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* +  Fitness & Wellness
* Law & Government
«  Sports & Recreation
« Travel

F] F]

Sy
Wikipedia
Method Tail Head
Recall@10 | Recall@50 | Recall@10 | Recall@50
Baseline 0.0472 0.1621 0.0610 0.2273
FD 0.0474 0.1638 0.0593 0.2212
SO 0.0481 0.1644 0.0606 0.2268
Our method 0.0524 0.1749 0.0619 0.2283
AAI

Baseline 0.0475 0.2333 0.2846 0.4993
FD 0.0727 0.2743 0.2849 0.5069
SO 0.0661 0.2602 0.2879 0.5086
Our method 0.0720 0.2906 0.309 0.537

Table 3: Results of Wikipedia and AAI on tail and head item

slices.
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«  Travel
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Figure 6: Visualization of embeddings of goods in DIN.
Shape of points represents category of goods. Color of points
corresponds to CTR prediction value.



Follow-ups

S ALE

NANJING UNIVERSITY OF AtHIINALIFE 5 AN AS THENATIT S

 Deep Interest Evolution Network (DIEN)

(Output
Attention Score
MzﬁgLU./_D%Ls;g_@_@lJ
[PReLU/Dice (200@) |

IN
EEEEEEER

AUGRU i [Concat & Flatten)
~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ .f"._ —

(*) Inner Product h (T

&) Product
T T T T T T 1 Interest
| Auxiliary Loss ; [AUGRU [ AUGRU |+ .. —{ AUGRU |-———{ AUGRU | Evolving Laver
i 1 [} H
' Click Not Click !
E E “Attention” HAttentionI ﬂAttentionl HAttentionm Interest
E ./' /(' E t / t / t / f Extractor Layer
i H ] ' [ B ] am
im ] N ] |
i ' h(1 h 2 h T 1 h T
Ee(t+1) h(t) e(§+1)' E €D @ ( ) ( ) Behavior
- ! Neg | | GRU | | GRU | Layer
N — L___Sampling -

f e,(.l) TTR@ . el )
,,,,,, Embedding Layer )
t ) i f f t t
b(1) b(2) = b(T-1) b(T) Target Ad Context UserProfile
e Feature Feature

user behavior sequence



QKThH 20

kX1 tHE #X, 2024/11/11



7)) b ALY

Thanks




