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PART 01 + MECHANICAL MIND IN ANTIQUITY & ENLIGHTENMENT Shakil Mahmud Editorial « Al-101

The Mechanical Mind: From Antiquity's Automata to Leibniz's Calculus Ratiocinator

Hero of Alexandria (1st c.), Ramon Llull (1305) & Gottfried Wilhelm Leibniz (1666)

The Mechanical Automaton & Combinatorial Art Leibniz: Characteristica Universalis (1666)

Prime Number Concept Mapping:
Animal = 2, Rational = 3 = Man =2 x 3= 6

Algorithmic Truth Evaluation:
Is Man an Animal? 6 mod 2 == 0 = TRUE (Calculated mechanically)
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PART 02 + MATHEMATICAL DAWN OF COMPUTABILITY Shakil Mahmud Editorial « Al-101

The Bounds of Thought: Turing Machines, Hilbert's Decision Problem & Undecidability

David Hilbert (1928), Kurt Gédel (1931) & Alan Mathison Turing (1936)

The Universal Turing Machine & The Halting Problem Proof

Infinite Discrete Memory Tape: Symbols {0, 1, b}
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PART 03 « CYBERNETICS & THE FIRST ARTIFICIAL NEURON Shakil Mahmud Editorial « Al-101

The Logic of the Nervous System: McCulloch-Pitts Neurons & Wiener's Cybernetic Feedback

Warren McCulloch & Walter Pitts (1943), Norbert Wiener (1948) & Claude Shannon (1948)

The McCulloch-Pitts Logical Neuron (1943) Wiener's Cybernetic Closed-Loop Control (1948)
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j
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PART 04 - THE TURING TEST & THE IMITATION GAME Shakil Mahmud Editorial « Al-101

Can Machines Think? The Imitation Game, Operational Intelligence & The Lovelace Defense

Alan M. Turing (1950) & Lady Ada Lovelace (1842)

The 1950 Imitation Game Architecture
ISOLATION BARRIER (TELETYPE INTERFACE)

HUMAN INTERROGATOR (JUDGE C)

Natural Language Dialogue via Teletype

on the subject
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shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 13 of 47



%’;{ %ﬁ% %%W{% SHAKIL MAHMUD * RESEARCH MONOGRAPH

CRIGIIE (DS 8 BTem AATET — (ATSCTD RARSTH & WAHIIToT
QTCATA

QTSRS @ABSIIG 3 Q@Y FATI — (@S 21230 3 WIAINGE GACTET
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PART 05 - THE DARTMOUTH WORKSHOP OF 1956 Shakil Mahmud Editorial « Al-101

The Founding Summer: McCarthy, Minsky, Shannon & The Christening of "Artificial Intelligence"

Dartmouth College (Summer 1956): McCarthy, Minsky, Rochester & Shannon

The 1956 Dartmouth Summer Research Project on Artificial Intelligence

JOHN McCARTHY CLAUDE SHANNON
Dartmouth / Stanford Harvard / MIT Bell Labs / MIT Carnegie Mellon / RAND
Coined "Artificial Intelligence" SNARC Neural Network (1951) Information Theory (1948) Logic Theorist (1956)

ets

"Every aspect of learning or any other feature of intelligence can in principle be so precisely described that a machine can simulate it."

Intelligence = (Search, Representation, Abstraction, Inference)

B @ soaw SMETT SIENISY G@UIE FIT: S WISDIEL, WIS [AE F& XM~ 97¢ NSRSV TNTHIG A5 1

20%¢ VR 9 ot Afk saeeal @it weresfre AxF TYAT = AE &0 20l fEraite== 5751 (Degradation Problem) |
(TSI 1SIF] 20 B AfSTHN FACHR (G GFT—(FET (536 G TI—2IIe, TFOIRS 2@ I (ofs | b @I @orfeD i =
(eoRfRHBE (G 937 T g (555 @37 A0Y); Wb e 21819 W (*I¥IF 53 ST | 91 MR SCom FR*F (matheal H(z) = x
) (118 1S BLIH G5 ST 20 91T | 205¢ AR GO FIRR (% 9% OF Wel @FAGIET (B8 (ResNet) SREIE S5CH
&3 FIHB T FE GR $000 BEAE @#1 1SIF MCTa FeToId AfrHierd 218 STaiv FCE |

S. CEITgIIET FIBTHIF LIFel

@ 3R OF MFNE FACS IR (T GI(6 B TN Gfoa WoR mathcal H(z) AR ot 71 cw, e @<t S=_f#8
cforgriet wmifdi: mathcal{F}(x) equiv mathcal{H}(x) &#8211; x c<I4It=1l &fte:

mathcal H(z) = mathcal F(z) + x

M (FIC BE TG @I S5 (ol FAR STAS Al AF, OF @SR NI A28 O FRIABBRSE ma s 41t 73 (
mathcal F(z)to0) @32 395 SRR Q556 woiftafew ez ¢fitg = |
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&t @ife 8 ftateTo=q og

. M *R M
shakil MR UG e s TER TSI GPEAH

L. AR (ATTTTS 2ReTT SHfafeT Soroim=

GITERIE F0a AN 27,1 = x; + mathcal F(x;, mathcal W)~ 27AE FACA QS| TSI BF L-aF W ASRT:
rp =x + sumfz‘llmathcalF(mi, mathcalW ;)

(53 6T TN NS &7 matheal B-93 (afSrs [efy sate ¢ 1w

fracpartialmathcal Epartialz; = fracpartialmathcal Epartialzpleft(I + fracpartialpartiala:lsumf;llmathcalFiright)

93 ANFAC G5 WGH I 96 (2SS RETH RER Fier F0 | GTE NS F-A W7 RS (@fSTTs =5 20T (oIeere, @3
TSN AF S N B [T (I T Q13 FAA Al BaRtais wik (Mg T |

0. FHMITST G017 ©g (Unraveled Ensemble)

205 T T35 8 O TN AN B (T (@ACHE ACE G0 G WS-8 (MBS 77, I8 A6 27 FLUF WS (B ST
STNIGTE IR | (ACFCA G0 B YR (T IS FRPAOR (e o1 =06 1, T &=l I (T @b 93l Fos7gps g
15w Ko Fre FE |

SISCGA: T, AT (2026) | "GNGHIT (N SFNE @ Sren ST — (AfSTTT D290F @ ARG GHTF " | [Gof A S [T GHAT ©0g, UG ¢ |
https.//shakilmahmud.com/bn/deep-learning-architectures-part-05-residual-networks-identity-mappings-gradient-highways-bn/
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It S srwifs — (afStr® 5136, 9qanbaw e @
SO TS

[T PIBIRST GITNTNGT — (S S7eF6, 9TG5BAN (57T 3 (MBS (NI
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PART 06 - SYMBOLIC Al & HEURISTIC SEARCH Shakil Mahmud Editorial « Al-101

The Golden Age of Symbols: Logic Theorist, General Problem Solver & State-Space Search

Allen Newell, J.C. Shaw & Herbert A. Simon (1956-1961)

State-Space Heuristic Search & Means-Ends Analysis

Means-Ends Analysis (GPS Algorithm)

