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uq: I highly recommend it. Really awe- . =2 N ¥ ;
¢ SR . : o Statement Positive = AR aix W s
some progression and added difficulty S ) 1| semantics J7| prediction |
uy: [ never have. Disagreement|Negative TN
(a) Previous framework
Table 1: A dialog snippet from the Mastodon dataset. ' Y
> Sentiment =721 Sentiment
= Semantics Prediction
EE : e '
* Previous works only consider the parameter sharing and semantics- 55 \ ' i
2 Act
level interactions, while the label information is not integrated into the . Prediction

dual-task interactions.

(b) Our framework

m——— _ some works do

Loe-"'' not consider ~ —> ' Work flow  <--->:interactions

* On the other hand, previous works do not consider the temporal

_ _ , o , Figure 1: Illustration of previous framework and ours.
relations between utterances in dual-task reasoning, while in which

they play a key role.
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Initial i : |
S : E : label embedding matrix
Eshn-mlaln_H P o m of sentiment
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T | lmi : label embedding matrix
b {5 1 ‘o i\ i of act
I I I I b / NS | i A il : semtiment label represent-
P A ; R— L N 'L . SR VIS X ations of utterances
[ Utteranc ] [ Utteranc | Utteranc b - SRS ’% / JJ{ T = % tomm——-== '% { b Nk §£
Encode : Encod f | I : ) () TRNA =
: S 2 EEEE ¥ HEHH HHEB ¥ ‘. act label representations
) ! ! 11 1L 1L 11 o ofumeronces
uy uy uy
Dialog Understandi Recurrent Dual-task Reasoning Recurrent Dual-task Reasoning
g g (Step=1) (Step=2=T)

Figure 4: The network architecture of our proposed DARER model. Without loss of generality, the step number 7°
in this illustration is set 2.
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Problem Definition

_ D= {u1=u2:"'s uN}
dialog sentiment labels Y° = y§, ..., y%,

dialog act labels Y4 = Y- YN

Utterance Encoder
H = (ho,...,hn)

- 0
Hu’i — (hu:,i, seey
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M.etth Speaker-aware Temporal relation-specific graph

transformations

M= Z oy WE HL, 5) Speaker-aware Temporal RSGT
Liut ﬁ:::;-mmtc Liff?’;'m Li‘fg[:'gl't)n L% lt it LiEls];zmatc Li g — (v'! E" R}
A 4 . A ' rg |1 2 3 45 6 7 8 ’ .
””””””” & “‘Tq '''''''''''''''''''' ‘ ----------------------- 1.(1) 1 1 1 1 2 2 2 2 h = Wlh’ + Z Z Wl h’ (1)
[ Sentiment | ([ Act Sentiment | [ Act I:(j) 1 1 2 2 I 1 2 2 reR je Nr
Decod?r J L [T)eCOder ] | Decodeir ) L [fecoder ] pos(i,j) | > < > < > < > < ~ .
i H = (ho, .., N)
— ————  Table 2: All relation types in SATG (assume there are
; W 7 T | : two speakers). I,(i) indicates the speaker node i is Initial Estimation
- l B from. pos(i, j) indicates the relative position of node i
[ BiLSTMj ] [ BiLSTM, ] B [ TS-LSTM; ] [ TS-LSTM, ] it 0 _ x
Initial P : 4 HS = BILSTMs(H)
Es'rimnﬁoTn_’_T : 0 .
@ @ e 1 HY = BIiLSTM, ()
" — =2
[ ¢ :
1] s 143 where HO = {h0 } | and HO = {h3 }¥,
—s r=b
""""""""""""" 0 0 N 0 0 N
Utteranc Utteranc Un:ra.nc bemoooonaes . PS — {P ,iJi=1>» PA = {PA,Z i=1
[ Encoder ] [ Encoder [ Encoder ] Figure 2: An example of SATG. uy, us and u5 are from po — %5 0 g
1 1 1 speaker | while u and w4 are from speaker 2. w.l.o.g, S Softmazc(Wd ha,i + bd)
uy u; uy : 3 .
Siaksq Uiseretaniig Recivent Diak-task Reasaning only the edges directed into 13 node are illustrated. = [ 211- [0], ey Pg,;' [k]a ...,pg,?;(\cs| - 1)] (2)

(Step=1)

Pﬂji = softmaa:(Wghgz- + b9)
= [pg,i[o]v '--:pg,i[k]ﬂ "'7pg,i(|car| _1)}

where W and b; are weight matrices and biases,
Cs and C, are sentiment class set and act class set.
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Recurrent Dual-task Reasoning

Lihimate Uhtmate  Diigrgin Dhiorshn LEinate Dsimate Uil . Projection of Label Distribution
0 ol e A 4 s
A N | IO v o e 1 p
passsasass: -~ S SEREEE : - L1 / §
[ Sentiment Act ] l Sentiment | [ Act P " l it il bR e e p S,2 Vg
Decoder ) Decoder E : Decoder Sl Decoder i i It (2) g 99 8 9 S A A A A A A
I 1 g i 1 | I |8 88 RAAS 5.8 K A A |C|— 3)
3 B pos(i,jl|l< = > <=><=>< = > < k’
Iy [ =S )
A fien ) .
! l W | | "1 Table 3: All relation types in DRTG. I;(1) indicates that k=0

[ BiLSTM; ] [ BiLSTM, ]

Initial :
Estimation o
SAT-RSGT :

node ¢ is a sentiment (S) node or act (A) node.

where v¥ and v¥’ are the label embeddings of sen-
timent class k£ and act class &/, respectively.

