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Weight decomposition O] TH?

* Structured weight pruning
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[1] Yuan, Zhihang, et al. "Asvd: Activation-aware singular value decomposition for compressing large language models." arXiv preprint arXiv:2312.05821 (2023).
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10 2Bk decomposition 2 | Ot
- Weight (W)2} low-rank approximated weight (W)
eigh?t2| XIO| = BHSIH W) = argmin ||W), —

& %0

_Wl

AW=W,-W X MY (MSE=278.9)
-0.310.7|-04] 0.0 |-0.2 10|11 04 -17.2|-2.8]25.5
-0.1) 0.1 |-0.1(-0.0}-0.0 -22.9]-2.4135.5 -2.61-0.5] 3.8
0103109 (01 ]|-03 0.4 |15]|-05 -6.51 05|96
-0.3103)-11(-0.0] 0.1 -0.0)-0.4)-0.3 -71.31-2.6|10.9
0.7|-1.7104 (-0.0] 0.6 1.0 |05 0.2 39.4| 5.8 |-58.5|

AW=W,-W X AY (MSE=9.9)
-1.31 0.2 |-06) 0.1 |-1.6 1011104 -6.71-36] 5.1
02)00(-02)00]-0.3 -22.9-2.4135.5 -1.11-0.7) 0.9
-0.1{00]|08]0.1|-0.7 0.41.5(-05 13107107
-0.51 0.0 |-1.0|-0.0]-0.1 -0.0)-0.41-0.3 -1.7)-2.2) 1.5
1.7|-02|086|-02]23 1.0|05(02 91|45 |-6.8
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ASVD
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10 2Bk decomposition 2 | Ot

- [F2HA] calibration set= ZH-& 2 XOf Welght 7 E W2l XpO[ gL
objective 28 W} =arg min [|W;, X — WX|%
-AY = (W, - W)X. Z Z[43t 57| 2let B2
w AW=W,-W X AY (MSE=278.9)
47153|19|-3.2|9.7 -0.3]1 0.7 |-0.4(0.0|-0.2 1.0|11|04 -17.2|-2.8|25.5
34| 1.3|-0912.2| 1.6 -0.1] 0.1 [-0.1(-0.0|-0.0 -22.9]-2.4 |35.5 -2.6|-0.5] 3.8
-10.01-2.8| 2.0 |-0.4] 2.8 01|03(08(01|-03 0.4 |15]-05 -6.5|05]96
-10.3|-4.0( 3.7 |-1.0| 0.4 -0.3103(-1.1|-0.0] 01 -0.0|-0.4]-0.3 -7.3|-2.6|109
2213311 |-08]|4.1 0.7|-1.7( 04 (-0.0| 0.6 1.0]05] 0.2 39.4| 5.8 |-58.5
X distribution ] AW=W,-W X AY (MSE=9.9)
40 1 T -1.3] 0.2 |-0.6) 0.1 |-1.6 1011104 -6.7(-36( 5.1
20 02|00|-02|00|-03| |229/-24|355] |-11|-07|09
04 = H = = =B - -0.1100)08)]0.1)-07 041505 -1.31 07| 0.7
=201 -0.5 0.0 |-1.0]-0.0|-0.1 -0.0-0.41-0.3 -1.7(-2.2] 15
—40- i -2'. 3' :l é 1.71-02| 06 |-0.2] 2.3 100502 91145 |-6.8
channel index
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ASVD

« OJO|E{ & 1123t decomposition & 'H K| Ot

- 0| & %Sl ASVD= activation-aware singular value decomposition= | ¢t
- Scaling= =T = = diagonal matrix SE WO|| ZSllE 5 SVD +=H

- Scaling matrix= X2| Zf channel 2| L Bzt

1 T
A o L— (@) . . - 1

- =210l A i= channel, n= total number of activation n Z_ il
w AW = Wy — W X AY (MSE=278.9)

