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What is the mechanism in a generative-AI?

A. Tamii 
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How the AI’s are trained?

How can they “think"?

What can they do?

What was the turning point?

consciousness?

understanding?

A. Vaswani et al., Attention is All You Need, https://doi.org/10.48550/arXiv.1706.03762
S. Bubeck et al., Sparks of Artificial General Intelligence, https://doi.org/10.48550/arXiv.2303.12712

…
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Outline
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- I. How a generative-AIs works

- II. What a generative-AIs can do?

- III. Personal opinions and discussions



Motivation
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• I’m simply interested in the mechanism of the AIs.

• As a researcher in science, I want to understand the AIs are.

Recent evolutional development of generative-AIs.

Evolution of the AI’s is exponential

that often goes beyond prediction.
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I. How a Generative-AIs work

A. Vaswani et al.,Attention is All You NeedTransformer: 

 https://doi.org/10.48550/arXiv.1706.03762

the mechanism

https://doi.org/10.48550/arXiv.1706.03762


Natural Language Processing (NLP)
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A field in the Artificial Intelligence (AI) technology.

Capability of using a language: one of the keys for human civilization

others: machine learning, computer vision, speech recognition, 
robotics, expert systems, evolutionary algorithms, …

AI models that can create new contents such as text, images, or music

Generative AI:

similar in structure and features to the training data.

Generative AI

Training

Input Output

sequence to sequence model

I. Sutskever, O. Vinyals, Q. V. Le 
(google) NIPS-2014 

→ applies also to the evolution of AIs

https://proceedings.neurips.cc/paper/2014/file/a14ac55a4f27472c5d894ec1c3c743d2-Paper.pdf
https://proceedings.neurips.cc/paper/2014/file/a14ac55a4f27472c5d894ec1c3c743d2-Paper.pdf


Transformer

6

Transformer was innovated in 2017.

→ Revolution in the NLP technology

  followed by many branch models.

BERT, BART, GPT, BIRD…



Before Transformer
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1982-: RNN: Recurrent Neural Network

1980-: CNN: Convolutional Neural Network

no direct memory of previous inputs

but hidden state vector of previous steps

→ analogy: reading books

Vanishing gradient problem (for long term dependence)

Grid-like structure for image or video recognition

filters, pooling layers

lack of interpretability, computational costs

K. Fukushima, Y. LuCun, …

 J. Hopfield,…

Long training time, computational cost, scalability problem



Transformer
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Transformer: 2017 (Google)

A break through: greatly accelerated the NLP technology

A. Vaswani et al., Attention is All You Need arXiv.1706.03762

• encoder-decoder framework

• self-attention mechanism

• transfer learning

Simplicity and Scalability

https://doi.org/10.48550/arXiv.1706.03762


Transformer: Overview

9A. Vaswani et al. (2017)　arXiv.1706.03762

https://doi.org/10.48550/arXiv.1706.03762


Encoder/Decoder
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Encorder:

translates data (context)

  from external representation

  to internal representation

Decoder:

translates data (context)

  from internal representation

  to external representation

Encorder Section

Decoder Section

N=6 N=6

Practical numbers shown in the slides are 
from Transformer (2017)



Overview
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Encoder-decoder architecture

Encoder-decoder architecture 
 with attention mechanism

Encoder-decoder architecture 
 of the transformer

FF NN: Feed-forward Neural Network



Input Embedding
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Tokenizer
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Transfer each of the input tokens to an internal representation (vector)

Various types of algorithms.

An example: word2vec model, ski-gram architecture

token-recognition

internal vector representation
dmodel = 512

a vector of real number2 
with a dimension of 512

A token is a little smaller than a word in English.

The way of the mapping is 
optimized in the training stage.

e.g. “pre-train-ing”: three tokens

 a character in Japanese≲

→

→

black =

brown =



Tokenizer
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cosine_similarity(black, brown) = [[0.9998901]]

~ the inner-product of the two vectors

represents  similarity of the concept of the two tokens.

