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https://www.google.com/search?q=Wlodzislaw+Duch

Al at the warp speed

Al intro, one year afte€ChatGPT

Neural Models

Al minds and human brains
Foundation Models and Generative Al.
Large Multimodal Models.

Al for science.

Distributed artificial brains.

Conscious avatars.
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Al news in mylipboard
ChatGPk< Al. We see a tip of the iceberg...
Every weelarxivcs.aiadds over 100 new papers.



https://flipboard.com/@Wlodzislaw
https://arxiv.org/list/cs.AI/pastweek?skip=344&show=25

Al Intrc



Superhuman Al?

New Al predicts words, but shows no understanding, requires small adjustment
or: new superhuman form of intelligence, will leadrémlical changes
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Cogni
Cognitive sciences

Biohybids

Bio

Neuroscience

Nano

Quantum
Technologies

Exaflopspeedl10t® ¢ 10%
op/sec, GPU, TPU, NU
NanoLLMsn phones

Neurocognitive
Informatics

Info

Artificial/Computational Intelligence
Machine Learning, Neural Networks


https://www.youtube.com/watch?time_continue=98&v=V1D4FPNnoig

Superhuman Al

Reasoningl99%Deep Blue wins in chess;
2016¢cAlphaGo wins in Go; 2017 Alpha GoZero 100:0

Open Games201kPoker, Dota 2; 201Starcraft Il,
2022 Stratego, Diplomacy, Bridg&vhat is left?

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

~ Robotics 2020 Atlas robot (Boston Dynamics) backflip
. and parkour, autonomous vehicles, 2023 Tesla Optim

Science 2020 AlphaFold 2, now 620 M 3D proteins,
2023 GNoME (Deep Mind) 2rIn structures; math.

Creativityand imagination GAN revolution, Dalt,
Midjourney, Stable Diffusion, AIVA, music composers.

Language201XkIBM Watson wins in Jeopardy;
2018 Watson Debater wins with professionals.
2020: BERT answers questions from SQUAD databas

CyborgizationBCl, braircomputer symbiosis, soon?
What are humans better in? And for how long?



https://aiartists.org/ai-generated-art-tools

Chatbots vs Physicians

| 8SNBRZ WO
Intelligence Chatbot Responses to Patient Questions Posted to a Public

Social Media ForunrdAMA Internal Medicin@nline April 28, 2023).
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Figure. Distribution of Average Quality and Empathy Ratings for Chatbot and Physician Responses to Patient Questions
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Kernel density plots are shown for the average across 3 independent licensed health care professional evaluators using principles of crowd evaluation. A, The overall

quality metric is shown. B, The overall empathy metric is shown.




. . e ALGORITHMIC
Al:computer science definition [k
What all these Al applications have in common? \

Artificial Intelligence is a branch of computer science
solving problems for which there ar® effective algorithms

Either algorithms are so complex that they will never finish,
or we do not know how to formulated the problem,
to understand images, literature, or brain states.

Classes of computational complexity problems.

Unlike any older technology, Al can:
create new ideas, manipulate us,
learn very quickly, and take decisions by itself.




Neural models



Neural classifiers

Data, words, image patches => networks with adjustable parameters
=> training to recognize patterns => object classification, diagnosis.

Deep neural network
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Studies in Computational Intelligence 63

)

Duch WD NXzR | KA Medafeatning: searching in the model space.
International Conference on Neural Information Processing, Shanghai, 20(




LLM timeline.

From rules
to networks
to pretrained
transformers.

2018 - Now
GPT, BERT

@

1990s - 2000s

Neural Network

2017

Transformer

1950s

Rule-based Data Processing

1980s

Machine Learning

- Train with large amount of data
- Feedback from people becomes
the leaming content
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Simple processing based
on rules and models

Data classificabion

Imitate the human brain for

labeling and training

[ CNN (Convolutional Neural |

L Network) }

[ RANN (Recurrent Neural |

| ___Network)

GAN [Generaiive Adversanall
Network) J

Focus on human brain
learning processes

"Attention is all you need”

+ trillion, 102
parameters!

Human brain
has 104 or
100 trillions
synapses.



Transformer modepublishedby

Google in June 203started the
generative Al era.

