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Introduction: Course Plan MLLMs
Day 1 Day 3 Day 5
Image modality Data generation “Hfh 3D models
in MLLMs

Day 2
Video modality

Day 4
Action modality
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Join the Chat! MLLMs

Please join the chat with lecture slides and jupyter notebooks




Lecture Plan

| Idea of Multimodality

2 Benchmarks: Static and Dynamic (Arena)

3 Classification of Multimodal Models:
Deep & Early Fusion

Do not
| the plan

4 Explore code & architecture of the most
vivid exemplars
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Idea of Multlmodahty MLLMs

> Use world knowledge > Explore various y Boost quality of models
and reasoning from applications that emerge using patterns in
LLMs at the intersection of multimodal data  that don't
the modalities exist in unimodal data
visual A —— — i ., smell
- —— — sound
o B9 [
1 ==

3D . —
'/.m‘\‘ lanquage — touch



2.1

Benchmarks

Static benchmarks used to
validate developed models
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Static Benchmarks: Al2D (2016) MLLMs

Al2 Diagrams (Al2D)

Food Web

e diagram parse graphs are available

lountain Tion R
~ .

e 15k multiple choice questions for 5k

schoolgrade diagrams

F 1 Yy
Western Consuriters

whiptail
A Black tipped
21 I iockrug it K

e cvaluation metric: accuracy BIObi
e prompt the model accurately to \ o | P % —
. nuthatch Pka @ direasied | Pocific  Edith's [Douglas's s o
obtain well formatted answer - | i ok SIS e

Intraobject Linkage

N

5. [Plants, Flowers, Producers
£ |Nuts, Seeds, Fruit, ;:f .
Insects SSSPOSSES)

[Tree

From the above food web diagram, what willlead to an increase in
the population of deer? a) increase in lion; b) decrease in plants;c)
decrease in lion; d) increase in pika

Kembhavi et al. A Diagram Is Worth A Dozen Images. ECCV 2016



Static Benchmarks: GQA (2019)

General Question Answering

e (questions generated e 22.6M questions e cvaluation metric:
using scene graph of for 113k images accuracy (one-word
images answers)

Pattern: What|Which <type> [do you think] <is> <dobject>, <attr> or <decoy>?
Program: Select: <dobject> — Choose <type>: <attr>|<decoy>
Reference: The food on the red object left of the small girl that is holding a hamburger

Decoy: brown

is holding a hamburger, yellow or brown?

Select: hamburger — Relate: girl,holding — Filter size: small — Relate: object,

left — Filter color: red — Relate: food,on — Choose color: yellow | brown

Hudson et al. GQA: A New Dataset for Real -World Visual Reasoning and Compositional Question Answering. CVPR 2019

Lecture #1
Introduction to
MLLMs

e can created

balanced dataset

f"‘-”. -

g on
What color is the food on the red object left of the small girl that ‘ X n@/’
rer
small

holding

\

-



Static Benchmarks: MMMU (2024)

Massive Multi -discipline Multimodal Understanding benchmark

e 115k questions from 6 °
university disciplines

Art & Design

Business

answers are extracted °
using regexp

Lecture #1 8
Introduction to
MLLMs

evaluation metric:

accuracy

Science

Question: Among the following harmonic intervals, | Question: ...The graph shown is compiled from data Question: <image 1> The region bounded by the
collected by Gallup <image 1>. Find the probability | graph as shown above. Choose an integral

which one is constructed incorrectly?

Options: é - I
(A) Major third <image 1> -1"77 —
(B) Diminished fifth <image 2>

(C) Minor seventh <image 3> S —
(D) Diminished sixth <image 4> 2 1

Subject: Music; Subfield: Music;
Image Type: Sheet Music;
Difficulty: Medium

Yue et al. MMMU: A Massive Multi

that the selected Emotional Health Index Score i 15
between 80.5 and 82?7 =

Options:

(A)0 (B) 0.2142 }- ———
(©)0.3571 (D)05 —

Subject: Marketing; Subfield: Market
Research; Image Type: Plots and Charts;
Difficulty: Medium

expression that can be used to ﬁnd the area uf R.
Options:

(A) [l () - g(0)ldx
() [, *[9(x) - f(x)]dx
© [21f () - g))dx
(D) J;[g(x) — x(x))dx
Subject: Math; Subfield: Calculus;

Image Type: Mathematical Notations;
Difficulty: Easy

-discipline Multimodal Understanding and Reasoning Benchmark for Expert AGl. CVPR 2024

Health & Medicine

Question: You are shown subtraction <image 1>,
T2 weighted <image 2> and T1 weighted axial
<image 3> from a screening breast MRI. What is the
etiology of the finding in the left breast?

Options:

(A) Susceptibility artifact !.
(B) Hematoma

(C) Fat necrosis (D) Silicone granuloma

Subject: Clinical Medicine; Subfield: Clinical
Radiology; Image Type: Body Scans: MRI, CT.;
Difficulty: Hard
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Static Benchmarks: TextVQA (2019) MLLMs

e textrecognition on an existing
VQA dataset

e 45k questions for 28k images

B

. (a) Question: which processor (b) Question: which brand are the
o 10 answers per que stion Brand is featured on the top left? crayons?
Answer: intel Answer: crayola

e cvaluation metric: VQA accuracy
(100% correct if 3 humans
provided that answer)

(c) Question: what is the name of the (d) Question: what is the license
bose speaker style in these boxes? number?
Answer: freestyle Answer: cu58 ckk

Singh et al. Towards VQA Models That Can Read. CVPR 2019
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Static Benchmarks: WACV (2021)

e 50k questions for 12k images

e documents mostly from 1960 —2000

e industries:tobacco, food, drug,
chemical, fossil fuel

(ﬂ croy 4 Fe»:;ic:{ n S qaf Cc- :
J,‘:_\JG ﬁL,‘(J\”) C(;ll'\ .

e evaluation metrics: foa0

o Average Normalized

Q: Mention the ZIP code written?
A: 80202

Q: What date is seen on the seal at the top of the letter?
o Accuracy A: 23 sep 1970

Q: Which company address is mentioned on the letter?

