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« EHFWikipediafMREZE O AE
— Nuclear energy leads to emission decline.

— Nuclear energy undermines renewable solutions.
— Renewable solutions tackle climate change and help to decline emission.
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* The authors propose in this paper to complement the node attributes in a ...using a graph

embedding algorithm. O O

* The authors are mixing references to graph convolution for fixed graph ....about general
graph neural networks. B-Review B-Review-1

« We are not sure if we understood this comment well. B-Reply B-Reply-1

* But, the spatial ....used in all the scenarios is similar. |-Reply [-Reply-1
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Quotation:
In the event that the president is
either killed or resigns, the speaker
of the house would be much more
qualified for the position simply
because they engage more deeply e M % |
with the government. _ * l% 172 I:I-l’/ \

speaker of = 1
" the House — ObamazZpresident

— J, N@speaker of the House

Reply:

Would you really want John
Boehner or Nancy Pallosey as
president if anything were to happen
to Obama ?

Quotation:

The global warming does not
g & elobal

influence people’s lives as much as kg sea level LA-TER .

the scientists say. el ° TH ::%I:I'L/I:\l X %%%)

Heply; ' _ AN AN =R Nk v

I can’t imagine what my life will be észxﬂﬁﬁﬁ'iﬁl Etﬂ_
if my homeland is beneath the sea level rise

level.
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« HFCMVEUEEMREICUERTRE https://nlp.stanford.edu/software/openie.html
— HEN=JtH

o FFOpen| EIMENEE ISR A G concept-relation-concept=JcZA (el',7;, ef )
— Concept Grounding
- BRY: BALLICUERTRERER
« WordNet jalfd  Wikipedia API tag me (SC{RgEET B)
— ET AR VTSRS T Wikipedia ERIE £ E, 15HTTS MIEE—SD

AR equal
Statistics w/o. grounding w. grounding
# of nodes 291,199 291,199 --
# of edges 785,036 859,534
avg. degree 2.696 2.952
# of connected components 13,805 10,035

EBEDE
Concept groundingi{ERI/G1CIEEIRIEMSETT
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Figure 2: Illustration of the detailed architecture of our model to generate the matching feature vector, which
mainly consists of three modules, a Sentence Encoder, a Concept Encoder and an Information Alignment Network.
The output of these modules is then fed to a 2-layer perceptron to achieve the final matching score for the given
argument pair.
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« (SEXIFFMZE Information Alignment Network
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quotation

1R FEX1E W PUECHFAIES
2. A SEARAN[E] SEARNB]RY RIS
BRI EBn N SLiR(n>=2)

positive
reply
(Ours)

negative
reply
(BERT)

texts

( I have invested a lot of time and money in an
education so that 1 can make this amount of
money. ... If minimum wage were raised to $xx
per hour, all of my eflorts to become a more
valuable worker have been in vain, My current
salary would be barely more than minimum

wage. ... =4

( You are forgetting the part where you have )
made that much above minimum wage while other
workers put in just as many or more hours per
week as you do and make much less. Soon afier
the minimum wage increase. inflation maybe
would revert you back to your previous quality of
life. ... Walmart also has a huge share of the food
stamp market $xx billion in sales. so they are
paying such wages, ... For medonald is, $xx
billion of taxpayer money goes to supporting their
underpaid workers, part of the fast food industry is
$xx billion annually. ... That is just self interest,
and 1t 1s the motivating factor for companies to
\squccze costs, including labor. That is capitalism. y

( Because in the example 1 gave which is based
on my real life situation $xx is better than $xx, but
still not as good as what i should have gotten. ... |

would therefore see a decrease in my quality of

JUACH
PLEcEE

hife due to a higher cost of hving

o = =

FFsEE

concepts paths
quality of life
minimum wage _
positive
paths
1s is
minimum wage — salary — livable
decreases
minimum wage —— worker productivity
livable equals
Walmart quality of life ——» livable
workers
self interest R
_ negative
capitalism paths

worker productivity

cost of living
quality of life
v

(sorted via attention weights)

FIRIRR
FE“/J\E’\JE%&NEE%{EWES,
ARYSCUR T R P ANEIINE

minimum wage <

Fikg

depends on

— cost of living

increases
quality of life —— cost ol living

quality of life
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— Text-guided Attention over Paths
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« MRXIPLECTEX Matching Score
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* FREALLIEHFAXIRICEC D2 ATTHILLEC DR | i oy L
* L= max(0,—(S(q,v*) — S(q,17)) + ) -
.« yAIZSHIINTE loss HEUIRIEE, BE% ;
> = e
. L

______

Dense
Layer

Matching
Score
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P@1(%) MRR(%)
Methods Dev Set  Test Set Dev Set  Test Set
Random Guess 20 20 45.67 45.67
BiGRU 65.92 51.52 75.22 70.57
BiGRU+RNN Context 69.29 55.98 80.51 73.20
BiGRU+Hierarchical Context ~ 70.93 57.46 82.47 73.72
VAE+Hierarchical Context 71.28 58.61 83.82 74.66
DVAE+Hierarchical Context*  73.70 61.17 85.14 76.16
BERT 73.18 61.85 84.69 76.57
BERT+Hierarchical Context 76.81 66.85 86.38 78.51
Ours 78.33 68.75 87.43 80.85

