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https://damsi.umk.pl/en/centre/neuroinformatics-and-artificial-intelligence/
http://www.google.com/search?q=Wlodzislaw+Duch

The way to Nobel prizes

Roots:Isingmodel, spin glasses, Hopfield associative memory network
Boltzmanncreative machines, deep neural networks.

Generative Pretrained Transformers

Neural Networks for protein folding.

Large Multimodal Models for science.

Physics Informed Neural Networks.

LMM agents; new intelligent digital beings
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ChatGPk< Al. Over 1000 papers in arxiv.cs.ai every week!
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https://flipboard.com/@Wlodzislaw
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' THE NOBEL PRIZE IN PHYSICS 2024

PRcto: Unavensty of Toronds

John J. Hopfield Geoffrey E. Hinton
Princeton University, NJ, USA University of Toronto, Canada
"for grundldggande upptédckter och uppfinningar som mojliggér maskininléarning med artificiella neuronnatverk”

“for foundational discoveries and inventions that enable machine learning with artificial neural networks” THE

NOBEL
PRIZE

Hopfield network model of associative memory and optimization problem.
Hinton discovery of backpropagation (1986) and deep network (2015) training algorithms + other mode

Nobel Prizerelatedto theory of complexsystems Onsagef1968), Anderson (197 M arisi(2021)



FromlsingY 2 RSt X

100 years ofsingmodel:800 new papers are based on tleingmodel every year!
Wilhelm LenZ1920) gave a problem of onset of ferromagnetism to his student Esimsf

A modelof ferromagnetismin statistical mechanics, wittiscrete variableghat represent
magnetic dipole moments of atomic spieis=p1l. Summing over nearest neighbors:

The 1D ferromagnetic model;(> 0 was solved in 1928ingthesis;it has no phase transition.

T.Ising R. Folk, R. Kenna,Herche and YHolovatch The Fate of Erns$ingand the Fate of His
Model arXiv:1706.01764

Pauli,Peierls Kramers Wannier, Potts, worked on 2D modelfie 2D squardattice Isingmodel
was solved analytically lhyars Onsagen 1944 in the absence of external magnetic field.

L. Onsager, Crystal Statistics. |. A-Danensional Model with an Ordédisorder Transition,
Phys. Rew5, 117 (1944).

Onsager got 1968 Nobel in Chemistry for this and the older work on the reciprocal relations in
thermodynamics of irreversible processes.



https://en.wikipedia.org/wiki/Wilhelm_Lenz
https://doi.org/10.48550/arXiv.1706.01764
https://en.wikipedia.org/wiki/Lars_Onsager
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Philip Warren Andersowas awarded thd 977 Nobel Prize in Physics (WNBvill Mott
andJohn varVlecK for investigations into the electronic structure of magnetic and *
disordered systems, including his work on spin glasses. |

S. F. Edwards, P. W. Anderson, Theory of spin glasses, J. Phys. F: I\/Eet96’!513($975i "
7 papers in Physics Today on spin glasses,-9088 _
Spin glasses random Heisenberg Hamiltonian:

"CX,, ) O’QfQ’Q; = ‘ : down spin

- : ferromagnetic interaction
Jj>0o0rJ;<0)

-=-= . antiferromagnetic interaction

Spins are in &ttice, local structure repeats periodically in all directions, and interact with neighbors.
The 2Dsquarelattice Isingmodelis the simplest statistical models showinglzase transition.
Depending on temperature this system may assume different structural phases, allowing for
identification ofphase transitionsn a simplifiedphysicaimodel. Potts modelgeneralize this.

Such models were applied sociophysicsevolution of language, votingconophysicstumor
modelling, seismihazard assessment, volatility in financial markets, mood swings, scientific
collaboration, and asymmetric hysteresis in political polarizatdp Complexi, 2024.



https://en.wikipedia.org/wiki/Square-lattice_Ising_model
https://en.wikipedia.org/wiki/Potts_model

SPIN GLASS

From spin glasses to Hopfield networkEsages

‘An Introduction to

Anderson (1988): investigation of MBu spin glasses led to new ideas in optimizatio ;1‘3,'?@";;;&2{2‘,’:;

neuroscience, statistical mechanics and protein structure.

Replica methodSam Edwards1971)to calculate partition functioto B Q 7 .
M Mezard

for random Hamiltonian has been extended to the replica symmetry breaking (RSB Gl
scheme by GiorgiBarisj who was awarded the 2021 Nobel Prize in Physics (with

SyukuradManabe, for COwarming effects; and Kladsasselmannpfor humaninduced
climate change). RSB trick was needed to obtain physical results due to breakdengadifity.

