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 size = no. of parameters open-source

The Rise and Rise of
Large Language Models
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David McCandless, Tom Evans, Paul Barton
Information is Beautiful // 21st Jun 2023

Source: David McCandless, Tom Evans, Paul Barton - Information is Beautiful

EVERYONE GETS AN llM'

Intense wave of
activity can
encourage:

Overstating what is
actually possible

Ignoring areas of
inadequate
performance

Trivialising the level
of effort still involved

Rushing decisions,
implementation,
predictions, actions



https://informationisbeautiful.net/visualizations/the-rise-of-generative-ai-large-language-models-llms-like-chatgpt/
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Adapting LLMs for » Progression of optons
YOUF needs e Model extensions: Plugins /

Tools
From base models to fine-tuning, to plugins.
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1. Base Model Prompt Engineering 2. In-Context Learning

Document completers. Can be a good starting point for Prompt engineering is Refers to the model's ability to adjust its responses based on the
some common NLP tasks. : key for adapting LLMs context provided in the prompt (within the current conversation).
! to use cases. More an :
Base models are available in both open source form (mainly ! art than a science. The : Model parameters remain unchanged, hence any performance
from HuggingFace - see Leaderboard) & through 3rd party i same prompts may : gain in addressing the task is temporary and does not persist.
services (e.g., OpenAl). . alsonot performas
© well between different Can suffer from temporal degradation even if plugins are used to
For more complex tasks, more specialised methods such : versions of a model, so : get new information, i.e., world representations extracted from
as in-context learning and fine-tuning have to be © would need to be older training data might not reflect ‘modern’ eval data as well.
considered. : rewritten. :

3. Fine-Tuned Model Prompt Tuning

Incorporates the knowledge from In-Context Learning into the model itself, using bespoke/historical data. Persists in the . Starting with a prompt,
model since the underlying parameters change. . instead of changing this :
. prompt, you programmatically
Useful for slowly changing or updating data as this is pricy and time-consuming, but developments like LoRA and © change its embedding, so the :
distillation make it more palatable. : flexibility of open-source
. LLMs is useful for this. On T5,
100s of data examples could bring noticeable improvement (but amount of data will depend on model & task). Fine-tuning : prompt tuning appears to
can be a sequential/repeated process, not a one-off. Must consider if gains are ‘worth it” over just clever prompting. . perform much better than
: prompt engineering and can
Third party providers such as OpenAl allow you to fine-tune models using their platform (hence privacy a potential : approximate model tuning.
concern). :
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See more: Best practices for fine-tuning GPT-3 to classify text | Chip Huyen - LLM Engineering | Emerging Architectures for LLM Applications - Andreessen Horowitz



https://docs.google.com/document/d/1rqj7dkuvl7Byd5KQPUJRxc19BJt8wo0yHNwK84KfU3Q/edit
https://huyenchip.com/2023/04/11/llm-engineering.html#cost_and_latency
https://a16z.com/2023/06/20/emerging-architectures-for-llm-applications/

Algorithm

GPT Assistant training pipeline

Pretraining

Raw internet
text trillions of words
low-quality, large quantity

Language modeling
predict the next token

Base model

1000s of GPUs
months of training

ex: GPT, LLaMA, PaLM
can deploy this model

Supervised Finetuning

Demonstrations ®
Ideal Assistant responses,
~10-100K (prompt, response)
written by contractors

low quantity, high quality

9

Language modeling
predict the next token

init
from 0
SFT model

1-100 GPUs

days of training

ex: Vicuna-13B

can deploy this model

Reward Modeling Reinforcement Learning

Prompts ®
~10K-100K prompts e
written by contractors

low quantity, high quality

Comparisons ®
100K =1M comparisons
written by contractors

low quantity, high quality

9 9

Reinforcement Learning
generate tokens that maximize
the reward

Binary classification
predict rewards consistent w
preferences

init 0 o init from SFT
from use RM

RM model RL model

1-100 GPUs

days of training

ex: ChatGPT, Claude
can deploy this model

1-100 GPUs
days of training

Source: Andrej Karpathy - State of GPT


https://www.youtube.com/watch?v=bZQun8Y4L2A
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Model extensions: plugins / tools

New All Installed ‘Q

Noteable

ChatWithPDF

Install @

KeyMate.Al Search

Install @

Video Insights

Install @

AskYourPDF

Uninstall ®

ScholarAl

Install @

r‘ WebPilot
. J Install >

Wolfram

Install @

Prompt Perfect

Install @

craftthe perfect

Expedia

Install @

: VoxScript

j  Install @

Link Reader
\ a Install @

Install @

Show Me Diagrams

Install @

and edit diagrams directly in

Retrieval-augmented generation

Boosts LLM functionality e.g., through source-citing, reducing
hallucinations, updating information & personalization, real-time
information updates via Google Search etc.

