""The Perceiver Resampler model."""

Attention
I K=V=[X,,X] H ]o=m

S I E A T

# Apply the Perceiver Resampler layers.

for i in range(num_layers):

TG Learned
Tatant # Attention.
- a ; x = x + attention_i(gq=x, kv=concat([x_f, x]))
EEE queries # Feed forward.

x = x + ffw_i(x)

return x

Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2204.14198

GATED XATTN-DENSE layers

GATED XATTN-DENSE layers are inserted between existing and frozen LM layers to allow the
language model to attend more efficiently to the visual tokens when generating text tokens.
Without these layers, Flamingo authors noted a drop of 4.2% in the overall score.

def gated_xattn_dense(

) y, # input language features

X, # input visual features

alpha_xattn, # xattn gating parameter - init at @

alpha_dense, # ffw gating parameter - init at @

k=[] ¢
H QG

' L]

@ 1

e . y= * attention(q=y, kv=x)
d i
FF“ ' w2 Forward (dense) Layer

H
i y = y + tanh(alpha_dense) * ffw(y)
H
H
i # Regular self-attention + FFW on language

tanh gating
T

cross attention

y = y + frozen_attention(qay, kvsy)

y = y + frozen_ffu(y)

return y # output visually informed language features

S LY IR e aulvl .
Vision Language
input input

Figure 4: GATED XATTN-DENSE layers. To condition the LM on visual inputs, we insert new
cross-attention layers between existing pretrained and frozen LM layers. The keys and values in these
layers are obtained from the vision features while the queries are derived from the language inputs.
They are followed by dense feed-forward layers. These layers are gated so that the LM is kept intact
at initialization for improved stability and performance.

Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2204.14198

Loss function: autoregressive language models

Flamingo computes the likelihood of text y conditioned on the interleaved images and videos X.

plylx) = Hp(w <1, X<)

The training loss function was a weighted sum of expected negative log-likelihoods of generated
text across all 4 datasets, with A, being the training weight of dataset m.

M L
D MExy)~o— ) 1og ply|x)]
m=1 =1

Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2204.14198

Flamingo Training

While Flamingo isn't open-sourced, there are many open-source replications of Flamingo.

 IDEFICS (HuggingFace)
» mlfoundations/open_flamingo

Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)


https://arxiv.org/abs/2204.14198

CLIP vs. Flamingo

CLIP (2021)

Flamingo (2022)

Data

- WIT (WeblmageText): 400M
(image, text) pairs scraped from
the Internet.

500K queries
Up to 20K (image, text) per query

4 datasets:

- ALIGN: 1.8B (image, text) pairs. Avg. 12 tokens/text.
- LTIP (Long Text & Image Pairs): 312M pairs. Avg.

20.5 tokens/text.

- VTP (Video & Text Pairs): 27M (short video, text)
pairs. Avg. 22 seconds/video.

- M3W (MultiModal MassiveWeb): 43M webpages
with interleaved images and text. Up to 256 tokens
and 5 images per page.

Natural
language
supervisi
on for
vision
encoder

Text CBOW or text transformer (a BERT. It's only used to train the vision encoder and
encoder smaller version of GPT-2) discarded after.

Vision ResNet or Vision Transformer | NormalizerFree ResNet (NFNet). Once trained, it's
encoder (ViT) frozen before being used in Flamingo's main model.
Training - Text and image embeddings Same contrastive objectives as CLIP

are projected into a common
multimodal embedding space
using linear projections

- Text and image encoders are
jointly trained from scratch using
contrastive objectives.

Language model

X

- Chinchilla (9 layers)

- Perceiver Resampler maps from varying-sized
visual features to a fixed number of visual tokens
(64).

- GATED XATTN-DENSE layers are inserted
between Chinchilla LM layers to allow the LM to
attend to visual tokens when generating text tokens.
- Chinchilla is pretrained and frozen. Perceiver
Resampler and GATED XATTN-DENSE layers are
trained from scratch.

Flamingo: a Visual Language Model for Few-Shot Learning (DeepMind, April 29, 2022)



https://arxiv.org/abs/2204.14198

Multimodal LLMs

— Welcome to the Era of Large Language Models.

(Large) language models really improve the cognition-level abilities (e.g., reasoning and
planning), but it also needs perceiving multi-modal input.



Multimodal LLMs

LLa!

Visual chat wi

VA Chatbot

what is written? who could be interested in the content of the screenshot?

Recent Advances in Vision Foundation Models

CVPR2023

The screenshot displays a cityscape with a large city skyline and a sunset over a body of
water. The image also contains text, which says "recent advances in vision foundation
models." This content might be of interest to researchers, academics, or professionals in the
fields of computer vision, artificial intelligence, or urban planning, as they could be looking
to gain insights or stay updated on recent advancements in these areas. The combination of
the visually appealing cityscape and the technical information suggests that the image
might be related to a conference or a presentation on the topic.

