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LargeScale Vision & Language Models:

Architectures and Parallelism
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O Introduction to the MINERVA project

0 Introduction to LargesScale models in Vision, Language and Multimedia

3 SoTALargeScale Deep Learning architectures
3 For language, vision and multimodal Al
3 Scaling laws

O Tutorial on data and model parallelism

azald AYLRZNIIYyGfeéeX

O Not just give you information or pointers, but also practical channels and

Instructions to leverage HPC resources and/or assistance on how to get and (.!.)
use them. v

Your Swiss knife to HPC resourddkNNERVA

O«

MINERVA



OBJECTIVES
L ) ' .

MINERVA is distributed, Europeanwide HPCenabled Al
application support service (AISC)

A It brings togethedEuroHPHosting Entities and partners representing major Europea
stakeholders in Al.

A MINERVA acts as a central hub for cutiniye European competences in lasgmle
ML/AI research and development.

A It started in January 2025, and the project's duration is 36 months

12/01M0086 ﬁ 2025 Members of the MINERVA Consortium



What MINERVA
®

Establish and operate a Eurepade Support Centre.

Interact with Al communities through a User Advisory Board and Community Hub to identify needs &
update the MINERVA service portfolio.

Offer arich service portfolio covering more levels of support, aligned with the European need to rely
opensource foundation models.

Ensure models are developed according to ethical and responsible Al regulations.

Knowledge transfer Publishing best practice guides and user guidelines.
Benchmarking Evaluating model performance on different supercomputers
Data Access Providing information on access to public datasets.

Training Programs Providing training programs shaped by-eser feedback.
Community Hulx Supporting largecale opersource ML/AI research and
development on HPC.

12luliznze  © 2025 Members of the MINERVA Consortium
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We would like to know a bit more about you and your needs to use HPC.

Fill in the MNERVA survey at

https://docs.google.com/forms/d/e/1FAIpQLSeWdowBcycld9bMsh6BGcolZQj_pE
CPpoCsFI9Mdyf60Fcr68w/viewform

RS

MINERVA
This data will be used to organize and tailor other training events!



s
& MODENA E REGGIO EMILIA
>

Large-Scale Vision & Language Models:
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THE ATTENTION OPERA
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A new operator N Yt
Attention
Provides a way to focus on part of an input set. a F
Given a query and pairs of keys and values, K ll — f(a.k)
A Compute similarities between queries and keys '

softmax

A Normalizes similarities visoftmaxto obtain attention scores

A Multiplies values by the scores v __.Il
|
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scoring , -
function weights
'
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Mathematically, suppose that we have a query @ € R? and m key-value pairs (ky, vy),. .., (ky, Vi), where any k; € R* and
any v; € R”. The attention pooling f is instantiated as a weighted sum of the values:

f(q} (kl,V1), Ceey (km? V-m)) = Z &(q? k!,_)vi c R, (10.3.1)

i=1
where the attention weight (scalar) for the query q and key k; is computed by the softmax operation of an attention scoring
function a that maps two vectors to a scalar:

a(q,k;) = softmax(a(q, k;)) = exp(a(q, ki) c R. (10.3.2)

> i1 exp(a(a, k;))
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Attention W e on
Attention
Provides a way to focus on part of an input set. a F
Given a query and pairs of keys and values, K ll — f(a.k)
A Compute similarities between queries and keys '

softmax

A Normalizes similarities visoftmaxto obtain attention scores

A Multiplies values by the scores v __.Il
|

Similarity function sum
A Additive attention, e.g. Wtanh(w,q +wk)
A Dot-product attention

a(q,k) =q'k/vd

10
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Dot-product attention

DutPruduL Attention(nn.Module):
aled dot product attention.™™"
**kwargs):

Attention, self). init (**kwargs)

m |r'||

__1n1t__(belf,
super({DotProduct;

forward(self, queries, keys, values,

d = queries.shape[-1]
= torch.bmm(queries, keys.transpose(1, 2)) / math.sqrt(d)

scores
self.attention weights = torch.softmax(scores)

return torch.bmm(self.attention weights, values)




Convolution vs SeHttention L s
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.d. O Sutpulsdiuence
. Input sequence

1D Convolution

- - Output sequence

Input sequence
(i.e. queries, keys,
values)

Self Attention

GawSFAYSE SIHOK St SYSyl ..

treating it asquery, and the whole sequence as

keys and values.

Actually: queries, keys and values are three
different linear projections of each element of
the input sequence.

Receptive field is infinite!

Constant path length between two different
positions

Trivial to parallelize during training!

SelfAttention

12
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CNNs vs RNNs vs Sdtention
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Self-attention




Multi-head Sekattention Wy o
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0 Linearly project the input sequendetimes with different weights, instead of doing this only once.
0 To From a sequence with lengthwe obtain:
3 Q matrix of queries,i(, T, d,)
3 K matrix of keys,i{, T, d)
3 V. matrix of valuesn, T, d,)
O ApplyscaleddetIN2 RdzO( | GaGSyuAzy 20SN) SIF OK aKSI Ré& 0
0 Concatenate the result and project back to a lower dimensionality
MultiHeadQ, K, V) =Concathead> X Z)WRSI| R
where heag= AttentionQi], Ki], Vi])
0 Can be done in parallel, with batched matrix multiplication.



Positional encoding

O Selfattention is permutation invariant
3 Given a query, if we change the order of keys and values, result does not change.

3 Ok for encoding sets. Not for sequences or images....
To useorder information, we can inject absolute or relative positional information by adding

positional encoding to the input representations.
Positional encodings can be learned (simpieParametey or fixed. In the original Transformer, they
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were defined as sinusoids. With this, attention can capture both absolute and relative positional
information (i.e. distances between items!). Now, many more alternatives (e.g. relative, Rotary,

ALIB)

Suppose that the input representation X & R™*? contains the d-dimensional embeddings for n tokens of a sequence. The

positional encoding outputs X + P using a positional embedding matrix P € R™ % of the same shape, whose element on the

i'™ row and the (27)™ or the (2 + 1) columniis

Pi2; — sin (

Pi2j+1 — COS (

10000%/4
i

100002%//4

),
)

1.0 A1

0.5 A

0.0 -

—0.5 A

_1.0 .