A key concept of the architectur Js

Emeddingand attention

I have no inferest | in hearmg abou’r The

érisingé interest | rate | of The bank

. . proﬁrs
IS selfattention to understand
relationships between words. Tok
The | Financial | Times |{is

Selfattention links each token in
text to other tokens important

to understand its meaning.

MatykiewiczP, PestianJ, Duch W,

and Johnson N. (2006)

UnambiguougoncepMapping
In RadiologyReports Graphsof

ConsistenConcepts
AMIA Ann.SympProc. 1024.

Word embeddings, positional encoding
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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

Probabilities
Transformers -
Attention: given a sequence of tokensg

(words, image patches), how relevant
IS each input token to other tokens?

Attention vectors capture context

(embedding, semantics) + encode Add & Norm
) . [ Add & Norm | :
relative positions (syntax) of words. ——— ul:-Head

' Alention
Example: Forward
Input: sentence in English; -
: : : SErh Masked
Output: sentence in Polish. Mult-Head Muiti-Head

Attention Attention

Google BERT used this approach.

Generative Prdrained Transformers
Fositional Positional
or GPTs are now best known models [y OO ) Lo

Simple intro on Youtuhe p—r outou

Vaswani et al.(2017). nouts Outputs
Attention Is All You NeedrXiv {fah.i_ﬂté-u:.:i‘r.'irc-]-l'l'.:]

Figure 1: The Transformer - model architecture.


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

Spreadin@ctivation

Spreadingactivation
networks.
Duch et al..Towards

Understanding of oz 2 e Fs
Natural Language: S - i
Neurocognitive g/ 1/ vy g £2H7.

Inspirations. LNCS 4668
953962, 2007

GPT = Generative
Pretrained Transformer

Howtransformerswork
Financial Times wisual
storytelling.

LLM visualization
https://bbycroft.net/lim



https://ig.ft.com/generative-ai/
https://bbycroft.net/llm

Secrete geometry of Ianguage

How Scientists Are USlng AI Tech To Communicate With Anlmals % 0o »
by s, S VNG 5
MANDARIN FRENCH " HINDI
SPANISH ENGLISH JAPANESE
e SCRIPPS

TR PANEWS s
SRR “© @

L e i G
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- :
> Pl ¢ 26:226/41:04

Universal algorithmidentify tokens, create higdimensional embeddings
In many contexts, use saftention in transformer architecture.
Structure and relations are similar in all thousands of languages.
Even animal communication can be analyzed in this way.



Semantic atlas

http://dico.isc.cnrs.fr/en/index.html
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http://dico.isc.cnrs.fr/en/index.html

Visiorlanguage models

VisionLanguage Pr&rained Models (VBPTMs), convergence of language,
vision, and multimodal pretraining => genepalrpose foundation models
can be easily adapted to multiple diverse tasks with zdrot learning.
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Al minds and human brains



Brain = large neural network
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Brain: 10(ln neurons, 100.000In synaptic connections, small world.

Effortless activityperception, memory, associations, emotional reactions.
Foundational model based on years of experiemegirodeterminism

Education: critical, analytical thinking, building models of reality, reflection.

LLMSs create associations, do not memorize, confabulate, need logical filte
Usingspecial method®f teaching they create humalike internal models:

RLHFproximalpolicyoptimization(PPO)Direct Preference Optimization
(DPO), Contrastive Preference Learning (CPL), superviseddné A y 3 6



https://magazine.sebastianraschka.com/p/llm-training-rlhf-and-its-alternatives




Some people ignore the
right hemisphere.
Nerds, wonks, gearheads?

The intuitive mind is a sacred gift an
the rational mind is a faithful servant
We have created a society that hono
the servant and has forgotten the giff




Some people think that right
hemisphere is sufficient, and
they fear math, physics and
analytical thinking.

Artists, humanists, and victims
of poor education?

WORLOWITHOUTSCIERCE WORDPRESS.COM




gk ChatGP®n thinking °

W Describe the difference between reasoning and associative thinking.

Associative thinkings the process by which our thoughts and ideas are
linked together through connections and associations. Associative thinkin
IS oftenspontaneousand uncontrolled and can lead to tloeeation of

new ideasand connections between different topics. It can be used as a
creative thinking technique, allowing the rapid generation of many ideas.
It can be useful in problem solving.