Submit

th LMM. Generated by LLaVA: https://llava-vl.github.io/



https://llava-vl.github.io/

Preliminary Idea: Intelligence over Language

Emergent phenomena have extensively already occurred in language-based LLMs.

@ These LLMs now generally possess very powerful semantic understanding capabilities.

This also implies that language is a crucial modality for carrying intelligence.
(=]

language



Preliminary Idea: Language Intelligence as Pivot

Given this premise,
as the core decision-making module (i.e., the brain or central processor).

@ By adding additional external non-textual modality modules, LLMs are enabled with

multimodal abilities.
- Extend the capability boundary, next milestone towards more advanced intelligence

- More applications

(-]

visual W™K . i‘J smell
video % gﬂ”ﬂﬂ”ﬂg sound

1 l
3D e, touch

3D

language



Language for communication and also thought

“There is no reason to believe ... that
the "essential purpose” of language is
"communication”. Language can be
used to transmit information, but it

also serves many other purposes: to
establish relations among people, to
express or clarify thought, for play, for
creative mental activity, to gain
understanding, and so on. In my
opinion, there is no reason to accord
privileged status to one or the other of
these modes.”

~NOAM CHOMSKY

A recent perspective paper from Nature: Language is primarily a tool for communication rather than
thought. https://www.nature.com/articles/s41586-024-07522-w



An interesting question:

e Can Speech2speech models works generally without involving language/words!

Output Output
Lo . Speech
oo LLMs LLMs
Q.
g4 1 LLMs
52 X " .
g % \\Tl'a[]SCI'I[_)tIOH
£ 5 .1
= ~- .
Z 2 Acoustic
E ASR model encoder
1 T
Speech input Speech input

Some people argues that speech-to-speech is cool; but without language, it
probably cannot think (reason and plan)!



An interesting question:

e Can a speech2speech end2end model answer this question well?

Count from one to one hundred, pausing whenever you
encounter a prime number.

Output 1, 2 [pause], 3 [pause], 4, 5 [pause], 6, 7 [pause], 8, 9, 10, 11 [pause], 12, 13 [pause], 14, 15, 16, 17 [pause], 18, 19 [pause],
20, 21, 22, 23 [pause], 24, 25, 26, 27, 28, 29 [pause], 30, 31 [pause], 32, 33, 34, 35, 36, 37 [pause], 38, 39, 40, 41 [pause], 42, 43
[pause], 44, 45, 46, 47 [pause], 48, 49, 50, 51, 52, 53 [pause], 54, 55, 56, 57, 58, 59 [pause], 60, 61 [pause], 62, 63, 64, 65, 66, 67
[pause], 68, 69, 70, 71 [pause], 72, 73 [pause], 74, 75, 76, 77, 78, 79 [pause], 80, 81, 82, 83 [pause], 84, 85, 86, 87, 88, 89 [pause], 90,
91, 92, 93, 94, 95, 96, 97 [pause], 98, 99, 100

Without textual planning, speech2speech might not solve this problem.



Type-1: LLM as Discrete Scheduler/Controller

The role of the LLM is to receive textual signals and instruct textual commands to call downstream modules.

Key feature:

All message passing within the system, such as “multimodal encoder to the LLM” or “LLM to
downstream modules”, is facilitated through pure textual commands as the medium.

downstream @ downstream
module module

downstream ll downstream
/ module module

— o o o o o o o e o e

———\

Text

—

Text

\————————-




Type-I : LLM as Discrete Scheduler/Controller

Representative MLLMSs:

Visual-ChatGPT
HuggingGPT fmm e — - -

/

|
MM-REACT I downstream
ViperGPT Text LGS module module
AudioGPT :

downstream j downstream
LLaVA-Plus \ / module module
‘\ _____________

- e e e e e o o o =



Type-I : LLM as Discrete Scheduler/Controller

User Query

please generate a red

flower conditioned on
‘the predicted depth of
this image and then

A

(Visual Foundation Models)

Stable

Diftltan et

BLIP

@ Prompt | 4
Manager b | |
ChatGPT  ControINet Detection )
Iterative Reasoning Outputs
vy Here you are.
. —> What else
can | help
you?

{ (G)x ¥ HuggingGPT

Can you describe this picture and count how
many objects in the picture?

[ LLM as Controller

—_—————
A text can describe the given image: a herd of

giraffes and zebras grazing in a fields. In
addition, there are five detected objects as

giraffe with score 99.9%, zebra with score 99.7%, zebra
with 99.9%, giraffe with score 97.1% and zebra with
score 99.8%. The bounding boxes are shown in the
above image. | performed image classification, object
detection and image caption on this image. C i

~ HuggingFace

I Task L
Planing =

Prediction

Prediction

the predictions of /%
) 8 and ¥

models, | get the results for you.