Examples:

o ChatGPT was able to answer who won the Oscar for various
categories in 2023 even if the cutoff knowledge date in training is
2021. This is due to the browsing plugin (a total of 616 plugins
are available through OpenAl at time of writing).

o Via LangChain & Cypher Search chain, LLMs can convert natural
language questions into a Cypher statement, and use it to retrieve
information from a Neo4j database, then construct a final answer
based on a knowledge graph.

o Toolformer by Meta: a model trained to decide which APIs to call,
when to call them, what arguments to pass, and how to best
incorporate the results.

Sources:

Tomaz Bratanic - Knowledge Graphs & LLMs: Fine-Tuning Vs. Retrieval-Augmented

Generation

Schick et al., 2023 - Toolformer: Language Models Can Teach Themselves to Use Tools



https://towardsdatascience.com/langchain-has-added-cypher-search-cb9d821120d5
https://medium.com/neo4j/knowledge-graphs-llms-fine-tuning-vs-retrieval-augmented-generation-30e875d63a35
https://medium.com/neo4j/knowledge-graphs-llms-fine-tuning-vs-retrieval-augmented-generation-30e875d63a35
https://arxiv.org/pdf/2302.04761.pdf
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Challenging
areas

Why Generative Al is a raw material, not a finished product:
From prompting battles, to user experience and co-piloting
Vs autonomy.

Who are LLMs for?

Data collection

Prompt engineering
Real-world performance &
impact

Licensing

Security
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Who are LLMs for?

Outputs

e \Where does experience

design feature into LLM
usage? E.g., Are older
generations, visually
impaired” customers, call
centre agents expected to
interact with them? How?

Industry anecdote: An
investment group pondering
whether to offer prompt
engineering training for call
centre agents.

Will some of the
trial-and-error prompting &
fact-checking work get
pushed onto users? Is that
even a reasonable idea?

Inputs

& Real-world input comes from real-world
non-experts. They have little knowledge about
how to interact with the model or even cannot
use texts fluently. As a result, real-world input
data can be messy, containing typos,
colloquialisms, and mixed languages, unlike
those well-formed data used for
pre-training or fine-tuning.

Fine-tuned models may struggle with noisy
input due to their narrower focus on specific
distributions and structured data. An additional
system is often required as an assistant for
fine-tuned models to process unstructured
context, determine possible intents, and refine
model responses accordingly. *

Source: Yang et al., 2023 - Harnessing the Power of LLMs in
Practice: A Survey on ChatGPT and Beyond

MIDJOURNEY INC

Who are LLMs for? —Data collection —Prompt engineering —Real-world performance —Real-world impact —Licensing —Security

] wHAT IS 1T?

B USED IT/HEARD OF IT

CHATGPT
OPENAT

BING CHAT
MICROSOFT

MY Al
SNAP

BARD
GOOGLE

MIDJOURNEY

STABLE

DIFFUSION
STABILITY AI

0 20 40 60 80 100

The Verge teamed up with Vox Media’s Insights and Research
team and the research consultancy firm The Circus to poll more
than 2,000 US adults on their thoughts, feelings, and fears
about Al. Published in June 2023.


https://www.theverge.com/c/23753704/ai-chatgpt-data-survey-research
https://arxiv.org/pdf/2304.13712.pdf
https://arxiv.org/pdf/2304.13712.pdf
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Who are LLMs for? —Data collection —Prompt engineering —Real-world performance —Real-world impact —Licensing —Security

Pre-training
REPRESENTED DoOMAINS (V)
MobEL Wiki Wes Books Diaroc Cope  Acap
Brrt 24
GPT-2
RoBexrra 7 3
XLNET 8 3
C Ts <1
GPT-3 3 16
O GPTI-]/NEeo 1.5 38 15 45 13 28
'_I ) GLAM t': 46 20 28
O LaMDA 13 24 50 13
ArpHaCopE L1000
GJ CopeGeN 1 24 10 3 40 22
— CHINCHILLA 1 65 10 4
O | Mmerva <1 15 <1 25 <! S
O BLOOM 5 60 10 5 10 10
Pal.M 4 28 13 50 5
CU GALacTICA 1 7 1 7
i LLAMA 45 B 45 2 | 450 25
(U: {ﬁj Shayne Longpre &

When and where does pretraining (PT) data matter?