- Ccné.\
== Col 7\,

Col 8
Col 9

\

10
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Row (position)



A SeMattentive language model for translation e UNIMORE
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Decoder

Encoder FC

Uses sethttention on its input pintets skl ‘.
. . . Add & norm [
Multiple attention layers stacked together (widdd+norn) i I |
" . |
and feedforward layers (linear layers applied timewise). — e :
I y S
Rt 'I ---- \ i Add & norm [y :
Decoder ! > Add & norm ! | 4 :
. [} | Muti-head | Xn
Selfattention on words | [Posorwma] | | | [Lattentin | | !
: _ : FFN . R N !
Crossattention on encoder outputs: use decoder sequences | 7 T e |
. n X | norm [y |
as queries, encoder outputs as key/values. i ~ Addf; norm i | : |
Masked
! Multi-head | | i multhead |
| attention | , attention :
R O N W S P
e[ Ot
Embedding Embedding
t t
Sources Targets

VaswaniA.,ShazeerN.,Parmar N.,UszkoreitJ., Jones, L., Gomez, A. N.,Rol&sukhinl. Attentionisallyouneed In NIPS 2017. 16
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Training Transformers
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Architecture + Training = Model

0 A model expresses different properties depending on how it I
trained

O Like nature vs. nurture, both impact what the model does

0 Training is what influences parameters
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A Early worksTaskd LJS OA UO | NI sharesl @ardizNd®ia representations
A BERT: Pretraining and Fine tuning
A GPT3: One/Few shot learning

19



Numbers of Parameters (in Millions)

Trend: the bigger, the better
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175 Billion Parameters!
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number of network parameters

x10°
GPT-4%
1000 A
JPALM
PT-3 Goghe:’TB 5 Bl
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Projections of the stock of public text and data usage

Effective stock (number of tokens)
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Z EPOCH Al

Estimated stock of human- J
10" F
108 e e T
Dataset sizes used to train -----------------
notable LLMs; 95% CI e
1013 | ‘_,.--""'
...... DBRX" ~2028
,,,,,,,,,, _Falcon-180B Median date of full
-------- stock use; 80% ClI
1012 L e
~2027
GPT-3 7 Median date with 5x
10M L overtraining; 80% ClI
2020 2022 2024 2026 2028 2030 2032 2034

Year
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Scientific problem: How does model performance change with increasing scale?
Engineering importance: Training frontier models costs millions of dollars
0 Safety importance: Models are black boxes with often unexpected capabilities

O« O«



Scaling Laws for Neural Language Models, gy ; UNIMORE

Kaplan et al. 2020

Main RQ:What is the relationship between compute, data, the number of parameters, and performanct
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Kaplan et al., 2020 Main Idea .: UNIMORE
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Train models of vastly different scale (data, compute, params) and find the loss is predictably relat
to the scale

Offer a predictive framework

They make certain recommendations based on the scaling laws
3 Ratio between parameters and data
2 52yQ0 OUNIXYAYy (2 O2y@SNHSYOS
3 Critical batch size

O« O«
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1. Performance depends strongly on scale, weakly on model shape

2. Performance scales with each of compute (C), data (D), and # of parameters (N) when not
bottlenecked by the other two

3. Performance improves predictably if we scale N and D in tandem, but suffers diminishing returns i
or D is held fixed

4. Training curves are predictable, so we can (roughly) predict the final loss by extrapolating the earl
part of the training curveregardlessgh) of model size

5. We can predict how well the model will perform on OOD data by looking at the training validation
accuracy

6. Large models are more sample efficient than small ones

7. Convergence is inefficient!

8. The ideal batch siz& ( ) is roughly a power of the loss only
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TRANSFORMERS FOR VI




ldea:StandardTransformeion Pixels

Treatanimageasa
setof pixelvalues

- T
N3
N

g

W

!
HE B

I

I I ! !
LayerNormalization
b
I | I I
MLP| | MLP MLP| | MLP
1 1 1 |
LayerNormalization
:
SeltAttention
t t t t
1 I ! !

Feedasinputto
standardTransformer

Chenetal, i Ge n e rPaetrainmgefrom P i x elCML @020
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ldea:StandardTransformeion Pixels

Treatanimageasa
setof pixelvalues

- T
N3
N

g
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HE B

I

I I ! !
LayerNormalization
b
I | I I
MLP| | MLP MLP| | MLP
1 1 1 |
LayerNormalization
:
SeltAttention
t t t t
1 I ! !

Feedasinputto
standardTransformer

Chenetal, i Ge n e rPaetrainmgefrom P i x elCML @020
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Problem:Memoryuse!

Rx RimageneedsRk
elementsper attention
matrix
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Treatanimageasa

setof pixelvalues ! ! | ' T Problem:Memoryuse!
‘ LayerNormalization
” | | | | RX leageneedsR_4
i e vmeel Tmee! [veel [vop elern_entsperattentmn
Ty t f f f matrix
LayerNormalization
qIa R=12848layers,16
| headsperlayertakes
N L - SorAtenton [ 768GBof memoryfor
B B ] t 1 t t attention matricesfor a
Feedasinputto singleSEI| YLJ SX
standardTransformer ‘

Chenetal, i Ge n e rPaetrainmgefrom P i x elCML 8020
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ldea: Standard Transformer on Patches IR A

Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image RecognitionatS ¢ a |IEGLR 2021 useunderaPixabayicense
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ldea: Standard Transformer on Patches IR A

Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image RecognitionatS ¢ a |IEGLR 2021 useunderaPixabayicense
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ldea: Standard Transformer on Patches IR A

Ninput patcheseach = fﬁ Wye - |
of shape3x16x16 E j -’ -
Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |1@LR 2021 useunderaPixabaylicense
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ldea: Standard Transformer on Patches

Linearprojectionto

D-dimensionaklector I k 1
N input patcheseach E ., = i W

of shape3x16x16

Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |1@LR 2021 useunderaPixabaylicense
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Addpositional [ [ [
embeddingiearnedD-

dim vectorper position + + +
Linearprojectionto ] ]
D-dimensionakector I

N input patches,each
of shape3x16x16 g a__

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |I@LR 2021

Catimageisfree for commercial
useunderaPixabayicense



|dea:Standardl ransformeion Patches

Outputvectors

Exactsameas
NLPTransformer!

