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Introduction

 Introduction
- Z[ neural network= O|E2H AL S HAHLZ TS| /YU,
C

-E39|, L 22| LY architecture= €78 skip connection} layer normalization= B X| 5|0
DFEX|TH O] R AF0| Heto[Lt 2IZ0| S| Ol QUX| S

i LS T

- O| 2 B & £0f| A, skip connection §{0| #l2 HEdT= st5A|Z2 W, = B

-+ o
2| E "M E85t= A0| o= 2

-Residual architecture2| 211E dHst= 4= MY 7 (signal propagation hypothesis)=
HB5H0, DNNO| 23 7hsM(trainability)Ofl CHS O[SHE Hats| & = US

-Residual LY S HO 28 7Isds 292 = U= €Y
7 A E AL 2282 OF7[HN S 24" = Ae /IsdE a2 = 7| W&
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Background

e Transformer blocks

X; = aX; + SMLP(RMSNorm(X;)),
X; = oX;_1 + SMHA(RMSNorm(X;_;))
MHA(X) £ Concat(Attn; (X), ..., Attny, (X)) W¢

- Self-attention

= A(X)V(X), X

vk
- Learnable parameter2 - & linear projection layer2
U= xE key, query, value ‘8-

-Query, key?Zt2| ALHK - QNE
- MLP layers

- Residual branch(NormaIized output of Attention block)0fl &
-2 =0 A=, MLP 50| 8l= attention block0l| =7

- Causal masked attention

Attn(X)
A(X) =

softmax [ M o

QEOK(X)T — (1 - M))

Soll &2 7= K| E valuel| M &

-Focus to perform next-token prediction
-2 03 E2= B2
ﬂ 447 Tl 8k
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Introduction

* Preliminaries
- Location-wise kernel matrix %,
-3, = XXT, (306, j] = X lil - X;[j1, inner product)
- Attention 2i[O| {0 A 2} 2[X[7} CFE X[} HOfLt HEt-E0] [=X& 7S

—
-UZ IO HEE =X E R 24T + AUS.

- Simplified formula for kernel matrices in deep attention-only transformers
_ — L T\ = 1 TyT)\...xxT
A(X) = softmax ( e (XWo) (XWg) ) = softmax ( Jd_kXWQWKX ) XX

-Xiv1 = AXiWy
~%ip1 = X1 X = A X W) AXW)T = A X, XT AT (Let Wy, is otrhogonal initialized)
# I = ADA]

—Kernel matrix2| H3}E £, attention matrix7} L= 7to| ZHAHE oY A =™l
E8 19| M2 & A E MMdst=X| etelst =912
ﬂ AT THSED VDS
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Introduction

« Rank collapse in deep skipless transformers

71 A0 (=™ transformerE 4 A A= [, 2 Ht 2{ 0| 2| kernel matrix/t
rank 1 matrix2 $=2sICH= 28| 7F 10, networkl| 23 754 S X olE

-O| 27|+ attention layer0f M L ASh= 2= 0l 2 7|0 X| B, 2T QI ) weorol
EXHSHA| BOF F7HX| = E &) L8| Moz s ALt

-2 Residual connection

' Layer normalization @
vPre-LN: X;,1 = X; + Residual(LN(X;)) , Post-LN: X;,; = LN(X; + Residual(X;))

Layer 1 Layer 5 Layer 10 Layer 20 Layer 50 Layer 100
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Method

« Constructing trainable deep transformers without shortcuts

- Simplified formula for kernel matrices in deep attention-only transformers
- K| Xt=2 attention matrix A0 CH et 37FX] requirementsE &

1. %41 = 4,2, AT must be well-behaved at each block and avoiding rank collapse and
exploding/vanishing diagonal values

- Rank collapse
vz, 2| rankZt 12 =Eotq, Y= 7te| 2 SE 7t &0 8t50] =7t
;= Signal vanishing/explosion

v, ol 4 S&0] HF HOPX[AHLE AN, 8 SE7t 22 E[AL A=

2. A; must be elementwise non-negatives
v:Softmax 8| A4t A10| 7| 0|, 2= ATt F5=7F OfL| O] OF gt

R 447 Tl 8k
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Method

« Constructing trainable deep transformers without shortcuts
- Identity attention: Value-skipinit

- Attention matrix& identity matrix (¢ = 1,8 = 0) £ 7|25, BXUNMO = o, =
Hot5HH <kl 7HAH

Attn(X) = AV X) - (al + BAX)) - V(X)
- Identity matrix7} &3 7| I Z0f, M=ol YEI} 25| MutE = U=S

-0| et S E8f skip connection 10| transformer blockS T30 SHEAIZ = AUK| 2
AASEA| “skipless” attentionO| 2t = =& SIS

R A%l 3.',‘.1‘.. VDS
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Method

« Constructing trainable deep transformers without shortcuts
Otz o] F=7tX| series©| attention= | Otst
- Signal preserving attention methods
- Uniform Signal Preserving Attentions (U-SPA)
Z1(p) = (1 = p)Ir + p, 117, (p; < pra1)
s AR A7F10| 3, LIHX| fIATEE p < 1.