David Sherringtoand Scott Kirkpatrickleveloped in 197%singmodelwith long range frustrated
ferro- andantiferro-magnetic couplings that corresponds torganfield approximationof spin
glasses describing the slow dynamics of the magnetization and the completguaufic

equilibrium state Parisigave exact solution to this model in 1979 and later it was shown that the
complex nature of a glassy low temperature was phase characterized by ergodicity breaking,
ultrametricity andnon-selfaveragenes&nergy function of the SK model has many local minima.

This was essentially the Hopfield network with random initialization. How to control patterns
corresponding to local minima? This could serve as memory in dynamical systems.


https://en.wikipedia.org/wiki/Replica_trick
https://en.wikipedia.org/wiki/David_Sherrington_(physicist)
https://en.wikipedia.org/wiki/Scott_Kirkpatrick
https://en.wikipedia.org/wiki/Ising_model
https://en.wikipedia.org/wiki/Mean-field_theory
https://en.wikipedia.org/wiki/Ultrametric_space
https://en.wikipedia.org/wiki/Self-averaging

From Hopfield networlx

1982 paper, Hopfield presented spin network (binary activation functions) adjusting couplings to
create local minima memory patterns. Information is encoded in network energy landscape.
In 1984 he extended this to continuous activation functions.

It became a standard model for the study of neural networks through statistical mechanics.

Hopfield network:
fully connected,
symmetric connections

U-oa Uwoqg
YAY B 0y

Learning: adjusb -4

to create local minima.
Inference: findwpatterns
minimizing energy.

Artem Kirsanov



https://www.youtube.com/watch?v=1WPJdAW-sFo

ENERGY LEVEL

Memories are stored
in a landscape

John Hopfield's associative memory stores
information in a manner similar to shaping a
landscape. When the network is trained, it
creates a valley in a virtual energy landscape
for every saved pattern.

/

s
QK

When the trained network is
fed with a distorted or
incomplete pattern, it can
be likened to dropping a
ball down a slope in this
landscape.

N\

The ball rolls until it reaches a place
where it is surrounded by uphills. In the
same way, the network makes its way
towards lower energy and finds the
closest saved pattern.
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Hopfield networkas associative memory

hiy = Z Wii T
To reach minimum updateyalues summing all inputs reaching this node : Py L
This will decrease energy, iterations will lead to a pattesy corresponding o

a local minimum, depending on Initial pattern. {+] if h; >0

-1 ith; <0

r; —

This leads to pattern completion, noise cleaning and optimization.

Learning: for a single global minimum set,, wg, So for N neurons: T

YAY B wgns= N2 @/ \ wA\@

Storing several patterns: sum all weights for each patter \_/\ \/ | \ '

0o® 00 a"a Y €

Memory capacity is 0.14 N Many tricks to increase lIt.

Hebb rule: neurons that fire together wire together, justifies averaging.

Use simulated annealing to explore energy landscape => 4 phases in diagram.
| =N,/N. Aq stable, B shallow local, @ few broad, Dg one global minimum.

Hopfield Networks is All You Need | Hopfiddgers
Good intro by ArtenKirsanoYouTube)



https://ml-jku.github.io/hopfield-layers/
https://www.youtube.com/watch?v=1WPJdAW-sFo

fGAfE NBEtSOlIyiGz |

W H.Ramsauer 15 coauthorsHopfield Networks Is All You NeadXiv:2008.02217.

t
Hopfield network with continuous states and update rule equivalent to the attentio (i) -
mechanism used in transformers can stesg@onentially many patterngetrieves the
pattern with one update, and has exponentially small retrieval errors.

It has 3 types of energy minima: (1) global fixed point averaging over all patterns,
(2) metastable states averaging over a subset of patterns, (3) fixed points which store a single patte

W C.Zanocj N.Dehghaniand M.TegmarkEnsemble Inhibition and Excitation in the Human Cortex:
AnlsingModel Analysis with UncertaintiggrXiv:1810.07253

Random walks in parameter space using adaptive Markov Chain Monte Carlo, applied to the spikin
patterns of excitatory and inhibitory neurons recorded with multielectrode arrays in the human
temporal cortex during the waksleep cycle. Informatictheoretic measures reveal that tHsing

model captures neuronal collective behavior, explaining ~-88% of the correlations, depending

2y a4t SSL) adlFdS FTYR YySdZNPY (GeLISd ¢CKSN)XY2Reéeyl YA

W Hopfield models can be usddr optimization construct Hamiltonians with proper constraints.
w Ja | Z R]Sledzeuronowe typtiopfieldayY G S2 NA L A LINAGBM2@O R& T | & {



https://ml-jku.github.io/hopfield-layers/
http://arxiv.org/abs/1810.07253
https://scholar.google.com/citations?user=KHxnO24AAAAJ&hl=en&oi=sra

X  Bdltzmannmachines

Hopfield model had a great number of variants and applications, including human dementia.