Addpositional
embeddingiearnedD-
dim vectorper position

Lineamrojectionto
D-dimensionalector

N input patches,each
of shape3x16x16

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |I@LR 2021
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Catimageisfree for commercial
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|dea:Standardl ransformeion Patches

Outputvectors

Exactsameas
NLPTransformer!

Addpositional
embeddingiearnedD-
dim vectorper position

Lineamrojectionto
D-dimensionalector

N input patches,each
of shape3x16x16
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Transformer

|

I

+

I i

E
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E
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Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |I@LR 2021
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Speciakextrainput:
classificationtoken
(Ddims,learned)

Catimageisfree for commercial

useunderaPixabayicense
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Outputvectors

RN MUz,
SN &{,}
g
%,

§ UNIVERSITA DEGLI STUDI DI
g MODENA E REGGIO EMILIA
&

1175

Linearprojection
to Gdim vector
of predicted
classscores

Exactsameas
NLPTransformer!

Transformer

|

Addpositional [
embeddingiearnedD-
dim vectorper position +

Linearprojectionto ]
D-dimensionalector 1

N input patches,each \
of shape3x16x16 ‘_‘

I

+

4+

.

E
]

|
4

|

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |I@LR 2021

Speciakextrainput:
classificationtoken
(Ddims,learned)

Catimageisfree for commercial

useunderaPixabayicense
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VisionTransformeir(ViT) “nly: UNIMORE

Computervisionmodel Linearprojection
with no convolutions! to Gdim vector
of predicted
Outputvectors classscores
Exactsameas
NLPTransformer! { Transformer }
Addpositional [ [ [ [ |: [ [ [ [ D Spec.ia.llext.ra input:
embeddingiearnedD- Clas_slflcatlontoken
+ + + + + + (Ddims,learned)

dim vectorper position +

i

Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |1@LR 2021 useunderaPixabaylicense

Lineamrojectionto
D-dimensionalector

N input patches,each
of shape3x16x16




VisionTransformer(ViT) “nly: UNIMORE

g MODENA E REGGIO EMILIA
¥

Computervisionmodel  Notquite: With patchsizep, first Linearprojection
with no convolutions! layeris Conv2D(pxp3->D,stride=p) to Gdim vector
of predicted
Outputvectors classscores
Exactsameas
NLPTransformer! { Transformer }
Addpositional Speciakextrainput:
embeddingiearnedD- [ [ [ [ [ [ [ [ [ D classificationtoken
dimvectorperposition ~ t + + + + + + (Ddims,learned)
Lineamrojectionto ]

D-dimensionalector

N input patches,each
of shape3x16x16

Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |1@LR 2021 useunderaPixabaylicense
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Computervisionmodel  Notquite: MLPsn Transformer Linearprojection
with no convolutions! arestacksof 1x1convolution to Gdim vector
of predicted
Outputvectors classscores
Exactsameas
NLPTransformer! { Transformer }
Addpositional Speciakextrainput:
embeddingiearnedD- [ [ [ [ [ [ [ [ [ D classificationtoken
dimvectorperposition ~ t + + + + + + (Ddims,learned)
Lineamrojectionto ]

D-dimensionalector

N input patches,each
of shape3x16x16

Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image Recognitionat S ¢ a |1@LR 2021 useunderaPixabaylicense
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In practice:take224x224nputimage, Eachattention matrixhas14*=38,416
divideinto 14x14grid of 16x16pixel entries,takes150KB
patcheg(or 16x16grid of 14x14patches)  (or 65,536entries,takes256KB)

Linearprojection
to Gdim vector
of predicted

embeddingiearnedD-
dim vectorper position

Outputvectors classscores
—xacsameas Transformer
NLPTransformer!
Addpositional Speciakextra input:
[ [ [ D classificationtoken
+ + +

(Ddims,learned)

i i

Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image RecognitionatS ¢ a |IEGLR 2021 useunderaPixabayicense

Lineamrojectionto
D-dimensionalector

N input patches,each
of shape3x16x16
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embeddingiearnedD-
dim vectorper position

VisionTransformei(ViT) WY g
In practice:take224x224nput image, With 48layers,16 headsper _ o
divideinto 14x14grid of 16x16pixel layer,all attention matrices ngg_rpro;ectuon
patches(or 16x16grid of 14x14patches) take 112MB (or 192MB) ;‘; p;e'é?c‘t’:gtor
Outputvectors classscores
Cxackameas Transformer
NLPTransformer!
Addpositional Speciakextra input:
[ [ [ D classificationtoken
+ + +

(Ddims,learned)

i i

Catimageisfree for commercial

Dosovitskiy et al, i Almage is Worth 16x16 Words: Transformers for Image RecognitionatS ¢ a |IEGLR 2021 useunderaPixabayicense

Lineamrojectionto
D-dimensionalector

N input patches,each
of shape3x16x16
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ImprovingViT:Distillation . UNIMORE

P(cat=0.9 Cross GTlabel:

— Entropy «—
P(dog)r0.1 Loss Cat

Stepl: Trainateacher
modelonimagesand
groundtruth labels

Hintonetal,& 5 A a thékihoivigdgeh aneuraly” S (i ¢ NbLXIED®eeplLearningandRepresentationearningNorkshop,2015
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Stepl: Trglnateacher P(cat)=0.9 Cross GTlabel
modelonimagesand P(dog)=0.1 — ENtropy «— Cat
grouncHruth labels = e Loss

