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About this training event
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ǒ Introduction to the MINERVA project

ǒ Introduction to Large-Scale models in Vision, Language and Multimedia
ƺ SoTALarge-Scale Deep Learning architectures
ƺ For language, vision and multimodal AI
ƺ Scaling laws

ǒ Tutorial on data and model parallelism

aƻǎǘ ƛƳǇƻǊǘŀƴǘƭȅΧ

ǒ 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.

ǒ Your Swiss knife to HPC resources: MINERVA
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Å It brings together EuroHPCHosting Entities and partners representing major European 
stakeholders in AI.

ÅMINERVA acts as a central hub for cutting-edge European competences in large-scale 
ML/AI research and development.

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

OBJECTIVES

MINERVA is a distributed, European-wide HPC-enabled AI 
application support service (AISC).
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Å Establish and operate a Europe-wide Support Centre.
Å Interact with AI communities through a User Advisory Board and Community Hub to identify needs and 

update the MINERVA service portfolio.
Å Offer a rich service portfolio covering more levels of support, aligned with the European need to rely on 

open-source foundation models.
Å Ensure models are developed according to ethical and responsible AI regulations.

Å Knowledge transfer: Publishing best practice guides and user guidelines.
Å Benchmarking: Evaluating model performance on different supercomputers.
Å Data Access: Providing information on access to public datasets.
Å Training Programs: Providing training programs shaped by end-user feedback.
Å Community Hub: Supporting large-scale open-source ML/AI research and 

development on HPC.

What MINERVA Aims To Achieve

How?



.ŜŦƻǊŜ ǎǘŀǊǘƛƴƎΧ
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We would like to know a bit more about you and your needs to use HPC.

Fill in the MINERVA survey at 

https://docs.google.com/forms/d/e/1FAIpQLSeWdowBcyc1d9bMsh6BGcolZQj_pE

CPpoCsF9Mdyf60Fcr68w/viewform

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



Lorenzo Baraldi, Silvia Cascianelli, Sara Sarto
University of Modena and Reggio Emilia

Large-Scale Vision & Language Models: 
Architectures and Parallelism



THE ATTENTION OPERATOR
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A new operator

Attention

Provides a way to focus on part of an input set.

Given a query and pairs of keys and values,

Å Compute similarities between queries and keys

Å Normalizes similarities via softmaxto obtain attention scores

Å Multiplies values by the scores
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Attention

Attention

Provides a way to focus on part of an input set.

Given a query and pairs of keys and values,

Å Compute similarities between queries and keys

Å Normalizes similarities via softmaxto obtain attention scores

Å Multiplies values by the scores

Similarity function

Å Additive attention, e.g. wT tanh(wqq + wkk)

Å Dot-product attention
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Dot-product attention
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Convolution vs Self-attention

Self Attention

άwŜŦƛƴŜέ ŜŀŎƘ ŜƭŜƳŜƴǘ ƻŦ ǘƘŜ ǎŜǉǳŜƴŎŜ ōȅ 

treating it as query, 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!
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Input sequence

Output sequence

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

Output sequence

1D Convolution

Self-Attention



CNNs vs RNNs vs Self-attention
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Multi-head Self-attention

ǒ Linearly project the input sequence h times with different weights, instead of doing this only once.

ǒ To From a sequence with length T, we obtain:
ƺ Q: matrix of queries, (h, T, dk)
ƺ K: matrix of keys, (h, T , dk)
ƺ V: matrix of values, (h, T, dv)

ǒ Apply scaled dot-ǇǊƻŘǳŎǘ ŀǘǘŜƴǘƛƻƴ ƻǾŜǊ ŜŀŎƘ άƘŜŀŘέ όƛΦŜΦ ƻǾŜǊ ŜŀŎƘ ŜƭŜƳŜƴǘ ƻŦ ŀȄƛǎ мύ

ǒ Concatenate the result and project back to a lower dimensionality

MultiHead(Q, K, V) = Concat(head1Σ ΧΣ ƘŜŀŘh)W
O

where headi = Attention(Q[i], K[i], V[i])

ǒ Can be done in parallel, with batched matrix multiplication.
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Positional encoding

ǒ Self-attention is permutation invariant
ƺ Given a query, if we change the order of keys and values, result does not change.
ƺ Ok for encoding sets. Not for sequences or images....L

ǒ To use order information, we can inject absolute or relative positional information by adding 

positional encoding to the input representations.