A vector is an internal representation of the concept of the token.



Positional Encoding
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PE[2i ] = sin
pos

10000
2i

dmodel

PE[2i + 1] = cos
pos

10000
2i

dmodel

Embedding the information of the position of each input token 
in the  dimension vectordmodel

Several methods are proposed.

For example, in Vaswani (2017)

positional encoding

input

vector

pos. vector

pos. encoding

odd-index

even-index

Simply, the sum of the token 
and position vectors!

cos (2/10000
2i

512)

sin (2/10000
2i

512)
pos = 2

i

i

※Concept is addable.

i = 0, 1, . . . , dmodel − 1



Multi-head Attention Layer
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Multi-Head Attention Layer



Attention
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Attention(Q, K, V ) ≡ softmax ( QKT

dk ) V

Q: Queries

K: Keys

V: Values

Analogies: 

at a supermarket for making a dish 

Queries: ingredients in a recipe

Keys: labels of the item

Values: items 

at a library

Queries: subjects you want to learn

Keys: book titles

Values: books 

Represented by (weight) matrices

optimized in the training stage

dq = 64

dk = 64

dv = 64

Qw

Kw

Vw

matricesdim.

arXiv.1409.0473D. Bandana, KH Cho, and Y. Bengio (2016)Attention:

※Weight matrices are independent for each layer.

stimulated from a brain mechanism

≡ [(Q of token a) ⋅ (K of token b)] (V of token b)Attention (a → b)

https://doi.org/10.48550/arXiv.1409.0473


Self-Attention
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Self-Attention
- Attention between the tokens in the input

→ Relative strength of the relation between each token pair

- efficient way of keeping connection with tokens at long distance
for Vanishing gradient problem

- efficient parallel calculation for efficient training and a large model
recursive logic —> attention



Self-Attention

19

sum

result vector 
to the next layer

Self-Attention

w0 × value0
w1 × value1
w2 × value2
w3 × value3
w4 × value4
w5 × value5

weight vector

attentions

w = inner product 
  (with normalization)

attention scores

※Concept is addable.



Self-Attention
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sum

result vector 
to the next layer

Self-Attention

w0 × value0
w1 × value1
w2 × value2
w3 × value3
w4 × value4
w5 × value5

weight vector

attentions

attention scores

For each input, attention is 
calculated in parallel by h heads.

h = 8Multi-Head Representation

The self-attention works in parallel for each embedding.



Self-Attention
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• What does an output vector of a self-attention layer mean?

Internal representation of the concept of

e.g. “flying arrow” with some flavors of “time", ‘like”, …

→

as an output corresponding to the embedding of “flies”

Questions:

• Why queries, keys, and values are used, instead of using directly using the 
input vectors from the previous layer, to calculate the attention score?

- Each layer has a different abstraction level of concepts.

- Each head has different abilities

For the transformer to be able to focus on different aspects of the inputs.

If the input vectors are directly used, the vector space for representing concepts 
is limited to just one type.



Multi-head Attention Layer
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a side-path for partially preserving 
the information of the previous layer

“flying arrow…”

flies
⊕

※Concept is addable.



Layer Normalization
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Layer Normalization Processes
for preserving the real numbers in the vectors/matrices to be very large.



Feed-Forward NN
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Feed-Forward NN
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Feed-Forward Neural Network (FF NN)

Two-layer fully connected neural network

processes each embedding independently

Rectified Linear Unit (ReLU) activation function

→ Non-linearity FFN(x) = max(0,xW1 + b1)W2

for improving the abilities of representation and study

complemental to the attention layer



Output Embedding
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Output embedding

is similar to the input embedding

In the training time: 

The inputs of the output embedding are

Entire text.  
In a training of the translation, for example, well-translated texts (the 
answers) are included as well as the text to translate (questions).

Output Embedding

In the using time:

Entire input text and all the previous outputs from the transformer.



