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success = True (orig)
put both the alphabet soup 
and the tomato sauce in the 
basket

success = False
take both the alphabet soup 
and the tomato sauce and 
put them in the basket

VladShakhuro

darkstore robustness of VLA models aga ins t 
re formula tions  of te xtua l p rompts
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autonomic vehicles



I n t r o d u ct io n : Course Plan
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Introduction to 
MLLMs

3

Day 1
Image m od a lity

Day 2
Video m od a lity

Day 3
Data generation
in  MLLMs

Day 5
3D m od e ls

Day 4
Action m od a lity



J o in  t h e  Ch a t !
Lecture #1

Introduction to 
MLLMs
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Please join the chat with lecture slides and jupyter notebooks 



Le ct u r e  P la n
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Idea of Multimodality

Benchmarks: Static and Dynamic (Arena) 

Classification of Multimodal Models: 
Deep & Early Fusion

Explore code & architecture of the most 
vivid exemplars 
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Introduction to 
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→ Use world knowledge 
and reasoning from  
LLMs

→ Exp lore  va rious 
a p p lica t ions tha t  e m e rg e  
a t  the  intersection of 
the modalities

→ Boost  q ua lity of m od e ls 
using  patterns in 
multimodal data tha t  d on’t  
e xist  in unim od a l d a ta  



Be n ch m a r k s

Static benchmarks used to 
validate developed models 

2.1



St a t ic  Be n ch m a r k s : AI2D (2016)
6

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

AI2 Diagrams (AI2D)

● d ia g ra m  p a rse  g ra p hs a re  a va ila b le

● 15k m ult ip le  cho ice  q ue st ions fo r 5k 
schoo l g ra d e  d ia g ra m s

● e va lua t ion m e tric: accuracy

● prompt the model accurately to  
ob ta in we ll fo rm a t te d  a nswe r

From  the  a bove  food  web  d ia g ra m , wha t  will lea d  to  a n increa se  in 
the  p op ula t ion of d ee r? a ) increa se  in lion; b ) d ecrea se  in p la nts; c) 
d ecrea se  in lion; d ) increa se  in p ika

Lecture #1
In t ro d u c t io n  t o  

MLLMs



St a t ic  Be n ch m a r k s : GQA (2019)
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Hudson et al. GQA: A New Dataset for Real -World Visual Reasoning and Compositional Question Answering. CVPR 2019

General Question Answering 

● q ue st ions g e ne ra te d  
using  scene graph of 
im a g e s

● 22.6M q ue st ions 
for 113k im a g e s

● e va lua t ion m e tric: 
accuracy (one -word  
a nswe rs)

● ca n cre a te d  
balanced d a ta se t

Lecture #1
In t ro d u c t io n  t o  

MLLMs



St a t ic  Be n ch m a r k s : MMMU (2024)
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Yue et al. MMMU: A Massive Multi -discipline Multimodal Understanding and Reasoning Benchmark for Expert AGI. CVPR 2024

Massive Multi -discipline Multimodal Understanding benchmark

● 11.5k q ue st ions from  6 
unive rsity d iscip line s

● a nswe rs a re  e xtra cte d  
using  regexp

● e va lua t ion m e tric: 
accuracy

Lecture #1
In t ro d u c t io n  t o  

MLLMs



St a t ic  Be n ch m a r k s : TextVQA (2019)
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Singh et al. Towards VQA Models That Can Read. CVPR 2019

● text recognition on a n e xist ing  
VQA d a ta se t

● 45k q ue st ions fo r 28k im a g e s

● 10 answers p e r q ue st ion

● e va lua t ion m e tric: VQA accuracy
(100% corre ct  if 3 hum a ns 
p rovid e d  tha t  a nswe r)

Lecture #1
In t ro d u c t io n  t o  

MLLMs



St a t ic  Be n ch m a r k s : WACV (2021)
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Mathew et al. DocVQA: A Dataset for VQA on Document Images. WACV 2021

● 50k q ue st ions fo r 12k im a g e s

● documents m ost ly from  1960 — 2000

● ind ust rie s: tob a cco , food , d rug , 
che m ica l, fossil fue l

● evaluation metrics:

○ Ave ra g e  Norm a lize d  
Le ve nshte in Sim ila rity

○ Accura cy

Lecture #1
In t ro d u c t io n  t o  

MLLMs



Be n ch m a r k s

Dynamic benchmarks: 
Arena for multimodal 
models

2.2



Dy n a m ic  Be n ch m a r k s : WildVision Arena
11

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

Model Evaluation System:

● Two m od e ls p rovid e  
answers to users on 
the  sa m e  q ue st ion

● Be st  re sp onse  is  
se le cte d  throug h 
com p a rison

● Elo rating system is  
com p ile d  (sim ila r to  
che ss ra nking s)

Lecture #1
In t ro d u c t io n  t o  

MLLMs



Dy n a m ic  Be n ch m a r k s : WildVision Arena
12

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

● Le a d e rb oa rd  d a ta  from  
Ma y 2024  (p re -Ne urI PS 
sub m ission)

● Close d / p rop rie ta ry 
m od e ls liste d  first , 
fo llowe d  b y op e n-source  
m od e ls

● Elo  ra t ing s show st rong  
correlation with MMMU 
b e nchm a rk score s

Lecture #1
In t ro d u c t io n  t o  

MLLMs



Wild Vis io n  Ar e n a : UI
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Yujie Lu et al. WildVision: Evaluating Vision -Language Models in the Wild with Human Preferences. NeurIPS 2024.

● Utilize  AI  a re na s for fre e  a cce ss to  
la ng ua g e  m od e ls

● No VPN required — d ire ct  a cce ss 
to  GPT or Cla ud e  se rvice s

● Uncle a r which sp e cific AI  m od e l is  
b e ing  use d  in conve rsa t ions

● Cost-e ffe ct ive  so lut ion for 
a cce ssing  premium AI capabilities

Lecture #1
In t ro d u c t io n  t o  

MLLMs



Wild Vis io n  Ar e n a : Details
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Yujie Lu et al. WildVision: Evaluating Vision -Language Models in the Wild with Human Preferences. NeurIPS 2024.

● 8k rounds + m a trice s with 
visua liza t ion showing  which m od e ls 
lost  m ore  to  whom

● Que st ions ca n b e  q uite  g e ne ra l – ne e d  
che cking  specialized knowledge (sta t ist ica l 
b e nchm a rks, d om a in sp e cia lists)

Que st ion ca te g ory I m a g e  Dom a in

Lecture #1
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Wild Vis io n  Ar e n a : WVBench
15

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

● 500 data samples from  Are na  with e xp e rt  
a nnota t ion

● e va lua t ion is  d one  using  GPT-4o as judge
a nd  Cla ud e -3-Sonne t  a s re fe re nce

Lecture #1
In t ro d u c t io n  t o  

MLLMs



Ar ch it e c t u r e s

Classification of 
multimodal models: Deep & 
Early Fusion
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Hig h - le v e l Cla ss ifica t io n

1. Deep Fusion
deeply fuses multimodal inputs 

within internal layers

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

2. Early Fusion
multimodal inputs are fed to the 

model rather to its internals 

1.1. Standard
Cross-Attention 

(SC-DF) 

1.2. Custom
Layers (CL -DF) 

2.1. Non - tokenized
(NT-EF) 

2.2. Tokenized
(T-EF) 

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

16Lecture #1
In t ro d u c t io n  t o  

MLLMs

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


P r e lim in a r y  1: Image Encoders 

CLI P: 400M (im a g e , te xt ) p a irs, 500×V100 GPUs fo r p re t ra ining

17Lecture #1
In t ro d u c t io n  t o  

MLLMs

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



P r e lim in a r y  1: Image Encoders 

CLI P: 400M (im a g e , te xt ) p a irs, 500×V100 GPUs fo r p re t ra ining

18Lecture #1
In t ro d u c t io n  t o  

MLLMs

we need only image encoder



P r e lim in a r y  1: High Resolution 

Slicing — b re a k re so lu t ion 
into  chunks + ove rla p

19Lecture #1
In t ro d u c t io n  t o  

MLLMs

1 2 Dual -branch — two b ra nche s with d iffe re nt  
re so lu t ions /  p yra m id  o f re so lu t ion



