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1. TransformerZ&#: HEiA

TransformerZ2 # Mk iR
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1. TransformerZ&#: HEiA

Transformerf2H A%

Transformer&—Ff 3T 2k BE R VLI AL ML, T2 BHT
KIESHEAEME ., Transformerifid HITAIBMINFS, 7R T 1%
ZERNNAMILSTMAR R i) Fr BNk B a] R, 5 )i ] T b G P 31

Transformerti B {4 00 B =N 2 B30 0 2H i -

- 23 BFEHE (Multi-head Attention): 7 Sl #tf N\ 741 h
1] 5 18] Z A [ % &5

- AR AZMLEE (Feedforward Networks): X4/ M7 & ) # ik
iTt— D A3

- BY3—1t (Layer Normalization): FRiEH=7)IZk 1158 € M.
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1. TransformerZ&#: HEiA

Next token |0|"Ig thanks for all
t i
G ) 1
L@Qg;ﬁgg ‘Dg? hg"s logits T h an
Head \\ l;l rj Su/
" *\ /' * i )

Stacked
Transformer
Blocks

Input (1)) 7 7 : {a))
Encoding /_4|+§_\ /_EL\ /_I%_\ IE ) E

1
Input tokens So long and thanks for

I3V MY  The architecture of a (left-to-right) transformer, showing how each input token
get encoded, passed through a set of stacked transtormer blocks, and then a language model
head that predicts the next token.

zjzhang (HZNU) 2025-02-01



1. TransformerZE 4 iR

2. Transformerf T{EHTE

- MIANSE#ART: WAFAIES AR Oy ERoR, JRE
AR B S g gmiS . 28 %05 (Positional Encoding) FH T Ab ¥4
N7 H ] T TR S

- ROIBEER: BN ) I — R YHME S ) Transformerdt it AT
WHE, AN EH L LBEREEMRIRMP L. &2,
Transformer )4l H 2 A& 5 2515 5 @Sk, H TR — N FINEER 16

3. Transformerfd{iZE 5K H

- ABBVALE: 5ES BRI N AFE, Transformer MK T
AT — B Z g, R DO TS, KORSE s T IlRReE.

- BARRETRSCEREES: Eid 2k HIER IMLE], Transformerit
BWEAREXR BRI B E ZMRB R R, FldH KRR
PRAR 5 74 AT 55 .
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2. Attention

Attention
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2. Attention

1. R BSTMAFM LT XK

- FERHIRIAF,  dword2vec S ERASTRIERAN, AR R EEER,
APl R AR . B, 17 “chicken” BIRNEZMIFE.
ﬁkﬁﬁa ETHE,]J:TIEP; ﬂﬁ’]ﬁXEﬂthﬂﬁﬂﬁ 55%5'%%, ] “it”
FEANFE )7 DABAA R R, BAREGR T BRSO N2 Wm

- fEH) T “The chicken didn’ t cross the road because it was too
tired.” &1, “it” $81CHIZ “chicken”;

- f£4]T “The chicken didn’ t cross the road because it was too
wide. ” EF" “ » ?E‘{J‘E/JEI “road”

XL U, T BRSO T TR0, R R ARG A 1 A
BATEIS TR

Transformerf AL T H V& LA BOA 75 1 £ TR 3SCHRA
(contextual embeddings). F T~ ICHRARBIASTFER], 115K FRRAN
ACHE A B g, b5 FL R LA TR B RE R, XA BT e A% B8 i 1 3 A
[ — R FEAN R A1) - AN R S
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2. FEAUHBSIAN

- Transformer B FE SIHLHI: Transformerfdi 1 H y3 & JIHLHI R AL
HHANE ) LR SO R . X AL, AR REAE IS G AR A R ST
rH ) H At B AR R R AL A IE 1) B R SRR

- BAEEREN ORI XT8N, Transformerfi U & FE AN [E]HY
Bx EitEiZia 5 bR e S AR FIAR S, R SRR 1R OR
o 75 T A 2 7~ RE 0 5 T =F & AN UER o

columns corresponding to input tokens
o o
g v @
A~ ~ 2] =1
Layer k+1 0w 2 8 8 o & O
< < Rl =] o [ +
5 ¢ v 0o B 5 a [
self-attention distribution
g o
g, i
Layer k O c o g ©
o M T o (] @ o
ESE - ) o < o o 2
B o T o - - Q -~