Masked Multi-Head Attention
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Masked Multi-Head Attention

is the same as the attention in the encoder section

Masked Multi-Head Attention

except that all the tokens after the present token are masked.

The mask prevents the transformer to use the information of the inputs 
after the present token.

The regulation is relaxed in several types of transformer models, e.g. BERT.

In the stage of using, the future output is unavailable.

→ Prevent using the information after the present token in the training stage.
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Encoder-Decoder Attention

is a multi-head attention similar to the encoder

Encoder-Decoder Attention

inputs are
- queries from the previous decoder attention
-keys and values from the encoder final block (of all the input embedding)

The purpose:

to be able to align the output of the decoder using the knowledges 
in the encoder section  
   e.g. for language translation.

※Transferring knowledge, between the parts, is achieved by sending 
keys and values.



Transformer: Questions
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Where is the knowledge stored in the transformer?

In the weight matrices of each attention layer and the biases in each FFNN layer.

Semantics and syntactics are in the embedding/output layers.

Why the AIs can work as human with this simple structure?

No answer.

However,  note that many conceptual mechanism of an AI are taken from the 
human brain. Thus, an AIs can work as a human brain can work.

The necessary ingredients are key concepts (attention/NN) and a sufficiently 
large complexity.



Transfer Learning
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Transfer-Learning

- Create a trained model: Pre-Trained … costs a lot of resources

- Add a new layer(s)

- Create a re-trained model: Fine-Tuning … costs much less

Analogy:

pre-training:

fine-tuning:

  education of children up to the  
  general education at a university

training of a student to be an expert 
in a specific field law, physics, literature,..



Multilingual Transformers
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Recent generative-AI’s (e.g. BERT) are trained with multiple languages

- Deep training in a few major languages, e.g. English

… large resources available

- Less training in minor languages
… limited resources for training

→ Better performance has been achieved in minor languages by training an AI in 
major languages.

※Knowledge is transferred across the languages.



Transformer
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A. Vaswani et al.,　arXiv.1706.03762

https://doi.org/10.48550/arXiv.1706.03762


Derived Models from Transformer
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Encoder Branch:
Encoder only models.

BERT: outperformed on the GNUE benchmark

→ good for Natural Language Understanding (NLU)

arXiv:1804.07461

Decoder Branch:
Decoder only models.

→ exceptionally good for predicting 
next words

Mainly developed by OpenAI

Encoder-Decoder Branch:

T5, BART, BIRD (e.g. LaMDA)

GPT

in the middle of the above two

https://arxiv.org/abs/1804.07461
https://arxiv.org/abs/1804.07461


GLUE: General Language Understanding Evaluation

GLUE Leader Board https://gluebenchmark.com/leaderboard2023.7.7
(2019)

Human average (non-expert) 

https://gluebenchmark.com/leaderboard


GLUE: COLA
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GLUE: COLA (Corpus of Linguistic Acceptability)
Answers whether the sentence is grammatically correct or not.



SuperGLUE
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SuperGLUE Leader Board https://super.gluebenchmark.com/leaderboard2023.6.26

Created since GLUE is becoming useless due to the quick development of the AIs. (2019)

Human average 
(non-expert) 

Human was top 
on Dec. 2020.

https://super.gluebenchmark.com/leaderboard


SuperGLUE: RTE
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SuperGLUE: RTE (Recognizing Textual Entailment)
decide whether the hypothesis is logically included in the first statement.

