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Context: /f the company gets project A, product B can be
put on the market on schedule. Product B is put on
schedule if and only if the company’s fund can be normally
turned over. If the company’s fund cannot be turned over

normally, the development of product C cannot be carried DAGN method (Huang et al., 2021a). It breaks down the context and
out as scheduled. The fact is that the development of

PRAINGLC- 35 SATIR0. AUL 88 deheditles. each option into a set of EDUs and connects them with discourse
Question: This shows:

Options: relations as a graph.

A. The company gets project A and product B is put on the
market on schedule.

B. The company does not get project A and product B is not
put on the market on schedule. L . .
{7 Product B is put on the market on schedule and the Two I|m Itations:
company’s fund is turned over normally.

D. Product B is not put on the market on schedule, and the

company’s fund turnover is extremely abnormal. * Despite the graph representation, it is predominantly a neural method

Figure 1: An example MRC task (adapted from a task over discourse relations.
in LogiQA). Logical connectives are highlighted in ital-

ics. v'marks the correct answer. :
* The graph is often loosely connected and composed of long paths.

Node-to-node message passing implemented in existing GNN

models is prone to provide insufficient interaction between the

Context EDUs £, 2 context and the option.
[Asignal___detailed] | v hile| [digital system umm|[1m3|

B dlsadvaniage,T[asmce hhere 18.. mgnal|[ 1[the duplication._]
|or1g1naﬁ§[,] [which are errors|[.]
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& Ul"lk unk lmp/ x Z -
imp unk unky K conj

: imp]
Symbolic Reasoning Neural Reasoning
o - Extended TLG
(a) Raw TLG. Raw TLG [ Adaptive D[ Message Passing I
. Extension 4 Representations
imEL" ,‘w‘(- neg l Answer Prediction J
4 v nm 1
¥~ Jmp : \ ¥ ; e ; a ;
. k u_i,‘““ ““" &m% ‘Amj Figure 3: Our main idea: mutual and iterative reinforce-
imp ; unky’ : ;
ol ' ment between symbolic and neural reasoning.

1mpl

(b) Extended TLG. Dashed nodes and edges represent adap-
tively inferred EDUs and logical relations, respectively. Dou-
ble edges represent subgraph-to-node message passing.

Figure 2: Two TLGs for exemplifying our approach.
For readability, we omit rev edges.
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Figure 4: Overview of our approach.
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Problem Definition

A MRC task <c, g, 0> consists of a context ¢, a question g, and
a set of options 0. Only one option in O is the correct answer
to q givenc.

Text Encoding

C=1Cl"""Cl»q=qL "qlg>and 0 = 010

[ s s S e VS oo B St
= RoBERTa(<s> ¢y --- </s>qp --- 01 -+ - <[s>).
(1)

|e| lq| o]

8c Egcﬂgq T—qut.gaﬂ—zgoz
(2)
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Rhetorical Relation Logical Relation
LIST, CONTRAST conj
DISJUNCTION disj
RESULT impl
CAUSE, PURPOSE, CONDITION, | rev

unk unk me 7 BACKGROUND
impk unk un conj
P

Table 1: Mapping from rhetorical relations in Graphene

imp] to logical relations in TLG.
* Definition of TLG (Text Logic Graph)
(a) Raw TLG.
-~ G =<V,E>

1mp,l/ ,ﬁ.-'(-"eg

o nmkp V Is a set of nodes representing EDUs of the text

imp\/ N ““" “’% k o E SV xR x Visa set of labeled directed edges representing
ﬁpl logical relations between EDUs described in the text.

(b) Extended TLG. Dashed nodes and edges represent adap- R = {COTL_], dIS], tmp Z’ neg,rev, unk}:

tively inferred EDUs and logical relations, respectively. Dou-  conjunction (conj), disjunction (disj), implication (impl),
ble edges represent subgraph-to-node message passing. and negation (neg)

Figure 2: Two TLGs for exemplifying our approach. * reversed implication (rev) is introduced to represent the
For readability, we omit rev edges. inverse relation of impl

