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The Netfix Prize seexs to substantially
improve the accuracy of predictions about
how much someone (s going to love a
movie based on thelr movie preferences.
improve it encugh and you win one (or
more) Prizes. Winning the Netfix Prize
improves our ability 10 connect peopie 0
the movies thay ove

Read the Rules 10 see what is required 10
win the Prizes. If you are interested in
joining the quest, you should regisier a
oam.

You should also read the frequentiy-asiked
guestions about the Prize. And check out
how various teams are doing on the
Leaderboard

Good luck and thanks for heiping!
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The Problem of Netflix Prize
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Low-rank Matrix Completion(LRMC)
Recall: &&E2| rankEt 2242112
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Low-rank Matrix Completion(LRMC)
Recall: E2Q| rankZt 22i217}?
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7l A= BSol=AE P, Q 71 EXHRLICE”

* Howard Anton, Robert C. Busby. Theorem 8.6.1. Contemporary Linear Algebra. ISBN 978-0-471-16362-6 Wiley.
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Low-rank Matrix Completion(LRMC)
low-rankZt 21717
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Low-rank Matrix Completion(LRMC)

Low-rank Matrix Completion for Netflix Prize
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Low-rank Matrix Completion(LRMC)

Low-rank Matrix Completion for Netflix Prize
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Low-rank Matrix Completion(LRMC)
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Low-rank Matrix Completion(LRMC)
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Low-rank Matrix Completion(LRMC)
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Low-rank Matrix Completion(LRMC)
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Low-rank Matrix Completion(LRMC)
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Low-rank Matrix Completion(LRMC)

Low-rank Matrix Completion2] £:&& 9|
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PQ(S) _ gij if (27]) - Q, ) Set of known entries

otherwise.
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Low-rank Matrix Completion(LRMC)

Low-rank Matrix Completion2] £:&& 9|
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Low-rank Matrix Completion(LRMC)

Low-rank Matrix Completion2] £:&& 9|
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PQ(S) _ gij if (27]) - Q, ) Set of known entries

otherwise.
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Low-rank Matrix Completion(LRMC)

Low-rank Matrix Completion2] £:&& 9|
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Low-rank Matrix Completion(LRMC)

Low-rank Matrix Completion2] £:&& 9|
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PQ(S) _ gij if (27]) - Q, ) Set of known entries

otherwise.
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OfzlA|= 0] 2M|= NP-Hard!
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Low-rank Matrix Completion(LRMC)

Low-rank Matrix Completion2] £:&& 9|

- K Pq(S)E F2l5HAL.

PQ(S) _ gij if (27]) - Q, ) Set of known entries

otherwise.

—

min [ Pa(PQ) — Pa(M)|}

2{L{77t 7|& 4|0|e & 72 & AHSI= Low-rank MatrixE &= A!

OfzlA|= 0] 2M|= NP-Hard!
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SVD Method
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SVD Method

Recall: Singular Vector Decomposition(SVD) O|2}?

-SVD: o & Af2 VM = UXNVIZ 2slish= it < MAS109 MCH7H A|ZHo]| HiS!
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SVD Method

Recall: Principal Component Analysis(PCA)
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SVD Method

Recall: Principal Component Analysis(PCA)

— prekof 22|71 lE M| EE entryE Z 11 S M,
rankZt rol HE M2 71 & AHSH= rank k HE S &0 A CHH?

. B 2 Al
min [ Po(PQ) — Pa(M)|J} = min | PQ — M}

)

U 2 VT
v = N
kx k kxn
Time complexity: O (mn~)
mxn




SVD Method

Principal Component Analysis(PCA)= AF2& 4= QiLt.

- HHAML EE entryE & = PCAE AFEE &= /X[,
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SVD Method

Principal Component Analysis(PCA)= AF2E 4= QiCt

- HHAML EE entryE & = PCAE AFEE &= /X[,
M2 ZH[0[A=HE M| YR HE A = OO Z PCA= AIEE 4= QiLt

sz tM 21| A Global minimume F16H= 2= NP-hardO|L}.
13 Local minimumO| 2t &OfOF SEX| Q4277172

— O%8H|? Alternating Minimization




SVD Method

Principal Component Analysis(PCA)= AF2& 4= QiLY.

