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01. Research Background

* Multi-modal Knowledge Graph

* |Imbalance of Multi-modal Knowledge Graphs
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VQA: Who in this picture is Iron Man's friend?
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FND: The owner of Stark Industries is in the picture.
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ch.' Replace Thor in the picture with his brother.
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Multi-modal Knowledge Graphs

[Preprint] Knowledge Graphs Meet Multi-Modal Learning: A Comprehensive Survey
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02. Our Method

* Overview
* Adaptive Multi-modal Fusion

* Modality Adversarial Training
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Adaptive Multi-modal Fusion
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Overview of Our AdaMF-MAT framework
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I Multi-modal Feature Encoding

Encoding Visual and Textual Information for each entity

fo = ‘;‘ Z PVE(img;)

evzwv'fv+bv
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I Adaptive Multi-modal Fusion

* Get the joint embedding of each entity:

_ exp(w,, @ tanh(e,,)) €oint = Z o €
2 inem eXp(wn © tanh(en)) meM

* Triple plausibility

U,

F(hv r, t) — thoint oOT — tjoint”

* Training MMKGC model:

Lrge = = Z (— logo(y — F(h,r,t)) sz log o (F(h;,r.,t;) —*y))

71 (h,r,t)€T



I Modality Adversarial Training

» Multi-modal Embedding Generator
Gmn(es,z) = Wa - 0(W1 - [es;2] +b1) + bo

« Synthetic Embedding = Synthetic Entity - Synthetic Triples

* Adversarial Training Loss:

Lot = 3 (—logaly = F(h,r,1) > logo(F(h*,r", %) — )

T Sl
(€T Aot
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Algorithm 1: Pseudo-code for training
AdaMF-MAT
Input: A batch of training triple B sampled
The pseudo—code of our framework: from 7, the multi-modal information

of the entities’, the AdaMF model D,
the generator G.
Output: The MMKGC model D trained with
MAT.
1 for each triple (h,r,t) € B do
: : 2 // Training D
° M UItI_taSk Iearnlng 3 Get the jglnt embeddings hjointa tjoint-
4 Calculate the triple score F(h,r,t) and
the nagative triple scores F(h.,r.,t.).
5 | Calculate the kgc loss L.
6 Generate the adversarial example set S
with G.
7 Calculate the adversarial loss £,4,.-

miﬂ Ekgc + min ITN1aX Aﬁadv s | Calculate the overall loss Ligc + ALado-

D D (= o | Back propagation and optimize D.
10 // Training G.

11 Get the jOint embeddings hjointa tjoi'nt-
12 Generate the adversarial example set S
with G.

13 Calculate the adversarial loss L4, -

14 Back propagation and optimize G.

15 end

* lterative training for G and D
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03. Experiments and Evaluation

* Experiment Settings
* Main Results

* Further Exploration
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 Dataset: DB15K, MKG-W, MKG-Y
» Task: Link Prediction (Knowledge Graph Completion)
« Evaluation Metrics: MRR, Hit@K (K=1,3,10)
Tl 1
Table 1: Statistical information of the benchmarks. MRR =7 > =+ )
~ "1y, |

Dataset £ R| #Train #Valid #Test

DB15K | 12842 279 79222 9902 9904
MKG-W | 15000 169 34196 4276 4274 HitaK — 1
MKG-Y | 15000 28 21310 2665 2663 |

|7—£est |

Y (rni < K) + 1(rsi < K))
7;est| i—1
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 Link Prediction Results on Three MMKGs
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Vode DBISK MKGW T WKGY T