Table 2: Performance comparison for all the models on the development dataset and the test dataset, where the
sign **’ represents the former state-of-the-art model. The best result on the test set is in bold

— BERTEAFALTXEENEBRT, MaXhREIMERERNZR RN
— F]FHcontext(E EBFTFIERBINAXTHIRER
— EFCUEAIRERNGE>BRRMEER RIS IEA>RNNEE T
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(1) Transformerf&29RiaxXER LY BiGRUYF
(2) BRI IHEREREP@ 1P TFEI%

(3) BRI SIFIEI M AITHIZZ B AE

(4) REUKEBertXI M XTI HITRAD4FE

(1)

(1)
(1, 2)
(3)
(4)

S BHIESER

Model P@1 MRR
Sentence + Concept + Align 68.75 80.85
: BiGRU as Path Encoder 67.12 79.46
: w/o Alignment Layer 65.48 79.39
: w/o Path Transformer 6441 7741
: w/o Concept Encoder 61.85 76.57
: w/o Sentence Encoder 51.96 68.83

Table 3: Ablation study on our proposed framework.
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= -Effect
= +Effect
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— Mea @ E M HELAREIR T, TR AWM RN THEIRRER
— HreplyiE Elfquotation;zE L5, EENREIRE LA REMEE

 [quotation] If the president is either killed or resigns, the vice president is a horrible

choice to take over the office.
* [reply] Seriously, stop this hyperbole.
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+ WRHZEHEK, BEEAIMLATT FHREESS

Review Sent | Arg Arg | Sent Rebuttal

This work applies convolutional neural networks to Sent.1 Non-Arg| Sent-1| Thank you for your review and helpful comments.

the task of RGB-D indoor scene segmentation. Nom-Argl [T L o .

e Rep: | Sent2 The missing values in the depth acquisition were

The model simply adds depth as a separate channel Argll | .P.TE_.IE?E??.EE.TEIEE??}P“U{].g.E?E?E??.J}?EIE:.‘:.---
— to the existing RGB channels in a conv net. Sent-3 Arg Pair 1 Sent-3| We added the reference to the paper.
/I\ Depth has some unique properties e.g. infinity/ Rev: In the paper, we made the observation that the
M rmssmg values depending on the sensor. Sentd )| arg1 Sent-d classes for which depth fails to outperform the
,"\l—\'_l\ P RGB model are the classes of object for which the

It would be nice to see some consideration or Sent.5

- ent-

depth map does not vary too much.

We now stress out better this observation with the

experiments on how to properly integrate depth ---

The experiments demonstrate that a conv net using

e i e e e e n T Sent-6 addition of some depth maps at Figure 2.

15 | e B

Does this suggest that depth isn't a_lwa}rs useful, or| | Arg2 . The current RGBD multiscale network is the best
ent-7

that there could be better ways to * Sent-9 Non-Arg way we found to learn features using depth, -+
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. FEEIESHELE Mutual Guidance Framework
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This work applies convolutional neural networks to Sent-1 Non-Arg| Sent-1| Thank you for your review and helpful comments.
the task of RGB-D indoor scene segmentation. Non-Arg The missi . s
Rep: | Sent2 e missing Val}lES mw t!le.depth acql_ulsmun were
The model simply adds depth as a separate channel Arg-l e Ry Iy Cab s =
to the existing RGB channels in a conv net. Eeses {irl Sent-3 | We added the reference to the paper.
Depth has some unique properties e.g. infinity/ Rev: In the paper, we made the observation that the
missing values depending on the sensor. Sent-4| srg1 — classes for which depth fails to outperform the
It would be mice to see some consideration or Rep: RGB model are the classes of object for which the
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— RR-submission (MEXJE—ZXRE)  EFUEL, BRIEBIREEMT-H-
LSTM-CRF3BIFEAMFIAPE(ES HIBAHTZE/D1.01% F1 7.94%

— RR-passage (MmXTE2—0—KER) : FEFUYEL, RIFIFMEEMT-H-LSTM-
CRFoBIEAMFIAPE(ESS HIEFA 7 ZE/D0.79%F07.01%

Argument Mining Argument Pair Extraction
Data Method Pre. Rec. F; | Pre. Rec. Fy
PL-H-LSTM-CRF | 67.63 6851 6806 | 1986 1994 19.90
MT-H-LSTM-CRF | 7009 70.14 70.12 | 26.69 26.24 26.46

RR-submission | Two-Siep TO94 7077 TO86 | 3311 2467 28.27
[Non FI-MGE 6018 6004 6955 | 3312 3360 3340 |
MGE (Ours) TJO40 7187 T1.13 | 3423 34,57 34.40

PL-H-LSTM-CRF | 73.10 67.65 7027 | 21.24 1930  20.23
MT-H-LSTM-CRF | 71.8> 71.01 7145 | 3008 29.55 29.81

RR-passage Two-Step 7194 7151 7172 | 34.31 26.87 30.14
(Non-FT-MGF 122 7049 7085 | 3520 3411 3465 1
MGEF (Ours) 73.62 TOBE 72,22 | 3803 3568  36.82
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