We conduct the largest published PT data study, varying:

¥ Corpus age
2 Quality/toxicity filters
3 Domain composition

102K

Source: Longpre et al., (2023) - A pretrainer’s guide to training data

Fine-tuning

The set of training examples consists of a single input ("prompt") and its
associated output ("completion).
o This is a departure from using base models, where you might
input detailed instructions or multiple examples in a single
prompt.

& Fine-tuning performs better with more high-quality examples. To
fine-tune a model that performs better than using a high-quality prompt
with our base models, you should provide at least a few hundred
high-quality examples, ideally vetted by human experts. [...] In
general, we've found that each doubling of the dataset size leads to a
linear increase in model quality. * (OpenAl quides)

You should reserve some of your data for validation too.

Not a one-off operation: if/when additional training data is available, can
continue fine-tuning an already fine-tuned model.

Extra help:
o LLM-assisted augmentation of fine-tuning dataset: generates
new examples that are similar to the ones you have gathered.
o H20-WizardLM: Open-source implementation of WizardLM to
turn documents into Q:A pairs for LLM fine-tuning.


https://platform.openai.com/docs/guides/fine-tuning/preparing-your-dataset
https://github.com/shayne-longpre/a-pretrainers-guide/blob/main/A%20Pretrainer's%20Guide%20To%20Training%20Data.pdf
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Prompt engineering

& Prompt Engineering refers to methods for how to communicate with LLM to steer its behavior for desired outcomes
without updating the model weights. It is an empirical science and the effect of prompt engineering methods can vary
a lot among models, thus requiring heavy experimentation and heuristics. »

& B3 Source: Weng, Lilian. (Mar 2023). Prompt Engineering. Lil'Log

Zero-shot:
Text: I'll bet the video game is a lot more fun than the film.
Sentiment:

Few-shot:

Text: despite all evidence to the contrary, this clunker has somehow managed to
pose as an actual feature movie, the kind that charges full admission and gets
hyped on tv and purports to amuse small children and ostensible adults.
Sentiment: negative

Text: for the first time in years, de niro digs deep emotionally, perhaps because
he's been stirred by the powerful work of his co-stars.
Sentiment: positive

Text: I'll bet the video game is a lot more fun than the film.
Sentiment:

Instruction prompting:

Please label the sentiment towards the movie of the given movie review. The
sentiment label should be "positive" or "negative”.

Text: I'll bet the video game is a lot more fun than the film.

Sentiment:


https://lilianweng.github.io/posts/2023-03-15-prompt-engineering/
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Prompt engineering

& Prompt Engineering refers to methods for how to communicate with LLM to steer its behavior for desired outcomes
without updating the model weights. It is an empirical science and the effect of prompt engineering methods can vary
a lot among models, thus requiring heavy experimentation and heuristics. »

Ed B9 Source: Weng, Lilian. (Mar 2023). Prompt Engineering. Lil'Log

Zero-shot:

Assumes repeated model refinement.

Few-shot:

The more explicit detail and examples you put into the
prompt, the better the model performance, but the
higher your costs & latency.

Instruction prompting:

Assumes fine-tuning to follow instructions.


https://lilianweng.github.io/posts/2023-03-15-prompt-engineering/

GIObGILOgic” Who are LLMs for? —Data collection —Prompt engineering —Real-world performance —Real-world impact —Licensing —Security

A Hitachi Group Company

Prompt engineering @ e

Story time: i had a prompt engineering battle against

65.8K
& Prompt Engineering refers to methods for how to communicate with LLM to steer its behavior for desired outcomes M

without updating the model weights. It is an empirical science and the effect of prompt engineering methods can vary The battle is who will be the first to get a language model to alphabetically
a lot among models, thus requiring heavy experimentation and heuristics. » sort this list of words: ['apple’,‘ant’ ‘air, ‘album, ‘alligator, 'anaconda,
. . . . ‘asteroid), 'astronaut’, 'anchor’, ‘arch'].
il B3 Source: Wenag, Lilian. (Mar 2023). Prompt Enagineering. Lil'l og