47153|19|-3.2|9.7 -0.3| 0.7 |-0.4]| 0.0 |-0.2 1011|004 -17.2|-2.825.5

34| 1.3|-0912.2| 1.6 -0.1] 0.1 [-0.1(-0.0|-0.0 -22.9]-2.4 |35.5 -2.6|-0.5] 3.8

-10.01-2.8| 2.0 |-0.4] 2.8 m 01(03(089 (01|03 X |04)15]|-05|= (-65]|05]|96

-10.3|-4.0( 3.7 |-1.0| 0.4 -0.3103(-1.1|-0.0] 01 -0.0|-0.4]-0.3 -7.3|-2.6|109

2213311 |-08]|4.1 0.7|-1.7( 04 (-0.0| 0.6 1.0]05] 0.2 39.4| 5.8 |-58.5

X distribution AW =W, - W X AY (MSE=9.9)

40 1 T -1.3] 0.2 |-0.6) 0.1 |-1.6 1011104 -6.7(-36( 5.1

20 - 02|00|-02|00|-03 |229-24|355 -11/-0.7| 09

04 = [] = = =B 01100008001 -0.7| % |04]15]05|= |-1.3(07]07

=201 -0.5 0.0 |-1.0]-0.0|-0.1 -0.0-0.41-0.3 -1.7(-2.2] 15

a0l -+ ] ] ]
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« OO|HE 11212t decomposition & &
- Channel 8 7}&X|7} 12 &l WSE =11 decomposition =3
W =WSS ' = (WS)s .

WS~ U,z V,.".

0%t
o

- O| £ &5l decomposition 2HH Of| A Zf activation channel O] weight Of O|X|= &
185t SvD =
- ? activationss 11245} rank M EHO| O| R K| & &t
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ASVD

- =28 21t
« MMLU= 5771l 2h=0f| A CHA| A B E X0 SE S Xx Hlas 87t
- WIKIZ PTB= 20| 22 S HX[OAE Chg ©OS S0t & 0| Foth=A] E7t
- QU Ol SVDE AL M= IH Rt H| St activation aware SVDE ALE W= I 2 M
ds o7t 2 e As =g = US
| LLaMA-7b | LLaMA-2-7b | LLaMA-2-13b
method paramratio | MMLU  wiki ptb | MMLU  wiki ptb | MMLU  wiki ptb
original 1 30.76%  5.68 29.63 | 34.806%  5.47 20.82 | 40.16%  4.88 29.21
SVD 0.95 22.98% 2800 5458 - nan nan - nan nan
SVD* 0.95 2392% 136.05 18392 | 2478%  46.79 363.37 | 24.86% 167.63 567.02
SVD#* 0.9 23.54% 698.66 262.03 | 2431% 11445 27660 - nan nan
ASVD 0.95 30.26%  5.78 3264 | 33.24%  5.64 2398 | 39.52% 494 31.93
ASVD 0.9 2967%  6.09 37.80 | 32.58%  5.93 3263 | 40.04%  5.12 34.03
ASVD 0.85 29.70%  6.80 52.11 | 31.57%  6.74 59.84 | 37.95%  5.54 39.32
ASVD 0.8 27.85%  8.89 88.09 | 28.15%  8.91 114.70 | 34.63%  6.53 59.68
ASVD 0.75 2494% 1451 21280 | 2597% 1897 43257 | 2859%  8.71 110.10
n A TN VDS
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L& 2= 2| compression ratioOf| [T}

= ds
projection TF0| = 420 B 4o MLP HH0| 45 420 2

model.layers.10 model.layers.20
—— gate_proj — q_proj — V_proj 587 —— gate_proj — q_proj — V_proj
- 5.8 —— up_proj —— k_proj ——— oO_praj - 5.8 ——— Uup_praj —— k_proj ——— o_praj
= —— down_proj = —— down_proj
E 5.7 - E 5 7 -
[ e~
857 %\ £ 57
5.6 - 5.6 1 —— I —
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[1] Wang, Xin, et al. "Svd-lim: Truncation-aware singular value decomposition for large language model compression." ICLR (2025).