- HHAML EE entryE & = PCAE AFEE &= /X[,
HERAE EX0A=HE M| LR HEOI L U002 PCA= AIEY = glCt.

- HHAM ZH|0| A Global minimum2 F+5t= 2X4|= NP-hardO|LCt.
13 Local minimumO| 2t &0[0f SFX| Q427172

— O%2H|? Alternating Minimization
NP-hard 2XIE & M Xt5= AH2E|= method & 5HLH EMT AM & SHLH




SVD Method

SVD using Alternating Minimization
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SVD Method

SVD using Alternating Minimization

1. PEX7|g} ot ->0|Z =™, random init.

2. P7t D™QI AEHOIM M 71E & MHSH= QS BT} > SVDE E 4= S (A HE).
3. QS DAAH =D M2 715 R MEHSH= pE 1SH |, > SVDE E & I%(OM o &H 4)
4, ety 77kX| BHESHCT

AHFE! Y P,QE SGDE ot off 2HEIf?



SVD Method

SVD using Alternating Minimization
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1. PE X7|3} 2t > 0|E =™, randominit.

2. P7t 01 MEHO|A M2 712 & MEHSH= QE 1oL > SVDE =& 5= US(SAr=HZ).
3. Q= N™AAH =1, M2 712 & MdHEH= PE A9 > SVDE E 4= US (AR A).
4, "< U 7HX| BE=FolCt,
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SVD Method

Algorithm
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. Input: observed set €2, values Pq(M)
. Initialize P° randomly.
: for t=1,--- 1"

Q"+ arg min |[Po(M — P Q)%
QERan

P! < arg min [|[Po(M — PQY)|%

. Return M = Pt



SVD Method

SVD Method= Local Optimumoi] b= 4= Htof| SAC}?

2013H0] Jain &2 [1] ==0i| A 3 7EX] 71 of2Hof| A
SVD Method= Local OptimumOi| BEX|X| &4=CH= 212 SHE.

(S22 2025 AW HRZI L))

Algorithm 2 AltMinComplete: Alternating minimization for matrix completion

1:
2:

Input: observed set €2, values Po(M)

Partition 2 into 21"+ 1 subsets (g, - - - , Q297 with each element of {2 belonging to one of the (;
with equal probability (sampling with replacement)

UV = SVD(%PQO (M), k) i.e., top-k left singular vectors of %PQO (M)

Clipping step : Set all elements of U° that have magnitude greater than 2’\")? to zero and

orthonormalize the columns of (7 0

: fort=0,---,T—1do

Vi« argming cgnxk || Py, (UVT — M)||%

~ ~ T

U+« argmingegmse [P, (U (V1) = M)|}
end for R
Return X = UT (V)T




SVD Method

SVD Method= Local Optimumoi| i} 4~ Htof| SACH?

2013H0]| Jain 52 [1] ==01|AM S ZHX[ 7} Of2H0f| A
SVD Method= Local OptimumOi| BEX|X| &4=CH= 212 SHE.

(S22 2025 AW HRZI L))

Algorithm 2 AltMinComplete: Alternating minimization for matrix completion

1:
2:

Input: observed set €2, values Po(M)

Partition 2 into 21"+ 1 subsets (g, - - - , Q297 with each element of {2 belonging to one of the (;
with equal probability (sampling with replacement)

UV = SVD(I%PQO (M), k) i.e., top-k left singular vectors of %PQO (M)

Clipping step : Set all elements of U° that have magnitude greater than 2‘\")? to zero and

orthonormalize the columns of (7 0

: fort=0,---,T—1do

Vi« argming cgnxk || Py, (UVT — M)||%

~ ~ T

U+« argmingegmse [P, (U (V1) = M)|}
end for R
Return X = UT (V)T

[[ —— P, | A — Q,V == I Pt -t 1 iterationd| A2 s po) Zf.



