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» David HilbertfYI2{£5M: @EImZIEEFEM)REENFE, RINIL2E
%&?—E:—L—ﬁﬂgﬁld sgﬁ #IEHHE%¥1EIE*HW§ I.E (FRASHTE, Hilbert’ s Program, F

BkF1920FX#0)
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- 1948%F, EIRWIL T LRI LRA —HFRISEEET AN EEREE.

Intelligent Machinery g\ z x1948550m2

A. M. Turing
[1912—19b4]

Abstract
The possible ways in which machinery might be made to show intelligent

behaviour are discussed. The analogy with the human brain is used as a
guiding principle. It is pointed out that the potentialities of the human « 5 AEELL

intelligence can only be realized if suitable education is provided. The - AEHREEIHEEFE

. C . . . ) A
investigation mainly centres round an analogous teaching process applied . Xﬂﬂ na sz }Eﬁ": AEI’J%ZZ‘:\

to machines, The idea of an unorganized machine is defined, and it is suggested F o 2
that the infant human cortex is of this nature. Simple examples of such ’ I RMAETHE
machines are given, and their education by means of rewards and punish-

ments is discussed. In one case the education process is carried through until

the organization is similar to that of an ACE.

FE
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- 1950£F, BIRAFNZEComputing Machinery and Intelligence (i15#1z8
588) . AREa9: “HzteeB=EM (Can machine think) ? ”
o XHEHTHSERNNEnE—BRNK, X8 “EEEK .

> 1&{mEExk (Imitation Game) , ERIFIRTEXY : @& CGEBIY X FXE
(AETS ) kesslsimS 0B EAS B, EFAREIRSHIT, B
iENIERRS, BEREENRAATEENN HETENEBEREEARS
&Y, HEREIRATENAARIIEERSERIRFE R EiE R IHEEREE,
MW esEd T EEN, EI¥hEaFIEM =SS IRIEA B YERYSCIE =
1Zit, RRUISHISRE "SRR

7 I propose to consider
the question, 'Can
machines think?'

= Alan Turing
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. U A\FEDEE" - jcgeﬁﬂé# Human intelligence, Aﬂgﬂwﬁ?m, BIENEIE
23], EFETER. EERFLEmRSREES. LA Eliiﬂl,\ﬁi =M IRRIEEND.

° "AIE"“‘" Artificial Intelllgence , _EEEM ETRERFARNITEESARE
BEtEXRIMESSHIGES D, BIaNHEE, REREE, = E’Eil]*l]:k%

> AIREIEE : b i
1956 FiXIEFHIEIN A Proposal for the
> AR S YRgEANSE Dartmouth Symmer
SRE DA AR bR | A, WS e U WS Research Project on

WRETEIIA, LUBHIZETLL | smuseres s s s Artificial Intelligence

BB, " (every aspect of learing i . August 31, 1955

. . . Oliver Selfni lp,
or any other feature_ of mtelllge'nce canin (Panc st R
prmmple be so precisely de.scrlbedlthat a Nathaniel Rocheste John McCarthy, Marvin L. Minsky,
machine can be made to simulate it) nma designed 7 H Nathaniel Rochester,
. oo =4 NP N 4 Trenchard Mon and Claude E. Shannon
7|< | Z ):l: .\a!ur l[)ed n)

G AMIE, 1956F XSSV FESSAR
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« f128E58E (Machine Intelligence, MI) :
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7| propose to consider
the question;'Can
machines think?'

= Alan Turing
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- H1E85%3) (Machine Learning, ML) : Al
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ERTE)

Arthur Samuel

ML" —iatgHE, 19594,
RBHT "FEFEEME" Al —
AlphaGo Al (tBEI#EZE)
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 AIESEE (Artificial Intelligence, Al) :

John McCarthy

" —aEfEtHAE, 19565,
1971 FERRIRGE.

R " ATHEITE
| B 19436

o ANITREZEMILE (Artificial Neural Network, ANN) : S EVIHZE
ARBEAEITEEER, k%kl?ﬂi&‘ﬁ?ﬁﬁi"'ﬁéﬁﬁﬁ
Warren McCulloch | Erank
(&) # Rroasnenblatt
Walter Pitts (/) 1957618415
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> INFICHERS . AIRAN{I3REN?

- BIEEN: MEERRISENSCIREA.

AN, ZEEEAIEARR, EBSRERTHE
I a)EERIREAIR,

- LKRIQFEN: MEHKEINEREEE. KRR
Zit. INERRER "Fiath”

FNF,

> FPICHE: HRMTRD?
- BIRR: AREERASETTISRSE
Ty%ﬁli@ (ZROETE, BIEEIEAN AT R
TR,

- RIURDZ: ARELISE. NEHf=R
DI IVEE, EAERRASKIER
EIL/ =

(Ontology) A1MHE

TR e,
lllllllllll 1969FE| R

gy 9 (The Society of Mind)
®' -~ (bEER) . 1986

"ibﬂ]ET T%’q’:E CHARRGEIRMTA, ARKHEY
[FIRYFRRERAPLAR F RARKERTRZBE"  (The Society of
Mind, 1986) ——Marvin Minsky

4. Michael Polanyi

X FF-mFEEFRK

WI=EE, — LT
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= (The Tacit Dimension})
| (BAZHEE) , 1966
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HEURISTIC PROBLEM SOLVING: THE NEXT
~ ADVANCE IN OPERATIONS RESEARCH*

Herbert A. Simon and Allen Newell

Carnegie Institule o of Technology, Piltsburgh, Pennaylvania, and
The Rand Corporalion, Santa Monica, California

} I il-lE IDEA THAT the development of science and its application to

human affairs often requires the cooperation of many disciplines and
professions will not surprise the members of this audience. Operations
research and management science are young professions that are only now
beginning to develop their own programs of training; and they have mean-
while drawn their practitioners from the whole spectrum of intellectual
disciplines. We are mathematicians, physical scientists, biologists,
statisticians, economists, and political scientists.*

AIIen NewellflHerbert Simon {£1957 £ FIF5;:1
+£A, FFTEVBERATERERSIESE, R
JEELFEMNZEIFE SR, —19974 “iFiE"

- A, *ﬁ?i‘l‘%ﬂﬁiiﬂ,#ﬁEH—AE%E’\J%E@
FAELE,

- A, HFAITENBEHERBTFIeRIANEGHE
HEEMENE RER.