Reasonings a process based on logical and analytical skills to reach
conclusions based on available information. The goal of reasoning is to
understand and explain phenomena and make rational decisions based o
them. This process can involve defining a problem, collecting data, formin
hypotheses, testing hypotheses and drawing conclusions.

Reasoning is more analytical and logical, while associative thinking is mot
Intuitive and creative Both processes are important in human thinking
and are used in different situations.

This is Al futuregx.Jaxon.aDomainSpecificAl LanguageWatsonX



https://jaxon.ai/
https://www.ibm.com/watsonx

Mathematical discoveries

Romerat F NEBRS&a X ClFI gl AT | ® OHAHOULD al
search with large language moddiature, 1c3.

The first discoveries made for established open problem using LLMSs.

FunSearclksearching in thefunction space), pairing LLM with evaluator.
FunSearchpplied to the cap set problem discovered new constructions of lar
cap sets going beyond the best known orfasgnSearchlso found new

heuristics that improve upon widely used baselines in online bin packing
problem.FunSearcBearches for programs that describewto solve a

problem, rather tharwhat the solution is.

Such programs are easie FunSearch

to interpret, enabling o)

feedback between Prerained LLM |, [ — D

domain experts and
FunSearchand the Specification
deployment of such —
programs in reaworld
applications.

Prompt Bl [:] e oy

Programs
database



https://doi.org/10.1038/s41586-023-06924-6

[Category traffic light: Passive Viewing ] [Category zebra: Passive Viewing]

V4: color perception.
IPS: sensorgnotor link

Frontal area (FEF, FO): planning behavior, action.

Smell

on : . Benefis

Represent concepts as vectors in the feature spacas oot
that describes brain activation. oy

J.R. Binder et al, Toward a Br&@iased Componenti
Semantic Representation, 2016



Semantic neuronal space

Words in the semantic
space are grouped by
their similarity.

Words activate specific
ROIs, similar words create
similar maps (1700 states
of brain activity.

Videoor audiostimuli,
fMR160.000voxe).
Gallantlab, Berkeley

[Semantic Space]

Change
sglf }[ ”
Tr_ave

A

vlolence\
' bodypart
person

visual
number
place

tactile



http://gallantlab.org/huth2016/

Brain activationg Mental images

fMRI activity can be correlated with deep CNN network features; using the:
features most similar image from a large database is selected.

Horikawa Kamitanj Generic decoding of seen and imagined objects using
hierarchical visual featuresdlature Communications, 2017.

Category-average patterns

Identify )
most similar g
category umum I Jet

G Predicted
fMRI activity Decoder ¥ ‘turtle’
S ‘leopard’
en or imagined - ¢ | ‘skyscraper

Training data set %

Image k& ¢ & w2 F' % ° &t ‘dolphin’
A ul T =
P DadhT AR *

Brain activity 'Fi.} ..'.ﬂ.u Pepd Tt oo " "m {satrch’
Feature pattern sl tdi . .al il Muhm {‘J .




Brain reading

\ Proposed : Candidates
Feature continuations t+1
hee Candidates Predictions LSl
extraction | Encoding (t) SR Encoding i saw a

model L w! doa with model doa with :
- 1saw a - 9 i s

¢ ¢ d F ! 1 € v

9 o9 | saw a . - N ' isawa |1

ooqand. 28 . Mz big dog '

isaw a 0.2 22 — isawa
big dog 2 7

isawa
big truck |

C Actual stimulus Decoded stimulus

from the and i just continued to to the and
the of the
at me but and looked up

i didn't know whether to or instead started to and then i told you
to and
and i cleaned up alone i thought he had left

that night i went upstairs to what had been our we got back to my i had

and i just assumed i would sleep on it but instead i

and i just she is not ready
right when i needed to and i had to
and i'll give you a ride now and

Tang, Jl.eBel A., Jain, S., Bluth, A. G. (2023). Semantic reconstruction of continuous
language from nofinvasive brain recordings. Nature Neuroscience, 26(5)




10.