&0l X+7| XmﬂfQI A E FRISHHAM, 11T 2 Qs 2 /X722 BEE
=75 27

107

| {Z2 01|, rank collapseS Ol &S &= US

A

L=

“:,:IT =
—
(o)

Af

o
ipp <

-Exponential Signal Preserving Attentions (E-SPA)

2:0), ; = exp(=vili = D).
- CZE@lATb 10D, LD K| Rl THZEIA0A HOK|BIA K| $E o2 Za,
2K 2 AHE| S 225t XA 22 Attention & HS0| 7its&
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Method

» Reverse Engineering Self-Attention Layers at Initialization

- MEA £ =2 O{EH Attention matrix 4,2 A& HG|?
- Attention matrix2| H&

A(X) = softmax <\/Ld_k Q(X)K(X)T> — softmax (\/Ld_kQ(X)K(X)T + B)

;- 92 20| attention matrixE H2 2t |, B(bias term)= == SF0| U-SPA, E-SPA2|
IHZ2 =E 7t
-Query & Key initialization

:': Orthogonal Initialization

VW), WixE Orthogonal Matrix (2l HE)2 =7|2t5t0] Q77 HESH ko 2
FLESIHA Mz AF 8K
v Attention Matrix A(X)7t =5 Q1 Zf2 7HX| K| 210 MAESH HEHE F X
;= Zero- Initialization
Wy, WxE 022 £7|35104, B
x1|o1c+ A O]O

= T AT

O

=i

a

N\

.

| 22| 7} &= HEHZ attention TES

ﬂ 447 Tl 8k

SOGANG UNIVERSITY

VDS
11

-
‘D
m



Paper Review

Simplifying transformer blocks (ICLR 2024)
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Introduction

 Introduction

UM =22 Mz Mo 2HE 0| A attention block= &
2O|E & ZEZSLEE attention blockS TSt = B0

-Removing skip connection

-Removing value and projection layers

-Removing MLP sub-block skip connection

-Removing normalization layers

S
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Method

« Removing skip connection
- 7| = =& 0|A, Value-Skiplnit O| 2= 2 S &5 attention matrixE £ 7|2}5t=
S 2 K[ QF (trainable scalars o, B initialized to 1 and O respectively)
Attn(X) = AXV(X) - (al + BAX)) - V(X)
. 0|, 2HM &I BHEH Ol shaped attention O] MOt =0, 2 =22 0| E AFE.
(a, B, v are trainable, and C is a constant (not trained) centering matrix)

Attn(X) = AX)V(X) - (al + BAX) — yC) - V(X)
-al: X &0= 24 E20| X}7| 7W“'Oilﬂl o £ & (attend)St =&
0: o)

~yC: Attention 2/ 2 £ 7|&=2 2 H &3S} = normalization I&

R AT THSED VDS
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Method

« Removing skip connection
- Weight Reparameterization

-Skip connectionZ M Aot E|H, 7| EEC st5S5 £ 71 =2{TICh= =X E 0| X<t

-O| & #Idl, Self-Attention2| 4t X projection weight W,, W& LS4t €0| Lt=

HA
WV = aVWlnlt + BVAWV, WP = amelt + BPAWP
s Wit - 27| projection layer (7|2 2 £ random orthogonal matrixE &
AW ShE bt B2 (274 0), ar 7| 7 A B, gt 7hs et

—

0z

)

I

- Weight Reparameterization2| &7

Wt S random orthogonal matrix2 & &S| H
-AWE Z=7(0f 02 = H7FSIH, sts 7|0 7FO|

-BE & 285t (= 0 (%)) skip connection0| U= AKX EH S2I5
o

ﬂ 41 TH8E D
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Method

« Removing value and projection layers

- Random orthogonal matrix vs Identity Matrix initialization

- 7|2 orthogonal matrix initialization= AFEotA k™, M2 7} T=EA ELE|X| B 22
HEQIOIME o Fs| st 2E7F =2{x £ QS

SBHBE W = i = 2 MRS NSTHH R REE D S R0 RS
WV = aVWlnlt + ﬁVAWV! Wp = apwlnlt + ﬂpAWp

_MHEEA, By = p = 022 MEBIH EU Wy = W, = 12 SAEH, AST} A% o &
R ZEICHs 248 E8), valuet projection layer”} &f 0|4 T Q3}X| oICte 212 o % QIS
S:lBS
10 S — # params 13% Z4 3 A 4HEF 22
T St& 4 E X3} 810] 7| = baselinedt SY3t 52 8|
%120 --- Pre-LN loss
w o e V-Skiplnit loss

0.0 0.2 0.4 0.6 0.8 1.0
Residual weights By, Bp

Figure 3: Restricting updates to WY, W7,
through smaller Sy, 8p, recovers tralnlng
speed in skipless transformers (asa = 0).

