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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=2x3=6

Algorithmic Truth Evaluation:

Is Man an Animal? 6 mod 2 == 0 = TRUE (Calculated mechanically)

Characters € £, M :F(Z*) - {0,1}, Calculemus!
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Tl Sy sifameasfae Rras ©g (Statistical Learning Theory) 72 wiffacs ikt e Sibwizcem, STERme]
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TQIRTS| 367 mathcal D-43 NKSTN (GO (&G (2, y)inmathcal X timesmathcal Y (o FE:

(z,y)simmathcal D(z,y) = mathcal D(x)mathcal D(ymidz)

aFoE RrRlT ST @3 TNiaS BRGRE*M mathcal D-C8 R eteifEsa AT 11 @7 2AfR—CE T matheal D ((F T8 €
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fRrCTe pere @7 2ol s G5 R hinmathcal H ot (79 <41 1 &g eropiffte §fs a1 § i (True Expected
Risk) R FE:

R(h) - mathbbE(z,y)simmathcalD [L(h(l‘), y)] = intmathcalXtimesmathcalYL(h(m)a y); dmathcalD(w, y)
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Rieztemp(h; S) = fraclnsum L(h(z;),y:)
FRAT TN SICE 72 2RI hathsinmatheal H- ST 61 220 1 @8 T 918 F9CF AE FC:
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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}

o 1

A

READ / WRITE HEAD
ransition: 8(q, s) > (q!, s', D)

If H(D, (D)) says "Halts" = D loops forever; if H says "Loops" = D halts = Formal Contradiction.

(M, w) @ Hpg <> Undecidable, Lggg(M) = ~M((M))

foay: 38/Awniler Biae (AT [S37e (65 @ISBEBIT 972 A2 SN QINTIRIOT SNIABIT} SIS NH I |

55b8 A FHICOIA [AGel=| ifel SHTaT 9o FVFIR SIRTNo@ & T T Flaw Jfawe oifge fofe grom Fwafee: “4
Theory of the Learnable”| SSifells Rratag S5 SMMSTEE Ry @ JfHne, figRe-ye stfafes FIsmg e o,
17 7w fotafst <= (PAC Learning — Probably Approximately Correct) | &XSJII1 NCo| F#14e (e Frye-ays-ad
3 FIIR @ T (A AT T wfoerel wa gaer Jfe Reer siftere =3

s. Frafd-a w=fq: &= “Probably” @32 (& “Approximately”?

I A FRre elfae gft seifs A sroy ugs:

1. Sirgifass geTel (epsilon — Approximately Correct): (t2g (G (U5 20 TN IWIOR IF F& T, S8 TG
(OB *fowle Figerel (R(h) = 0) 7T 1 sififoFea evss | sy @< a3 Foxel e 21t @ o) g 936 Fu
STl epsilon &gt; 0-43 WK AFCR:

R(h)leepsilon
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2. 8% AQyel (1 &#8211; delta — Probably): (5 (SHITIG Ssimmathcal D™ THOIE WRoJ21e 27 | SIfGFOITE TN
GG TERAI ACF (T MR9Y2S TRt 5w [e@ifewa et | o @Rl fifss 31 @ frem 253 285 T8RA deltain (0, 1)-93
W YA, F2ffe, TFeTod AWRTe] 203 Awe 1 &#8211; delta:

mathbb{P}_{S sim mathcal{D}*n}R(h_S) le epsilon) ge 1 &#8211; delta

%. Prafs Rrascasire ssiE el

a6 A6 FIT mathcal C-& HaAF-Ria=caey <= 2@ I @ 956 =Sy=efTws mathcal A UF T @I @ 3964
mathcal D &3% (IR FifeFs Geel epsilon @ AT 1 &#8211; delta-a3 Tr=is:

n WHEE GFR T S @t T @ G0 VAR hinmathcal H T 0o 9tF 1 w@e 1 &#8211; delta fFreosrem
epsilon-a3 T gl em*{q FL:

mathbb{P}_{S sim mathcal{D}*n}left[ R(h) le epsilon right] ge 1 &#8211; delta

FRCHT @Gl *6 FeT—a2 AN TSR T 3245 n = m(epsilon, delta) a3 IFGIENCE 1/epsilon, 1/delta 932
IR d-97 AfAFTRIE 9297 200 21 |

. A FIRCATAAT oIt T+ Tibetel (Sample Complexity)

&3l T FRCARIST 9T matheal H SN @R @7 SoAME 72| [mathcal H | | (YOS OX7 G515 ZRCARI it I9 ST ge
w1 @ (R(h) &gt; epsilon), @ (G2 (OB TGN &7 Il G S (Riepremp (h) = 0) |

O <RI AT @6 M TEE FIFOIE T FAR TSR A 1 &#8211; epsilon | JeAR #7517 n & Fi&=
FYART OIS geT | I A< R0l

mathbb{P}R_{text{emp}}(h) = 0 mid R(h) &gt; epsilon) le (1 &#8211; epsilon)”n le er{-nepsilon}
QY 0T FeT 19 R0 @sie BofaEw q18S (Union Bound) &9 F<el o13;

mathbb{P}left(exists h in mathcal{H} : R_{text{emp}}(h) = 0 text{ @32 } R(h) &gt; epsilonright) le |mathcal{H}|
eM-nepsilon}

Sl 518 R RofCar AWl (I T delta =¥
|mathcal H|e ¥ ledeltaimpliesnge fraclepsilonle ft(In|mathcal H| 4 Infracldeltaright)

@53 =e fResre w3t frafst s Fwea R a1

8. SHITIF HAT stifeifos epsrer

gl *rerag mfRE ST @) SIINE e Tfe—erareas wiskies Tgl SgEH &I 717 (Occam’s Razor)—a2 Jas
TIRFTT AN Ao fofe sira |

TF T, AT V] 45| fNET B In|mathcal H|-93 8917 | ©F ST Iny|mathcal H| T &0 22cofAfSms avcsre
I O AT JToN [0 FL2] (VST <779 onefs A Description Length) | Joare:
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TS| (I [[RGACR i @Il Ta—at 2ifaean Rt @ S5y sfifes =S |

=
STECHHA: N2, T (2026) | A7 B 0 — SHfFRess a5 @megrs, Ty fbare] 933 GHNT T | (VAT &7 @ AT 4 o,

<@ & | https.//shakilmahmud.com/bn/foundations-of-machine-learning-part-02-statistical-learning-theory-pac-learning-bn/

shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 11 of 58



gﬁg%ﬁ% %ﬁ%ﬁ}{ﬁmﬁ%\% SHAKIL MAHMUD © RESEARCH MONOGRAPH
R PR

WO TFel @ fSi TIRTIT*T — FrewIg GiiveTel, (A FILHT 992
LG RIES

N(GeT SN OT 3 [ST TI3NAXI~ — JIGNIRIT SibeTel (12 Brexi~ 932 6ifae S

ST REFIY

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)

CONTROLLER
Target r(t) —
u(t) =K - e(t

Yit+1) = © (T wyx;j(t) — 6;), Feedback: e(r) = r(t) — y(2)
i

foq ©: WP 557 AT T SPTIeT NGV 93¢ FIANb SIANET FZAITABE (IS (W5 Rewyie [N T3

@Ifet Sxifereoa ST fHrafst Sees sifgerela sy 2ere A cifm @ifak Frer 3 wifizs @ag TS 3ot 9T e
mathbbR? CHTHR RRSRCE, SCAG (937 (W | SIAW oFRINGE iz FTeare @Hea | S ZAfR™ eio™ @wa
|mathcal H| = infty, T FAN @@ fraclepsilonln|mathcal H| S5ty Rewpfte =1 wfifes s coo@ a5
eS| PRI T (Tfete sifdelm ®faf ey @z Sl GaTeane SeiRe @ fofe SiRe= og (VC

Dimension Theory) |

S. #5151f92 (Shattering)-ag gl

#d TF mathcal H & &F0 A3 FIRFTE F9 A : mathcal Xto—1, 411 mathcal X CHTE m TRAF W 9B (6
C = z,,dots, z,,-93 @*R mathcal H TGRS TOBTE| (e K597 Cofz A0S ATF © 20l:

mathcalH ¢ = (h(x1), dots, h(zy,)) : hinmathcal Hsubseteq—1, +1™

T =ZCARIOST ST mathcal H @& m A45F RVF TERG A 2™ FOR 4GS 8 Ao (AR (O Fa0S el 2, O Il
= (A mathcal H 2 R (1660 #1514 (Shatter) F@Ce:
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|mathcalH|c| = 2™

I B =I5 T o1 ZE—Cene 88 RS 8o 7o)l Mgl IaR; Qi IR o enififesed aerm
BICO AT |

%. fofS wIte™Itag sigeal

a&f5 2R F11 mathcal H-93 T SIRTRHT (dieprv o) 201 ST T0@TE 97 G150 matheal H *5I51F FACS AR
©Old ARG

dteatve(mathcal H) = mazminmathbbN : existsCsubsetmathcal X, |C| = m, |mathcal H|c| = 2™

wiegel: mathbbRI-cS CafiT 3T
fafass Ot (d = 2) SRR T FARFE= Kaw=1 S h(z) = textsign(wedotz + b) |

o fawias o @I oft SoMEY e 9t T e TGRS e 28 = 8 TAI 9T T4 TS | JOAR dyertvoged |
» @ FCAF Go7my (Radon’s Theorem) SRS, & @&l 86 vt Aerc4l Mea *H6R 71 S8 (9H SR
SRS — (TR RS (I 92 T [T U G0 T Sl Seqw] FICS A1 1) |
RN, d-NGF 0 (AT RARCATTR FOIT TIRCH=T=I+ =l

diearvc (text HyperplanesinmathbbR?) = d + 1

0. ST (TN ADIIT (ATH 297 FATET

CEIRl DI P,y gpeqy (M) AR FE m MRS RYCS TCEATD AR D FOYTE| @& (O FACS 21T | mled,q,yy e 2RE @b
IR et 3@ o Piathearr(m) = 2™ | 5@ 7372 img skl &5 S aifsess @63 (m &gt; d_{text{VC}}), o2 @&
RIS TS O

FETIF-cNIZ o7 (Sauer’s Lemma): 3 d_{text{VC}}(mathcal{H}) = d &It; Infty 2%, ©(3 mged-47 G5:

Pimathearrr (m)lesumd_ binommilele ft(fracemdright)?

a2 @t e 3@ @ oS T wfeaw Far o= TRARHER FFTel 2518 JoIT (27) (WF IS (m?) @ 0T | @3
SHAE STNREO12 AT SCHA WCO| TS YT T (A <G @0 AGFe Tol #1407 145 0 |

8. Ciferss fofe comitaematem™i= qies

STISHIER (A ST FC GFIoAF @ (GATOIANEY WY Ao 451 Fretag Tt wegslef ATT erel Fa:

shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 13 of 58



ﬁgﬁ%% 2%%\9 SHAKIL MAHMUD * RESEARCH MONOGRAPH
N PR @15

R(h)leRteztemp(h) + sqrifrac8dicsveln(2en/diesve) + 8ln(4/delta)n

@3 WA AT @ TG SF WO AN el (G g Ay @ FAfAG comifoa caroreet =@l Reffds =z, w0
mathcalOleft(sqrt fracdizsyonright) TCA I AT | FICHC [FAH RAT AT FOb! SITA| (SHIIEARS FACK ©f 3795
CATHE TR 8 T, I92 NG o i TRTS=HIta 8oq da Fea |

~

‘e

SIZCHA: NIZH, *FT (2026) | "SCGeT T3] 8 ST Gr2esmIe — AN Sfoere], carl FIesT 43¢ =G SN | (i e @ aAfFore e e og,

%@ v | https.;//shakilmahmud.com/bn/foundations-of-machine-learning-part-03-model-capacity-vc-dimension-bn/
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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 etype

Q: "Please write me a sonnet on the subject
SUBJECT B: BIOLOGICAL HUMAN

Objective: Assist Interrogator to prove true human identity

Defense: "I am the human, do not believe the other!"