Translated in Japanese



SuperGLUE: COPA
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SuperGLUE: COPA (Choice of Plausible Alternatives)

chose a plausible result for each premise
premise choice1 choice2
The item was packaged in bubble wrap. It was fragile. It was small.
I emptied my pockets. I retrieved a ticket stub. I found a weapon.
Termites invaded the house. The termites disappeared from the house. The termites ate through the wood in the 
The travelers reached the border. The patrol agent checked their passports. The patrol agent accused them of smuggling.
The office was closed. It was a holiday. It was summer.
The girl ran out of energy. She played checkers. She jumped rope.
The woman lost her place in line. More people entered the line. She stepped out of the line.
The girl pinched her nose. The baby drooled on her bib. The baby soiled her diaper.
The band played their hit song. The audience clapped along to the music. The audience politely listened in silence.
The girl wanted to thank her math teacher. The girl stayed after school for detention. The girl brought the teacher an apple.
The young campers felt scared. Their camp counselor told them a ghost story. They toasted marshmallows on the campfire.
The man hit his head. He got lost in thought. He got a concussion.
The check I wrote bounced. My bank account was empty. I earned a pay raise.
The man's email inbox was full of spam. He deleted the spam. He sent out a mass email.
The sailor was quarantined. He was exposed to the disease. He recovered from the disease.
The girl memorized the code. She recited it to herself. She forgot to write it down.
I poured the water into the glass. The water quenched my thirst. The glass became full.
The man remained silent when his friend He wanted to offer his friend support. He was thinking about his friend's words.
The accident was my fault. I felt guilty. I pressed charges.
The chain came apart. The chain was wrapped around a tire. There was a broken link in the chain.
The couple decided to compromise. They grew tired of arguing. They avoided discussing the problem.
The woman decided to run for public office. She hired a campaign manager. She testified in court.
The man anticipated cold weather on his trip. He packed warm clothing in his suitcase. He travelled with a big suitcase.
The student knew the answer to the question. He raised his hand. He goofed off.
The man's eyes watered. Dust got into his eyes. He put goggles over his eyes.
The player won five games in a row. Her opponent accused her of cheating. Her opponent felt sorry for her.
The teacher tore up the student's exam. He caught the student cheating. The student's answers were incorrect.
I paused to stop talking. I lost my voice. I ran out of breath.
The frozen food thawed. I put it in the microwave. I covered it with plastic wrap.



BERT
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BERT: Bidirectional Encoder Representations from Transformers

Bidirectional attention
Devlin (2018) arXiv:1810.04805

MLM: Masked Language Modeling

Mask a part of the inputs and make the model to predict it.

The cat sat on it because it was a nice rug.

1. The cat sat on it it was a nice rug.

2. The cat sat on it often it was a nice rug.

3. The cat sat on it [MASK] it was a nice rug.

Training with three methods.

good training for Next Sentence Prediction (NSP)

Unsupervised Training

missing word

random replacement

replacement with [MASK]

https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1810.04805


GPT
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GPT: Generative Pre-trained Transformer Radford (2018)

GPT (2018)
Novel and efficient transformer decoder architecture and transfer learning

pre-trained by predicting the next word based on the previous ones.

trained using the BookCorpus

GPT-2 (2019)

simple and scalable

Model and train set were upscaled from GPT. Texts available from internet, books, etc.

GPT-3 (2019)

There are simple power laws between the size and the performance.

few-shot learning capabilities

Radford (2019)

Radford (2018)

Brown (2020)

OpenAI

trained with 50 PFlops/sec  for a several days (280k CPU, 10k GPU), 17.5B parameters

GPT-3.5 (2022)

InstructGPT
RLHF（Reinforcement Learning from Human Feedback）

zero-short learning

GPT-4 (2023)

ChatGPT (2022) based on InstructGTP (GTP-3.5)

Ouyang (2022)

- harmful output (RealToxicity)

- question with frequent human mistakes (TruthfulQA)

- hallucinations, appropriateness

human feedbacks

410B input tokes

https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://arxiv.org/abs/2005.14165
https://arxiv.org/pdf/2203.02155.pdf


GPT
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Brown et al. (2020) arXiv: 2005.14165

https://arxiv.org/abs/2005.14165


Zero-Shot Learning
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GPT-3 (2019)

• Training with unlabeled data
• for general purpose AI
• 12 layer decoder process (without encoder)
• Language understanding (→ concept understanding?)
• Tuning was less required for a larger model