R S R —

IV Response
;ul 1

~ facebook/
detr-resnet—lol_l
III Task Execution

= nlpconnet/
vit-gpt2-image-captioning

Quick to build (without training), flexible extension to many tool features

Information loss in text medium, the bottle-neck



Type-11: LLM as Joint Part of System

> 90% MLLMs belong to this category.
Higher upper-bound, better integrated into a unified model

i Image i
™
! ! Text é E
i Audio | :
! :
o[ - e
i Video :
! ! itv 1
: . hgzjjtli:f : Generator. @
: !

v

L LLM

|
- -- : MH-Attn
L Q 4Q 4K tV

[1] A Survey on Multimodal
Large Language Models.
https://github.com/BradyFU/
A wesome-Multimodal-
Large- Language-Models,
2023.

|
|
|
B <
R
|
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| 1
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1

—————————————
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https://github.com/BradyFU/Awesome-Multimodal-Large-Language-Models

Training LLMs

Architecture

Visual encoders or tokenizer
Multi-modal instruction tuning
Multi-stage training



Architecture of LLMS



LLaVA: Large Language-and-Vision Assistant

Language Response Xa . . ‘

Q Architecture
Language Model be
Projection W
.ro'Jectlon Z, H, f Hq
Vision Encoder X, Image Xq Language Instruction
U Two-stage Training

-Stage 1: Pre-training for Feature Alignment.
Only the projection matrix is updated, based on a subset of CC3M.
-Stage 2: Fine-tuning End-to-End. Both the projection matrix and LLM are updated
Visual Chat: Our generated multimodal instruction data for daily user-oriented applications.

Science QA: Multimodal reasoning dataset for the science domain.



Other Multimodal LLMs: Qwen-VL

Stage2:Multi-task Stage3: Supervised
Pretraining Finetuning

QwenLM ] [ QwenlLM &J [ QwenlLM dv}
[ f

Stagel: Pretraining

Learnable T I Learnable I I Learnable N
Query — CrossAttn (t Query — CrossAttn ft Query —+ CrossAttn (t
Embs f Embs f Embs T

ViT & ViT & ViT
@ Low Resolution @ High Resolution m High Resolution
Multi-task and Chat Interleaved

Image-Text Pairs Interleaved VL Data VL Data

Figure 3: The training pipeline of the Qwen-VL series.



Other Multimodal LLMs: CogVLM-Chat

A
Position ids for RoPE ﬁ """""" «—
[00000..123456..] I
T FFN FFN
| Text features

~——* Concat Image features I LayerNorm ]
[ Image feature sequence ]

MLP Adapter [ Text feature sequence ]

<
<

(" Muti-head Attention )

ViT encoder Word embedding ’ S|
0] ol [k| v
T OKV matrix OKV matrix
A.f ox is Sitting t 4 Text features
on the books. Image features ‘ [ LayerNorm J
Patchified images Paired Text R G ”””””””
(a) The input of visual language model (b) The visual expert built on the language model

Figure 3: The architecture of CogVLM. (a) The illustration about the input, where an image is processed by a
pretrained ViT and mapped into the same space as the text features. (b) The Transformer block in the language
model. The image features have a different QKV matrix and FFN. Only the purple parts are trainable.



Other Multimodal LLMs: Fuyu

(] [ (o] [ [pmsmmen ]

Input image

Fuyu

Transformer Decoder

N - EEE-r-EEE - ()]

48 ENB WF

Linear projection

Image patch



Visual encoders or tokenizer



Visual Encoder

CLIP-VIT is the most popular choice for vision-language models.

Providing image representations well aligned with text space.
Scale well with respect to parameters and data.
SigLIP is gaining increasing popularity (smaller and stronger)

©
N
=}

©
o
o

<
0o
o

EVA-CLIP
DFN5B-CLIP
OpenCLIP
InternVL-C

zero-shot accuracy (%)
~ ~
=y [=)}
o o

~
N
o

~
e
=}

1.0 1.3 2.5 5.0 8.0 14.018.0
model parameters (log-scale)



Visual Encoder

Limitations of existing pretrained ViTs:

Fixed low-resolution (224x224 or 336x336) in square shape

High-resolution perception is essential, especially for OCR capability!

Low resolution encoding misses fine-
grained visual details!




Visual Encoder

High-resolution Multimodal LLMs

Image slice-based: Split high-resolution images into slices

Representatives:

GPT-4V, LLaVA-NeXT, MiniCPM-V 2.0/2.5, LLaVA-UHD, mPLUG- DocOwl 1.5,
SPHINX, InternLM-XComposer2-4KHD, Monkey

LLM




Non-Visual Encoder

Audio:

Whisper
AudioCLIP
HUBERT
BEATs

3D Point:

Point-BERT

Sequence-to-sequence learning

Transformer
Encoder Blocks

Sinusoidal
Positional {: —)
Encoding A

—_

~

EN cmsai 0.0 | The quick rown ***

~
NS

2 x ConviD + GELU

cross attention

e

Log-Mel Spectrogram

A
next-token
prediction

Y

Y

Y

Transformer
Decoder Blocks

Learned
Positional
Encoding

SOT | EN T4ss| 0.0 | The |quick| -+

Tokens in Multitask Training Format



Unified Multimodal Encoder
ImageBind:
Embedding all modalities into a joint representation space of Image.
Well aligned modality representations can benefit LLM understanding