ǒ Positional encodings can be learned (simple nn.Parameter) or fixed. In the original Transformer, they 

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, 

ALiBi)
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A Self-attentive language model for translation

Encoder

Uses self-attention on its input

Multiple attention layers stacked together (with add+norm) 

and feed-forward layers (linear layers applied timewise).

Decoder

Self-attention on words

Cross-attention on encoder outputs: use decoder sequences 

as queries, encoder outputs as key/values.

16Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ... & Polosukhin, I. Attentionisall youneed. In NIPS 2017.



SCALING LAWS
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Training Transformers

ά!ǊŎƘƛǘŜŎǘǳǊŜ ŀƭƻƴŜ ŘƻŜǎ ƴƻǘ ƳŀƪŜ ŀ ƳƻŘŜƭέ

ǒA model expresses different properties depending on how it is 

trained
ǒLike nature vs. nurture, both impact what the model does

ǒTraining is what influences parameters
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Architecture + Training = Model



The trend

Å Early works: Task-ǎǇŜŎƛŬŎ ŀǊŎƘƛǘŜŎǘǳǊŜǎ  using shared word vector  representations

Å BERT: Pretraining and Fine tuning

Å GPT-3: One/Few shot learning
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Trend: the bigger, the better
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175 Billion  Parameters!
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¢ƻŘŀȅΧ
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Scaling Laws

ǒ Scientific problem: How does model performance change with increasing scale?

ǒ Engineering importance: Training frontier models costs millions of dollars

ǒ Safety importance: Models are black boxes with often unexpected capabilities
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Scaling Laws for Neural Language Models, 
Kaplan et al. 2020

Main RQ:What is the relationship between compute, data, the number of parameters, and performance?
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Kaplan et al., 2020- Main Idea

ǒ Train models of vastly different scale (data, compute, params) and find the loss is predictably related 

to the scale

ǒ Offer a predictive framework

ǒ They make certain recommendations based on the scaling laws
ƺ Ratio between parameters and data
ƺ 5ƻƴΩǘ ǘǊŀƛƴ ǘƻ ŎƻƴǾŜǊƎŜƴŎŜ
ƺ Critical batch size
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Kaplan et al., 2020- Main Results

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 if N 

or D is held fixed

4. Training curves are predictable, so we can (roughly) predict the final loss by extrapolating the early 

part of the training curve,regardless(ish) 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 size (ὄ ) is roughly a power of the loss only
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TRANSFORMERS FOR VISION
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Idea:StandardTransformeron Pixels

LayerNormalization

MLP MLP MLP MLP

+

+

Self-Attention

LayerNormalization

Treatanimageasa 
setof pixelvalues

Feedasinput to 
standardTransformer

Chen et al,ñGenerativePretraining fromPixelsò,ICML 2020
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Idea:StandardTransformeron Pixels

LayerNormalization

MLP MLP MLP MLP

+

+

Self-Attention

LayerNormalization

Treatanimageasa 
setof pixelvalues

standardTransformer

Chen et al,ñGenerativePretraining fromPixelsò,ICML 2020

Feedasinput to

Problem:Memoryuse!

Rx RimageneedsR4 

elementsperattention 
matrix

R=128,48layers,16 
headsper layertakes 
768GBof memoryfor 
attention matricesfor a 
singleŜȄŀƳǇƭŜΧ
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Catimageis free for commercial 

useunderaPixabaylicenseDosovitskiy et al,ñAnImage is Worth 16x16 Words: Transformers for Image Recognition atScaleò,ICLR 2021
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VisionTransformer(ViT)

Addpositional 
embedding:learnedD-
dim vectorperposition

Linearprojectionto

Outputvectors
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NLPTransformer!
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to C-dim vector 
of predicted 
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Transformer
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Computervisionmodel 
with no convolutions!

Notquite:MLPsin Transformer 
arestacksof 1x1convolution



VisionTransformer(ViT)

Addpositional 
embedding:learnedD-
dim vectorperposition

Linearprojectionto

Outputvectors

Exactsameas 
NLPTransformer!