SVD-LLM|1]

« Truncation loss2} truncated singular value AFO|Of| 2 A Ol H| | 2 A| & Tt &
- Compression loss : ||WX - W,X| |F
- Compression loss= ASVD2} & &otA 478 4] ( -
S
Jj=

. O|II} Frobenius norm C}E 1t 28 ———

- OF2bA iR singular valueE truncate I = [ & °E St compression loss& T 7HSHH
Orciet €=
= |[WX —WX|p=|WSST'X - SVD(WS)S™'X|| . = |[(WS —SVD(WS))S~'X|,.

Z laij] ) Trace (ATA)} 2

1i=1

1
— ”Jiu.,;w?S_lXHF = g, Trace (’?L.,;U?S_IXXT (S_I)T véu’fﬂ) :

. O:I / | A‘I Trace (u,-i,';-rS_lXXT (S_I}T i.'.;u;-r)ﬁ term [[H —E—O‘” singular Va]ue_(2|' 10887|' 75! 'S &! ol
HIZ2A S ZA 2=

Lol U = [ur, u,us, ..;ur] 'V = [v1,02,03,..., 0] = orthonormal matrix O] 2.2

v} vi = u) u; = ;0] vj = u] uj = 0,Vi # j; Trace(v;v] ) = Trace(uu; ) = 1

- Oh2tA S1XE orthonormal2 PH= ™ loss2t truncate®t singular value/F &1 & & QI
H [ 2tAE &A=

-CHE L2 ot s~1xo| S A X I G
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[1] Wang, Xin, et al. “Svd-lim v2: Optimizing singular value truncation for large language model compression." NAACL (2025).

R AW CHED

SVD-LLLM

 HO|HZ 1128t decomposition 2 & A| ¢

o
STixo| FEL (s~IxXxT (s~ HN)= 1= Tr=H 71 K2 singular valueZ truncate =
[[H M H 2 lossE 75.*%65

- Cholesky decomposition & & A&

-
—_

- Cholesky decomposition = AHE S A] activation2| =4 HE(C = xXT)2 decompose 2t

'« Cholesky decomposition= Symmetric positive-definite 2 0| CHo A =3 7tsoth Y&
" activation®| ZEAH 0| 0|0 SHEICIT IS K2

o tEet 7Hg 2 OfL| 7| I 20f O] S i 2 Y2 SVD-LLM v2[1] &1L
~ Cholesky decomposition = Cholesky(C) =SST2| HEH = =2 &

o
- 0| I, otzHel ZHO| 2|8l Cholesky decompositions E-E3HH s-1xxT (s H)TS 12 &
ol
AN OO

SIXX § =85Y8S8 ) ' =(S7'S) (S S )=I-T—=1.
- [tk A] 1oss2t truncate®F singular value7F 2| & QI H| 2| 2 A & 4 = & rank truncation
- Decomposition 2’2 ASVDR} OtXH7HA| 2 Of2f el ntEH o = =2

W =WSS ! = (WS)s 1.

=

WS ~ U,z V,.".
W = (WS)S ! ~ (U, X, V., )S ! = U=, V] =W,.