- TR, ZFHOEFECELUTENRERIIFR
HIN, ST ITEN RS EMERRA &,

- AJFRAMAIRFEA, Hl=3eebiB A IRRIFRBIR)
el

— IR EFRSHERTRN, HRMUZESFHRTEEEM

"E3RIBER, RINGHE Ty
—BEEZEA ARG pu
8. HSBE, —QRegpg Tt
S HAT TSI, e
74%'57] NEBGA. HEXIE. 7] ETEE

ZRAYH =%

BIALIRA LR ERAE. .
JLNHEE, BiEAZIEAKE, Bt
B/ H, ERESTE

hE, ”

E 1 970&?&%5!52’?&»%1’5 Hjﬂg

FIRFRER

Eomputers

will be playing
office politics

programmed in advance with basic in

structions, Shaky

. EFERRS, XE=S

a Zippo Zodiac!

Marvin Mlnsky

"EERSE"  (LIFE) BEE—
ZISEEE?CE’ ﬂF]jJ EIJJ')'I—' |Eﬂ:| £ ?/
s, HEERCHERATIEMR,
LiSRENERETRNRIF
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19575F7H8HAM7H13H, EEHLIATHR (New York
Times) ARTARIRE, RATHET "R’ =5
B A EN e B R A 8T I RN TR

The Navy revealed the embryo of an electronic computer today

that it expects will be able to walk, talk, see, write, reproduce itself
and be conscious of its existence.

BESRAHE T —HEFITEAIRER, FTEREeemsT
E£. WA B, 5. BERSHIHEIRIIBCHEFE.

The Navy last week demonstrated the embryo of an electronic
com- puter named the Perceptron which, when completed in
about a year, is expected to be the first non-living mechanism able
to “perceive, recognize and identify its surroundings without
human training or control.”

B LERR T — iR A RAISRIE AT EYAMEE, )

THEALI—ERISER, XIGRE—MES "TEaE A% CHENRTIR” QI FI85 15, REEHREIEA
i M = Nml= N ml= =5 177 E"J?Eéﬁz—o E&%ﬁﬁﬂ*ﬂlﬁ%ﬁi’%ﬁ@f*, Eﬂm
ﬁiﬁ?:ﬁ']ﬂﬁl%&'l‘!@%ﬂs lﬂbu*ulﬂnu,EEWtﬁ HgﬂEgin‘ﬁ _E?&m%%@ﬁm "ﬁi?éiaiﬁ" ' 7?5@

Il ZEERIATEE —KRIRE. 18
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19576 H9H, EEALMIIR (New York
Times) , &7 —RiRE, 1T AIEE (B
¥ "KiN" ) AIEEAVRIS, FHXIRIgem kAR SE
AR TR,

Certainly the most dramatic thing about it ——and the most frightening
thing from the standpoint of human society ——is the possibility of a
completely automatic factory operating without human hands and
governed primarily by electronic "brains”. The key area of social change
stimulated by automation is employment. Everywhere, one can find two
things: a positive emphasis on opportunity and a keen sensitivity to
change, often translated more concretely into fear.

S, REFRIER—MASE ﬁ:AEI’J%F“ REBREAH
HNEE—RR— "Bt SaemB AFIE
M RNiafT, FEHRBTF K" §HF, EEMH@U%&H:%%E

RUKREQUEER. EEES, AMTEBEARIIREES: I
TQL_H’JEWFDX]‘ LRI, TRBFEERAR L

19645F2H24H, "S=EFHFESHFIRE"
(U.S. News & World Report, f&fiR: =5
H*U) , RERT—RiRE, REATHYALE
EI’J} E(ﬁ?ﬁcﬂu) HomA. meRRA. EEE

"HERTIR" B T18515F, BEEREREARNRELS—.
B NiEEHEEEk, EUR—BERR/EEEEMR
"ERICRR" | ReXERIRITES ZKRRE.

There's a boom in “electronic brains”--and it's skyrocketing.
They're taking over in offices, factories, banks, governments.

s it all to the good? Are computers being misused, even
threatening danger?

“BF K" IEEdVEEE. I:AI]IET_ J_y
LW AE. T . FRITFIBAFIA.,
Ey}_guq,? HENERELE, 22 +§EUZHj}
HRYEE?

E=ETH)" B—AURTF "BERE" F1EE
"Tﬁlﬂjﬂﬂ HIEEE = FRFEFE.
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1960, "RlI=HAT]" (Science) K& T—mXE, {F
ZINAzE0E (ANTERS) TReliEARES, FE
B ASSEFRIEENXG,

Similarly, if the machines become more and more
efficient and operate at a higher and higher
psychological level, the catastrophe foreseen by
Butler of the dominance of the machine comes
nearer and nearer.