MRR Hit@1 Hit@3 Hit@10 | MBRR Hit@1 Hit@3 Hit@10 | MRR Hit@1 Hit@3 Hit@10
TransE 2486 12.78 3148 47.07 | 2919 21.06 33.20 4423 | 30.73 23.45 35.18 43.37
TransD 21.52 834 2993 4424 | 2556 1588 3299 40.18 | 26.39 17.01 33.60 40.31
Unimodal DistMult 23.03 14.78 26.28 39.59 | 20.99 1593 2228 30.86 | 25.04 1933 27.80 35.95
KGC ComplEx 2748 18.37 3157 4537 |2493 19.09 26.69 36.73 | 28.71 2226 32.12 40.93
RotatE 2928 17.87 36.12 4966 | 33.67/ 2680 36.68 46.7/73 | 3495 29.10 38.35 45.30
PairRE 31.13 21.62 35.91 49.30 | 3440 28.24 36.71 46.04 | 32.01 2553 35.84 43.89
GC-OTE 31.85 2211 3652 51.18 | 33.92 26.55 3596 46.05 | 32.95 26.77/7 36.44 44.08
IKRL 26.82 14.09 3493 49.09 | 3236 26.11 34.75 44.07 | 33.22 30.37 3428 38.26
TBKGC 28.40 1561 37.03 4986 | 3148 2531 3398 4324 | 33.99 3047 3527 40.07
Multi-modal TransAE 28.09 2125 3117 4117 | 30.00 21.23 34.91 44.72 | 28.10 2531 29.10 33.03
KGC MMKRL 26.81 13.85 350/ 4939 | 30.10 22.16 34.09 4469 | 36.81 3166 39.79 45.31
RSME 29.76 2415 3212 4029 | 2923 2336 31.97 4043 | 3444 31.78 36.07 39.09
VBKGC 30.61 19.76 37.18 49.44 | 30.61 2491 33.01 40.88 | 37.04 33.76 38.75 42.30
OTKGE 23.86 1845 2589 3423 | 3436 2885 36.25 4488 | 3551 31.97 37.18 41.38
KBGAN(Transk) | 25.73  9.91 36.95 5193 | 2947 2221 3487 4064 | 29.71 2281 34.88 40.21
KBGAN(TransD) | 23.74 9.34  33.51 47.94 | 29.67 2238 3524 40.80 | 28.73 20.99 3464 40.76
Negative MANS 28.82 16.87 3658 4926 | 30.88 2489 33.63 41.7/78 | 29.03 2525 31.35 34.49
Sampling | MMRNS(RotatE) | 29.67 1789 36.66 51.01 | 34.13 2737 3748 46.82 | 3593 30.53 39.07 45.47
MMRNS(SOTA) | 3268 23.01 3786 51.01 | 35.03 2859 3749 4747 | 3593 3053 39.07 4547
ours AdaMF 32.51 2131 3967 51.68 | 3427 2721 3786 4721 | 38.06 33.49 40.44 4548
AdaMF-MAT 35.14 2530 41.11 5292 | 3585 29.04 39.01 48.42 | 38.57 34.34 40.59 45.76
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I Further Exploration

 Imbalanced Link Prediction Results on DB15K
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Further Exploration

* Ablation Study Results

Model MRR Hit@1 Hit@3 Hit@10
AdaMF-MAT 3514 2530 41.11 52.92
S+V+T(Adaptive) | 33.19 23.08 40.34 52.47
AdaMF | StV+T(Mean) | 3257 2145 3971  51.68
wio MAT) | S*VWioT) | 3234 2184 3890 5076
S+T(woV) | 31.82 1963 3969 5251
V+T(Ww/0S) | 31.01 18.45 3938 5227
w/o (h*,r,t) | 34.64 2452 4098 52.49
MAT w/o (h,r,t*) | 34.65 2449 4113 52.61
w/o (h*,r,t*) | 34.61 2436 4098 52.65
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I Further Exploration

* Adaptive Weight Visualization
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04. Conclusion

e Conclusion

e Our Future Work
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I Conclusion

* |n this paper, we mainly discuss the problem of utilizing modal information in MMKGC and
propose a novel MMKGC framework called AdaMF-MAT to address the limitations of the
existing methods.

* Our method AdaMF-MAT employs adaptive modal fusion to utilize the multi-modal information
diversely and augment the multi-modal embeddings through modality-adversarial training.
Experiments demonstrate that AdaMF-MAT can outperform all the existing baseline methods

and achieve SOTA results in MMKGC tasks.
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» [SIGIR 2024] Multi-modal Knowledge Graph Completion in the Wild

* [Preprint] MyGO: Discrete Modality Information as Fine-Grained Tokens for Multi-modal

Knowledge Graph Completion

 [Preprint] The Power of Noise: Toward a Unified Multi-modal Knowledge Graph Representation

Framework

 [Preprint] Knowledge Graphs Meet Multi-Modal Learning: A Comprehensive Survey
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