VDS
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SVD-LLLM

AlS E| |. rxokhg ||:|:‘ = | |_: LIS H
« A% A ASVD B £ 2 5= EO|H, £9]| reduction ratio?} SO0 %= M=
O X X™HO| 7= ol
|_|- o 1 Ll HA =2 E d
F 3 ) - =
. SVD-LLM(w) 2| Zt2 2 H| W&} H E| 1 SVD-LLML fine-tuningO| S0{Z+ Z 1}
Rario (MEMm.) | METHOD | WikiText-2 | C4) | Openb.  ARC_e  WinoG. HellaS. PIQA  MathQA Average’ Truthful QA7 GSMEE T
)% (13.5 GB Origina 5.68 0.34 0.75 0.70 ).5 0.79 0.2 0.5 ).3(
SVD 20061 18800 0.05 .04 0.01 0.03 0.02 0.03 0.03 0.00 000
20% (10.2 GB FWSVD 1727 1511 .09 011 0.05 0.08 0.10 .05 (.08 0.00 (.00
(10 ) ASVD 11.14 15.93 0.29 (.53 (.64 0.41 (.68 017 045 0.21 .04
SVD-LLM (W) T7.94 (| 29%) 15.84 (| 198) 031 .62 0.61 0.45 0.71 0.21 0,49 (195) 026 (+0.05) 0,05 (+0.01)
SVD-LLM TI33(|31%) 12.23 (| 23%) 0.33 0.67 0.69 0.55 0.79 0.26 LSS (T22%) 0.28 (+0.07) 0,08 (+0.04)
VD 52489 47774 .04 0.04 0.05 0.01 0.03 0.02 0.03 0.00 (.00
40% (7.76 GB FWSWD 18156 12847 0.06 0.05 0.02 .00 0.05 0.03 0.04 0.00 000
’ ) ASVD 1407 1109 (.08 01l 0.09 0.08 013 0.08 010 0.01 000
SVD-LLM (W) 13.73(]999) 7542 (]93%) 0.25 0.33 0.55 (.40 0.63 012 038 (T280%) 017 (+0.17y 002 {(+0.02)
SVD-LLM 927 (| 999%) 15.63 (9995 0.29 0.59 .68 0.52 .69 020 0500 T4009%) 024 (+0.23) 007 (+0.07)
SVD 105474 106976 (.01 0.03 0.01 .00 (.01 0.02 0.01 .00 000
60% (5.35 GB FWSVD 32194 29292 (.06 0.02 0.01 0.01 0.02 .03 0.03 0.00 (.00
’ ) ASVD 57057 43036 0.05 0.04 (.06 0.09 (.08 .05 (.06 0.00 (.00
SVD-LLM (W) | 66,62 ([999%) 47183 ([99%) 010 0.05 017 010 0.21 (.04 011 (T83%:) 001 (+0.01y 000 {+0.007)
SVD-LLM 15000 ¢ | 999:) 26,26 ([ 999%) 018 0.42 0.44 031 0.35 0.12 030 (74009%) 024 (+0.14) 00D (+0.04)
VD 687291 TOE243 (.00 0.01 0.02 0.01 0.01 (.00 0.01 0.00 (.00
80% (2.58 GB FWEWD 96872 20243 0.01 0.02 (.00 0.01 0.01 (.00} 0.01 0.00 0,00
- ) ASVD 80425 67927 .04 0.03 0.03 0.02 0.01 0.01 0.03 0.00 000
SVD-LLM (W) 1349 (| 989%) 6224 (|91%) 0.07 0.03 0.04 0.02 0.07 0.01 0.04 (133%) 0.00 (+0.00)  0.00 (+0.00)
SVD-LLM JL79 ([ 99%) 4371 (99%) 0.11 0.23 0.21 0.14 0.17 008 0160 7433%) 004 (+0.04) 002 (+0.02)
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[1] Xiao, Jinqi, et al. "COMCAT: towards efficient compression and customization of attention-based vision models." ICML (2023).

COMCAT1]

« LLaMAZ2} Vision Transformer(ViT)2| X} 0| &
- LLaMAO|| A AHE 5= attention 2F CFE A| Rotary Position Embedding= query, keyO|

MEotn /U
- Rotary position embedding= & = k| = sequence 2 O[O [F2tA CHE 20| G 5H &

- ViT= query, key, value weight Zt pre-compute’| 7t 7+ &

—L Scaled Dot-Product Attention Multi-Head Attention

i |
H Feer Fonward -
: SmiGELL :
i RMS Norm i
’ ‘ | Nx
! = . Scaled Dot-Product h
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v Seif-Bttention (Grouped Mub-Query Attention) I - [ [ 1)
: with KV Cache H A A A
] Q& K5 v | S Rotary L L
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[1] Xiao, Jinqi, et al. "COMCAT: towards efficient compression and customization of attention-based vision models." ICML (2023).