The self-attention weight distribution « that is part of the computation of the
representation for the word it at layer k+ 1. In computing the representation for if, we attend
differently to the various words at layer k, with darker shades indicating higher self-attention
values. Note that the transformer is attending highly to the columns corresponding to the
tokens chicken and road , a sensible result, since at the point where if occurs, it could plausibly
corefer with the chicken or the road, and hence we’d like the representation for if to draw on
the representation for these earlier words. Figure adapted from Uszkoreit (2017).
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3. BUREEENIE

Attention HL| B EAFFIHEBMIE | ER—PMHNRTEE o
ZAEENIHZAESABARLIME j < i IRER 2 BMBCKFEE:

a; = E Oéijiij
J<i

HABE oy W TALE R E ¢ B “HSME” B “VER T R,
JITH o 83T softmax H—4L, BTRICATN 1. X — WU fo VPR R AR e
BN RSN B AR, DR E R E 1 LR SRR,

Self-Attention
Layer

Information flow in causal self-attention. When processing each input x;, the
model attends to all the inputs up to, and including x;.
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2. Attention

@ MBINERSSY: A EECR A AR

score(z;, ;) = T; - T;

@ YA—UAE: XA j < i 30 softmax

v = softmax (score(z;, zj))

@ SRACKRFA: FEACER LR ICEERAML, 53] o

a; = E ozijmj

J<i
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2. Attention

4. FEHEFEE S5k (Scaled dot-product attention head)

N T BIAANFESM IR EE R E T, ENR Attention 2k
(Attention Head)5I N\ T = BFEHRE WO, WE, WY, MM z; 55t
SNEH (query). B (key). {H (value) [AH:

q; = £E¢WQ, ]{,‘j = zj WK, ’Uj = iL‘j WV

Transformer JBILE NN E o B A=RAEK T HEL 4
M Query. Key A1 Value =€, HE& LT

m Query (&) 84 HTIEETFEIERE I TR AT MR A &, 1EN 8
W7 ut, RS A e NS T AU LhA:, W e SRR LA

m Key (H8) 8. LN CHEALRI TR R E, 1EA “K517 i,
5 Query A/ EMUS AR AR S5y, @i A sl = A E

m Value (fH) $BEEAEHT R w 10E B, &R IBE M
BUSSRAT, AERCYRT TR R RoR .

LA T-Word2Vecki il 4N iE 25 I Bif# 7%, H, target word representationflicontext word representation.
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2. Attention

© HERARILEE -

i+ kj
Vi
IR L V/dy (query/key [ BRI B ) B 1k s ARBLIE K- S0 B2 i 2k B
HEARE -
@ HEIFEHNE:

score(i,j) =

av;; = softmax (score(, j))

® F Skt

head; = Z oy vj, a; = head; we
<t
Horr, WO FT4 Attention Sk H B[] R 4 A5 75 448 5
RIS RN B —3E 5 773k (A single attention head) 15t 2.
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2. Attention

8. Output of self-attention &, @®@Q) [1 xd

7. Reshape to [1 xd] [d, xd]
[1xd]

6. Sum the weighted
value vectors

[ xd,}]

5. Weigh each value vector
A3y

4.Tum into a,  weights via softmax (Cj

3. Divide scalar score by \/dy Jo
2. Compare x3's query with
the keys for x1, x2, and x3

1. Generate

S
key, query, value o 1 N &
= % W

Yy Jdy,

[1xd,) [1xd]

@90 x, @%0 x,

1 xd] [ xd I xd]

Calculating the value of a3, the third element of a sequence using causal (left-
to-right) self-attention.
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2. Attention

4. ZISFE SIS (Multi-head Attention)

AN Attention kAT HE RAHE — Rk 2, NiEsRRIARE
Transformer 34713 FH A 4~k (multi-head):

g = uWo, ki = 5; W, of =Wy, (1< c<A)

qC
Qg = softmax( NG ), head; = Z o v§
i<

a; = [headzl- ©head? @ --- @ head,‘-A] wo

B AEAN R T2 ML 2 SR R 1A, B PE (B RARE,
concatenation) Jf £k AL 45 B 284t o AT LASEINHOE E B SKH0ER
HAES R AR (3R, BHEm.