1
P (Judge identifies C = Machine) ~ o 1(4,B,C)

o 8: @re G177 560 G 0 STNETT G (7 FIZSABIZE BI10T, A1 J13T (BITEIZ SAGATT MY Pl JIGNGT YA B

IR AR QI SIEEE A ST G0 Gl BT WL P (0o T—CTA (6 O T (T WA HSF (ATS
AT =1, T G Gioa (T 7 5N TCCed MeEne 231 235 S FR? &5l sAforesia fee srg @3 SRITAeeE &0 20
r-Sxifacas SISy (Bias-Variance Tradeoff): s<ieitr ¢ fawre o g6 efvedl sfe aar @3t wordy Te
T o a7 S5 Ao TRFa |

S. (Ub| SeoAm @ OfSHraog

&l I AMTE %5 (ORI yinmathbbR 936 SefHze s T f*(z) @R =75-1% [RFE FHrew T epsilon-a3
(11T 7R Cofa:

y = f*(z) + epsilon, quadtext@ATNquadmathbbE[epsilon] = 0, quadtextV ar(epsilon) = sigma?, quadepsilonperpz

QWA R Syersifms @ (3R 6 Ssimmathcal D™ (T 936 TS T*H hat f () (o I | @ARY GH OB S
9B M T, SR A hat f5(x) FIR 96 (14 561F (Random Variable) |

TSI e o foF (G (T06R @91 NCTATGE 1T TN RIS el 2:
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bar f(x) = mathbbEg[hatfs(x)]

L. osifire Ao @ihe stifafes afsema

LRI (BB AT 2~ 2oifrs faare @G (Expected Prediction Error) Reme &1 I=F:
text{EPE}(x_0) = mathbb{E}_{S, epsilon}left[ (v &#8211; hat{f}_S(x_0))"2 right]
wEl y = f*(20) + epsilon IV @32 IFT (9T bar f(zo) 5 @ Rews! = AR
y &#8211; hat{f}_S(x_0) = (f**(x_0) &#8211; bar{f}(x_0)) + (bar{f}(x_0) &#8211; hat{f}_S(x_0)) + epsilon

35f TR @R eresll (Expectation) azel IR 2K, (ARG VG epsilon-a3 G =5 @R @5 § (W 7=9f FIT, ©1F 7
GBI | @ TE =[5 20 TR

text{EPE}(x_0) = underbrace{(f"*(x_0) &#8211; bar{f}x_0))/2} {text{armi} s} +
underbrace{mathbb{E} Sleft[(hat{f}_S(x_0) &#8211; bar{f}(x_O))/\Zright]}_{text{?ﬂﬁtw}} +
underbrace{sigma’2}_{text{so& TCrer}}

©. foxft Somita =ifag=

* MM (textBias): TG ISCNITS FIAOR IR 8 @l | AHAN 7225 fOF (CHIOND WA T S G2 AN
IS £+ (2)-9F NLIHIA TR ZCA| IS | I @R 267 T NCSATD IBISNE 4TS AR 7 (SSafiBe) |

o GRS (textVariance): W8 T GNGT @R ToeAba Twlere! | fox for @GR o6 Mua e Febl
GTEAICNCeTONR Sifafee 25 «ff o sifsel | Snfiea™ @R 26T N NCoas (U6 THOHe QiEd WCol G T (TS
(esERBe) |

o RN TS (sigma?): IV THTeR RGeS RN | AT @A ST AR % sigma?® SR Fee &=l
T Sl 7S 7 |

8. &9 SIS I WY TIRe GTorH

&Rl AR TS Trfberol Fiad AT A

teztSTbeTO uparrowimpliestextITPT downarrow, quadtexrtSy Q@ SMuparrow

T (VD (53 Qe aARFD 2CEfer “U” SRR WCel 91 (¥, TR I KRR 201 HETew Giberel | ©0F 58 S (RHew=
@l T Q@ WS T (G (BB *reerst e 47 F911 ST =fST T (FBRCATETH (2HT21ss), 2 &b frorae e we
FE—EF YT a3 ©Cg I 27 T f¥Tor6 (Double Descent) |

SHIECHHA: SIZH7, T (2026) | "IR-STRES SN — eeyife 97fen @b Reager e semfab: AfsRem" | (vf# e aific @ s fFr4" og, 46

8 | https://shakilmahmud.com/bn/foundations-of-machine-learning-part-04-bias-variance-tradeoff-loss-geometry-bn/

shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 16 of 58



oA AR 8 sifastednifae firdm og

shakil S 15 BEFER A I GPEH

qa-vifqs Sea wPowNate™IN — (St o, We-cafors aag
TS sifefaee
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PART 05 - THE DARTMOUTH WORKSHOP OF 1966 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
Coine ial Intelligence” SNARC Neural Network (1951) Information Theory (1948) Logic Theorist (1956)

Fram Ma:

"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)

foq a: soas SNETT SINIS2L G@IE FOIETT: S WD, WSH [MAIE, o 7177 972 (NS @T-T1ENT IANTDI 2fSST 1

fafaez frerm © A& Tea (TS A (937 e o= e &fsft Fifvme @fm @ik sTxom1 e o afbmRresm A
SR AT | T o1 o9 FIHAD S6el d FAceH (Convex) =W, ©4F FA ¥ (Local Minima), Sea #6938
Rafess Neeg afbeel 8@ T | I2-Nfas Tea Trififers Ftal FAg Jaow N2 (Al %% (IRF Jvow W+ (Global
Minimum), €32 Sesifivee sifes Fefifas =1 sor sififss Fmo

. TG (0 '8 FILHTwF Tifife

a3 G mathcalCsubsetegqmathbbR-& T@sl (Convex) I@ = I (6T @I 76 Rz, yinmathcalC-93
SRANFIG] AIAG LI T4 (THF (TOF AFH -

theta x + (1 &#8211; theta) y in mathcal{C} quad forall theta in [0, 1]

aB BTG f(2) T&a TR I OIF @A (FIAET ACFT ST W) 96 Tee (76 27 | FEHIEARIGRE S ¢Fia @3
o FEA—FRHCAR AR RS WfHwe =1 I F6-21617 (Bera fifen 7501 o1 FACa s S8 s

f(y) ge f(x) + nabla f(x)"T (y &#8211; x)
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%. fsifRiest wjerel @ Gt T

GFERCGH AN TS T ACH (MG O AR FACS T I 3io Tmee [oes 1 23

1. L-feioif¥est sgersl (Lipschitz Smoothness): (afStcta fiaetaa 5o iwRws | 93 TE TR0 @I e a3 (6
[me snEETe A e afea (L) s sies Aes:

f(y) le f(x) + nabla f(x)"T (y &#8211; x) + frac{LH2} |y &#8211; x| 2

2. mu-3§3 FACSIHIG (Strong Convexity): TG (e T@et 7, 378 A FAACF mu el [FE 936 fawre 2foa G
o 3 AAR:

f(y) ge f(x) + nabla f(x)"T (y &#8211; x) + frac{mu {2} |y &#8211; x|"2

Qs efslIel FF @ T AF02 ATy (2RI FRTIN w* |ieg 93 WA 31203 (SRS FUCR 2175 70 21 71 |

©. (TS fETAToa Fea Ja

SHIErS (afSErs BTt afe st A @6 eta T (eaibe (afSmess s wawe =
w_{t+1} = w_t &#8211; eta nabla f(w_t)

afeifes e At it fom sfeq woie sinew Tm:

o AR TG @ et FIRHATH: 6 JI AR FR-FAF mathealO(1/T) TE:
flw_T) &#8211; f(w~*) le frac{L |w_0 &#8211; wA*|A2H2T}
o 3G TACSH @ WA FILHT: TFY IMT A TN eloricey wo sifets (Linear Convergence):

|wW_T &#8211; wA* | A2 le left( frac{kappa &#8211; 1H{kappa + 1} right)M2T} |w_0 &#8211; wA*| A2

8. FfGHIN 779 kappa © AT oife

G G 376w © Fuew WRCSIIF Ao e Ffe* 794 (kappa = L/mu) |
* I kappaapproz], O (FTTeH FOSTA| JEFR 27 G2 (AfSTrD TaME (Frmd M M I, T T911SF 27 (10
N |

* 47 kappaggl, O (FIISH IFORTA 7 A SoigedR HifFre toft 0 | (afSrrs Wy g e 71 iy wices 73
(RIS QTATCIESIE ARG 9ITS (Zig-zagging), TR T Astersifinesd oife Srore &9 =0 I |

&. WR-CATTTS T

TINE Ly QSIS 9 Ofoas-a3 28 A0 Wl TS| (S TCHIERIERe T2 1 @3 J7 AN B5I70 7 AlL-
aftrS (Subgradient) «1FeN:

partial f(x) = {g in mathbb{R}*d : f(y) ge f(x) + gT (y &#8211; x) quad forall y}
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@l Rqre @36 =P e A8 I T 9F O (ofF 20| QAR 9 ([ HR-(AfSTTS g, TP IR -
CafSTarS fTTB mathcal O(1/sqrtT) TR TSI (A4 ST W CARITS TH 2T |

~

[

SIS WFH, NET (2026) | "IZ-TGF GG QBHZGTT — (AfSzTG [Gro75, M-S 977 FoNST NfSea | cHfiT @ @ oAt A
©g, %9 ¢/ https://shakilmahmud.com/bn/foundations-of-machine-learning-part-05-convex-optimization-gradient-descent-
convergence-bn/
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CoIFIoT SfPowate™iN — fifN-350 awnfefe, cueron aag
IS 6© oA (SHE)
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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(4)

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

foq &: BB 17 RSB 5716 18 32 (ST SN STeTOIHL (GPS) AT QST QI3 /5757 @iers iy |

oIt AICRE YA CSHITE (A (&I (I (Oh1 2TTD A, T &S st 971 (SHIese @sid s (afSrrs s w1
FECEAITE aTEa | (IR AR @2 BRI O FACR (ied 21S F: OIS calfetes o (SGD) 9k @7 s
AR | 2T (THITICH IMCE A6 A FED6 TACNCHA] T T Fher FC @GS & FCEACR (T IOH IS HHNBCGHR
I 7Y, IR TooN 7 |

S. COIFITGS (AfRETea Smw

SRR e o755 el AN (TBICACOS G T3 FAICAI:

f(w) = fraclnsum]_, f;(w)

/@ n B 6 T e @IfGTS &fS LIt I GFH (TSB! ATTD ¢, ([CR T G2 (e 193 (afSTars WM Sees Aiss F:

w_{t+1} = w_t &#8211; eta_t nabla f {i_t}w_t)
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oA AR 8 sifastednifae firdm og