Images Videos Text Audio Depth Thermal IMU Emergent Alignment

w ‘,)) @ ))) Naturally Aligned M AGEBIND @
Web [mage Text -w Depth Sensor Data - @ Web Videos - ) ]

Thermal Data Egocentric Videos - ))) u E
- \

Sheep basking in the sun

[1] ImageBind: One Embedding Space To Bind Them All. 2023



Unified Multimodal Encoder
LanguageBind:
Embedding all modalities into a joint representation space of Language.
Well aligned modality representations can benefit LLM understanding

Contrastive Multi-modal Joint Learning
Learning
T \ Language
i — . .. H—N—I Binding
1 T 4 1
I I
Text Video ' Infrared ' Depth ' Audio ' ...... '
[ﬁEncoderJ {ﬁﬁncoder :I ‘h [ﬁEncoder ] “M [[E]Encoder ‘W ﬁlEncoder "" IﬁEm:oder ‘!A’ —
o
[ 1 1 s i 1 Fine-tuning
1 1 1 1 t e
1 4 4 1 Masking
l Tokenizer l [ Patch Embeddmg
; 7
P =8 ™ A Modality
4 - 2e * """ Extending
_ oue
Video [_X| Infrared @ Depth @ Audio {3 N-th modality
Language Encoder Multi-modal Encoders El itiglized  F LoRA & Trainable (3 Frozen

[1] LanguageBind: Extending Video-Language Pretraining to N-modality by Language-based Semantic Alignment. 2023




“It was the night---
silent night, whence ...”

speeci music
de-tokenize T e-tokenize

<sos> @ Speechtokens <eos> Texttokens  <soi> 7 Imagetokens <eoi> <som> @ Musictokens <eom>

Tokenization o
1

speech T image music
tokenizer wate tokenizer tokenizer

N jize

Q2 ~ »
Y g
speech imag music

Represent multimodal signals as discrete tokens in a codebook

Advantages: support unified multimodal signal understanding and generation in an auto-regressive next-token
prediction framework

[1] AnyGPT: Unified Multimodal LLM with Discrete Sequence Modeling. 2023



Tokenization

® Methods to Connect Multimodal Representation with LLM
Projecting multimodal (e.g., image) representations into LLM semantic space
Q-Former: BLIP-2, InstructBLIP, VisCPM, VisualGLM

g mmmmmm— ==

Linear projection: LLaVA, MiniGPT-4, NExT-GPT

Two-layer MLP: LLaVA-1.5/NeXT, CogVLM, DeepSeek-VL, Yi-VL

Perceiver Resampler: Flamingo, Qwen-VL, MiniCPM-V, LLaVA-UHD

C-Abstractor: HoneyBee, MM1 40 4K 4V

—————————————

____________



Instruction Tuning in Multi-modal LLM



Recap on Language Modeling

@OpenAI GPT-2 ——» GPT-3 " ChatGPT ; GPT-4

InstructGPT
What's new? In-context-learning In-context-learning In-context-learning
Chain-of-thoughts (CoT) Chain-of-thoughts (CoT) Chain-of-thoughts (CoT)
Instruction-Following Instruction-Following

Multimodal Input with image

Multimodal CLIP

Space Flamingo | —— Multimodal GPT-4




Instruction Tuning in LLM

Input —»  Output

Hello, Viancouver A, imEtE
CVPR is the premier annual computer vision event CVPR: top computer
comprising the main conference and several co-located vision event, single-
h d short . Thi - CVPR will be :
workshops and short courses. This year, Wi track, accessible to all,

single track such that everyone (with full passport
registration) can attend everything.

+ Taskinstructions are implicit.
+ Individual models are trained, or multi-tasking without specifying the instructions
» Hard to generalize to new tasks in zero-shot



Instruction Tuning in LLM

ChatGPT

e Sl InstructGPT

@OpenAI

What’s new? In-context-learning In-context-learning
Chain-of-thoughts (CoT) Chain-of-thoughts (CoT)
Instruction-Following
Vicuna
Open Source GPT4-Alpaca Tul
2 u
Community \

m

—  » GPT4

In-context-learning
Chain-of-thoughts (CoT)
Instruction-Following
Multimodal Input witth image:



Instruction Tuning in LLM

LLaMA Alpaca Vicuna  |GPT4-Alpaca Tulu
@*/
Data Source GPT-3.5 ShareGPT GPT-4 ah Mixed
(Human & GPT) (text-only) Data
Instruction-
following None 52K 500K . 52K
D ata (#TU n S) (~150K conversions)