Development phases

- fine-tuning

- a few shot

- one shot

- zero shot

Brown et al. (2020) arXiv: 2005.14165

https://arxiv.org/abs/2005.14165


Scaling to Larger Models
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GPT-3.5: 3550億 (35.5B)
GPT-4: > 5000億 (50B) ? (not open)

17.5B
1.5B
0.3B
0.1B



Fine-Tuning of ChatGPT

46https://openai.com/blog/chatgpt

1. supervised training with human demonstrated date.
2. training of a reward model
3. Automated optimization with the reward model.

https://openai.com/blog/chatgpt


Knowledge Distillation
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Knowledge Distillation
A technique to compress and transfer the knowledge from a larger model to a 
smaller one for more efficient operation.

e.g. DistilBERT V. Sanh et al., arXiv:1910.01108 (2019)

achieved 97% of BERT’s performance using 40% less memory and being 60% faster 

Trained by a combination of the original training data and the teacher model’s predictions

e.g. for operating an AI in a smart phone.

https://arxiv.org/abs/1910.01108


Operation Cost
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Rough estimation of operation costs.

- over $4.5M on Tesla V100 cloud, electricity: 936 MWh for 34days

- $3.2M for training Chat GPT-3 (285k processor cores and 10k graphic cards, 800 PFlops)

- electricity cost = $700,000 / day  =   0.36$ /query

- electricity = 320 kW → 0.004 kWh/query  = 14kJ/query

- 1.9 M queries/day

Training cost

ChatGPT operation

References: Link1, Link2, perplexity

No official information from OpenAI.

GPT-3

April, 2023

GPT-4
- 20 times larger than GPT3.5

- Training Cost: ≧ $40M?

https://www.govtech.com/question-of-the-day/how-much-does-it-cost-to-run-chatgpt-per-day#:~:text=Answer%3A%20%24700%2C000.&text=A%20new%20report%20has%20the,36%20cents%20for%20each%20question
https://towardsdatascience.com/chatgpts-electricity-consumption-7873483feac4#:~:text=ChatGPT's%20electricity%20consumption%20per%20query%20is,as%20BLOOM's%2C%20i.e.%200.00396%20KWh


Safe AI
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arXiv:1606.06565

• Avoiding Negative Side Effects:  
The robot may destroy furniture for efficient moving.

• Avoiding Reward Hacking:  
The robot may overwrite the definition of rubbish.

• Scalable Oversight:  
For larger scales, learning cost may explode.

• Safe Exploration:  
Negative effects due to optimization of the work. 
The robot may hang a wet map on an electrical outlet.

• Robustness to Distributional Shift:  
Applicability for different conditions. 
Is the robot useful in a factory?

example for a cleaning robot

https://arxiv.org/pdf/1606.06565.pdf
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II. What a Generative-AI can do

S. Bubeck et al., Sparks of Artificial General Intelligence (2023) 
https://doi.org/10.48550/arXiv.2303.12712

the intelligence

Observed in GPT-4

https://doi.org/10.48550/arXiv.2303.12712


Multimodal Composition
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Prompt: Write a proof of the fact that there are infinitely many primes; 
do it in the style of a Shakespeare play through a dialogue between two parties 
arguing over the proof.



Multimodal Composition
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Prompt: Write a supporting letter to Kasturba Gandhi for Electron, a subatomic 
particle as a US presidential candidate by Mahatma Gandhi.