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

SRGT @Fgelel [E 2eA—a2 CoFIfos (afStrs @b SwamsTe afSorata (Unbiased Estimator), @2 @3 ool sre
W ST (ST a T:

mathbbE|g;] = nablaf(w;)

TE IFF (THIF 89 fTSa 1T AT WAF e AT | O JREGF (Fq B wiwiead Nf-a55 (Mini-batch) 3572 341 27, =
SRCTE B @5 SN @i |

%. TS CNTTBIN @ (3B a® SHifFACE=IT

e SOSIRIT (AICeT S| FIHAIFIP 95 Fare @ Fee ASR oifs qroite I Aifes (vov8) Fy oW @fe<e ere
(Heavy-Ball Momentum ), = *mif{wsia 9541 @ Stz g1l sifsifas:

v_t=betav_{t-1} + g_t, quad w_{t+1} = w_t &#8211; eta v_t

@R e @Rt e sl s F19ite, e O TPk [REe S afee s o @i @fice Fafie oie [,
it @1 F=ee 3 A |

TR (B (55b0) ATS (o FE (CIHAS FI-SHICTS (NAG) | I8N S (&fSTTB 71 (0o (oI s @ «@fiea
foIc cafSrrs sfiis 71 =2

g_t=nabla f(w_t &#8211; eta beta v_{t-1})

45 Sorerra [RoiFie (ARt 8OIF AITHR (FF FCH, Tl Tee APGTRCEHIT et ©ifgd T A mathealO(1/T?)-a BT
|

©. SRIeIfPoe T QBT SiterT (Adam)

T W@ o afels ot Famalierel foF o8 o1 @b 9 @R @6 TR G F ATIeT S AT 11 2058 A
fErefts fTewl ¥ faft 21 tofs e e (Adam ) SFEsifzms:

1. &3 QIeS (sifeeaet):

m_t =beta_1m_{t-1} + (1 &#8211; beta_1) g_t
2. faSiw TS (c7et/agmel):

v_t=beta_2 v_{t-1} + (1 &#8211; beta_2) g_t"2

3. QA AL (TG m = 08 vy = 0 T uF =, O dANE W Flave@ @b A | @ 5 Fare o =1
=

hat{m}_t = frac{m_tH1 &#8211; beta_1/t}, quad hat{v}_t = frac{v_tH{1 &#8211; beta_2/t}
4. *BIAIAGIF SoTTH:

w_{t+1} = w_t &#8211; frac{eta {sqrt{hat{v}_t} + epsilon} odot hat{m}_t
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wren fefh @Fafebe oF ey Srfaes sl FnfEed Fage FE—a BRINGE Te @R oF «fs sy om, @R
fore Fmifbe Hiermsa @it i eey I o | e e anfefeera sifes emfan affbmgers 2ol sye |

~

[

FIZCGH: MIZHH, #NFT (2026) | "CORAPGF FBTZCGIT — NA-I715 7T, (NTTHIN 93¢ QB (NITTH (@) | (A A2 @ A7 A<

©g, %9 | https://shakilmahmud.com/bn/foundations-of-machine-learning-part-06-stochastic-optimization-dynamics-sgd-adam-bn/
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i Koo @ AGIT (afds Nree — Rmiitad aafo9 «ag
QFCATCTN R FHifsifer
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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 Potentiometers

+1 Output

RZ
W1 =W+ 70— P)xi, k< F => Convergence in Finite Steps

foq @ FI1F @ISTFNCINIE S HNTOTAGA [T, (NIGT HEFISNGIT 3&F G2 (WGP ST ST AZAIE |

3R Wrwe =CeTl ARPRYIAE BB g 22w e fSfeass | @y fGo S (heans 32 4t Wi @RS e, TR
@TERAR @2 (TeEIF-STTCRRAN (A &% (Linear Projection) @32 WSRTS| Tgd W& «F Afeogns Nfefes sorf tefd
TR | Reiitgs @fae ofEhegrs sy (LDA) @t (emiteeizere SfNwe Seest (GLM)-a3 STEss Sl
IR B Pl onifNfe @3z sifimeers oafae =3

s. RFiita et fonf&Ehmms: Fte Sigate JAiwaas

550 AE @G F1E FIRATHE GF6 AFPGAA TR JITF 7] R T G5 G0 (2 winmathbbR? 4TS
(RT FACO T T (THI(F ANTOIR ATHAY FH( A G2 FIOW (IR 17 AEH T Q3% 933 AN &ifelt F0oW (o [gfe
(Scatter) S =7 |

73 IO (e NSl gared WG 20 REEN-i wiore wiGe (Sp):
S B=(mu_1 &#8211; mu_2)(mu_1 &#8211; mu_2)AT

I FICH (SO AT ST 20 SRUw-gpisT FII61a BTG (Syy):
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S W =sum_{x in mathcal{C} 1} (x &#8211; mu_1)(x &#8211; mu_1) T + sum_{x in mathcal{C} 2} (x &#8211;
mu_2)(x &#8211; mu_2) T

RFIIE O3 SIS TS TG ANFT e (Rayleigh Quotient):
J(w) = fracw’ Spww” Syw

AT I FCE A R0 O [JEAIRR 9 Tl QR0 Q0T

wA* propto S_WA{-1} (mu_1 &#8211; mu_2)

af5R =l fRFeTtaa Reasre a1 S-S (FISSIRTIea Tve M 43 o10ed T=Reee @ FF o1ew T |

L. (OItaoe I fonfaNeaioe wtes

FIfrerg e g w*im oes:

o (THItaibe FIFFTF (T Gaussian LDA): 9[d Gb GRS P(z,y) FefT 3@ 1 7t 4@ @en = Sow s
SN (FISSIREH Sigma RM#E T fRERET (I 5&, 9 (ol e 5% Reiitaa TRwceR feg 9T w =
Sigmar{-1}mu_1 &#8211; mu_0) |

o fEnf&hiaibe Fifvtema (T Logistic Regression): (S5 Feld (ofd =&l ©f e w11 71 qfScy safy = $i@m
TGRFS! P(ymidz) Mefll SR, T (TOR G917 (T SIS el ST oA 1 |

. QFCATTIRS il ¢ fGasas (GLM)

9598 e (TBIF G2 STHTRA (LA, FGRoF FIRFFHT A2 HTIT NP COIAeTIReTS felfemia eeel (GLM)-¢3
T GRS I | 9F 15 [SRGRE*E QA== e xfsfem e 7= = 1t o7 w91 =3

p(y; eta) = b(y) expleft( eta’T T(y) &#8211; A(eta) right)

QU eta A TWHRE FRINGE 93 A(eta) T TA-AMTHT FIoT | A(eta)-a7 22w (Siivete = REREIE 1% (
mathbbE|y]) 93z faer (sfrebe 2a shifeas |

foramaN-a a6 Jes T g(mu) (IRF S-S eta = wT2-93 A TG AF T& FE:

eta = g(mu)if fmu = g *(w'x)

fefme Rease ot sRcefol wiem, @fEos fras aft SemcTre/afas Fiem, @32 F8T Wee At &9 T | 98 9T
TR &ifelb MO AT T FIFeE Ted (Strictly Concave) T, T HCe HSO-A e FHRvee Jo
AN (NQITS AT |

G SIZ7, <N (2026) | "T9RF [Rerers @ el (Al NTSe — RFEs 9afSq @33 QEeoNc=mi=1z1e Fie” | e afac @ siorefame A

©@, ¥ 4/ https.//shakilmahmud.com/bn/foundations-of-machine-learning-part-07-linear-discriminants-glms-exponential-families-
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
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
. N FIRST Al WINTER: 1974 - 1980
No single line can separate (0,1),(1,0) from (0,0),(1,1)

XOR(x1,%2) = (x1 Vx2) A (x; Ax;) => Linearly Inseparable

foa v 1% 3 WG INIA© 9BF3QIT (XOR) [Tl SNCTIEIGIRA 932 S Q0 ST #7125 =eT [R0i1G 1o S217 a@i3 o)

gfo 9JF FIOR TR T Sl AT QT THAN AL FIAEIR NS (FHG NN SFOIT FICES? THF @SOS AL @
TRAER YT (9, Ol ARTHR (B FTACHI Y FIRIFIR 5T ARTS—CA IS ACHGT (T2 NCGAG T IO | 5550-GF W&
A S, @RS @RI 932 (&I FET HCT W TG (3 (R (SVM): &5 S SrifNfess SO 11 528 FIOR
WRIRCE 79 1 W (Margin) ST FF S@e SPoNIZCeHITa MH5Cs gses e [fee 561 |

s. enifafes wifeeaa gaen

&3l TS (G (OO (24, ;) @RFIE [OIe, @A yiin—1, +11 96 22T WG 28 wedotz + b = 0 7R | I
(TSB! T (AT O3 RBACACTS 17 2O(F6Ie g =CeTl:

gamma; = fracy;(wedotz; + b)|w|

FRCETT FICRF (TH] ATTD (ACF IR 7792 2@ Suiffes & (gamma) | S5 @sw @ 22smeem dowaw a1 @3

TN IEQE A B
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maz, pymin; fracy; (wedotz; + b)|w|

FARE Bz SR TR FRF [V O y;(wedotz; + b) = 1 4wd et MR W= WS fracl|w| | Joar Niem
SRS 11 W 20 fracl2|w|*- SR 31|

2. AIBNI S@e (TGOS AN

QY (AFE (O T GG AN-GF To1 SRS TS BILA:
minwybfracu\w\zquadtewtﬁ :quady; (wedotz; + b)gelquadforalli

a3 FNEeba Nfifes Ciwe S % FIMD FoORER Ted 12 SYTE AR | [NSaIe (ST Nol ATs (It
(I G519t Tl TG ATTD ACF A—aF G52 AT (IR TN ACE T oo Fefa T 717 |

©. FIfGTT TR @ @FHI0 W

TG TN T STy S| TING @oF alpha,;gel TS FCR T ANFAC FoNET FH:

mathcal{L}(w, b, alpha) = frac{1 {2} |w |22 &#8211; sum_{i=1}"n alpha_i left[ y_i(w cdot x_i + b) &#8211; 1
right]

e (SRrefbe W 4@ MR w = sum! jalphay;x; €2 sumalpha;y; = 01 QT FwafGe efSFem T steT ™
RS Gt WFBAIRTEHI A3

max_alpha sum_{i=1}*n alpha_i &#8211; frac{1H{2} sum_{i,j} alpha_i alpha_jy_ iy_j(x_icdot x_j) quad
text{*r¢:} quad alpha_i ge 0, quad sum alpha_iy_i=0

T e, QI NAFACT (TH] ATTOSTE| (e HRIER O (AT (z;cdotr;) ROTI ToifFe a1 *~Sits Fca {Gra
o ol

8. ™I CCE e eSI<: ATAID (S31
BIE-F-51I (KKT) FHRACTHI ST =18f5 2ee:
alpha_ileft[ y_i(w cdot x_i + b) &#8211; 1 right] =0

o~

a7 9T “TSIT TifNfes wreorf arae:

o (I (B! 2D WS 130 [RI9I7 S=g= S0 (y_i(w cdot X_i + b) &gt; 1), SItid & alpha; = 0 TS LS |
o (IR (TN ATTD S NG SR W= IR (9 (wedotz; + b) = 1), SIH @2 alpha_i &gt; 0 2 2T |