Self-Instruct with Strong Teacher LLMs & Mixed Human Data



Instruction Tuning in Multimodal LLM

Visual Instruction Tuning with GPT4 https://llava-vl.github.io/

Haotian Liu*, Chunyuan Li*, Qingyang VMiYong Jae Lee (* Equal contribution)
Selfdnstruct with Strong Teacher LLMs But No Teacher is available on multiGPT4?
LLaVA

m

GPT4
(text-only)

+ 158K multimodal instruction following data
(First & High Quality)

—» Multimodal Chatbot



GPT-assisted Visual Instruction Data Generation

 Rich Symbolic Representations of Images
* In-context-learning with afew manual examples

—  Text-only GPT4

Context type 1: Captions

A group of people standing outside of a black vehicle with various luggage.
Luggage surrounds a vehicle in an underground parking arca

People try to fit all of their luggage in an SUV.

The sport utility vehicle is parked in the public garage, being packed for a trip
Some people with luggage near a van that is transporting it.

Context type 2: Boxes

person: [0.681, 0.242, (.774, 0.694], person: [0.63, 0.222, 0.686, 0.516], person: [0.444, (0.233,

0.487, 0.34], backpack: [0.384, 0.696, 0.485, 0.914], backpack: [0.755, 0.413, 0.846, 0.692],
suitcase: [0.758, 0.413, 0.845, 0.69], suitcase: [0.1, 0.497, 0.173, 0.579], bicycle: [0.282, 0.363,
0.327, 0.442], car: [0.786, 0.25, (0.848, 0.322], car: [0.783, 0.27, 0.827, 0.335], car: [0.86, 0.254,
0.891, 0.3], car: [0.261, 0.101, 0.787, 0.626]




MLLM Instruction Tuning Framework

Data Construction Visual Instruction Tuning
Framework Example: LLaVA-1.5

Data Adaptation Visual Instruction-following data language model (Vicuna v1.5 138B)

o I
— vision-language connector (MLP) tokenizer &
. Question: Describe the image concisely
Self-Instruction Answer: There is a calico cat in the

embedding
picture. The cat is lying on the table and
wearing a pair of black sunglasses

vision encoder (CLIP ViT-L/336px)

User: what is

unusual about
this image?

Data Mixture




Multi-stage training in Multimodal LLMs



Training Data

Image-text paired data (i.e. captions)

Visual instruction tuning data (Visual QA)

Generating captions, complex instructions and answers for LAION

Detailed Caption

The image shows a bustling road in a
countryside. In the image, there are ...
Complex Instruction

‘What chall ‘may the woman face?
Detailed Answer

The woman might face difficulty when

she meets the van moving towards her
in such a narrow road.

I I
—9

(gt d

Vision FLAN Instruction This image depicts a peaceful scene of a
Your task involves analyzi i 0 by
yzing an image of a
scene and identifying the appropriate name for (Detailed Answer |
that particular scene.

The appropriate name for this particular
Instruction for GPT-4V
Generate a detailed caption based on the
image. Then answer the question in detail.

Instruction for GPT-4V
Generate a detailed caption based on
the image. Then generate a complex
instruction based on the image and a
detailed answer to that question.

—

scene would be "balcony.” The setting ...

Generating captions and detailed answers for Vision-FLAN

Figure 1: Pipeline for scaling up high-quality data. Prompts in the figure are shown for demonstration
purpose. See the detailed prompt in Appendix A.2 and A.3.

Guiming Hardy Chen, Shunian Chen, Ruifei Zhang, Junying Chen, Xiangbo Wu, Zhiyi Zhang, Zhihong Chen, Jianquan Li, Xiang Wan, Benyou
Wang. ALLaVA: Harnessing GPT4V-synthesized Data for A Lite Vision-Language Model. https://arxiv.org/abs/2402.11684



https://arxiv.org/abs/2402.11684

Pretraining Alignment Data (i.e. image caption)

Young children standing on a platform waiting for a train to arrive.
Adults and children watching a train slowly leave. _ i R
A family near a railroad track watching the train pass. Coarse gain ed Im age text
People waiting on a platform as a train pulls up.
A train station with a green chain on the tracks and children waiting for it to go by.

At a train station, a group of people, including both young children and adults, are
standing on a platform waiting for a train to arrive. The train is already present on the

tracks, partially visible on the right side of the image. Some of the people watch the train .
closely, while others seem to be patiently anticipating its departure. Co arse-gain ed Im age-text

There is a total of eight individuals waiting for the train, with one child in the middle of
the platform and the others scattered around. A backpack can be found on the far left
side of the platform, suggesting that someone may have set it down while waiting.

=
ShareGPT4V: The image captures a moment at a train station. A green train is on the
tracks, moving away from the platform labeled "Platform 2". The train's motion is observed
by people standing on the platform, their attention drawn to the departing vehicle.