1. Detect Difference: A = Difference(CurrentState, Goal)

2. Retrieve Operator: Op = Select_Operator_Reducing(A)

3. Subgoal Creation: If Preconditions(Op) not met,
recursively establish Preconditions as new subgoals.

foq & @B 17 RERIZF 5716 18 93¢ (AT STV TeTGIE (GPS) VAT 9T QAT Qiers v

o, wfbe, B NHH 1 ARG Hissicera wrel RS dfewm afol Jzree 961 oF 7 A 2ferr 8o eaa |
Tt e hens (RNN) 9 JaIfe (939 hy-a3 NI @3 Wote e e 3 | 58 A e e wmamas
FU© SRR @ GHCRITT (AfSTID TR SIS 20, TF HE oo Yo FCP K191 7172 Tt (o | 5559 AT 7 @IHAMGR @3
0ol #ifNweaE #12 WH-5f e (LSTM) Seicaa Mies @2 @fSnfSie HFeha g e s |

S. BIFCAMATI & 513 (BPTT) @ 7w [{Bia

9B IBIE WRANAT hy = sigma(Whnhi 1 + Wapz)-93 T AT T | A9 AR AT A 07 (STt Fefy S0 (o1
(B3 6T TN T SHICHIRA IGTHT @ele] S 2T

fracpartialhrpartialh, = prodr._, } (textdiag(sigma’ (z1)) W/,

L. @AGRST B JFAL Sorofiwg

5558 A T @GNS el FE @ T 9o BFH Wiy,-93 JZe ARSI A G B rho(Wiy) @3 SHIfFTe==
(TG @eTwe 5-99 (50T 9 =7 (gamma rho &lt; 1), Ot (afSTIs TR Fh0ee AT AT QRCACNRIET 20 =5 Sfees 7
| fracpartialhrpartialh,|to0) | T €0 Al 500 7 WC (FIC| ST SR NCSCET (RIS A A1 |
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&t @ife 8 ftateTo=q og

. M *R M
shakil MR UG e s TER TSI GPEAH

0. GAGHABAN (LSTM) 92 FI6310 O FHICATSTe

@SR 8 =fNeeaw wik®ie = Constant Error Carousel (CEC): SR (WNf:E G5 A0 Fom (3T (365 ¢; Cofd I Tl
TGS YT M (0o e 2Hfasifers =

¢t = frodotci—1 + irodottildec:

CTA f, TCA FACAD (15, 4, 20T 2495 (515 @R 0, A |GGG (515 | (WSFeF AATTHR FICet ST TG @0 olR =S =S
S-S 40F (AfSTrs @i TafFe A |

8. (oltbs fe<ita s 286 (GRU)

2098 A FAIRE (5] AAGABAN- TG 8 TG (950 9B NG WATTG (915 2,-9 GFge 3 G928 (GRU) (o T2, T
2C% T SAFINGICE FAACT i F3e 5w Fa |

SIS N2, AT (2026) | "REE SIS GG — (QfSTTT 575, 9747695 (37 8 (5% (wwix" | [&91 anfa @ frarerct v og, 2@ o /|

https.://shakilmahmud.com/bn/deep-learning-architectures-part-06-recurrent-networks-Istm-gru-vanishing-gradients-bn/
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THCHTH (FIE @ (FICAH-[F-Syie] (goel — IME (T (FT
T©H-CATCIS

QTGN (NIASTH 3 (BIII-1- 71 (Fo0] — IIHIA13 (A FT Tb- (TS
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PART 07 - THE PERCEPTRON & CONNECTIONIST SPARK Shakil Mahmud Editorial « Al-101

The Mark | Perceptron: Frank Rosenblatt, Linear Separability & The Physical Synapse

Frank Rosenblatt (Cornell Aeronautical Laboratory, 1957-1958)

The Mark | Perceptron Optical Array Novikoff's Perceptron Convergence Theorem

400-Photocell Retina (S-Units) Motor P

1 Output

RZ
W1 =W, + i — P)xi, k< 7 = Convergence in Finite Steps

foq @ F1F Q@ISAFINGT WIS HIOTAG @IBAT, (NG ACAISAEIT 3G G372 (I SEPT SSIE ST S|

foarrs MHIE-5-PIatasT Mo GTRCREE 936 T5f IFF 936 NG [WAE M@ (@3 (cinmathbbR?) SkFoe FaCe %S
T TS | AT s g A A @3 TFOS I5TE ©5 78 0 (T | 2058 e fGf¥fg Imwne, FfRes vl @3z e
@Tone WREHF T SHTGIN (IHi~er™ (Attention Mechanism) | 753 (830 e =S a Grwfa SCEiR =10 Meyes oo
A8 (B STFF IBS (U & I GR WY qani2 [ea oo 7571 33 |

. QYOI AT HALF6

R 5 AT 51 RO (556 ¢ = Ay ICHA TSV A 8 2 4T AITS AT A1 | 20 = @1 AR NS SR A I[N
0T 109 |

L. WIS SHIfSHS SHTha=iw

IS VR FE (@ FEHIeIEg efelt smMrwee aFfs o9 FAOHD (937 ¢; = sumalpha;jh; TR T 2 | SHARACTD QI
eij = vftanh(W,,,si,l + Ughj)-a3 @ STHFONIF T B NGeT TS EASIE (TR IR (I ST WA (ST QTG |

©. @I, i 9ag o5 (QKV) toeel

2059 A SRS G2 T HeT TFCHTHFCE FH1SBIF A (NS [Gore R Ao Fea:
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fost e o Rutreree1 o shatl MERIR NS SR RSB H

o (A (Q): TSN ST 1 & |
o & (K): cifed s3test A1 354 |
o T (V): (IfaTe 7afiFe aigs o2 |

ST THIICS G0 (AR A Q0 TG F (e | [5G S SHETA T Ao SR @97 G0 Tl 8 TGRS
TYRTS| A6 (O I T R I |

8. CFT Tb-(&TTIS SHILo-#ta Nfafes cwfen

TGS 6 (AeF QKT wo RS O3 IRt SRINTN d,-93 SN =27 (textVar(¢'k) = d),) | T I8 V@R T NS @0Y T
R TGS SHIGLEIT 5T N0 (AfSTTB 2775 203 AT | @3 FIRCA sqrtdy, M o1t T2 SHifacas s-a Fifvey s =

text Attention(Q, K, V) = textsoftmazleft(fracQKT sqrtd;right)V

T WY TR SFGHOIEE (@Y |

[

SIZCHHI; N2, #NET (2026) | "SICG TG @ (FIHL-F-SFfe] (Goe] — TG (A (T Th-(2er3” | [&o1 7 @ frarens=7 og, ¢ q/

https://shakilmahmud.com/bn/deep-learning-architectures-part-07-attention-mechanisms-query-key-value-duality-bn/
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PART 08 - THE MINSKY-PAPERT CRITIQUE & FIRST Al WINTER Shakil Mahmud Editorial « Al-101

The Great Chill: The XOR Barrier, The Lighthill Report (1973) & Connectionist Collapse

Marvin Minsky & Seymour Papert (1969) & Sir James Lighthill (1973)

The Geometric Failure: XOR Inseparability The 1973 Lighthill Report & DARPA Retreat

Category A (Advanced Automation): Valid & Practical engineering

(0.1)=1 Category B (Building the Robot) & C (Central): "Combinatorial explosion”

DARPA Mansfield Amendment Fallout:

Elimination of speculative basic research funding; requirement for
{_ direct, demonstrable military utility = 10-year funding freeze.