@3 SR RTEs I =7 ACSAIG (589 (Support Vectors) | (a9 w = sumalphay;z;, 12 79 Frare @2 s
F(E (A G2 TG FEF ACATS (SFCR @] IIfF 7 (TH1 (7 (FeArere TR e sifsafes 2 = |

shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 26 of 58



oA e 8 Qﬁﬂswmﬂw Shakil QS%%WM&H-MHD . RESEARwI MONO?RAPH

¢. W0 WG @ IS cofaraas

I (TO PRI ST ARFCS A | I S5 WIF (SRR 2 ge0 @R (IS *FRINGR C T 791 27, T G HAFACe Fiof (71
O I/ FA0HCS: 0lealpha;leC | NG @3 S5 sNfafod mor SR & 73 WIS 4T ACAD (99 (R (o161 [eg=
R AR SRR Sz Areng MR |

ot

SIZCG: SIZF, <NET (2026) | " e e — FToG (oF A, (@Splo ASA G2 ATAG (THT" | (A e 8 AT A2 O, 4@ b |

https://shakilmahmud.com/bn/foundations-of-machine-learning-part-08-geometry-of-margin-support-vector-machines-bn/

shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 27 of 58



gﬁg%ﬁ% %ﬁ%ﬁ}{ﬁmﬁ%\% SHAKIL MAHMUD © RESEARCH MONOGRAPH
R PR

fAcaNfSe e Fite R oo — SIs{icag SotoNwy 992 STRIN-wifaqe
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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)

KNOWLEDGE BASE GLOBAL WORKING MEMORY

stics o ing Pat acts

RULE 035: Backward Chaining (Goal-Driven) Fact: Patient_Age = 54
IF: Gram stain is negative AND -

Hypothesize Diagnosis - Query Evidence
Morphology is rod AND Aerobic.

Fact: Culture_Site = Blood
Certainty Factor Calculus

Jonas [CF: 0.8] &) - MD(h, &)
+ Ampicillin d CF2(1-CE) Fact: Fever = True

IFE, AE,--- AE;THENH [CF =MB— MD]

6@ »: Frirarrer aEToIG BT T5: NeTer @57 T, JIFITG G2/ STPNIST SHGT 472 SNGLAIG TIFI BT

R MR TAR AN Reyars! Twes 218 I TNt eI @ (o To=1ete 5aweld I-¢af<F (Non-linear) | farsfs
S e 3995 (ShE q2oRl Al fareififes e N BH WAk CHT ST Fa—g ©f AMDTE3 SR [JTgFees
(Curse of Dimensionality) &SIt &1 AR | S5 I @R, ST G SoAfAE $505 A &1 sifersian et Ivitaz @
g Torsimy oreaiie T W& @ Bt 1§ (The Kernel Trick): @01 ZHIE 21991 | I3 IAN-NG Ze:ib
e S G ST SETTeg @ SIRAISTS GFieT |

5. O% WA FATST 8 oA oI

fexifas o JeFRe RS QFh (SO Tl T4 T, A (@Al FFET2 A Saml T2 So7ed | v 1M wi@l @i Tieem
Phi : mathbbR*tomathbbR® 5381 IR (CHITH fawifqs Ot geet oif:

Phi(z) = left(z3,, sqrt2z1x2,, zoright)”

oq fawifass Feft fawfas cotT b ST 7% I ZARTAE Afere 20 @R (61 T5yof aRFen [Rerens 23 a9 |

5@ 290 (SO TR I 28 d = 1000 93 Sl fSfa-¢ I2oAiTe (0o 512, $F Tga CITd Wial Aol
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Shakill\ﬁgﬂ%u * Research onograpﬁ|

dim(mathcal H) = binom1000 + 55approzbtextGieTaa B~
S R#MET (939 (RS 41 Jl 511 T I FHSHICIR Gl SIEA |
L. T [[S: T TH (RATTITER T,

GG AN-OF T EHNRCSHT FAFN T 71 o755 F21 T

max_alpha sum_{i=1}*n alpha_i &#8211; frac{1 {2} sum_{i,j=1}*n alpha_i alpha_j y_i y_j langle Phi(x_i),
Phi(x_j) rangle

T R 707 20l SN FLCAR Phi(z)-97 FNHSTE SeTmiog vk F6 71 | 2w frea efd sfavfae ==

@ gio [I9F (SorRd 2R (reld q ©6 (AfSF langlePhi(z), Phi(z)rangle-a3 NN | I SINH @57 9316 H2GT HIR*IA
K(z,z) tofd 400 Al TN & 3795 o012 @2 T (2SI N 22 (F I O

K(z,z) = langlePhi(z), Phi(z)ranglemathcarr

S ST AR b Hiers MG CH0s 9l (eTi &tare (13!

T F2R SR K (2, 2) = (272 + ¢)P-97 CFL@ ¥ d-NIG R 93 Tb (2O Face: e Giam sam Rewmb
CoHTTR SFeTee] ofhes] TR |

0. IR Sotolivs @ W 9259@s (RKHS)
(I IS Y DI 200 A? 97 O6F (M S0 A NH1cad Toroiws (Mercer’s Theorem):
SIATCaT Soroiy: GBio SlfSITV SRR e K (2, 2) (9T O¥/72 Qb (94 3717 (QITIE FIweT 2037 A7 FCRPICA] TN (GF

oG Ty 0@ ntimesn &N NiG®W (Gram Matrix) mathbfK,;; = K(z;,x;) @7 of&ioe Ti-cofbas
(Positive Semi-Definite) 23 (v"mathbf Kvge0) |

97 A FAABCS ©fF S2Coeseg lambda_i &gt; 0 93 SUZCATFIHT psi; (22)-9F ARICIS AN LRI AT F1 S 2
K(z,z) = sumﬁzlnftylambdaipsii(m)psii(z)

8. SIS WAROT FItler: RN W«

oI AT S e S 2 @fEmet @A Siens 1 NS wafas (RBF) Fite:
K {text{RBF}}(X, z) = expleft(-frac{ | x &#8211; z| "2 H{2sigma’2}right)

(bera Fiferer e @9 SRICATARRIRIET SLRITE SReTe A3
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exp(2gammaz’ 2) = 1 + frac2gamma(z” 2)1! + frac(2gamma)?(z”2)?2! 4 dots + frac(2gamma)® (27 2)kk! + dots

g @3 (Gei Fifais w3 o [igs, ©ff Wrias I Joe (bl 93l Srii-wfas Bt oo gie ¢! @7 e
(I Tived, SFIKAF (BB FIBIRACE SO5F TSI 9JF 4 TSI 2 |

~

(

SIZCGH: ST, MNET (2026) | RIS Feaes Revall o057 — S SoA#Ay Q7 QT-F1fG<e Fleet G | i afife @ SAfaore i e og, ¥e

& | https.://shakilmahmud.com/bn/foundations-of-machine-learning-part-09-reproducing-kernel-hilbert-space-mercer-theorem-bn/
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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: 1987 CRASH

Massive parallel inference machines (PIM) urrent Prolog
Dedicated h: tagged architectures

Knowledge-Base Maintenance Bottleneck:

Rules grew contradictory and intractable as domains scaled
Unable to bridge to raw sensory perception or statistical noise

57 billion yen spent; commodity workstations eclipsed parallel Prolog

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

5@ S0: ETANAT BN FSTHT AT (77 SFG 972 Svbr NI o751 (LISP) NI 3 ROIFITS ST IS SRS ST~ |

YFF (T eI AN SRR 95 OF IBIOIF YA 28 (AT TG G Reo1eaa 72gl 2@l @R (pggn)—@@= 500
T @G CFC@ 20,000 FoCa &1 sifqwist | @3 52w SAff¥fore Aa@er vt =t siafore 5w 7usF AN (ofd =0 T (G
S5l e ug St (555 (Tor AraefE 5 71 @3 e ke e 9T =W @@sate™ (Regularization):
TS SFRINGIRE @2 (PRI TR I WETHSAT IS ZIo13 1 G2 gl RAbRSTAE FRfEToNa *Mre 41 |

S. Tepef-fEfifere sTem1 @ coimifeoT AtTa=Tel

feifre e y = Xw + epsilon, @A XinmathbbR™™mesP | 4 p &gt; n, O &N WG X7 X-97 T[F TS n e
A, T OF @I 2o 71 [ioidre G e 71 | opRifbEs sy s [Rewze a1

REARZCCH G TTIF AT F(E NGBS FIRAT G0 (PF6 Omega(w) 93 FCHE *FRIMNGR lambda &gt; 0 19l
IE:

min_w frac{1H{2n} |y &#8211; X w|_2/2 + lambda Omega(w)
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%. L, fqer ceeTaiste™= (Ridge Regression)

e fordMe @R SRISe @EE € @6 SFOR @red IR (oM @8R FEA: Omega(w) = fracl2|w|} =

fralesumw? I

AT TR O <775 40 I [ I Sife J:
hatWiestridge = left(XTX + nlambdalpright)leTy

WiGT T 199 nlambda @7 T 0 FeT ARSI LA 207 T @2 KGR Fvweng 3veb w1 w1 = | o
fterm e 93t affen T NCol Fer I3 T WA (®I5 TFGTAR A= FHE ¥, @ @A BRINGEE FUCR

Sofef W3 HCF Al

©. L; &5t (Lasso) @ ™15 fRevig f{io

5550 e T4 feaf = &R wtaw sl (Lasso — Least Absolute Shrinkage and Selection Operator),
AFRITBIER 2= N (15 FCR A0

min_w frac{1H{2n} |y &#8211; X w|_272 + lambda sum_{j=1}"p |w_j|

TICAR @F [Faad o Fel IR lambda-93 T I (AT afb ST REERSTEAR N F=9ofHCot 275 (w; = 0) FCR
! wrfie, @ @8 T NCTe eiffrwer @32 wEgsiel RFbIe AR B TR A |

8. =564 Enififes Sex

@ Ly %5 Cofi I3 5@ Ly IF AI? 97 T8 [ AN OIid Ao enififers:
o L, {te@ oo1FS (|w3leC): aft a6 opel FeiF el | (FITEHE o1 FIHATTE SHESE TUT 93 F6CF o FF, T
S (A AR TR R o T2, @A SO 2FRINGIER M S5 (wyne0, waned) VT |

o L) TR BRNS (|w|1leC): faxifas otet @t @ofs 2es A vogenar Iager, I 4RI MERMSE ST ACH 8o[
TREA IR | (Y (AF RS 200 A & SIS O ST @8 LRI TCe 4l 4¥ | QF SOHe AFRYS
I SR AR TS5 BIAICED W TRfHC 5 (wy = 0)!