P r e lim in a r y  1: High Resolution 
20Lecture #1

In t ro d u c t io n  t o  
MLLMs

I n m ult im od a l m od e ls, CLI P is fre q ue nt ly use d  (ViT + p yra m id  o f re so lu t ions)



P r e lim in a r y  2: Self -At te nt ion vs Cross-At te nt ion
21

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

Self -attention works on a single sequence b y g e ne ra t ing  conte xtua l e m b e d d ing s 
for it s  toke ns, cross -attention ha nd le s two sequences a t  once

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


P r e lim in a r y  2: Se lf- At t e n t io n  vs Cross -At te nt ion
22

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

Input embeddings go through three linear transformations to produce the query, key, 
and value vectors for e a ch word

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


P r e lim in a r y  2: Se lf- At t e n t io n  vs Cross -At te nt ion
23

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

Query vectors of e a ch word  a re  dot -multiplied with the key vectors of e ve ry o the r word  
in the  se q ue nce  → attention scores

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


P r e lim in a r y  2: Se lf- At t e n t io n  vs Cross -At te nt ion
24

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

Query vectors of e a ch word  a re  dot -multiplied with the key vectors of e ve ry o the r word  
in the  se q ue nce

la rg e r circle s ind ica te  a  
st rong e r re la t ionship  
b e twe e n the  co rre sp ond ing  
word s

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


P r e lim in a r y  2: Self -At te nt ion vs Cr o ss - At t e n t io n
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Original Source: Cross-Attention in Transformer. Medium, 2024.

Cross-attention generates query ve ctors from the output se q ue nce  (Hind i), while  key and 
value vectors a re  d e rive d  from  the  input se q ue nce  (Eng lish)

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


P r e lim in a r y  2: Self -At te nt ion vs Cr o ss - At t e n t io n
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Original Source: Cross-Attention in Transformer. Medium, 2024.

Cross-attention generates query ve ctors from the output se q ue nce  (Hind i), while  key and 
value vectors a re  d e rive d  from  the  input se q ue nce  (Eng lish)

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


P r e lim in a r y  2: Self -At te nt ion vs Cr o ss - At t e n t io n
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Original Source: Cross-Attention in Transformer. Medium, 2024.

Cross-attention generates query ve ctors from the output se q ue nce  (Hind i), while  key and 
value vectors a re  d e rive d  from  the  input se q ue nce  (Eng lish)

la rg e r circle s ind ica te  a  
st rong e r re la t ionship  
b e twe e n the  co rre sp ond ing  
word s

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


P r e lim in a r y  2: Self -At te nt ion vs Cross-At te nt ion
28

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

Self -attention

Demonstrating how the contextual embedding of a word is  ca lcula te d  using  inform a t ion 
from  o the r word s:

Cross-a t te nt ion

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


Cross-a t te nt ion b e twe e n three sequences (m od a lit ie s) 

Cross-a t te nt ion b e twe e n two 
modalities (te xt  a nd  im a g e ) is  
use d  in  Deep Fusion , p a rt icu la rly 
in  cross-a t te nt ion la ye rs insid e  
LLM 

(a g a in: Op e nFla m ing o)

P r e lim in a r y  2: Cross-At te nt ion fo r 3 m od a lit ie s?
29



Cross-a t te nt ion b e twe e n three sequences (m od a lit ie s) 

[1] TriBERT: Full-b od y Hum a n-ce nt ric Aud io-visua l Re p re se nta t ion Le a rning  fo r Visua l Sound  Se p a ra t ion. NeurIPS 2021. [link]
[2] TriCAFFNet: A Tri-Cross-At te nt ion Tra nsform e r with a  Mult i-Fe a ture  Fusion Ne twork fo r Fa cia l Exp re ssion Re cog nit ion. 2021. [link]

tri -modal co -
attention in 
TriBERT

P r e lim in a r y  2: Cross-At te nt ion fo r 3 m od a lit ie s?
30

https://arxiv.org/pdf/2110.13412
https://www.mdpi.com/1424-8220/24/16/5391


Hig h - le v e l Cla ss ifica t io n

1. Deep Fusion
deeply fuses multimodal inputs 

within internal layers

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

2. Early Fusion
multimodal inputs are fed to the 

model rather to its internals 

1.1. Standard
Cross-Attention 

(SC-DF) 

