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Table 2: Results of effectiveness experiments on three different datasets.

Model Yelp Amazon Movielens
Prec@10 Recall@10 NDCG@10 Prec@10 Recall@10 NDCG@10 Prec@10 Recall@10 NDCG@10

BPR-MF 0.2793 0.4734 0.5996 0.0780 0.2897 0.3126 0.4864 0.1518 0.6964
NeuMF 0.2717 0.4463 0.5899 0.0811 0.2791 0.3164 0.6016 0.1710 0.7838
FMG;ank 0.2810 0.4749 0.6055 0.0788 0.2717 0.3120 0.5642 0.1460 0.7375
MCRec 0.2874 0.4642 0.6023 0.0753 0.2882 0.3048 0.5477 0.1477 0.7511
NeuACF 0.2928 0.4861 0.6215 0.0714 0.2686 0.2833 0.5855 0.1682 0.7719
GC-MC 0.2819 0.4750 0.5983 0.0799 0.2760 0.3026 0.4964 0.1508 0.7061
NGCF 0.2853 0.4803 0.6075 0.0754 0.2829 0.2953 0.5533 0.1662 0.7532
HAN 0.3102 0.4937 0.6227 0.0830 0.2872 0.3166 0.5770 0.1524 0.7681
DisenHAN(Ours) 0.3174 0.5117 0.6512 0.0859 0.3193 0.3451 0.6145 0.1761 0.8000
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TABLE II: Results of effectiveness experiments on three different datasets.

Dataset Domain Metrics Classical ' GNNs-based ' Cross-domain Ours
BPRMF+ NMF+ | PinSAGE+ NGCF+  LightGCN+ CMF CDFM  DDTCDR | DGML
POI HR@10 0.5516 0.6702 0.4815 0.4918 0.5736 0.7126  0.7067 0.7035 0.7139
Dianping NDCG@10 0.3765 0.4459 0.3214 0.3515 0.3865 0.4845  0.4820 0.4758 0.4996
Feeds HR@10 0.5160 0.5502 0.4933 0.5103 0.5291 0.6205  0.5924 0.6023 0.6533
NDCG@10 0.3289 0.3385 0.3099 0.3231 0.3330 0.4026  0.3896 0.3868 0.4307
Cell HR@10 0.3198 0.3632 0.3573 0.3203 0.3874 0.3924  0.3923 0.3701 0.3956
Amazon NDCG@10 0.1936 0.2131 0.2202 0.1947 0.2321 0.2358  0.2355 0.2207 0.2429
Elec HR@10 0.3381 0.3471 0.3647 0.3556 0.3848 0.4149  0.4015 0.3873 0.4235
NDCG@10 0.2022 0.2041 0.2140 0.2115 0.2295 0.2477  0.2415 0.2326 0.2557
Book HR@10 0.3199 0.4077 0.3768 0.3288 0.4034 04231 0.4224 0.3941 0.4262
NDCG@10 0.2073 0.2518 0.2270 0.1943 0.2494 0.2613  0.2612 0.2443 0.2643
Douban Movie HR@10 0.4050 0.4568 0.4742 0.4714 0.4853 0.4819  0.4695 0.4566 0.5093
NDCG@10 0.2485 0.2707 0.2841 0.2816 0.2870 0.2853  0.2806 0.2731 0.3011
Music HR@10 0.1385 0.1866 0.2129 0.1990 0.1889 0.1913  0.1618 0.1791 0.2198
NDCG@10 0.0730 0.1034 0.1097 0.1131 0.1033 0.1026  0.0903 0.0956 0.1179
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( B) Related Work

To tackle the salient object
detection, we follow recent
studies [X] to use fully
convolutional networks.

Experiments

Most recent works [X]
build models based on fully
convolutional networks that
make saliency prediction
over the whole image.

C

Introduction

We follow [X] to use the
default settings for these
metrics.

The convolutional neural
networks rose quickly to
solve the binary problems
such as salient object
detection [X].
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Table 1: Context generation performance comparison on our graph enhanced contextual citation dataset GCite.

Model Class Model BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L
Extradst-first 0.4767 0.3569 0.2347 0.1533 0.1106 0.0051 0.0910
Extractive Extradst-random  (.3840 (0.2899 0.1920 0.1254 0.1097 0.0056 0.0904
Extracite-random  0.5162 0.4002 (0.2855 0.2079 0.1699 0.0314 0.1375
Seq2seq 0.4883 0.3522 (0.2448 0.1750 0.1574 0.0404 0.1394
Seq-based PTGEN-Cross 0.3139 0.2343 0.1669 0.1234 0.1641 0.0417 0.1454
SciGEN 0.4959 0.3975 (0.2885 0.2110 0.1556 0.0102 0.1348
AutoCite 0.4696 (0.3348 0.2315 0.1650 0.1700 0.0375 0.1334
Graph-based GAT 0.5131 0.3818 0.2684 0.1937 0.1548 0.0382 0.1339
HGT 0.5252 0.3920 0.2758 0.1982 0.1555 0.0388 0.1359
DisenCite(Ours)  0.5418 0.4109 0.2951 0.2175 0.1756 0.0446 0.1515
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Table 3: Human evaluation compared with baselines. Av-
erage annotator agreement for three protocols: std=0.28,
Fleiss’ £=0.33 (within reasonable range).

Table 2: Position prediction performance comparison on our
graph enhanced contextual citation dataset GCite.

Model Micro-F11T Macro-FI17 HL|

Model Quality Consistency Section-Fit
FastText 0.7673 0.7310 0.3436 Extradst-first 1.60 0.41 0.48
CNN 0.7745 0.7398 0.3331 Extradst-random 1.55 0.38 0.50
GRU 0.7713 0.7436  0.3390 Extracite-random  1.48 0.45 0.52
SciBert 0.7644 0.7306 0.3046 Seq2seq 0.80 0.30 0.38
Specter 0.7785 0.7541 0.2955 PTGEN-Cross 0.81 0.31 0.46
GAT 0.7730 07415  0.3287 SciGEN .38 0.69 0.67
HGT 0.7891 0.7675 0.3040 AutoCite 0.83 0.48 0.62
DisenCite(Ours) 0.8004 0.7835 0.2923 GAT 1.06 0.65 0.62
HGT 1.13 0.76 0.93
DisenCite(Ours) 1.35 1.01 1.50
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Table 4: Comparison of generated citation contexts in different sections with ground-truth.

Introduction

Related Work

Experiment

Truth

Detecting visual relations between
objects and stuffs is an emerging re-
search problem that has drawn sig-
nificant attention recently.

It is pointed out that such relation
data would lead scene graph gen-
erators fitting to statistical counting
based on textual context instead of
understanding visual relations.

We train stacked motif networks
on vrr vg and matches the results
reported in [31] for object detec-
tor, scene graph classification and
scene graph detection.

DisenCite

Detecting visual relations has
drawn significant attention re-
cently.

Scene graph, which applies gen for
vision level scene graph genera-
tors, iIs a common way to parse
scene graph for language features.

In this work, we train on the relation
datasets that consists of annotated
scene graph, the images are used for
training and evaluations.
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