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min [|A — B”F

BE[RmXTL
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P% Variables - A

A = imread('originalfig.png');

A = rgngray(A); <BH 1162x1618 double )
—————7 | 3 4 5 6 7 8

A= dOUb'G(A),' 1 255 255 255 255 255 255 255 255
2 255 255 255 255 255 255 254 255
3 254 255 255 255 255 255 255 255
4 255 255 255 255 255 255 255 255
5 255 254 255 255 255 255 255 255
6 255 254 255 255 255 254 254 255
7 255 255 255 255 255 255 255 255
8 255 255 255 254 255 255 255 255
9 255 255 254 255 255 255 255 255
10 255 255 255 255 255 255 254 255
11 255 255 255 254 255 255 255 255
12 255 255 254 255 254 255 255 255
13 255 255 255 255 255 255 255 255
14 254 255 255 255 255 255 255 255
15 255 255 255 255 254 255 255 255
16 255 255 255 255 255 255 255 255
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A = imread('originalfig.png');
A =rgb2gray(A);

A = double(A);

[US V] =svd(A);

figure

semilogy(diag(S), 'o0');

grid on;

rank(double(A))
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A = imread('originalfig.png');

A =rgb2gray(A);

A = double(A);

[US V] =svd(A);

figure

semilogy(diag(S), 'o0');

grid on;

rank(double(A))

B =U(:,1:50)*S(1:50,1:50)*V(:,1:50)";
imwrite(uint8(B),'compressedl.jpg');
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A = double(A); ‘ R
[US V] = svd(A); Wi
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semilogy(diag(S), 'o0');
grid on;
rank(double(A))

B =U(:,1:50)*S(1:50,1:50)*V(:,1:50)";
imwrite(uint8(B),'compressed1.jpg’); B AR5 RBIEEA
B =U(:;,1:100)*S(1:100,1:100)*V/(:,1:100)"; HIZ 23R

imwrite(uint8(B),'compressed?2.jpg');
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NETFLIX

Home Rules Leaderboard Register ~Update  Submit  Download

NETELIX

o Recommendations §§ Friends | Queoue § Buy DVDs

0 Benres o  New Releases Previews NetlixTop 100  Crit
M

ies For You welcome!

b ety The Netflix Prize seeks to substantially
your interest in: g

E improve the accuracy of predictions about
how much someone is going to love a
movie based on their movie preferences.
Improve it enough and you win one (or
more) Prizes. Winning the Netflix Prize
improves our ability to connect people to
the movies they love.

Read the Rules to see what is required to
win the Prizes. If you are interested in
joining the quest, you should register a
team.

You should also read the frequently-asked
questions about the Prize. And check out
how various teams are doing on the

20064E10 H2H, NetflixJfF3 Hr 5%
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Home Rules Leaderboard  Register Update  Submit  Download

Leaderboard $iikHAEFIAFERMSE (Rooted Mean Squared Error/3Y i RIRZE) J5 1HI I $& Tt
Rank Team Name Best Score @an Submit Time

1 Ine Ensamble 0.8553 10.10 2009-07-26 18:38:22
2 \IKor's Pragm. 08554 1009 2009-07-26 18:18:28
Grand Prize - RMSE

3 Grand Prize Team 08571 29 2009-07-24 13.07:49
4 Opera Solutions and Vandslay United 0.8573 9.89 2009-07-25 20:05:52
5 ¥ iy industnes ! 0.8579 983 2009-07-26 0249.53
6 PragmaticTheorny 0.8582 9.80 2009-07-12 15:09:53
7 BellKotin BigChaos 0.8580 an 2009-07-26 1257:25
8 Dace 08603 258 2009-07-24 17:18:43

Coera Solutions 08511 9.49 2009-07-26 18:.02:08
10 1K, 08512 948 2009-07-26 171911
L] BlaChaos 0.8613 047 2009-06-23 23.06:52
12 Eeeds2 0.8613 947 2009-07-24 20:05.46
13 sangkang 08623 926 2009-07-21 0204.40
" Grauty 0.8634 9.25 2009-07-26 1558:34
15 Ces 0.8642 9.17 2008-07-25 17.42:38
16 Imisible Ideas 08644 914 2009-07-20 03:26:12
17 Justa ourin 3 garage 0.8650 9.08 2009-07-22 14.10:42
18 ral Tha | 08558 202 2009-07-25 16:00.54
19 J0ennis Sy 0.8658 9.00 2009-03-11 09:41:54
20 acmehill 0.8659 899 2009-04-16 06:29:35

2006.10.2~2009.7.26, 7 Wi 4 57 1 vk RT3
(2010.3.12 Netflix|[F & FA 4% 42 7 b 58)
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Netflix Prize

Hm lhlu Leaderboard Register  Update Submn Download

Leaderboard &3k B AERMSE (Rooted Mean Squared Error/3 R 1%2E) J5H BT
Rank Team Name Best Score @l“ Submit Time