Step2: Traina P(cat=0.1

—— KLDivergencd.oss

studentmodelto P(dog)x=0.9
matchpredictions T
fromthe teacher |

P(cat=0.2

P(dog)=0.8

Hintonetal,& 5 A a thékihoivigdgeh aneuraly” S (i ¢ NbLXIED®eeplLearningandRepresentationearningNorkshop,2015
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Stepl: Trglnateacher P(cat)=0.9 Cross GTlabel
modelonimagesand P(dog)=0.1 — ENtropy «— Cat
grouncHruth labels = e Loss

Step2: Traina P(cat=0.1

—— KLDivergencd.oss

studentmodelto P(dog)=0.9 T
matchpredictions

fromthe teacher | Cross
(sometimesalsoto P(cat0.2 ENtropy — GTlabel:
matchGTlabels) P(dog)=0.8 L oss Dog

Hintonetal,& 5 A a thékihoivigdgeh aneuraly” S (i ¢ NbLXIED®eeplLearningandRepresentationearningNorkshop,2015



Improving VIT:

Distillation
Stepl: Trainateacher
modelonimagesand
grouncHruth labels

Step2: Traina
studentmodelto
matchpredictions
from the teacher

Oftenworksbetter than

trainingstudentfrom scratch UN"V'ORE
(especiallyf teacheris
biggerthan student)
Cross
P(cat=0.9 GTlabel:
— Entropy —

P(dogFo.1 Loss Cat

P(cat}=0.1 |

P(dog)=0.9 > K'—D'Ver?enCeLoss

P(cat)=0.2

P(dog)=0.8

Hintonetal,& 5 A a thékihoivigdgeh aneuraly” S (i ¢ NbLXIED®eeplLearningandRepresentationearningNorkshop,2015
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|mprOVing VlT unlabeleddata! (Sem LB R

supervisedearning)

o Dlic'}‘,tillattiorg -

epL. tranateacher P(cat=0.9 ros5S GTlabel:
modelonimagesand — Entropy «—

P(dog)r0.1 Cat

grouncHruth labels Loss
Step2: Traina P(cat=0.1 .
studentmodelto P(dog)=0.9 KLDlverg;enceLoss
matchpredictions
fromthe teacher | Cross
(sometimesalsoto P(catj0.2 ENtropy — GTlabel:
matchGTlabels) P(dog)y=0.8 L oss Dog

Hintonetal,& 5 A a thékihoivigdgeh aneuraly” S (i ¢ NbLXIED®eeplLearningandRepresentationearningNorkshop,2015



ImprovingVIT:Distillation

Stepl: Trainafeacher
CNNon ImageNet

Step2: Traina
studentVilto match
ImageNepredictions
from the teacherCNN
(andmatchGTlabels)

Touvromet al, & ¢ NJ dataaffi€ientimagetransformers& distillationthroughl (0 S yIGML20g71¢

S UNIVERSIT
& MODENA E REGGIO EMILIA
<>

Cross

P(cati=0.9 oy o CGTiabel:
P(dog)=0.1 Loss Cat
Izgggg;odlg —— KLDivergence.oss
PatF02 " Cliabel
P(dog)=0.8 Lossy DOg
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ImprovingVIT:Distillation e S il
classscores: shouldmatch
shouldmatch teacher
groundtruth

Outputvectors

{ Transformer }
PositionaEmbedding [ D |:|
+ . . .
Classification Distillation
Linearprojection ] token token

Input patches g

Touvromet al, & ¢ NJ datgafficiehtimagetransformers& distillationthroughl G G S yIGML20g1¢ >
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VITvsCNN

Stages:
256x14x14

Stage?:
128x28x28

Stagel.:
64 x56x56

Input:
3X224x 224

In most CNNgincluding
ResNets)lecreaseaesolution
andincreasechannelsaasyou
godeeperin the network
(Hierarchicahrchitecture)

Usefulsinceobjectsin images
canoccuratvariousscales

In a VIT,all blockshave
sameresolutionand
numberof channels

(Isotropicarchitecture)
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3rd block:
768x14x14

2nd block:
768x14x14

1st block:
768x14x14

Input:
3xX224x224



VITvsCNN

Stages:
256x14x14

Stage?:
128x28x28

Stagel.:
64 x56x56

Input:
3X224x 224

In most CNNgincluding
ResNets)lecreaseaesolution
andincreasechannelsaasyou

godeeperin the network

(Hierarchicahrchitecture)

Usefulsinceobjectsin images

canoccuratvariousscales

In aVIT,all blockshave

sameresolutionand

numberof channels

(Isotropicarchitecture)

Canwe build a hierarchicalViTmodel?

I 1
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3rd block:
768x14x14

2nd block:
768x14x14

1st block:
768x14x14

Input:
3xX224x224
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HierarchicaViT:SwinTransformer 4. UNIMORE
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Liu et al, A S wTransformer: Hierarchical Vision Transformer using Shifted Wi n d o @\éPR 2021
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HierarchicaViT:SwinTransformer

2
)
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4 4 8 8
7 Stagel v o7 Smge2
1 1
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TN EE | :
H 1 g . 1 ! Eb . |
21 | & Swin L Swin :
Images P & —> E] > Transformer—':—:-) = > Transformer [+
S| » Block |5 Block i
1 S L = I
a |l = I : =~ I
2] X o1y - 2!
‘. X2 IR ‘\ X2 7
Divideimageinto 4x4 Merge2x2
patchesandproject neighborhoods;
to Cdimensions now patchesare
(effectively)8x8

Liu et al, A S wTransformer: Hierarchical Vision Transformer using Shifted Wi n d o @\éPR 2021
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HierarchicaViT:SwinTransformer
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groupsof
2x2features
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HierarchicaViT:SwinTransformer N e
0 W .0 W H/4
Cx_", 20X x
4 = 4 8 8
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211 | 2 Swin 1! o Swin I f
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(effectively)8x8 °C 2Cchannels
(1x1conv)

Liu et al, A S wTransformer: Hierarchical Vision Transformer using Shifted Wi n d o @\éPR 2021 W/8
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Swin Transformer: Window Attention W) e