R 4% TH 8D VDS
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Method

« Removing MLP sub-block skip connection
- MLP blockO{| A|= skip connection= K| HSIH, 29| 2] ot&55 =7t XSt

- (2 A, OF2 2F Z 0] attentiondt MLP A4S HE X O = X 2[5H0], 2 O skip
connectiong SHHO 2 =0 St5 5T Bl latencyE A A

Xout = Qcomb Xin + Orr MLP(Norm(X,)) + Bsa MHA(Norm(Xj,)),
« Removing normalization layers

« B2t shaped attention2 AHEEHS

»
o

no MLP skip, LReLU slope=0.2
- no MLP skip, LReLU slope=0.8
no MLP skip, RelLU

with MLP skip

W
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wv

e
o

Eval Cross-entropy Loss

5
wn

1.0
0 10K 20K 30K 40K

Training step
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Experiments
 Depth Scaling
Transformerol Z10|E 18->722 2 ESIHA M5 HoE H| W

o =
- K| Qt=l & fbasellne(pre LN) 25, ZI0|X|HAf M50| SFAE| O, H| =3

stE=Mg Rl E ZE 2ol
- 3 Value-Skipinit 222 2 20| 210|7t Z O & =5 g5 =7t AM5tE|
o o
ds dX7HEN K= A= &+ Us
4.0 --¥-- Pre-LN
SAS (§4.2)
.35 ~-m-- SAS-P (§4.3)
8‘ ————— SAS-P, no norm (§4.4)
S HIER S V-Skiplnit (He et al. 2023)
0 . — Depth=18
B S Depth=72
8 T
gy
" a..‘*t‘zn*;:ﬂst;
0 5K 10K 15K 20K
. Training step
Figure 6: Our models improve when deeper
(dashed, marked lines) vs. shallower (solid lines),
unlike V-Skiplnit (He et al., 2023).
ﬂ 447 Tl 8k
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Experiments
« BERT

- 2t 2 3HEl Transformer =% = 0| Autoregressive Decoder-Only 2 & %2t otL| 2},
CiFeh o o] E{ Al uf OF7 | XA = T2 S UK 2
- BERT 3! GLUE benchmarkOf| A ‘452 E7t5t0] H|
-Pretraining &&= H|
FH 2 paseline BERTRF HO| S sl st
(@]
o

= — 6—
A7 OAS x1|71 r 2 (Value) X & B (Projection) 75X & +=7J5IX
Skiphnit 222 ot5 S271 3A 42

- Fine-tuning (GLUE benchmark)

ru|o

i[>

>
i
40
B

7| % BERT B ChH| 160 O W2 8t 52 71X/ DA SU3 52 QX|5H=
22 2ol

| S e Block GLUE | Params Speed

: S nonom 64 Pre-LN (Crammed) 78.9+7| 120M 1

g —C o Parallel 78516 | 120M  1.05

: 1B V-Skiplnit 78055 | 120M 095

SAS (Sec. 4.2) 784+ 58| 101IM  1.09

25 SAS-P (Sec. 4.3) 78.3+4| 10IM 1.16
SAS-P, no norm -| 101M 1.20

R 51 C“ &;_D_ Runtime (hours) VDS
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Conclusion

 Deep transformers without shortcuts: Modifying self-attention for faithful signal
propagation (ICLR 2023)

- TransformerOf| A| Skip Connection= X|H{StHA M52 FXI = Y= LES
K| et

- 12{L}, 7|2 Pre-LN Transformer

=L A o j— _ = L O Sk A o
a5 A s2lH st ds= €82 + US

HL
o
1o
[>
b
|.|-|
N
I
o

» Simplifying transformer blocks (ICLR 2024)
- 7| & transformerE CHA[E o= A= SAS 3 SAS-P =5 | ¢t
_7|7< H} EH EHHl P AT 7 A—| DH7HH:|A7|'_J,\_’I7_|

- Value-Skiplnit &A1 2 42 HER I A Q| 2 g0| HoF &80

ﬂ AT THSED VDS
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