X1
FIRST Al WINTER: 1974 - 1980

No Single line can separate (0,1),(1,0) from (0,0),(1,1)

XOR(x1,x2) = (x1 Vx2) A (x; Ax;) => Linearly Inseparable

foqv: AATE 3 WIS SIfde 9B73QIT (XOR) [T SNCTHEIRISE 972 5990 TN SA1251=eT [T S7qST 2V 913 o)

2059 AR G e AT emeniy ¢ TRFNm YPIRIE NITN@ “Attention Is All You Need” STHIb I GIoTwasiq
TSGR | [RFEST 8 FACSNe T I I TN CTTF-SHIETIR @2 fofe I oItT 83l 93 W(Td T[METa-99
e Sael 5f @ o | @t (&GRS IréemiEs 91 SNSRI IRAET J9 (ol FE @R R 46 GIPeR W]
T O(1)-4 NI A | ey FrorrawId WA G2 @ FOTT* NCue wimiAfine &g |

S, NfFo-z SRt (MHA)

OF W@ TFETN (TC SR GFfEF FFAAEF 8 Ao MF GBI AR FACS AT W1 | G BCE h AW FA
RS Roe F:

texthead; = text Attention(QWS2, KWX VW)

text MultiHead(Q, K, V) = textConcat(texthead,, dots, textheady,)W°

O3 T (@A (T ADRE FFAOT (AT AP B, @A (RS TR W bire a6, IRke @l (%8 Y 51084

S SRIfRE I Gy S |
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st fAe @ fnsfteroxiA og

. M *R M
shakil MR A s SSFET A OROGEERH

L. FPCTC AfEH1e TCiee

CTAG-SHICETH TS (AF *HF P I WEEH TS A =1l (Permutation Equivariant) | @3 o7 AT Smesy iz @
(IR S AT AfGrIIeT (SFF (N5 FE:

text PE 05 95 = sinle ft(fracpos10000%/right), quadtextPE 4 9;11) = cosle ft( fracpos10000%/*right)

farrefafes R Fce @ git S S 1@ 6 A Forsd Ko asm o |

. Afem-enIge fre-waenis (e (FEN)

G (@< R (GBI (S2aeta wefiee (o 33, g Tga @il Tw-ffae tafes tofd sace g 711 afsl G
FOFOI 8 @ TS FEN QT 0 Fo- (a1 eel 81 54l = |

8. GISTErIeT S (FRIT CaIsITe A

Y IS TORIAGRIAD SRE FEreawR e 93 Sk @igrEre 55w (Residual Stream) | &fsft B3 @ @&
T (CF O ATS F(F QR A GFRGTS FeAFal (o AR AT A0 (7, TN 97 T8 (R e 297 |

1

TG STZH, *NET (2026) | "Gl QG — NF5-2C S5+, e GRS 8 FITGRIT oW | S5t &tk @ [rsrech v og, ¥ b |
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@Io1fE #ifemw arafe: (ROPE) @ FACHHO ©2CT| — SGive gofw @ A
G (ST AT
QB AT GUFTE (RoPE) 3 FAGETE G5! — SbeT g~ 3 T 7a0gd [T

STF TRBEFY

PART 09 - KNOWLEDGE REVOLUTION & EXPERT SYSTEMS Shakil Mahmud Editorial « Al-101

In Knowledge Lies the Power: Feigenbaum, DENDRAL, MYCIN & Production Rule Engines

Edward Feigenbaum (Stanford, 1970s), Shortliffe (MYCIN) & Buchanan (DENDRAL)

Architecture of a Classical Expert System (MYCIN / DENDRAL)

Fact: Patient_Age = 54

Fact: Culture_Site = Blood
Certainty Factor Calculus

CF B(h, e) - MD(h, €)
FA+CF2(1- CRI) Fact: Fever = True

IFE, AE, - AE,THENH [CF=MB—MD]

6 »: FIIET 9STHE BN 5157: NSy (@7 B, JIFITE BRI SPNIST G 9T¢ ANGEIB TSI FIASAT I

It GATFNIE NCSCA 395 (ST Y TR 2 @ (FIEA Ao (39 @ T4 7@l (x; + p;) | T8 @3 @ifefes sz
T Certs oiF affrsel i IR0 A (G35 ATre TRISFOIE 4 (R | 20%S AE foamfan 3 sife’ Few @ibifa sifemm
arEfe (ROPE) | @it (ST (939 @151 7 FF, Gioe1 7wetel (Complex Plane) SCs=e g9 sica@ A= G Sics e
TR e amfifes @ite woefie a5 | @rer LLaMA, Mistral, Qwen @ DeepSeek-d3 Wtel Rt < WCe=1%tsll ROPE 2
FE |

S. FToAfFS STRFI stifeifes Sl

TRIEE m @R n-a A 76 GUFERT @A ¢, 932 F k-9 TR (@CF (@ O =012 QIR ST SIe! ST I m
&#8211; n-93 @*% 163 T4l Sfve:

langle f q(x_m, m), f k(x_n, n) rangle = g(x_m, x_n, m &#8211; n)

foarre smfors sfem oge s T Kfon @1-6I Cofa =0 wtfH rag f[ige =0 (7o |

2. it wifbet gefea Sotsime

Grfbet 7295 afore (O34 3HiE @Y mtheta S ntheta B WS FANCA] T:
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&t @ife 8 ftateTo=q og
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shakil MR UG e s TER TSI GPEAH

Gm = qezmtheta’ quadkn _ kemtheta

i 399 cerers e o =
langle q_m, k_n rangle = text{Re}[ (q eMim theta}) (k eMin theta})"* ] = text{Re}[ q k** eMi (m &#8211; n)theta} ]

QT AN ARFA m &2 n, T0°f (a1 20 T @R SRE A (e AT 7=09d @ef (m &#8211; n)theta |

©. B NG FF-SIITAIIE gof

AN T d /2 M5 e ST TNote Roes IR afolh TTeteT Oy 533 REHIR™ theta; = 10000-20-1)/4 fafige
39 = | @ e WG @ow O (939 AFFTTNG-8TIRe WA MHTH O(d) FCH 2o 1 [ |

8. A oG ©acel A : NTK @ YaRN

TS 8 TG (B (ACF S AN L TG (GBI T2 F906 NTK-Aware Scaling @3 YaRN SgRA 341 T | Ot ™

(T ZRE FFET @R ARFe @02 77 FEEHSEns (3 @S @ @RIE) THOE (F 919 N0 N0 (@I Sofs o2
GLETR ST CHCE (GO SR FHC© TTF 2T |

STECH*1: STH, *NEeT (2026) | "G5 e ar7fSs (RoPE) @ FTHEG 20 — GifoaT g9/ @ 719 zaces KR | S5t afak @ Rrererco " og, ¥ s |
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PART 10 « THE FIFTH GENERATION & SECOND Al WINTER Shakil Mahmud Editorial « Al-101

The Fall of LISP Machines: Japan's FGCS Crusade & The 1987 Hardware Collapse

MITI FGCS (Japan, 1982-1992), Symbolics Inc. & The 1987 Market Crash

Japan's FGCS Architecture (1982-1992) The 1987 Specialized Hardware Market Collapse

The 1-Billion LIPS Parallel Hardware Target: VIPS/$ 1987 CRASH

Massive parallel inference machines (PIM) running concurrent Prolog
Dedicated hardware tagged architectures for inductive logic