Specialextra input:
classificationtoken
(Ddims,learned)+ + + + + + + + +

Linearprojection 
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of predicted 
classscores

Transformer

D-dimensionalvector

N input patches,each 
of shape3x16x16

Catimageis free for commercial 

useunderaPixabaylicenseDosovitskiy et al,ñAnImage is Worth 16x16 Words: Transformers for Image Recognition atScaleò,ICLR 2021

Inpractice:take224x224input image,
divideinto 14x14gridof 16x16pixel 
patches(or 16x16gridof 14x14patches)

Eachattention matrixhas144 =38,416 
entries,takes150KB
(or 65,536entries,takes256KB)



VisionTransformer(ViT)

Addpositional 
embedding:learnedD-
dim vectorperposition

Linearprojectionto

Outputvectors

Exactsameas 
NLPTransformer!

Specialextra input:
classificationtoken
(Ddims,learned)+ + + + + + + + +

Linearprojection 
to C-dim vector 
of predicted 
classscores

Transformer

D-dimensionalvector

N input patches,each 
of shape3x16x16

Catimageis free for commercial 

useunderaPixabaylicenseDosovitskiy et al,ñAnImage is Worth 16x16 Words: Transformers for Image Recognition atScaleò,ICLR 2021

Inpractice:take224x224input image, 
divideinto 14x14gridof 16x16pixel 
patches(or 16x16gridof 14x14patches)

With 48layers,16headsper 
layer,all attention matrices 
take112MB(or 192MB)



ImprovingViT:Distillation
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P(dog)=0.1

Hintonet al,ά5ƛǎǘƛƭƭƛƴƎtheknowledgein aneuralƴŜǘǿƻǊƪέΣNeurIPSDeepLearningandRepresentationLearningWorkshop,2015
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Improving ViT:

Distillation
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ImprovingViT:Distillation

Step1: Traina teacher
CNNon ImageNet

Step2: Traina
studentViTto match 
ImageNetpredictions 
from the teacherCNN 
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Touvromet al,ά¢ǊŀƛƴƛƴƎdata-efficient imagetransformers & distillationthroughŀǘǘŜƴǘƛƻƴέΣICML2021



ImprovingViT:Distillation

Input patches

Linearprojection

Outputvectors

Classification 
token

+ + + + + + + + +

PositionalEmbedding

Predicted 
classscores; 
shouldmatch 
ground-truth

Transformer

Distillation
token

Predicted 
classscores; 
shouldmatch

Touvromet al,ά¢ǊŀƛƴƛƴƎdata-efficient imagetransformers & distillationthroughŀǘǘŜƴǘƛƻƴέΣICML2021

teacher
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Merge2x2 
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(effectively)8x8

Merge2x2 
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now patchesare 

(effectively)16x16

Merge2x2 
neighborhoods; 
nowpatchesare 

(effectively)32x32

Problem: 224x224image 
with 56x56gridof 4x4
patches:attention matrix 
has564 =9.8Mentries

Solution:ŘƻƴΩǘusefull 
attention, insteaduse 
attention overpatches



Swin Transformer: Window Attention

Liu et al,ñSwinTransformer: Hierarchical Vision Transformer using ShiftedWindowsò,CVPR 2021

With Hx W gridof tokens, eachattention 
matrix isH2W2ςquadratic in imagesize



SwinTransformer:WindowAttention

With Hx W gridof tokens, eachattention 
matrix isH2W2ςquadratic in imagesize

Ratherthanallowingeachtoken to attend 
to allother tokens,insteaddivideinto 
windowsof M xM tokens(hereM=4);only 
computeattention within eachwindow
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SwinTransformer:WindowAttention

With Hx W gridof tokens, eachattention 
matrix isH2W2ςquadratic in imagesize

Ratherthanallowingeachtoken to attend 
to allother tokens,insteaddivideinto 
windowsof M xM tokens(hereM=4);only 
computeattention within eachwindow

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

Linearin imagesizefor fixedM!
SwinusesM=7throughoutthe network

Liu et al,ñSwinTransformer: Hierarchical Vision Transformer using ShiftedWindowsò,CVPR 2021



Swin Transformer: Window Attention
Problem: tokensonlyinteractwith other tokenswithin 
the samewindow;nocommunicationacrosswindows

Liu et al,ñSwinTransformer: Hierarchical Vision Transformer using ShiftedWindowsò,CVPR 2021



