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1. Proposal

v User-oriented Recommender System (URS)

¢ Traditional Recommender Systems

* User's historical interests [internal interests]
— RS recommends to adapt the user’s current interests
- Passive Recommendation

Goal in commercial applications

* User's interestsS = & A[F4A] user/I S A LE 2 81 H itemsS AcceptotAl BtE= A,
— Customer[user] InteractionsS S7FA|Z 22t0| g
— URS: User's interests L 0f| A{2F RecommendationO| O| F A B2 E7t5.
— IRS H| k.
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1. Proposal

Influential Recommender System (IRS)

v Concepts
o Useru, item1
1. Objective Item 278 Target item, 2,
2. Influence path 278 .: Sequential list of carefully selected items
— user's historical interests £t & user's interests = ; = =&,

— User?| given objective item= £ 0I5t = 7 : Active Recommendation
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1. Proposal

Example with watching movies

Flg. 1.0 ’“Eilﬁﬁ'-“:f.
Tom2| A M0| The Matrix®| = Z}0FSE1, The Matrix?F Cameron® 2|3l directed =] &1 0 OF 2fL|C}
k2kA] Tom: Expedition: Bismarck — The Matrix — The Abyss O OF EFL|C},

: * |Interest CH&F (37FX])
Inception 0,

[Fantasy] Eric © Genre: Fantasy, Romance
' ] o Director: Cameron
@ The Matrix Expedition: Bismarck
[Fantasy] ] Tom * Arrows
o Solid arrows [2 4]: Users' viewing histories
The Abyss Roman Holiday - users’ chronological behavioral sequences
[Fantasy, [ ] Jenny

o Dash arrows [E4]: Users' influence path

The Terminator Before Sunrise * Objective item for user Eric: The Notebook

Fantasy, . . .
[Fantasy ] o Influence Path: Inception — The Matrix — The Abyss — The Terminator — Avatar

— Titanic = The Notebook

Avatar Titanic True Lies

[Fantasy, ‘ ‘ [ ] 1. Only Fantasy

7:|;'CI

2. Tom2 movie €38 — Tom's watching historyS recommendation

Source Code The Notebook
ERERY [ ]

: Fantasy + Cameron
— Fantasy + Cameron + Romance
— Cameron + Romance

Fig. 1. Illustration of Influential Recommender System. 3. Jenny2t movie @& — Jenny's watching history=S recommendation
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: Cameron + Romance
— Romance: Objective item
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1. Proposal

v Challenges
1. Influence Path

a. User's historical interestO| A L5 3£0| HO{LIH 2tE! for user's trust and

satisfaction
b. Objective itemOfl A &l == 3i0f &
2. Generation of influence path
* items?t2| sequential dependencies® £ &3l Of 2.
¢ = nextitem/action= user”} -{lEOﬂ AHO{ Tt items/actionsCll 45 2| =3[ 0F 2.
3. User's preference for external influence
* UserOtC 2|8 A0 it Mz 7t CHE. =, personal 2.
a. Extrovert®t external influencesOll & Al A| =5H= user
— influence path”I more aggressive™ + &
b. New interests=S 2=0}7| 0{2{F user
— influence pathS O Z= 4 A E A SHOF g
* Impressionability: External influence® CHSE0 userOtCH M £ CHE preferenceS
.

Sl Z2*4 - RN framework including PIM

1;\]\‘9 Hrasiu=diss
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1. Proposal

Idea

v Influential Recommender Network (IRN)

* Challenge 2: ltem'’s sequential dependencies= encoding 3 OF 2.

1. User-ltem interaction sequence: sequential T 2.
& NLP sentences: sequential T-Zt.

2. Items?t2| dependencies: 21 dtALE B 2| R+ items 2+ 1121,

& Words?F2| dependencies: 21 o HLE 22| = words 25 112
— NLP2| Transformer modeldt %3 0] FAL
— Transformer-based sequential model& 5. == IRN framework
Challenge 3: Each user0tCt 7l 212 & influence path 2 2.
— Item attention weights Al 4/2 I, user embedding= = O Of 2.