Knowledge-Base Maintenance Bottlene

Rules grew cor table as domains scaled
Unable to bridg ption

57 billion yen spent; commodity workstations eclipsed parallel Prolog

LIPS = Logical Inferences Per Second, Moore’s Law > Custom VLSI LISP

5@ S0: ST FBY FSTHIT AT (ST SPF 9T2 SdbrA FNETT [ (LISP) NIV 3 [ACIFIT@ AT IS QB o]

ARG AR TFOT & Bl A (FIC TR QOR Tive Sn-wfas (The wefiizs siferfears ot 1fvre
NfAfSF w5t MeT | ACBIaTFIC (Autoencoders) 95 (U5 zinmathbbRI-&F 935 TRJf BT (29 zinmathbbR" (kild
)-a3 &5 T TFive T 7RI 272 290 (oK T (581 F(E | 92 JLTANLFOR FICE NG (GO LTSI FCHS (e W FeT
SIBIRS (ETI-IRTTTHIE /AT =& FICS (*ITY |

S. WSTFAIYD SACBIATCHCITAT AT

935 AGIQTETCR 56 e Wt [Roes:

o GFCHICIA (f,hi): TG D (PICT HFH® F: 2 = sigma(W,z +b,) |
o TIFICIET (g, 51): THIHD (FG (VS T 3795 Y7507 F: hatz = sigma(Wyz + by) |

I ST BIcem oyf Wz 23, O Ao TE FITREIE #ifia (PCA)-93 ety =1 | To-mfvae s s ofb F=eie
e Tfifs e wme s o |
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&t @ife 8 ftateTo=q og
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shakil MR UG e s TER TSI GPEAH

%. e scbiamcaield (DAE) € ¢Fid s5ifDg

E9BCT AT 1o T IS (@Y FACS 200 A AEA SACTE SR T [EACHGR SCHIATCIICIF | 279TH Fheawl 7CTer (Ml
FE CAE Yol 2AHR (Ob1 osf5Ta MUl (rem =1 205 INA @ e awle FE (7 92 efGa S (bR TYRyS! T ied
(&fSTeTS 1 I T (nablalogp(z)) Fefs T2, =1 @y fRRS=m sretaa ¥ oifgs fofe |

©. FGIES ACGlatHed (CAE)

FEITS AGIAACHIGIE SHICHIRAA WGEHR TR 75 (| J|%) & IR *NMME (S 2 | 97 T (GH] WIACHITH ™15 I O
TFS A, 58 717 e 78 F [T @ T S5yefast &R 20 I’ |

8. fataTeco= fonaBsIsecr e

6D (FICed 2B @FE Wal T IV Toted AF6 Mg FAT (IFER (T4 8T AR, @l I A Slgel) A T
TIRFYE T, O OIS GHETITAC HCATSCHI I0T |

(4

SIZCGA: 2T, AT (2026) | "QHIGTHCIT 8 FICGT [LTGTb=1+ — N b7 @ [ehaBiewercs” | f&of it @ [rerecs=" g, 4g 50|
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oiifaci=ie Solasteid (VAE) — @fStes @ae S @

GIHIIATT QBT IABIGIT (VAE) — IfSGST (@RI IS 3 [N~ 155
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PART 11 « THE CONNECTIONIST REBELLION Shakil Mahmud Editorial « Al-101

Backpropagation Reborn: Rumelhart, Hinton, Williams & The PDP Revolution (1986)

David Rumelhart, Geoffrey Hinton & Ronald Williams (1986 Nature Paper)

The Multi-Layer Chain Rule of Error Backpropagation

FORWARD PASS: ACTP**<|ON COMPUTATION =

P

o

@

3E _ 8E 3z ,
=X 5 =0'(2) S Wb
Ow;; 0z 0wy Opxi, 0 =01(z) " Wik

50 55 V11 (@TI1T TS QNI PISTIS QGGHA ST 972 (537 BT 121 TGS GIT STATTAN ! [FF1

foarrs RIS SHIGTed O 2 Tl TE—ad FICEB =T T 27 Al; T4 H151 @ R weea (ofd =7 @
CUF T (I WA B QA Cofd el WA AT s0v0 A Rrefkd Few @R R e SR S St
SCGIaTCEICIE (VAE) | I SSiicee STsEme @0 afs¥e «3 sreat cormitee diew mreifams W e (afers
eRIfZe T o e fesiNbrice™i= i< (Reparameterization Trick) 9= (77 |

s. Nfgmie Adsiags © 3RS

AED SFRERA W zsimpheta(zmidz)-a W& FGRF! logp(x) = logintp(zmidz)p(z)dz R 4 @A 187
(TOSINIT T3 AT 7 | 9T T &F© (BRI p(zmida)-8 Telofs (CF T |

%. AfSTes (@199 A8 (ELBO)-49 Soi9ve

9B GTFCR @ OSTF g,hi(zmide) T eFe ACHRTIE T T =W | FAWP-(F12314 (KL) SRS AN (S
e TR 4576 ELBO AR<Re:

log p_theta(x) ge mathcal{L}_{text{ELBO}} = mathbb{E}_{q_phi(z mid x)}{log p_theta(x mid z)] &#8211;
D_{text{KL} }(q_phi(z mid x) parallel p(z))
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93 NI 75 WA FCACR:

1. 9=15f5= A1l (Reconstruction): FEIHCR TMTS FIHD (FIS (ATF 2GS o fafsia Face 2 |

2. #IC65 fRafiesae (KL Divergence): S5 (R 5T (@ sl siSS== mathcal N (0, I)-97 ISR A, TS
el R 1l Sr26et 1 A |

©. RopmfGrste== G+ (Reparameterization Trick)

e TR (e Wy e FmlE FIBCRATHE BAC Se, 99 Sife@e (@l sees (Derivative) (121 5 @
O] GBIRHITHE TEeE a3 ¥ e epsilonsimmatheal N (0, I) RO SEml & (:

z = mu(z) + sigma(z)odotepsilon

G2 T2e g PGS AN TCe Tow Wiz 9Ffo TG (Bl @ (@I WA Tl =, TF N 0 FRCATIHITR
(53 oo T ARIES 20O A |

[

S A, AT (2026) | "SFTAIT WGl (VAE) — AfSrest T 18 @ [eiisaizcer i G | o i @ [racehem og, 9¢ 55 |
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eitave SICeIasifaae (I 8TF (GAN) — RifEssigy ¢ @
SR Tifife

AT QGBI FE3TIEG (GAN) — NIANTIET (I 3 STITITEIRA Syifife

ST TRFL

PART 12 + YANN LECUN & CONVOLUTIONAL NETWORKS Shakil Mahmud Editorial « Al-101

Spatial Vision: Neocognitron, LeNet-5, MNIST & Shift-Equivariant Receptive Fields

Kunihiko Fukushima (1980 Neocognitron) & Yann LeCun et al. (1998 LeNet-5)

The LeNet-5 Convolutional Architecture Hierarchy (1998)

U

C1: 6 Maps (28x28) €3: 16 Maps (10x10)

¥ =@ wOalD, +50), Weight Sharing: O(K?) < O(N?)