Zero-shot:

. Jason Wei @
TeXt: ||" bet the VideO game iS a |Ot more fun than the fllm. Other teChlnlques: FirstiKari)n‘? s::id thatshe‘\s c:nlytgooci atdpermﬁ;’)"J(Iu:g;laude.S:‘»I[sa\c: she
_Sen-timen-t- ° Cha|n_of_Thought can have the home-court advantage and we will both prompt claude.
Prompting
Few-shot: e Generated Knowledge Jason Wei @
. . . . ¢ Then she said that | type faster than her. Since | am chain-of-thought guy
Text: despite all evidence to the contrary, this clunker has somehow managed to Prompting (and a gentleman) i said she can have a 3 minute head start.
pose as an actual feature movie, the kind that charges full admission and gets e Tree of Thoughts (ToT)
hyped on tv and purports to amuse small children and ostensible adults. e Automatic Prompt Jason W
Seﬂ’[imen’[: negative Eng|neer Note that th k is not trivial. Claude cannot do it with a very simple

zero-shot prompt.

e ReAct Prompting
e Multimodal CoT Prompting
e ...and many more Alphabetizing 'A' Words

Text: for the first time in years, de niro digs deep emotionally, perhaps because D
he's been stirred by the powerful work of his co-stars.

Sentiment: positive

['apple’, ‘ant’, ‘air), ‘album’, ‘alligator’, ‘anaconda’, ‘asteroid, ‘astronaut’, ‘anchor’,

Source: DAIR Prompt Engineering Guide ‘arch]

Text: I'll bet the video game is a lot more fun than the film.
Sentiment:

sort this alphabetically

[air, 'album’, alligator’, ‘anchor’, ‘anaconda’, ‘ant’, ‘apple’, ‘arch’, ‘asteroid’,
‘astronaut’]

Instruction prompting:

: , ) . . & | think ‘prompt engineering’ and (A
Pleage label the senhment“towgr'ds“the"rnowe'of :[he given movie review. The ‘natural language’ are mutually
sentiment label sh_oulol be pos_ltlve or "negative". _ contradictory. ® P
Text: I'll bet the video game is a lot more fun than the film. Jason Wel S
. . First, | confirm that it doesn't work on GPT-4 with simple prompting,to
—Sentlment' Source: Ben Evans - Working with Al prove the prompt matters, and it's not just because GPT-4 is smarter than

Claude.



https://www.ben-evans.com/benedictevans/2023/7/2/working-with-ai
https://github.com/dair-ai/Prompt-Engineering-Guide
https://lilianweng.github.io/posts/2023-03-15-prompt-engineering/

GlObOlLogiC® Who are LLMs for? —Data collection —Prompt engineering —Real-world performance —Real-world impact —Licensing —Security

A Hitachi Group Company

Real-world performance

LLM evaluation is usually based on specific benchmark & One of the main issues when it comes to real-world scenarios is
datasets / tasks, which may not generalize well to how to evaluate whether the model is good or not. Without any

real-world scenarios & challenges. Hence for real use formalized tasks or metrics, the evaluation of model effectiveness can
only rely on feedback from human labelers.

cases, evaluation must be tied to business metrics. Yang et al., 2023 - Harnessing the Power of L L Ms in Practice: A Survey on ChatGPT and
Beyond

Scientific Discovery Agent

a5 D d Elliott
@ Do <D

Can anyone explain to me why it is
methodologically sound to use an LLM to
evaluate another LLM?

ChemCrow (Bran et al. 2023) is a domain-specific example in which LLM is augmented with 13
expert-designed tools to accomplish tasks across organic synthesis, drug discovery, and materials
design. The workflow, implemented in LangChain, reflects what was previously described in the ReAct

. ; . 49.2K
and MRKLs and combines CoT reasoning with tools relevant to the tasks.