1 The Ensambile 0.8553 10.10 200-07-26 18:38:22
2 BellKor's Pragmatic Chaos 08554 1009 2009-07-26 18.18:28
3 Grand Prize Team 0.8571 291 2009-07-24 13.07:49
4 Doera Solutions and Vandelay Unitsd | 0.8573 9.89 2009-07-25 20:05:52
5 andeiar ndusines 0.8579 9,83 2009-07-26 024953
5 PragmaticTheon 0.8562 9.80 2009-07-12 15:09:53 By : -
7 BelIKor in BiaChaos 0.8500 a7 2008-07-26 1257.25 L~ 4 % - ' 2009
8 Dacs 08603 058 2009-07-24 17:18:43 i 4 ‘ )
E Coera Solutions 0.8511 9.49 2008-07-25 18:02:08 ; A oare 092100 4
10 Bel! 08512 948 2009-07-26 171911 z
11 RIQCNags 08513 9.47 2009-06-23 23.05:52 : Aaedtt Bel \(ms\-%aqmdm (haos 1000000 2
12 08813 9.47 2009-07-24 20,0546 L ONE MuLION oo
2004 616 wning Team; BellKor in BigChaos ! TR Nenfume_e Reed ralinge
12 uangkang 0.8633 9.26 2009-07-21 020440
14 Grawhy 0.8534 9.25 2009-07-26 15:58:34
15 Ces 0.8842 9.17 2008-07-25 17.42:38
16 08544 914 2009-07-2003:26:12
17 0.8550 9.08 2009-07-22 14:10:42
18 08658 902 2009-07-25 16.00:54
19 0.8558 9.00 2009-03-11 09:41:54
20 0.8859 8.99 2008-04-16 06:29.35

2006.10.2~2009.7.26, WA FI L RIBHET (MR CERIER) FROMRE (Test
(2010.3.12 Netflix[H R4 4 G191 H: 56) RMSE=0.8567) HyBAi7k5E 5

FrBUH Dan Jackson <The Netflix Prize: How a $1 Million Contest Changed Binge-Watching Forever>
. A
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The BigChaos Solution to the Netflix Grand Prize

Andreas Toscher and Michael Jahrer

commendo research & consulting
Neuer Weg 23, A-8580 Kdflach, Austria

{andreas.toescher,michael.jahrer} @commendo.at

Robert M. Bell*

AT&T Labs - Research
Florham Park, NJ

September 5, 2009

T YIE 738

The other main driving force in the competition was the ensemble idea. The ensemble idea was part
of the competition from the beginning and evolved over time. In the beginning, we used different models
with different parametrization and a linear blending. The models were trained individually and the meta
parameters got optimized to reduce the RMSE of the individual model. The linear blend was replaced
by a nonlinear one, a neural network. This was basically the solution for the progress prize 2008, a
ensemble of independently trained and tuned predictors, and a neural network for the blending. In fall
2008, we realized that training and optimizing the predictors individually is not optimal. Best blending
results are achieved when the whole ensemble has the right tradeoff between diversity and accuracy. So
we started to train the predictors sequentially and stopped the training when the blending improvement
was best. Also the meta parameters were tuned, to achieve best blending performance. The next step
in the evolution of the ensemble idea was to replace the single neural network blend by an ensemble of
blends. In order to maximize diversity within the blending ensemble, the blends used different subsets
of predictors and different blending methods. Figure 6 shows the RMSE improvements compared to the
number of predictors. Within the first predictors there are a lot of different blends (the first 18 are listed
in Appendix C). This clearly shows that the diverse set of nonlinear probe blends is an important part
of our solution.

HENBRZ—: BFES
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IR 5E M 4N4 (Low-Rank Matrix Completion)
s EmxnfiMEA R IR B Bk, MRG0T T

min (A — Cl-j)2 s.t. rank(C) = k.
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MCHEEFE VTl (Low-Rank Matrix Approximation )

B EMXNIEREA R IERE Sk, RPN )8
min ||A — B||¢

BeRmXTL

s.t. rank(B) < k.

Al HSVDXS 45 R AR TARAR AL D 2 3R -
(1) XHEFEAR AT SRS 5
(2) PHEHEMEB = Y5 siwv;] .

IR EE e 4M4 (Low-Rank Matrix Completion)

HEMXnIEREA R IERE K, fRPUNT )

cglla?%n ( G u) s.t. rank(C) = k.
observed(i,j)

Al ?
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] Jii MCHEEFE VTl (Low-Rank Matrix Approximation )

g EmxXnIEEA R IR E ke, fRGEQNT A
min ||A — B||g

BeRmXTl
s.t. rank(B) < k. il
A FHSVDXS R R AGE TR DL R 2P 3R - 2 5 2 1
(1) X4 AMET SAE. A 5 [1 4 3 2‘
(2) HEHEEB =Y s;uvl . 2 2 1 2
IR EE e 4M4 (Low-Rank Matrix Completion) Il
S EMXnIEFEA R IEREE Kk, MFOLNT ) : [2 ? 7 1]
?7 4 7 2
céﬁ%&n Z ( G u) s.t. rank(C) = k. ? 2 1 2
observed(i,j)
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rpoF] Matrix completion and low-rank SVD via fast alternating least squares
T Hastie, R Mazumder, JD Lee, R Zadeh - The Journal of Machine Learning ..., 2015 - jmir.org
The matrix-completion problem has attracted a lot of attention, largely as a result of the
celebrated Netflix competition. Two popular approaches for solving the problem are nuclear- 9/
norm-regularized matrix approximation (Candes and Tao, 2009; Mazumder et al., 2010), ’
and maximum-margin matrix factorization (Srebro et al., 2005). These two procedures are in
some cases solving equivalent problems, but with quite different algorithms. In this article we
bring the two approaches together, leading to an efficient algorithm for large matrix ...