Horseq Ariachatbot)

Physical Characteristicélorses are large mammals known for their strong,
muscular bodies, long legs, and flowing mane and tail.

Domestication Horses have been domesticated for thousands of years and hav
played crucial roles in transportation, agriculture, and leisure activities.

Breeds There are numerous horse breeds, each with unique characteristics suf
as size, color, and temperament. Examples include the Arabian ...

Behavior Horses are social animals that form strong bonds with other horses
YR 6AGK KdzYlyaz O2YYdzyAOl S G KNZER dz3
Diet: Horses are herbivores and graze on grass, hay, and other plant materials.
They have a complex digestive system processing fibrous plant matter.

Uses Horses are utilized for various purposes, including riding, racing, working
on farms, therapy, and as companions.

Anatomy. Horses have a unique hoof structure that allows them to run at high
speeds, a strong skeletal system, and a keen sense of hearing and vision.
Healthcare Proper care for horses includes regular veterinary chgasg
vaccinations, dental care, hoof trimming, and appropriate nutrition.

Gaits Horses have distinct gaits including walk, trot, canter, and gallop. Each
gait serves a different purpose and requires specific training.

Symbolism and Cultural Significanicéhroughout history, horses have
deYoz2t ATSR aGNBy3JUKEZ FTNBSR2YZ YR 0



Concepts In contexts

{
‘ml®
3

W Concepts = activity of LLM neurons; in the language of dynamical
systems large attractor basin with several local prototypes, each with
slightly differentsensin specific context.

W W. Duch, Jestian P.Matykiewiczet al. Processing clinical text with
domainspecific spreading activation methods. US Patent Application
No. 12/006.813 (4/2008, pub 2015).



Memory, fast and slow

Episodic memonallows one to quickly remember events
after a single exposure, but creates only shallow associat
Hippocampus encodes information about active brain areu..

Knowledge requires formation g@emantic memoryin cortex.
This is a slow process that requires multiple repetitions and associations
with well-fixed knowledge, compression of episodes.

Early developmenthippocampus has small capacity, about58Imin
neurons, comparing to 1bln in the cortex. It can memorize episodes,
thanks to consolidation (compression), forming semantic memory
structures in the cortex, generalizing and allowing for abstract reasoning.

KhanemarSystem Jis automatic, quick associative reaction of the brain,
and System Zlow, deliberate, sequential, conscious.

A flood of images and texts requires compression.
Education in ancient cultures: internalize knowledge, make it automatic.

Without foundations learning is slow. LLM: semantic memory formation
= construction of models, ideas about the world.
We learn fast because we have been learning for many years!



OthelloGPT

A GPT variant OthelGPT 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.Internal board representation emerged

A 2layer MLP classifier takes as input inter
activations of a network, outputs next
position. ActivatioAntervention technique

IS used to create latent saliency maps.
Black box: Tofd prediction by the model. )
Contribution to prediction: red=high, blue=Iof

GPT perceives what appears in its imagery.

[AZ YO X | & 9 2009
Emergent World Representations: Exploringl

(arXiv:2210.1338P



https://doi.org/10.48550/arXiv.2210.13382

Compression: intuitive thinking

Question in qualitative physics (PDP book):
If R, increasesR, andV, are constant, what will
happen with current and/,, V, ?

Learning from partial observations:

h KY Qav=mRYA NKIaWNVFR,
R=RR or 1/R=1/R+1/R,

Geometric representation of facts:
+ increasing, 0 constantdecreasing.

True (,V,R), (1,,V,,R), false (,,V,R).
p flogayYy o ANKMEaF Qab H

All laws A=B+C, ABB , A=B+C!,

have identical geometric interpretation!
13 true, 14 false facts; simple internal
compressed representation.

Duch, W. (2007). Intuition, Insight, Imagination and Creativity.
IEEE Computational Intelligence Magaz{8), 4@ 52.



Cognition as Compression
Computing® Cognition,
artificial2  natural systems.