A: Great western sugar Co.

Levenshtein Similarity



2.2

Benchmarks

Dynamic benchmarks:
Arena for multimodal
models
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Dynamic Benchmarks: WildVision Arena MLLMs
._ Rules Howto Tell WhenFishis Done crr-4o N0 oo 1235 .
o Chatwithtwo ) What English ore.— ol Model Evaluation System:
anonymous models words are on opusi s> opus/ 1100
o Continue to chat until the lower YivL-pLus I 55 vi.vi-pLUS I 1061
you identify a winner right side of Uava-3acillls1  Geimini-Proffilill 1061 ° T m l T 1
o Vote for the better the fish meat? S::?:l:=750 LLa\::::i=fgf: wo 0 d ¢Is prov d ©
one with reason . GLT;;:IlP;;E;: Co::;:gllgolzs answers tO users on
b DeepseekVLIIN 33 LLavA-78[Jlll 992 .
BopenAl Gemini (REka ¥Claude  01.Al ‘Zogvmgu S the same question
. LLaVA-7B[IT|26 Idefics2: 965
&deepseek ’ LAVIS x LLaVA @ Qwen-VL ldeﬁcszgﬁ LLaVA~1355955
QwenVLChat[j17 dwenVLChat{ {930 .
LLaVA1.5] |14 Bunny 921 [ J Be St re Sp onsce 18
Model A Model B Bunnyfll12 MinicPMll910
On the lower right side of the The English word on the lower Toytiavas srEamE e selected thro ug h
cooked fish, the word right side of the fish meat is UFormf]7 InstructBLIP[|862 .
"Opaque" is labeled. ' i 3 "Opaque.“ InstructBLIP| 5 UForm]827 Comp arison
WildVision Wildvision
Bench Arena . .
e Elorating system s

Reason Both Model A and Model B answer correctly regarding the text.
’ AZYEUEY 0.94 0.86 0.79 0.79 0.77
' compiled (similar to

Vote A is Better B is Better Tie Both are bad
i X \N) \
a o W W e W°
WVArena Elo Ratings 6.7 Submit N) ) h k
Y Correlation w. WVArena Leaderboard cness ran ll’lg S)

Model A: Claude-3-Sonnet, Model B: GPT-4V

Yujie Lu et al. WildVision: Evaluating Vision -Language Models in the Wild with Human Preferences. NeurlPS 2024.



Dynamic Benchmarks: WildVision Arena

" Rules o T
o Chat with two £ . What English
anonymous models words are on
o Continue to chat until the lower
right side of

you identify a winner
o Vote for the better
one with reason

BopenAl Gemini (REka ¥Claude  01.Al
& deepseel ’ LAVIS A LLavA Qwen-VL

Model B
The English word on the lower
right side of the fish meat is
L "Opaque."

the fish meat?

Model A
On the lower right side of the
cooked fish, the word
"Opaque" is labeled.

Reason Both Model A and Model B answer correctly regarding the text.

Vote A is Better B is Better L Tie [ Both are bad

Model A: Claude-3-Sonnet, Model B: GPT-4V WV Arena Elo Ratings 02"' Submit

Yujie Lu et al. WildVision: Evaluating Vision

cpT-40 I s°
GPT-4VI] 80
Reka 64
opus|IN 2
vi-vL-pLus I 55
LtavA-34s [ 51
sonnet[ 50
Haiku[ll 37
Geimini-profJll 35
LLavA- 13833
DeepseekVLIIN 33
cogviMill31
LLavA-78[ll26
Idefics2[l 23
QwenvLChatfl]17
LLaVA1.5] |14
Bunnyflj12
MinicPM[]11
TinyLLaVA[|8
UForm[]7
InstructBLIP|S

WildVision
Bench

cpT-40 I 1 235
GPT-4vII1132
Rekall]1107
opus|llll 1100
YivL-PLUS [ 1061
Geimini-ProfJlll 1061
LLavA-34B [l 1059
sonnetjiill 1044
cogvLMlll 1016
Haiku[lll] 1002
LLavA-78[Jlll 992
deepseekVL 979
Idefics2[l|965
LLavA-138[ll956
ywenVLChat[l]930
Bunny:‘ 921
Minicpmlilo10
LLaVAL.5_|891
TinyLLaVA_|879
InstructBLIP[] 862
UForm]827

WildvVision
Arena

[AY{1EY 0.94 0.86 0.79 0.79 0.77

w®

Correlation w. WVArena Leaderboard

o \m‘\"\\)\r\\’\"“a‘ w°

-Language Models in the Wild with Human Preferences. NeurlPS 2024.
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Leaderboard data from
May 2024 (pre-NeurIPS
submission)

Closed/ proprietary
models listed first,
followed by open-source

models

Elo ratings show strong
correlation with MMMU
benchmark scores



Wild Vision Arena: Ul

X Arena

3 WildVision Arena < : Benchmarking Multimodal LLMs in the Wild

by WildVision Team @ AI2 + UCSB + UWaterloo

© Your data will be logged for research purposes. Please do not include any confidential, personal, or other sensitive information. ©

2 Expand to see all active models.

“# Choose models to sample from

+ gemini-i5flash-latest | v llavav16:34b | v llavavievicuna7b | v MinicPmv | cogvim-chathf | + Qwen-Vi-Chat
v uform-gen2-qwen-500m I v tiny-llava-vi-hf | v Bunny-vi.038 | v claude-3-0pus-20240229 | v claude-3-sonnet-20240229 f§ v claude-3-haiku-20240307

" ceepeett ot e

Image

Yujie Lu et al. WildVision: Evaluating Vision

Clear

Model A

Given my horse's location on this map, what is
the quickest route to reach it?