Y¢ Save Y9 Cite Cited by 403 Related articles All 29 versions 99

(W)
-~
-~
p—

=9
N
LR ®)
(N

1. Replace the missing entries in X with the corresponding entries from the current
estimate M:

X  Po(X) + Pg(M); (2)

2. Update M by computing the soft-thresholded SVD of X:

~

X = vupv? (3)
M « US\(D)VT, (4)
where the soft-thresholding operator Sy operates element-wise on the diagonal matrix

D, and replaces D;; with (D;; — \).. With large A many of the diagonal elements will
be set to zero, leading to a low-rank solution for Problem (1).

W Mazumder et al. (2010) 75 35 ) 24 4%
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BRI AEHE AT

EAEIE LA (Latent Semantic Analysis) J&T HAE ST AR, BFA@ELHEMD
AR S5 R SO AR 5 ) 1 2 TRV T3 LR T SOR &R

d1: Romeo and Juliet.

d2: Juliet: O happy dagget!

d3: Romeo died by dagger.

d4: “Live free or die”, that’s the New-Hampshire’s motto.
d5: Did you know, New-Hampshire is in New-England.

IS8 K “dies, dagger”, Z% UM PEFH S MEHER X FLAS SCAR?

1|43 § Alex Thomo <SENG 474: Data Mining>
e



BRI AEHE AT

EAEIE LA (Latent Semantic Analysis) J&T HAE ST AR, BFA@ELHEMD
AR S5 R SO AR 5 ) 1 2 TRV T3 LR T SOR &R

d1: Romeo and Juliet.

d2: Juliet: O happy dagget!

d3: Romeo died by dagger.

d4: “Live free or die”, that’s the New-Hampshire’s motto.
d5: Did you know, New-Hampshire is in New-England.

IS8 K “dies, dagger”, Z% UM PEFH S MEHER X FLAS SCAR?

B A3l (FEEMAMERR) , d2HdaRz

FFF-d1AId5?

1|43 § Alex Thomo <SENG 474: Data Mining>
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BRI AEHE AT

EAEIE LA (Latent Semantic Analysis) J&T HAE ST AR, BFA@ELHEMD
AR S5 R SO AR 5 ) 1 2 TRV T3 LR T SOR &R

d1: Romeo and Juliet.

d2: Juliet: O happy dagget!

d3: Romeo died by dagger.

d4: “Live free or die”, that’s the New-Hampshire’s motto.
d5: Did you know, New-Hampshire is in New-England.

IS8 K “dies, dagger”, Z% UM PEFH S MEHER X FLAS SCAR?

B d3ar (FNAEHAMEER) , d2fdakz
d1j@jd Romeo 5d36 0k 1M 5 “dies”fl1“dagger” 2Bk ; @t uliet 5d26HE #E M5 “dagger” Bk

d5i# i3 New-Hampshire 55d4 ¢ BE. 315 “dies” 2Bk
1|43 § Alex Thomo <SENG 474: Data Mining>
e



fiftidl, d5. “dies, dagger” /3 A AR M &, &5 ] DA
2 d1 )& 5 dies, dagger” [n] & B $E 5 ?

R : LT AT

EAEIE LA (Latent Semantic Analysis) J&T HAE ST AR, BFA@ELHEMD
AR S5 R SO AR 5 ) 1 2 TRV T3 LR T SOR &R

d1: Romeo and Juliet.

d2: Juliet: O happy dagget!

d3: Romeo died by dagger.

d4: “Live free or die”, that’s the New-Hampshire’s motto.
d5: Did you know, New-Hampshire is in New-England.

IS8 K “dies, dagger”, Z% UM PEFH S MEHER X FLAS SCAR?

B d3ar (FNAEHAMEER) , d2fdakz
d1j@jd Romeo 5d36 0k 1M 5 “dies”fl1“dagger” 2Bk ; @t uliet 5d26HE #E M5 “dagger” Bk

d5i# i3 New-Hampshire 55d4 ¢ BE. 315 “dies” 2Bk
1|43 § Alex Thomo <SENG 474: Data Mining>
e



BRI AEHE AT

d1: Romeo and Juliet.

d2: Juliet: O happy dagget!

d3: Romeo died by dagger.

d4: “Live free or die”, that’s the New-Hampshire’s motto.
d5: Did you know, New-Hampshire is in New-England.

di dy d3 dy ds

romeo 1 0 1 0 O

guliet ' 11 0 0 O

happy 0 1 0 0 O

dagger 0 1 1 0 O

live 0 0 O 1 O

de 0 0 1 1 0

free 0 0 0 1 O

new-hampshire 0 0 0 1 1
FFEI8X5H A

1|43 § Alex Thomo <SENG 474: Data Mining>
e



BRI AEHE AT

d1: Romeo and Juliet.

d2: Juliet: O happy dagget!

d3: Romeo died by dagger.

d4: “Live free or die”, that’s the New-Hampshire’s motto.
d5: Did you know, New-Hampshire is in New-England.