With Hx W grid of tokens, eachattention
matrix is H\W?2 ¢ quadraticin imagesize

Liu et al, A S wTransformer: Hierarchical Vision Transformer using Shifted Wi n d o @\éPR 2021
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With Hx W grid of tokens, eachattention
matrix is H\W?2 ¢ quadraticin imagesize

Ratherthanallowingeachtoken to attend
to all other tokens,insteaddivideinto
windows of M x M tokens(hereM=4);only
computeattention within eachwindow



SwinTransformerWindowAttention ‘nly: UNIMORE

Liu et al, A S wTransformer: Hierarchical Vision Transformer using Shifted Wi n d o @\éPR 2021

With Hx W grid of tokens, eachattention
matrix is H\W?2 ¢ quadraticin imagesize

Ratherthanallowingeachtoken to attend
to all other tokens,insteaddivideinto
windows of M x M tokens(hereM=4);only
computeattention within eachwindow

Totalsizeof all attention matricesis now:
M4(H/M)(W/M) = M2HW

Linearin imagesizefor fixed M!
SwinusesM=7throughoutthe network
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Swin Transformer: Window Attention

Problem tokensonly interactwith other tokenswithin
the samewindow:; no communicatioracrossvindows

Liu et al, A S wTransformer: Hierarchical Vision Transformer using Shifted Wi n d o @\éPR 2021
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SwinTransformer&hifted Window Attention

Solution Alternatebetweennormalwindowsandshifted
windowsin successivé ransformeblocks

Uglydetail:
Non-square
S windowsat
edgesand
corners

BlockL:Normalwindows BlockL+1:ShiftedWindows

Liu et al, A S wTransformer: Hierarchical Vision Transformer using Shifted Wi n d o @\éPR 2021



SwinTransformer&hifted Window Attention

BlockL:Normalwindows BlockL+1:ShiftedWindows

Liu et al, A S wTransformer: Hierarchical Vision Transformer using Shifted Wi n d o @\éPR 2021
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Detalil:RelativePositionaBias

ViTaddspositionalembeddingo
Input tokens,encodesabsolute
positionof eachtokenin the image

Swindoesnot usepositional
embeddingsinsteadencodes
relativepositionbetweenpatches
whencomputingattention:

Attentionwith relativebias:
s o (OO Y
0 = "¢'@a um(— + o) W
N VO
0,0, D 2 x O (Query,Key,Value)
0:0 2 x 0 2 (learnedbiases)
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ObjectDetectionwith TransformersDETR “: UNIMORE

Simpleobjectdetectionpipeline:directly output a setof boxesfrom a Transformer
Noanchorshoregressiorof boxtransforms

Match predictedboxesto GTboxeswith bipartite matching;trainto regresfoxcoordinates

transformer
CNN —> encoder-
decoder

set of image features

Carionet al, & 9 yloRENdObjectDetectionwith ¢ NI y & T ECI2820H ¢ =
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Object Detection with Transformers: DETR 7% s

CNN

transformer
encoder-
decoder

set of image features

|
set of image features:

Carionet al, & 9 yloRENdObjectDetectionwith ¢ NI y & T ECI2820H ¢ =

--="2- no object (o)

vd -
7’ P ’/
7 7
7 v

no object (o)




Object Detection with Transformers: DETR

CNN

transformer
encoder-
decoder

RN MUz,
SN "¢ )
7
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set of image features

Carionet al, & 9 yloRENdObjectDetectionwith ¢ NI y & T ECI2820H ¢ =




MM
o8

S o UT’(V&.'
“wi = UNIMORE
i =
2 -

UNIVERSITA DEGLI STUDI DI

Object Detection with Transformers: DETR ™% s

.--~".-= no object (o)

-
7’ P ’/
7 7
7 v

no object (o)

transformer
CNN — encoder-
decoder

set of image features

_______________ I BT e S

backbone ! encoder

:.[EIEIEII%I_I%ID---D}\

1L
L
|

! transformer
' encoder
|
| A A 4 A 4 4
: ooon )
|
|

Carionet al, & 9 yloRENdObjectDetectionwith ¢ NI y & T ECI2820H ¢ =
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Object Detection with Transformers: DETR 7% s

no object (o)

transformer
CNN — encoder-
decoder

set of image features

object queries

i backbone ! encoder | decoder I
| setof image features:i ¥ |
:  @EOOEE O ?/?;\
: | transformer : ' transformer |
- encoder I decoder !
: Doog-0 | oo |

Carionet al, & 9 yloRENdObjectDetectionwith ¢ NI y & T ECI2820H ¢ =
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Object Detection with Transformers: DETR W] e

--="2- no object (o)

’
s ”, ’a'
7 7
/v

no object (o)

transformer
CNN — encoder-
decoder

set of image features

backbone E: encoder decoder "rprediction heads

FFN

FFN |

..[DEIEII%I_I?L‘J---D

transformer
decoder

transformer

encoder

S EE ) dodd

FFN |

Carionet al, & 9 yloRENdObjectDetectionwith ¢ NI y & T ECI2820H ¢ =
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MULTIMODAMODELS




Whatis multimodality?

multimodal adjcctive

mul-ti-mod-al ( mel-té-mo-d°lwy ) - 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 amodtly focus on images as the other modality.
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Multimodal is hot right now

..and/but has beenin t hegtbigt h i forgloost a decade!