Based on the map, your current location is
marked by the pin/stamp icon at Lookout
Landing. The quickest route to reach your horse,
which is marked with a horse icon at Rito Village,
would be to head northwest along the
roads/paths shown on the map. It looks like you'll
need to traverse the area labeled "Tabantha
Frontier" to get from your current spot to Rito
Village where your horse is located. The exact
path is a bit unclear from this zoomed out view,
but generally heading northwest from Lookout
Landing should get you to your horse's position
at Rito Village by the most direct route possible
given the geography shown.

Model B

Given my horse's location on this map, what is
the quickest route to reach it?

I'm sorry, but | don't have access to your specific
map or location information. Could you please
provide more context or details so | can assist
you better?

Lecture #1
Introduction to
MLLMs

Utilize Al arenas for free access to
language models

No VPN required —direct access
to GPT or Claude services

Unclear which specific Al modelis
being used in conversations

Cost-effective solution for
accessing premium Al capabilities

-Language Models in the Wild with Human Preferences. NeurlPS 2024.
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Wild Vision Arena : Details

e 8krounds + matrices with °

visualization showing which models
lost more to whom

Lecture #1
Introduction to
MLLMs

Questions can be quite general —need
checking specialized knowledge (statistical

benchmarks, domain specialists)

Gg,
Dy, Gy Q)
o N Pro 81,0y, My

U 0L S S S
o "I /‘95‘/5 © ‘/s[‘?qe /S'On Cﬁ@t Cbetp/h‘k

250
GPT-40 O . 3 B 11 22 1 7 9

GPT-4V. 0 55 pEEl 252 NGB} 84. 200

Text Recognition Descriptive
Reka-Flash 3 55 0 41 14 28 26 21 13

Claude-3-Opus 51 REE} 41 0 26 41 15 18 24 150

wamg“\\;‘\on Recognition

object
LlaVA-Next-34B 11 14 26 0 : o
Gemini-Pro-Vision 22 2] 28 41 79 100 " Qes’f‘#ifi@s %
CogVLM-Chat 1 63 26 15 0o 77 78 s '}?ﬁ %% N
Qwen-VL-Chat 7 |84 21 18 77 0 . 50 &4 f'*{; e se %

MiniCPM-V 9 . 13 24

Question category

Yujie Lu et al. WildVision: Evaluating Vision -Language Models in the Wild with Human Preferences. NeurlPS 2024.

s
Movies and TV Show é,n 9
&S]
§
Games 3
gy, ©
o,
4’:::% xﬁ‘ Portraits
W\
I
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e

Cityscapes

Art and Design
% 300 G
- cpaces Ve e
public SP Sa”s", Shows
u\\ﬁ\“gs & Otice g ONics
o 25 S Aee, -
PO o, 0%
S 0& 3 Ay
& £ [
& L E A <’o°, £
A (1) T,
> S S %
& 5% % 2
& s g gy >
§ & % 2% Plants
5 AR
& 28 g%
5%

Image Domain

14
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. . R Introduction to
Wild Vision Arena: WVBench

MLLMs

Image [Entertainment-Movies/TV Shows]
v B / J

¥,

Image [Naural—Plants Image [Expert-Health and Medcine]

Image [Entertainment-Web and Mobile Apps
Screenshots]

My rowards. o Sy oSGV molelist &
Total points. 750 B wvase
— ‘/!J Avocado
s -
oo .
B Gaec.
o
R L - >
crickpeo
=== "
. = =
\ J \\ 4 N\ J

[Recognition-Object] Text Prompt: what type

[Analytical-Critical Reviews] Text Prompt:
of tumor is this?

Review each screenshot carefully, focusing on different
aspects of usability...

FROM THE CREATORS OF
FROZEN axo BIG HERO &

e 500 data samples from Arena with expert
annotation

IN3D AND REAL D 30

[Descriptive-Movies/TV Shows] Text Prompt:

‘What are the two giraffe characters on this movie poster
doing?

[Analytical-Problem Solving] Text Prompt: . . . .
How likely is it to snow after this picture was taken? ® evaluation is done using GPT-40 as JUdge

‘What would change with this type of tree before it’s
likely to snow? and Claude-3-Sonnet as reference

Yujie Lu et al. WildVision: Evaluating Vision -Language Models in the Wild with Human Preferences. NeurlPS 2024.



Architectures

Classification of
multimodal models: Deep &
Early Fusion
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High-level Classification MLLMs

Multimodal models can be classified in 2 main types (4 subtypes)
based on the fusion of input modalities

1. Deep Fusion 2. Early Fusion
deeply fuses multimodal inputs multimodal inputs are fed to the
within internal layers model rather to its internals
1.1.Standard 1.2.Custom 2.1.Non -tokenized 2.2. Tokenized
Cross-Attention Layers (CL -DF) (NT-EF) (T-EF)
(SC-DF)

Shakti N. Wadekar et al. The Evolution of Multimodal Model Architectures. 28 May 2024.

16


https://arxiv.org/search/cs?searchtype=author&query=Wadekar,+S+N

Preliminary 1: Image Encoders

CLIP: 400M (image, text) pairs, 500xV100 GPUs for pretraining

1. Contrastive pre-training

pepper the Text
aussie pup Encoder

Image
Encoder

1,1,

I3T

InT

I,

I3 T,

In'Tz

I,Ts

I3Ts

InTs

T

I, Ty

Iz Ty

I3 Ty

IyiTy

2. Create dataset classifier from label text

a photo of
a {object}.