— Personalized Impressionability Mask (PIM)

1 1\5\ [H-?‘%:D}E,*Dlad
L Daegu Gyecngbu
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2. Influential Recommender System

v A. Problem Definition

21 | f2 | - |31 (D] 4 |l o | G =D it —’[ IRS J
Viewing history Sp A Objective
Append it after history¥ g 4_)
ik

[ 8 (%41 | .. | % Lf)]

Fig. 2. Illustration of the Influential Recommendation Process. /RS recursively
recommends a path item ¢; until reaching the objective item 7; or exceeding
the maximum length allowed. All the path items constitute the influence path

Sp-
e |IRSEIS 7|FECZ HH,

° Input: s, D sp

o output: &|F s,

1’ \IHS\T [H?%:II}EDIE.J
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2. Influential Recommender System

v Notation v Algorithm
. : ion: Simplicity= I3, user7t 25 ionsS acceptHCHTl 7}
o itemset: I = {iy,is,. .. i ) * Assumption: SimplicityS 2|3l user”7} recommendations= accept?CHil 71
o #ef= user’t recommendationS 2 1 item accept or rejectE 27
o Userset: U = {uj,ua,...,up } B
e F:Recommender function — learning Z 2.
- : : o , .z 7100 o AR A
o 57 user u0 CHE}, User-ltem interaction sequence: § = {i1,42,...,%,} C S, * 8y E71A empty set » TR AN
o Watching Movie2t 1 S}, A|ZEC] S & ¢, 1,. .., 1,00 CHE movies &=Af Algorithm 1 Generate influence path s, for user u
sequence 1: Imput: Interaction history s, the objective item é;, the
o Movie == item, watching = interaction maximum path length M
. 2: Output: influence path s
o =7 useruli CHEH setof 5: S, . p[ | P p
Sy =
* L= (useritem)O CHEH, interaction sequence set: S = LJ_U|ISu = 4- w?hile |8 | < M do
u— . Dl =
{s1,82,-., 55} 51 2= F(8heTes8p)
B 6: Sp=358p+1
o 57 user ut CHEH 7. if 7 is 7; then
o user's viewing history: s, = {i1,12,...,1, 1} means user's original interests 8: break
o Influence path: s, = {i;,4;11,...,1} 9 end if

10: end while

o Objective item: 2; means target item

10k

HEO0| 2= E =, 2T FE algorithm 10 AFS &,
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2. Influential Recommender System

Previous Trials (1)

2GS

Hra=1=di=sd
Daegu Gyeongbuk
Institute of Science & Technology

v B. Path-finding Algorithms as IRS

= Influence path generation == path-finding problem in Graph

e S, 25H graphs 12{0} 2.

o 55,9 last item= 2521l St &, i), = user2| recent interest 2.

o i, 2ti; AFOI2| pathE % OFOF & - path-finding algorithm AF-&.
o Jbeh HX AJHEl path-finding algorithm: Pf2Inf

¥ Pf2Inf algorithm example

Fig. 3. An example of Pf2Inf. Here we construct an undirected graph from 5
user-item interaction sequences (one color per user). The arrow indicates the
item order within a sequence.

Xl-%_

* iy = i1, = 111 2 M, shortest pathE influence path2 %

© 8 = {il}iﬁ:fal:ill}

10



2. Influential Recommender System

Previous Trials (1) v C. Adapting Existing RS with Greedy Search

v Pf2Inf THH.
1. 8,0 M items®| sequential patternsE T2 < 8iCkL

2. Sparse recommendation dataset®l| A, disjoint graphs /7| '& 24 St}

G

\ % <
> <
-4

Fig. 3. An example of Pf2Inf. Here we construct an undirected graph from 5
user-item interaction sequences (one color per user). The arrow indicates the
item order within a sequence.

fujo

o] 8% Sh — {i;;,i4,i1()},lt = 212a [[H Aot Sp% &S 4 gl
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2. Influential Recommender System

Previous Trials (2) v Pf2Inf's Alternative = Rec2Inf
* Greedy search strategy

1. Given sy, use existing RS /R — generate top-k recommendations set R =

R (Sh & S;u)

2. ltem embedding « e.g. item2vec

3. Calculate distance betw. item ¢ € R} and objective item %;

4. Choose the closest item ¢’ and then Add 7" into the s,

5. Repeat1-4
— End if 7; is added into the s,

v Rec2Inf's Limitations

1. Z} iteration® M distance 7t minimum ¢! item St s, 2 H3HE.
— local optimal selection
— global optimal influence path2fl = = 21 2.

