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Q(i): Equipped with strong modality encoders,
can MoRec be comparable to or even surpass IDRec in no—cold setting?
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Q(ii): Can the recent technical advances developed in NLP and CV
fields

translate into improvement in MoRec?
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O(iii): How can we effectively use the item modality
representations

derived from a pre—training NLP or CV encoder?
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Q(iv): Several key challenges that remain unexplored for
MoRec training.
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DSSM SASRec

Dataset Metrics Improv.

IDRec BERTy,e RoBERTap,se IDRec BERTg a1 BERThae ROBERTap,q
MIND HR@10 3.58 2.68 3.07 17.71 18.50 18.23 18.68 +5.48%
NDCG@10 | 1.69 1.21 1.35 9.52 9.94 9.73 10.02 +5.25%

IDRec ResNet50 Swin-T IDRec  ResNet50 Swin-T Swin-B

HM HR@10 4.93 1.49 1.87 6.84 6.67 6.97 7.24 +5.85%
NDCG@10 | 2.93 0.75 0.94 4.01 3.56 3.80 3.98 -0.75%
Bili HR@10 1.14 0.38 0.57 3.03 2.93 3.18 3.28 +8.25%
NDCG@10 | 0.56 0.18 0.27 1.63 1.45 1.59 1.66 +1.84%

MoRec vs IDRec (Regular Setting)



e Q(i): Equipped with strong modality encoders, can MoRec be
comparable to or even surpass IDRec in no—cold setting?
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e Q(iii): How can we effectively use the item modality
representations derived from an pre—training NLP or CV
encoder?

Dataset IDRec ME TS T5-DNN E2E

2 6 8 10 12
MIND 1771 BERT}.| 13.93 1520 1626 16.66 1632 16.14 18.23

ResNet50 | 4.03 464 540 539 540 502  6.67
Swin-T | 345 446 528 555 540 538  6.97

ResNet50| 072 1.23 162 147 128 124 293
Swin-T | 079 140 181 210 195 164 3.18

HM  6.834

Bili 3.03

E2E vs TS with additional MLP
layers
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e Q(iv): Several key challenges that remain unexplored for
MoRec training.

Dataset Method #Param. FLOPs Time/E MU GPU
IDRec 47M 012G 27m 3G  V100-32G(1)

vinp  BERTtiny 1M 063G 10m 4G  V100-32G(1)
BERT 1 | 35M 16G  42m  13G  V100-32G(1)
BERTh.e | 116M 107G 102m  52G  V100-32G(2)
IDRec 114M 1G 43m  5G  V100-32G(1)
ResNet18 18M 40G 95m 23G  V100-32G(1)

iy ResNetsd | 20M 81G  136m  30G  V100-32G(1)
ResNet50 31M 91G 83m 80G  V100-32G(4)
Swin-T 34M 96G  107m 157G  A100-40G(4)
Swin-B 94M 333G 102m 308G A100-40G(8)

The training cost of IDRec and EndZ2end
MoRec



e Q(iv): Several key challenges that remain unexplored for

MARaAar tvrainina

Dataset ME 5 E2E
w/0 w/  Improv. w/o w/  Improv.
MIND BERTp,e | 13.93 14.68 +538% 18.23 18.63 +2.19%
HM  MAEp, | 250 2.79 +11.60% 7.03 7.07 +0.57%
Bili  MAE;,. | 057 057  000% 3.18 3.17 -0.31%

Performing a second

round of pre—training
for ME
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(b) MoRec with Swin-T on HM.



e Q(iv): Several key challenges that remain unexplored for

LW [P I R T S
ID+TS
Dataset ME IDRec | TS w/o w/ Improv.
ADD CON ADD CON
MIND BERTyaee | 17.71 | 1393 16.10 17.20 17.66 17.57 -0.28%
HM Swin-T 684 | 345 575 489 537 540 -15.94%
Bili Swin-T | 3.03 | 079 3.01 261 3.02 286 -0.33%
ID+TS-DNN ID+E2E
TS-DNN w/o W/ Improv. | E2E W/o Improv.
ADD CON ADD CON ADD CON
16.66 1493 16.58 17.29 17.55 -0.90% | 18.23 16.25 17.12 -6.09%
5.55 527 400 477 511 -22.95% | 697 540 495 -22.53%
2.10 286 235 250 272 -561% | 3.18 294 255 -7.55%

co—training ID and modality.
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