Language Is Not All You Need: Aligning Perception
with Language Models

Shaohan Huang; Li Dong, Wenhui Wang; Yaru Hao; Saksham Singhal;’ Shuming Ma*
Tengchao Lv, Lei Cui, Owais Khan Mohammed, Qiang Liu, Kriti Aggarwal, Zewen Chi
Johan Bjorck, Vishrav Chaudhary, Subhojit Som, Xia Song, Furu Weif
Microsoft



CLIPModelsand TrainingComplexity
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ATextencoder:
A 12-layer Transformemith causaimask

Almageencoder:
A ResNefamilies:RN50RN101RN50x4,
RN50x16RN50x64
AViTfamilies:ViTFB/32,ViTB/16,ViTL/14

Radfordet al. "LearningTransferable/isualModelsFromNaturalLanguagd dzLJS NJAGML2021y € <
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Visionlanguagemodels:Contrastivdearning “lhy: UNIMORE

A Contrastiverainingto bridgethe imageandtext embeddingspaces
AMakingembeddingof (image,text) pairssimilarandthat of non-pairsdissimilar

AThisembeddingspaceis superhelpful for performingsearchesicrossnodalities
A Canreturn the bestcaptiongivenanimage

A Hasimpressivecapabilitiesfor zeroshotadaptationto unseen tasks, withouhe needfor
fine-tuning

Radfordet al. "LearningTransferable/isualModelsFromNaturalLanguagd dzLJS NJAGML2021y ¢ =



CLIP/ariants

AObijectivefunction or pretraining

A CombiningCLIRwvith labelsupervision
(BASIAJnICLLIT MOFI)
A Contrastivet selfsupervisedmage

representationlearning

A Contrastivet Seltsupervlisednethodslike
SIMCLIRSLIPDeCLImCLIP)

A Contrastvet MaskedimageModeling(EVAEVA
02, MVP)

AFinegrainedmatchingloss(FILIP)

ARegionlevelpretraining(RegionCLIFLIP)

A Sigmoid los$or languagemagepre-trainin
(SigCLIP)

SRUM MU,
S “),
& alk L

. 1INTI nﬂ.f)F{EE
Instead of the softmax-based contrastive loss, we pro-

global normalization factors. The sigmoid-based loss pro-
cesses every image-text pair independently, effectively turn-
ing the learning problem into the standard binary classifica-
tion on the dataset of all pair combinations, with a positive
labels for the matching pairs (/;, ;) and negative labels for
all other pairs (1;, T ;). It is defined as follows:

|B| |B|

1
|B|Zzlog1—|—ez%

i=1 j=1

1
i(—txiy;+b)
£,

where z;; is the label for a given image and text input, which
equals 1 if they are paired and —1 otherwise. At initial-

ization, the heavy imbalance coming from the many nega-
tives dominates the loss, leading to large initial optimization
steps attempting to correct this bias. To alleviate this, we
introduce an additional learnable bias term b similar to the
temperature t. We initialize ¢" and b to log 10 and —10 re-
spectively. This makes sure the training starts roughly close
to the prior and does not require massive over-correction.
Algorithm 1 presents a pseudocode implementation of the
proposed sigmoid loss for language image pre-training.

Algorithm 1 Sigmoid loss pseudo-implementation.

6 t = exp(t_prime)
zimg = 12_normalize (img_emb)
s ztxt = 12_normalize (txt_emb)
» logits = dot(zimg, ztxt.T) = t + b
0 labels = 2 « eye(n) - ones(n) # -1 with diageonal 1
111 = —sum(log_sigmoid(labels * logits)) / n

. . . - STUDID
pose a simpler alternative that does not require computing > em

LIA
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Next Token

SimVLM B

Language Model
Slowly moving from contrastive/discriminative to generative. it .
running happily on a dirt road </s>

GRS L || SES, NI R |

Transformer Encoder s Transformer Decoder
i B T T i ik i g T
E] @ @ E] <s> running happily on a dirt road

[xp1](xp2] [xp3] (xpa] [xp5] [xp6)(xp7] [xp8) [xpe]  [xt1] [xt2] [xt3] [xta] [xts]
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Conv Stage Token Embedding

T T
Bl o o o) ] Gogs
E]E] positional embedding
2=
- patch/text embedding

Wangetal.,& { A Y $Simple¥isualLanguagéModel Pretrainingwith Weak{ dzLJS NJAGLIRORY ¢ >
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AUse mixed imagetext and imagelabel mage Unimodal
(JFI3B)datafor pre-training 5 1
image text
AA generative branch for enhanced s g ) o ekl 1
performance and enablingnew capabilities i e o e A
(imagecaptioningand VQA) — Multimodal
W’ Text Decoder
. . ttentional li cls-token
ACoCaaimsto learn a better imageencoder Py . et
from scratch Image Unimodal
Encoder Text Decoder
1 | R S
i i, O N o o [s] two dogs runningin a field [CLS]

“two dogs running in a field” } pairs

4

image text
Yuetal.,d / 2 CdnthMastivecaptionersare imagetext foundationY 2 R S2082 =
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CoCaContrastiveCaptioner “wly: UNIMORE
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AUsemixedimagetext andimagelabel (JFT3B) s
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e 8 o
_ " Multimodal
A A generativebranchfor enhancedperformance W Text Decoder
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image text

Yuetal.,d / 2 CdnthMastivecaptionersare imagetext foundationY 2 R S2042 =
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CoCa&Architecture . UNIMORE

A Unifiedsingleencoder,dualencoder,and
encoderdecoder paradigms

two dogsrunning in a field [/s]

A oneimagetext foundationmodelwith the O R A O
capabilitiesof all three approaches . Multimodal
W’ Text Decoder
A Crossattention is omitted in unimodaldecoder  [awentonaipooing | dle-token
layersto encodetext-only representations Image Unimodal
Encoder Text Decoder
1 (sl s S

AMultimodal decodercrossattendingto image ©o00000000000 Bl two dogs rumingin a  fied [CLS]
encoder outputgdo learnmultimodal
representations.

