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algorithms. We...

[AAAI'19] Extracting CCGs for Plan Recognition in RTS

Games

Cited by: 2 « 2019-01-27
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[AAAI'19] Extracting Policies from Replays to Improve
MCTS in Real Time Strategy Games

In this paper we study the topic of integrating supervised learning models into
Monte Carlo Tree Search (MCTS) in the context of RTS games. Specifically, we
focus on learning a tree policy for MCTS using existing supervised learning

Pavan Kantharaju, Santiago Ontafién, Christopher W. Geib

Domain-configurable planning and plan recognition approaches such as
Hierarchical Task Network and Combinatory Categorial Grammar-based (CCG)
planning and plan recognition require a domain expert to handcraft a domain
definition for each new domain in which we want to plan or...

AT BT Loyt d ATTERRE
EWIEL
EBFIiE L

2020049-6

4 Paper Pal By “DXER" B

MW 22, Flininternational conference on
machine learning (ICML) 4 “machine

“

learning” , #¥ “machine learning” /E
o9 R AT R, SR AR
e R I B T A e
ICML, f), MRAEIA HAL & F %
2 WA 5ok R W, X8 2R
A R PER . R, AFEHE R
SR AR 516 S FAEE R DT A, T A
T L R LI WA R BRI UC D, FrLL,
AT B T S R A

2 F P B 2 ORI 16 ST
LA AGESCHY RS DU, e S0 E|
okt rh, Paper PalAR4EIESCHIFR SR
L TF-IDF RISV M A BEZ 6 SC AR L
WICH . AP AIEISSCAEE T (s

i), #E—HEEHEE LN SCHEMIEIS
. Paper PalZETMEGAER 136 i
FEIRET R I, B, HEATEREA
Bl — 8 H R H P R B IS A BE A o
MEGA Bl F 3 7200 G A 2 S A 12
W 25 25 M AR R, BB HY SRBE A 1Y T At
P, [FIRE AR S B i AE# . 2B/
TG Bl Y S T X 28 R BB R T MG 2R
SR RS W A A HERE S B, FTDUR IS
WS R A G EEEE G R
W EEARFRSAE, SEIAEIE ST
AR . LA A SR AT A
JleH

Paper Palth ¥ FRa i T Hr— &
FIAFFHECHR A, AR IR AN [F] A 58 T[]
R E RS AT R 43 (WE6HTR) .



TREND & 135

maal\Weisfeiler and Leman Go Neural: Higher-Order Graph Neural
Networks

— Christopher Morris, Martin Ritzert, Matthias Fey, William L. Hamilton, Jan Eric Lenssen, Gaurav Rattan, Martin Grohe « 2079-07-27

In recent years, graph neural networks (GNNs) have emerged as a powerful neural architecture to learn vector representations of nodes and
graphs in a supervised, end-to-end fashion. Up to now, GNNs have only been evaluated empirically—showing promising results. The following
work investigates GNNs from a theoretical point of view and relates them to the 1-dimensional Weisfeiler-Leman graph isomorphism heuristic
(1-WL). We show that GNNs have the same expressiveness as the 1-WL in terms of distinguishing non-isomorphic (sub-)graphs. Hence, both
algorithms also have the same shortcomings. Based on this, we propose a generalization of GNNs, so-called k-dimensional GNNs (k-GNNs),
which can take higher-order graph structures at multiple scales into account. These higher-order structures play an essential role in the
characterization of social networks and molecule graphs. Our experimental evaluation confirms our theoretical findings as well as confirms that

higher-order information is useful in the task of graph classification and regression.

I - T

1BENESTHRRE
[SDM'19] Multi-dimensional Graph Convolutional Networks
[CIKM"19] Graph Convolutional Networks with Motif-based Attention

[NIPS'19] On the equivalence between graph isomorphism testing and function approximation with GNNs

5 BNENFERE

NHERSE NEE  BESY PRSMSEY  ATINES

Computer Vision

COCO: COCO is a large-scale object detection, segmentation, and captioning dataset.

Google Open Image Dataset: a dataset consisting of ~9 million URLs to images that have been annotated with labels spanning over
6000 categories.

UMDFaces:UMDFaces is a face dataset divided into two parts: Still Images - 367,888 face annotations for 8,277 subjects and Video
Frames - Over 3.7 million annotated video frames from over 22,000 videos of 3100 subjects.

Youtube 8M: a dataset of 8 million YouTube video URLs (representing over 500,000 hours of video), along with video-level labels from
a diverse set of 4800 Knowledge Graph entities.

Natural Language Processing

DESM: The DESM Word Embeddings dataset may include terms that some may consider offensive, indecent or otherwise objectionable.
Amazon:This dataset consists of reviews from amazon. The data span a period of 18 years, including ~35 million reviews up to March

2013. Reviews include product and user information, ratings, and a plaintext review.

SQuAD2.0: Stanford Question Answering Dataset (SQUAD) is a reading comprehension dataset, consisting of questions posed by
crowdworkers on a set of Wikipedia articles, where the answer to every question is a segment of text, or span, from the corresponding
reading passage, or the question might be unanswerable.

Google Books Ngrams: A data set containing Google Books n-gram corpora. This data set is freely available on Amazon S3 in a Hadoop
friendly file format and is licensed under a Creative Commons Attribution 3.0 Unported License.

Quora: This dataset consists of over 400,000 lines of potential question duplicate pairs. Each line contains IDs for each question in the
pair, the full text for each question, and a binary value that indicates whether the line truly contains a duplicate pair.

WikiText: The WikiText language modeling dataset is a collection of aver 100 million tokens extracted from the set of verified Good and
Featured articles on Wikipedia. The dataset is available under the Creative Commons Attribution-ShareAlike License.

Filling the Blanks for Mad Libs: This data contains our custom Mad Libs that accompany the EMNLP 2017 paper called “Filling the
Blanks for Mad Libs Humor" . There are 50 Mad Libs in total. For each, we provide our original Mad Lib (with no copyright). The blanks
in these Mad Libs include the original word and the hint type (e.g. animal, food, noun, adverb).
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