SwinTransformer:Shifted WindowAttention
Solution: Alternatebetweennormalwindowsand shifted
windowsin successiveTransformerblocks

BlockL:Normalwindows
Liu et al,ñSwinTransformer: Hierarchical Vision Transformer using ShiftedWindowsò,CVPR 2021

BlockL+1:ShiftedWindows

Uglydetail: 
Non-square 
windowsat 
edgesand 
corners



SwinTransformer:Shifted WindowAttention

Solution: Alternatebetweennormalwindowsand 
shiftedwindowsin successiveTransformerblocks

Detail:RelativePositionalBias

ViTaddspositionalembeddingto 
input tokens,encodesabsolute 
positionof eachtokenin the image

Swindoesnot usepositional 
embeddings,insteadencodes 
relativepositionbetweenpatches 
whencomputingattention:

Attentionwith relativebias:

ὃ= ὛέὪὸάὥὼ
ὗὑὝ

Ὀ

BlockL:Normalwindows BlockL+1:ShiftedWindows ὄ:ὓ2 ×ὓ2 (learnedbiases)
Liu et al,ñSwinTransformer: Hierarchical Vision Transformer using ShiftedWindowsò,CVPR 2021

+ ὄ ὠ

ὗ,ὑ,ὠ:ὓ2 ×Ὀ(Query,Key,Value)



ObjectDetectionwith Transformers:DETR

Simpleobjectdetectionpipeline:directlyoutput asetof boxesfrom aTransformer

Noanchors,no regressionof boxtransforms

Matchpredictedboxesto GTboxeswith bipartite matching;train to regressboxcoordinates

Carionet al,ά9ƴŘ-to-EndObjectDetectionwith¢ǊŀƴǎŦƻǊƳŜǊǎέΣECCV2020
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Object Detection with Transformers: DETR

Carionet al,ά9ƴŘ-to-EndObjectDetectionwith¢ǊŀƴǎŦƻǊƳŜǊǎέΣECCV2020



MULTIMODALMODELS
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What ismultimodality?

In our case, focusing on NLP: text + one or more other modality (images, speech, 

audio, olfaction, others). Weôll mostly focus on images as the other modality.



Multimodal is hot right now

.. and/but has beenñthenext bigthingòfor almost a decade!



ÅTextencoder:
Å12-layerTransformerwith causalmask

ÅImageencoder:
ÅResNetfamilies:RN50,RN101,RN50x4, 

RN50x16,RN50x64
ÅViTfamilies:ViT-B/32,ViT-B/16,ViT-L/14

Radfordet al. "LearningTransferableVisualModelsFromNaturalLanguage{ǳǇŜǊǾƛǎƛƻƴέΣICML2021

CLIP:ModelsandTrainingComplexity



Radfordet al. "LearningTransferableVisualModelsFromNaturalLanguage{ǳǇŜǊǾƛǎƛƻƴέΣICML2021

Vision-languagemodels:Contrastivelearning

ÅContrastivetraining to bridgethe imageandtext embeddingspaces

ÅMakingembeddingof (image, text) pairs similar andthat of non-pairs dissimilar

ÅThisembeddingspaceissuper helpful for performing searches across modalities
ÅCanreturn the bestcaptiongivenanimage

ÅHas impressivecapabilitiesfor zero-shotadaptation to unseen tasks, withoutthe need for 
fine-tuning



CLIPVariants

ÅObjectivefunctionor pretraining
ÅCombiningCLIPwith labelsupervision

(BASIC, UniCL,LiT,MOFI)

ÅContrastive+ self-supervisedimage
representationlearning
ÅContrastive+Self-supervlisedmethodslike

SimCLR(SLIP,DeCLIP,nCLIP)

ÅContrastve+MaskedImageModeling(EVA,EVA-
02,MVP)

ÅFine-grainedmatchingloss(FILIP)

ÅRegion-levelpretraining(RegionCLIP,GLIP)

ÅSigmoid lossfor language-imagepre-training
(SigCLIP)



Vision-LanguageModels: Towardgenerativemodels

ÅArchitecture
ÅDualencoders

ÅEncoder-decoder

ÅFusiondecoder

CLIP& its mentionedvariants



SimVLM

Wanget al.,ά{ƛƳ±[aΥSimpleVisualLanguageModel Pretrainingwith Weak{ǳǇŜǊǾƛǎƛƻƴέΣICLR2022

Slowly moving from contrastive/discriminative to generative.