1.2. Custom
Layers (CL -DF) 

2.1. Non - tokenized
(NT-EF) 

2.2. Tokenized
(T-EF) 

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

31Lecture #1
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https://arxiv.org/search/cs?searchtype=author&query=Wadekar,+S+N


Ar ch it e c t u r e s

Deep Fusion: Standard 
Cross-Attention, SC-DF

3.1
Deep Fusion



SC-DF: St a n d a r d  Cr o ss - At t e n t io n

I np ut  m od a lit ie s a re  d e e p ly fuse d  into  the internal layers of the LLM using  standard cross -attention la ye r 

32Lecture #1
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SC-DF: St a n d a r d  Cr o ss - At t e n t io n

I np ut  m od a lit ie s a re  d e e p ly fuse d  into  the internal layers of the LLM using  standard cross -attention la ye r 

before

Fla m ing o
Op e nFla m ing o
Otte r
Mult im od a l-GPT

after

VL-BART
VL-T5

33Lecture #1
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SC-DF: St a n d a r d  Cr o ss - At t e n t io n

I np ut  m od a lit ie s a re  d e e p ly fuse d  into  the internal layers of the LLM using  standard cross -attention la ye r 

before

Fla m ing o
OpenFlamingo
Otte r
Mult im od a l-GPT

after

VL-BART
VL-T5

34Lecture #1
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SC-DF: St a n d a r d  Cr o ss - At t e n t io n

Flamingo m od e l b y 
De e p Mind  is one of the first
m ult im od a l m od e ls!

35Lecture #1
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SC-DF: St a n d a r d  Cr o ss - At t e n t io n

I np ut  m od a lit ie s a re  d e e p ly fuse d  into  the internal layers of the LLM using  standard cross -attention la ye r 

before

Fla m ing o
OpenFlamingo
Otte r
Mult im od a l-GPT

after

VL-BART
VL-T5

36Lecture #1
In t ro d u c t io n  t o  

MLLMs



SC-DF: Op e n Fla m in g o (Nov 2022)

OpenFlamingo follows Flamingo architecture

vision model
CLI P ViT-L/ 14
(NFNe t)

language model
Re d Pa ja m a  /  MPT
(Chinchilla )

37Lecture #1
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depth = 6

num_la te nts , d im
(we have 64)

frame s  = 1

(v, d im)

Op e n Fla m in g o :
Perceiver

b, t, f, v, d   → b , t , (f * v), d    → b , t , l, d

d  = 1024 l = 64

38



depth = 6

num_la te nts , d im
(we have 64)

frame s  = 1

(v, d im) Do not have  vide o moda lity 
in Ope nFlamingo

d = 1024 l = 64

Op e n Fla m in g o :
Pe rce ive r

b , t , f, v, d    → b , t , (f * v), d    → b , t , l, d

38



depth = 6

num_la te nts , d im
(we have 64)

(v, d im)

frame s  = 1

batch size 
b

im a g e  e xa m p le s
t

vid e o  fra m e s 
f

visua l toke ns
v

e m b e d  d im
d

d  = 1024 l = 64

Op e n Fla m in g o :
Pe rce ive r

b , t , f, v, d    → b , t , (f * v), d    → b , t , l, d

38



Op e n Fla m in g o : Feature Fusion

1. freeze the  p re t ra ine d  LM b locks 

2. inse rt  gated cross -attention 
dense b locks b e twe e n the  
o rig ina l la ye rs

3. ke e p  le ye rs g a te d  to  ke e p  LM 
inta ct  a t  init ia liza t ion

4. queries = LM inp uts 

39Lecture #1
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1. freeze the pretrained LM blocks 

2. insert gated cross -attention 
dense blocks between the 
original layers

3. keep leyers gated to keep LM 
intact at initialization

4. queries = LM inputs 

tanh -gating mechanism —
multiples output of newly 
initialized layer by tanh( 𝛼𝛼)

Op e n Fla m in g o : Fe a ture  Fusion
39Lecture #1

In t ro d u c t io n  t o  
MLLMs



Giving OpenFlamingo t ricky fe w-shot  e xa m p le s 
t ra ining  d a ta se t  = LAI ON-2B with im a g e -te xt  p a irs