RN, Transformer 7EREANM B AR RE BN A M S HT BT A AL B
R FEERL R HERAGEE, MEEREAN LR RR, XIEAR
TERFUAEE 5 A8 o BUS SR RO A% O T AE
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2. Attention

Project down to d

Concatenate Outputs

Each head
attends differently
to context

The outputs from each of the heads
thus producing an output of the same size as the input.
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3. Transformer Blocks

Transformer Blocks
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3. Transformer Blocks

REAR S5 5 5 = AL

Transformer Block #& Transformer 22 EARITE BT, HINGELE
BN EFAES BEE . 2R R EEEMNEH S
1B, WS ARt =7 5. §—E I Transformer block 5%
=HEER, EEMTransformer block IS HALE, S0 ESF
B Transformer 2 A 225 & .

5 Z 0 (Residual Stream): Xf&MCE IR E 25
Transformer Block 44" —2& “WRZEM”7, RIS & EEREE ZMER,
PRAUEAS BAEIRZ M 48 g fE s . 3 E2H A

® ZH—4 (LayerNorm)

® %3 HiE® /] (Multi-Head Attention)

® A5 %% (Feed-Forward Network, FFN)

@ 7% %R (Residual Connection)

%L BiEE 12— Transformer Block P H#Z4A 1 .
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3. Transformer Blocks

h; h: . h.
i-1 i Residual i+1
_ - Stream
|-
Feedforward
|
Xj-1 X Xi+1
The architecture of a transformer block_ﬁ

figure shows the prenorm version of the architecture, in which the layer norms happen before
the attention and feedforward layers rather than after.
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3. Transformer Blocks
AR

1. BV3—1k (LayerNorm)
SFRANA R o€ RY MbrifEfl, B RS THARBEA 2 I 45 (1 11 2R 1 g -

1< 1
NZEZ% 0= EZ(%’_M)Q
=1 %

LayerNorm(z) = fyu + 0
o

Hr ~ g A28, HUWKERIERE
2. 23857 (Multi-Head Attention)
MALLZH—NRE ¢, HEREBMABNEITIIEZ LIERE:

#7 = MultiHead Attention (¢}, [t ..., ty])
VO e —BEAT S A B A R AR RO, VRS LR R
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3. Transformer Blocks

3. HIEM4E (FFN)
LAY — R EERRREG, E8E—KZEH— BRI, BAE.
A S H b N R 2 4 4 5 30 -

FEN(#) = (ReLU(t Wi + b1)) Wa + bo
W BSRLERE dy K TBYERE d, DISREIERED), BN B AL
WM Wo R/, (BEAEAE ) Transformer block Z [8] AL B % A AH ] .
4. % E%$E (Residual Connection)
TEE R IMET T 2o, PR 2 7 2 N 5 5 A

t? = tf +
t} = LayerNorm(£}),
t; = FEN(%;),
hi =1+ £
B ZHH h SN I UEFE N[ % d), SEBL T RRIREV P HER 1

zjzhang (HZNU) 2025-02-01



3. Transformer Blocks

;24858 —>Transformer block )5 75 3 b 72 B B FE U F -

t = LayerNorm(z;),
t7 = MultiHead Attention (#, [t,. .., ty]),

t} = LayerNorm(£}),
t; = FEN(t;),
hi =]+t

zjzhang (HZNU) 2025-02-01



3. Transformer Blocks

Mgl & 5 T HES

Prenorm £5#4): Jeld—14k, FitHETE, B Postnorm (SitH 12,
Ja H—A0) B 5 %k
MNBIHICER: 45— B N AL R [N x d] (TR i i
NYERE), AEREREBEEM, BEM 12 2 (GPT-3 small) 214+ /=
(R FEE ) 245
El=YaE
1 o LayerNorm tll
~ ~—
LITPAN Normed
2. — Attention — tf — Add(z;) — tf’

3. — LayerNorm — t} — FFN — #2 — Add(#£) — h;

KR R B e IR B R s A S L, SCRERE e /R B R C
NG EERRBE LS . IRERISCAER .