3. Use for zero-shot prediction

Image
Encoder

Radford et al. Learning transferable visual models from natural language supervision. ICML 2021

Text
Encoder

” I

Lecture #1
Introduction to
MLLMs

I

LT, I,Ts

a photo of
adog

Tn

LTy

17



Preliminary 1: Image Encoders

CLIP: 400M (image, text) pairs, 500xV100 GPUs for pretraining

1. Contrastive pre-training

pepper the Text
aussie pup Encoder

\

Image
Encoder

- J

we need only image encoder

1,1,

I3T

InT

I,

I3 T,

In'Tz

I, Ty

I3Ts

InTs

Iz Ty

I3 Ty

IyiTy

2. Create dataset classifier from label text

a photo of Text
a {object}. Encoder

3. Use for zero-shot prediction

Image
Encoder

Lecture #1 18

Introduction to

” I

MLLMs
T L T3 Tn
Ly LT, Ll -~ Ly

a photo of
adog
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Preliminary 1: High Resolution MLLMs
Slicing —break resolution Dual -branch —two branches with different
into chunks + overlap resolutions / pyramid of resolution ‘>

| resize
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Introduction to

Preliminary 1: High Resolution MLLMs

In multimodalmodels, CLIP is frequently used (ViT + pyramid of resolutions)

D>
Adapt.VeHFﬂ? i

Image Slices (2 X 3) ViT -~

Slicing

> %_)\_/_* ,\[\I" —>|:L ~ | Flatten :
Ratio-preserving Resizing -_ .-,--_-.—b\ A3 ) ----- S N

Overview

JIQUWLIOJSUBI] UIMIH




Preliminary 2: Self-Attention vs Cross-Attention

Self-attention works on a single sequence by generating contextual embeddings
for its tokens, cross -attention handles two sequences at once

Seig Attention . Cross Attention

A A A \ \ A \

We are friends We are

Original Source: Cross-Attention in Transformer. Medium, 2024.

21


https://medium.com/@sachinsoni600517/cross-attention-in-transformer-f37ce7129d78
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Preliminary 2: Self- Attention vs Cross-Attention

Input embeddings go through three linear transformations to produce the query, key,
and value vectors for each word
We are friends
\
e
v / lw\ . /m 5 = » "
[ awe || kwe | [ e | | e ] [oeee | [ [ aFrends | [ KFreds | [ vhriends |

Original Source: Cross-Attention in Transformer. Medium, 2024.



https://medium.com/@sachinsoni600517/cross-attention-in-transformer-f37ce7129d78

Preliminary 2: Self- Attention vs Cross-Attention

Query vectors
in the sequence — atffention scores

a-we aqwe aq-we
st [ ]sta | ] <13
k-we k-ar k-Fries
S | #
s sia si3
A
Softmax

wal x

Original Source: Cross-Attention in Transformer. Medium, 2024.

of each word are dot -multiplied with the key vectors

q-are qare arare
Csat [ ]s22 [C]s23
k-we |:| k-are,[l x-Pr:ewts|:|
N | /
sl s22 23
Y 4 Y2

| Softwmasx
/ . i 5
+ wdd x + wad3 x -

H<_

of every other word

a-Friends a-Friends aq-Friends
sy s s
k-we U k-mre_l] k-ﬁ-:e_mtsD
N | P
s31 s32a 533
Y Y )z
| Softmax

| S

w3 w33

w}.’rlx + 33 x

/ ol /

{5

v
=


https://medium.com/@sachinsoni600517/cross-attention-in-transformer-f37ce7129d78
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Preliminary 2: Self- Attention vs Cross-Attention

Query vectors of each word are dot -multiplied with the key vectors

in the sequence

qQ-we q-we q-we q-are qrare q-are
st [ ] s12 | ) s13 st [ ]s22a [Js23
k-we [l k-are.D k-Prier«B k-we D k-argD k-#r:g«lsD
N | / ™ | /
st sia sz sl 22 £23
N vy v Y ' ¥
Softmax | Softwmax

wit w3 wal wadd w3

™~ ™

/

Ie{;

Priends

+ w2 x| vare + w3 x = wal xv-uc + u22x + w3 x v-

He
He

Original Source: Cross-Attention in Transformer. Medium, 2024.

of every other word

We

are

Prie_nds

We are friends

larger circles indicate a
stronger relationship
between the corresponding
words


https://medium.com/@sachinsoni600517/cross-attention-in-transformer-f37ce7129d78
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Preliminary 2: Self-Attention vs Cross-Attention

Cross-attention generates query vectors from the output  sequence (Hindi), while key and
value vectors are derived from the input sequence (English)

Ll We o i g friends
[ : ‘ =

[ F ]

Wq k We wk wv

W Wv
| lyh,J:JJ.,—‘le klﬁrvgﬁlkmllml

Original Source: Cross-Attention in Transformer. Medium, 2024.
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Preliminary 2: Self-Attention vs Cross-Attention

Cross-attention generates query vectors from the output  sequence (Hindi), while key and
value vectors are derived from the input sequence (English)

-8 @A G il 2 ol =

st | sl2 I s13 ] =21 | ] saa | ) s23 s [ ] s2a | | <22
k-we [:| D H“fe-El k-we I:| k-areD k-Fﬁcw!sD k-we D k-weD k~Pﬁ¢~!s[|
N b | P N | /
si 512. 515 sl 522 23 31 s32 533
Y \'d - Y Y ¥ 3 A o~
| Softmax I Softmax ] | Softmax

wil Ja \ Wiz wal w2|.2 \ w23 w31 3|,;\ \ w33
e V N I = v ™

] + vax[eme] + [T vai <[] + vaa x [vare | + vas <[ s ] + 2] + s

s — i

Original Source: Cross-Attention in Transformer. Medium, 2024.
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Preliminary 2: Self-Attention vs Cross-Attention

Cross-attention generates query vectors from the output sequence (Hindi), while key and
value vectors are derived from the input sequence (English)

