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Artificial Intelligence is a field of study that enables machines to mimic
human "cognitive” functions, such as "learning" and "problem solving".
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A QUARTERLY REVIEW
OF

PSYCHOLOGY AND PHILOSOPIHY

=

I.—.COMPUTING MACHINERY AND
INTELLIGENCE

By A.M. TuriNG

1. The Imitation Game.

I prOPOSE to consider the question, ‘Can machines think 2’
This should begin with definitions of the meaning of the terms
‘machine " and ‘ think *. The definitions might be framed so as to
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Judea Pearl
(201 | Turing Award)

“for fundamental contributions to artificial intelligence
through the development of a calculus for probabilistic
and causal reasoning”

SPRINKLER
F 0.4
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Conditioned on RAIN
w Conditioned on

SHSSEET Sprinkler & RAIN

Real world processes SPRINKLER RAIN| T
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are probabillistic! 2 2 los 02
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Find the best by optimization algorithm!
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Symbolic Al Neural Al

A bottom-up method,
Astronomy, Logic, Statistic,

Neuroscience, Economics,
Optimization, Algorithms,

abstracting logic rules, starting with simple

such as knowledge base. perceptual tasks.

Reach the objective function by optimization
algorithms with mathematical rigor and clarity.
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Learning
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. Artificial Intelligence:
1 A Modern Approach
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The future of Machine Learning and its Impact on Your Everyday Life
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https://www.youtube.com/watch?v=NjVIQUE8Sgk

Atari Games
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https://www.youtube.com/watch?v=V1eYniJORnk
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AlphaGo
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https://www.youtube.com/watch?v=8tq1C8spV g
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https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/
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Dog Fight

AlphaDogfight Trials
VIRTUAL FINALS B.18-20.2020

ADT Webinar

AT EREEZEENDISRARITFEEI LR AS-0FTMA K ITR

https://www.youtube.com/watch?v=NzdhlA2S35w
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AlphaFold: Improved protein structure prediction using potentials from deep learning. Nature, 2020

4-Sep-26

54



(X

FAIN: HERTLR

0.10s 0.30s 040s 045s 047s 049s 050s

S - e gt

Yy y { ‘y‘ Vv ‘\ \, \
—_ T ‘7." |- ‘4 \\ 2 p=
TCV#70915
-100+4
I (KA
p &N -150-
= Central column
Axis z (m)
0_.
v -0.54
X-point z (m)
-0.8
24
Shape RMSE (cm)
0
200 \
Growth rate y (Hz) o
7] ‘ T T - Y \ -
0.2 0.4 0.6 08 1.0 C. -GS LY Iaside view 3
Time since breakdown (s) UL

Magnetic control of tokamak plasmas through deep reinforcement learning. Nature, 2002
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Grad-cam: Visual explanations from deep networks via gradient-based localization. ICCV, 2017
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Add mask to confuse sign recognizer

Rotate to confuse classifier Add glass to confuse recognizer
“revolver” “mousetrap”

Robust physical-world attacks on deep learning visual classification. CVPR, 2018
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* Bias in gender stereotypes

% 2t o - o (¢
SF8 w2 BN v - P et

Dia bekerja sebagai jururawat x  WEPt
Dia bekerja,sebagai pengaturcara fh2—REFR
Ta déng hush
13 shi yi ming chengxu yuan
0 . ) D 72 <

* Bias in criminal risk assessment

- COMPAS predicts criminal risk score (1-10).

- ProPublica: given that an individual did not reoffend, blacks 2x likely to be

(wrongly) classified 5 or above. AR

- Northpointe: given a risk score of 7, 60% of White people reoffended, 60% of

Black people reoffended. <8 Northpointe Bank

4-Sep-26
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BB R THRYIE)
(K1 9B A HURT) || 454805

IR, mIEEER, 151

&, BZE6E RNANERGE
SHklx, EZHUE

10 Key Problems in Big Models

THEORY.

ARCHITECTURE

EFFICIENCY

ADAPTATION

CONTROLLABILITY

SAFETY

COGNITION

APPLICATION

EVALUATION

USABILITY:

What are the foundation theories of big models?