3.1 t— 1
h’s, h’ +esz+eaz

4)

b [MEEERPA A [EEREL 1 (8 G2 —Ee--8») & - > r'=8 1.1 t 1
. . SR e T A > r'z9 h'a, h’ o 65 , a5 ea ]
=3 m”?.’;" ) (o ) o | . .
1 1 i Figure 3: An example of DRTG. s; and a; respectively h Wo h - E E W2 h (5)
u oo Uy denote the node of DAC task and DAR task. w.lo.g, J z
Dialog Understanding Resuren (Dgfip":sl"} Reaeoning only the edges directed into s3 are illustrated. T€R JEN; 5
; ==t
H! = TS-BiLSTMs(H,) i

H! = TS-BiLSTM,(H.)
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2 f k t
L:Estzmate 2 : y3>ilog (ps{i[k]) (7)
=1 k=0
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Figure 5: Illustration of class distributions.
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Mastodon DailyDialog

Models DSC DAR DSC DAR

P(%) R(%) FI1(%)| P(%) R(%) Fl(%) | P(%) R(%) Fl(%)| P(%) R(%) Fl(%)
JointDAS | 36.1 416 376 | 556 519 532 | 354 288 312 | 762 745  75.1
1M 387 40.1 394 | 563 522 543 | 389 285 330 | 765 749 757
DCR-Net | 432 473 451 | 603 569 586 | 560  40.1 454 | 79.1 790  79.1
BCDCN | 382 620 459 | 573 617 594 | 552 457 486 | 8.0 80.6  80.3
Co-GAT | 440 532 481 | 604 606 605 | 659 453 510 | 810 781 794
Co.GAT* | 4340 4811 4647 | 6255 5866 60.54 | 5804 4465 4882 | 79.14 79.71 79.39

+231 +291 +037 | £046 +1.71 +1.10 | £0.84 +036 +0.22 | +£0.40 +0.16 +0.14
—_— 56.04" 63.33"7 59.597 | 65.08" 61.88" 63.437 | 59.96* 49.517 53.427 | 81.39" 80.80* 81.06'

+0.85 +0.30 =+0: +1.25 +0.37 +085 | +1.25 +1.33 +0.18 | +0.55 +0.43 +0.04

Table 4: Experiment results. © denotes we reproduce the results using official code. 4= denotes standard deviation.
T denotes that our DARER significantly outperforms Co-GAT with p < 0.01 under t-test and * denotes p < 0.05.
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Yaants DSC DAR | DSC DAR
DARER 59.59 63.43 | 53.42 81.39
w/o Label Embeddings | 56.76 62.15 | 50.64 79.87
w/o Harness [oss 56.22 61.99 | 4994 79.76
w/o SAT-RSGT 5737 62.96 | 50.25 80.52
w/o DTR-RSGT | 56.69 61.69 | 50.11 79.76
w/o TSTSTMs | 5630 61.49 | 51.61 80.33
w/o Tpl Rels in SATG | 58.23 62.21 | 50.99 80.70
w/o Tpl Rels in DRTG | 57.22 62.15 | 50.52 80.28

Table 5: Results of ablation experiments on F1 score.
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Models

Mastodon

DSC

DAR

P(%)

R(%)

F1(%)

P(%)

R(%)

F1(%)

+ Linear
+ Co-GAT
+ DARER

BERT

61.79
66.03
65.98

61.09
58.13
67.39

60.60
61.56
66.42

70.20
70.66
73.82

67.49
67.62
71.67

68.82
69.08
72.73

+ Linear
+ Co-GAT
+ DARER

RoBERTa

57.83
61.28
61.36

60.54
57.25
67.27

57.83
58.26
63.66

62.49
66.46
70.87

61.93
64.01
68.68

62.20
65.21
69.75

+ Linear
4 5 + DARER

XLNet

2 3
Step Number T

61.42
64.01
68.05

67.80
65.30
69.47

63.35
63.71
68.66

67.31
67.19
72.04

63.04
64.09
69.63

65.09
65.60
70.81

Figure 6: Performances of DARER over different 7. Table 6: Results based on different PTLM encoders.
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Number of | Training Time | GPU
Models Avg. Fl
Parameters | per Epoch Memory
Co-GAT 6.93M 2.35s 2007MB | 53.66%
DARER 2.50M 2.20s 1167TMB | 61.51%
Improve | -63.92% -6.38% -41.85% | 14.63%

Table 7: Comparison with SOTA on different aspects.