It is replicating learned patterns from cues.

Adding randomness to computations, find probability
distributions, not fixed patterns, to generalize memory T
patterns and create similar ones. l

From perfect reproduction to jazz improvisations. 7 \
Hopfield network + hidden units + stochastic exploratior |/ @=9

=]

Prob. of transitioning between two energy states: 70
b Yo Q77
0 YO G0 Q-Q 7

Partition function Z=B Q 7

Update state of neuromygalculating energd, B U465, Pon

with probability based on energy difference fog  p,

given by sigmoidal function
-Q 7’ 0.5

p
Q T Q T p Q 7

0(w  p)

Bolzmann
Machines

47
A
xS

Geoffrey Terry
Hinton Sejnowski

Weighted input i s




X T Bdlt2fmanny ] OKA Y S &

Calculate input to neuromgrom connected neuron8 U -4»,

Calculate update probability using sigmoidal functiffics,  p) ; 7
P

Generate random number: if it is smaller thétca) no change, if larger change.

Low T = more deterministic, high T more random exploration of local minima. .
Used also in LLM models to control creativity of network.

Contrastive learningchanging probability of one pattern will influence partition function.

Maximize joint probability of training dafax®, x@), éxm} | Visible

X

g

| T0CS ADA ~ | T0C)) &1 1
G AD N Gt ) o @@ =0

B

Minimization of partition function will increase energy of spurious states. @“l

Calculation of gradients leads to a contrastive Hebbian rule:

@ 0 (GO A AN T AAI e

Clamp inputs, run network, weights reinforce data encoding, second part
reduces dreaming, run starting from random inputs.
RBMsRestrictedBoltzmanmachines have only inputidden units connections.



https://en.wikipedia.org/wiki/Restricted_Boltzmann_machine

X

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

Generator

G(2)

Decoder

po(x|z)

Inverse

: % A Discriminator
i | Dx)
x | Encoder
q4(2[x)
o Flow b
f(x)
Xo— X1 — X2 ——

v

i@

Many models based on
the idea of information
compression create
vectors in the latent
space capturing meaning
In different contexts.

Algorithmic(Kolmogore)
complexity is the key.



Attractor neurodynamics

Hopfield networks an@oltzmannmachines belong to a larger
category of dynamical systems calkgtiactor networks

rajectories

In Hopfield network dynamics settles to a point attractor, in -
0 0 c ) o B )
Boltzmannmmachines stochastic dynamics leads to metastable = N 7 /

2= baseline level

states, blended states, cyclic or stochastic states.

In theoreticalneuroscience, different kinds of attractor neural

asmemory, motor actions, and associations.

Amit, D. J. (1992). Modeling Brain Function: The World of Attractor
Neural Networks. CUP.

Thoughts are chains of transitions between attractor states.
Attractor networks explain why some information may become
YSYSAZ aGdzyAla 27T (Dondhsil®nd), f A
integrated into conceptual framework of memory system.

higher

= 0ngoing transitive dynamics

Duch W. (2021) Memetics and Neural Models of Conspiracy Theorie$: S e
Patterns. Cell Press.


http://www.scholarpedia.org/article/Attractor_network

Cognition as Compression

Computing® Cognition, Artificiaf Natural systems.

Compression in ML model selection, Algorithmic Information Theory (AIT): Minimum Length
Encoding (MLE), Minimum Description Length (MDL), Minimum Run Length Encoding, Minimum
Messagd_ength Encoding, etc.

W Cognition, Language Learning is based on compression (compressed)

Two kinds of memory systems: fast but small, and vast, stable but slow. ({

Episodic memonallows to remember events after a single exposure.

Hippocampusencodes information about active brain areas, but has smal
capacity, contains < 100 min neurons, while cortex has 160 times more. (not compressed)
It can recreate activity of the cortex similar to that of the past experiences

A flood of images, conversations and texts requires compression to remember.
Consolidation of episodic memory takes part during sleep, like contrastive learning?
Hippocampus ractivates cortex many times, forming compressed semantic memory,
allowing for generalizations, associations and abstract reasoning.

Knowledge is internalized, associations become automatic.