SVD Method
SVD Method= Local Optimumoi] b= 4= Htof| SAC}?
201390]| Jain 52 [1] =201l A = ZHX[ 71 Of2H0f| A
SVD Method= Local Optlmum01I kx| X| t=LCt= AS L.

(S22 2025 AW HRZI L))

2: Partition (2 into 21"+ 1 subsets (g, - - - , Qo7 with each element of {2 belonging to one of the (2

with equal probability (sampling with replacement)

HEA| MU= 2 2 X3t mini-batchZ of2t= 55



SVD Method
SVD Method= Local Optimumoi] b= 4= Htof| SAC}?

2013H0] Jain &2 [1] ==0i| A 3 7EX] 71 of2Hof| A
SVD Method= Local OptimumOi| BEX|X| &4=CH= 212 SHE.

(S22 2025 AW HRZI L))

:fox:\t:O,---,T—ldo R
Vi« argming cgnxk || Py, (UVT — M)||%

A ~ -'- A—lD:'—l— ° ° ° ° ° '
i+ Vm) )| M Mgt Alternating Minimization!

— argmingcrmxx HPQT_'_H_l(U(
. end for




SVD Method
SVD Method= Local Optimumoi| i} 4~ Htof| SACH?

2013H0]| Jain 52 [1] ==01|AM S ZHX[ 7} Of2H0f| A
SVD Method= Local OptimumOi| BEX|X| &4=CH= 212 SHE.

(S22 2025 AW HRZI L))

—

. U0 = SVD(I%PQO (M), k) i.e., top-k left singular vectors of %PQO (M)
2uv'k

. Clipping step : Set all elements of U° that have magnitude greater than NG to zero and

orthonormalize the columns of (7 0

x7|2HE SVD + Clipping2 0| 6l A & I,
SVD method”| &= Local Optimum2
Global Optimumoi| 23| 7H4CH



SVD Method
SVD Method= Local Optimumoi| i} 4~ Htof| SACH?

2013H0]| Jain 52 [1] ==01|AM S ZHX[ 7} Of2H0f| A
SVD Method= Local OptimumOi| BEX|X| &4=CH= 212 SHE.

(S22 2025 AW HRZI L))

—

. U0 = SVD(%PQO (M), k) i.e., top-k left singular vectors of %PQO (M)
2,u\/E

. Clipping step : Set all elements of U° that have magnitude greater than NG to zero and

orthonormalize the columns of 17 0

Srinadh Bhojanapalli(2016 NIPS) =22 Sl
O] 7|2} 2pH0| HR giz0| Al
-> Practical st2l= Random Initial PointE 6™ El.



SVD Method
SVD Method= Local Optimumoi| i} 4~ Htof| SACH?

2013H0]| Jain 52 [1] ==01|AM S ZHX[ 7} Of2H0f| A
SVD Method= Local OptimumOi| BEX|X| &4=CH= 212 SHE.

(S22 2025 AW HRZI L))

—

. U0 = SVD(I%PQO (M), k) i.e., top-k left singular vectors of %PQO (M)
2,u\/E

. Clipping step : Set all elements of U° that have magnitude greater than NG to zero and

orthonormalize the columns of 17 0

Srinadh Bhojanapalli(2016 NIPS) =22 Sl
O] 7|2} 2pH0| HR giz0| Al
-> Practical st2l= Random Initial PointE 6™ El.