A red signal stands on the tracks, its vibrant color contrasting with the green of the train.
Signs are prominently displayed around the platform. One warns “"Beware of Trains", a
cautionary reminder of the powerful machines that frequent these tracks. Another sign ; _ ; _

advises "Please Use The Footbridge To Cross The Line. If You Require Assistance Please Fine g al nEd Image text
Ask The Station Staff", guiding passengers to safely navigate the station.

The sky above is a clear blue, providing a serene backdrop to the bustling activity of the
station. In the distance, frees can be seen, adding a touch of nature to this man-made
setting. The image is a snapshot of everyday life at a train station, capturing both its
routine operations and its inherent charm. )

[1] ShareGPT4V: Improving Large Multi-Modal Models with Better Captions. 2023.



Pretraining Alignment Data (i.e. image caption)

o Coarse-gained Image-text
Data volume is large, the OO ISV [ CeernedInaseTe
Fine-gained Image-Text e

High quality, longer and more ShareGPT4V-PT 1.2M Fine-grained Image-Text
accurate descriptions, fine-

gained alignment between LVIS-Instruct4Vv 1M1k Fine-grained Image-Text

different modalities. ALLaVA 709k Fine-grained Image-Text
MSR-VTT 200k Video-Text
WavCaps 24k Audio-Text

MMC-Instruction 600k Chart-Text



Instruction Tuning Data (visual QA)

Dataset

LLaVA-Instruct-158k

LRV-Instruction
MMC-Instruction
Clotho-Detail
MACAW-LLM
MIMIC-IT

StableLLaVA

LAMM

VIGC-LLaVA

ALLaVA-4V

Size
158k
400k
600k
3.9k
119k
2.8M

126k
196k

1.8M

1.3M

Modalities

Image, Text
Image, Text
Chart, Text
Text, Audio
Image, Video, Text
Image, Video, Text

Image, Text

Image, PointCloud,
Text

Image, Text

Image, Text

Constructions

ChatGPT-generated
GPT4-generated
GPT4-generated/adapted
GPT4-generated
GPT-3.5-turbo-generated
ChatGPT-generated

StableDiffusion & ChatGPT-
generated

GPT4-generated

Model-generated

GPT-4V

36



The Typical Training Paradigm

Stagel: Pretraining Stage Stage2: Instruction Tuning Stage

Align different modalities, provide world knowledge Teach models to better understand the instructions
from users and fulfill the demanded tasks.

Language Response

OOOoOoOonOon p Language Response
i & Ooooooo
Large Language Model :
Large Language Model
'DDDDDDD EIDEIEIEIEIEI'

_________________ 'DDDDDDD DDDDDDD'
[ Adapter ] Word Embedding space | N/ s

Adapter Word Embedding Space

[ Vision Encoder ]

Vision Encoder

II

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on
the table......

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on
the table......

Language Instruction

Language Instruction




Training Paradigms
(3" Training paradigms of popular multimodal large language models.

Frozen ¢} Trainable ¥ TextData ¥ i[= Multi-Modal Data

() (b) (c) (d)

(& 0 ) D
{ LLM ‘ LLM ] ‘ LLM [ LLM ] ‘ LLM ‘ LLM ¢ ‘ { LLM } { LLM ]
Stage 1 Stage2 | Stage 1 Stage 2 , Stage 1 Stage2 ;, Stage 1 Stage 2
&5 &8 | ®&.m ! &) | (& ‘ &5, &.F T &R,
Visual Visual Visual Visual Visual Visual » Visual \ Visual
Encoder Encoder Encoder Encoder Encoder Encoder Encoder Encoder
MiniGPT4 Kosmos-1 LLaVA mPLUG-OwI

1 mPLUG-OwIl: Language Models with Multimodality. 2023.

Visual Instruction Tuning. NeurlPS 2023.

3 MINIGPT-4: ENHANCING VISION-LANGUAGE UNDERSTANDING WITH ADVANCED LARGE
LANGUAGE MODELS. 2023.

4 Language Is Not All You Need: Aligning Perception with Language Models. 2023.

N



Pretraining Paradigms

Stagel: Pretraining Stage

Align different modalities, provide world knowledge

StageZ2: Instruction Tuning Stage
Teach models to better understand the

instructions from users and fulfill the demanded

Language Response

DDEII%IDDEI

Large Language Model

'I:IEIEIEIEIDEI I:II:IEIEIEIEID'

[ Adapter ] Nord Embedding Space

[ Vision Encoder ]

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on
the table......

Language Instruction

tasks.
O S]aaTaTs(s[=
Large Language Model
CeEEFEEENNCECLELE
Adapter Word Embe(;ding Space

Vision Encoder

”I[

Question: Describe the image
concisely

Answer: There is a calico cat in
the picture. The cat is lying on
the table......