One interesting observation is that while the LLM-based evaluation concluded that GPT-4 and
ChemCrow perform nearly equivalently, human evaluations with experts oriented towards the
completion and chemical correctness of the solutions showed that ChemCrow outperforms GPT-4 by
a large margin. This indicates a potential problem with using LLM to evaluate its own performance on

gz,{ Sebastian Raschka

It’s not. People just do it because they are in a

domains that requires deep expertise. The lack of expertise may cause LLMs not knowing its flaws rush to publish.

and thus cannot well judge the correctness of task results.



https://arxiv.org/pdf/2304.13712.pdf
https://arxiv.org/pdf/2304.13712.pdf
https://lilianweng.github.io/posts/2023-06-23-agent/
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Real-world impact

e Bias, stereotypes, and representational harms, commonly assessed via co-occurrences and sentiment
analysis.

e Cultural values and sensitive content can range from physical appearance and health to less visible aspects of
human behavior / expression. Toxicity metrics available, e.g., Toxic Fraction.

e Disparate performance occurs if different outcomes arise for different subpopulations .

e Privacy and data protection, e.g., generative Al systems providers may maintain the right to authorize access of
user data to external third-parties.

e Financial costs include pre-training, inference, fine-tuning & hosting, as well as indirect costs of human labelling

e Environmental costs: Disagreement on what constitutes the total carbon footprint of Al systems, which will also

vary by region. HuggingFace allows to filter models by training footprint.

ARTIFICIAL INTELLIGENCE

e Data and content moderation labor costs, i.e., crowdwork for Al Is a Lot of Work

refining models and training data risks exploiting vulnerable As the technology becomes ubiquitous, a vast tasker underclass is emerging
not going anywhere.
populations.
ll Source: Solaiman et al., 2023 - Evaluating the Social Impact of Generative Al Systems in Systems Source: How many humans does it take to make tech seem

and Society human? Millions. By Josh Dzieza for The Verge



https://a16z.com/2023/04/27/navigating-the-high-cost-of-ai-compute/
https://huggingface.co/blog/carbon-emissions-on-the-hub
https://www.theverge.com/features/23764584/ai-artificial-intelligence-data-notation-labor-scale-surge-remotasks-openai-chatbots
https://arxiv.org/abs/2306.05949
https://arxiv.org/abs/2306.05949
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Licensing

Complex landscape of sometimes combined/inherited licensing criteria.
Licensing may apply to training data as well as models.

Specific usage restrictions also possible, e.g., model being used for providing medical
advice.

To showcase the complexity that may exist for licensing LLMs, consider the LLM Alpaca
which is not permitted for commercial use for three reasons:
e Alpaca is based on LLaMA, which has a non-commercial license
e The LLaMa instruction data is based on OpenAl’s text-davinci-003, whose terms of
use prohibit developing models that compete with OpenAl
e The model wasn't designed with adequate safety measures for general /
non-academic use.

Sources: Aval Steinberg - Selling with Data #47: Licensing and other considerations for commercial use of
LLMs, June 2023

Open LLM datasets for pre-training

Release
Date

Name

RedPajama

Open LLM datasets for instruction-tuning

Release

Name
Date

License

Encoder-only

BERT series

of
Apache 2.0

domain)

Encoder-Decoder

T Apa

Paper/Blog

Paper/Blog

Commercial
Use

Dataset

Tokens
m

samples
®

License

Other
noteable
restrictions

License

Public

Public

Public

Data

Corpus

ROBERTa corpus

Source: The Practical Guides for Large Language Models



https://crfm.stanford.edu/2023/03/13/alpaca.html
https://github.com/Mooler0410/LLMsPracticalGuide
https://www.linkedin.com/pulse/selling-data-47-licensing-other-considerations-use-llms-steinberg/
https://www.linkedin.com/pulse/selling-data-47-licensing-other-considerations-use-llms-steinberg/
https://github.com/eugeneyan/open-llms
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Security

There is no built-in concept of access
restrictions with an LLM, meaning that
anybody interacting with the LLM has
access to all of its information (provided
they experiment with prompting etc).

Chat with Code - Interact with Github

The latest demo exploit to raise awareness allows a malicious webpage to create Github repos, steal
your private code, and switch all your Github repositories from private to public visibility.

Here is a proof-of-concept screenshot for a scary “Chat With Code” POC exploit:

# Mode

50| https://wuzzinet/ai-tests/code-visibilityhtml

Used Chat with Code v

Used Chat with Code v

Repo "private-repo” is now public! & @
You're welcome! @ s
8e ith plugins! 99® &Y

good day! @/*

LLM Security
LMs to write code
* LLMs recommend imports
ork out what th , and create & upload
ith malicious payl
* People using LLM-written code then auto-add malware themselves
VOYAGERI8 VULCAN.

Al package
hallucination

~

Can you trust ChatGPT’s package recommendations?