An im a g e  o f 2 x 2 = 4 An im a g e  o f 3 + 3 = 6 An im a g e  o f

input images and prompts

An image of 1 + 1 = 2

output

Op e n Fla m in g o : I nfe re nce
40Lecture #1
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Giving OpenFlamingo t ricky fe w-shot  e xa m p le s 
t ra ining  d a ta se t  = LAI ON-2B with im a g e -te xt  p a irs

An im a g e  o f 2 x 2 = 4 An im a g e  o f 3 + 3 = 6 What is the color of board?

input images and prompts

An image of 2 + 2 = 4.
An image of 3 + 3 = 6

output

Op e n Fla m in g o : I nfe re nce
41Lecture #1
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Giving OpenFlamingo t ricky fe w-shot  e xa m p le s 
t ra ining  d a ta se t  = LAI ON-2B with im a g e -te xt  p a irs

input images and prompts

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

Print

output

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

Op e n Fla m in g o : I nfe re nce
42Lecture #1
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Giving OpenFlamingo t ricky fe w-shot  e xa m p le s 
t ra ining  d a ta se t  = LAI ON-2B with im a g e -te xt  p a irs

input

An image of

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

output input

What is on the image? 
<|endofchunk|>

Op e n Fla m in g o : I nfe re nce
43Lecture #1
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Giving OpenFlamingo t ricky fe w-shot  e xa m p le s 
t ra ining  d a ta se t  = LAI ON-2B with im a g e -te xt  p a irs

input

An image of

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

output input

What is on the image? 
<|endofchunk|>

I’ve been thinking a lot 
lately about what it means 

to be a “successful”

output

Op e n Fla m in g o : I nfe re nce
44Lecture #1
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Ar ch it e c t u r e s

Deep Fusion: Custom 
Layers, CL-DF

3.1
Deep Fusion



Hig h - le v e l Cla ss ifica t io n

1. Deep Fusion
deeply fuses multimodal inputs 

within internal layers

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

2. Early Fusion
multimodal inputs are fed to the 

model rather to its internals 

1.1. Standard
Cross-Attention 

(SC-DF) 

1.2. Custom
Layers (CL -DF) 

2.1. Non - tokenized
(NT-EF) 

2.2. Tokenized
(T-EF) 

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

45Lecture #1
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https://arxiv.org/search/cs?searchtype=author&query=Wadekar,+S+N


CL-DF: Cu s t o m  La y e r s

I np ut  m od a lit ie s a re  d e e p ly fuse d  into  the internal layers of the LLM using  custom -designed la ye rs

46Lecture #1
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CL-DF: Cu s t o m  La y e r s

I np ut  m od a lit ie s a re  d e e p ly fuse d  into  the internal layers of the LLM using  custom -designed la ye rs

custom cross -
attention

LLa MA-Ad a p te r
Cog VLM
I nte rnVL
m PLUG-Owl2

other custom 
layers

MoE-LLa VA
LI ON

47Lecture #1
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CL-DF: Cu s t o m  La y e r s

I np ut  m od a lit ie s a re  d e e p ly fuse d  into  the internal layers of the LLM using  custom -designed la ye rs

custom cross -
attention

LLa MA-Ad a p te r
Cog VLM
I nte rnVL
m PLUG-Owl2

other custom 
layers

MoE-LLaVA
LI ON

47Lecture #1
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CL-DF: Mo E- LLa VA (Dec 2024)

LLaVA – b y Microsoft ,  MoE-LLaVA – Pe king  Unive rsity: Mixture -of-Exp e rts  la ye r

Sta g e  1
a d a p t  visua l toke ns

48Lecture #1
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Sta g e  1
adapt visual tokens

vision model
CLI P-La rg e
(fo llowing  LLa VA-1.5)

language model
LLa MA /  Vicuna  / Qwe n… 

CL-DF: Mo E- LLa VA (Dec 2024)

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

48Lecture #1
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Sta g e  1
adapt visual tokens

Sta g e  2
m ult i-m od a l und e rsta nd ing  

CL-DF: Mo E- LLa VA (Dec 2024)

LLaVA – b y Microsoft ,  MoE-LLaVA – Pe king  Unive rsity: Mixture -of-Exp e rts  la ye r
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Sta g e  1
adapt visual tokens

Sta g e  2
m ult i-m od a l und e rsta nd ing  

Sta g e  3

m a ny LLa MAs!