Dear Kasturba,

I hope this letter finds you in good health and spirits. I am writing to you from the United States, where I have 
been invited to speak at various forums on the principles of nonviolence and civil disobedience. I am also here 
to support a remarkable candidate for the upcoming presidential election, who shares our vision of 
peace, justice, and harmony for all. His name is Electron, and he is a subatomic particle.
You may wonder how a subatomic particle can run for president, and what qualifications he has for such a high 
office. Let me explain. Electron is not an ordinary particle, but a symbol of the power and potential of 
every being, regardless of their size, shape, or origin. He represents the energy, the creativity, and the 
diversity that make up the fabric of life. He is also a leader, who has inspired millions of other particles to 
form bonds, create molecules, and generate electricity. He is a catalyst, who can spark change, 
innovation, and progress. He is a messenger, who can communicate across distances, frequencies, and 
dimensions. He is a peacemaker, who can balance forces, resolve conflicts, and harmonize systems. 
Electron has a plan for the United States, and for the world, that is based on the principles of nonviolence 
and civil disobedience .…
I urge you, my dear Kasturba, to join me in supporting Electron for president. He is not only a subatomic 
particle, but a subatomic miracle. He is not only a candidate, but a movement. He is not only a leader, 
but a friend. 
With love and admiration, Your Mahatma



Vision

53

Figure 1.4: We gave to GPT-4 a transformed version of 
the TikZ code it produced for Figure 1.1, with the part 
drawing the horn removed. We asked for code to add 
back the horn, and display the result. This 
demonstrates that GPT-4 can see despite being a pure 
language model (we emphasize again that the version 
we test with is not  Multimodal).

Figure 1.3: We queried GPT-4 three times, at roughly equal time intervals 
over the span of a month while the system was being re ned, with the 
prompt Draw a unicorn in “TikZ". We can see a clear evolution in the 
sophistication of GPT-4's drawings.

TiKZ: a package in LaTeX for creating graphics programmatically

Kandinsky GPT-4 GPT-4



Vision
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Vision
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Vision

56

3-dimensional space recognition

A 3D movie by JavaScript 
created by GPT-4

Also see well-broadcasted examples of 
image and humor recognition.

e.g. GPT-4 Technical Report arXiv:2303.08774 
Table 3, 16

https://arxiv.org/abs/2303.08774


Coding
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LeetCode problems posted after October 8th, 2022 
a pout platform for software engineering interviews

The coding skill of GPT-4 is comparable with the human performance of IT job candidates



Coding

58

Game coding



Coding
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Understanding an existing code and simulating execution of it

prediction of the step-by-step results

a recursive call



Spatial Recognition
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…

A figure by a human used for
answering to the GPT’s questions

A figure created by GPT-4 after
the questions to a human.

questions to a human
description by GPT-4 after the questions to the human



Mathematics
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Many examples are introduced in the article: S. Bubeck et al. (2023).

The mathematical ability is excellent in some cases and not in some other cases.
The level of the ability also depends on the prompting.



Understanding Human Emotions
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Understanding Human Emotions
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Other Interesting Examples
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Other Examples
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Virtual Machine inside GPT
https://www.engraved.blog/building-a-virtual-machine-inside/

https://www.engraved.blog/building-a-virtual-machine-inside/
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Virtual Machine inside GPT
https://www.engraved.blog/building-a-virtual-machine-inside/

https://www.engraved.blog/building-a-virtual-machine-inside/
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Skipped subjects

In these slides, I skip many subjects like follows

- generation of pictures, illustrations, videos 
Midjourney, DALL-E2, Stable Diffusion,. ..

- Music Composition

- Auto-AIs

- Concerns/warnings/regulations on the development/usage of AIs.

- Prompting, Prompt Engineering

- Prompt Injection

- …
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III. Personal Opinions

 and discussions



Recognition of the World
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GPT would not recognize time.

GPT looks able to manipulate 2 or 3 dimensional space or structure.

However, the way of recognition of the space would be completely different 
from that of human being.

Since GPT does not have experiences from the body.

However, it knows the concept of time.

Time:

Space:

→ GPT can recognize, e.g., 2-dim figures written in latex, SVG, or even 
a numerical table of a bit-map image.



Understanding
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Does GPT understand the meaning of texts?

Difficult to conclude.

However, if one replaces the GPT with a human, the level of the GPT responses 
cannot be achieved without understanding the meaning of the texts.

The job of generating the next token cannot be accomplished without understanding 
the meaning of the texts.

→ Training a generative-AI develops its understanding.

→ It implicitly means that GPT understands texts.