2025-02-01
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4. FEFEIAT ISR

FEREIAT 5
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4. FEFEIAT ISR

R NAT BN X

Transformer XN B i) HIEE /7 (self-attention) H5A M
3, BRI FRREEF IR N EREFETE—RMEH
TSR, WORIRTHTERER . /NN E R NG e —
A Transformer block ' FITFREITFE, X —/N/rA—MLE NNEE P
HILE N/~ Transformer blocksH () iH B RE, dl i HiBE T — IR FFAT 5E ko

WA N Ny BRI g d (i N H B3 BRNERE ), B BT
AR 21, .. oy EATHES, FIBUERE

X e RM*¢

7 B R B a3 A e (BB
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4. FEFEIAT ISR

BGERIRIRT

1. £m Q, K, Vi
B X B REAMT ) S R FERE WS, 15 26 200 B K query ]
v key[HE . valuell &, 5ATHES A1 BRI B I FF KR -

il

Q=XW¢ K=XWEK v=xWw",

y\:[ij WQ, WK c ]RdXdk‘ WVE Rdxdu’ Q,KG RNXdk7 Ve RNXd“o
2. THEARUE REREHHERD

_ QKT
-V

FEFETRIEQ KT h, WEASTCRIN QRIAT AR KA1 [ B i m B
FmATIITCRE R, Hm N AE S H AR (BT E SEN)K A
BULLEE .

S ERNXN
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4. FEFEIFAT U

qik1 |q1+k2 [q1+k3 |q1-k4

q2:k1 |g2'k2 |q2+k3 |q2-kd

q3-k1 |g3-k2 |q3-k3 | q3-k4

q4'k1 |q4k2 |q4-k3 |qd-ka

N

JJTIER] The N x N QKT matrix showing how it computes all g, - k; comparisons in a
single matrix multiple.

FEAE S RS, RAREER X, (RS M, Bk,

i R A AT TE 5 R CERE R AR R, B, AR R, 2
?EEI\TIJE% (mask)E>k. THESCHL B, R ERIFERE T B =80
HA—colll7], Zidsoftmaxitii, —ocoXfMKIuE (FLH)E N0,

zjzhang (HZNU) SCAAZ YR 2025-02-01



4. FEFEIFAT U

SRR, CRERERE b = BN — ool HERD AP (mask matrix) K
W, PRGN QKTJE, TS5 — ARG MAH -

—00, j>1
M= y J .
0, otherwise

q1+k1| —co0 | —c0 | —oo

g2:k1|gq2'k2| —oo | —co

q3-k1(q3-k2|q3-k3| —oco

q4+k1|g4+-k2 |qd-k3|qd-k4

N

JGTINEX] The N x N QKT matrix showing the g; - k; values, with the upper-triangle por-
tion of the comparisons matrix zeroed out (set to —oe, which the softmax will turn to zero).

2025-02-01
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4. FEFEIFAT U

3. A— LS5 mMAKF

head = softmax <mask <Q\/Idi:>> |74

softmaxff14h Bl —MNERE NN x NEIRLERRE, BT8R S
B H AR RN AR (BUE), 59 R VARTRRAS 3155 oM 15 R8T 1 =R
(FAth A B value I E AN o headI4EFE NN x d,, AT N —AN
4. st

A= head WO, WO e R%*4 4 c RV¥I,

ER DIERE R AOFAT TSNP S 4> Attentionfi HE (R AR R
B (s 7 R gE B softmax i 55

zjzhang (HZNU) 2025-02-01



4. FEFEIFAT

X Q X K X v
Input Q Input K Key Input WV
Que P w Y npul Value
Token 1 w ] Token 1 Token 1 Token 1 Token 1
Input Input Key Input
Query p Value
Token 2 _ | Token2 Token 2 x - Token 2 Token 2 X _|Token2
mput | X = Iy Input Key Input | Value
Token 3 Tt Token 3 Token 3 | Token3 Token 3
Input T Input Key Input |
Query P Value
Token 4 T Token 4 dxd Token 4 Token 4 dxd Token 4
dxd, k v
Nxd Nxdy Nxd Nxdy Nxd Nxd,
[ q K" T . T v A
QK QK" masked
ql X | 2|8 & 2 | = |qi-kl|qi-k2|q1-k3|q1-k4 q1+ki| —o0 | —o0 | —o0 vi at
mask az q2-k1|q2'k2|q2k3|q2k4| | = |q2ki[q2k2| —o0 | —o | X | w2 | = | a2
q3 q3-k1|q3-k2(q3-k3| g3-k4 q3-k1| g g —oo v3 a3
a4 dy x N 4-k1|q4-k2|qd-k3 | qd-k4| q4-K1 |qa-k2 |qd-k3|q v4 a4
L Nxdk NxN i NxN Nxdv Nxdv