LLMs contain only compressed memori@s,not record new episodes.



Braininspired modular training

a\&_\\}.\;_\\\,-/l/// :

|
RN, \ K
SR

Brain large scale network sparsity {.%, but functional connectivity-3%.

Y. Li, E. J. Michaud, D.Haek J. Engels, X. Sun, andTédgmark
The Geometry of Concep&parse Autoencoder Feature Struct{li@'2024).

Z. Liu, MKhona I.R Fiete and M.TegmarkGrowing BrainsCeEmergence
of Anatomical and Functional Modularity in Recurrent Neural Netw@(ka3)

Mod-Cogcognitive multitask battery, consisting of 84 tasks, such as
Interval estimation, mental navigation, sequence generation.

Recurrent neural networks (RNNSs) exhibit functional modularity, neurons
are clustered by participation in shared computational subtasks.
Braininspired modular training (BIMT) model trained to solve a set of
compositional cognitive tasks grows brdike anatomical modularity.
Functional and anatomical clustering emerge together, such that functionally
similar neurons also become spatially localized and interconnected.

The model can optimally balance task performance and network sparsity,
enhancing the interpretability of neural network architectures.


http://arxiv.org/abs/2410.19750
http://arxiv.org/abs/2310.07711

XAl Anthropic

Nearest neighbors to the
Immunology feature

XAl =eXplainableAl. Anthropic Claude .3

Can we understand how it works?

Immunology: activation pattern found in
multiple contexts, patches of concepts that
fits to a specific context.

Separate neural network was trained to
reconstruct the activations of a specific
layer of the LLM, activation patterns are
treated as features or concepts that the
model has learned.

Duch WSetionoR,Zuradal.M. (2004)
Computational intelligence methods for
understanding of data.

Proc. of the IEEE 92(5) (2004) /805



https://transformer-circuits.pub/2024/scaling-monosemanticity/index.html

OthelloGPT

Superficial statistics or coherent and grounded neural representations?

W A GPT variant OtheHGPT was trained to extend a list of moves with
legal moves. The model has no a priori knowledge of the game or its
rules, it only predicts the next move.

W A 2layer MLP classifier takes as input internal activations of
a network, outputs next position. Activatiantervention
technique was used to create latent saliency maps.

w Internal board representation emerged as a result of compressiong

The network was playing Othello roughly like a human: by keeping
I IFYS 02FNR Ay Alda GYAYREGRT Seé
learns to makestrategically good moves

It is the most parsimonious description of the training data.

W GPT perceives what appears in its imagery.

W Black empty box: Tep prediction by the model.
Contribution to prediction: red=high, blue=low



Autoreflection and consciousness

Several papers point to the development of internal models in LLMSs.

Learning spatial and temporal information shows emergence of robust linear representations of spac
and time across multiple scales.

Gurnee, W., &egmark M. (2024)Language Models Represent Space and Time
[AZ YO X | @ 9 EheaiggndWalEReEesenm@mtibnsO H 1 H o 0 @

Exploring a Sequence Model Trained on a Synthetic Task. S %7 ~
GPT perceives what appears in its imagery. ,4( fff*f“} i, 2 :

This is similar to the processes in our brains, the basis cdwelfeness. ek, 4 | |
Numerous neuronal networks excite and compete with each other. NG MU P et/ /3

Only the strongest processes that can be clearly distinguished
from the noise (signal detection theory), will be expressed as action,
speech, thought, or percept.

Consciousnesis the perception of what is going on in one's own mind (J. Locke, .1689)

Serious discussions on machine consciousrées®gjor theories and requirements.
Butlinet al.(2023).Consciousness in Artificial Intelligence: Insights from the Science of Consciousnes

Consciousness of Artificial IntelligenddoC5 Public Evening Event



https://doi.org/10.48550/arXiv.2310.02207
https://doi.org/10.48550/arXiv.2210.13382
https://doi.org/10.48550/arXiv.2308.08708
https://www.youtube.com/watch?v=sISkAb7suqo

Feedforward neural networks



Neural feedforward classifiers

Pandemonium, invented in 1959 by Selfridge.

Data, words, image patches

=> networks extract features adjusting
connections (weights),

=> training to recognize many patterns,

=> invariant object classification, regression.