Consciousness
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Is a present AI conscious?

Is LaMDA Sentient? ̶ an Interview

2022.6.19

Turing Test (1950)

Alan Turing

Turing Test

An investigator communicates with an AI 
or a human using only test messages.  

In the case the investigator cannot distinguish 
an AI from human.

→ The AI is concluded to be conscious.

However, the present AI would be proved to 
be conscious by using the Turing Test.

There are much discussion.

B. Lemoine (former Google employee)
https://cajundiscordian.medium.com/is-
lamda-sentient-an-interview-ea64d916d917

Google company and many AI experts denied that 
an AI, LaMDA, is conscious (2020).

https://cajundiscordian.medium.com/is-lamda-sentient-an-interview-ea64d916d917
https://cajundiscordian.medium.com/is-lamda-sentient-an-interview-ea64d916d917
https://cajundiscordian.medium.com/is-lamda-sentient-an-interview-ea64d916d917


Consciousness

73Brown et al. (2020) arXiv: 2005.14165

Human ability to identify model-generated news

52% for GPT-3

https://arxiv.org/abs/2005.14165


Language
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Using language was one of the key abilities of the human being for the civilization.

With the experiences on AIs, I recognized that the ability of using language would 
have much more important meanings than I expected.

Language is the source for understanding, consciousness, and many other human 
abilities, not merely for communication.

The present AI can use not only many human languages but also many programming 
languages (codes).  
Actually, one can communicate with an AI for telling one’s intention by using a code 
in a prompt.

Images, videos, musics, etc. can also be used for communication.
(multimodal communication)

Ability of using language

Expansion of language



Intelligence Above Human Level
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When will the AIs exceed the human ability, especially the realization of GAI?

I hopefully prospects that will be soon, e.g. in a several years. 
The present AIs already exceed average human ability in many fields.

AIs would need to acquire the ability of meta-recognition. 

In actual, they already have ability of self-assessment when explicitly asked.

Present AI’s look like human behaving under subconsciousness.

lacking  a plan, future estimation, or self-monitoring, … (dep. on prompting)

General AI (GAI)

Meta-recognition
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There will be a lot of applications and ideas, ….

I absolutely do not have an ability to list.

Just pick-up a few from scientific view
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intelligent.com 2023.7.1
NEW SURVEY FINDS STUDENTS ARE REPLACING HUMAN TUTORS WITH CHATGPT

a survey in US

Ninety-five percent of students and parents of students surveyed say their grades 
have gotten better since they or their children started studying with ChatGPT.

My experience of an effective usage of an AI is to 
study with a text book (or a paper) and make 
questions to AIs on my unresolved ideas. 

https://www.intelligent.com/new-survey-finds-students-are-replacing-human-tutors-with-chatgpt/
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development psychology, cognitive science, social science, brain science, …

well-controlled experiments, reproducibility, observation of internal status, 

For examples in science

Generative Agents: Interactive Simulacra of Human Behavior　arXiv:2304.03442v1　(2023)

availability of

A simulation of human behavior in a society:
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It is obvious that using AIs will be important in the fields of research and education.

How?

1. support for studying new knowledge

2. a tool for ideas, expansion, sophistication, planning

3. Problem assignment, driving force of science

When?

Humans will continue working on physics having AIs as a good assistant

since the human has the motivation of understanding the world.

starting

starting

near future?
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Various tips of prompting for having a good performance of AIs are proposed.

However, prompting is not just a skill using tips.

Rather, it is like an ability to instruct a team member who

- has enormous knowledge and performance

- but has little experience nor common sense in your field

to achieve a good performance for supporting you.

Prompting is a communication skill

Prompting is a communication skill.

getting along with an AI and guiding it.

Such an ability of using prompts are quite important.
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Summary

- how a generative-AI works

I have explained

- what kind of abilities are observed

Thank you for your attention!

using information from various sources.

- personal opinions and discussions

Have you own opinions and plans in beginning of AI era!
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