2. Objective item iy 7} training process®l— Z2H=| X[ 3=
- RS7r O & Al7]0 Al=lE + Gl 2.
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2. Influential Recommender System

- [=H]Influence Path s, & 7.
* B&CO|M A|=3H graph-based model
— path-finding problem©| & sl 2 | X| 3=,
— graph-based model % 7|.

e [C}= Y72 5, N.N-based IRN.

he i'j‘]- UP2=Dies
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2. Influential Recommender System

Influential Recommender Network (IRN) o Tbabi“w —1 Next item

[ Softmax Layer ]

0\

From the idea, [ Linear Layer ]
- Transformer structure Decoding A
. Output h{‘ h%’ hs‘r‘ hi’ w |hE S—— T
- PIM for personalized ; (= tenin | ]
[ FFN 1 r’ Input

Lx T .irlir "’
Decoder | Add&Nom | ¢ [ T T T T I u
Layer 1‘ ,’ Wy | Wy | W e JWETy

Personalized Masked |’
Self-Attention e

t 4 4 :

Ty

Positional "
Embedding  Encoding | Linear Layer |
Layer |

[ ltem Embedding User Embedding

! 1
i1 |d2 | i3 |44 | o [
User u

Ttem Sequence (i = iy, )

Fig. 4. Overall framework of IRN. Given a sequence s = {41, ..., im } Where
the last item is the objective item (i = im ), IRN first embeds s into vectors.
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o . Then it learns the hidden representation of the input sequence with a stack

g UHr3=1E=EDIsE of L decoder layers. The self-attention la in the decoders i t
‘ Dacgu Gyeongbuk yers. - vers in the decoders incorporate a
Institute of Science &Technology specially designed Personalized Impressionability Mask to cater to users with

different acceptance of external influence.



2. Influential Recommender System

Influential Recommender Network (IRN) 3. Output layer: hidden states — S E2E
1. Embedding layer: input sequence — input vector Output PrObablhty
Positional T
Embedding  Encoding [ Softmax Layer ]
Layer T
~ ltem Embedding | —
A [ Linear Layer
11 |22 |23 |24 | ... |2 - di 4
1 |29 |23 | 24 = Decoding ALY
Item S .. Output Tl o Tl
2 tem Sequence (zt = zm) x
—
g 2. L decoder layers: Zf Z} self-attention layer & XHi, with Personalized Masking
Z
= Self-Attention T
v | S e
< [ FFN ] :I Input
> =t B '
<DE gexooder | g Hoow ‘ ;' ; . | - ]
— Layer 1‘ " ‘ uy, ] Wh ] Wy | }u;r.,
= [ Pea;odn:-h::::nﬁon J‘ slo Personalized
8 S~ Impressionability
t_‘f_f Mask (PIM)
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2. Influential Recommender System

Influential Recommender Network (IRN)

v 1) ltem Embedding

Positional
Embedding  Encoding
Layer

[ Item Embedding ]

A

il z.2 i3 Z'4 L Z‘m -

Item Sequence (i = ., )
* Embedding: item[discrete token] — vector [output]

e O] M transformer T-Z= 0| A ordering propertyS & 2| 7| 2|3H, Positional Encoding &

8.
e(ij) =TE[i;] + PE[j]ecR? forj=1,...,m (1)

o TE ¢ R¥*4: Token Embedding matrix [ltem embedding]
o PE ¢ R™*4: positional Embedding matrix [Positional Encoding]

- * Pre-trained embedding by item2vec model — better initial weights — better model
L performance

16



2. Influential Recommender System

Influential Recommender Network (IRN)

v 2) Decoder

* L/09l layers, input — 1st layer — 2nd layer — ... — L-th layer — output H' = FFN (AddNorm (Self-Attn (Hf—l))) (3)
o First decoder layer's input: H? = {e (i1),...,e (i,,)}
. Lot g TEO|A S ogpe e g
o Embedding sequence H” — Sequence of hidden states HL = {hf, ..., ht | 7200 Query, Key, Values:= =5 F

L

v PIME 12{3tX| BE%AS B %, [Not personalized]

Self-Attn (H') = Attention (H',H',H')

. hj: hidden state of ij « [history, target] 21, 29, . . . mij—la i (4)
QK*\1"
h; = Dec(h-;,h)  (2) Attention (Q, K, V) = {softmax ( o )] A\

e Each decoder layer: (I — 1)" layer?} ['" layerS update.
o Q:Query vector

H' = Self-Attn (H'")  (3) o K: Key vector
o V:Value vector
e But, & (3)2 Eal 42 Zd ZZ. Add&Norm, FFNO| I E|X| £ &.in Fig. 4. ¥ Personalized Impressionability Mask (PIM)
* self-attention layer®l & &
1. Which items can be seen by the attention layer