What are better or optimal architectures beyond Transformers?

How to make pre-training and fine-tuning more efficient?

How to conduct effective adaptation of big models to downstream tasks?
How to realize controllable generation by big models?

How to ensure the application of big models safe and ethical?

How to enable big models to acquire advanced cognitive capabilities?
What are innovative applications of big models in wide disciplines?

How to evaluate the performance of big models?

How to develop big model systems accessible to more developers & organizations?
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FIESGL: Z12 Python, ZiHE MERGETHANGRFERS .
FEMEE: SMET. ZERIF. REW. SVM, PCA, RS,
B ES . IRRRE. BE TR, TG, EENfE. XIS,
Z518: H sklearn, #FEJIMZUEZE.

BNFEZFY: PyTorch = MLP — CNN — Transformer,
IRERE): NFINHELR, REREBIEMCIHEARAEES.

ChatGPT
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An expressive oil painting of a basketball
player dunking, depicted as an explosion of a
nebula

A van Gogh style painting of an American
football player
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Sora: OpenAl

GENERATED BY Al
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Prompt:

1. A calm and husky make warrior with a thick Japanese accent. Soft, whiskery, low tone with a
composed and gentle pacing.

2. A scary old and haggard witch who is sneaky and menacing. She has a croaky, harsh, shrill,
high-pitch voice that cackles.

3. Alow, whispery and assertive female voice with a thick French accent. Cool, composed and
seductive, with a hint of mystery.

4. Afunny alien from outer space with a ludicrous and annoying voice that always slightly
gargles in a silly high-pitch tone.

5. Avery old, cranky and croaky African-American grandma. 80 years old. Very hoarse, grumpy,
shrill and frustrated.

4-Sep-26

Prompt:

A medium shot opens on a seasoned, grey-bearded man in sunglasses and a paisley
shirt, his gaze fixed off-camera with a contemplative expression. His gold chain glints
subtly. Beside him, a younger man in a tank top, also looking forward, suggests a shared
moment of observation or reflection. The camera slowly pushes in, subtly emphasizing
their quiet focus. In the background, a vibrant mural splashes across a wall, hinting at an
urban setting. Faint city murmurs and distant chatter drift in, accompanied by a mellow,
soulful hip-hop beat that adds a contemplative yet grounded atmosphere. "The city
always got a story," the older man murmurs, a slight nod of his head. "Just gotta listen."
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John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”
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E “FERYIEEFIIIZR A Tk 48"

IRIZ

4-Sep-26

HE NOBEL PRIZE
IN CHEMISTRY 2024

\

¥

f{wé/)u‘:
hlhishia

DEVile Demis John M.
Baker Hassabis Jumper

“for computational “for protein structure prediction”
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\ &g e imize
‘ The Blog of Scott Aaronson
-
" If you take nothing else from this blég: quantum computers won't 609

solveshard problems instantly by just trying all solutions in parallel. \

Also, p’ease read Zvi Mowshowitz's masterpiecé on how ito fix K-12 education!

« HSBC unleashes yet another "qombie”: a zombie claim of quantum advantage that
isn't

The QMA Singularity Sad and happy day »

Update (Sep. 29): Since this post has now gone semi-viral on X, Hacker News,
etc., with people arguing about how trivial or nontrivial was GPT5’s “discovery,” it
seems worthwhile to say something that was implicit in the post.

Namely, GPT5-Thinking’s suggestion of a function to use “should have” been
obvious to us. It would have been obvious to us had we known more, or had we
spent more time studying the literature or asking experts.

The point is, anyone engaged in mathematical research knows that an AI that can
“merely” fill in the insights that “should’ve been” obvious to you is a really huge
freaking deal! It speeds up the actual discovery process, as opposed to the
process of writing LaTeX or preparing the bibliography or whatever. This post gave
one tiny example of what I'm sure will soon be thousands.