: . . We are friends
a-8H a-8H q-8H -Gl a-GI%d -Gl
st [ Jsia [ Jsi3 [ ] sa1 | ] saa | ) s23
’ k-we D k-areD kJ:rienH k-we I] k-o.re_|:| k-Friends I——J ‘ o ‘
AN | / N | 7
st sia s sal s22 s23
N ' ¢ N ') ;- . ° .
| Softmax [ Softmax
wil Wi w3 wal ! \ 23
- + w2 v-are + i3 x v- > rT— wa3
4 : a ] + on <[] + s <[
\l/ \I/ larger circles indicate a
1 ——— stronger relationship
between the corresponding

Original Source: Cross-Attention in Transformer. Medium, 2024.

words
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Preliminary 2: Self-Attention vs Cross-Attention

Demonstrating how the  contextual embedding of a word is calculated using information
from other words:

. o o — .l' X @ y } ! » are 27'% o . >
ce. we = 0.8 x e we 4 0.1 x e _are | 0.1 x e_friends ce_&H = 0.5 x e_we + 0.3 x e are + 0.2 x e_friends

ce are = 0.15 x e_we + 0.75 x e_are + 0.1 x e_friends ce Gl = 0.2 x e_we + 0.2 x e_are + 0.6 x e_friends
ce friends = 0.2 x e we + 0.1 x e_are + 0.7 x e_friends ce % = 0.3 xe we + 0.4 x e are + 0.3 x e_friends
Self-attention Cross-attention

Original Source: Cross-Attention in Transformer. Medium, 2024.


https://medium.com/@sachinsoni600517/cross-attention-in-transformer-f37ce7129d78
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Preliminary 2: Cross-Attention for 3 modalities?

Cross-attention between three sequences (modalities)

8 o Cross-attention between two
(o) 0! o} iy . .
26 Encoder 8—) Resampler 8 modalities (text and image) is
Image/ 8 1O used in Deep Fusion , particularly
Video/Audio in cross-attention layers inside
I I I LLM
® (] 'I' ) i A % ) o . :
4 5 EIE HIE BIE O Output (again: OpenFlamingo)
.» ,%D—) b= "E e b= '% = e E ) k= - —> o
S 3 2|2 e g2 o>
® £ 2] 3] 2 E o
® = SIE AE f]2 o
® S G L =) U =) U o

Input Text
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Preliminary 2: Cross-Attention for 3 modalities?

Cross-attention between three sequences (modalities)

Hy (i+1) Hp (7+1) Hy (k+1)
A

tri -modal co- )
attention in |
TriBERT

Top 1 Result

Add & Norm

Feed Forward

Add & Norm
-
Multi-head
attention
A A

Add & Norm Add & Norm

Feed Forward Feed Forward

Add & Norm Add & Norm
=
Multi-head Multi-head
attention attention
L
A

A A -‘:\ﬁi
Visual Qv [Kiea)| Vipa) \\p,,se 0 [Kvay| Vs /| Audio . [Kiew | v,
¥ I,y ‘A d (PW
1 srsfasmsamnaanrnnns » I I N EY+]
Y O « QO rrnrnnnrnnnnn <%
[ TR - SR, @ rrasianainasannannnae
Hy (i) He () Ha (k)

[1] TABERT: Full-body Human-centric Audio-visual Representation Learning for Visual Sound Separation. NeurlPS 2021. [link
[2] TriCAFFNet: A Tri-Cross-Attention Transformer with a Multi-Feature Fusion Network for Facial Expression Recognition. 2021. [link
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High-level Classification MLLMs

Multimodal models can be classified in 2 main types (4 subtypes)
based on the fusion of input modalities

1. Deep Fusion 2. Early Fusion
deeply fuses multimodal inputs multimodal inputs are fed to the

within internal layers model rather to its internals
{/ __________ ~
I 1.1.Standard \| 1.2.Custom 2.1.Non -tokenized 2.2. Tokenized
| Cross-Attention | Layers (CL -DF) (NT-EF) (T-EF)
[ (SC-DF) I
\ !
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Deep Fusion: Standard
Cross-Attention, SC-DF
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SC-DF:Standard Cross-Attention

Input modalities are deeply fused into the internal layers of the LLM using standard cross -attention layer
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SC-DF:Standard Cross-Attention

Input modalities are deeply fused into the internal layers of the LLM using standard cross -attention layer
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SC-DF:Standard Cross-Attention

Input modalities are deeply fused into the internal layers of the LLM using standard cross -attention layer

SO

9 1o} before after
/\o<\ Encoder O_) Resampler EO: .
;85 p :8; Flamingo VL-BART
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SC-DF:Standard Cross-Attention
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Flamingo model by Unified-10-2 Type-D
DeepMind is one of the first M
) CM3Leon TEAL
multimodal models! . Unified-I0
& ©
| 4
' ModaVerse Type-C
. BLIP2 InstructBLIP MMI
LLaVA GILL Next-GPT Idefics2
MiniGPT-4  EmbodiedGPT ~ Qwen-VL CoDI-2 | VL Mamba
©
-B
CogAgent Type
IALdZMtA- AELatMA\;z mPLUG-Owl2 MM-Interleaved
pter apter- IntemVL = CogCoM
©)
Otter _ Type-A
Transformers  ViT  CLIP VL-T5 S4 |Flamingo Multimodal-GPT OpenFlamingo
o) —0-9- ©
Jan-Mar Apr-June July-Sep Oct-Dec 2024 Jan-May
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SC-DF:Standard Cross-Attention

Input modalities are deeply fused into the internal layers of the LLM using standard cross -attention layer

SO

9 1o} before after
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SC-DF: OpenFlamingo (Nov 2022)

Output: text

Pretrained and frozen R
. I a very serious cat.