2. to what extent the item will be aggregated to produce the hidden states
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2. Influential Recommender System

Influential Recommender Network (IRN)

* w;: mask weight for 2;

Ml " » wy: mask weight for preceding history.
i | da | 3 im _ _ o
o j-throw:Onlyy,...,12; predicts 2.
iy | iz | i3 im
S Tl e wy > wpi O O R TIERIS RO 5w, 32 THEORA RNO| BAF Y
Bl el B " S 28 A MEU WEF SEAH2E ok 5]
(__,/"’”- ¢Inputx)
| | | [ | | | | | | |
wy, Wh wy | Wh o | WPy | |
uy wy Wh _wh Wy | | wy up . wti‘u_
wy wy | wWh _'wh wury Wy || wy Wy W . w;r.u_
wp, Wy | W Wy | W wp, wy | ] wh W W . . w;ru_
(a) The standard mask (b) The mask to reveal target (c) PIM
Fig. 5. Personalized Impressionability Mask (PIM). {71, ..., 4, } is the input
sequence, where the last item %,, is the objective item. (a) displays the
standard mask of the decoder. For example, at the second line where the model
predicts i3, only 71 and 72 (in blue squares) are perceived by the attention
layer while the follow-up items are masked. (b) displays the special mask to
reveal the objective, and (c) displays the PIM decided by the personalized
18

impressionability factor 7.
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2. Influential Recommender System

* UsersOtCH external influence®| CH 2+ acceptance’/I CHS. [Personalized Curiousness

of exploration]

o — |RNZ| aggressive 8 =8 o wy, =&,

e(u) =Uu]
r, = Wle (u) (5)

o e(u) € R?: embedding of user u
o U: user embedding matrix

o WVY. parameters of the linear transformation

Influential Recommender Network (IRN)
Decoding !
hl hL L |RE .. RL
Output 1]2)3[]4 hin Self—AttentionT
t | o
S I Input
I
Lx t | — — 1*
Decoder [ Add & Norm l ,’ J
Layer T , Wp | Wh | W e [WiTy,
Personalized Masked |’ A 1
Self-Attention ] Personalized
1~ Impressionability
Mask (PIM)
Ty
Positional
Embedding  Encoding [ Linear Layer ]
Layer I
[ Item Embedding ] [ User Embedding ]
: ]
11 |22 |23 |24 | o |t
User u

Ttem Seauence (44 = %m )

* 7|&: history & target

— Y

[ [ 1 I I [ L 1 [ 1
Wh A Wp wy | |
wy wy wy wy uy

|
wy w, | a Wp wy | wy wy | |
wh | wp | e | oy | wp | Wh | Wy v | W | |

(a) The standard mask

v PIM OE{TE|F A,

Hl

CH'3

Daegu G
Institute

DG\

h; = Dec (h.;,hy,7,)
= Self-Attn (H' *,r,) (%)

H' = FFN (AddNorm (Sclf-Attn (Hl_l, T'u)))

forl=1,...,L (6)

(=] A
2 A ZHS ()R .

* paper: Personalized term

(b) The mask to reveal target

2O0IM PIM & &Y. user-term@! 7, & &5, w, X r, AE.

I

I

I

|

wh WieTy | |
wy, | wy wyry | |
Wy | W | Wh WiTy | |
wy | wy | wy wyry | |

(c) PIM

19
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2. Influential Recommender System

Influential Recommender Network (IRN)

v 6) Output Probability

Output Probability —>

Next item

)

[ Softmax Layer ]

¥

[ Linear Layer

Decoding 4‘

A

p (i]i-;,4, u) = softmax (W”h;,’-“_l) (7)

e« W» ¢ R4 projection matrix

* IRN's Recommendation: probability dist. p (%;]i-j, %, u

influence path. at each step.

f\llj‘ Hrag=u=dIsE
w T \[:wi‘tegutéjo?%mpncp & Technology

) — item generating —

20



2. Influential Recommender System

Influential Recommender Network (IRN) v 7) Objective Function

for user u,

. e o . * sequence of items s = {i1,...,i,,} € 5,
- Learning: Loss& minimizeS}= parameter

- Inference: below algorithm iteration

If actual path s —» P (s]i;, u): maximized

PPL (s|is, u) := P (s|is,u) *: minimized
v Algorithm
* Assumption: SimplicityE ?I3H, user’t 2= recommendations= accept@Chil 7Hd L
o #ell= user/t recommendation=S £ 11 item accept or rejectS 28 PPL (f_h s i"-m‘i"-,{, u) — (H P (ij|i<;j} i, u)) (8)
» F:Recommender function — learning 2 2. i

o 5, 7|2 empty set » T XHAF.