Language Instruction




Research Directions for Multimodal LMMs



(1) Efficient multimodal MLLMs:

e  Projection (see Fuyu) or token reductions [1]
e LLaMA-Adapter VV2: Parameter-Efficient Visual Instruction Model
e Cheap and Quick: Efficient Vision-Language Instruction Tuning for Large Language Models

I\P::Ix:\.pt Adapter s Layers x1. ; —
Image | | Visual
0 MB D D I:I Encoder | Adapter, LEM
& -G Late Fusion
ES : 26 : -_‘Q.-ﬁ_-&
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* QLoRA: Efficient Finetuning of Quantized LLMs

Finetuning 65B LLaMA for 24 hours on a single GPU, reaching 99.3% of the performance level of ChatGPT

1] Dingjie Song, Wenjun Wang, Shunian Chen, Xidong Wang, Michael X. Guan, Benyou Wang. Less is More: A Simple yet Effective Token Reduction Method for Efficient Multi
modal LLMs. COLING 2025. https://aclanthology.org/2025.coling-main.508/



(2) Generating multimodal outputs (vison, action, etc.)

Generating Images with Multimodal Language Models (Koh et al., Jun 2023) is an awesome paper that shows how LMMs can
generate and retrieve images together with generating texts.

[JUuser prompts [_]Retrieved [_| Generated

| am thinking of an animal. It is brown | am thinking of an animal. It is brown | am thinking of an animal. It is brown
and furry, and has a tail. What is it? & and furry, and has a tail. What is it? & and furry, and has a tail. What is it? &
@ Asquirrel. @ Asquirrel. @ Asaquirrel.
No, the animal | am thinking of No, the animal | am thinking of No, the animal | am thinking of
lives in the river. 2 lives in the river. 2 lives in the river. 2
@& Abeaver. @ Abeaver. & Abeaver.
Show me an illustration of a beaver & Show me an illustration of a beaver & Show me an illustration of a beaver &
A beaver. A beaver. A beaver.
8 ] ]
Yes, what about a pencil drawing of one? & Yes, what about a pencil drawing of one? & Yes, what about a pencil drawing of one? &
- -
What about a comic illustration of one? & 2
- -]
Ours FROMAGe Stable Diffusion
Retrieval and generation multimodal LM. Retrieval only multimodal language Generation only text-to-image model.
Decides when to retrieve or generate. model. Image outputs limited to the Less sensitive to longer text inputs

candidate retrieval set. (such as dialogue).

Figure 1: Our model is capable of generating text, retrieving images, generating novel images, and
interleaving results into coherent multimodal dialogue.



(3) Vertical Applications (e.g. medical applications)

e  PathAsst: Redefining Pathology through Generative Foundation Al Assistant for Pathology
e PMC-VQA: Visual Instruction Tuning for Medical Visual Question Answering
e LLaVA-Med: Training a Large Language-and-Vision Assistant for Biomedicine in One Day

O Medical Visual Chat

O Medical VQA
o VQA-Radiology
o SLAKE
o Pathology-VQA

Medical Concept Alignment  Medical Instruction Tuning
—= —— =
7 Hours 8 Hours

1 epoch on 600K samples 3 epochs on 60K samples

User What is this image about? User What is this image aboit?
LLaVA-Med  The image is a coronal view of a computed tomography (CT) scan of the abdomen and =ty R s N 3 Vi ; S 2
fges: H 2 2 pt 2 ribus : LLaVA The image is a medical illustration showing a person’s internal anatomy, especially focusing

pelvis. It provides a detailed view of the internal organs and structures within the abdominal oS % 5 8 ; 2 e =
and pelvic cavities - on their large and small intestines, stomach, liver and Kidneys. The organs are highlighted

User What is ‘|bnom1*ll. z;bou\ this image? in difTerent colors, making it easy to identily each organ

LLaVA-Med The abnormality in this image is the presence of a large left-sided pelvic mass. This mass User What 13 abnormal about this image? . o ’
could be due to various.reasons; such as a tumor. cyst. or othet growth. Futther evaluation LLaVA As a visual Al assistant, I cannot determine the specific abnormality on the chest X-ray
and tests would be needed to determine the exact cause and ;lp;;mpri;uc (reatment for this based on the provided image description. The image description mainly focuses on the

abnormality. organs and their colors...




# Training samples (Millions)

(4) Evaluations

e  Evaluating Object Hallucination in Large Vision-Language Models
e  On Evaluating Adversarial Robustness of Large Vision-Language Models
e  On the Hidden Mystery of OCR in Large Multimodal Models
e LAMM: Language-Assisted Multi-Modal Instruction-Tuning Dataset, Framework, and Benchmark
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OCR OCR + Reasoning
10° 4 Instruction-following data ERAERL
102 ] 129.0M Image-text pairs BLIP-2 OPT(;_T], 62.12 7.31 o
s om BLIP-2 FlanT5xx,  63.74  13.59 g
101 5.0m OpenFlamingo 56.68  11.28 L
100 0,595 LLaVA 5330  10.37 p—
s MiniGPT4 40.12 7.82
mPLUG-Owl 61.79 16.03
10724 158.0K 3.5 400.0K Supervised-SoTA 84.83 12,75 Q: What is the cheapest fruit?
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(5) Incorporating more data modalities

Today, most multimodal systems work with text and images. It’s only a matter of time before we need systems that can incorporate
other modalities such as videos, music, and 3D. Wouldn’t it be amazing to have one shared embedding space for ALL data
modalities?