Schematic of the attention computation for a single attention head in parallel. The first row shows
the computation of the Q, K, and V matrices. The second row shows the computation of QKT, the masking
(the softmax computation and the normalizing by dimensionality are not shown) and then the weighted sum of
the value vectors to get the final attention vectors.




4. FEFEIAT ISR

ZRIERIRIHTE

RNk =1, .. AEELL/%,ﬁﬁhmdeRWd«Hﬁi
%ﬁfﬂ%ﬁﬁ%pmmﬁe - @ head 4| € RV¥(Adv) - F e USR5 R b
WO e RAd)xd, H3 & 2 S35 7 Sk

—xw?, K =xwK. vi— xw"

o oK"Y
head; = SelfAttention( ", K*, V') = softmax %4
( : ( Vi

MultiHeadAttention(X) = (head; @ heads - - - @& head 4) W°

zjzhang (HZNU) SCAAZ YR 2025-02-01



4. FEFEIAT ISR

# /™ Transformer Block fF4THE

PN X e RV<4, T —)2 Transformer Block HifE A

® T, = LayerNorm(X)

@ Ty = MultiHead(T1)

@ T3="T+X

@ T, = LayerNorm(T3)

® T5 = FFN(T})

©® H= Ts+ T3, Hrf He RV HIAREHH, mENT—EHA.
LayerNorm M EFFN AT HU/E H FH NAERER R —1T, BIREANANIE

zjzhang (HZNU) 2025-02-01



4. FEFEIAT ISR

HATAI S

n SFIAES: — AR R %L S Softmax, 74
KIE GPU/TPU W4T &ML EE /7

m GRIZMEE: BT R B U R

w AR WFAIKE NIEECT. BT REEERKMN LN CHE
CI 35 A [ AT A3 5

n TREMEMM: BRTERIITTHEEREN O(N?), (HIHFATHFE
B EC T SEBRPAT IS E], I 0T 45 A K B D RO i A0 25 AR gk —
AR

zjzhang (HZNU) 2025-02-01



5. TransformerfJ%ii N : tokenitk N+ B #k A\

TransformerffJ%i N\ : tokenttk N+47 & H#R A

zjzhang (HZNU) 'e i 2025-02-01



5. TransformerfJ%ii N : tokenitk N+ B #k A\

Transformer FI#] 46 % N 56 5

X c RNXd

H R 32 1) S AH N ;- Token #k A\ 5 Position #X A .
1. Token #R A\
RN RE

E e RIVIxd
TR token MIMERER, HA | V] NIFERKD, d A
AT, BRI AFE:
® One-hot F’3E: 5 i /) token #%1 one-hot [/ & ¢; € RIXIVI,
HitHe, B € R4 R token HIHRA A& -
@ ES|YIF: R¥ztoken id R 5| EIXI AT, E[[rows|,:], RRZEM .
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5. TransformerfJ%ii N : tokenitk N+ B #k A\

5 V| 5 d
1 [000010. 0000 x E = 1C—/3

VI

3TN ANl Selecting the embedding vector for word V5 by multiplying the embedding
matrix E with a one-hot vector with a 1 in index 5.

d
VI d
0000l1Jo0...0000]
0000000000} —
Loooooo.. 0000 X E -
N
N [0oooipo._oo000

VI

13T AP)  Selecting the embedding matrix for the input sequence of token ids W by mul-
tiplying a one-hot matrix corresponding to W by the embedding matrix E.