CL-DF: Mo E- LLa VA (Dec 2024)

LLaVA – b y Microsoft ,  MoE-LLaVA – Pe king  Unive rsity: Mixture -of-Exp e rts  la ye r
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Mo E- LLa VA: Router

1 ha ve  E e xp e rts , e a ch e xp e rt  = FFN 

2 route r = line a r la ye r tha t  a ssig ns p rob a b ilit ie s to  e xp e rts

3 ca lcula te  we ig hte d  sum
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Ar ch it e c t u r e s

Early Fusion: Non-
Tokenized, NT-EF

3.2
Early Fusion



Hig h - le v e l Cla ss ifica t io n

1. Deep Fusion
deeply fuses multimodal inputs 

within internal layers

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

2. Early Fusion
multimodal inputs are fed to the 

model rather to its internals 

1.1. Standard
Cross-Attention 

(SC-DF) 

1.2. Custom
Layers (CL -DF) 

2.1. Non - tokenized
(NT-EF) 

2.2. Tokenized
(T-EF) 

Shakti N. Wadekar et al. The Evolution of Multimodal Model Architectures. 28 May 2024.
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NT-EF: No n - To k e n iz e d

Non-toke nize d  inp ut  m od a lit ie s a re  directly fed to the model ra the r tha n to  inte rna l la ye rs 

51Lecture #1
In t ro d u c t io n  t o  

MLLMs



NT-EF: No n - To k e n iz e d

Non-toke nize d  inp ut  m od a lit ie s a re  directly fed to the model ra the r tha n to  inte rna l la ye rs 

Q-Former: BLI P-2 , MiniGPT-v2
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NT-EF: No n - To k e n iz e d

Non-toke nize d  inp ut  m od a lit ie s a re  directly fed to the model ra the r tha n to  inte rna l la ye rs 

Q-Former: BLI P-2 , MiniGPT-v2

Custom layer: Qwen -VL , AnyMAL, 
Vid e o-Cha tGPT, Em b od ie d GPT
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NT-EF: No n - To k e n iz e d

Non-toke nize d  inp ut  m od a lit ie s a re  directly fed to the model ra the r tha n to  inte rna l la ye rs 

Q-Former: BLI P-2 , MiniGPT-v2

Custom layer: Qwen -VL , AnyMAL, 
Vid e o-Cha tGPT, Em b od ie d GPT

Linear / MLP: De e p Se e k-VL, LLa VA, 
LLa VA-Ne XT, Pa LM-E, Shikra

Perceiver resampler: Monke y, V*, 
Kosm os-G 
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NT-EF: Qw e n - VL (Oct 2023)
Alibaba Group,  9.6B parameters
vision model = Op e nClip  ViT-b ig G, language model = Qwe n-7B
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Stage 1: Pre t ra in ing
5B web data pairs → 1.4B

Alib a b a  Group ,  9.6B p a ra m e te rs
vision model  = Op e nClip  ViT-b ig G, language model = Qwe n-7B

NT-EF: Qw e n - VL (Oct 2023)
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Stage 1: Pre t ra in ing
5B web data pairs → 1.4B

Stage 2: Mult i-t a sk p re t ra in ing
hig h  q ua lity , ~80 M d a ta

Alib a b a  Group ,  9.6B p a ra m e te rs
vision model  = Op e nClip  ViT-b ig G, language model = Qwe n-7B

NT-EF: Qw e n - VL (Oct 2023)
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Stage 1: Pre t ra in ing
5B web data pairs → 1.4B

Stage 2: Mult i-t a sk p re t ra in ing
hig h  q ua lity , ~80 M d a ta

Stage 3: Sup e rvise d  Fine -tuning
inst ruct ions, 350k d a ta

Alib a b a  Group ,  9.6B p a ra m e te rs
vision model  = Op e nClip  ViT-b ig G, language model = Qwe n-7B

Qwen -VL-Chat

NT-EF: Qw e n - VL (Oct 2023)
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Ar ch it e c t u r e s