Based on:

Seifridge, O. 6. (1959). Pondemonium: A A Sensory Stimulus
for learning. In Symposium on the

ma‘u‘gl:"zomn of thoupht processes (f,p
513-526). London: MM Stationery Office

Deep neural network
(.; S] ( S n;

nput feature maps  feature maps feature maps feature maps output
hidden layer 1 hidden layver 2 hidden layer 3 - - " =
32x 32 28 x 28 14 x 14 10x 10

\

2x2 5x5

’-‘(—.v
0O
subsampling  convolution 2x2 \\ v fully \

subsampling \\ connected B
feature extraction classification
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DERumelhart GE Hinton, RJ Williams, Learning representations bygraplagating errors

Nature 323, 1986, cited 40K.

DERumelhart GE Hinton, RJ Williams, Learning internal representations byaepagation

Parallel Distributed Processing, Book chapter, 1986, ci&sK.

A Krizhevskyl Sutskever GE Hintonlmagenetclassification with deep convolutional neural
networks. Advances in neural information processing systems 25, 20120 tkéd.

YLeCunYBengiq G Hinton, Deep learning. Nature 521, 2015, citéf K.

Multi-layerperceptrons(MLPSs) use a combination of sigmoidal functions
can learn to approxmate arbitrary function. d{

E(x;w): @ W(M) SeeaW(M 1) aWM 2) g§ W(Z) %(9990556
C | C k Q I Cn T

Much better convergence properties than polynomials.

Forward pass, check errors at output, backpropagate errors updating

weights using gradient of error function: , 1

IWE _E (Y -E(XW)) >

i=1

784 9 i)




Knowledge in neural networks

. Living thing

Hopfield networks remember episodes, patterns.

Semantic memory requires stable, latent representation.
Networks extract features, hidden layers transform inputs
enabling classification, prediction of object properties. &

Oak

Rose

We have no access to the hidden representations, only tges
Robin

the network outputs: actions, decisions, thoughts, image e
Brains: 100 T synapses/weights.

Sensory inputs => trains of spikes.
Spikes => recurrent activation of groups of neurons
=> spreading activation through neural networks.

LMM networks: 1 T parameters.

Input: words, image patches, data, AN oA
=> networks with adjustable parameters, many layers, ISXK = 3K e | Feathers

Scales

=> parameters trained to recognize patterns, ’ ; O oils

Roots

=> output decisions, responses to external/internal INnputyme . i Sk
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For complex data, like images, networks with many
layers are used, discovering simple features and tha
composing these features in increasingly complex wag = - , 3rd Iayer

“Objects”

WHERE? {Motion,
Spatial Relationships)  WHAT? {Form, Color}
[Parietal stream] [Inferotemporal stream]

- 5

2nd layer
“Object parts

14

1st layer
llEdgesﬂ

. . . . L
1 Orientation —m Direction 4 Pattern [olaid} oz puray: eya
iy Spatial &or” Disparity W matior @ mavements .
at tragquency Ny .
i J - ! | %, Man-Cartesian
VUK hinhy «<ff Wavelength ¥
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From deep networks to transformers

encouragement

Word2Vedor embedding of words as vectors in the
parameter space, preserving similarity.

Transformer modebublishedby Google in June 2017
Attention is all you needstarted the generative Al era.

A key concept of the architecture is sattention to
understand relationships between tokens, linking each
token in text to other tokens important to understand
Its meaning.

Vector representations of concepts that are
semantically related become similar to each other
=> GPT Iinterprets inputs using meaningful synonyms.

MatykiewiczP, PestianJ, Duch W, and Johnson N. (2006)

Unambiguous Concept Mapping in Radiology Reports: Graphg

of Consistent Concept8&MIA Ann.SympProc. 1024.

Word embeddings, positional encoding

JAELRFACKE MFRRIER 1 DAELERRA HIST NN

Self-Attention

N OGN DD T i

Encoded ocutput



https://en.wikipedia.org/wiki/Word2vec
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
https://www.ft.com/content/37bb01af-ee46-4483-982f-ef3921436a50
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=1839614

Output

T Fan Sf(_) Frmers Probabilies
Generative P_rarained Transformersnr GPTs are now most
popular algorithms for construction of large models _
Simple intro to GPT networks Moutube “L”-"jdj "_‘f”’”
eed
Attention: given a sequence of tokens (words, image o
patches), how relevant is each input token to other tokens?
Multi-Head
Attention vectors capture context (embedding, semantics) Attention
+ encode relative positions (syntax) of words. L
Many blocks for input encoding, recurrent processing. i
. : . ) . Multi-Head Multi-Head
Generation of words/images is not unigue, so various Attention Attention
outputs are selected to match whole context created
by external prompts and current internal activity Positional A LR Posiiona
=> creativity + human alignment. Encoding Y Encoding
GPT Is not a deterministic algorithm, even if it was trained cmbedding Embedding
to say so! Networks are containers of knowledge, data flow. T )
Not a program following instructions. Inputs ulputs

(shifted right)

Figure 1: The Transformer - model architecture.


https://www.youtube.com/watch?v=TQQlZhbC5ps

Transformers and spreading activation

Predictive Alsearch + heuristics.