FFi, PEERRRSHRRE,
KT EREESER, EESETRTAHEE
KA HEIEI,

Jpus

FETEICOE
S7ia

"“RISHBF)” HBZEERIEHEHZES (American Association for the
Advancement of Science, AAAS) Hhik, EFAREZEREHNEE,
EEERIFRMANTRRERTZ—.

Science

] ARTICLE

Current Issue First release papers Archive About v Submit manuscrif

f X in & R O =

Some Moral and Technical Consequences of
Automation: as machines learn they may develop unforeseen strategies at rates

that baffle their programmers.

game 18 also, The difference between
checkers and chess in this respect is
that the initial play of the pieces in
checkers is not very different in charac-
ter from the play which arises in the
mid-game, while in chess, pieces at the
beginning have an arrangement of ex-
ceptionally low mobility, so that the
problem of deploying them from this
position is particularly difficult. This
is the reason why opening play and
development form a special branch of
chess theory,

There are various ways in which the
machine can take cognizance of these
well-known facts and explore a separate
waiting strategy for the opening. This
does not mean that the type of game
theory which I have here discussed is
not applicable to chess but merely that
it requires much more consideration
before we can make a machine that
can play master chess. Some of my
friends who are engaged in these prob-
lems believe that this goal will be
achieved in from 10 to 25 years, Not
being a chess expert, I do not venture
to make any such predictions on my
own initiative,

It is quite in the cards that learning
machines will be used to program the
pushing of the button in a new push-
button war. Here we are considering
a field in which automata of a non-
learning character are probably already
in use. It is quite out of the question
to program these machines on the basis

6 MAY 1960

Man and Slave

The problem, and it is a moral prob-
lem, with which we are here faced is
very close to one of the great problems
of slavery. Let us grant that slavery
is bad because it is cruel. It is, how-
ever, self-contradictory, and for a
reason which is quite different. We
wish a slave to be intelligent, to be able
to assist us in the carrying out of our
tasks. However, we also wish him to
be subservient. Complete subservience
and complete intelligence do not go
together. How often in ancient times
the clever Greek philosopher slave of
a less intelligent Roman slaveholder
must have dominated the actions of his
master rather than obeyed his wishes!
Similarly, if the machines become
more and more efficient and operate
at a higher and higher psychological
level, the catastrophe foreseen by
Butler of the dominance of the ma-
chine comes nearer and nearer,

The human brain is a far more ef-
ficient control apparatus than is the
intelligent machine when we come to
the higher areas of logic. It is a self-
organizing system which depends on its
capacity to modify itself into a new
machine rather than on ironclad ac-
curacy and speed in problem-solving.
We have already made very successful
machines of the lowest logical type,
with a rigid policy. We are beginning
to make machines of the second logical

Here it is necessary to realize that
human action is a feedback action. To
avoid a disastrous consequence, it is
not enough that some action on our
part should be sufficient to change the
course of the machine, because it is
quite possible that we lack information
on which to base consideration of such
an action.

In neurophysiological language,
ataxia can be quite as much of a
deprivation as paralysis. A patient with
locomotor ataxia may not suffer from
any defect of his muscles or motor
nerves, but if his muscles and tendons
and organs do not tell him exactly what
position he is in, and whether the
tensions to which his organs are sub-
jected will or will not lead to his fall-
ing, he will be unable to stand up.
Similarly, when a machine constructed
by us is capable of operating on its in-
coming data at a pace which we can-
not keep, we may not know, until too
late, when to turn it off. We all know
the fable of the sorcerer’s apprentice,
in which the boy makes the broom
carry water in his master’s absence, so
that it is on the point of drowning
him when his master reappears. If the
boy had had to seek a charm to stop
the mischief in the grimoires of his
master’s library, he might have been
drowned before he had discovered the
relevant incantation. Similarly, if a
bottle factory is programmed on the
basis of maximum productivity, the

1357
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-« BEIREREIXGIRIEEIE KR
. TSE7MEEEJZZIKH$3IXZ:}JE’\JE YA
- Bz EEERIKSIR AN 2B
- 2:1«‘|'%1‘Eftglzﬁj] HYSHR A RS2

2EEIESREIEK
e 2003F AEKFFAHENX 5H A TB

« 2009F 23K AEHIEL 0.8 7B
o 2012 2T AHIEL 2.8 7B
o 20204F 2Bk AHAEL 44 7B
o 20304F 23K A HAEL 2500 ZB

IDC 2021
%:;'-Bh_t: %&: E@: Eﬂﬂ?— Gray on eScience:

BF KRS thRAEM L RS RERS

1998 E RIZIREEH
Jim Gray, {£2007

F1ARE—XRATHE
SHREXIRE THE

LZIMANFE

Jim Gray

19984 E R &

» Last few hundred years:

« Last few decades:

* Today:

A Transformed Scientific Method

Based on the transcript of a talk given by Jim Gray
to the NRC-CSTB' in Mountain View, CA, on January 11, 2007°

Science Paradigms

* Thousand years ago:

science was empirical
describing natural phenomena

theoretical branch
using models, generalizations

a computational branch
simulating complex phenomena

data exploration (eScience)
unify theory, experiment, and simulation
— Data captured by instruments
Or generated by simulator
— Processed by software
— Information/Knowledge stored in computer
— Scientist analyzes database / files
using data management and statistics

-1950s(=) AILE % &

1960s (@) &5 £ X X2 H

1970s(®) Al —REXL

o W AR A
LRRAGRE G EAL
IR == i
12 W 2% A

WL 5 > B A2 2

2000s % % 5 F Bk P A

1980s

1990s

2010s (@) FEZEI %4

2017-
2020s

‘@) Transformer 5 4 & X Al
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FBR(AV) 2%+ X+Ek
EEENAI-BEZENLE [ REFS
(BB9>) BUES (RL) (IX)
JBEEIE (Evolutionary Algorithms)

BEHRNEEBE (Swarm Intelligence)

HIREREN: BEAEINGRETE. MR
RHEEGFITFS), S2EE "KEHRE"
Bk iz REERIANATR,

SHRR: SR 7E
R ELASSEN SR T,
YELUBII TS A VB,

£RIXENAYAI/ML/ANNEIS B S
SR AETVRRIRIRRFIEETD.

