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User Cold-Start Recommendation

A recommendation system

* Arecommendation system for
cold-start users, who only have a

few interaction histories.
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Modulation-Based
Embedding layer E: User&;eqfeat“res
(ui,vj) = E(uj,vj; OF).
Adaptation network A: C is number of adaptive
/ parameter groups

®; = {¢{<}£:1 = A(Si; BA)a
. AN
Predictor P: Support set: §; = {(Uj, yisj)}é'vzl

Ui,j = P((u;, Uq), ®;; 0p).




Multi-layer perception (MLP)

Madulation function
/

~hl =M, o)),
h'*1 = ReLU(WLH: + BbL)
o P P/

N

Learnable weights
at the Lth layer




Search Space

->FILM

h: =h' o ¢! + ¢2.

->ColdNAS
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Search Strategy

L
hi=,

min

0 op
i ' max
VA /\&
2 3
Rt ¢} PF . P¢ h' ¢ dF b P
(a) Original search space. (b) Transformed search space.

Original space size: 6C><L . » Transformed space size: 24XL
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Search Strategy Transformation

h; = min(max(h', ¢}), $?) © §? + ¢7, (7)

l

(1) min(max(h’, ¢11) + ¢? — ¢?, ¢;.1) ® ¢f equals to (7) where
Ol =L, 2 =gt — 92+ 93, $ = 93, % = (¢? - 97) 0 7

and
: [
(2) max(min(h" + gb}, ¢?), gb?) ® ¢;.1 also equals to (7) where

¢l =@ — ¢!, ¢ =9 — ¢!, §> = ¢}, ¢} = ¢! 0 ¢7.
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Construction of the Supernet

i_il,k+1 =a,l,k+1 (,;l,k 0 gk ¢£<+1)+(1_al,k+l)iil,k,

Weight to measure operation

(c) A layer in supernet.
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ColdNAS Algorithm

Input: Learning rate f, number of operations to keep K.
1: Construct the supernet by (8) and randomly initialize all pa-
rameters © = {{al k}k 1=’ Or,04,0p}.
while Not converge do
for Every T; € 7740 do
Calculate ®; by (1). -> A ]
Calculate 7; j for every v; in Q; by (2).
Calculate loss .L; by (10).
end for

L = |7—tram| errt Li ->Loss -
9.  Update all parameters © « © — fVg L1,

10: end while

11: Determine the modulation structure by keeping operations
corresponding to Top-K a’* and remove the others.

12: Construct the model with determined modulation structure
and randomly initialize all parameters © = {0, 04, 0p}.

13: Train the model in the same way as Step 2 ~ 10.

14: Return: The trained model.
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Dataset

Dataset # User (Cold) | # Item |# Rating | # User Feat. | # Item Feat.
MovieLens 6040 (52.3%) | 3706 |1000209 4 5
BookCrossing | 278858 (18.6%) | 271379 | 1149780 2 3
Last.fm 1872 (15.3%) | 3846 | 42346 1 1
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Baseline

* Dropout-Net
* MelLU
* MetaCS

Adaptive decoder g,
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Experiment

MSE,MAEE & TEIE I E B

E TR 2= (- > BT

NDCG {7 B2 A 51| R I AH Bl 14> = e

Dataset Metric | DropoutNet =~ MeLU MetaCS  MetaHIN TaNP ColdNAS-Fixed ColdNAS
MSE 10090(070) 95.02(0.03) 95.05(0.04) 91'89(0.06) 89'11(0.18) 9105(013) 87.96(0.12)
MAE 85.71(0.48) 77.38(0.25) 77-42(0.26) 75.79(0_27) 74.78(0_14) 75.65(0.30) 74.29(0.20)
MovieLens
nDCGs | 69.21(07) 74.43(0.59) 74-46(0.78) 74.69(0.32) 7560 ¢ 47) 75.11(0.09) 76.16(0.03)
nDCG5 68.43(0.48) 73.52(0.41) 73-45(0.56) 73.63(0_22) 74.29(0.12) 73.89(0.12) 74.74(0.09)
MSE 15.38(0.23) 15.15(0.02) 15'20(0.08) 14.76(0_07) 1475 (0_05) 1444(016) 14'15(0.08)
MAE | 3.75¢.01)  3.68(0.01) 3.66(0.01) 3-50(0.01)  3.48( 1) 3.49(0.02) 3.40(¢.01)
BookCrossing

nDCG3 77.66(0.18) 77.69(0.15) 77.68(0.12) 77.66(0.19) 77.48(0_06) 77.65(0.09) 77.83(0.01)
nDCG5 80.87(0.15) 81.10(0.15) 80.97(0.09) 80.95(0_04) 8116(021) 8112(006) 81.32(0_10)
MSE 21'91(0.38) 21.69(0.34) 21.68(0_12) 21.43(0.23) 21.58(0.20) 2162(016) 20.91(0_05)
MAE 43.02(0.52) 42.28(1.21) 42'28(0.76) 42.07(0.49) 4215(056) 4232(034) 41.78(0.24)

Last.fm
nDCG3 75'13(0.48) 80.15(2.09) 80.81(0.97) 82'01(0.56) 8103 (0.36) 8077(032) 82.80(0_69)
nDCGs | 69.03(031) 75.03(0.68) 75-01(0.6a) 75:98(033, 75:98 0 41) 75.48(0.21) 76.77 (0.10)
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Modulation structure with Top4
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MO Ml M2 M3
. . o 0,1 0,2 0,3 1 1,1 2 3
MovieLens | min(max(h”, ¢.""), ¢.”") + ¢, h' + ¢, h h
BookCrossing min (h°, q)(i)’l) h' + ¢§’1 h © ¢?’1 + ¢?’2 h’
Last.fm h + ¢?’1 h! + ¢;’1 max (h?, ¢?’1) + ¢?’2 h’
ColdNAS-Fixed Ko ¢ + ¢)” hogr+¢"| Rog¢r+¢> |Rog¢ ' +¢°




Clock time

Clock time (min) | MovieLens | BookCrossing | Last.fm
TaNP 15.5 44 .2 4.1
ColdNAS Search 16.2 45.5 3.9
Retrain 12.7 35.5 3.5
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Testing MISE vs clock time
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(b) BookCrossing.
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— ColdNAS
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(c) Last.fm.
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Conclusion

* Propose a modulation framework called ColdNAS for
user cold- start recommendation.

* ColdNAS can efficiently find proper modulation
structure for different data, which make it easy to be
deployed in recommendation systems.