Generative Alspreading activation networks,
binding relevant information.

GPT1= Generative Prrained Transformer

Convert input data intdokens andembedthem in
numerical vectors space that preserve similarity of
meaning(semantics) in different context.

Analyze sequences or fragments, pay attention
to links among all tokens that add to their
Interpretation ¢ select subgraphs of tokens.

LLM visualization https://bbycroft.net/lim

List of 37320 variants open-source language models
(27/10/2024).

Duch et al., Towards Understanding of Natural Language:
Neurocognitive Inspirations. 2007


https://bbycroft.net/llm
https://llm.extractum.io/

CreatingLLM/LMM:information compression
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Tralnlng>10 0[0]0) G%xt

Llama2 a Sl Qa

T $1l4Dxt Y

parameters® 70 GB

LI NJ Y S

Stronger compressiogmore errors but greater creativity, unusual associations.

Precise guestions (+prompt) activate LLM parameters allowing for correct ass

ociations.

Energyone image® 10Wh° smartfoncharge, 1 grosz, half an hour of human brain energy use!
Games, crypto mining still use much more energy than Al, but energy use become significant.


https://en.wikipedia.org/wiki/Llama_(language_model)

INTRODUCING

LLM/LMM world

List of 131LLM/LMMmodels (10/2024), including 39 open source models.

uggingFac®pen LLM.eaderboard, from 10 min to 238 bin parameters.
3 most popular families, with many variants: Llama 3, Mistral, Falcor2GBd@mmat Phi 3 Granite

i WizardLM | f Giraffe ‘
WebGPT e e

{ Tulu

InstructGPT ! Guanaco |

' Long LLaMA | e
GPT3.5 Turbo . Mistral (

e Med-PaLM
code-davinci ‘ Gorilla e oy
text-davinci ' {Stable Beluga2|
—— Med-PaLM2
GPT4 Turbo

GPT4 Vision ‘ Vigogne . Code LLaMA ‘
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Fig. 8: Popular LLM Families.



https://llmmodels.org/
https://huggingface.co/spaces/HuggingFaceH4/open_llm_leaderboard

LLM,LMM

LARGE LANGUAGE MODEL HIGHLIGHTS (FEB/2024)

= 2 ‘ 4*4* s ” o ;

I GPT-4 , " ERNIE4.0 | inflection-2} Geminiuttra10 Olympus Next...

| 1.76T MoE | 1T | 1.5T 2T (2024) (2024)
v Tsiid & 2 & o) i Y

\“ & £~ :’

e Nano ® XS Small @ Medium 180B JEIL:13
Mamba 2.8B Pythia 12B Palmyra 20B Command 52B Yuan 2.0 102.6B
phi-2 2.7B Mistral 7B €12 StableLM 65B InternLM 104B
Zephyr 7.3B Retro 48B 65B Jurassic-2
Gauss MPT-30B Luminous Supreme Falcon 180B
StripedHyena 7B 33B 70B Claude 21
@ rorameters Persimmon-8B Yi-34B Perplexity 70B Online Mistral-medium
: DeciLM-7B Mixtral 8x7B Qwen-72B
‘ Al lab/group SOLAR 10.7B DeepSeek 67B
OLMo 7B

& LifeArchitect.ai/models https://lifearchitect.ai/models/

Multimodal systems, all modalities in training data simultaneously: Anthropic Glaude
Google GeminiPro/Ultra, severalsPT4 versions, much larger GBIcoming?


https://lifearchitect.ai/models/

Edge SLMs

GPT4 has 1.7 trillionparameters
(probably). Much larger models are
coming, but is it necessary?

Small Language ModgISLMs) may
even be more accurate, can process and
generate humasdike text, videos etc.

DeepSeelCoderV2MoEframework
16B or 236B, activate only 2.4B/21B.

LIaMA13B surpasses GRBIdespite
being over 10 times smaller,

Microsoft Phi2 and Phi3 (2.614 B)
outperforms 25x largemodels.
LLaMA7B is close to Pal-B40B.