A fast learning algorithm for deep belief nets *

1960s

Geoffrey Hmton =2
ZOOGETIEH:IIEIJI r_{lzuu\
(DBN) 3% 7 FAR[Af& 1970s
BEIRZREMLE,

&SANVIDIA. LBEtE
CUDA.
Nvidia 20065 575CUDA, 1990s
ES7E 7 GPUE A+ &,

se.@;?s Z20085EFIFACUDA 2000s

7J[I REZ S|4
: : 2010s

‘ o 2017-
5‘\5‘5 IBA2009EE¥ETE 2020s
PREGRNEEIESE, A
RBIE AR T WH .
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We are now confident we
know how to build AGI as

we have traditionally
understood it.

We believe that, in
2025, we may see
the first Al agents
“join the workforce
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change of plans: we are going to release 03 and 04-mini
after all, probably in a couple of weeks, and then do GPT-
5in a few months.

there are a bunch of reasons for this, but the most exciting
one is that we are going to be able to make GPT-5 much
better than we originally Show more
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DeepSeek R2 launch stalled as CEO balks at
progress, The Information reports

By Reuters

June 26, 2025 10:42 PM GMT+8 - Updated June 26, 2025
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Elon lied again
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( All  the impressive
achievements of deep
learning amount to just curve
fitting, 2018)
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EIVREIA T, HARSBHIERANE
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really understand thins deeply. 2025)
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https://nlp.stanford.edu/~manning/talks/WWK-Understanding-and-
2025pdf
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WSEMLLMABECGE, BEH | Language Models in Plato's Cave
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Calibrated Language Models Must Hallucinate

Adam Tauman Kalai®
OpenAl

Santosh S. Vempala!
Georgia Tech

March 21, 2024

Abstract

Recent language models generate false but plausible-sounding text with surprising frequency.
Such “hallucinations” are an obstacle to the usability of language-based AT systems and can
harm people who rely upon their outputs. This work shows that there is an inherent statistical
lower-bound on the rate that pretrained language models hallucinate certain types of facts,
having nothing to do with the transformer LM architecture or data quality. For “arbitrary”
facts whose veracity cannot be determined from the training data, we show that hallucinations
must occur at a certain rate for language models that satisfy a statistical calibration condition
appropriate for generative language models. Specifically, if the maximum probability of any fact
is bounded, we show that the probability of generating a hallucination is close to the fraction of
facts that occur exactly once in the training data (a “Good-Turing” estimate), even assuming
ideal training data without errors.

One conclusion is that models pretrained to be sufficiently good predictors (ie., calibrated)
may require post-training to mitigate hallucinations on the type of arbitrary facts that tend to
appear once in the training set. However, our analysis also suggests that there is no statistical
reason that pretraining will lead to hallucination on facts that tend to appear more than
once in the training data (like references to publications such as articles and books, whose
hallucinations have been particularly notable and problematic) or on systematic facts (like
arithmetic calculations). Therefore, different architectures and learning algorithms may mitigate
these latter types of hallucinations.
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i, ELIBIEHIR
BHASET B ga it 7=
%, BIEKES L
HUSE., ENESR
EEEENAE,
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A->B

o Who is Tom Cruise’s mother?

B->A

w Who is Mary Lee Pfeiffer's son?

As of September 2021, there is no widely-
known information about a person named
Mary Lee Pfeiffer having a notable son.

X

LLMBRBRANE 788 &l

B9 EEMary Lee Pfeiffer] |

BTz Ed [Mary Lee PleifferfVfx 2718 &8

Our analysis immediately generalizes to multiple distinct types of facts (e.g., article references
and social media posts). Suppose there are k > 1 sets of factoids, ¥1,Y3,...,Y; and functions
fi: X =Y, with corresponding sets of facts and hallucinations F; U H; = Y;, monofact estimates
MF; € (0,1] and miscalibration rates Mis; 5(g, p). One also would generalizes the notion of s-sparse
to include the fact that, for each type of fact, |F;| < e~%|H;| with probability 1 and similarly
generalize regular facts to hold for each type of fact. Then Corollary [1] implies:

Corollary 4. Fiz any § € [0,1],b,k,n € N,s € R and any s-sparse regular Dyonq. Then for any
algorithm A : X™ — A(X), with probability > 1 — & over Dy, ~ Dyorld and Xirain ~ Dz",

—— et
g(H;) > MF; — Mis;3(g,p) — Sk:; -/ Gln(gk/‘s) fori=1,2,...,k.

The proof follows trivially from Corollary [1] using the union bound and d/k failure probability

for each type of fact.

{Calibrated Language Models Must Hallucinate) , 2024, STOC

3EJE: Lukas Berglund , Meg Tong, Max Kaufmann, Mikita Balesni, Asa Cooper Stickland, Tomasz Korbak,Owain
Evans*, {The Reversal Curse: LLMS Trained on“A IS B’, Fail to Learn “B IS A’)

fU2: (BEEMNEEIEE]

Ry Ty
/> PEENIENA37?
FZE=: 0 (B#HE

AR BEH IR ETEN)
KiERZ ISR "BE"
B4, =i

KA: Let S = {2,8,6,32,22,44, 28,12, 18,10, 14}. How many subsets does S have that sum up to 37?