dl d2 d3 d4 d5
7'0”;60 i (1) (1) 8 g AT EES AT IAL, K AR R AL Rk R 2 W R R -
Juliet
happy 0 1 0 o0 o (1) B#ErRMEL#: A=USV'
dagger 0L L0 0 o) wsirpmdoE, RRBH0L, HARE
de 0 0 1 1 0
free 0 0 O 1 O
new-hampshire 0 0 0 1 1
FREI8X54EFA

1|43 § Alex Thomo <SENG 474: Data Mining>
e



R AT SO A

>> [U, S, Vl=svd(ans)
dl d2 d3 d4 d5 U=
Fomieo 1 0 1 0 0 -0.3962  0.2801 -0.5712  0.4497 -0.1018 -0.0781  ©0.2799  0.3760
juliet ' 1 1 0 0 O -0.3143  0.4495  0.4106  0.5130  ©.2039  0.0781 -0.2799 -0.3760
-0.1782  0.2690  0.4973 -0.2570  0.0431  0.4145  0.2432  0.5914
happy 0 1 0 0 O ~0.4384  ©0.3685  0.0129 -0.5773 -0.2196 -0.4925  0.0367 -0.2153
dagger 0 1 1 0 O -0.2639 -0.3459  0.1458  0.0475  0.4175 -0.4915 -0.4041  0.4561
live 0 0 0 1 0 -0.5240 -0.2464 -0.3387 -0.2728  0.1548  0.5706 -0.3166 -0.1607
' -0.2639 -0.3459  0.1458  0.0475  0.4175 -0.0791  0.7207 -0.2954
de 0 0 1 1 O -0.3264 -0.4597  0.3170  0.2372 -0.7249  0.0000  0.0000 0
free 0 0 0 1 O
new-hampshire 0 0 0 1 1 S =
2.2853 0 0 0 0
NG 35 0  2.0103 0 0 0
) 0  1.3607 0 0
0 0 0  1.1181 0
0 0 0 0  0.7966
0 0 0 0 0
0 0 0 0 0
) 0 0 0 0
V =
-0.3109  0.3629 -0.1180  ©0.8610  0.1281
-0.4073  0.5407  0.6767 -0.2874  0.0343
-0.5945  0.2001 -0.6592 -0.3582 -0.2093
-0.6030 -0.6954  0.1984  ©0.0531  0.3326
-0.1428 -0.2287  0.2330  ©0.2122 -0.9100

MATLAB 52 FUE iR



R AT SO A

>> [U, S, Vl=svd(ans)
dl d2 d3 d4 d5 U=
Fomieo 1 0 1 0 0 -0.3962  0.2801 |-0.5712  0.4497 -0.1018 -0.0781  ©0.2799  0.3760
juliet ' 1 1 0 0 O -0.3143  0.4495 | 0.4106  0.5130  ©.2039  0.0781 -0.2799 -0.3760
-0.1782  0.2690 | ©0.4973 -0.2570  0.0431  0.4145  0.2432  0.5914
happy 0 1 0 0 O —0.4384  ©0.3685 | 0.0129 -0.5773 -0.2196 -0.4925  ©0.0367 -0.2153
dagger 0 1 1 0 O -0.2639 -0.3459 | 0.1458  0.0475  0.4175 -0.4915 -0.4041  0.4561
live 0 0 0 1 0 -0.5240 -0.2464 |-0.3387 -0.2728  0.1548  0.5706 -0.3166 -0.1607
' -0.2639 -0.3459 | 0.1458  0.0475  0.4175 -0.0791  0.7207 -0.2954
de 0 0 1 1 O -0.3264 -0.4597 | 0.3170  0.2372 -0.7249  0.0000  0.0000 0
free 0 0 0 1 O
new-hampshire 0 0 0 1 1 S =
2.2853 0 0 0 0
NG 35 0 2.0103 0 0 0
0 2 1.3607 0 0
0 0 0  1.1181 0
0 0 0 0  0.7966
0 0 0 0 0
0 0 0 0 0
0 0 0 0 0
V =
-0.3109  0.3629 |-0.1180  0.8610  0.1281
-0.4073  0.5407 | 0.6767 -0.2874  0.0343
-0.5945  0.2001 |-0.6592 -0.3582 -0.2093
-0.6030 -0.6954 | ©.1984  ©0.0531  0.3326
-0.1428 -0.2287 | 0.2330  ©0.2122 -0.9100

MATLAB 52 FUE iR
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L
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TOmMmeEo
Juliet
happy