5@ 5% 377 @HIAT @G- ¢ (LeNet-5) FATSIAGHAIT NEITIE: (@TIHIT (RO Rpes, 3& CITHIE 72 STIPT=Aere FAATITI

2058 A& W @O T Taydf @& (GEDe w*mg Ao FE T (@F 0 TYRIOE TGN ZTE FE FE: (SIS
TICSAITTT (BeTFE (GAN) | A(F GeHl 41 IM GFe GlF (6 eFedEe (Generator) @R &Few Sffei sl (oMTwg
(Discriminator) NI (F© ToRE A | FCATGNoT S 8 THCea AT 441K (581 T, W (S0 SIS Pk (ST Ve
e T toft a1 sirRSite WA GrTeeit Refia enmasteT yag (Wasserstein Distance) I 23 @3 dffweits 5w
fRfeferem @ o |

s. fifassiey feal-s o

NS ANias Sy s =9 V(D, Q) wiesmia stases:

min_G max_D V(D, G) = mathbb{E} {x sim p_{text{data}}}[log D(x)] + mathbb{E} _{z sim p_z}{log(1 &#8211;
D(G(z)))]

22 (THIRGCRR G5 e fSHA@RNCADT =G D* () = fracpiestdata(T)Prestdata(T) + pg(x) | GBTE Jo1 ARFAC I Ml T @
(SHITGE SSTCH AT GG 8 Faw SANE (GCA-*I31 ©IZSIe™ (Jensen-Shannon Divergence) ¥ T4 (581 FACR |
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&t @ife 8 ftateTo=q og

. M *R M
shakil MR UG e s TER TSI GPEAH

2. OIS (FIE™ @ Siffale cafSrars st

JRBI TSR (THI TH-NGF R G5 WS Fo WCHIE T I | T AN € 76 (GBI SHICHEG LTS QT AL
“5fE FF A | @3 TIFE (G- TRORE™ 436 &F N (log2) Fa =07 I 9 7 (alfSTrd =75 =T 0T | @7 T
&b Taren ferts T @R (SHITEER (T (I TS 9N 1 | WA T (THITE0F (e AF15 W@ H2Sr B IR Cofs I
fafeRTTbacE FifF (ST (581 FF, TF (NS (FIer™ (Mode Collapse) I |

0. GHIAIGIE 231 (WGAN) @ S6HIe JIoeols

2054 A WMo WRETeZ (Gras TReRTe™ M Wi-Yoid 4y (Wasserstein-1 Distance) &1 S0

W_1(p_{text{data}}, p_g) = inf_{gamma} mathbb{E}[ |x &#8211;y]]

FICOIAINSb-RRBIT (Roo] SHAATR AR [GAGRAGNE o-FAARIber FOTSI FASH T = | SADTBIRT TG IR I8
O A ST SIS 35 7=ofef e zeere @ft jet @ wrlepef vy et F03, [ (afSTers oS Ml A6eT A0 9% (1%
(I 79 A |

SIZCH*IT: S, T (2026) | "(GHAIETS SCSRANTTT (NESFFE (GAN) — 5787 (917 8 GBI Sifife” | [&sr Fife @ frarech I og, 9@ 5%/
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TANIRNEGR (3 @ SoqR el (TH e — ve@ woled @ e
AR

AITETIRIETe G 3 SON [N GIIeT (MB3IIE — beTd FATI 3 [N Y@ STFIaAT
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PART 13 + THE STATISTICAL TURN & MACHINE LEARNING Shakil Mahmud Editorial « Al-101

The Pragmatic Turn: Support Vector Machines, Maximum Margin & Kernel Hilbert Spaces

Viadimir Vapnik & Alexey Chervonenkis (1995 Support Vector Machines)

The Maximum Margin Hyperplane in Reproducing Kernel Hilbert Space (RKHS)

Input Space X (Linearly Inseparable)

-
[argir™= 2/|lwit Supp:

min [l st y0w- 4G +B) 21, KGox) = (60, 60

o s9: [ENTE7e FIA f2e7als (07 TG (GF (NIXA: WIHRININ VIS AZHMAT 972 NA- AT BT 1551

f$93 (VAE) 3 5 (GAN)-97 (el &5fee (Smaibe SreaaEd fFg (it ANkae aEe: 93 (@@ T8RS’ aib s
(ELBO) SIf6uiZer F40o AAlE, SR A (@I FYRFel 362 e oAt 71| Fqwenzienr ¢l (Normalizing Flows) @2 554
SN FCE 9F S5 SN GF SIS Ne—oRl o I Soydll 71 2wz (Bijective) NS (5 GIF | I2-561F FHAFAIE
BET TATET $949Ws (Change-of-Variables Theorem) 372 3 @ft @0 A@er s 360 I8 Groited AfS et (SB!
fRASITT oI F0a IR @62 AR e MiGet ezsfaigs ave e |

S. I2-5E1D HETF TS ST

4f ZinmathbbR? =& @36 @ sIEHrmm fow (937 I9 Tg pz(2) Joifoe | @36 o3 @ Toy wifer f-az sy afn X =
f(Z) @3 Z = f~1(X) =0, OR T8IRFe] $(F 3% o S

px(z) = pz(f1(z))cdotleft|detle ft( fracpartial f ~*(x)partialzright)right|

st e siedl T e weRyel S¥IwRe:

log p_X(x) =log p_Z(fM-1}(x)) &#8211; log left| det J_f(fA {-1}(x)) right|
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&t #ifae 3 ﬁ'(.?l'(?ﬂ%ﬁﬂw Shakil I\ﬁSAKIL uMé\H.M D * RESEARﬁ\r}I MON&?RAPH

A J ;20 S <515 |

L. SHICHITRIN st @ Froifere cereg

@&fB AR dtimesd FGEER feffm (Determinant) @& FAC0 O(d®) T T, T &% o1 I T TR | G2 Giiverol
B T3t axF SFEFDIA Cofd Fce = Wa Snicae @b Grarsgera wifgey | Gz wiifces Fefine @et o ey e
SAMITSTAR SoTFE T (O(d)) |

2050 A f& @R T=FTl TBIRT F&- RealNVP | ORI 3950 32 Sltal Ol FEa—F 9liE aoiiiafos @2 ok eod fofe Fia
SR IO (HER @ FIACHAI (DG eI T | @ et St WiGefs Feferaerca Grasgers 2a @1 fefies fefy sreys sme
T |

. o Faelefer ¢Fl (CNF)

BIIF TRYF AN T (MG (36 GF T IR~ TNwcet (ODE) Tl 271 | i foraa Soiommy wrgais waw e awee
SHIIREACTR (G (Trace) TS 27, T (W @ TER FIRE 24 TO/F |

'
STECH*I: STZH, *NEeT (2026) | "TANEEr (3 @ Tl [EIT (L GHE — b FHATH @ o TERA" | & Tk @ Rrarearsam og, 46 S0/
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a=IfG-feofes twe @ Ty 201 (B eTF — @FoersN Nf# =
CATS (T IR
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PART 14 - DEEP BLUE VS GARRY KASPAROV (1997) Shakil Mahmud Editorial « Al-101

The Silicon Grandmaster: Deep Blue, Custom VLS| Minimax & The 200-Million-Move Horizon

IBM Research: Hsu Feng-hsiung, Murray Campbell & Garry Kasparov (May 1997)

IBM Deep Blue Architecture vs Alpha-Beta Pruning Tree

IBM RS/6000 SP ARCHITECTURE (MAY 1997)

30-Node RS/6000 SP (120 MHz P2SC Processors)