» unk represents an unknown relation
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- 1 e Extended TLG i dimpl " 5"
< 1 . ‘ xg Il \ '}( L1 uj- ¢ limp] :Jmpl ™ '
| KL | Lot - 4%
| L I u & W €= o) D~
\ e
Bo + i i
: : 1 (a) Hypotheti- o (c) Adjacency-
\ ;L{ -y Aduptive Extonsion )‘J : cal syllogism. (b) Transposition. transmission.
I
; 1 5 ;
: o< i ﬂ_'G 1 Figure 5: Dashed nodes and edges are inferred by ap-
I l - ‘éf_____},/ \ s : plying an inference rule. = represents any logical rela-
e _ S tionin {conj,disj, impl}. We omit rev edges.
=1 |
£ [e E; 8 Bl | Bl |- |5 f— ((us = ui) A (u; = ug)) F (ui = u). (3)
=
t
= RoBERTa | (u; = uj) F (—uy; = ;). (4)
E [ 4
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Figure 4: Overview of our approach.
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Figure 4: Overview of our approach.
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Adaptive Logic Graph Network (AdaLoGN)

Message Passing

foreach u; € V,

h(i i Z o jh(” ., where
HJEVC
a;; = softmax;([a;1;...;a:v,]7),
a;j = LeakyReLU(linear(h{) | h{))).
(10)
1+1 — ReLU Z Z w W(z)h(z) +W(”h“
r€ER UJEN‘
Wb h
T /Bl subgraph ) , WHETe

]7) forall u; € N*,
a; ; = LeakyReLU(linear{h(” | h(EJI

B = sigmoid(linear( h('E | hgjf()‘u, )

v j = softmaxiay(a, ;)([- - -3 @ijs--

(11)
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é< | 4 Y | fnl, fnl R fus, fus
= | A Extended TLG . [hyy; - -;hy ] = Res-BiGRU([h,};...;hy ).
= 1| @& 7 et __ - ! 4 1 |V(|13)
AR Sl W W |
1 _ fnl
g % ; hy = a;hy,, where
\ —l‘{ Adaptive Extension I
1
: | oo o w R\“‘":‘LG : «; = softmax; [al; ¢ ey a|v|]T
: 1
I‘h_'_:i : __________ A a; = LeakyReLU(linear(g, || hml ),
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E i 0 a 5 ] TEZE(L) | (I)l Z 'rele,
- ecE®)
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Figure 4: Overview of our approach.
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Method Dev Test Test-E  Test-H
BERT zrce 53.80 4980 72.00 32.30
RoBERTa; arce 62.60 5560 75.50 40.00
XLNet: azce 62.00 56.00 75.70 40.50
DAGN 65.80 58.30 7591 44 .46
Focal Reasoner 66.80 5890 77.05 44.64
LReasoner (w/o DA) | 65.20 58.30 78.60 42.30
LReasoner (w/ DA) 66.20 6240 81.40 47.50
AdalLoGN 65.20 60.20 79.32 45.18
Human - 63.00 57.10 67.20

Table 2: Comparison with baselines on ReClor.

Method Dev Test

BERT szcx 34.10 31.03
RoBERTa; s50x 35.02 35.33
DAGN 36.87 39.32
Focal Reasoner 41.01 40.25
LReasoner (w/ DA) | 38.10 40.60
AdalLoGN 39.94 40.71
Human - 86.00

Table 3: Comparison with baselines on LogiQA.
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Method Dev Test Test-E  Test-H
AdaLoGN 65.20 60.20 79.32 45.18
AdaLoGN, eyt 65.80 5950 77.27 45.54
AdaLoGN¢y11-cxr | 65.00 58.80 78.19 43.57
AdaLoGN,._at 64.80 5940 79.77 43.39
AdaLoGN, -, 65.20 57.60 77.95 41.61
AdaLoGN, .. 65.00 58.60 78.64 42.86

Table 4: Ablation study on ReClor.

Method Dev Test

AdaLoGN 3994 40.71
AdaLoGN; . _c.t 37.94 39.02
AdaLoGNsy11-exc | 39.63  39.02
AdaLoGN, .- 38.56 39.94
AdalLoGN,.... 38.40 39.02
AdaLoGN,,.,. 38.40 38.86

Table 5: Ablation study on LogiQA.
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& 3% 1
2 i | Source of Error ReClor | LogiQA
= Construction of raw TLG 38% 36%
1% - Adaptive extension of TLG 18% 22%
- Expressivity of symbolic reasoning 20% 18%
0.0 1.0 Others (about neural reasoning) 46% 40%
59% - l['i.:, Table 6: Error analysis of AdalLoGN.
o 4% [[
£ % f-i [!.
E 2% - I Il
maf ”1
1% ::"l L
0% : : ..-'."I” .‘ . HII| - : :
0.0 0.2 0.4 0.6 0.8 1.0
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Figure 6: Distributions of relevance scores of candidate
extensions. Top: on the development set of Reclor; Bot-
tom: on the development set of LogiQA.