¢. ST (ATSTG @ Two-ca=Taleos

QARG AW TS |w|-93 @I ARe efirebe 13, i il AFoEeH F9Te 28 Aws-catalf@e 9MEsa (Soft-
Thresholding):

hat{w}_j = text{sign}(w_j*text{OLS}}) max(0, |w_jMtext{OLS}}| &#8211; lambda)

(PR SFRIMNGIER T lambda-93 (5T (=5, SiFl WA 275 2T I}; WK IS NGRS lambda e TFHe =701 Swb-
WG (TH! REBIRRE L) ([QERIRCe™ et ers «F Sioifza snfafes smme |
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e

SIZCHAA: MIZH, *FT (2026) | "S5 @ (FSTAANZCG I CTFIT — Q&5 T, G&7% e 32 S-[STeami=i=1eT emfife” | i &ifac @ s mfae
A4 ©g, 2@ so | https.//shakilmahmud.com/bn/foundations-of-machine-learning-part-10-sparsity-regularization-mechanics-lasso-
ridge-bn/
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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: ACT/**X|ON COMPUTATION =

0E _ OE 0z
dw; 3z 0wy

=0x;, 0;=0(z)3 wids
k

57 59: I8 (717 TG IANIN QI TTH: TISTTE QGG AT G2 (527 FBETT SN FF3IIS 977 TAqrATeTor [FH1]

TN A (9F9 (Wi 1 Rrasm sres afifzs afifes o g s e, o1 5= G (Decision Tree) »ffivifers zm
TENE ILEF LK ssb8 AN e (@@wH, oW fFomE, (o6 e e @R 5 OBl SiMd FIoE Siars
“Classification and Regression Trees (CART)™-& S & FISICH QL& 4TF [l SH-NGF oS TF-IKRE ATOCHFAIFI
R(E UG I | G TCA C0F T W9 [T 9 Paie FSC T (&l ARt Jrs HafEa A |

S. SeAiTsii=e oo Aoz epfife

&3 TIF TR 2995 9T mathcal X-&F M FAF SO WHRTE Ry, dots, Ry [oe 41 2@l | @36 Bhmm § oo @3B
forT-evide &< T ROTE:

f(z) = sum?_ c,ymathbbI (zinR,,)
AT FITRAETT GFLE ¢y, A 98 WRTET TGS AT FIOR @0 |

AfNSFOIE d @R M TRLF TSN R Al Yool 77 T4 9 ={o-Fu26 (NP-complete) =71 | ©12 § tofF 20
fafS 31 (el e Az 2GSt |
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oA AR 8 sifastednifae firdm og

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

L. (G wofqael ifsser: @wgior = f&fs

2ifSfB (TS (Tb1 Fob! Rejeye 1 fifdrs o) #ifst Fare SRS T 1(m) I<zs =

1. *5== @=Gf% (Shannon Entropy): 25 ${g3 AEIE (SO AfsTe| 2ifawisr e

Ig(m) = —sumj_pmrlogapmk

NG ZITCE < 2 Swaca#iw (513 (Information Gain) |

2. f&f SwfefE (Gini Impurity — CART): 936 (16 (AF RO O35 SAMM $La [T oite (e [SRgke=m
S (ETEA T © gl ReTR ABIFS:

I[_.G(m) =1 &#8211; sum_{k=1}"K p_{mk} 2

I FICT (9 9F FIOR (B A (Rewz (19), S etz e =75 =311

3. fiet == @ae (MSE): e {Ga ahea it ssifscast oifqsnet e |

. fafe f=afbe Aifs

aifefs «iest sy siet vt SIS Fhet FIB-9ICTT s 2AH I (SHIS T @ W [Foes B

R_L(j, s) = {xmid x_j le s}, quad R_R(j, s) = {x mid x_j &gt; s}
@ F=25f5 o1w 2xforeffs sKifa JT Face I, CifbTEe pors R azel 41 =3

Delta I =I(m) &#8211; left( frac{|D_L|H|D_m|} I(D_L) + frac{ |D_R| {|D_m| } I(D_R) right)

8. euafFn2 © F9o-Twc B &2 (Pruning)

I e 7 e @ oomret o TIesiial Toits UE TowFe = eifSfh ofrer e «3b I (S5l SRR AE (I(m) = 0) | 9]
T (G 977 W5 RS SIRCTS 5NN I AT @3 NCTATS 52 2 |

316 (CART) &3 S| AN FCH GF ST (S QU (I A QLR 916 JR#=Net § 7)) I8 208 (neq T, €2 9 (972w
(AT TETTTIT TA=leT| FBI2 1 @2 (Pruning) 41 2 | &9 Ty I96-SACAHD *1S <24 41 2T:

mathcalC,lpha(T) = sumpintesticaves(r)| Pm| I (m) + alphalteztleaves(T)|

Q41 alpha A G THIET 89T OIS | S-SRt It sy A3 alpha* 167 wca § Q612 T Meges s @

®
FIZCGA: MIZA, =T (2026) | "l G Z0rm=m @ GRIE o151 — Svraesmiy ¢, [ SNoSafG G3¢ erfe” | chf#ay &ifac @ sifoemface

©g, ¥9 55/ https.//shakilmahmud.com/bn/foundations-of-machine-learning-part-11-tree-induction-recursive-partitioning-cart-bn/

shakilmahmud.com « £feY STeFfoTe STeFA « BIFT 3 F157Tefd « 2020 Page 35 of 58



gﬁg%ﬁ% %ﬁ%ﬁ}{ﬁmﬁ%\% SHAKIL MAHMUD © RESEARCH MONOGRAPH
R PR

QNCAFE &R @ ST [qe*w — Foogster enifatem=, eefd
T 972 TSN T

GNOTES e~ 3 OIS [N — JEEIS QIfATIA, 3313 IITT 3¢ AN P8

ST MREFIY

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)

i

C1: 6 Maps (28x28) €3:16 Maps (10x10)

¥ =0z wd ., +bY), Weight Sharing: O(K?) < O(N?)

mni+mj+n
m n

foq 5% 17 @TSIAT @TAB- @ (LeNet-5) FATSHASHNIT FHITIE: (€T1B1eT [A0T6G [Roeg; 38~ CIRHI 93¢ STIIAN=5Here FARIATT

i e asrreTel @ae (INF 91fe Tors e 28 O @b NAeS gerel o vaw fFeel | (G oThe SNy @5 (@bl
AT TS e Yo 2057 Prais e (T, IR T Fod sief si=foa FISTN STEHARD (TS | 555b @R 200 A W
siferefim fere @3 ofimanfac ee =& e FE@ @3 HereiFs @ Wy wofeie s | o wiiksr S Ioagse
wpifacs== (Bagging) @3k oW wa6 (Random Forest)— wene Gigend (ool Rramee oR¥@ sescy =i
SsteTsifam |

. QFCHTEA 9IS Syifecast f[eager

#9 TF AWM IR B TGS Aeml (&fSqq a0y, TMa arosdd Worw S sigma’ @32 OId NH5FIA 2N
@IRET rho | I wINE @i 1% T @FF ARfde @99 bar f = fraclBsumhatf, Co FF, O ©F GI6 ST

ATORT:
text{Var}(bar{f}) = rho sigma”2 + frac{1 &#8211; rho{B} sigma”2

GTCTICES B T4 TR S T (Btoinfy):
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oA e 8 m&wmw Shakil I\ﬁSAKI AHM %SeRaErs_E/F]Rﬁ\rjl no 8?5/&'1

limpioingiytextVar(bar f) = 7'hosigma2

@2 RFAB GTETRE Rr4R I3 T3 eFH FF O

o TRMCER & frac{1 &#8211; rho}{B} sigma2 o1g Il TSR 1451 G SIRCHR 2[5 TNCT =1 17 |

o 3@ NS AR SRS P rhosigma?-a3 N5 TNCS 21t 7! wfie, Agete 1 Hreme Sy 98 73
= (rho = 1), O JAGRB| R (17 FAETS SRS RsIq FIC 1 |

AR e GFCTRE (O e F205 A —NREGTER AR (FIRETH rho- *TTF IR AN 1 |

%. oogset Sifarcei 91 Fifsie (Bagging)

9B GFF (THITB S (ACF 2 FIA 2R (O TS (FIMIF T2 I JFSfel GFaCd Ioogsiol (Bootstrap) #iafs: efSFion
ST (@04 (with replacement) S& (SBITTH (UCF T 7 TRFICIE T (O <1l |

Ao TSRTS! T, JEITFo AT A (BB HTCHA IM AT AR A
lim_{n to infty} left( 1 &#8211; frac{1H{n} right)"n = frac{1He} approx wv.v%
wfie, AfSfG IHTI GTH AR Lo, 2% CHERE (BBl AT €2 AT V. bY% (TH] IITS 2T T | 92 TRIS LA I T ASH-SR-

et (BBl (00B — Out-of-Bag) | 4t 93t werede Syfere m o6 RO Fer I, T WAM (53 (THI BITIR TSR
fgerel fRTorFeIR sifimior 1 18 =7 |

. TN FCA0: (FIHEHT Sred TBREGIF

I ST IS RS VA (TR ©2978 (@ @Y AFS (rhoapproz0.6) | IV (THITS (HFC QFT6 =&
frora At affs g wwEres 72 fRrv ey ot T |

2005 A (@A T A Hfew Taw6 (Random Forest) | 57 s (e v a=iRtm crrae el g FE:

1. &ifsfb P3G e p 1245 RebI = (MR (<l QTSI AR Tl mapprozsqrip TS Revld f[Keav Fel 2T |
2. (I (372 & SHTACHF W& (V2 (o7l 2576 F=iom w11 =1

9F TCE (@A O R 2T TP age! FACo A 71 | effSfb sz 1y =3 for fon fevnga w1 wikeR Fa0e | @7 A
AT IR rho 9F HIFIT 0.9 (AF 0.5¢-(S (TN ACH, G2 FIAH TNES ST NERTOIT JT AT |

8. T(AI0 ARG [[C*T ¢85

TN FAH Fio A= CAFRI8F FCTCE:

o oIy ATIC SO T F: JHITE T Jad IR Btoin fty e TEE6D @b 40 JHE S e =0 7w
TOTE BT S 2% (o FACES N0Ge FLUC| Wofies Givel 2T SORRB B 1l |

o Iifas Sforre: b FRfEre wwEesf RevR *Mies FCo 2IE 93 FEER siRew wa™ F0F e s=fem e
A |
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SIS SIZH, MM (2026) | "GTTET A2 @ SR O — G WA, @Sfd IEE G2 ST FEB | (AT AL @ AR Fr
©@g, ¥ s&/ https://shakilmahmud.com/bn/foundations-of-machine-learning-part-12-variance-reduction-ensembles-random-forests-
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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

Vladimir Vapnik & Alexey Chervonenkis (1995 Support Vector Machines)

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

Input Space X (Linearly Inseparable)

)

Kernel Trick K(x, x') .
argif™= 2/|lwjt~~  Support Vector

min JIWIP st yi00- () +5) 2 1, KGux) = (60,66

foq dv: [RENSE7e Sl faetall CSIOT TG (SFT (NIAA: NIBININ VG 218G~ 978 NA- [N FIAT 1551

Sobb AE NREF IR @2 @Il ST 9T Cifas weifa e grafeem: o= $g 4de sgwmidl (Weak Learners)—
IR @l BOR (B W@ AN OF Ot Fer F0d (text{ Error} &lt; 1/2 &#8211; gamma)—eing & wfRfereed g&
(T FEFS TH-NTR IS NS FAIBT T4 TEI? S0 HNET R[5 =N &AM T (T &), @6 wifgFei ey | o
=7 32 (Boosting) ¥FIR | RISICO (SAN e JPOE T T (afStars oo & o, T SfFE (o]
SR afoeaiine fofe ot |

5. TEIES (AdaBoost) SEsifaws

$55¢ AE IS FFCIST &R T TR (7 T FTeIgss (Adaptive Boosting) | &3 & (ST (A TeT T4 (B! STITHA
T TN @y I 41