SO O OO O~

U
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SO RO, OO

QL
=

== -0 0000

U
o

— O OO0 oo Oo

[ —0.396
—0.314
—0.178
—0.438

0.280
0.450
0.269
0.369
—0.346
—0.246
—0.346
—0.460

8x 245 f%

~y
dagger ~
live —0.264
die —0.524
free —0.264
new-hampshire —0.326
>> [U, S, Vl=svd(ans)
U=
-0.3962 0.2801 -0.5712 0.4497 -0.1018 -0.0781 0.2799 0.3760
-0.3143 0.4495 0.4106 0.5130 0.2039 0.0781 -0.2799 -0.3760
-0.1782 0.2690 0.4973 -0.2570 0.0431 0.4145 0.2432 0.5914
-0.4384 0.3685 0.0129 -0.5773 -0.2196 -0.4925 0.0367 -0.2153
-0.2639 —-0.3459 0.1458 0.0475 0.4175 -0.4915 -0.4041 0.4561
-0.5240 -0.2464 -0.3387 -0.2728 0.1548 0.5706 —-0.3166 -0.1607
-0.2639 -0.3459 0.1458 0.0475 0.4175 -0.0791 0.7207 -0.2954
-0.3264 —-0.4597 0.3170 0.2372 -0.7249 0.0000 0.0000 o
S =
2.2853 ] o ] o
[ 2.0103 [ ] ]
] ] 1.3607 0 ]
o ] o 1.1181 o
] ] ] 0 0.7966
] 0 ] 0 ]
[ ] [ ] ]
] 0 ] 0 ]
V=
-0.3109  ©0.3629 | -0.1180  0.8610  0.1281
~0.4073  0.5407 0.6767 -0.2874  0.0343
—0.5045  0.2001 | -0.6592 -0.3582 -0.2003
-0.6030 -0.6954 0.1984 0.0531 0.3326
-0.1428 -0.2287 0.2330 0.2122 -0.9100

|

R 2 58 —PhSVD T 5 X

2.285 0 -0.311 -0.407 -0.594 -0.603 —0.143
0 2.010 0.363 0.541  0.200 -0.695 —0.229

2 X 245 [ 2% 554

1|43 § Alex Thomo <SENG 474: Data Mining>



BRI AEHE AT

R 2 58 —PhSVD T 5 X

di dy d3 dy ds )
romeo 1 0 1 0 O —0.396  0.280 |
juliet ' 1 1 0 0 O —-0.314  0.450
happy 0 1 0 0 O —0.178 0.269
dagger 0 1 1 0 0 = —0.438  0.369 [2.285 0] {—0.311 —0.407 —-0.594 -0.603 —0.143
live 0 0 O 1 O —0.264 —0.346 0 2.010 0.363  0.541 0.200 —0.695 —0.229
die 0 0 1 1 O —0.524 —0.246
free 0 0 0 1 O —0.264 —0.346
new-hampshire 0 0 0 1 1 | —0.326 —0.460 |
8x 540 % 8Xx 240 % 2X 240 % 2 X540 f%

¥edl. d5. “dies, dagger” 23 BTN 24 ) &, P 248 F 1 %) B AR AL

1|43 § Alex Thomo <SENG 474: Data Mining>
e



R AT SO A

di dy d3z dy ds _
romeo 1 0 1 0 O —0.396  0.280
gt 110 0 0 = Len PAAAT [ £ DA B ) e HLIE A2
appy e :
dagger 0 1 1 0 0 =~ —0.438  0.369 2.285 0 —0.311 -0.407 —-0.594 —-0.603 —0.143
live 0 0 O 1 0 —0.264 —0.346 0 2.010 0.363 0.541  0.200 -—-0.695 —0.229
de 0 0 1 1 O —0.524 —0.246
free 0 0 0 1 O —0.264 —0.346
new-hampshire 0 0 0 1 1 | —0.326 —0.460
8Xx 54 % 8x 245 f% 2X 255 [ 2 X545 %
Hed1, d5. “dies, dagger” 43 HINT AU B2k ] B, P24 - 1f X EL AR DL B
di dy d3 dy ds —0.905 0.563
romeo 1 0 1 0 O .
guliet 1 1 0 0 0 _81(1); 822?
difgz;’g g i (1) 8 8 N —1.001  0.742 [—0.311 —0.407 —0.594 —0.603 —0.143
iwe 0 0 O 1 0 —0.603 —0.695 0.363 0.541 0.200 —-0.695 —0.229
de 0 0 1 1 0 —1.197 -0.494
free 00 0 1 0 ~0.603 —0.695
new-hampshire 0 0 0 1 1 |_0.745 —0.925.

1|43 § Alex Thomo <SENG 474: Data Mining>
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R AT SO A

di dy d3 dy ds _ -
romeo 1 0 1 0 O —0.396  0.280
juliet 11 0 0 0 —0.314 0450 PIANAT T 5 B ) R ELIE &%
happy 0 1 0 0 O —0.178  0.269
dagger 0 1 1 0 0 =~ —0.438  0.369 2.285 0 —0.311 —-0.407 —-0.594 -0.603 —0.143
live 0 0 O 1 O —0.264 —0.346 0 2.010 0.363  0.541 0.200 —-0.695 —0.229
de 0 0 1 1 0 —0.524 —0.246
free 0 0 0 1 O —0.264 —0.346
new-hampshire 0 0 0 1 1 | —0.326 —0.460 |
8Xx 54 % 8x 245 f% 2X 255 [ 2 X545 %
) &€ e » » N 'y ) I=N - N
Fedl. d5. “dies, dagger 43 BT AUS2HE M, FE-T248 F-m XS ELAE AL
di dy d3 dy ds —0.905 0.563
romeo 1 0 1 0 O .
e 110D ¢ ~0717 0,905
happy 0 1 0 0 O ’ :
dagger 0 1 1 0 0 ~ —1.001 0.742 [—0.311 —0.407 —-0.594 —-0.603 —0.143
. = . .541 0.200 —0.695 —0.229
live 0 0 0 1 0 —0.603 —0.695 giges 09
de 0 0 1 1 0 —-1.197 -0.494
free 00 0 1 0 ~0.603 —0.695
new-hampshire 0 0 0 1 1 |_0.745 —0.925

