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Fig.1 Knowledge embedding in Euclidean Fig.2 Knowledge embedding in Hyperbolic
space. As the tree-like graph embedded in space. Each line segment in a Poincaré
Euclidean space spreads, the edge nodes disc has the same length, e.g. a and b.
get closer to each other, leading to Thus the relative positions of the nodes
semantic distortion of the structure. can be properly modeled.
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Fig.3 Model Framework
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Fig.4 Entity Llnklng and Hyperbolic Embedding
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[2] Chami, Ines, et al. "Low-dimensional hyperbolic knowledge graph embeddings." arXiv preprint arXiv:2005.00545 (2020).
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Hyperbolic Hypergraph Reasoning Network

T T M N\
L I
| | Stage 1 Stage 2 Stage n j
+» |
(— I D T J
S rimiablo Gurvamre . T || Detail of Transformer:
|| (Z=) () | |
Bz o AR P T O . FRE
% fp % g___ f-: g :-:? i - Qr = E*W Qk,f&q = F1N Kq,Vq = FI Vi (7)
l ; B ‘m 4 Qo 7 [ r > - r r o T
= < @ 8 o FE 4| Qq = EWy,; Ky = E*Wy,; Vi = E*Wy,, (8)
1R e P =|!
13 S 1 S . - :
lic 2 = & = | where the multiplication in hyperbolic space:
..... g 2 e =
g i g
7" 28 e | W ®° x = expg (W logg () - (9)
g8 S
O s — " b
Word list

H—- T H ): logarithmic map T H — H  :exponential map

Fig.6 Hypergraph Construction
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» Main Experiments ) TSN EOIN (N AR
Hyperbolicity 5=1.5 Original (ORG) Paraphrased (PRP) Kl ER
1-hop 2-hop 3-hop 1-hop 2-hop 3-hop
BLSTM - - - - - - 51.0
GCN (Kipf and Welling, 2016) 65.7 674 669 658 675 67.0 66.7
GGNN (Li et al., 2016) 729 745 740 729 746 741 73.8
MeMNN (Sukhbaatar et al., 2015) 781 778 76.1 78.0 78.1 76.0 77.3
HAN (Kim et al., 2020) w5 TI5 T2 T Ti4: T8 TI3
BAN (Kim et al., 2018) 835 840 837 837 843 838 838
HyperTransformer (Heo et al., 2022) 88.1 902 910 8/8 905 9.7 897
DSAMR (Sun et al., 2024) 89.1 910 911 89.0 90.7 911 90.3
HyperMR 90.7 919 919 90.7 91.7 91.7 914

Tab.1l The accuracy of advanced methods for various types in Knowledge-aware VQA dataset.
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PathQuestion PathQuestion-Large
Hyperbolicity 5 PQ-2H PQ-3H PQ-M Mean PQL-2H PQL-3H PQL-M Mean
0=2 0=2 0=2 0=0 o=1 -

Seq2Seq (Sutskever et al., 2014) 89.9 77.0 - - 71.9 64.7 - -
MemNN (Sukhbaatar et al., 2015) 89.5 79.2 86.8 85.2 61.2 53.6 55.8 56.9
KV-MemNN (Miller et al., 2016) 91.5 79.4 85.2 854 70.5 63.4 68.6 67.5
IRN (Zhou et al., 2018) 96.0 87.7 - - 72.5 71.0 - -
Embed (Bordes et al., 2014b) 78.7 48.3 - - 42.5 225 - -
Subgraph (Bordes et al., 2014a) 744 50.6 - . 50.0 21.3 = -
MINERVA (Das et al., 2018) 75.9 71.2 73.1 734 71.8 65.7 66.9 68.1
IRN-weak (Zhou et al., 2018) 91.9 83.3 85.8 87.0 63.0 61.8 62.4 62.4
SRN (Qiu et al., 2020) 96.3 89.2 89.3 916 78.6 775 78.3 78.1
HyperTransformer (Heo et al., 2022) 96.4 90.3 895 921 90.5 77.9 94.5 87.6
DSAMR (Sun et al., 2024) 98.4 91.1 91.7 937 95.6 81.7 98.8 92.0
HyperMR 96.2 90.5 89.5 921 96.3 83.7 98.9 93.0

Tab.2 Accuracy of advanced methods under PathQuestion and PathQuestion-Large datasets.

PathQuestion PathQuestion-Large

KVQA
PQ-2H PQ-3H PQ-M PQL-2H PQL-3H PQL-M

# Entities 1,057 1,837 2,257 5,035 6,506 6,506 39,414
# Relations 14 14 14 364 412 412 18

# Knowledge facts 1,211 2,839 4,050 4,247 5,597 9,844 174,006
# Words 1,180 1,929 2407 5,505 7,001 7,034 63,164
# QA pairs 1,908 5,198 7,106 1,594 1,031 2,625 183,007
# Answers 305 1,009 1,107 380 292 438 19,360

Tab.3 Statistics of benchmark datasets.
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Original (ORQG) Paraphrased (PRP) KA
1-hop 2-hop 3-hop 1hop 2-hop 3-hop
Single space w/ fixed curvature 902 912 915 901 912 914 909

Single space w/ trainable curvature 90.5 916 917 905 915 915 912
Multiple space w/ trainable curvature 90.7 919 919 90.7 91.7 91.7 914

HyperMR by hyperboloid 843 850 852 837 869 856 851

Tab.4 Ablation study results for the KVQA dataset at different settings.

PathQuestion PathQuestion-Large
PQ-2H PQ-3H PQ-M Mean PQL-2H PQL-3H PQL-M Mean
Single space w/ fixed curvature 93.2 87.1 86.0 888 94.2 79.2 96.6 90.0
Single space w/ trainable curvature 94.2 87.7 90.1 90.1 95.1 81.3 97.5 91.3
Multiple space w/ trainable curvature  96.2 90.5 90.3 923 96.3 83.7 98.9 93.0
HyperMR by hyperboloid 84.8 81.4 82.1 82.8 94.4 78.9 954 89.6

Tab.5 Ablation study results for PQ and PQL datasets at different settings.
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