J.G. Wolff, SP theory of intelligence: computing as compression.
http://www.cognitionresearch.org(mostly for 1D sequences)

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

W Cognition as Compression, SP theory

(W Language Learning as Compression

(compressed)

W Natural Language Processing as Compressio

TheHutter Large Text Compression Benchmark
Prize 2006)for data compressiolon enwik9
English Wikipedia GBtext file. 5000 euros
for each 1% improvement in the compressed size (not compressed)
2023 bestresult 113 746 21®ytes.



http://www.cognitionresearch.org/
https://en.wikipedia.org/wiki/Data_compression

Pragmatic information

COINCY Q/@
Fragment of MDL graph >4 \Q
for Polish language. \ a
Adding new item may d/
increase or decrease 66
complexity of the graph.

Change in MDL graph
= pragmatic information.

Memetics, conspiracies:
Info that can be
easily compressed
becomes meme.

Duch W and Jankowski N (19€hmplex Systems, Information Theory and Neural
Networksh mad bl GAZ2Yy It /2y FSNBYOS aobkKidzNO4d b



https://fizyka.umk.pl/publications/kmk/94-complex-abstract.html

Al mental models

llya Sutskevernetwork make these predictions by building

a world model. That is, did it discover that there was an
8x8 board and a specific set of rules for placing pieces on itjkss
that underpinned these moves?

Andrew NgLLMs build sufficiently complex models of the world that | feel
comfortable saying that, to some extent, they do understand the world.

I £ 20 2F aSYSNHBSvy foreexadfeKihe@att zhdth mald [ |
fine-tuned to follow English instructions can follow instructions written in other
languageg seem very hard to explain unless we view them as understanding
the world. Learning from predicting words/sentences, leads to compressed
mental representations.

G. Hintonalso agrees that LLMs build models and understand concepts.

Educational psychology literature:

Sadoski, M. (2018Reading Comprehension is Embodi€étdeoretical and
Practical ConsiderationEducational Psychology Revi&0(2), 3313409.

Reading comprehension => imagery, embodied cognition.



https://www.youtube.com/watch?v=9AxRIuzlUV0
https://www.deeplearning.ai/the-batch/issue-209/
https://doi.org/10.1007/s10648-017-9412-8

Generating new ideas

Generate relevant research guestions and ideas.
InfraNodugext analysis toowith help from GPT can show structural gaps
between topics, representing text in a graph, and generating questions that i

diverse topics, ex: What is the physical environment impact on our ideas?

e 2
@ change X
e
| g e ==
@ time 2 Action Advice:  Diversify
y " behavio
’ Structural Gap (ask a research question that
@ y i would link these two topics)
4 10 2 ‘l change W Information B environment
; ..(b. v and
‘\* 1 ! | question B thought W deal
~ 2 Y | questio thought W dea
\| @kming B X
\ N P o M
) LA S ~@deal " pl
VR | informati
i le b -
A b S ' Latent Topical Brokers
TN t -
&8 b A X W deal W thing M process M order W occur
@ great s abedtl
~.‘ R ® A gap between I i
idea e
< Wouest
W question
bt * h s Back to the Main Topics
® ecology
How does the environment change over time?
@ v =
. o - —
| focused


https://infranodus.com/

Simple creativity model

Goals of mgomputational creativity project2005)
W make the simplest testable model of creativity;
() create interesting novel words that capture some features of products;
W understand new words that cannot be found in the dictionary.
Assumption: a set of keywords (prompgs)mes the trainedcortex subnetwork.

Prompts: ordered strings of phonemes that activate semantic reps of words.
Spreading activatior> context priming + inhibition in the winntkesall proce:
leaves only a few semantically related concepts (word meaning).

Creativity = activation of prained network = imagination (priming)
+ filtering interesting results that activate larger areas (associations)

Imaginatiort many chains of phonemes/concepts activate word representatic
spreading primed activations via synaptic connections.