ÅUse mixed image-text and image-label
(JFT-3B)datafor pre-training

ÅA generative branch for enhanced
performance andenablingnew capabilities
(imagecaptioningandVQA)

ÅCoCaaimsto learn a better imageencoder
from scratch

CoCa: Contrastive Captioner

Yuet al.,ά/ƻŎŀΥContrastivecaptionersare image-text foundationƳƻŘŜƭǎέΣ2022



CoCa:ContrastiveCaptioner

ÅUsemixedimage-text andimage-label(JFT-3B)
datafor pre-training

ÅA generativebranchfor enhancedperformance
andenablingnewcapabilities(imagecaptioning
andVQA)

ÅCoCaaimsto learna better imageencoderfrom
scratch

Yuet al.,ά/ƻŎŀΥContrastivecaptionersare image-text foundationƳƻŘŜƭǎέΣ2022



CoCaArchitecture

ÅUnifiedsingle-encoder,dual-encoder,and 
encoder-decoder paradigms
Åone image-text foundationmodel with the 

capabilitiesof all three approaches

ÅCross-attention is omitted in unimodaldecoder 
layersto encodetext-only representations

ÅMultimodaldecodercross-attendingto image 
encoder outputs to learn multimodal 
representations.

Yuet al.,ά/ƻŎŀΥContrastivecaptionersare image-text foundationƳƻŘŜƭǎέΣ2022





Frozen(Tsimpoukelli,Menick, Cabi,et al.,2021)

Kind of like MMBT but with a better LLM (T5) and a 

better vision encoder (NF-ResNet).

Multi-Modal Few-Shot Learners!



80b param model based on Chinchilla. 

Multi-image.

Flamingo(Alayracet al., 2022)



PerceiverResampler



Inject visual info directly into a frozen LM via cross-attention (remember FiLM?).

GatedXATTN



Original image from Karpathy as a 

ñvisualTuringtestòŸ

Whyis this funny?



Architectureof MultimodalModels

Liet al.,άaǳƭǘƛƳƻŘŀƭFoundation Models:FromSpecialiststo General-Purpose!ǎǎƛǎǘŀƴǘǎέΣ2023



Architectureof MultimodalModels

Liet al.,άaǳƭǘƛƳƻŘŀƭFoundation Models:FromSpecialiststo General-Purpose!ǎǎƛǎǘŀƴǘǎέΣ2023



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

Q3:howto do imagegeneration?

Q4:how to train multimodal LLM? 
Q5:howto chainmultimodalexperts 
with LLM?

Image
Encoder

Image 
Generation

Consumevisualdata

Producevisualdata

LLMfor languageunderstandingandgeneration

General-purposeinterface



Teacher

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

Haotian Liu*, Chunyuan Li*, Qingyang Wu, Yong JaeLee (* Equal contribution)

Self-Instruct with Strong Teacher LLMs But No Teacher is available on multiGPT4?

LLaMA Alpaca Vicuna

GPT-3.5 ShareGPT
(Human & GPT)

None

GPT-4

(text-only)

52K 700K
(70 conversions)

Instruction-

following 

Data

GPT-4-LLM LLaVA

Å 158K multimodal instruction following data 

(First & High Quality)

GPT-4

(text-only)

Multimodal Chatbot
Large Language and Vision Assistant

Visual Instruction Tuning with GPT-4



ÅRich Symbolic Representations of Images

Å In-context-learning with a few manual examples

Text-only GPT-4

GPT-assisted Visual Instruction Data Generation



Three type of instruction-following responses

GPT-assistedVisual InstructionData Generation



ÇArchitecture

LLaVA: Large Language-and-Vision Assistant

ÇTwo-stage Training

ÅStage 1: Pre -training for Feature Alignment .

Only the projection matrix is updated, based on a subset of CC3M.

ÅStage 2: Fine -tuning End -to -End. Both the projection matrix and LLM are updated

ÅVisual Chat : Our generated multimodal instruction data for daily user-oriented applications.

ÅScience QA : Multimodal reasoning dataset for the science domain.



Example 1: Extreme Ironing



Example 2: Chicken Nugget Map

Strong Visual Reasoning Ability
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Example 3: LLaVA