“dagger”’ L3~ A[—1.001,0.742]
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di dy d3 dy ds _ -
romeo 1 0 1 0 O —0.396 0.280
juliet 110 0 0 —0.314  0.450 PIANAT T 5 B ) R ELIE &%
happy 0 1 0 0 O —0.178  0.269
dagger 0 1 1 0 0 oo —0.438 0.369 2.285 0 —-0.311 -0.407 -0.594 -0.603 —0.143
live 0 0 O 1 0O —0.264 —0.346 0 2.010 0.363 0.541 0.200 —-0.695 —0.229
de 0 0 1 1 O —0.524 —0.246
free 0 0 0 1 O —0.264 —0.346
new-hampshire 0 0 0 1 1 | —0.326 —0.460 |
8Xx 54 % 8x 245 f% 2X 255 [ 2 X545 %
Fed1, d5. “dies, dagger” 43 BT Ak B2 A, FT 24 V- 1f X Fe AHADL B
di dy d3 dy ds —0.905 0.563 1
romeo 1 0 1 0 O
juliet 11 0 0 O —0.717  0.905
hagpy © 1 O 0 0O —0.407 0.541
domer D 1 1 0 B . —1.001 0.742 —0.311 —0.407 —0.594 —0.603 —0.143
o 0 0 0 1 6 = —0603 —08695 0.363 0541  0.200 —0.695 —0.229
de 0 0 1 1 0 —1.197 —0.494
free 0 0 0 1 0 —0.603 —0.695
new-hampshire 0 0 0 1 1 |_0.745 —0.925
« . ”y \ — . |—1.001-1.197 0.742-0.494
dies, dagger ;@Mi%/j:jq[ 7 AT ]=[—1.099,0.124]
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A5 [ 8 Ay B ) 8 HLIE A2

di dy d3 dy ds ) h
romeo 1 0 1 0 O —0.396 0.280
juliet ' 1 1 0 0 O —0.314 0.450
happy 0 1 0 0 O —0.178  0.269
dagger 0 1 1 0 0 =~ —0.438 0.369 2.285 0 —-0.311 -0.407 -0.594 -0.603 —0.143
liwe 0 0 O 1 O —-0.264 —0.346 0 2.010 0.363 0.541 0.200 —-0.695 —0.229
die 0 0 1 1 O —0.524 —0.246
free 0 0 0 1 O —0.264 —0.346
new-hampshire 0 0 0 1 1 | —0.326 —0.460 |
8Xx 54 % 8x 245 f% 2X 255 [ 2 X545 %
€ e » I N Yy, Y, =, v
K1, d5. “dies, dagger” 4} B3 BUR2AE IR, T 20 T X AL E
d dy d3 dy ds [ —0.396  0.280 ]
romeo 1 0 1 0 O _0'314 0'450
guliet ' 1 1 0 0 0 —0.178 0.269 v
dagger 0 1 1 0 0 = | 1964 _0.346 0.730 1.087 0.402 —1.397 —0.460
live 0 0 O 1 O _0.524  —0.246
die 0 0 1 1 0 —0.264 —0‘346
free 0 0 0 1 O _0.396  —0.460
new-hampshire 0 0 0 1 1 - ’ ’ -
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di dy d3 dy ds )
romeo 1 0 1 0 O —0.396 0.280
juliet ' 1 1 0 0 O —0.314 0.450
happy 0 1 0 0 O —0.178  0.269
dagger 0 1 1 0 0 =~ —0.438 0.369 2.285 0 —-0.311 -0.407 -0.594 -0.603 —0.143
live 0 0 O 1 O —-0.264 —0.346 0 2.010 0.363 0.541 0.200 —-0.695 —0.229
die 0 0 1 1 O —0.524 —0.246
free 0 0 0 1 O —0.264 —0.346
new-hampshire 0 0 0 1 1 | —0.326 —0.460 |
8Xx 54 % 8x 245 f% 2X 255 [ 2 X545 %
€ g » I N Yy, Y, =N v
Ked1, d5. “dies, dagger” 4} B3 BUR2AE AL, P24 T A oA DL
d dy dy dy s [ —0.396  0.280 ]
romeo 1 0 1 0 O _0'314 0'450
jubiet 110 00 0178 0.269 ’
dagger 0 1 1 0 0 = | ;o051 (346 0.730) 1.087 0.402  —1.397
live 0 0 O 1 O L0524 —0.246
die 0 0 1 1 0 —0.264 —0.346
free 0 0 0 1 O 0326 —0.460
new-hampshire 0 0 0 1 1 - ’ ) -

d1ip R A[—0.711,0.730], d5il3RsR[—0.327, —0.460]
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d1: Romeo and Juliet.

d2: Juliet: O happy dagget!

d3: Romeo died by dagger.

d4: “Live free or die”, that’s the New-Hampshire’s motto.
d5: Did you know, New-Hampshire is in New-England.