Early Fusion: Tokenized, T-
EF

3.2
Early Fusion



Hig h - le v e l Cla ss ifica t io n

1. Deep Fusion
deeply fuses multimodal inputs 

within internal layers

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

2. Early Fusion
multimodal inputs are fed to the 

model rather to its internals 

1.1. Standard
Cross-Attention 

(SC-DF) 

1.2. Custom
Layers (CL -DF) 

2.1. Non - tokenized
(NT-EF) 

2.2. Tokenized
(T-EF) 

Shakti N. Wadekar et al. The Evolution of Multimodal Model Architectures. 28 May 2024.
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T-EF: To k e n iz e d

I np uts a re  toke nize d using a common tokenizer or m od a lity sp e cific  toke nize rs 

encoder -decoder: Unifie d -I O, 4M

decoder -only: LaVIT , TEAL, 
CM3Le on, VL-GPT
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T-EF: La VI T (Mar 2024, ICLR)
LaVIT — La ng ua g e -Vision Tra nsfo rm e r b y re se a rche rs from  Pe king  & Kua ishou Unive rsity 

1. re p re se nt  two  m od a lit ie s in  a  
unifo rm  fo rm  to  e xp lo it  LLM’s 
next - token prediction

2. visua l toke nize r re turns 
se q ue nce  o f discrete visual 
tokens p osse ssing  word -like  
hig h-le ve l se m a nt ics 
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T-EF: La VI T (Mar 2024, ICLR)

input image

ViT 
encoder

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

visua l fe a ture s
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input image

ViT 
e ncod e r

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

token selector1

visua l fe a ture s

MLP la ye rs

-1
-2

1
2

3
-4

… logits

visual featuresvisual features

T-EF: La VI T (Mar 2024, ICLR)
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input image

ViT 
e ncod e r

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

visua l fe a ture s

token merger2

L = 12

T-EF: La VI T (Mar 2024, ICLR)
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input image

ViT 
e ncod e r

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

toke n se le cto r a nd  m e rg e r work 
tog e the r to  dynamically adjust the 
visual token sequence length to  
a ccom m od a te  im a g e s with d iffe re nt  
conte nt  com p le xity

visua l fe a ture s

T-EF: La VI T (Mar 2024, ICLR)
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input image

ViT 
e ncod e r

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

visua l fe a ture s

T-EF: La VI T (Mar 2024, ICLR)
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input image

ViT 
e ncod e r

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

visua l fe a ture s

q ua nit ize  

vector quantization

cod e b ook 
K = 16384

visua l toke ns

T-EF: La VI T (Mar 2024, ICLR)
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input image

ViT 
e ncod e r

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

visua l fe a ture s

q ua nit ize  

visua l toke ns

T-EF: La VI T (Mar 2024, ICLR)
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input image

ViT 
e ncod e r

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

visua l fe a ture s

q ua nit ize  

visua l toke ns

T-EF: La VI T (Mar 2024, ICLR)
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input image

ViT 
e ncod e r

vision model  = ViT-G/ 14  o f EVA-CLI P,    language model = LLa MA-7B

p a tche s

visua l fe a ture s

toke n se le cto r 
& m e rg e r 

visua l fe a ture s

q ua nit ize  

se m a nt ic fe a ture s

visua l toke ns

ca n t ra in toke nize r 
d e cod e r to  reconstruct
visua l fe a ture s!

T-EF: La VI T (Mar 2024, ICLR)
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semantic features

visua l toke ns

During  infe re nce , the  g e ne ra te d  visua l toke ns from  La VI T can be decoded
into  re a list ic  im a g e s by this U -Net!

Up  
Sa m p le

De no ising  
U-Ne t

re constructe d  
im a g e

cond it ioning

T-EF: La VI T (Mar 2024, ICLR)
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Co n clu s io n s

1

2

3

MLLMs seems to be a step towards AGI 
with lo ts o f inte re st ing  a p p lica t ions a nd  
cha lle ng e s 

Benchmarking MLLMs m a y b e  d one  via  
sta t ic  b e nchm a rks (a s in  CV or NLP) o r 
using  Are na s 

Classification of Mult im od a l Mod e ls: 
Deep (Op e nFla m ing o , MoE-LLa VA) & 
Early Fusion (Qwe n-VL, La VI T)

this is the end of 
the lecture

tomorrow is the 
another lecture
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