Trained from scratch

| e

] n-th GATED XATTN-DENSE
Perceiver Perceiver :

IS L ek

L

Processed text I

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

Interleaved visual/text data

This is a very cute dog.ﬂ This is

1st GATED XATTN-DENSE
:q':alll

OpenFlamingo follows Flamingo architecture

Lecture #1
Introduction to
MLLMs

vision model
CLIP ViT-L/ 14
(NFNet)

language model
RedPajama / MPT
(Chinchilla)
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xdepth=6 . OpenFlamingo:

i FFW i Perceiver

: AteNTLon i b,t,f,v,d — b.t,(F*v),d — b.t,1d
: I e e=x] | |

L , = ; d =1024 1=64

Learned
latent
queries

num latents, dim
(we have 64)

] frames = 1
= | Time




""""""""""""""""""" ® i
FFW i

Attention i

T K=v=[X,,X] T Q=[x] |

I

flatten

Learned
latent
queries

num latents, dim
(we have 64)

38
OpenFlamingo:

Perceiver

b,t,f,v,d — b,t,(f*v),d — b,t, 1, d
d = 1024 | =64

Do not have video modality
in OpenFlamingo



Perceiver Resampler )
xdeptn=6 || 1 OpenFlamingo:
] ® : .
5 FFW ; Perceiver
E Attention i b,t,f,v,d — b,t,(f*v),d — b,t,Ld
: 1 T K=V=[X.,X] T Q=[x] i
i : X ! d =1024 1=64
flatten l ‘ 1 ‘
Learned batch size
latent b
queries image examples
num latents, dim t
(we have 64) video frames
f
visualtokens
frames = 1 Vv

embed dim

d
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OpenFlamingo: Feature Fusion

1. freeze the pretrained LM blocks ‘

2. insert gated cross -attention :
dense blocks betweenthe oo 1 “““““““ :
originallayers

3. keep leyers gated to keep LM
intact at initialization

—

4. queries =LM inputs
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Introduction to

OpenFlamingo: Feature Fusion MLLMs

1. freeze the pretrained LM blocks (

2. insert gated cross -attention :
dense blocks betweenthe e ;
original layers

K=v=[Y]

+
tanh gating
d

FFW

é:

tanh gating
1

cross attention
4

T

X — GATED XATTN-DENSE

3. keep leyers gated to keep LM
intact at initialization

4. queries = LM inputs

. . Y _o=Ivl
tanh -gating mechanism —
multiples output of newly Vision Language
input input

initialized layer by tanh(  «)



Lecture #1 40

Introduction to

OpenFlamingo: Inference MLLMs

7‘5\ Giving OpenFlamingo tricky few-shot examples

3‘ training dataset = LAION-2B with image-text pairs

An image of2x2=4 An image of3+3 =6 An image of Animageof1+1=2
. a
— & s ==
N J N J
Y Y

input images and prompts output
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Introduction to

OpenFlamingo: Inference MLLMs

7%\ Giving OpenFlamingo tricky few-shot examples

f‘ training dataset = LAION-2B with image-text pairs

Animage of 2 + 2 =4,

An image of 2x2 =4 An image of 3+3 =6 What is the color of board? Animageof 3+3=6
\3 - ==
2x2=4 3+3=6 1+1 = 2
\ v J N ~ J

input images and prompts output
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. Introduction to
OpenFlamingo: Inference MLLMs
7‘5‘“ Giving OpenFlamingo tricky few-shot examples
i!‘ training dataset = LAION-2B with image-text pairs

Print equation 2 + 2 =4
Print equation 3 + 3 =6
Print equation 2 + 2 =4

Print equation: 2 x 2 =4 Print equation: 3 + 3 =6 Print equation: Print

2x2=4 3+3=6

- o
N J N J
Y Y

input images and prompts output



OpenFlamingo: Inference

'L.ﬂ;‘ Giving OpenFlamingo tricky few-shot examples

? training dataset = LAION-2B with image-text pairs

A
An image of a
blackboard with a plus
An image of and minus sign on it.

What is on the image?
<|endofchunk|>

Lecture #1
Introduction to
MLLMs
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. Introduction to
OpenFlamingo: Inference MLLMs
'L.ﬂ;‘ Giving OpenFlamingo tricky few-shot examples
X training dataset = LAION-2B with image-text pairs
An image of a I've been thinking a lot

blackboard with a plus lately about what it means

What is on the image?

An image of and minus sign on it. <|endofchunk|> to be a “successful”




Deep Fusion

3.1

Architectures

Deep Fusion: Custom
Layers, CL-DF




High-level Classification

Lecture #1
Introduction to
MLLMs

Multimodal models can be classified in 2 main types (4 subtypes)

based on the fusion of input modalities

1. Deep Fusion

deeply fuses multimodal inputs
within internal layers

N

/ 1

1.1.Standard : 1.2.Custom I
Cross-Attention 1 Layers (CL -DF) :
(SC-DF) e y

Shakti N. Wadekar et al. The Evolution of Multimodal Model Architectures. 28 May 2024.