* A https://github.com/JoonyoungYi/MCAM-numpy



https://github.com/JoonyoungYi/MCAM-numpy

Probabilistic Matrix Factorization(PMF)

Low-rank Matrix Completion2| &4 F L.

o Probabilistic Matrix Factorization(PMF)
o 2008 NIPSO| ZHHE=lI =2[2].
o X1 NIPSO|A= Matrix Factorization2 £, ICMLA| A= Matrix Completion@ £




Probabilistic Matrix Factorization(PMF)

Low-rank Matrix Completion2| &4 F L.

o Probabilistic Matrix Factorization(PMF)
o 2008 NIPSO| ZHHE=lI =2[2].
o E11: NIPSO| M= Matrix Factorization2 £, ICMLY| M= Matrix Completion2 2 B2 2= ASH0| /U S.

o MAP(Maximum A Posteriori) 27 0i|A| Low-rank Matrix Completion= £4Ad.
o 2|7} 253t RatingO| Low-rank StructureZ 0| 20X 101
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o Probabilistic Matrix Factorization(PMF)
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e Optimization Form2 = HFoi6IH LSt 23,

Pr[P,Q|M,Q, 0%, 0%, 0f
I%%X I'[ 7Q| y 3L, O 70-P70-Q]

o Given: M, Q, m,n

o hyperparameters: 0,0p,0(Q, k
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o 22|=0|0|CH32}Z 8Low rank A& &1 QU S.

Pr{M|P.Q.0%) = [] H[N[Mmczj, o),

P‘UP HN 10, UPH] PI’[@W@] HN[Qi|OaaéH]a
71=1

Q 1 (Zvj)EQ

0 otherwise.
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1 — 1
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1 — 1
argmax 2 LL PQ;) 952 ZPL’TP%' 22 ZQJQ;F
i=1 j=1 P =1 Q j=1
— arg max ——— |[Po(M — PQ)|% — ——|[P|% — —=[ Q|2
— alrg INax —
>PG 202170 B2 I T g2 HIF
arg min [|Pa(M — PQ)II% + S |12 + 2|02
— arg min — | |
g PO Q F 0_123 F O_é Ja

zargmin [Pa(M — PQ)||% + Ap||PlE + Aol QI

—argrgjlngPQ( ) — Pa(PQ) |7 HArIP|I7 + Ao llQl7

o| H2at X7}5HH noiseZt Gaussian Model! IS
.lEIoI- A OI}“ Ell

(\V)



Probabilistic Matrix Factorization(PMF)

Probabilistic Matrix Factorization(PMF)

ars I??a@x 202 L L ]”EJZ'(MM B Pi@j)z 202 Z PiTPi 202 Z @ Q;F
’ i=1 j=1 Fi=1 @ j=1
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Biased Matrix Factorization(Biased-MF)
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Biased Matrix Factorization

o Netflix Prize Winner2| O}0O|C|0{[3]: 0| H22} RX2| BiasE eH=2! sHEKAH
o EEY HEYI SSAIZ I SESH= o(Wx + b) HIA 2] bias term1t S !
o O|LNZ|E0| FA| 10% A = 8% kA2 7L

rot
18
ot



Biased Matrix Factorization(Biased-MF)

Biased Matrix Factorization
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Biased Matrix Factorization

o Netflix Prize Winner2| O}O|C|{[3]; 0|2 G2t} X 2Q| BiasE =2 S| 2 XH
o HEld UHERI SEAIZ I SESH= o(Wx +b) 0iAM2] bias termzt S &iot gt
° OlOE|'_TI_E_|§O|I'|X-”']O%OFAPSS%OI:AFO |-:|Q|'o!

¢ (Recall) PMF2| Optimization Form:

arg min ||Po (M) — Pa(PQ)IF + AplIPlF + AellQlF

—argrlglcgl (M — P; - Q;)% + Apl| P15 + AollQj5
(2,5)€Q

e Biased Matrix Factorization2| Optimization Form:
arg minP,Q’buser’b’i,tem Z (Mz] - ,U/ T b;ﬁser T b;tem T P’L ) Q])Q
(2,5)€Q2

2 2 2 2
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Biased Matrix Factorization(Biased-MF)

Implementation

u = tf.placeholder(tf.int32, [None], name='u')
i = tf.placeholder(tf.int32, [None], name='i')
tf.placeholder(tf.float32, [None]l, name='r"')