GPT-4: We can find the number of subsets of S that sum up to 37 using a recursive depth-first search algorithm
to explore all possible combinations of el Here’s a Python code to do that:

def subset_sum_count (S, target, idx=0, current_sum=0):
if idx == len(S):
return 1 if current_sum == target else 0
count = 0
# Case 1: Include the current element in the sum
count += subset_sum_count (S, target, idx+l, current_sum+S[idx])
# Case 2: Exclude the current element from the sum
count += subset_sum_count (S, target, idx+l, current_sum)
return count
s = (2, 8, 6, 32, 22, 44, 28, 12, 18, 10, 14]
target = 37
result = subset_sum_count (S, target)
print (result)

The output is 4. There are 4 subsets of S whose elements sum up to 37.

‘When we ask GPT-4 to back up its answer with evidence, it goes on a hallucination rampage:
SRJR:  Konstantine Arkoudas .“GPT-4 Can't Reason”
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Amoders early work at Baidu contributed to what's Known as the Al "scaling

laws,” which are really more of an observation. The scaling laws state that

increasing computing power, data, and model size in Al training leads to

predictable performance improvements. Seli-Ra SRy isb TR0 N6 i 1=

\ .
Dario Amodei ords, makes Al better, no novel methods needed. “This was, to me, the Demis Hassabis
The Anthropic CEO

most significant discovery I've seen in my lifeNNEV LR IER TN Google DeepMind CEO

BRI EREEEIR IR RS
AGI pIXHERRE, (BEFE "—RINER
PlERARSER "

( "The scaling of the current systems, we must
push that to the maximum, because at the
minimum, it will be a key component of the final
AGI system," he said at the Axios' Al+ Summit in
San Francisco last week. "It could be the entirety
of the AGI system.")

(#=m )

llya Sutskever
@ilyasut

One point | made that didn’t come across:

- Scaling the current thing will keep leading to improvements. In
particular, it won't stall.

- But something important will continue to be missing.

BhEnsF

llya iAJ9, ERSEEREEAMIE (scaling)
BT S EnmiBPRI SR, {t5EE,
WMENEBITEZ. KEI—HIE5ECIEE
L{REARBEFAR, SEEEMNEES
ik, MASEEMSE. EdE.

e Haider. & ~ @slow developer - 11H26H

here are the most important points from today's ilya sutskever podcast:

- superintelligence in 5-20 years
H - current scaling will stall hard; we're back to real research

- superintelligence = super-fast continual learner, not finished oracle...
== Eﬂ
M INSE S

Ilya Sutskever - We're moving from the age of
scaling to the age of research

Dwarkesh Podcast

IIya Sutskever 41113 - 20255118280 - 210.2/5 &&

FE, ARRHBEHIREETFANIEGER
SZINE (ANERRIHEE, FFEFS,
SHRERERAITITT) | MIFLrEREE
RIMBIREL.

B{E0penAlEFERZER. BRELIRA
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KRB ERGEFIHRAINE?

LecumANEIEITHER! (Autoregressive Ex-Meta chief Al scientist says LLMs are a dead

Models) BRAFMRIE: SIIFTEL, end — what's next?
BZrEAIRT, BRARSMEEN, Hix |
%‘TE’%&?&E Ho {m% %iﬁ_ﬁ)ﬁ% "LLM Kevin Okemwa [/] Add Yahoo Tech on Google II, (@)

Wed, January 7, 2026 at 814 PM GMT+8

B REEAKENHAOMmEE (Off-
ramp) , B@MEFEEAE,

0

On the highway towards Human-Level Al, Large Language Model is an
off-ramp.

When you buy through links on our articles, Future and its syndication partners

Yann LeCun @ » may earn a commission.

@ylecun

Meta's former Chief Al Scientist, Yann LeCun, recently revealed details leading up to his abrupt exit. |

Yan LeCun i ; . £ _ i
COFRREEE) | o | ERTAF: LeCunRYJEPA/V-JEPAZ

Al RRNZFS "SR
RUBRER" | TMIZZF>]
“HEFRIRE" . fttE
H#E JEPA 235y, g/t
SRR, ERYIIEEIR,
Zge@m AGI,

"LLMs are great, they're useful, we should invest in

JEPA (Joint-Embedding Predictive Architecture) REEFE{RZR/1A7T, TeElE
ERATEH A E N ETHES SRR G oI R, BRFITERHET, KE
Bz, ATHRIAVIRSTRIL.

‘World Models

David Ha' Jiirgen Schmidhuber **

Abstract

We explore building generative neural netwark
models of popular reinforcement learning
nvironments. Our world model can be trained

V-JEPA 15 JEPA ¥ RSN, FERY=SR EMERITN,; V-JEPA2 HH—E&UiKhd
—EMESTREER, BRI RATToRRAIZSHFRE,

them — a lot of people are going to use them," said

Yann LeCun, who's still an Al researcher at Meta for the
moment, speaking at an event in Brooklyn Sunday
BiGIMNThey are not a path to human-level intelligence,
hey're just not. Right now, they are sucking the air out
of the room anywhere they go — and so there's basically
Ino resources [left] for anything elsefl:Nile BB gt R4
revolution, we need to take a step back and figure out

what's missing from the current approaches."

https://worldmodels.github.ic

1. Introduction

Humans develop a mental model of the world based on
what they are able to perceive with their limited senses. The
decisions and actions we make are based on this internal
maodel. Jay Wright Forrester, the father of system dynamics,
described a mental model as:

Figure 1. A World Model, from Scott McCloud’s Undersianding
Comics. (McClou 3; E, 2012)

(Keller et al., 2012; Leinweber et al.,
on thi licti

behaviours wi

‘Take baseball for example. A batter has milliscconds to de-
cide how they should swing the bat — shorter than the time
it takes for visual signals to reach our brain. The reason

ZIREARARRSIEXHR, IANEBRIFERMEAZRRLZAHIHARE, F
ARt OSHE RSB S K.
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Count
Appearance \ Absolute
Order 230 Distance
750 00 56.25
Route 750 500 | V850 5 ss2s Object
Plan \\ Size
5.0
Relative 28 Room
Direction Size
Relative
Distance

Human-Level
Gemini-1.5 Pro
GPT-40

LLaVA-Video-72B
LLaVA-OneVision-72B
InternVL2-40B

Z ¥ SR TEERRGIRE

‘KERIEA/NUR EERSEE A X,
AT, SR TR TAX”

what is the length of the longest dimension (length, width, or
height) of the refrigerator in centimeters?

Answer: 119

Relative Distance

Measuring from the closest point of each object, which of these

objects (refrigerator, sofa, ceiling light, cutting board) is
the closest to the printer?

Absolute Distance

Measuring from the closest point of each object, what is the
distance between the bed and the sofa in meters?

ng Light D. cutting board Answer: 3.2
Appearance Order

what will be the first-time appearance order of the following
categories in the video: basket, printer, refrigerator, kettle?

Room Size
what is the size of this room (in
rooms are shown, estimate the size

square meters)? If multiple
of the combined space.
Answer: 57.6

g ! | .\
2 Q@ Video Starting Position

D. basket, refrigerator, kettle, printer Route Plan

T‘ 9 _ You are a robot beginning at the toilet and facing the washer.

Relative Direction { [\ Camera Trajectory Navigate to the pan. Fill in this route: 1. Go forward until
the washi hine 2. [?] 3. Go forward until the sofa 4. [2
If 1 om standing by the refrigerator and facing the sofs o 9 R Video Ending Position e Resning Machine 2. [7d 2- 6o fonmard Untll: cheisofa sl ol

is the kettle to my left, right, or back?

1 the pan.
right C. back

~@U Camera Perspective ight D. Turn Right, Turn Right

“Al's next frontier is Spatial Intelligence, a
technology that will turn seeing into reasoning,
perception into action, and imagination into
creation. But what is it? Why does it matter?
How do we build it? And how can we use
it?" — — Fei-Fei Li

EEEATIUEE, 35000 N

A& ErRE

@ . BIZEAJE
YIRS R — BB DIfR

S22 LA TTIN
(W, A, =E) LA
TRNFERAIEHFRTE,

©)
text

‘-{[L; . BT EFUT
—IRE, UERRARXKHR

44



ARBEA RS HSF6e7?

AERIEBRIMAREIERTS) "FSEW" . A, ARSRMLCHERELIR, & Al SEEMH
B EEERER, W 1%A*5FIJTJJ!|%—1‘¥ ESTMEIISEERNRER Ik | FHEEE
WFIEMEIERNEEHASEENRE

‘You should do What if | do this
these steps. slep instead?
& ==

The Bitter Lesson

Rich Sutton

March 13, 2019

A similar pattern of research progress was seen in computer Go, only delayed by a further 20 years.
Enormous initial efforts went into avoiding search by taking advantage of human knowledge, or of

the special features of the game, but all those efforts proved irrelevant, or worse, once search was
applied effectively at scale. Also important was the use of learning by self play to learn a value

Era of Human Data Early Experience Era of Experience function (as it was in many other games and even in chess, although learning did not play a big role in
(Imitation Learning) (Ours) (Reinforcement Learning) the 1997 program that first beat a world champion). Learning by self play, and learning in general, is
like search in that it enables massive computation to be brought to bear. Search and learning are the
x Scalable Data J Scalable Data ¢ Scalable Data two most important classes of techniques for utilizing massive amounts of computation in Al research.
In computer Go, as in computer chess, researchers’ initial effort was directed towards utilizing human
J Reward-Free J Reward-Free x Requires Reward understanding (so that less search was needed) and only much later was much greater success had by

ernbracmg search and learnmg

|: ﬂE rr 1]R chard S Sutton’s hom: epagé,hnp' incompleteideas net

SuttomA ALLMESR KR bitter lesson

Sutton IAASRILAKIREY/ LLMANRIYGZAR EEERIAREE, A28l SH
RARXERFIHAARE, XREREMELIBREIERIERERE.

BMUFIZRXEMEARS: .
i mﬁﬂammgaﬁggﬁgﬁg EIFREN. SEXEMEITE (BHES) | M

SREFRUF I ZRSuttonBIRFTHKA
3t HATAIRR LR B R E A

mAEREL, ST Fitt, EIEAIH SRS R — T —TRRARSS, (e r Rt R
NS, MRRERYAREE,
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nature Perplexity of generated data points evaluated by Real wikitext2 test dataset
model trained with real wikitext2

Explore content v About the journal v Publish with us v 60

Generation 0

nature > articles > article 06 Generation 1 55
Generation 2
Article ' Open access = Published: 24 July 2024 Generation 3 50
Al'models collapse when trained on recursively Z o4 Generation5
‘ generated data Generation 9 45