: C ting= 7ol PPL (s|és, = log PPL (s|#;,u) | & AHE0HA,
Algorithm 1 Generate influence path s, for user u omputing= 174 (slie, u) 4 = log (slie, u) L& B

< 1: Input: Interaction history sj, the objective item é;, the m
: maximum path length M logPPL (¢1,...,tm|it, u) = —ZlogP (4j|i<j,1¢, u) : minized
@) 2 Output: influence path s,
O 4: while [s,| < M do o [}2}A Loss function@ 2 Cross-Entropy loss AFE.
n 5: z—f(sh,zt,sp)
<DE 7. if ¢ is iy then ‘S|ZZ ZIOEP (ij]d<j, 00, 1) (9)
= 8: break uell 528,
%) 9:  end if
8 10: end while o §— LJ Sug|n§ BE yser?t 124
sh50| 25 E £, XF FE algorithm 10 AFS & o Each user: multiple sequences “I's.
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3. Evaluation Metrics

Evaluation Metrics

» Success Rate (S512)7) measures the ratio of generated s,’s
that can successfully reach the objective item ¢; within the
maximum length M (as denoted in Algorithm 1):

|U|

Ry = \U\Z (i Ee (11)

» Increase of Interest (/o/);) measures the change of user’s
interest in ¢; after being persuaded through s,:

|
1
Toly = 7= (log P(iy|sp @ s,) — IOgP(iu‘Su))
0] Z« R c
(12)

where “4” refers to the concatenation of two sequences;

Target itemO| influence pathO| Z&HE
userS| ‘dSH|E

Influence pathZ 2t target item2| user

interest 2. [prob. ~ interest]

he I'- Q\F Ura=neoie
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3. Evaluation Metrics

Evaluation Metrics

o Increment of Rank (/oFR ;) measures the increase of the

ranking for i; after being persuaded through s,:
o - Target itemO| influence path0f] Z&H& j,

ToRy = |U|Z ( t|Sh © sp) — (i?ISE)) (13) target item2| ranking S7}&.
- RZO| ZOIFl A == ranking &7}

where R(i}|s}) denotes the ranking of the objective item

if based on P(if|s}).
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3. Evaluation Metrics

Evaluation Metrics

« Perplexity (PPL) measures the naturalness and smoothness
of the influence path s, that is, how likely the path can
appear in the viewing history. In our experiment, PPL is
defined as the conditional probability of that s, follows sj,:

|S'p| —ﬁ[
PPL(sp|sh) (H P(ik|sn ® Z<k))
k=1

14
2 ZlogPPL{ st|sh) (14)

|U| Ei

=10 ZZIOQP ik |Sh D icy)

u—1 k=1

log(PPL)
og( =10

- Influence path2| smothness

1’ \I.S‘T Hra=1=di=sd
L Daegu Gyeongbuk
Institute of Scuﬂncp & Technology
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3. Evaluation Metrics

Evaluation Metrics

performance of the evaluator using HR@20 (Hit Ratio) and
MRR (Mean Reciprocal Rank):

Ul
HR@20 = |U| Z 1(R(i%|sp) < 20)

IUI (18)

1 1
MRR = — e
U1 2= R

DG rzmoss

25
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4. Results

DS

TABLE IV

PERFORMANCE OF IRS IN TERMS OF NEXT-ITEM RECOMMENDATION.,

Dataset Lastfm Movielens-1M
Method HR@Q20 MRR | HR@20 MRR

GRU4Rec | 0.0392 0.0081 0.243 0.063

Next-item Caser 0.0460 0.0106 | 0.252 0.062
RS SASRec 0.0445 0.0097 | 0.257 0.062
Bert4Rec 0.0489 0.0199 | 0.264 0.081

GRU4Rec | 0.0387 0.0079 | 0.198 0.047

IRS Caser 0.0430 0.0102 | 0.250 0.061
SASRec 0.0437 0.0092 | 0.207 0.041

IRN 0.0458 0.0190 | 0.242 0.073

[H?%;IHEDI@.J

Dg(:v J‘

echnology
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