1. ©ZBCS TP (TB| 2ITHCHR GG T ACE (D1 (i) = 1/n) |
2. &ifS 41eet @ ve Rfom G h, ot 91 = @R O @Tmg@s G epsilon, 1oF 41 27 |
3. NCEeTha Fgaor 87 fofe T o @it el alpha, e =

alpha_t = frac{1 {2} In left( frac{1 &#8211; epsilon_t{epsilon_t} right)

4. (TN (TH TCTAD GeT FCACR, FIFTO! LT Ty O @og Yoh I 20K AIMGTT (e =W:
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D1 (i)proptoDy(i)exp(—alphasyihi(z:))

PO alS 530 20 e e NS STHI@ (S5 N | TAS GIR *FHARIF & S0 (T (G 939 &ffS «1est g sifers
=T5a e 41 23|

L. SelARFbLCET Rty Wifetas &bl

SHCREGR NME AIH NI OF RN F=OFF AR : (G 937 7 2 ISR @S I A *1o o
Tfefie ATT efffrse (rew 2o, T8 TTHH SRR T =l; AR (53 IFT TS FACS UFS! S55b A AR @ JAGETB
W& &g (Margin Theory) e @3 &g S F02 |

S A (T (G 939 %5 28TBIR (<1F A T | ST ACSRTEACS ASGIIIG AACECH IO (G| ATTBRTAS Pal® (@2 (A
S A ST (F, T A (SOt Spifafes MG qq@et 3 o | @3 3ffs nifem steates e [Reera o @rem

IFH T |

. FIHIET T CafSTars o2

2005 A (@MW fFee 3T @ g Moes g Im: afétrs 362 (Gradient Boosting) | *F=IfGIEE AT
cafSears = few foff simifa weeteR SR o o9 TR (eiibe (alfStars sioml T, T &0 =W fHecel-@fgas

(Pseudo-Residuals):
rim = —left|[fracpartial L(y;, F(z;))partial F(z;)right|r=p,, ,

efs «1est g @aH G (o 21 27 T HASt More @3 WM Yo (Residuals) siFfe™ Mce (581 I& | 93 T (I
GRICEmTRICERe o1 ig=1t (MSE, Logistic, Huber) SIRIC 3561 &Tals 11 78 2 |

8. &S (XGBoost): fgers weag enifsfe

205 A foum (o Sl e aFAS (XGBoost) | fof (waer @aw (afdrrns e, 992 (Gaw Pifceas s
@M 11 fesh 3@l (h; = partial’ L) T& IE:

mathcal Lapprozsumle ft[g; fi(x;) + fracl2h; f(z;)right] + Omega(f;)
93 e 7 &fsfb oo sew eom o3 e ayerefss g e w1 783 =

w; = — fracsumg;sumh; + lambda

&AW (AfSETHe s W3t fFer @RIt I ¥3 TEY GIfGReTsiE “fRee S weed (I aife efstafaer w<ifsw
el &g |
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SIZCH*; NIZH, #NFT (2026) | "SFIRANET =0T J5¢ — STCI5, N IS 93¢ GRS | (N &Fifak 8 AF7<IAE 3w ©g, 4a so |
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PART 14 - DEEP BLUE VS GARRY KASPAROV (1997) Shakil Mahmud Editorial + Al-101

The Silicon Grandmaster: Deep Blue, Custom VLSI 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 G TS —
ame 6 (May 11, : Kasparov resigns after 19 moves.

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

foq 98: @12fT9N &5t 353 8b-of 6 FIEN [GaeTgTats widt 55t 972 FITAISH 9605 IS CTH0S 20 (GG QBT Wlerpl- 1951 NINNIIT 5716 1

TH-NIQF 0T B[] AR TS (N 9T VRS Mo MFoa Jfe T N M5 AT SR @y 367 fefa
FACS 2AN &#8211; 1 TRYFF T S5INGIET etz =7, 1 W9 ¢oft cofiraaees fGfemm =S T/ 1 ssvo-a3 Wi ceIFeital
g sief g3 Fore @fibrem are Refi R TERTel vge idfae T WTER IR TGRTSHEAS alfFwie e
(Probabilistic Graphical Models — PGM) | & SRIAALF SN S FIRTOF T BIoH (I 93 NG|
TEL GG [GRG RO IE O ALTS, BT A AT FACS T = |

s. Ratgve are: e bens

a3 AcafAES oeWSF (Bayesian Network) =& &5 frcae smisfEa are (DAG), (@4 afel (e «fs i e
S g @32 Mo Sirete Sael Mt 63 | @7 TIwfas 396+ Prel-(Te eor fofe i wotTa s (ste I;

P(Xi,dots, Xn) = prodY | P(X;midtext Parents(X;))
T &St @ITed ST & AU ore] A, @ AFRINGR 7451 oI O(2V) (T 9F @ AfemNaa O(Ncdot2k)-co e

I |
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2. gfual ofitefa fS-coraiica=i=1 (D-Separation)

9B &RF (ACF FrONF R @ (BRI A 4R B =R FIA F T? 5o A Gzl oiief e e fE-coaiieg=i= (d-
separation) (e

1. Faie (53 (XtoYtoZ): Y e« U X 8 Z-47 W& o &difze 27| @ V- oA awe Faeer #1095 =ow 97w (
XperpZmidY) |

2. AN FA A T (X leftarrowYtoZ): Y e &F0 (N IR | Y -4 N S| AR X 8 Z ATF WA (AE 790
FIA =0T |

3. FAIRTIF A (Y T (X toY leftarrowZ): aft SRGTT 5IFa | FofE TET X € Z 5790 FIqF (X perpZ ) | f5g 7
OIME (I T V(T ORI T4l 2, O S5l X 8 Z-9F W& W Cofd = (IR SA5eH A Explaining
Away)!

T 56 (T THHF T 212 (FICA T (FICATSR I 11 [ozw A, 0@ ol sAfeifeFera sl mid |

©. WNSACTT & WF© ew Feest (MRF)

FER fo*Tag forme a1 smiReetad [ el (@ (@I GFYA FEFE (713, (T 970 W Ne freow feees
(MRF) | 5595 ed [e5re gsita-THeeé So9mws (Hammersley-Clifford Theorem) el &3 (3 @5 offaibe

OGRS (e 042 QT =S¥ FIFTo| (N beld TN SIS AR [ (Cliques) TERIF @erret 1 157 fefigie=ita
P B TR

P(X) = fraclZprodcpsic(Xc) = fraclZexpleft(—sumcE(Xc)right)
YA Z RO FRIEARTST Al i |

8. ST FI9 @ STFIACHS JLFD

FEE AT AT FI Z oo T 95 #P-complete 53N Tifbet T | T S FORS (BT NS FWRTS| (79 T4
TG 20 AGIE | OF TCAS O (T3 S JTTT G2 NEFS (53 WCB FICaA| (MCMC)-8F NCS| SYF AT AT %0 |

©
SIZCGA: MIZH, *NFT (2026) | "TGRAINT ST NG — AT (VG GTNF, GNATGTE 973 fS-CToAe=" | (N7 il 8 afasre<mifas ey og, 4@

58| https.//shakilmahmud.com/bn/foundations-of-machine-learning-part-14-probabilistic-graphical-models-d-separation-bn/
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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 InageNet, 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 X 680 Krizhev

14,000,000+ Labeled Images 2 x 3GB GTX 580 GPUs ReLU (No Vanishing Gradient)
21,800+ WordNet Synsets Custom CUDA GEMM kernels Dropout 0.5 (Prevents Co-adaptation)

ILSVRC Competition Matrix Multiply Acceleration
tandardized benchmark metr Weeks of training compressed to day Crushed classical SIFT/HOG pipelines

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

ﬁi\i dQ: 08 (e7d gI’H(vQ"Iﬁ?/ 1S5t e [REPITI: (PR (2 1677 IS (&D]3T0, fS&IA3E AIINCETITSN 9T QTSN ?5@ 3 FIAAIEh/

IR (TB) AT I8 GRS I U T FACH T Aot 21 93 1 @ Gy @IeeR weif#e s11-5130 11 (G
TGRS 5 | T4 (THITTE G5 TS 561 Z SAFS AH, T A& ABF 2 FRIFACE HTIHL 891 T Nfms 057 T
—R A A ARFAR0GE FORE ANPINSTEA T AT T AT | 5599 AN WAF (TBE, WA (GTI6 @R
(OIIeE FR 3 FLHCHT SN TG ARG (A: QHCATEAN-SIF NS« (EM) Srstetsifams |

S. TS CefTaTad A3Ffgs WHh

31 T PRI (BB X G3R IS 56 Z | ANET (BB ANSTF Sy AR Z-AF ABeT TS 89 AICHH FACS 2:

ell(theta) = Inp(Xmidtheta) = sumi_,lnleft(sum.,p(x;, zzmidtheta)right)

QIS COfF 2T & A0 SANMCNT (SO AT SRE T F91 HAMI BIFCR Wl KOS 20 AT 1, FCe RO
(I ST ST ([ < T T |
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L. COCACAE SIS @ AfSTeS (e 918 (ELBO)

a3 GibeTel FHITS ARE Z-97 @97 936 vy RGREM ¢(Z) Fg I | MM (oo ¢(Z) Teg @ 8 ot i @2
Fo11famed wee (Concave) FoF @27 (TR So19iWs (Jensen’s Inequality) @ITIo FC of12:

Inp(Xmidtheta)gesumzq(Z)Infracp(X, Zmidtheta)q(Z)equivmathcal L(g, theta)

92 mathcal L(q, theta)-& I 27 AfSTEH (EIINIE IS Al 398 (ELBO) | @fb efsiel I (7 wiwal T amify Soiet Alssfaige
ol FICS | RS T QF 6 F1em feea e 1 e Afowizer Facs i |

©. 3% SIESIAWCTE g5 oS drof

Ba% SN &f FMewHCe! git =T LITsr Fer T F:

1.3-G359 (E-Step — Expectation): I$3= *5RINGR theta? e @Y ¢(2)-& 9IS A TS 397RS A
FIRHIRCT TN Sl (N | @ft qC6 T4 ¢(Z) 5F I8 (ANBRRE p(Zmid X, thetat))-a7 ST = | & W&
A oSSR AN-AIZH RS T Q(theta; theta®) (o IR |

2. a9-G36% (M-Step — Maximization): 9 Q-F*(F *FRINGR theta-93 ACHTF TAH F1 -
theta™"V) = argmaz,hetaQ (theta; theta®)

(RY GJF 9 FAE G ERGRSHR @od TIEH FACR, ©I2 OF (TS (@@ (R AZCOR A AFFINGR (S0 qrel
R |

8. a3y Txfeq snfefes fowel

(GRBRE ofd oW IEH T AW SHEniimN efs  sMrw W ASdleRed  WHbmeeld I FE  (
ell(theta® 1) geell(theta®)) | aft FAC (o= e T 1 @3 Moo a6 @ syfeme b fFa ==

¢. siefim= Seeia wees (GMM)

FIBIRCEE (g AN a-9 345 SHIeTsifzms <aze =

o 3309 afSf (THI TS (& FIBIE TSI SR F© (Responsibility gammaiy,) O (&F F41 |
o ON-(359: 93 TGRA @ fofe T FIBIET TG (FF muy, REF Sigmay, G2 TS piy, R K F41 |

