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[1]. Su, Runze, et al. "Themes informed audio-visual correspondence learning." arXiv preprint arXiv:2009.06573 (2020).
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Table 1: Category for Modality Encoder

Modality ‘ Category | Related Works

CNN [5]. [33], [20], [69] [42], [57], [6], [4]. [31]. [29], [28], [14], [32], [34],

Visual Encoder ResNet [35], [44], [43], [36], [54], [49], [60], [59], [55], [17]
Transformer [7], [13]
Word2vec [33], [1], [49], [57]. [59], [55], [14]

RNN [62], [28]

Textual Encoder CNN [58], [4]
Sentence-transformer | [20], [67], [66], [42], [73]
Bert [35], [44], [30], [43], [36], [54], [7], [60], [38], [31], [13]
Other Modality Encoder ‘ Published Feature | [50], [67], [66], [65], [59], [55], [64]
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Wel, Yinweli, et al. "MMGCN: Multi-modal graph convolution network for personalized recommendation of micro-video." ACM MM. 2019.
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Zhang, Jinghao, et al. "Mining latent structures for multimedia recommendation." ACM MM. 2021.
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Sun, Rui, et al. "Multi-modal knowledge graphs for recommender systems." CIKM. 2020.

pplied Machine | earning Lab




IR E

itaFun.

» BI& (Fusion)

- BX: AEESHIEEEMMEERAARNE,

fusion K EHIZM ARG KR, BEIE
HHIRSEER

/\s/.
= DR

 FHRIE;FE ] (Coarse-grained Attention)
« FIE;FEES] (Fine-grained Attention)

« Z547F =77 (Combined Attention)

- Hfth5,% (Other Methods)

pplied Machine | earning Lab

N

lig

=S

|OOAO o)

Fused Feature

wl ]
v
(el®

v Fusion Method
eJe) [OOAO ol O ole O

©OOQO]I0OOQO] [OOOQ] Unimodal Feature

(b) Fusion



4%':‘?IE§E itaFun.

» BRIERES (Coarse-grained Attention)
- XEEENEE, TRENEREXNTFHNEREZERIXE
= TMFUN (SIGIR’23)
- FlAAttentionflHIR S EBIFRIEFE I BRI T R/RFL
s ST N AFIMEESEKAR S, BEHITESHIDERLEME

______________

. oLl =romiy . i ) Conwaste |
1[Leat = ! eep- —t : !
: & - NN HHHH—» =Y —»i HHHH‘;’ I Fusion " Loss !
I

L e e R - | : --§ , | |
_____________________________ et £ (Il S : |
If(l) Travel system sl:roller...‘I ______ T_ B | >
| protect form rain...' ' |Trans- I f 0] t
:(2) BoogmHead PaciGrip :—> formal |:||:||:||:|+§$PE; t X | - | _ : h — yh + ( ]_ - ll) h
:gzi)cift\;:;sélkaule Manhattan: T : ' ' "If Multimodal |
O e AR v ! o 7\ |__BPR Loss i

1 1 I 1
______________ : ' hE i / ! I
| | —Hl— i . :
1 1 X s X Fy I 1
l ' | GCN ! ! | :
I [}
I 1 I | L
' Quser Qitem | IIII — i ! : BRP Loss E

Attention Module Learning objective
Zhou, Yan, et al. "Attention-guided multi-step fusion: a hierarchical fusion network for multimodal recommendation.” SIGIR. 2023.
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Kim, Taeri, et al. "MARIO: modality-aware attention and modality-preserving decoders for multimedia recommendation.” CIKM. 2022.
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Liang, Jiahao, et al. "MMMLP: multi-modal multilayer perceptron for sequential recommendations." WWW. 2023.

pplied Machine | earning Lab



|

1SIE3ZH taFun.

1238 (Filtration)
- EX: TREIESFIEARSENRESERBEEP S ERIERS
= MCLN (SIGIR’23)
- WEFHESXARHEZ BERKER, &/ 7 XN RFFESIRIRE
- (FRRERFS KB HIRERAE

-

<~  Sample Pair Selection -1 Feature Embedding —>}€—— Causal Difference Learning —_——« Multir.nodal >l Pred‘ict.ion .and >
Fusion Optimization
xM
Interacted -1T--p -~ -~ -~-----"-—-""-""=""==""="="== N €y
item ) 3 E
A Han M)
07 A blue
@ -‘iﬁ\‘ Jjacket... = 0 /Jofo(\ : g g
@ 2 Jiit LB 2 | (g (2| e
1 Item i=(v,t) 3 I “ 3 “ ot
N 5 Vt I o E o L ) 4
o - O——® Y T S TN
- % Uninteracted 8 ! g 3 g . i
User u X item s I e 2 =
= K~ C Causal : Z "f[’: z
@ ﬁ) ol il Difference | o
T-shirt... o 4" - ) u
i ] 1
Item i*=(v* %) 7 FFN -
Basic guidance

Li, Shuaiyang, et al. "Multimodal Counterfactual Learning Network for Multimedia-based Recommendation.” SIGIR. 2023.
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Han, Tengyue, et al. "Modality matches modality: Pretraining modality-disentangled item representations for recommendation." WWW. 2022.
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Yi, Zixuan, et al. "Multi-modal graph contrastive learning for micro-video recommendation.” SIGIR. 2022.
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Zhang, Chao, et al. “NoteLLM-2: Multimodal Large Representation Models for Recommendation.” arXiv. 2024.
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