=
I

p = tf.Variable(tf.random_normal([N, K]l) / np.sqrt(N)) # p latent matrix
q = tf.Variable(tf.random_normal([M, K]l) / np.sqrt(M)) # q latent matrix
p_lookup = tf.nn.embedding_lookup(p, u)
q_lookup = tf.nn.embedding_lookup(q, i)

mu = tf.reduce_mean(r)

b u= tf.Variable(tf.zeros([N]))

b i = tf.Variable(tf.zeros([M]))

b_u_lookup = tf.nn.embedding_lookup(b_u, u)
b_i lookup = tf.nn.embedding_lookup(b_i, i)

b_ui = mu + tf.add(b_u_lookup, b_i_lookup)
r_ui_hat = tf.add(b_ui, tf.reduce_sum(tf.multiply(p_lookup, q_lookup), 1))



Biased Matrix Factorization(Biased-MF)

Implementation

reconstruction_loss = tf.reduce_sum(
tf.square(tf.subtract(r, r_ui_hat)), reduction_indices=[0])
regularizer_loss = tf.add_n([
tf.reduce_sum(tf.square(p)),
tf.reduce_sum(tf.square(q)),
tf.reduce_sum(tf.square(b_u)),
tf.reduce_sum(tf.square(b_i)),

1)

loss

tf.add(reconstruction_loss, lambda_value * reqularizer_loss)

tf.sqrt(tf.reduce_mean(tf.square(tf.subtract(r, r_ui_hat))))

rmse

optimizer = tf.train.GradientDescentOptimizer(le-4)
train_op = optimizer.minimize(loss, var_list=[b_u, b_i, p, ql)

- oiK|: https://github.com/JoonyoungYi/BiasedMF-tensorflow
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Neural Network Matrix Factorization(NNMF)
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o Biased MFO|M 0| AIEHA 2 Ef 1 20| A[AHEICE,
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Neural Network Matrix Factorization(NNMF)
Biased MFQ 2 ELE{ A|%t

o Biased MFQ| LatentVariableSS =H&sHAH

A

M;j = fBiased-MF (b7, 0™ P; - Q;)
— Mij = fo(0;", bﬁ-tem?Pz' - Q5)

fet4E Deep Neural Network= 1 A|!



Neural Network Matrix Factorization(NNMF)
Biased MFREEE] A| %t

o Biased MFQ| LatentVariableSS =H&sHAH

A

M;j = fBiased-Mr (b7, 07" P; - Q)
— Mij = fo(0;", bﬁtem,Pi - Q5)
= Mij = fo(B{*", B{*™, P; - Q)

Bias 0| sliiFol= Latent Variable2 scalardilA vector= 2H=H
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Neural Network Matrix Factorization(NNMF)
Biased MFQ 2 ELE{ A|%t

o Biased MFQ| LatentVariableSS =H&sHAH

A

M;j = fBiased-Mr (b7, 07" P; - Q)

s My = fo(ber b P Q)

— My = fo(B", B{™, P; - Q)

— M;; = fg(ster,B;tem,Pm -Qj1, -, Pip-Qjp)

o EHHIESRIA foE & AI7|7] I8t Loss Function CIXFR!:
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i i j j

(2,7)€Q

o T9IA: https://github.com/JoonyoungYi/NNMF-tensorflow
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Conclusion

3|
o SVD using Alternating Minimization

I;)l)ici[; |Pa(PQ) — Pa(M)||7

o PMF(Probabilistic Matrix Factorization)

. 9 2 2
arg min (Mi; — P; - Q;)" + Ap|| B3 + Aol|Q;]2
P,Q
(,7)€
e Biased-MF(Biased Matrix Factorization)
arg MiNp ¢ puser pitem Z (Myj — p = b = 0™ — Py - Q)7 + M| P15 + 1|Q;115 + (bi°7)% + (b™)?)
(1,7)€Q

o NNMF(Neural Network Matrix Factorization)
> (M — M2+ MDY B+ PIE+ > 1B ™ 1F+ ) 1Q;117]
1 ( J J

(2,7)€Q

A

M;j = fo(B*",BY*™ Pi1-Qj1, -+ ,Pip-Qj.p)
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