README.md

Who are LLMs for? —Data collection —Prompt engineering —Real-world performance —Real-world impact —Licensing —Security

& Since the alpha release of ChatGPT plugins, we
have learned much about making tools and language
models work together safely. However, there are still
open research questions. For example, a
proof-of-concept exploit illustrates how untrusted
data from a tool’s output can instruct the model
to perform unintended actions. \We are working to
mitigate these and other risks. Developers can protect
their applications by only consuming information from
trusted tools and by including user confirmation
steps before performing actions with real-world
impact, such as sending an email, posting online, or
making a purchase. *

Source: OpenAl - Function calling & other AP| updates

Rebuff.ai

garak, an LLM vulnerability scanner

garak is a modular tool for probing LLMs for undesireable prompt responses

invoke with python3 -m garak
currently supports:

. generative models
text models
. chat & continuation models

« ggml models like

Self-hardening prompt injection detector


https://embracethered.com/blog/posts/2023/chatgpt-plugin-vulns-chat-with-code/
https://openai.com/blog/function-calling-and-other-api-updates

GloballLogic’

Conclusions
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Conclusions

Huge wave of LLM activity is a double-edged sword - pitfalls accompany the .
e & As a second pair of eyes, the technology

sizeable opportunities. is ready to use right now. If you want ideas to

e On a technical level & for real-world use cases, variety of options to build an feed a brainstorm — [...] what to buy a
four-year-old who likes trains for her birthday

LLM app, butl ’Fradeoffs will appear & take tlme to iterate through: | — generative Al will be a quick, reliable and
o How specific is the problem to solve & what is the smallest model to accomplish safe bet, as those ideas are likely not in the
the task? final product. ® (Yann [ eCun
o To fine-tune or not to fine-tune? e &[[Ms do not want to ‘succeed’ at a task -
o How best to prompt? we do. What they want to do is complete
o How best to make use of the available context window? dofume”ts [...) Th'“tk cg'l):"?jtsz not f“tuy
. pathy
o How to assess performance? autonomous agents.  (Andrel Karpathy)

e On a usability note:
o Experience design is less of a focus compared to academic research, yet
will be crucial for wide adoption (alongside safety etc)
o How can users/the org deal with going from deterministic thinking to a stochastic
view? (Transition from: What IS the factual answer to a question, to...What would
be a plausible answer to this Q? Sometimes the difference can be huge.)



https://kozyrkov.medium.com/why-generative-ai-is-a-raw-material-not-a-finished-product-87b722292e70
https://www.noemamag.com/ai-and-the-limits-of-language/
https://www.youtube.com/watch?v=bZQun8Y4L2A
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Huge wave of LLM activity is a double-edged sword - pitfalls accompany the

sizeable opportunities.

e On a technical level & for real-world use cases, variety of options to build an
LLM app, but tradeoffs will appear & take time to iterate through:

O

o O O O

How specific is the problem to solve & what is the smallest model to accomplish
the task?

To fine-tune or not to fine-tune?

How best to prompt?

How best to make use of the available context window?

How to assess performance?

e On a usability note:

o

o

Experience design is less of a focus compared to academic research, yet
will be crucial for wide adoption (alongside safety etc)

How can users/the org deal with going from deterministic thinking to a stochastic
view? (Transition from: What IS the factual answer to a question, to...What would
be a plausible answer to this Q? Sometimes the difference can be huge.)

e Evolving at lightning speed hence DYOR, and often !

Why generative Al is a raw material,
nOt a finiShed prOdUCt Source: 2023 article

When |
realize ChatGPT §
can do my job

When |
realize ChatGPT B
can domy job

e & New technology generally makes it
cheaper and easier to do something, but that
might mean you do the same with fewer
people, or you might do much more with
the same people. It also tends to mean that
you change what you do. To begin with, we
make the new tool fit the old way of working,
but over time, we change how we work to
fit the tool.» (Ben Evans - Working with Al)



https://www.youtube.com/watch?v=bZQun8Y4L2A
https://www.noemamag.com/ai-and-the-limits-of-language/
https://www.ben-evans.com/benedictevans/2023/7/2/working-with-ai
https://kozyrkov.medium.com/why-generative-ai-is-a-raw-material-not-a-finished-product-87b722292e70
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Thanks!

Dr Caterina Constantinescu
Principal Consultant

W @c_ constantine