Ministral 8B is the best model (10/2024)
Gemini Nano is in Android phones.
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https://medium.com/@mlubbad/the-ultimate-guide-to-gpt-4-parameters-everything-you-need-to-know-about-nlps-game-changer-109b8767855a
https://github.com/deepseek-ai/DeepSeek-Coder-V2?tab=readme-ov-file

GameNGenprograms in mind

Generative intelligence (a small difftusion model) creates and executes a Doom game without
writing program. This is imagery!  https://gamengen.github.io

move forward open door move forward



https://gamengen.github.io/

From calculator to superhuman Al

SORA- TEXT TO VIDEO

Reasoningl99%Deep Blue wins in chess;
2016¢cAlphaGo wins in Go; 2017 AlpG&aZerol00:0.

Open Gamex201kPoker, Dota 2; 2018lphaStaiStarcraftll,
2022 Stratego, DiplomacRyidgec what is left?

Perception speech, vision, recognition of faces, emotions, personality traits,
sexual, political and other preferences ...

Robotics 2020 Atlas robot (Boston Dynamics) backflip and parkour,
autonomous vehicles, 2023 Tesla Optimus Geln3eca Unitree G1.

Science2020 AlphaFold 2/3, now 620 M 3D proteins, 2@GI8oME (Deep
Mind) 2.2 min structuresiiphaProof AlphaGeometry2.

Creativityand imagination GAN revolution, Dalt,Midjourney, Leonardo,
Canva, Stable DiffusioBung AIVA, music composers.

Language201kIBM Watson wins in Jeopardy; 2@8atson Debater 2020:
BERT answers questions from SQUAD database.

CyborgizationBCl, braircomputer symbiosis, soon?
We desperately search for tests that show human superiority over Al.



https://www.toolify.ai/ai-news/unveiling-the-truth-ai-vs-humans-in-bridge-1225471
https://flipboard.com/@wlodzislaw/robotics-and-avatars-oa1pqcj2y
https://aiartists.org/ai-generated-art-tools

Deep Mind

&7 KUNGL.
i/ VETENSKAPS:
AKADEMIEN

THE ROYAL SWEDSH ACADEMY OF SCIENCES

NOBELPRISET | KEMI 2024
THE NOBEL PRIZE IN CHEMISTRY 2024

”~

Phcte TV T omntaton

David Baker Demis Hassabis John M. Jumper
University of Washington Google DeepMind Google DeepMind
USA United Kingdom United Kingdom

"fér datorbaserad proteindesign” for proteinstrukturprediktion”

» “for protein structure prediction” S

NOBEL
PRIZF

“for computational protein design

#NobelPrize



AlphaGaZeroand human knowledge

Elo Rating

10 15 20 25 30 35

=== AlphaGo Zero 40 blocks  s==+ AlphaGo Lee ssese AlphaGo Master

Superhuman level in the strategic game of Go, playing against its own copy. Search + NN as heuri:
Human knowledge becomes irrelevant, teaching human strategies decreases final level!
Shocking newsRuossX Benewein T. (2024)Grandmasteil_evel Chess Without Search

(arXiv:2402.0449270M parameter transformer modgl-step intuitive decisions



https://doi.org/10.48550/arXiv.2402.04494

AlphaStarStrategic Game
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Deepmind.googlalphastar¢ mastering the reatime strategy gamétarcraftll (2019)
Open, strategic games, like war games.



https://deepmind.google/discover/blog/alphastar-mastering-the-real-time-strategy-game-starcraft-ii/

AlphaChip
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Al has accelerated and optimized chip design, and its superhuman chip layouts are used in hardwa
around the world.{ dzOK f | é2dzia 6SNB dzaSR Ay GKS ftFada
accelerator, thel'ensor Processing UrfiEPU). Al is here a partner helping humans.

Mirhoseini A.,Goldie A.,YazganM. et al. Agraphplacementmethodologyfor fast chip desigmNature594, 207212 (2021)
Addendum 26.09.2024


https://cloud.google.com/tpu?hl=en
https://deepmind.google/discover/blog/how-alphachip-transformed-computer-chip-design/

. . STRUCTURE SOLVER
From transformers to protein foldin g psm—r—
outperformed other teams at the CASP14 protein-
folding contest — and its previous version’s
performance at the last CASP.
Central Dogma B emcaem——————————
o AlphaFold 2
Of Molecu[ar B|Ology 90\ .............................................................. pRarolt 2
...... Ascore above 90 ........coomnsansamas
% < is considered roughly
- O 70 ...... equlvalent tO the ..............................................
8% 60 experimentally .............. AlphaFold\ .........
2 o 60 perin y
s . S @ determined structure
TranSCl"Ipthn Translatlon - = %, g (Qscwsibiisivosablaiivamisissiasaininasesnsosesssvsvsisn i
7-80 EI 40 .........................................................................
[_mccmm.j "EAUCGAUAATCC_J’ ‘[-:IZEE-] o CLJERE B R eme—
20 ..............................................
\ O ..............................................
DNA (1D) RNA (ID) Amino acid sequence (ID) » 10
Protein (3D) 2006 2008 2010 2012 2014 2016 2018 2020
Contest year
X-Ray Nuclear magnetic Cryoelectron
R. B. Altman, A Holy Grail The Prediction of Protein JEaciEEc 2 resonance spectroscopy microscopy