FFIES F2515 BCAGE 29N SpeAaifams wrer @iy sifzmmanfas b amyew (s Fmfa |

<

FIZCET; FZH, MNET (2026) | "TITE (ST NGeT — (G AT G 295 SN | (N Ffe @ A free og, 9@ s¢
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PART 16 + ALPHAGO & DEEP REINFORCEMENT LEARNING Shakil Mahmud Editorial + Al-101

Intuition in Silicon: AlphaGo, Move 37, Value Networks & The Conquest of Go (2016)

Google DeepMind: Demis Hassabis, David Silver et al. (Seoul, March 2016)

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

GO BOARD: GAME 2, MOVE 37

@ “Nota human move." Policy Network p_o(als): Value Network v_8(s):
Reduces search BREADTH by proposing top plausile movg  Reduces search DEPTH by predicting win probability from state

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

0(s,a) = N(#

,a)

Sv(si), P(als) x N(s,a)"’", Move 37 Probability < 0.0001

6T S8 @reTwItsIIa AT 3 Sl (VB3I blfero b It 18 5716 972 HSatf57 bIeT 0a (Move 37) 47 BFHATHIT AT51Z 1

A ARG TgT OB X MR o} wors T p(Z) S 7w @9t @ cononfaas ffRRe=m: p(ZmidX) =
fracp(X, Z)p(X) | &8 2@ Nfeme Ba@ p(X) = intp(X, Z)dZ *1oF 1 B% N@F A0 sNfifeFeng wonef e |

SIS WEFS (534 Wb e (MCMC) ey tir siye»ifeie a1 ztel, g © fom wors fivsifeq | ehfdcmmer svsies
(Variational Inference — VI) 92 58 SHCa*HE 40 FHF SWHEHAZCSH A SIS TR FHONEST FCH OF AL
J2/ 9 e 7 |

5. SN STFICACHS T SIS

e Gibe CATCB TR p(Zmid X )-F 272 o TS A (o1 |l @6 #ififbe, s=zer fRERe=H AR mathcalQ = q(2)
TG B | SR o5 2CE| G2 2ARRIER NG (A A¥ G0 ¢*(Z) oo @F T T Qe ATCHRAER A IR T2
I | I g5 GRS I ARWCHT A 20w FeTsIB-e129e719 Tigerace™ (KL Divergence):

q* (Z) = argminqinmathcalQDtethLleft(q(Z)parallelp(ZmidX)right)

(9 TS Tl fRTEe (R IR ACR Jq AT FC SN 9A18 WY oAfao2sieas 7o [ s w:
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Inp(X) = text ELBO(q) + Diesircr(q(Z)parallelp(ZmidX))

%. 396778 (ELBO) 3% ST (F9a1 i

T e, O3 NI 2B St O S1SI SToy AFH F:

* AR NG &N Inp(X ) TCE g-97 ITATTH Q6 & |

* (XY (P TIZOHCGT FLUCIR AOATSF 20O 2I1TF T (Diertic1.9€0), O12 text ELBO(q) Tl SN AR 1R0CH G5 53R
S (Lower Bound) |

* o4, text ELBO(q)-(F AETH 1 T2 20| TGO (F95 TIROATGHS 2Td SRR fes @i

FRCET I R AA—29eRS 5o FAC (Fel GCars eRIRED p( X, Z) e 28, S8 27 p( X )-93 K| mae 2T 1 |

©. =-fFe5 (Mean-Field) S=is

27 TT=er S99 O NG ARG (T Fe-Fes S @z FR— @I 47 (e T e JFIRe (SRERe Mremd N
TSI TS FCL:

q(Z) = prod}’,q;(Z))

8. (FISTb SHITHD SifacaI=Iet axrita™ (CAVI)

«&f5 M8 SAMI g;-F ST FACo ARPSEAS B AL 9T W9 @l oI T oA1ew T:
q;(Z;)proptoexple ft(mathbbEq left[inp(X, Z)right]right)

At G O OF (SRHERTET 89 @3 AN QTS I YACS ATF ToHe 7 ANAF 39S A% W X | aff
fors STyroIferktaa STl 28 (FIC i GIaet 2ol 790ef FEORINARTS St ST @el oo IS =907 IS |

¢. YT qeE-co e

FRFOITS 2050 AE fGrefi fewl @3g W CrEfer @8 SFiREHE Jaree &9 e (heaFR AR J& Fa ATER I
SHIfCTIe SCBtatESId (VAE) | 5531fbfoae feferr e qrafomm sifires @3 veas @iene (omiabe aeiik [ed sees
@Y pife™ifes |

SIS SZH, N (2026) | "STH QA S ST I — [N7-R78 Fo, (I CIZORISTST G373 247196 | (WA &2 @ AR fas <
©g, ¥ s/ https;//shakilmahmud.com/bn/foundations-of-machine-learning-part-16-approximate-inference-variational-bayes-elbo-
bn/
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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

m Direct O(1) connection between any pair of tokens regardless of distance.

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

K7
Attention(Q,K,V) = softmax(Q—F) V, MultiHead(Q,K, V) = Concat(head,, ..., head,)W°
k

2%

foq sa: GRTPINIT WIRGEEIE FTS So-(SISIF NHeD- @S (7T QUNGAIA, It IO I 57 T 3(S) I ST15t B T

foarrs spRTNGF NCete RN (€37 thetainmathbbRY @36 [N SN M@ W A, T FC T FRL| ntoin fty
RS NG SFHFFTS| ANa A | AT F9-95enge (Bayesian Non-Parametrics) ©@ 93 JNR&e] (808 (77 |
93 YIER FICHCE WiGre FIICH 20 AR T (Gaussian Process — GP)—3 (@It Hfi® (S3taa @i 77, 393 Famvifa
AN WG AR T T matheal F = f : matheal X tomathbbR-43 897 TQRFS| 6 A I |

s. siifafes sgeal wae giaRifaTel

sNfefeFera, aFfh S &t e Wi Fow SHRERER AFh AT, TR TR TAN ST (Y [ 5= @ Ffo
b ASHRI R (Multivariate Gaussian) | @36 @0 f(z) ©F 1% B m(z) 93R GG WK-FHME
(TSI FICHET K(X, X&#8217;) =Rl 7=ef e =

f(x) sim mathcal{ GPHeft( m(x), k(x, x&#8217;) right)

AT FEACACARIS ;O 193 (Kolmogorov Extension Theorem) e & (7 @2 S9N W@k Goimiftoe efesw
NfSFOICT Tl (3% 8 ATNET7I<f |
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L. (FISHITACIH FICHeT 933 Werel

T TR PerS] @ B2 e 27 BTt k(x, x&#8217;)-43 NTH:

* FAE GHUATHAREA (RBF FICHA): kyopygp(r) = sigma}ewpleft(—r2/2ell2right)| 9t SN FARFAFAEEN (
C'n fty) S-S = (ofF I(F |

o IGIN FITHT (Matérn Class): T4 nu = 3/2 1 5/2, TRAITSE VI TS S 8 IRF(SF W@l IBRS WA
TS 5 FEACS AN |

* oge St (Periodic Kernel): R oR{iwe p S QRICS S@HIHIE B Noa FHCS HI7© 2 |

. frde smfafeasie contsoiasa svwtas

WY@ R y = f(z) + epsilon REEA IR @A epsilonsimmathcal N (0, sigma?) | 2R RV X @3 Tg &R
X ,-83 G5 G s GRS =18 Fa1a Siiest @@ g (ofonfaam s i3

mu, = K(X., X)left[ K (X, X) + sigma’Iright] 'y

Sigma_* = K(X_*, X_*) &#8211; K(X_*, X) left[ K(X, X) + sigma_n~2 I right]M-1} K(X, X_*)

@2 TRIFACER FICHC G (R8T 20 @3 Afpxre] 2o (Sigma. ): 2fES (ShR ST Sriftcas Mo =1, < e
GEIIY B SRS T TR Seas| HYoeF A FF |

8. Wif&Iet FMeFees «de ATAHAN SHNBCSHIT

TSR WRARTANGIF e asiaifmye A srafors a9 Nisme AT gs TEwaas 4 o7

log p(y mid X, theta) = -frac{1H2} y"T (K_y)M-1} y &#8211; frac{1 {2} log |K_y| &#8211; frac{n {2 }og(2pi)

941 @8R % — fracl2log| K, | 9% @igfes @FItw Fa (Occam’s Razor) RO e ta 31 wifbet scwscs wasfarela
=1 =T | STEHTEI AT IR FIF-IH APHNIRCe=IT (Bayesian Optimization) afem Fi*I= (5= GP-UCB) J5=IEA
TGN TSN ARl oo 3 |

SIZCH*; NIZH, #NFT (2026) | NS ST @ AN F7- AT ©F — ST NIGIF AT o937 | (A T3 @ AT 347 &g, 4@ 59 |
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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)

L ero-Shot vs Few-Sh
L(C) = (C_c/C)~0.05 o gradien requir
Prompt: Examples (x_i, y_i) = Model infers task dynamically.
%

Test Loss L

Chinchilla Compute-Optimal Correction (2022):
Chinchillaf u\aMA Tokens (D) must scale in equal 1:1 ratio with parameters (N).
708 model trained on 1.4T tokens beats 1758 under-trained model.

ay ap
L(N):(ﬁ") , L(D):(%) , C =~ 6ND FLOPs

foq ov: 81T @lere @ BT 3 forfbet AMIII-aT STNIT 932 [SAHB- © (© 37 FAGHTE 125315 DI A4 |

TGS (BB o] FIST FAIF ST {616 (@A FUS 7 &F Q211115 (Curse of Dimensionality) &5 20X ST5:
W@l dtoin fty e N ARG GHCATATIEIET I 21 93 NS (TH1 2ITTD AT WA (F Ta<e! @ [ifoxy 20 o0w |
O@ JIBI TONSd  (TH WG WO TOCAl WCE A, @6 FHEeS «Fv FE-wfge dw-AEE Te-seEeeee
mathcal M subsetmathbbR*-43 <t6 SRFM @ IF SR W@ d*lld| SEt==ifaG ffee== (Dimensionality
Reduction) @3 w=fifze eifiifs srpe @4 (ThItE A NG w99 S |

S. fifSioNeT S5 SHI=Ie (PCA)

$50% G Fief foraeve Bl (PCA) &< | (@foge (O61 WG XinmathbbRMimesd_qg o Bifsia as= fFg
AT 97 (939 w Y00 (@9 I3 T AP TS SRS A FCE:

maxw;‘w‘:1wTSigmawimpliesSigmaw = lambdaw

FTlalle MG eTITed N (@SSIRES WEH Sigma-93 MY ARSI THIFS ARCOTARER ey Sl R
fofre = | @FI5-3m-FRfE Soreimy TPt Giewese «wfefS (SVD) ST St Jew @bye wrew Ffma s e
|
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L. - corgIe atEfS:: Fite Pifea «3g SRSyl

WINPT T4 - 1 ACE (T F3 (@), ©2 e #if5a 52 271 sosv A IS *Nees Fiteel i
(Kernel PCA) SGRA I3 Tl (THILF SH-NGF SIS AT STFH I F-A I A SoA1#T el F0 |

£000 A BRI 26 Feaw SReArso (Isomap) | @S TS w@rea e AT W feresi 19y (Geodesic
Distance) f&si% 7 @32 FIEE NFo-CRrHAE (&R (MDS) @S I I [wrsE Ao oo e
|