On-chip move generation & position evaluation hardware

200,000,000 Positions Evaluated Per Second

Search Depth: 6 to 8 moves normal, up to 20 moves tactically 5
Game 6 (May 11, 1997): Kasparov resigns after 19 moves

a=max(a,v), B =min(8,v), Branching Factor Pruning: O(b%) - O(b*?)

foq v8: W3RN T 37 8b-oft BIEN [SgeTa57art3 71dt 55 93¢ FITHIST 950G SIS CTHE 20 (FIfE AIBIAT @lerpl- 1951 (NIET 5716 |

et FTSH1 NCoe ARBHHLH SFOIT AT I TWIRTS! v-9 FreiiF (Normalize) FCe 145 =27 | g WS-8t W@ =917 @3
FHRATT 1o TN A SR | 3 (@ 2 et e (rogidv @ife-ffes wteet (Energy-Based Models - EBM)
G2 FORIFICR =6 S I | Ol 90 SRR @A & T Eiheta(z) TRG@fTe FE—E@RIT 6T @ Ifemsre
TGS 218 QI SoresF (Attractor Basin) SIREN (< R WA SATGSTE T GIfSr q1&1= SN = |

S. [@FoeTIN-fA [T @ o= e

a5 ANIfET TR ACATE TgRTS! (Nefifde =7 @rvern sRwae 7l:

piheta(z) = fracexp(—E,heta(x))Z(theta), quadZ (theta) = intexp(— E,heta(tildex))dtildex

Q4 =] Z (theta)-F &1 = AfG*19 HIg== (Partition Function) | 3% @ @2 3fBare e avea were gt v @l
TERTS] SARNCAT G5 (e SR TG AT E(x_2) &#8211; E(x_1) @12 ICE |

%. 2f&He 7w s crar IR

- 35 oTa0ed (AfSTrt 27 Tt affrse afdrra g Siorei @9 ewife =
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&t @ife 8 ftateTo=q og

. M *R M
shakil MR UG e s TER TSI GPEAH

nabla_theta mathcal{L} = mathbb{E} {x sim p_{text{data}}}[nabla_theta E_theta(x)] &#8211; mathbb{E}_{tilde{x}
sim p_theta}[nabla_theta E_theta(tilde{x})]

o IHf&oe cre: AW ToiTed IM@TATS @IS JM S TS FC A UM o I |
o (FUATDS (TGN T I15© 1 G TASEACS 1S I 0 7ol (ol I |

©. FCEGfew MiEe @ FGITve vzt

@b CrreE T Rats Mg anfiants (Langevin MCMC) et 341 =1 | 257 Swifvs aw5156w wrzerrers (CD-k) I
(TB| (AT WS (537 W FCF TG 4F I FEAS 0o IS T 0O FACS AN |

8. Y 29ifFes (B STF © FITTFasa ATl

$5bs AT T 2ol fSe Fifeme 2ol (hemia (I derEel f5e W@ Capproz0.14d | 2050 A F6© 8 ZoifErs 933
2020 FIE AT QAT Q1S FrafEm exd Foa:

E(z) = —textlse(betaX T x) 4+ fracl2z’«

G2 GG SR WEF WSS G 2EAl alertrer = Xedottextsoftmaz(betaX T x)— SYRE FRTFINIGE (TR
HCHTAT 292 ANgehs! Wfe zofems (heanda e drermwel aesita~*rife 3 o @em Capproz29/?, T e & @
AR ST 9316 Sy sweaificaibe crmfa @ ifér oo |

FIZCHA: ST, AT (2026) | "9fG-[6fGF FweT @ @pefas 291w (W5 GHIE — (B (R (U< (G (WA | S5 FIfz @ [rsrenham ©g, 4 58|
https://shakilmahmud.com/bn/deep-learning-architectures-part-14-energy-based-models-modern-hopfield-networks-attractor-memory-
bn/
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&1 frSdieT (1683 (GNN) — (e “ifSie @ Sraanceaala-
AT A

I (NG (B3TIF (GNN) — (NOTST A7 3 QLTI (TN SNt
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PART 15 « IMAGENET & THE ALEXNET TIPPING POINT (2012) Shakil Mahmud Editorial « Al-101

The GPU Tipping Point: Fei-Fei Li's ImageNet, AlexNet & The Deep Learning Explosion

Fei-Fei Li (ImageNet, 2009), Alex Krizhevsky, llya Sutskever & Geoffrey Hinton (2012)

The 2012 ImageNet Revolution: The Triad of Modern Deep Learning

1. BIG DATA (IMAGENET) 3. ALGORITHM (ALEXNET)

Fei-Fei Li et al. (2009) NVIDIA G

14,000,000+ Labeled Images 2 x 3GB GTX 580 GPUs ReLU (No Vani:
21,800+ WordNet Synsets Custom CUDA GEMM kernels Dropout 0.5 (Pre

Top-5 Error : 26.2% — 15.3%, ReLU: max(0,x), Dropout:p = 0.5

f6a da: 2002 7 I S M [{THITY: (P8 (P2 [e17 SNSTAL (GHIOTE, 5428 MGV 972 QTR [Re] 3 FAANEE |

foarrs for anfiik 3SfaFehy fatesn ez afsFe: g =e Pranes ofE fas, o wfs a1 Gt =@ oS @ | T8 agfes ¢ e
TICSR BRI Bol@ RETHOI T ARIRIE &0, Celifbe o157, e (hexh aaz Grisiet fNiew e Zesifn et Grofemse are
mathcalG = (mathcalV ,mathcal E) R s | & Se4ie (e (GNN) a3 sfvafie =i f6o i emifde s
IARANSCH*I TgeTrel (Permutation Equivariance) 932 AR (NCoTer 2H1f5: (Message Passing) SersfRmcsd Si5e |

5. AT TSR @ St SFaesifaTsT

ST (AOSTAR (@0 HME Tl 30CH U 1 | (IOSENS @RIl ARG WGw P e o7 ie sacee aiced sefze
157 AR AN | T (AIS-(eTres (efS*MiE P-Equivariant 2te =3 f(PAPT, PX) = Pf(A,X)|

L. CIeaTer AAifsie RSae b en< (MPNN)

2059 FITE SH ST TS &l WIfFEFAE A LG SO N Ag T 7 foais &iest [ioes:

1. ey cofe: afefb afSt@M @I winmathcal N (v) (IE (OIS m,, CofF F1 1

2. CNCTET QT aieae (Aggregation ): afSENTHE (OTOYTAIS &SN TN (sum, textmean, maz) NN (N T |
3. (IS WIDATTB: (TS 2K AR N TGl (et fNICe ey (24 h, (Neffaer Fr |
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esearch ap

©. SN SfFOFOIATIR

e GCN (7T 8 erafi, 2059): TH6-WER TG Facelere« H*) = sigma(tildeD '/ *tilde AtildeD /2 H*:DW) |
* GAT (SfeTtaifen, 205b): efstaiione wwmyg M sfemie Gers-ames-== 8o alpha,, &9 |
e GIN (% © 52 TEI, 2058): MBI SRIITaCe! 3 S« SfFHF6R |

8. STASHCHRAA-ETTI (1-WL) (536 8 &F Tl A

2055 JE (P @ G3R FREHRRIR W& &I FCE (TR (N7 AN GNN-F7 7 550] TR - GIREAPLAT-(TZH
(1-WL) Q% SE0mstRees (595 g5l SN<g | S-SiigSds syesizms @ 7ft o8 ares wieml 6o 9Altd =l (5 G5 b-(Iees e
TN 55 0-Ied fagen), @I S55eé GNN-8 SITig 73 FACS 91T 1 | G2 SRas] Slets WHAE So-Grk JM-alF (W5 ST
TG T |