zjzhang (HZNU) X 2025-02-01



5. TransformerfJ%ii N : tokenitk N+ B #k A\

2. Position iz \
BT E#XN (Absolute Position Embedding): FEHL¥]JIHIL—A
A7 B R NFE R

Epos c RNX d’
HHAEE 04T Eposld] MBFHIFE ¢ MIE . IR, &S b
ZH— A7
BASERZERN (Sinusoidal Embedding) : AMEHIZ:, HEAFE
PR IEZ . RIZRBS AL B R G B 4 4E7308], AT BAEEKE.
ML E RN (Relative Position Embedding): T E KT &,
FLAEAETE B v S G 9 3] 2 () AR A B, T AR — IR P IR S\ B o

zjzhang (HZNU) 2025-02-01



5. TransformerfJ%ii N : tokenitk N+ B #k A\

3. LHEE BN GERE
BNUEESE: NTFHIFE i 4 token, HEBLHNFEN

v = Elid(w)] + Epos] € R™?
BEFY: BITH o THS, 55

44l

x= |7 e r¥xd

IN

VENIGEEFTAE Transformer Block (HEE J1%5) M4 —%iN .

zjzhang (HZNU)
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5. TransformerffJ%i A\ :

token R A\ -+ B HRA

Transformer Block

X = Composite g
Embeddings
(word + position)

¢ @

Word &
Embeddings |2 :
Position '
Embeddings

Janet will back the bill
13T AR] A simple way to model position: add an embedding of the absolute position to

()
G

the token embedding to produce a new embedding of the same dimensionality.

HILIX R CENCIRN + LB BT, Transformer BEAE{REF
B> token [HI1E LRI, HH fﬁﬂ*Eﬁéﬁﬁjﬁﬁi’ﬂiﬁfnu&]\
VIMGRN, NS EFEEIEMEE &7 R BN SRR

zjzhang (HZNU)
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6. 1 & MR A A

@ i SR A
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6. 1 & MR A A

[EEgcr PNV VASK(IE

Transformer 5ER% b RN G, @EFHFAERTmMA LT THT T
— AN R —1E F @Sk (language modeling head), PASEZELH [A]1)H
(causal) i 5 @BALES

ENLL: AT HINE Transformer Block 2 F, X4 NFH &G
— token (HZE ND B AR pk 47403 .

ER: B4EREN (1 x d] BO%arHE e B ISR DR ot 1] 2 Hh A A 1] B T 43
£ (logits), P4 softmax H—4, HEIT—HE N+ 1 iES10.

BZ. 15 HAAR EREIE A . 45 E B R 3GRERIR oL,
ey R L 5 SERE e — MR . XM RE (AR
F AR BE G N T A VAL S5 SRR T SRR AR, AT A B o 4 1]
TER AR A0

zjzhang (HZNU) 2025-02-01



6. 1 & MR A A

T B R L 20 5 R

1. Z143#%5% (Unembedding / Logits i+ &)
MIN: R R N AMIBRE L e R, BEgmE. @HEId
£ Ue R™IVI, JRFK “unembedding” HEF%.
HE:
w=hkU e R>M
Hof w= (u,. .., uy) ARERFEENERAR T4 H (ogits)

2. (NEHE (Weight Tying)

N TV SO RN R, BEREHRE U F SR FE
FEe R‘VIXd %%%ﬁ

U=E"

Bl NI B E B one-hot 1] [r] S WSS 2] embedding == [1], fr i BB
BT Bt H e W B R AR

zjzhang (HZNU) 2025-02-01



3. Softmax /3—1t
4 logits 8 u 48 softmax ¥ NMER 34 :

14
y = softmax(u) € RIXM,Zykzl

4. E SRS

TEHERE (generation) PTEX, TX]%N‘E y AT TR0 (greedy) BURFE
Mg, ERUAIR RG] kAR —A token wyy1. BN E LR E T,
SEIRE (B 1 I GR AE RSO ‘LEJerLﬁ/\tokenB’J%&ﬁifﬁh"mﬁk%MJ\o

Word probabilities 1 V|

Language Model Head
takes hy and outputs a
distribution over vocabulary V

Softmax over vocabulary V

Logits 1x|V|

cen (UM
o - Unembedding layer dx V]
N U=F"

The language modeling head: the circuit at the top of a transformer that maps from the output

embeddmg for token N from the last transformer layer () to a probability distribution over words in the
vocabulary V.
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A transformer language model (decoder-only). stacking transformer blocks

and mapping from an input token w; to to a predicted next token wi1.
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THE END
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