3 SH, BB L “

O An Author fre 1 to this article was published on 21 March 2025

Probability
Perplexity u + o

100 10" 102 Real 1 2 3 4 5 6 7 8 9
Perplexity of generated data points Trained on dataset from a given generation
Published as a conference paper at COLM 2024

“This might be the last time that an Al is better than AR
Y 2 Ve o A A |:| .
Gl‘Ok, ” MuSk Said at the time, addll’lg that it was trained ;E E Eméﬂ}& Egun ﬁ’ ‘ﬁ .LH How Bad is Training on Synthetic Data? A Statistical Analysis

Algﬁgﬂg E ﬁi—‘ﬁ;ﬁﬁ;ﬁ of Language Model Collapse

on “alot of synthetic data,” and was capable of Mobured Bl e Seddlk SuckWeaChen  Sout Fayon
Technology Innovation Institute NYU Abu Dhabi Simons Institute
. . . . . e - 1 o $, + n n Abu Dhabi, UAE B Abu Dhabi, UAE Berkeley, USA
reflecting upon its mistakes to achieve logical =B HEEREL(MAD):2)3R5B T Shedihbene e
. 1 5=l . L\Ij\] \ﬁ ’=' X '95 RV Al i Kbl University of Scence and Technology
consistency. £&: https,/www.cnbe.com/2025/02/18/elon-musk- ¢ *E BHIR : ;Z = EIJ En ﬁ gi\zg:}ibfg:’f EEYJEZ’;‘:“;‘{QSWNC B

xai-grok-3-model-release-ai-competition-.htm/ _._ B }__i ﬁf J__j : % 1_ ﬁ{_}%ﬁ} 3 ﬁ%?% i;lz:gi:ﬁi . I}% '[Eg E%TEI ?«‘7? TE[E _l\,:_I_E _________________________
CNBC f X in |

Published as a paper at ICLR 2024
Published as a conference paper at COLM 2024

SELF-CONSUMING GENERATIVE MODELS GO MAD

Sina Alemohammad; ' Josue Casco-Rodriguez;' Lorenzo Luzi! Ahmed Imtiaz Humayun,
Hmseln Babaei! Daniel LeJeune; Ali Siahkoohi, Richard G. Baraniuk'

{ Department of ECE. Rice University: | Department of Statistics, Stanford University:

" Department of CMOR, Rice University

ABSTRACT

Is Model Collapse Inevitable? Breaking the Curse of
Recursion by Accumulating Real and Synthetic Data

IRB R RHAEA TR, [AREiETFRSR

‘¥I A .:I-. \#[—\ I & R =
BEUARRAREN, A e oy e e R
i e ' o A EILE ST, AT K RE, TET (TR E e T,
WRSTIM, SRMLEhERSEE. . 4

FR: X (Self-Consuming Generative Models Go MAD)
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3. Reuters. Pulitzer-winning authors join

UAS
OpenAl, Microsoft copyright lawsuit. (2023- Zé ﬁifF ? yu ,{ j% E ? . ﬁ;F Aﬁ

12-21).

George R.R. Martin Among 17 Top
Authors Suing OpenAl, Alleging
ChatGPT Steals Their Works: ‘We Are
Here to Fight’

‘New York Times' sues ChatGPT creator
OpenAl, Microsoft, for copyright
infringement

11 Authors Join Lawsuit Against OpenAl

and Microsoft

1. Los Angeles Times. John Grisham, George
R.R. Martin and other authors sue OpenAl
for copyright infringement. (2023-09-20).
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Daron Acemoglu
(2024FEMREFTF

RGEIETE,

( Using existing estimates on exposure to Al and
productivity improvements at the task level, these
macroeconomic effects appear nontrivial but modest—
no more than a 0.66% increase in total factor
RISE) productivity (TFP) over 10 years. )
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R AT 0.66%, ¥ GDP BIZiRFAHEE

The Simple Macroeconomics of Al

Daron Acemoglu

WORKING PAPER 32487 DOI 10.3386/w32487 ISSUE DATE May 2024

This paper evaluates claims about large macroeconomic implications of new advances in Al. It
starts from a task-based model of Al's effects, working through automation and task
complementarities. So long as Al's microeconomic effects are driven by cost savings/productivity
improvements at the task level, its macroecanomic consequences will be given by a version of
Hulten's theorem: GDP and aggregate productivity gains can be estimated by what fraction of
tasks are impacted and average task-level cost savings. Using existing estimates on exposure to
Al and productivity improvements at the task level, these macroeconomic effects appear nontrivial
paper then argues that even these estimates could be exaggerated, because early evidence is
from easy-to-learn tasks, whereas some of the future effects will come from hard-to-learn tasks,
where there are many context-dependent factors affecting decision-making and no objective
outcome measures from which to learn successiul performance. Consequently, predicted TFP
gains over the next 10 years are even more modest and are predicted to be less than 0.53%. | also
explore Al's wage and inequality effects. | show theoretically that even when Al improves the
productivity of low-skill workers in certain tasks (without creating new tasks for them), this may
increase rather than reduce inequality. Empirically, | find that Al advances are unlikely to increase
inequality as much as previous automation technologies because their impact is more equally
distributed across demographic groups, but there is also no evidence that Al will reduce labor
income inequality. Instead, Al is predicted to widen the gap between capital and labor income.
Finally, some of the new tasks created by Al may have negative social value (such as design of
algorithms for online manipulation), and | discuss how to incorporate the macroeconomic effects of
Baseline exposure Exposure ad for easy

00101 0.0336 0.0126 00644 0.0077 0.2107

worker 0.0462 0.0612
GDP 0.0156 0.0140 5 3
Table 1: Exposure and wage effects by education groups
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it currently isn't capable of doing, and may ne