Structure, New England J. of MedicBt&9 (2023)

Google Deep Mind AlphaFold 2 has reached accurs
comparable to experiments on about 100000 proteir

and released 218 min 3D protein structures.




AlphaFold architecture

Database search
and preprocessing

Evoformer Structure module
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Pair representation
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Pair representation

Google Deep Mind AlphaFold is using evolutionary information from genetic databases to find similar
sequences, and compares pairing matrix to experimentally derived structtvesormerevaluations
Importance of positions in sequences and in sequences of similar species.




AlphaFold MSA
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Refined
MSA representation

Pair representation Pair representation 1 Pair representation 2 Refined
pair representation

Evoformeruses neural network to relate position of each pair of residues with the third one residue,
iteratively influencing MSA, until refined pair representation and MSA representation is stable. Structure
module is a network that creates invariant 3D structure (rotations, translations, physical constraints).



AlphaFold 3
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interactions proteins

J. Jumper + 32 coauthorOemisHassabis, Highly accurate protein structure prediction with AlphaFold,
Nature596, 583 (2021).

Now greatly improved: J. Abramson + 56 coauthors, Accurate structure prediction of biomolecular
interactions withAlphaFold 3, Natur630, 493 (2024).

AlphaFold 3INB RA QG & (U KS & i NHzOU dzNBE | v RAlghgPiofedddnédaies Boyeh
proteins for biology and health accelerating research in nearly every field of biology/molecular medicin



https://www.nature.com/articles/s41586-024-07487-w
https://deepmind.google/technologies/alphafold/impact-stories/
https://deepmind.google/discover/blog/alphaproteo-generates-novel-proteins-for-biology-and-health-research/

Al-discovered drugs In clinical trials

Number of molecules discovered byfist Biotechshat have entered clinical trials. Includes
molecules that were partnered with pharma companies and excludes COMEated molecules.
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(a) Al molecules by
clinical Phase.

Launched
Il Phase il clinical trial
Il Phase Il clinical trial
P Phase | clinical trial

Number of Al-discovered
molecules in clinical trials

52 4 .3

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023

(b) Akdiscovered
molecules by
mode-of-discovery.

Al-discovered targets
I Al-designed small molecule
Il Al-discovered antibodies
I Al-discovered vaccines

I Al-repurposed molecules
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Neural networks for science



Performance vs. training size

Performance on knowledge tests is measured with the MMLU benchmark . Training computation is measured in total petaFLOP,
which is 10 floating-point operations® .

100%

Developer of Al system
GPT-4 B Bloomberg

B Deephind
Pal M= N Eleuther

W Google Research

B HuggingFace, BigScience
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B OpenAl
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Parformance on knowledge tests
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MMLUdatabase* 16K questions in 57 subjects, from history to math.
Average human 34.5%, expert in a single domain 89.8%4 G3614%.
G/ CPreamy )

Mostly associative thinking, poor reasoning abilities. Scaling works, & OpenAl
but autoreflectionand longer deliberation is even more effective.


https://paperswithcode.com/dataset/mmlu
https://ourworldindata.org/grapher/ai-performance-knowledge-tests-vs-training-computation
LLM-grow.gif

e |
TRILLION PARAMETER
CONSORTIUM:{(FPC)

Building, training, and using largeale models + hardware development (3/2024).
(a) Al development, LLMs/LMMs, scalable libraries and frameworks, Al workflows, data

aggregation, model evaluation, alignment, etc.;
(b) design/build hardware and software systems, research automation;
(c) Al applications in science, engineering, medicine, and other domains.

RIKEN plans to launch the new program in 2024 caimusformativeResearchinnovationPlatform

- Artificial Generallntelligence forscience TRIPAGIS.
Focused on multimodal foundation models of dynamic behavior, dynamic and spatial transcriptom

cellular response to drugs.



https://www.r-ccs.riken.jp/exhibit_contents/SCA24/research_ai/sca24_ai.pdf