Filtering associations based on phonological/semantic similarity survive.
Examplesdigventure discoverityinfinition, creativeryX H kK o dzia SR

Psychological theor8VSR, Blind Variation Selective Retenti@ampbell 1960.
Duch W. (2006) Creativity and the Brain. In: A Handbook of Creativity for Te
Singapore 2007, pp. 5630. Implemented by MRilichowski


https://www.is.umk.pl/~duch/projects/projects/cre.html
https://www.is.umk.pl/~duch/projects/projects/ncl.html

Foundation Al models
and generative Al



Gartner hype cycle for Al, 7/2023

Senart Robots . Generative Al
Responsible Al \
Neuromorphic Computing
Prompt Engineering
Antificial General Intelligence Synthetic Data
Decision Intelligence
Al TRISM
Opeorational Al Systems
Composite Al
Data-Centric Al
Computer

Vision /——

Al Engineering

Al Simulation
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Causal Al

(S:Ie?\ll‘ g:«.: Data Labeling
Neuro-Symbolic Al Knowledge Graphs pes Shyeacons

Multiagent Systems Intelligent Applications

First-Principles Al
Automatic Systems

Autonomous Vehicles
Al Maker and Teaching Kits

Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity

Time

Plateau will be reached

less than 2 years A more than 10 years () obsolete before plateau




Big models can do more

Scaling: competence of models in different fields grows with the number of
parameters, size and diversity of da€uality of data is critical.

LaMA13B surpasses GRIdespite being over 10 times smaller,

LLaMAGS5SB is close to Pal-BHOB.

LLaMAYB is close to Pal-BU0B.

Pht2 (2.6 B) outperforms 25x largarodels
LMM = Large Multimodal Models trained
on text, images, video, internal neural
signals for robot movement.

Ex. GP-BV(sion), RTX robots, Gemini.
Gemini Nano

fOf AndrOid : B LOGICAL INFERENCE CHAINS
SEMANTIC PARSING 4 COMMON-SENSE REASONING

PROVERBS ~ o = PATTERN RECOGNITION

ARITHMETIC - b B TRANSLATION
CODE COMPLETION % 5> 2y DIALOGUE

JOKE EXPLANATIONS

ARITHMETIC

LANGUAGE UNDERSTANDING

11 bin parameters

READING COMPREHENSION . PHYSICS QA
SUMMARIZATION LANGUAGE UNDERSTANDING

540 bin parameters



NLP supermodels

OpenAIGPT3 modelhas175B parameters Firstof-its-kind API can be applied
to any language task, and serves millions of production requestsdzgach
GPT4 has 1.7 trillionparameters (probably).

WuDao ~1.75
trillion param.

EISIEER
201821 LLM
complexity
Increased

1 M times!

100 M monthly
active users
In 2 month

after release
From 1/2018 of ChatGPT

to 1/2021

100b
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Figure 1: Exponential growth of number of paf&rﬁerefé in DL models



https://openai.com/
https://medium.com/@mlubbad/the-ultimate-guide-to-gpt-4-parameters-everything-you-need-to-know-about-nlps-game-changer-109b8767855a

Big models can do more

PaLM 88 TS — . =

Mod Arthmetic'
GPT-31758, @-+Db
M LaMDA 1378, A
PalLM 64B, ) ,
Chinchilla 78 LinguisticsPuzzles GRE-Comprehension’ MetaphorUnderstanding  Physicalintuition”
'L/ TR AA =
L PaLM 5408, 4 l | ¢ poy
Chinchilla 708 N ' 4 b 4
GeometricShapes Proverbs PhoneticAlphabet BementaryMath Causaludgment CodelineDescription
200 . = . ".-*
X . s = &
Gemini (est.) S LIS o - :
Coliege-LevelExams Self-Critique/Reflection AppBuliding SpatiaiReasoning AdvancedCreativity EmbodimentOptions
Next... B
Grounding Long-HorizonPlanning Persuasion AdvancedEmbodiment - Awareness

YouTube: Alan F Thompsdii,achievements unlocke@&mergent abilities
in large language models (GB,JGP#, PaLM, Gemini).

No-one programmed that, not expected that these models have such abilities.



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

Multimodal models

Multimodal learning¢ different types of modalities with different statistical
properties, embedded ithe same model

W Multimodal Affective Computing (MAC)sentiment analysis.
w Natural Language for Visual Reasoning (NLVR)

W Multimodal Machine Translation (MMT)

W Visual Retrieval (VRndVisionLanguage Navigation (VLN)
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https://arxiv.org/abs/2108.07258
https://crfm.stanford.edu/
https://hai.stanford.edu/
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EVALUATE MODEL'S PERFORMANCE

FINE-TUNE MODEL FOR MULTIPLE DOWNSTREAM USES
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