COMCAT1]

« Vision transformer 0| A] naive weight decomposition= ot Of2ff L& 0| Mt £ 0|
Hz=Xel & 71X[A &
- CxC weight& low rank rZ approximation 4= [, rO| % O|5t7t = OF £ H O| 50|
AN M7t A=
- £7 headOl| Al Q,K,V,0 weight”| low-rank approximationOf| [IF=
. V1T01|A‘| query, key, value weight 7t pre-compute’| 7}t =22

- Query-key, value-out weight ZF H4H= O|2| Sll& = U=

: N S
H 1 1
3] ¢
] Q
: o e g W 0.8
: £
B ; T WS 06
c = : c 1 g 0.4
( Scaled Dot-Product Attention h [ Scaled Dnt-Pmduct Attention wh £ WYy 02
o ! .
/—ﬂ- f—tl‘ ’—tl' H _y ______________ ‘g L B B B
[w@[w (wy ;{ :{ SYCNRININSIISANSLIY
| IE @ | I Singular Value (SV) index
I 7 7 U 8 J l
X, X« Xy : i
' Head-wise 2 singular valueO|
7|FE weight Naive weight decomposition e ode
n AB NS VDS
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COMCAT

 ViTO|A] Multi-Head Attention(MHA)2| I £/ O[5}

T
- 7| 28 © = attention(X) = Softmax (QL) 14

N

— Q KN\T T
. %O'IA‘I MH attention(X) = Softmax (XW ();W ) )XWV = Softmax (X wewk XT) v
Vv @k

Qu KT T
- Head”77tX| 1245} &H head; = Softmax <X W‘\/Vz_‘k . )XWiV

- WiQ, wk,wY e RE*Pr D, = % (C: embedded dimension, H : number of head)

" [[l- E‘l-A-I MHA(X) = Concat (he adi) W 0 Scaled Dot-Product Attention

_1o CcxC
W”eR MatMul ] “.

Mask (opt.)

Multi-Head Attention

1
Scaled Dot-Product
Attention

Al — 1
”/’ ‘- -ﬂ -ﬂ
,/ T g vy
,
\

\ K Q

5 48Tl &.‘-—1 Vision Transformer Attention T+ 2= | VDS |
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COMCAT

o ViTO| M Multi-Head Attention(MHA)2| . Z!-2 0|3}

L

x wlwkK" xT
- MHA(X) = Concat(head;)W? , head; = Softmax< ‘\/d_ >XWiV
k

- WiQ, wk, W)y e RE*Pr W0 € RE*C, D), = £ (C: embedded dimension, H : number of head)

- 92| & THAIO AR =A0[Zf Of2lf =4{0] & 2= At
- Attention mapO| head wise 2 HEE| A WY& WOd pre-compute St2A ™ WY, WO & head-wise =
LA X 2| si{oFet w° e RPr*C

e

h h QuirK "\vT
X(W-=W: X
MHA(X) = ) headiW =)  Softmax WiWi" ) X(WYwo)
i=1 =1 \/{i_h'
xw,° wk' xT Attn, XwW/ w2 0, _
U) —
xwlwkTxT Attn, XW) |Wy2 0, S 3
2 — —> —> 3 | —
o
: : 5 2.
= ]
xwlwK" xT Attng XWy) (W) Op ®
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> X11W11t X1oWo T X1 cWer