#ifidl, d5. “dies, dagger” 43 B Bh AR Al &, &A% A] A
A d1 a8 5 “dies, dagger” |nj & H 2P

“dies, dagger” iE L F 7 H[—1.099,0.124]
A1 7R [—0.711,0.730], d53E 37 H[—0.327, —0.460]

AJSE T ) e A R AR AL
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“dies, dagger” iE L F7m H[—1.099,0.124]
A1 {0l m A [—0.711,0.730], \de&q’L)i%iﬁb[—O.BZZ —0.460]

.......... o juliet

® romeo ... ® happy
®dss | el

Qq ...............
............ o }El:‘“‘
0
) st
® live; free
""ne“—i-‘ﬁ—amshire

- L

di5q (RP“dies, dagger”) %A kb d55q (Bi“dies, dagger”) WA /I
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d1: Romeo and Juliet.

d2: Juliet: O happy dagget!

d3: Romeo died by dagger.

d4: “Live free or die”, that’s the New-Hampshire’s motto.
d5: Did you know, New-Hampshire is in New-England.

WIRIM R “dies, dagger”, ZUANAR

dagger e
R B HE B X A SO AR S e
* dagger .41
romeo e ?.ﬁappy
a1 b2 HE 5 B I S -
i
® die . »d5
* ‘I_i_\_(e-,-‘ffé‘é

0_‘pew'-'hﬂémshire

¢ d4
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data 1 2 1 5 0 0 O
info 117 2 1 5 0 0 O
retrieval |1 2 1 5 0 0 0
bain 1000 0 0 2 3 1
o lop0 00 2 3 1
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0.71-

>> [U S V] = svd(A)
U=
-0.5774 0 -0.8165 0 0
~ N N ~0.5774 0 0.4082 o -0.7071
}i\ZFH: 7’%&%)(5}*}? 0'577; -0.7072 0'4083 0.7072 0'707;
0 -0.7071 o -0.7071 [}
S =
9.6437 ) ) ) 0 ) )
@  5.2915 ) ) 0 0 )
0 o  0.0000 ) 0 0 )
0 ) ) ) [} ) )
daa 112 1 5 0 0 0
nfo 12 1.5 0 0 0
retrieval [1 2 1 5 0 0 0 0,359 o 02735 -0.4761 -0.0547 07141 -0.2380
brai o080 o o6 ol 137 0215 0.0
ran -0. . . -0. . .
00 00231 SR B
lung _0 O O 0 2 3 1_ 0 -0.2673 0 -0.1429 @ -0.2143  0.9286
0.58 0 1
0.58 0
~ |08 0 [9.64 0 ”0.18 0.36 0.18 090 0.00 0.00 0.00
~ [ ]
0 5.29
0
0
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data 112 1 5 0 0 0
info- 112 1.5 0 0 O
etrieval [1 2 15 0 0 0 T L IR R e Em o
brai s o oo ol -0 0193 ol
ramn -o. . . -0. . .
000 0 231 T i S R
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ERxtir B, KIESHREIMIA (fine-tuning) {HHE K& 4RI it i)
> GPT-ARZAEFLEHAZH 100+)2

max log (pdn({}’i}iel)l{xi}iel)))

& max log (P¢O+Acb({}’i}iez>|{xi}ieD))

AD 55 OATHH [A] ) 4E5L
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ERxtir B, KIESHREIMIA (fine-tuning) {HHE K& 4RI it i)
> GPT-ARAFLETA S 10042

max log (Pqn({}’i}iez)|{xi}ie2>))

— max log (P¢O+Acb({}’i}iez>|{xi}ieD))

AD 55 OATHH [A] ) 4E5L

> &G, (Low-Rank Adaptation) %0 SRR FH AR ARG AR B 465 A8~
WA P 2INGESHEIAP(0) L AP, BIZE REAn KAL) 8

mé’:lX log (pCI>0+ACD(®)({yi}iED|{xi}ieD))
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Lora: Low-rank adaptation of large language models I CLR, 2
EJ Hu, Y Shen, P Wallis, Z Allen-Zhu, Y Li, S Wang, L Wang, W Chen

arXiv preprint arXiv:2106.09685, 2021 - arxiv.org

An important paradigm of natural language processing consists of large-scale pre-training
on general domain data and adaptation to particular tasks or domains. As we pre-train
larger models, full fine-tuning, which retrains all model parameters, becomes less feasible.
Using GPT-3 175B as an example -- deploying independent instances of fine-tuned

models, each with 175B parameters, is prohibitively expensive. We propose Low-Rank
Adantation or! nRA

which free7zee the nre-trained mode!l weinohte and iniecte trainable
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Lora: Low-rank adaptation of large language models 5
EJ Hu, Y Shen, P Wallis, Z Allen-Zhu, Y Li, S Wang, L Wang, W Chen ICLR 22
arXiv preprint arXiv:2106.09685, 2021 - arxiv.org ,—(—\
Add & Norm
An important paradigm of natural language processing consists of large-scale pre-training Feed
on general domain data and adaptation to particular tasks or domains. As we pre-train Eouad
larger models, full fine-tuning, which retrains all model parameters, becomes less feasible. N “_I Add & Norm
Using GPT-3 175B as an example -- deploying independent instances of fine-tuned ) aod ‘f e Masked
models, each with 175B parameters, is prohibitively expensive. We propose Low-Rank it B e
Adantation or! oRA which free7es the nre-trained mode! weicohte and iniects trainahle Q ’ AL F)
—— J )
SHOW MORE v Positional ) @ Positional
Encoding Encoding
Y¢ Save 99 Cite Cited by 3863 Related articles All 8 versions 99 = Outoot
I Embedding I Embedding
Inputs Outputs
(shifted right)
hC————
YR == TR 0 —
A TR FIEZ BRI IE A B G Transformer