2. Early Fusion

multimodal inputs are fed to the
model rather to its internals

N

2.1.Non -tokenized 2.2. Tokenized
(NT-EF) (T-EF)
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Introduction to

CL-DF:Custom Layers MLLM

Input modalities are deeply fused into the internal layers of the LLM using custom -designed layers
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CL-DF: Custom Layers

Input modalities are deeply fused into the internal layers of the LLM
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using custom -designed layers

S

custom cross -
attention

LLaMA-Adapter
Cog VLM
InternVL
mPLUG-OwI2

N

other custom

layers

MoE-LLa VA
LION
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Introduction to

CL-DF: Custom Layers MLLMs

Input modalities are deeply fused into the internal layers of the LLM using custom -designed layers

SN

1o}
0! ol
© 10 o}
NN Encoder | |3 'O custom cross - other custom
Image/ 8 10 attention layers
Video/Audio
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CL-DF: MoE-LLa VA (Dec 2024)

LLaVA - by Microsoft, MoE-LLaVA — Peking University: Mixture-of-Experts layer

Stage 1

adapt visualtokens

Generated Text Caption

I
—{ (21 Add & Norm

|
B ]

L
—{ () Add & Norm |
|

|
[ (1 Self-Attention

[ﬁEn}Y.“:;ﬂmgl L& mep |
Ca ption Vision
Request
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CL-DF: MoE-LLa VA (Dec 2024)

LLaVA - by Microsoft, MoE-LLaVA - Peking University: Mixture -of-Experts layer

Stage 1 vision model

adapt visual tokens CLIP-Large

Generated Text Caption

f

—{ (%1 Add & Norm |
I language model

J o FFN ; LLaMA / Vicuna / Qwen...
%y Add & Norm

I

[ (71 Self-Attention ]

Word Mg
[ ﬁ Emb:t;dingl [ ¢ MLP I
1
Caption Vision
Req uest Encoder
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CL-DF: MoE-LLa VA (Dec 2024)

LLaVA - by Microsoft, MoE-LLaVA — Peking University: Mixture-of-Experts layer

Stage 1 Stage 2
adapt visual tokens multi-modalunderstanding
Generated Text Caption Response
1 f
—»[&.Addl&Norm ] —~{% Add&Norm |
|
[ 51 FFN ] l,h, FFN l
—1 1
—{ & Add & Norm ] Copy —~{ % Add&Norm |
wei I
| £ Self-Attention | e | selt-Attention ]
[ﬁEm‘c’eot;gingl [ QA’ MLP ] [Q"Em\g:c;ging [ Q" MLP ]

r r
Caption EV‘S“;” Instruction
Request hooder Request Encoder

Image Image



CL-DF: MoE-LLa VA (Dec 2024)

LLaVA - by Microsoft, MoE-LLaVA — Peking University: Mixture-of-Experts layer

Stage 1

adapt visual tokens

Generated Text Caption

I
—{ (21 Add & Norm

|
B ]

L
—{ £ Add & Norm ]
|

[ (1 Self-Attention

EEEIERT
)

Request Encoder

Image

Stage 2

multi-modalunderstanding

Response

!
—{¥% Add&Norm |

|4 FFN |

Copy —’I % Add & Norm I
weight I

[ 4 Self-Attention ]

| emereo] | 9 MLP |

1
Instruction
Request nooder

Image

Stage 3

Response

IZ AddT& Norm J———
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Copy weight \L e
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EREmET
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Mo E-LLa VA: Router

Response
[ = AddT& - 1 have E experts, each expert = FFN
e £ = lerez, o em]
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I
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£
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Early Fusion

3.2

Architectures

Early Fusion: Non-
Tokenized, NT-EF
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Introduction to

High-level Classification MLLMs

Multimodal models can be classified in 2 main types (4 subtypes)
based on the fusion of input modalities

1. Deep Fusion 2. Early Fusion
deeply fuses multimodal inputs multimodal inputs are fed to the
within internal layers model rather to its internals

N N

1
1.1.Standard 1.2.Custom : 2.1.Non -tokenized 1 2.2. Tokenized
Cross-Attention Layers (CL -DF) : (NT-EF) : (T-EF)
(SC-DF) S e e e e e /

Shakti N. Wadekar et al. The Evolution of Multimodal Model Architectures. 28 May 2024.
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Introduction to

NT-EF: Non-Tokenized MLLMs

Non-tokenized input modalities are directly fed tothe model rather than to internallayers

Resampler/
Linear Layer/
MLP/
Q-former/
Attention Pooling

/\o<\ Encoder

Image/
Video/Audio

1000000;
{0000

~
.
J
.
)

Output

> = = = ®m

00000000 €«—

[ Self-attention Layer ]
\ 4

[ Self-attention Layer ]
\

[ Embedding Layer ]

[ [ Self-attention Layer ] ]
\ 4
00000000
\4

[
-
_
(
.

Input Text



Lecture #1 52

Introduction to

NT-EF: Non-Tokenized MLLMs

Non-tokenized input modalities are directly fed tothe model rather than to internallayers

—> Q-Former: BLIP-2 ¥, MiniGPT-v2
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Introduction to

NT-EF: Non-Tokenized MLLMs

Non-tokenized input modalities are directly fed tothe model rather than to internallayers

—> Q-Former: BLIP-2 ¥, MiniGPT-v2

Resampler/
Linear Layer/

(]
/\(\ Encoder MLP/
Q-former/

I / Attention Pooli
Vidﬁf,?‘iidio — —> Custom layer:  Qwen -VL, AnyMAL,
Video-ChatGPT, EmbodiedGPT
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NT-EF: Non-Tokenized

Non-tokenized input modalities are directly fed to the model

N
Image/
Video/Audio

Encoder
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Linear Layer/
MLP/
Q-former/
Attention Pooling
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rather than to internallayers

—> Q-Former: BLIP-2 ¥, MiniGPT-v2

—> Custom layer: Qwen -VL, AnyMAL,
Video-ChatGPT, EmbodiedGPT

—> Linear/ MLP:  DeepSeeck-VL, LLa VA,
LLa VA-Ne XT, PaLM-E, Shikra

L5 Perceiver resampler: Monkey, V¥
Kosmos-G




Qwen-VL Lecture #1 55

Introduction to

NT-EF: Qwen-VL (Oct 2023) MLLMs

Alibaba Group, 9.6B parameters
vision model = OpenClip ViT-bigG, language model =Qwen-7B



Qwen-VL Lecture #1 55

Introduction to

NT-EF: Qwen-VL (Oct 2023) VLM

Alibaba Group, 9.6B parameters
vision model = OpenClip ViT-bigG, language model =Qwen-7B