Yuetal.,d / 2 CdnthMastivecaptionersare imagetext foundationY 2 R S2042 =
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Algorithm 1 Pseudocode of Contrastive Captioners architecture.

image, text.ids, text.labels, text.mask: paired {image, text} data
con_query: 1 query token for contrastive embedding
cap_query: N query tokens for captioning embedding
cls_token_id: a special cls_token_id in vocabulary

HHHH

def attentional_pooling(features, query):
out = multihead_attention(features, query)
return layer_norm(out)

img_feature = vit_encoder(image) # [batch, seq_len, dim]
con_feature = attentional_pooling(img_feature, con_query) # [batch, 1, dim]
cap_feature = attentional_pooling(img_feature, cap_query) # [batch, N, dim]

ids = concat(text.ids, cls_token_id)
mask = concat(text.mask, zeros_like(cls_token_id)) # unpad cls_token_id
txt_embs = embedding_lookup(ids)
unimodal_out = lm_transformers(txt_embs, mask, cross_attn=None)
multimodal_out = lm_transformers(

unimodal_out[:, :-1, :], mask, cross_attn=cap_feature)
cls_token_feature = layer_norm(unimodal_out)[:, -1:, :] # [batch, 1, dim]
con_loss = contrastive_loss(con_feature, cls_token_feature)
cap_loss = softmax_cross_entropy_loss(

multimodal_out, labels=text.labels, mask=text.mask)

vit_encoder: vision transformer based encoder; 1m_transformer: language-model transformers.
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A small red boat on the water
it % T ¢ 48 i
% Frozen

Kind of like MMBT but with a better LLM (T5) and a 4 Self Aenton Layes

T

T

better vision encoder (NF-ResNet). e ) ) ) B B0

0 S N O A i

)(
i

)
T

Yo vision || 97 Language Model

Multi-Modal Few-Shot Learners! £ Text Embedder

% Frozen

[

‘ A small red boat o

Blue <EO0S> Steve Jobs ’ <EO0S> This is a dax . <EO0S>
1 t t t t t t t t
Self Attention Layers Self Attention Layers Self Attention Layers

T

|
Ll UJ_[,J_HJ.LL_U_L.L]J.TLLLLLLL‘L_J CLOCCCOC e e ereere ey aqqqqy )
T [ [
s

Vision Text Vision Text Vision Text Text Vision Text
Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder Encoder Embedder Embedder

Vision
Encoder
i Question: Q: Who Q: Who This 15 a This is a Question:
B \hat colour invented invented dax. blicket. What is
f is the car? this? A: this? A: this?
Answer: The Wright Answer:
brothers.

(a) 0-shot VQA (b) 1-shot outside-knowledge VQA (c) Few-shot image classification
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T

T



FlamingaAlayracet al., 2022)

80b param model
Multi-image.

Performance relative to SOTA

i
RareAct 100%
Nextor TN

iVOA - a34x% 128%
Flicksod  ETEEN
STAR 100% :. 107%
MSVDQA 73% _ 109%
OKVQA - 80% I 106%
HatefulMemes i 88% .i93%
VizWiz 87%
VATEX 86%
VQAv2 48% 84%

coco | 22%
visbial 15+

@ Flamingo
MSRVTTQA | 24% BEETS 32 Shots
Previous
TextVQA 66% zero [ few
shot SOTA
YouCook?2 62%
% 50% 100% 150%

based on Chinchilla.

HatefulMemes (multimodal hateful content classification)

INPUT OUTPUT
Image + OCR Hateful Classification

LUV T WY

=7

YOU SMELL TORRY

VizWiz (visual question answering for the blind)

INPUT OUTPUT

Image + question Answer
Plez;llse canh Butternut squash
yotuhitseit;n:\ ;v:o ok red pepper soup

VATEX (event captioning)

INPUT OUTPUT
Video Event description

A kid performing

a kickflip with
a skateboard

a flamingo. They are found in the Caribbean

I

Perceiver
Resampler

®

LM Block

1

GATED XATTN-DENSE

I

Vision
Encoder

This is a chinchilla.

They are mainly
found in Chile.

This is . .

Ll 2
This is a shiba. This is

They are very
popular in Japan.

. Pretrained and frozen

. Trained from scratch
during Flamingo training
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Perceiver Resampler

Attention

L wen ||

@
g

sttt | 111

flatten

Learned
latent
queries

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."""

# Add the time position embeddings and flatten.
x_f = x_f + time_embeddings
x_f = flatten(x_f) # [T, S, d] -> [T * S, d]
# Apply the Perceiver Resampler layers.
for 1 in range(num_layers):
# Attention.
X = x + attention_i(g=x, kv=concat([x_f, x]))
# Feed forward.
x = x + ffw_i(x)

return x
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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 @.

I I
1 ]
1 I
| '
1 ]
I I
] ]
1 I
I I
] ]
1 I
| ]
i i ;[
! ]
: E . : """Applies a GATED XATTN-DENSE layer."""
: ; E
1
g * : i @= : # 1. Gated Cross Attention
E . ' tanh gating ; y = y + tanh(alpha_xattn) * attention(g=y, kv=x)
e GATED XATTN-DENSE i : Fl:-'w ; # 2. Gated Feed Forward (dense) Layer
1 1 I
E A : ! . v y = y + tanh(alpha_dense) * ffw(y)
I
. : $: .
' ' 1 1f-attention + FFW on language
: tanh gating : # Roguiar oe guag
g : . ! y = y + frozen_attention(g=y, kv=y)
{ cross attention ) y = y + frozen_ffw(y)
4 !
E ! return y # output visually informed language features
G st L1 ) RSO [ Oel¥l ..
Vision X y Language

input input



Whyisthis funny?

Original image from Karpathy as a
ﬁ V i gwimlt e yt c\) 6 This is a picture of Barack Obama. He is a former president of @

the United States.

What is he doing?

He is looking at the scale.
How many people are there in this picture?

@

N

Where is Obama's foot positioned?

There are at least 5 people in this picture.

@ O

Obama's foot is positioned on the right side of the scale.
Where was this picture taken?

@

What happens as a result?
It was taken in a school.

@ O

T : e The scale shows a higher weight.
ow many mirrors are there?

Is the person on the scale aware of it?

@ o0 @

There are at least 2 mirrors in this picture.

@ O

@ @
@

| think he is not aware of it.
What is the person standing on?

Do you think that's why people are laughing?
The person is standing on a rug.

| think so.
He is standing on a scale.

@
@

| think you are right.
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Q3:howto doimagegeneration?