1) Cross-Modal Retrieval

Audio Images & Videos Text
“A fire crackles while a pan of food is frying on
’)) the fire.”
“Fire is crackling then wind starts blowing.”
Crackle of a Fire “Firewood crackles then music...”
> “A baby is crying while a toddler is laughing.”
’)) . e . “A baby is laughing while an adult is laughing.”
Baby Cooing — = “A baby laughs and something...”

Figure 1. IMAGEBIND’s joint embedding space enables novel multimodal capabilities. By aligning six modalities’ embedding into a
common space, IMAGEBIND enables: 1) Cross-Modal Retrieval, which shows emergent alignment of modalities such as audio, depth or
text, that aren’t observed together. 2) Adding embeddings from different modalities naturally composes their semantics. And 3) Audio-to-
Image generation, by using our audio embeddings with a pre-trained DALLE-2 [61] decoder designed to work with CLIP text embeddings.



(6) Large vision models using next-frame prediction

Prompts Generated Prompts Generated
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Frame predictions. LVM predicts the next frame (marked in red) given previous video frames as prompt. The
results reveal the LVM can predict the video frames while considering dynamic objects and camera motion.
https://yutongbai.com/lvm.htmi



(7) Unify multi-modal understanding and generation
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Xinjie Zhang, Jintao Guo, Shanshan Zhao, Minghao Fu, Lunhao Duan, Jiakui Hu, Yong Xien Chng, Guo-Hua Wang, Qing-Guo Chen, Zhao
Xu, Weihua Luo, Kaifu Zhang. Unified Multimodal Understanding and Generation Models: Advances, Challenges, and Opportunities.



Applications of multi-modality generations
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Janus

(b) Text-Image to Image

o P L L T L P

(a) Text to Image

10% chance of masking during training. 50% chance of masking during training.

d : Stitching
Sflfchmg ” L nﬁl !E : Imag: Token OU"‘PUT T
f Image Token output
! Large Language Model
Large Language Model E r—— 4 mage Token AText Token
4 Text Token | Image Encoder ....... “Convert to Ghibli style.”
“Generate a oak stool photo.” ! 4 A

Junying Chen, Zhenyang Cai, Pengcheng Chen, Shunian Chen, Ke Ji, Xidong Wang, Yunjin Yang, Benyou Wang. ShareGPT-40-Image:
Aligning Multimodal Models with GPT-40-Level Image Generation.



Medical Sora: Towards a Medical World Simulator

medical care

gt

Operation Medical Popularization Medical Scenario

A medical world simulator offers immense application potential.



Micro world simulator

Alveoli Demonstration

Rongsheng Wang, Minghao Wu, Hongru Zhou, Zhihan Yu, Zhenyang Cai, Junying Chen, Benyou Wang. MicroVerse: A Preliminary Exploration
Toward a Micro-World Simulation.



Edge-device Multi-modal LLMs



MLLMs for Edge devices
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A naive demo

MLLMs running on edge devices



Final remarks from multi-modal interactions



The necessity to Multi-modal LLLs

e Speech is more convenient for interaction;
o See HuatuoGPT applications

e Video is language-agnostic
o We could also enjoy the fun from TikTok in India without language barrier

e Data with other modality needs a language interface to interact;
o Draw with language interface-based Al tools



Adobe Firefly turns Photoshop into effortless Al image generator
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Describe what you would like to generate C‘; Gonerate

https://www.cultofmac.com/news/adobe-firefly-photoshop-ai-image-generator



Final conclusion of this course

Agent (generated)

Hope it could finally pass tuning test in a video interaction !



Final projects

e Starbuck time every noon next week.
o Tentative time: 12:30 -13:00 pm from 24-25 Dec.
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AIMO 3 is coming

© Al|MO - FEATURED CODE COMPETITION - 5 MONTHS TO GO

Al Mathematical Olympiad - Progress Prize 3

Solve international-level math challenges using artificial intelligence models

Overview Data Code Models Discussion Leaderboard Rules

Overview

The goal of this competition is to create open-source algorithms and models that can solve clympiad-level math
problems written in LaTeX format. Your participation will help to advance Al models’ mathematical reasoning skills and
drive frontier knowledge.

Start Close
15 hours ago 5 months to go
I'e S

Merger & Entry

Join Competition

Competition Host
AllMo

Prizes & Awards
$2,207152 @
Awards Points & Meda!

Participation
1,953 Entrants

15 Participants
15 Teams

15 Submissions

Contact me if you want to work on it — (full-time in five months)

https://www.kaggle.com/competitions/ai-mathematical-olympiad-progress-prize-3
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