I should also add that, since this post went up, a commenter named Phillip Harris

proposed a better function to use than GPT-5's: det(I-E) rather than Tr[(I-E)™1].
While we're still checking details, not only do we think this works, we think it
simplifies our argument and solves one of our open problems. So it seems human
supremacy has been restored, at least for now!

https://scottaaronson.blog/?p=9183

4-Sep-26

I don't get it. What is gamma? If tis 2+gamma or 2+2gamma
(hence, greater than 2), then why is 1/(t - (2-eps)) going to blow

Thought for Tm 13s

You're totally right to flag that—my “t = 2 + «" choice was a mistake. With ¢ > 2 the term 1/(t —
(2—¢))is~1/(t — 2 + €), which does not blow up. The right thing is to put the resolvent at the
edge, i.e. use t = 2 (or approach it from below).

Here's the corrected, clean version.

I had tried similar problems a year ago, with the then-new GPT reasoning models,
but I didn't get results that were nearly as good. Now, in September 2025, I'm
here to tell you that Al has finally come for what my experience tells me is the
most quintessentially human of all human intellectual activities: namely, proving
oracle separations between quantum complexity classes. Right now, it almost
certainly can’t write the whole research paper (at least if you want it to be correct
and good), but it can help you get unstuck if you otherwise know what you're

doing, which you might call a sweet spot. Vil <alel\ /0 alo) AN (o] o le Be o RS - =000
affairs will last? I guess I should be grateful that I have tenure.

“This is the first paper I’'ve ever put out for which a key technical step in the proof of the main

result came from Al—specifically, from GPT5-Thinking."
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AgentSociety N3]0 L HEINE S

Piao, Jinghua, et al. "Agentsociety: Large-scale simulation of llm-driven generative agents advances
understanding of human behaviors and society." arXiv preprint arXiv:2502.08691 (2025).
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DeepSeek-R1

O i@idbase model+_FiARLIEZEVIIZ:, R1—-zero;BINH :
O BEEFNSGSEEM, HIEM e R IR A H Lo

DeepSeek-R1-Zero AIME accuracy during training
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Guo, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025)
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DeepSeek-R1

d j@idbase model+_EIRRLHEZRIIZR, R1-zero;BINH -
O HREE GRS (BEE P atokenF B AT LFH)

DeepSeek-R1-Zero average length per response during training
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Guo, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025)
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Guo, et al. "Deepseek-r1: Incentivizing reasoning capability in llms via reinforcement learning." arXiv preprint arXiv:2501.12948 (2025)
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Question: If a > 1, then the sum of the real solutions of ya - Va +x = x is equal to

Response: <think>
To solve the equation Va — va +x = x, let’s start by squaring both - - -

2
( a—\/a+x) =x2 = a-+Va+x=x2
Rearrange to isolate the inner square root term:
(a-x*)2=a+x = a®-2ax®+ (%) =a+x = x*-2ax®-x+(a*?-a)=0

Wait, wait. Wait. That’s an aha moment I can flag here.

Let’s reevaluate this step-by-step to identify if the correct sum can be - - -
We started with the equation:
Vva-vVa+x=x

First, let’s square both sides:
a-Va+x=x* = Va+x=a-x
Next, I could square both sides again, treating the equation: - - -

2
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« AGI:
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GTP-6 Astra

@ Sam Altman & & @sama - 10h A e
Also, this is my favorite OpenAl video so far. It makes me excited for the
future!

©® OpenAl i @OpenAl - 11h
This is GPT-6 Astra.

Anything you can do on a computer, Astra can do for you. Fast.

LY _—

0:07/2:43 &

O 728 1 841 Q 15K ih 17m A &
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https://www.youtube.com/watch?v=Wx7RCJvoCMc
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Al vs ML vs DL

4-Sep-26

ARTIFICIAL
INTELLIGENCE
MACHINE
LEARNING
o DEEP

0{3 LEARNING

1950's 1960's 1970s 1980's 1990's 2000s 2010's

Since an early flush of optimism in the 1950', smaller subsets of artificial intelligence - first machine learning, then
deep leaming, a subset of machine learning - have created ever larger disruptions.

https://towardsdatascience.com/introduction-to-machine-learning-for-beginners-eed6024fdb08
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A computer program is said to learn from
experience E with respect to some class
of tasks T and performance measure P if
its performance at tasks in T, as measured

by P, improves with experience E.

--- Tom Mitchell (1997)
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