. s wRCs==sior (Laplacian Eigenmaps)

@@ee @32 fFafst (R00v) oG are fRefia e fofe wea e engtssmen tof St | ars axeicm= L = D &#8211;
W SSGIZTGTITA SLFTN BN CF055 T 2/

minytextTr(YT LY )quadtexts.t.quadY ' DY = I

SERREEY Ly = lambda Dv-43 FoeN &GS SRS aSE R ssifceeess aia-Q@E5ii SEbeEd M JamfE
TfES |

8. t-SNE @32 UMAP: SIgf< Fivo1a foggisizrem=

200 T FAES SI TR FTH @R Foretes 25 Sulkw S t-SNE | S5 W@ Rpread vag e RgRe=m firc sermm
Fofrefee 2 e iy A SGresn-B fRGRe=W (Student-t with 1 DOF) 3<=1a a1 =3 | &ft [{wisre @18fS¢ 573077 (Crowding
Problem) 3 3 (V4 FHE SCAGA K |

205 A fTele 331 UMAP SBRA 3w, T Fiorsifa et waz emitam enfifes eom afsf¥e | aft are@ Sifafcme o
(Fuzzy Simplicial Sets) T8 ST t-SNE-9F (57 728 TS FI FCF GR (IS FIGCHIS 591 N eeitg 517w I |

<

SIECHHA: SIZ7, <N (2026) | "SRG FC17 @ S Fif — [#f51a s 285y | (VR eifk @ AR fraT o, 46 st
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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

1. Base Pre-training: Web-scale token prediction (Raw intelligence) System 1 (Instantaneous Autoregressive):
Fixed compute per token. Fails on complex multi-step theorem proving
and deep software debugging.
ised Fine-Tuning (SFT): Instruction & conversation form

Spends variable compute tokens exploring internal reasoning trees,

Pairwise preference optimization penalizing hallucinations & toxicity verifying intermediate claims, and correcting errors before responding.

7o (yi]x)
Tret(V1]x)

709 (yw |x)

Lppo(7s) = —E [log o (B log dlonlE)
Jlref v |

—Blog )|

f5a o»: WA @RI 9@1E (5T QITITIZEAT 3 51343 QIR (21 BIEN-2 (BE-BIEY f[Ferfe ST Tl

FIRORES AlfAR FfeI e (TS (@O mathcal Dy, = (zi,y;)!_,-99 €97 79w | o7 fsenfieem, @rrom
TR 3l JCHZAFACHDCI TS| FLIATANE (@ (TORT (T Y& | STOFS IR 8 FRIACH | oA (@ere Siv! (o]
mathcal Dy @53 2f&Ice Rgs= (uggl) | Af-gongeidere aifaz (SSL) @<t wnifge ife (AL) @R sie aefize
SIS R FE TTow A NG IS I2%° 3 I |

s. GIf-goTeRes Rt foafs cifes fofe

FAREARE (G651 P(X) B1esfb (efSM P(Ymid X )-4 $4F2 T=ITS| FACS AT T S A FISCHINS T9iF A | @fb Foib
fofes wo Mty @t

1. FACTT TGN (Smoothness Assumption): (S5 G 8% Tced AR M g6 R IR A, ©@ ©tE

(RS Ao TJ |
2. FI96I S (Cluster Assumption): FIHRFEFTTF T FU2 T TH0ga FPOIER W& T T F1; S 57071 1]
TorerId W& MCe Sfos 4G4 |

3. ifScess S (Manifold Assumption): @foe (b FF-wfas WRTETET b @a WEF R R 4P AT
ARRS T = |
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L. &I JACNIRE FILHIT @ (TS AATHHIT

2009 A *Mefem ), G T 93R T @Felfs altrd \@s& FFTNIfA Figs (Harmonic Functions) IR0 &5
GifN-sireRers AR e T o | aied [$fetes =ifes (Dirichlet Energy) siaifsiss siffesa siases eem 51 =3

mathcal{E}f) = frac{1H{2} sum_{i,j=1}*n W_{ij} (f(x_i) &#8211; f(x_j) 2 =fATL{f

S

ARDS T RMITAT TARIOCS @Y *Ies FATH FACE ETEARRI [TUF G (FIOTe-T% AN 21 TR

fir = —Lyy Loy

98 AR ermiel IR @ @ft 9T RTHRR TFS GRETR TIgens, (R &lfelb @EEeEn e W= 2@ 9H6 How aFE
A8 it cafre 2ewa sl |

©. W-f$8 @ I-(§e (Co-Training)

555 A GofiN N 93 5N FIve (@I-CGie ee S | M (@Il (Uh 7io I &8s A (@ STERPR GIHb @R
Ffegere ET AR), O 7o NF NCea ffwe My SItid ARP1iE ol N (A@AR2H (Cbl FRGTOE @ 41
S |

8. Tpifge e @ ooy Sgge

0o U T3 &I (73 (I (B61 2G5 (F1(Ie O] AU Oseie, O+ Ol SIfee SAife ICeT | G &K (FIeeTesta] 20e:

o wfe*swrel T (Uncertainty Sampling): =5 @B H(Ymidz) R aX9 Gibel TOBER e Sice
e |

o (@Al 312 TR (Query by Committee): @31 fox Wrute swgcy 2fde e swontrm oy @UE S_eE
R#1, (312 (TB1 235 W=iow 41 |

o fiFeiig ST IfEIRTE™IN: TRINGER afsTel FRiNw Fare R Svwacrm WG® mathcal I (theta) TFHES
=1 |

¥
SIZCH*: NIZHH, #FT (2026) | "CTA-FATCIZETS @ THFC Tl — FG-(ETRT (FIGTCNT ZVFICT=I [Grsrwiy” | (N1 difk 8 S i og, 4a

s& | https://shakilmahmud.com/bn/foundations-of-machine-learning-part-19-semi-supervised-active-learning-information-
geometry-bn/
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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 (2

The Planetary Horizon: Cognitive Capability vs Alignment Boundary

1. Physical Compui
EUV lithography, HBM stacks, gigawatt datacenter clusters

HUMM SCIENTIST / ENGINEER PARITY

Autonomous biology, material discovery & the future history of mind

1im Imachine(f) > Ibiological,  Superalignment: arg m”in D(7p, H*)
t—>r

6@ 20: PG TMLITT IHTGI (AGI) [791F: oI STHFCL 1%, CTRGTIFI SFHEE QDTS 972 ATRQUITISNNBI SN |

gfa e AifRk @3 TSI eI (ST TE @LTE R (Grae @+ Rgerel em=a 3 533, f[Fg siom (oo a3t
TS FSCAIS GeTol FAea AS: @G A A Fosifeirg== (Miscalibration) | @& &9 @ik tea T4 @1
ST (R 5% TG W FCE, A T VLI (M| T OfF 05 28R 2 W@ b0% | FIHE *FIesael, Fre=ifne sife

ARG A W2 PTRITE NCol =HFod (g A6IelR TS 217l 7ol 2o [efeem< | Fwanie (2fEF*= (Conformal
Prediction) 92 SRFCHF N HF—Afb @Al SR RITIR AAW T sifdfere FFve cefS= o6 enim 3 |

s. RornfEtE=w 8 agrotgs wifeica== 99s (ECE)

Qb NCTHAE YOOI WIS 71 22 M OF MRF© AGRFOR WA I [T 2HF TR AN =

mathbbPle ft(hatY = YmidhatP = pright) = p, quadforallpin|0, 1]

2059 (A G ®8 G2 TFNEl (MLF (T WY *felF (@b eaheste afefie sy (Overconfident) | @3 [y sifzsice!
Expected Calibration Error (ECE) J5<%< &4 23
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text{ECE} = sum_{m=1}*M frac{|B_m | {n} left| text{acc}(B_m) &#8211; text{conf}(B_m) right|

L. CAIH-3F I 8 (G™AITABIT F2

TG SRR ARHIIH SFE ([0 TSIRFS] SR T (RIHIASTHR NS LI A
o 276 @2 (Platt Scaling): 5555 A T 256 @ifoas M Af&GHF FoNETS T AR N AGRTS!
SR R |

o SRCICHIfAS fAtaiw (Isotonic Regression): GNITAICHING (G591 FI* RIS NN AF6 T-2FACNGE Fifeca=m
/&S |

o (GBI (FfA2 (Temperature Scaling): 6o S (HSTFR #@ABG AEHABSEE 40 W@ IS FAF T
&gt; 0 e oist T2 =0

hatpy(z) = fracexp(zk(a:)/T)sumf rexp(z;(z)/T)
T T &gt; 1, of1eife F1 @ AfRTS 7 FE2 O AoHe WRIE @ \GOFFAGH &S =T |

©. TN (TG I6-fNqCor® sifafes Fesel

5555 I AMNT TS G2 AEFOTCR SFINN Iawalel celfed== vg wiisx s ab @i v [vg s fFoe
e e @6 (6 C(X)subsetmathcal o I@, T JRRFEE e wae™ ®7 1 &#8211; alpha-a
sifafeern s Feae s F:

mathbb{P}left( Y_{n+1} in C(X_{n+1}) right) ge 1 &#8211; alpha

SRGTT @Egslel (I8 2Ce—a3 foTel I%-Neeer® (Distribution-Free) | (6 (S WG| Tifbel I ABCAS
(I FFF-IH T A2 34 2@ AfS TFIE FREH, T (I (TB| 2O GH5cg7e (Exchangeable) 27 |

8. 36 Srwaalel (AfSiw @ FITo3s IoT

925 TTANET G OTS (OIS (FaL @32 Fifeg= (76 o T4 7
1. lfeta=m o1e effeb R oy @36 F5-Frraiit (#F (Non-Conformity Score) s; = s(z;, y;) % 41 =8 (=
FIfRRI 1 &#8211; hat{P}(Y = y mid x)) |

2. (BRYER AN @EBEA hatg = textQuantile(s,, dots, s,,; fracleeil(n + 1)(1 — alpha)rceiln) 2=l F4
7

3. T R (53 39153 Oy (el o016 ofds =0: O( X, ) = yinmathealY : s(X,,1,y)lehatq |

o ig R Tifeq Tt (536 [RF ciF SR (IR MR AT TEW 70, N e e Mioses 18T emie .

1 &#8211; alpha le mathbb{P}left( Y_{n+1}in C(X_{n+1}) right) le 1 &#8211; alpha + frac{1H{n+1}

Feawie (elfSam agfa Flax Jfamer wiswes 9ot JAE, e ¢ Magerarss ifofss Sy« @ke 3 |
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Vapnik, Vladimir N. (1998). Statistical Learning Theory. Wiley-Interscience, New York.

Hastie, T., Tibshirani, R., & Friedman, J. (2009). The Elements of Statistical Learning: Data Mining, Inference, and Prediction.
Springer Series in Statistics, New York.

Bishop, Christopher M. (2006). Pattern Recognition and Machine Learning. Springer, New York.
Rasmussen, C. E., & Williams, C. K.I. (2006). Gaussian Processes for Machine Learning. MIT Press, Cambridge, MA.

Scholkopf, B., & Smola, A.]. (2002). Learning with Kernels: Support Vector Machines, Regularization, Optimization, and
Beyond. MIT Press, Cambridge, MA.

Vovk, V., Gammerman, A., & Shafer, G. (2005). Algorithmic Learning in a Random World. Springer Science & Business
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