Interview with Jim Covello

= T ESNERIER) | AR Al's $600B Question | g#2%&4 (Sequoia) E, TIE

AW&,H\EDJ\Eﬁlfﬁlj%EJ—.E&/ \EI:H:E S E.—?‘%};ﬁlﬁl 6000 121 7'57.]_ HE%J%
iAo | HAE, FERAHENRFHE, B FIFA, ERTERAUSERIAIT.
1 ) ,52$’I‘$ie: - Q42023 Q42023 Q12024 Q42024
}TJEEJ:E’*JB'Z?KEE% (;IDELH*M\ Uber) ZFEL‘,{EEI)J , ZEE ESTIMATE ACTUAL ACTUAL ESTIMATE
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jJ ,E;E . Al Revenue Required for Payback $200 $294 $363 $600
LARZBR Al EfE
Al KRR ERZE %?JTJEE@TEUH?EE@T%@' , TREEARE chu( Mg (& GPU & Eu:uﬁEZISEI’J—‘ . _5;@%
ZYalRAPFER)  TARNHEIR (Cognitive Reasoning)’ . A ROE. B, SHEBERSS) .
FKAOMNMEETIE "FH(E (Outliers)’ # "HE fEiE Bkl 2, LUkt GPU ZinAF /(\WJQIJJ‘_J‘_ Azure, AWS
8 (Nuance)’ , X2 Al LS, RILETAER %}*ﬁjcp WL Al T ERIRROTIEIAB]ERIY) ATRsEIRg 50%
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Brookings (fiE&£Hf3¥ %) | Enter Al—the 'railroads’ of I N A Al FEINSRAXIEAE |

—- _ the digital age | EEEREW, 2 |
SHSIBSRAY Al ERIRHELIE O TRmmeEn, mET S
S Today's Al infrastructure—advanced semiconductors, ma 3 éé ;ﬁ *D ﬁzgﬁiiil |§J }EgBIE i

1 9@2659%%]@%_ﬁ%%5%3\ data centers, and cloud computing platforms—is the 21st Here's How the Al Crash Hap i
F NVIDIA ZE—EHHtR |

century counterpart to 19th century railroads. Both are ¢ 4 The U.S. is becoming an Nvidia-state.

Z:L':lié}%ﬂ . M ggit H’\J Eﬁﬂj iﬁﬁﬁ , intensive, networked infrastructure whose value lies not By Matteo Wong and Charlie Warzel T%ﬁ E’\J iﬂaﬂ 't/tfﬁj HH ZJ: . _T_EQ[] I E

the assets themselves but also in what others can build u
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OpenAl ERERlFEk & TFE*~?

OpenAl's 2026: Either achieve divinity
or go bankrupt

W 2026-01-04 17:02

2026 2 OpenAl BI%EFEXHESE

1. 555tz Fmit 2026 SF&ke 170

(ZETIME; 2025 F 345 OpenAl
HIIEERRE A SiBid SUL.

. PIEGELES:: Google BY Gemini 3
RS IER LEE# GPT-5.1,

OpenAl X 7 EXIHIRAG ST ;

ERUMER T, ChatGPT BiEZE

Bubble or singularity?

2026 will be a [ELCECIEIEEI @I for OpenAl. Facing an astonishing projected cash
hole of $17 billion and a fierce counterattack from Google's Gemini, Altman was forced to

activate the "Code Red." On one hand, there is an unprecedented financing plan of

hundreds of billions of dollars; on the other hand, there is a financial crisis with the

inference cost exceeding the revenue. Is this the inevitable path to AGI, or is it the eve of

the bursting of the biggest bubble in Silicon Valley?

N _ = S umulative capital raised, $bn @
%LTlﬂilﬁaﬂkElHjiy_IU{%;ﬁﬂ%o Free cashflow, $bn s | i 80

. ERREARERER: HENES = f o
;lE_I, OpenAI ){%-a: 2026 EEE 20 20
ChatGPT FEANT . Y ———1

https://eu.36kr.com/en/p/3624813808157699

______________________________________________________________________________________________________

T T T T T T T
2024 25 26 27 28 29 30
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Al Is the Bub)

Burst Them All

2% R GoldfarbFlKirschiFhiE A @ RAIIY £
BE=E, FHASPAIEE—SLESERSS

Goldfarb and Kirsch’s framework for evaluating tech bubbles considers four principal factors: the
presence of uncertainty, pure plays, novice investors, and narratives around commercial
innovations. The authors identify and evaluate the factors involved, and rank their historical

examples on a scale of O to 8 8 being the most likely to predict a bubble.

—
1

Here’s How the Al Crash Happens

“The U.S. is becoming an Nvidia-state.

By Macceo Wong and Charlie Warzel

e | TIGAIATIR (TIERELE, SEAN
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BRASHHRT
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Uncertainty A it
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Sin, B—IAMITHRIEH95%FRA%E L NElR, CEATETRI A aE,
T HEtAIROE LT R M REER, i s

Great Narrative ZAHNEE
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L TSR — A TR
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Novice InvestorsFiFIF:aE
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those Al expenditures accounted for 92 percent of GDP growth during the
first half of 2025. Since the launch of ChatGPT, in late 2022, the tech

between the historic investments in Al and the tech’s relatively modest

revenues. For instance, according to The Information, OpenAl likely made $4
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causing the financial damage to spread to pension funds, mutual funds,

insurance companies, and everyday investors. As capital flees the market, non-
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o
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agapat any U wiey s, were win usery ve unprecedented financial turmoil

as well.
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2024 ACM Turing Award Celebration Conference
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