Pretrained
Weights

FIgM—Z, fiARx € R Kidihh € R

N

x———

Figure 1: Our reparametriza-
tion. We only train A and B.
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Lora: Low-rank adaptation of large language models 5
EJ Hu, Y Shen, P Wallis, Z Allen-Zhu, Y Li, S Wang, L Wang, W Chen ICLR 22
arXiv preprint arXiv:2106.09685, 2021 - arxiv.org ,—(—\
Add & Norm
An important paradigm of natural language processing consists of large-scale pre-training Feed
on general domain data and adaptation to particular tasks or domains. As we pre-train Eouad
larger models, full fine-tuning, which retrains all model parameters, becomes less feasible. N “_I Add & Norm
Using GPT-3 175B as an example -- deploying independent instances of fine-tuned ) aod ‘f e Masked
models, each with 175B parameters, is prohibitively expensive. We propose Low-Rank it B e
Adantation or! oRA which free7es the nre-trained mode! weicohte and iniects trainahle Q ’ AL F)
—— J )
SHOW MORE v Positional ) @ Positional
Encoding Encoding
Y¢ Save 99 Cite Cited by 3863 Related articles All 8 versions 99 = Outoot
I Embedding I Embedding
Inputs Outputs
(shifted right)
hC————
YR == TR 0 —
A TR FIEZ BRI IE A B G Transformer

Pretrained
Weights

FIgM—Z, fiARx € R Kidihh € R

N

x———

h = Wx

Figure 1: Our reparametriza- HibW e RAxk
tion. We only train A and B. Hr
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Lora: Low-rank adaptation of large language models 5
EJ Hu, Y Shen, P Wallis, Z Allen-Zhu, Y Li, S Wang, L Wang, W Chen ICLR 22
arXiv preprint arXiv:2106.09685, 2021 - arxiv.org ,—(—\
Add & Norm
An important paradigm of natural language processing consists of large-scale pre-training Feed
on general domain data and adaptation to particular tasks or domains. As we pre-train Eouad
larger models, full fine-tuning, which retrains all model parameters, becomes less feasible. N “_I Add & Norm
Using GPT-3 175B as an example -- deploying independent instances of fine-tuned ) aod ‘f e Masked
models, each with 175B parameters, is prohibitively expensive. We propose Low-Rank it B e
Adantation or! oRA which free7es the nre-trained mode! weicohte and iniects trainahle Q ’ AL F)
—— J )
SHOW MORE v Positional ) @ Positional
Encoding Encoding
Y¢ Save 99 Cite Cited by 3863 Related articles All 8 versions 99 = Outoot
I Embedding I Embedding
Inputs Outputs
(shifted right)
hC————
YA L —
KRGS BRI EEA BT
A TR B ERI A Transformer

Pretrained
Weights

FIgM—Z, fiARx € R Kidihh € R

N

x———

h=Wx= (W, +AW)x

Figure 1: Our reparametriza-

H dxk
tion. We only train A and B. 7N Eljw' Wy, AW € R
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Lora: Low-rank adaptation of large language models I LR, 2
EJ Hu, Y Shen, P Wallis, Z Allen-Zhu, Y Li, S Wang, L Wang, W Chen C
arXiv preprint arXiv:2106.09685, 2021 - arxiv.org ,—(—\
) ) ) ) - Add & Norm Multi-Head
An important paradigm of natural language processing consists of large-scale pre-training Feed Attention
on general domain data and adaptation to particular tasks or domains. As we pre-train Eouad Nx
larger models, full fine-tuning, which retrains all model parameters, becomes less feasible. N _I Add & Norm
Using GPT-3 175B as an example -- deploying independent instances of fine-tuned ) aod ‘f e Masked
models, each with 175B parameters, is prohibitively expensive. We propose Low-Rank it i
Adantation or! oRA which freezee the nre-trained mode! weichte and iniecte trainable Q ’ (% F)
—— J )
SHOW MORE v Positional ) @ Positional
Encoding Encoding
Yr Save P9 Cite Cited by 3863 Related articles All 8 versions 99 Jnput Output
I Embedding I Embedding
Inputs Outputs
(shifted right)
hC————
YA L —
KRGS BRI EEA BT
A TR B ERI I Transformer

Pretrained
Weights

ZRMGHH—Z, Wi\ Ax e RE #HiHihh e RY

>t < h=Wx = (W, + AW)x = (W, + BA)x

Figure 1: Our reparametriza- +H dxk dXxr rxk :
tion. We only train A and B. KW, Wo, AW € R™*, B € R®™, A € R (r « min{d, k})
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max log (pCDO+ACI>(G))({yi}iED|{xi}ie7)))

Pretrained

S BEREE S, WA € R ilih € R

N

%

x———

Figure 1: Our reparametriza- +H dxk dXxr rxk :
tion. We only train A and B. KW, Wo, AW € R™™, B € R™", A €R (r < min{d, k})

h=Wx = (WO + AW)x = (WO + BA)x

Sepr R BN HR S BN

O] =2 x Liora X dmodel X 7, where Lzopa is the number of weight matrices we apply LoRA to.