FIZCHHI: Y, =T (2026) | "8 ST F5GHE (GNN) — (07er 2570 8 GraRsienzaa-(zwyies " | [&9 & @ frarens ©g, 4a 5¢ |
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PART 16 + ALPHAGO & DEEP REINFORCEMENT LEARNING Shakil Mahmud Editorial « Al-101

AlphaGo, Move 37, Value Networks & The Conquest of Go (2016)

Google id Silver et al. (Seoul, March 2016)

AlphaGo's Monte Carlo Tree Search (MCTS) Dual-Network Architecture

GO BOARD: GAME 2, MOVE 37

@ “Not a human move." Policy Network p_a(als): Value Network v_8(s):
an Hui, 29 Reduces search BREADTH by proposing top plausible mové  Reduces search DEPTH by predicting win probability from state

Deep search prove
move was decisiv

Tabula Rasa: Mastered 3,000 years of Go knowledge in 72 hours without human games

1
0O(s,a) = m

Sv(s:), P(als) x N(s,a)/*, Move 37 Probability < 0.0001

o7 S&: @reTaena ST 3 Siie] (NI bifere Wb et 18 3716 972 ISP BIeT 04 (Move 37) 9T FHATHIT w5131

208 HAICET NPT IR, (T S, BITH (B G2 (B (SRAHISE & T Oina 3fO=oTTe 21w “Geometric Deep
Learning: Grids, Groups, Graphs, Geodesics, and Gauges”| (Ffeisl $I3H QI (AT LT Ol esef FCE:
S97a7, AT, FRTEaE @92 GaTa @i iR sikEe T 9wt T9e dfens ast @ wnififos seifiesater
(Symmetry & Invariance) S&w(d 2 #ifeif® | e emiam oo @3z (IeEa (mathbbS?) 2R CHRI AN @

(oIS BT AT NG rifNfo f&of wnifak g famfas gof srgarel (SO(3)) efowl T |

s. gnififes foor afSzcae <iiefo fofe

A ea wfFasn @it Mg ceieNace efsssy e v

1. f&% (Grids): 35fFem o @ FHes afesisy implies HQTa |

2. &% (Groups): RIS 5 implies eF9-2F2SSIRCTD T4 |

3. &t (Graphs): ST ARG &f$HNg implies foramaT |

4. fretsis (Geodesics): i smfvcrtes Wi we 12g implies WINTRS (T |

5. ¢o1%T (Gauges): SHITHISa BRI (FRfSHb @GN T implies (T-2PISTICID (ST |
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shakil MR A s SSFET A OROGEERH

L. CFREI Fceifess © famfas gofq et SO(3)

ey KRGl J1 TR $ATE UM (AR SRS (mathbbS?) | CNERRR TS (e A (N AT KPS FH | (T
Frofiie gof afaTy abst o0el Coomiiel LTI asot SO(3) | Bl (FItan Swifie copfleye iamas samifd coles ote
FACOIEH 75w 0 fawifass gofta g srgetrel 75 S |

©. FACNTNE SR @ SReria oG

COTETCRR @9 FACSICH S AR AN FAGET e FIT© 2 CHEAFE A (V;™) | POH-ST Soioivy Sl
CCHIC! TR FIRHFCE AT N [Toe 61 T | goftag Q- 93 Sq5ete 829777 -G (Wigner D-matrices,
B oSl T, T BRI (O e FCeIees s WEd T |

8. et el @ =iz aros

Giive (2o OTer NCel A I RIS @A (AT M I @F@GED HEsT ACF 7 | Core-2peosifaearsd Havam Fam
S SHAGLAICS (G it (eTfe-bfeer a1 (Levi-Civita connection) eTi? T, T B (FIESG =R
CATRTYfACS] ARRISTE YN8 NS WEH2I5E 79+ Wit @ et Ay |

1

LG SH, *NeT (2026) | "G S5t &1 @ CHplaiet amay — corer ewls @ fawifas go sgeirel” | o1 & @ fAeetech v og, 4@ sv |
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PART 17 « "ATTENTION IS ALL YOU NEED" & TRANSFORMERS Shakil Mahmud Editorial « Al-101

The Transformer Hegemony: Scaled Dot-Product Attention, The Death of Recurrence & GPT Genesis

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan Gomez, tukasz Kaiser, lllia Polosukhin (2017)

The Scaled Dot-Product Multi-Head Attention Engine (2017)

Scaled Dot-Product Attention Mechanism

Query Q Key K

Time complexity: O(N) sequential steps. Gradients vanish across
. hundreds of tokens; cannot saturate GPU parallelism.
Scale 1//d_k

Fully parallel GEMM operations: Training scales to trillion-token corpora.

KT
Attention(Q,K, V) = softmax(Q—Z) V, MultiHead(Q, K, V) = Concat(head,, ..., head;,)W?°
Vi

foq va: GITEaNIT QGG FeTS To-(SHSIF V-2 (Tere-QIBAI, I AP 1T 57 T 3(S) BRET ST FIst~ S

foarrs ERIGTE (e o exifke 20 FowE T, [T B@a W& M hyy = by + f(he) | 2050 9 (7 07 @32 (ofos
YOG Sofefa FCE (T @2 @PIgRIE wRwaefs e aaft wiikfm S S FRBAced (ODE) SR fosiferbiarema g |
TR AS-F7 S (Deltatto0) 2miofer F o1 STHE T ReaeT wiewifa fwicamfraet wfiwast (Neural ODEs)—3 fifzs
VATANE G0 AR (937 AT TSR F(F IR TGSTTD BT RS AT N (WfF 276F O(1) &< WA
I = |

s. iy @6 (At wif<ioay sifeRie aqrm

GG F(H4 9 ARMRE THER ICATTF S FCET ANST T e (SR AR
fracdh(t)dt = f(h(t),t,theta)

@A f 2 (6 A (0 ewS T e afold [imre @1 (937 i@ T3 | 27995 h(0) = = (WF §UI% B T-4 (AR A
@b iifeifes 2t oyl e (IVP):

h(T) = h(0) + inty f(h(t),t, theta)dt
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@97 fofe a AfeRimena «itom 14 fRefiae s |

L. THGGCAD AG(S 8 &FF (N4 IFIFCAATIT

NG FRFCLAATIHAC SfS2 HTSIF TG NI &9 (IS T TS (o1 GRS (olfy o FRCT T | (571 Q3R OF 7 (T
ANETINCTT S50 AT TN TS STz I eSS GHTai=re FRNFasr (o FE:

fracda(t)dt = —a(t)” fracpartial fpartialh(t), quada(t) = fracpartial Lpartialh(t)

HFSIE AR TN TAS ATACE GEOIMCE (T't00) BT FOIE AEHT (ACF 275 o5 F @I A Y *FRIAGHE (afSrs
2R FC | T (FIC| TS SHFTSH (IS SN FAUTS 2 Al WG I S I Giveiz (@F A1 (&, (G Wi 571 O(1) &
I 29 A |

. ST AN CTOIT ST

SIS WZRE @FS I AFIC NI 0! AR FNCIH [ S SIS T ARATAN | Grorssawig 5% 23| (5@
frreerer @fbR wffoes cae Weee 26T aft (BT QUEICCE] AN Kre Forgpeeiid o< sifem e s |
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PART 18 « FOUNDATION MODELS & SCALING LAWS Shakil Mahmud Editorial « Al-101