Stage 1: Pretraining
5B web data pairs — 1.4B

[ QwenlLM ]
Learnable I T
Query — CrossAttn &
Embs ) T i
ViT 4

@ Low Resolution



Qwen-VL
NT-EF: Qwen-VL (Oct 2023)
Alibaba Group, 9.6B parameters
vision model = OpenClip ViT-bigG, language model =Qwen-7B
Stage 1: Pretraining Stage 2: Multi-task pretraining
5B web data pairs — 1.4B high quality, ~§0M data

[ QwenLM ] [ QwenLM &]

Learnable I T Learnable I T
Query — CrossAttn & Query —— CrossAttn &
Embs T Embs I

ViT & ViT 4
), \ J
@ Low Resolution @ High Resolution

Lecture #1
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Qwen-V1L
NT-EF: Qwen-VL (Oct 2023)
Alibaba Group, 9.6B parameters
vision model = OpenClip ViT-bigG, language model =Qwen-7B
Stage 1: Pretraining Stage 2: Multi-task pretraining
5B web data pairs — 1.4B high quality, ~80M data

[ QwenLM ] [ QwenLM &]

Learnable I T Learnable I T
Query — CrossAttn 4 Query —— CrossAttn &
Embs i Embs T

ViT & ViT &
), \ J
m Low Resolution @ High Resolution
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Introduction to

MLLMs

Qwen -VL-Chat

Stage 3: Supervised Fine-tuning
instructions, 350k data

[ QwenLM &]

I

Learnable
Query —

CrossAttn 4

Embs

i

ViT

@ High Resolution
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Introduction to

High-level Classification MLLMs

Multimodal models can be classified in 2 main types (4 subtypes)
based on the fusion of input modalities

1. Deep Fusion 2. Early Fusion
deeply fuses multimodal inputs multimodal inputs are fed to the
within internal layers model rather to its internals
T T T T T T T 5
1.1.Standard 1.2.Custom 2.1.Non -tokenized : 2.2. Tokenized I
Cross-Attention Layers (CL -DF) (NT-EF) | (T-EF) :
(SC-DF) N e e = /

Shakti N. Wadekar et al. The Evolution of Multimodal Model Architectures. 28 May 2024.
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T-EF: Tokenized

Inputs are tokenized using a common tokenizer

or modality specific tokenizers

foY
; S
/\(\ Tokenizer : o f—
Image/ 8
Video/Audio o
8 8 Multimodal
o) Multimodal Transformer O  Output
2 _) (Encoder-decoder style transformer 8 _>
OR
) Decoder-only style transformer) @)
(<) (@]
(0] (e}
Input Text \ )

—> encoder -decoder:

CM3Leon, VL-GPT

Lecture #1

Unified-10, 4M

—> decoder -only: LaVIT , TEAL,

S57



T-EF: LaVIT (Mar 2024 ICLR)

Lecture #1
Introduction to
MLLMs

LaVIT — Language-Vision Transformer by researchers from Peking & Kuaishou University

Next Image/Text Token Prediction

[IMG] [IMG] . [IMG] [IMG] -

Multimodal Language Model (LaVIT)

~ Visual
Tokenizer - [IMG] -« [IMG] OMG] -  [IMG]
.............................................. ;
T, tokens T, tokens $
[ Text Tokenizer J
s :
Visual Token : )
The antelopes A man is playing

Textual Token are eating grass tennis ball

represent two modalities in a
uniform form to exploit LLM’s
next -token prediction

visualtokenizer returns
sequence of discrete visual
tokens possessing word-like
high-level semantics
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T-EF: LaVIT (Mar 2024, ICLR)

vision model = ViT-G/ 14 of EVA-CLIP, language model =LLaMA-7B

i )
i
.= encoder
" ]

input image N = HW/P2
patches | E {ml}i\il

visualfeatures

v

token selector
& merger

__________

visual features

Lecture #1
Introduction to
MLLMs



T-EF:La VIT (Mar 2024, ICLR)

vision model = ViT-G/ 14 of EVA-CLIP,

!.

input image N = HW/P2
patches

— HHE — | )
encoder

visualfeatures

v

token selector
& merger

__________

visual features

language model

1

=LLaMA-7B

token selector

visualfeatures

v

[ MLP layers ]

v
-1 1 3
-2 2 7| -4
v

M € {0,1}¥
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Introduction to
MLLMs
1
. N
! {zitisa
T e RNXQ
logits
(Tt T \I T
| i {mi}z—l

__________

visual features
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T-EF: LaVIT (Mar 2024, ICLR) RV

vision model = ViT-G/ 14 of EVA-CLIP, language model =LLaMA-7B

SN it > 2 token merger

1
.. encoder | | .
ARE

input image N = HW/P2

__________

""""""""" 1 N L blocks ‘ L=12

[
atches : C LY
p “yisual features o
visualfeatures Forward

I

¢ Cross
N-T Attention
L.
token selector E__’}’zl | 1 |
&merger :.i [Value] [ Key J [Query]
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T-EF: LaVIT (Mar 2024, ICLR) O e

vision model = ViT-G/ 14 of EVA-CLIP, language model =LLaMA-7B

1 | [
i
- .. - encoder
ANRE
input image N=HwW/P* v
patches E{ ; {mz}i\il

visualfeatures
token selector and merger work
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Conclusions

MLLMs seems to be a step towards AGI
with lots of interesting applications and
challenges

Benchmarking MLLMs may be done via
static benchmarks (as in CV or NLP) or
using Arenas

Classification of Multimodal Models:
Deep (OpenFlamingo, MoE-LLa VA) &
Early Fusion (Qwen-VL, LaVIT)

this is the end of
the lecture

ME

| |

tomorrow is the
another lecture
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