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Table 2: The relative increase in AUC and GAUC metrics
when different attribution methods are leveraged.

Attribution Methods AGAUC AAUC
First-Click +0.18%  +0.07%
Linear +0.25% +0.09%
MTA +0.36% +0.09%
First-Click & Linear & MTA | +0.38% +0.14%

BN BAnE Z2EKIScalingt R
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CATHEIESHNBMMASMARORHN Z oA mE NS RINEE, SRAPEFEES

MUFEHNHIES, CATHE—12*=1679%ES.
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* fElLast-ClickfEN BArARMNFIRT, MALERAIGAUCIEIRBHBaseig0.51%, Mm%
FEZIEA PRI H(EAShared-BottomiEEVIZF0.31%.,

o EMTAER BAFAEMEIRN, MALERIAGAUCTHEITIEIRBaseiZ2FH0.75%, MEZ{EHEZE
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Table 3: CVR Ranking performance of MAL and baselines.
All values are percentages. The best results are highlighted
in bold and the second-best results are underlined.

Primary Target | Last-Click | MTA
Method/Metrics | GAUC AUC ‘ GAUC AUC
Base 0.7819 0.9110 0.7824 0.9042
Shared-Bottom [6] | 0.7843 0.9119 1 0.7858 0.9053
MMoE [23] 0.7825 0.9115 0.7844 0.9049
PLE [33] 0.7836 0.9117 0.7861 10.47%  0.9055 1(
HoME [36] 0.7825 0.9116 0.7846 0.9052
MAL (Ours) | 0.7859 tos1%  0.9123 t0.14% | 0.7873 tor5%  0.9061 to.21%
SRR EEITEE
JHRSEIS D

ARIETMALRBEBRNEL S ENEZ RafE, FATHIT T HRSZRDMN, SRUOTRA
T, XEHRNEZET AR X6,
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Table 4: Ablation experiment results. The last-click label is
used as the primary target.

Model | GAUC AUC
Base 0.7819 0.9110

MAL w/o CAT 0.7849 to03sz  0.9123 10.14%
MAL w/o multiple attributions | 0.7820 t0.01z 0.9110
MAL 0.7859 to.51z  0.9123 10.14%
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Figure 5: The increase in GAUC of different user groups
split by the increase in positive samples brought by multi-
atttribution learning compared to the baseline. The last-click
label is the primary target.
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Figure 6: The increase in AUC and positive samples brought
by multi-attribution learning across industries.
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Table 5: The AUC increase and the growth of positive samples
of representative industries.

Conversion Path | Industry #Pos. AUC
Large Home Appliances +70.63% +0.15%
Long Sports & Outdoors +61.32% +0.21%
Jewelry +50.15% +0.14%

Toys +34.26%  +0.06%
Short Pet Products +30.13% +0.06%
Flowers +25.39% +0.08%

T AUCIERESHRAEBRREXRR

4.2 E4A/BTIRER

BAERT SRALNELTMEA/BIRNERRE, SETELHAL, MALBERET
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