The Law of Scale: Kaplan, Chinchilla, GPT-3 & Emergent In-Context Intelligence

Jared Kaplan et al. (OpenAl, 2020) & Jordan Hoffmann et al. (Chinchilla, DeepMind 2022)

The Power-Law Frontier of Neural Scaling (Compute, Data & Parameters)

GPT-2 (1.58)
L(C) = (C_c/C)~0.05
w

Chinchilla / IhdA

ay ap

L(N)=<%) » LUD)=(3) , C~6NDFLOPs

f6a Sv: ASTIeT @fere J ST 3 fomBeTt ST T SN 972 S35 0 (@ - FAGLTE [78-315 S~ BITT QG F1T 1

Y A A ACCHABTEANCS FIHTANE AOg FAAS 47 9H{6 NS ey Fze] TRCR: @FHgoe 3vewas (O(N?)) |
IR s NV fawel 206 (TeTe-SHIEa=ItTd (N1 @ 5117 ¥ab blawe Jia o | e a1 A4 (GIFEd GHb I 7 fofbe e
9 WSTY AL A S5 | 2020 A SHERD @ 3R f§ e wi®a S wrel (Mamba) | SURIRS G66-¢o9 ST (SSM)-a3
@97 foDe ¥ WD GrTeasiad SICTd Jfavel v F3 5g T @ (IR 2360 fefvmg O(V) Siberery T =i |

S, SRR GH6-Coo TANwHFe

9B SRR EB5-C=oT (T 9B ZT95 MAF© z(t)-F 90 IS &F h(t)inmathbb RN -aF NI ARG y(t)-@ TS
FCE 9f5 e ANFACNR I=IC5:

K(t) = Ah(t) + Bz(t)

y(t) = Ch(t) + Dz(t)
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o (Gt ST SRS (O(NlogN)): el SR ICTSE AT 6 FREAR FASEE (FFT) N GFICT effersey
S IR |

8. W 932 iAo 566 =91 (S6)

TR AFGTaN NeAetal 295 [ e Fe $9¢ (Time-Invariant) | 5@ W1 sFRINGRSTATE 67 @917 TSN
FE O By = f(x4),Cy = (), Delta; = f(2;) | 9 T WATTGAR O (FCe T (9 @)l Oy Mol Tl K =T |
ferfor2Sa Twoifed SRAM (WfiTS FESTIF-STCEST AN FHIT IBVIRCTE NL5TH 191 H-HRN TWH-SHIETTE (5re T
ST I A |
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PART 19 « THE GENERATIVE EXPLOSION (2022-2025) Shakil Mahmud Editorial « Al-101

The Generative Awakening: RLHF Alignment, Multimodal Latents & System 2 Reasoning

OpenAl (ChatGPT, 01/03), Anthropic (Claude), Google DeepMind (Gemini) & Meta (LLaMA)

The Modern Post-Training & Reasoning Paradigm: System 1 to System 2

Alignment: Pre-training = SFT = RLHF | DPO

<) System 1 (Instantaneous Autoregressive):
Fixed compute per token. Fails on complex multi-step theorem proving
and deep software debugging.

Spends variable compute tokens exploring internal reasoning trees,
Pairwise preference optimization penalizing hallucinations & toxicity verifying intermediate claims, and correcting errors before responding.

79 (y1x)
Toref(y1|%)

Lppo(7) = —E [log o (8 log N

63 o8: @IYAF @ANIET 9@ (8T WITITIE9T 3 1343 QUIAIETTTD (A SN 2 (B8 B3 I3t ST Tt

FATSRETS AR (e (BT (THIIE IS I (T AIT SO (G Weol (A2 (7eq A | g @Ribw, e o a
Free e axel (@I (o Ted A F; (1A AR we fe-afsfan e grea s frate =) ot fagmcsisiers
#ifSe (DRL) @eTssicad A6t siisaess fSof fNeaiet (TBeTa A T& I TN AR 295 (AF e WHAerF e
Coft B |

S. e S Tt @ (@eTshia FRwaet

9T AR WS e & (MDP) R wewifie 41 =11 {66 @@ it fafsisie s affowiiat s @ ¢o6-
SIIFHICR SIS FeBNA Q* (5, a) e =0

Q7*(s, a) = mathcal{R}(s, a) + gamma mathbb{E}left[ max {a&#8217;} Q *(s&#8217;, a&#8217;) right]

%. [ao16 SMbta “coele gre” @ ot fFe-hens (DQN)

o S B SAHT N FO-AMR SATS (o1 Foais Sommia Reregae e 906 T0F (ol 57w (Deadly Triad) Iti—
HI FRFTI, IHomHIrR @32 TH-Sifaly @ifk | 205¢ A wae fTormze 3o goreFal oo N @3 [y afstay a@
fg<sre DQN Cof 3
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PART 20 + THE AGI HORIZON & FUTURE HISTORY Shakil Mahmud Editorial « Al-101

The Superintelligence Frontier: Compute Geopolitics, Silicon Consciousness & The AGI Horizon

Nick Bostrom, Stuart Russell, llya Sutskever, Demis Hassabis & The Global AGI Frontier (2026+)

The Planetary Horizon: Cognitive Capability vs Alignment Boundary

1. Physical Compu
EUV lithography, HB! ks, gigawatt datacenter clusters
HUMMA SCIENTIST / ENGINEER PARITY|

Ensuring systems far smarter than humanity remain reliably safe & corrigible

Autonomous biology, material discovery & the future history of mind

lim Imachine() 3> Ibiologicat,  Superalignment: arg mﬂiﬂD(«"‘Ta' H)
-t
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Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press, Cambridge, MA.
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Kingma, D. P., & Welling, M. (2013). Auto-Encoding Variational Bayes. arXiv:1312.6114 [stat.ML].

Bronstein, M. M., Bruna, J., Cohen, T., & Velickovi¢, P. (2021). Geometric Deep Learning: Grids, Groups, Graphs, Geodesics, and
Gauges. arXiv:2104.13478 [cs.LG].

Gu, A., & Dao, T. (2023). Mamba: Linear-Time Sequence Modeling with Selective State Spaces. arXiv:2312.00752 [cs.LG].

shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 46 of 47



fost e o Rutreree1 o shatl MERIR NS SR RSB H

@23 AfFfofs

=TI “Afaidie

SHAKIL MAHMUD

NP, (T 3 LG QI

et =W GFG TR @S, (F14F 8 TFH SR A A | OF @il Selced w7 2l vifgss smiealw, sifces 2oz,
Y TS, TG e @3 FH-F1Es arifae oies | fofi afte mffass ¢ (Felf e 4= 1o ¢ Jefes
I SoFFIoM FACS g FCEH | I < Bler 2G| TR SF 91 2(twell (o1l shakilmahmud.com & |

COLOPHON
Typeset in EB Garamond (English) and Kohinoor Bangla / Noto Serif Bengali (Bengali).
Mathematical typesetting generated with Donald Knuth's TeX algorithms and KaTeX.
Published digitally as a monolithic research monograph by Shakil Mahmud Editorial Series.
Dhaka & Singapore ¢« 2026 * https://shakilmahmud.com

shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 47 of 47


https://shakilmahmud.com/