Image

. Producevisualdata
Generation

LLMfor languageaunderstandingandgeneration

Generalpurposeinterface

Q4:hew to tain multimodal lLLAM?
Image : Q5:howto chainmultimodalexperts
Consumevisualdata

Encoder with LLM?

Q1:howto learnimagerepresentations?
Q2:howto extendvisionmodelswith more
flexible promptableinterfaces?




Visual Instruction Tuning with GBT Wy DO
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Haotian Liu*, Chunyuan Li*, Qingyang WU, Yong Jae Lee (* Equal contribution)

Self-Instruct with Strong Teacher LLMs  But No Teacher is available on muliGPT4?

LLaVA

GPT4
(text-only)

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

— Multimodal Chatbot
Large Language and Vision Assistant
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A Rich Symbolic Representations of Images
A In-context-learning with a few 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, ().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]
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Three type of instruction-following responses

Response type 1: conversation

Question: What type of vehicle is featured in the image?

Answer: The image features a black sport utility vehicle (SUV).

Question: Where is the vehicle parked?

Answer: The vehicle is parked in an underground parking area, likely in a public garage.

Question: What are the people in the image doing?

Answer: The people are trying to fit all of their luggage into the SUV, likely preparing for a trip.
Response type 2: detailed description

The image is an underground parking area with a black sport utility vehicle (SUV) parked. There
are three people in the scene, with one person standing closer to the left side of the vehicle, another
person in the middle, and the third person on the right side. They are all working together to pack
their luggage into the SUV for a trip.

In the parking area, various luggage items are scattered around the vehicle. There are two backpacks,
one located near the left rear wheel and the other closer to the right side of the vehicle. Additionally,
there are two suitcases, one on the right side of the car and another further away near the center of
the parking area. A bicycle can also be seen on the left side of the vehicle.

Other cars are parked around the main SUV, with one car positioned behind it and slightly to the left,
another behind and slightly to the right, and the third car further behind on the right side.
Response type 3: complex reasoning

Question: What challenges do these people face?

Answer: In the image, a group of people is standing outside a black SUV in a parking area,
surrounded by various pieces of luggage, including suitcases and backpacks. They are facing the
challenge of fitting all their luggage into the black SUV. There are multiple suitcases and backpacks
to be packed, which suggests that the group has a significant amount of belongings to accommodate.
They might have to strategize and arrange the luggage efficiently to ensure that everything fits
properly into the vehicle. Additionally, they need to consider the comfort of the passengers and
visibility while driving, so the placement of the luggage must not obstruct the driver’s view or make
the passengers uncomfortable during the trip.
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Language Response X . . .

Q Architecture Language Model f¢
Projection W
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IR 20 3 X, Image Xq Language Instruction

C Two-stage Training

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

ASdence QA: Multimodal reasoning dataset for the science domain.
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Example 1: Extreme

S

Source: httpe://vwv. barnorama . com/wp- content /uploads/2016/12/03- Confusing - Pictures. jpg
User What is unusual about this image?
LLaVA The unusual aspect of this image is a man ironing clothes on the back of a minivan or

van. This is not a typical place to perform this activity, as onc would usually iron clothes
in a morc stationary and safc location, such as a home, using a rcgular ironing board.
The scene depicted in the image is peculiar as it involves a makeshift ironing sctup on a
vchicle, which can be both unsafe and unconventional. Additionally, it is not clcar how
the man is able to maintain balance and stability while ironing clothes in such an unstable

cnvironment.
|Start a new conversation, and clear the history)
User What’s happening in the scene?
LLaVA The image depicts a man standing on top of a yellow SUV in a busy city street. He is

holding a portable ladder, seemingly ironing clothes while standing on the vehicle. Around
the scene, there arc other cars, a traffic light, and a firc hydrant. Additionally, there arc
two other people in the vicinity, one close to the man on the car and another further away.
The man on the ladder appears to be attracting attention duce to his unconventional choice
of ironing his clothes on top of a moving car. The city street around him is bustling with
activity, adding to the unique nature of the scene.

User What is unusual about this image?

GPT-4 [ 1] The unusual thing about this image is that a man is ironing clothes on an ironing board
attached to the roof of a moving taxi.

User What is unusual about this image?

BLIP-2 a man is sitting on the back of a yellow cab

User What is unusual about this image?

OpenFlamingo  The man is drying his clothes on the hood of his car.




Visual input example, Chicken Nugget Map:

User
LLaVA

Sometimes | just look at pictures of
the earth from space and | marvel at
how beautiful it all is.

Can you explain this meme in detail?

The meme in the image is a creative and humorous take on food, with a focus on chicken
nuggets, as the center of the universe. The meme begins with the phrase "Sometimes [ just
look at pictures of the Earth from space and I marvel at how beautiful it all is..." The main
image features a tray of cooked chicken nuggets, with the chicken pieces positioned to
resemble the continents and islands on a world map. The meme playfully suggests that the
chicken nuggets represent the Earth, and the various locations depicted in the photo are
actually chicken nugget versions of different places. The punchline of the meme appears
in smaller text at the bottom, reading "I mean, it’s not the real Earth, but how beautiful it
is all is."” This lighthearted and entertaining meme combines food and humor, using the
image of chicken nuggets to create a funny and imaginative representation of the world.

User
GPT-4 3]

Can you explain this meme?

This meme is a joke that combines two unrelated things: pictures of the earth from space
and chicken nuggets. The text of the meme suggests that the image below is a beautiful
picture of the earth from space. However, the image is actually of chicken nuggets
arranged to vaguely resemble a map of the world. The humor in this meme comes from
the unexpected juxtaposition of the text and the image. The text sets up an expectation of a
majestic image of the earth, but the image is actually something mundane and silly.

User
BLIP-2

Can you explain this meme in detail?
sometimes i just look at pictures of the earth from space and marvel how beautiful it is

User
OpenFlamingo

Can you explain this meme in detail?
It’s a picture of a chicken nugget on the International Space Station.

UNIVERSITA DEGLI STUDI DI
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Example 2: Chicken Nugget Map
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