COMCAT

W11

W21

Weq

X1c

X11 X12

Element-wise
Summation

VDS
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1 1
1 1
1 1
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S N !
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_% % 1
1 1
1 1
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O i —
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o : — : —
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COMCAT

o ViTO| M Multi-Head Attention(MHA)2| . Z!-2 0|3}

x wlwkK" xT
- MHA(X) = Concat(head;)W? , head; = Softmax< ‘\/di >XWiV
k

- WiQ, wk, W)y e RE*Pr W0 € RE*C, D), = £ (C: embedded dimension, H : number of head)

- 2| 7 THAOf| AT =40 Of2fl =40 £2 S

e

- Attention mapO| head wise 2 H-EE{ A WY& wWOT pre-compute ot2{H WO & head-wise=
LA X 2| si{oFet w° e RPr*C

h h Qurk T\wT
X(WEW. |X
=) jsnftmax( Uhdire )X(wfwf)
=1

MHA(X) = ) " head; W

xwlwk" xT Attny Xw W 0, _
U) —
xwlwk" xT Attn, Xwy wy 0, S 3
—> —> — | 3 5| —»
o T
: : 5 =
S5 W
xwlwK" xT Attng XWy W) Op ®
ABHE D
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COMCAT

e WK = wleWK' wyo = wYwp 2 0|g| gAtg TIEB = svp X

—_—

o)

T
e WK ~ 2K (YK = Yok wYO ~ U] O(Z}mVl-VOT) = UYs?

0 0
m=
in|
o
EiT
Il

X 9l low-rank approximation & # 1 | = Of naive approach2t
|l parameter= 2H{ 717710| 2 = U=

F
3o
jo

H Concat

Fa 1:|

(

Scaled Dot-Product Attention h (| Scaled Dot-Product Atten
i i s il D . l_"f_ mi_ "—][S"""”’“"’L"{“‘“‘“‘Q""‘ﬂl
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COMCAT
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#of Params.inMHA | 20% 40% 60% 80%

Head-Level 79.81 76.11 63.56 11.5

Top-1(Y%)

Matrix-Level 73.01 56.15 2295 0.73

A

Naive decomposition(Matrix-Level) 2}
K| 2+SH= COMCAT(Head-Level) H| 1l
(Original Acc. : 80.90)

AW CHED

SOGANG UNIVERSITY

Method Compression Top-1 FLOPs ([%) Params (]%)
DeiT-small Baseline 79.8 - -
COMCAT (Ours) Low-rank 79.27 51.21 49,98
COMCAT (Ours) Low-rank 79.58 4493 43.82
COMCAT (OQurs) Low-rank  79.92 41.15 40,11
UPop (Shi et al., 2023) Pruning 79.6 39 39
UVC (Yu et al., 2022b) Pruning  78.82 49.59 -
SCOP (Tang et al., 2020) Pruning 77.5 43.6 -
S2ViTE (Chen et al., 2021b) Sparse 79.22 31.63 33.94
ToMe (Bolya et al., 2022) Token 794 41.30 0
PS-VIiT (Tang et al., 2022) Token 79.4 43.5 0
HVT (Pan et al., 2021b) Token 78.0 47.8 0
PoWER (Goyal et al., 2020) Token 78.3 41.3 0
DeiT-base Baseline 81.8 - -
COMCAT (OQurs) Low-rank 82.26 61.68 61.06
CT-GFM (Yu & Wu, 2023) Low-rank 81.28 - 40
MD-ViT (Hou & Kung, 2022)  Pruning 81.5 60 -
UVC (Yu et al., 2022b) Pruning  80.57 54.5 -
VTP (Zhu et al., 2021) Pruning 80.7 43.2 44.44
S2ViTE (Chen et al., 2021b) Sparse 82.22 33.13 34.41
PS-VIiT (Tang et al., 2022) Token 81.5 44.3 0
IA-RED? (Pan et al., 2021a) Token 80.3 32.96 0
Weight decomposition CIH2 Z 2 =1} H|
VDS
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Conclusion
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