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® Motivation

» Dual Learning

v' Many NLP/CV/Multimodal tasks appear in dual forms.

The primal and dual tasks have the same exact input and

output but in reverse.

v Dual learning scheme

Modeling the duality between the task pair, by minimizing the
gap between joint distributions of the two tasks respectively.

L

pe(z,y) = p(x)p(y|z; 0)

ps(z,y) = p(y)p(z

y; 9) , Ve&y,
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Duality Scheme Direction Representative Application(s)

Neural Machine Translation,

Texte>Text  — or +— .
Paraphrase Generation

— Text-to-Image Synthesis
Text«sImage oo

- = Image Captioning

— Text Classification
Text+>Label . .

- = Conditioned Text Generation

— Image Classification
Image++Label <= Conditioned Image Generation

Image<>Image —— or «— Image Translation

Primal task
forx—y

Min ||ps (2,y) — ps (2,y)]]

\ Dual task

9o Y
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» Existing Problem

v" Current dual learning fails to explicitly model the

structural correspondence between two coupled tasks.

v" Structure features are important to many learning tasks: AN

* neural machine translation m

e paraphrase generation

* conditioned text generation
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» Our proposal

€ Matching Structure for Dual Learning

v’ Core idea:

Based on the vanilla, dual learning framework, we perform structural

alignment unsupvervisedly between the primal and dual tasks, bridging

them with structure connections. m
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» Dually-Syntactic Structure Matching for Text «» Text Dual Learning

* Symmetrically syntactic structure matching for dual learning

Lo =Ey,y logp(y|z;0),
Ly =Eyy logp(zly; ¢).

Primal task

9, T "= fy(z, T?)
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* Dual learning backbone

—log p(y) — log p(x|y; 9)||,

Dually-Syntactic Rol Aligning
<« - - » Structural Cross-Reconstruction

. Lp =[|logp(x) +log p(ylz: 0)

- - = = ———

L(0,¢) = Lo MLpi+ ALy + AsLr
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» Dually-Syntactic Structure Matching for Text «» Text Dual Learning

Z = Z exp(sik/T) .

[ B e i
1
Symmetrically syntactic structure matching for dual learning | * Dually-syntactic Rol alignment i
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» Dually-Syntactic Structure Matching for Text «» Text Dual Learning

Symmetrically syntactic structure matching for dual learning

Primal task Dual task ‘
N A oAb
y:T :fﬁ’(maTg) $7T :gqﬁ(yaTqb)
Y T =M L)
<-S'y‘n’l?{c:»l

Dually-Syntactic Rol Aligning
<« - - & Structural Cross-Reconstruction

Structural Cross-Reconstruction

S S

=} NP & NP vPp )

= F | / | /\

&

£ VP ] PRP VBZ S

= { | i .

9 | She enjoys |

. . S-VP . VP

UE 1 F : 1 /\

\ g NP VBG NP
playing |
PRP VBZ VBG NN . NN
input She enjoys  playing  tennis . tennis
0 1 2 3 4 5
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» Exp-I: Text—Text Applications

1) Comparing M2 to M1 and M4 to M3:

v’ the integration of syntactic structure Farahttt QUORA

results in better performances, either B RI R2 RL B R B RI R2 RL B R

for the singleton or dual learning Bl 204 50.3 252 51.6 21.8 464 195 40.6 225 446 17.8 44.1

Baseli B2 20.8 49.6 284 48.6 19.0 450 223 564 26.2 523 21.0 52.8

2) Comparing M3 to M1: ¢ basetne B3 23.6 54.8 320 583 254 487 304 626 427 654 28.1 60.5

B4 275 606 369 545 272 532 358 68.1 457 70.2 356 65.7

v’ the dual learning technique improves Ml 24.6 50.3 30.7 458 254 517 29.7 58.5 375 59.6 28.0 60.5
the task performances consistently M2 272 564 344 506 26.1 536 334 634 418 634 348 658

M3 262 57.1 33.0 535 27.8 559 320 65.7 40.0 664 34.0 64.3

3) Comparing M4 to OxiySyx: MA(RANK) 30.1 61.8 389 59.8 302 625 373 704 472 724 374 712

M4(CL) 30.6 62.7 37.5 71.5

e Transformer-based

ONLYSYN 27.7 589 349 547 28.0 562 33.7 664 42.0 67.1 35.0 65.8
-SALN 28.0 59.6 358 56.0 28.6 573 346 67.6 432 689 358 674
-SYREc 297 60.2 378 583 29.7 61.0 36.1 689 45.0 714 36.5 69.3
M3+BART 33.8 65.7 41.8 62.8 327 64.0 415 733 494 742 420 715
M4+BART 36.7 66.2 43.6 64.0 348 64.6 43.0 748 528 76.8 43.5 728

v’ high efficacy of the structural matching proposal

4) Comparing M4-SArN vs. M4-SyREc:

v’ the Rol alignment mechanism plays the

predominant influences than the syntactic
structure reconstruction mechanism Table Table 2. Results on paraphrase generation (SRC—TGT, SRC+TGT). B: BLEU, R-X: ROUGE-X.

there . oo . et mmmmaae —t e —eem m s pem =t Aeaae s e e m emea = Amaaer r A== A= e@e3 < am ~imn3 m n memm s

5) Comparing M4(CL) vs. M4(RANK):

v’ the contrastive learning can bring better
effectiveness than the ranking loss method
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» Syntactic-Semantic Structure Matching for text <> non-text Dual Learning

* Unsymmetrically syntactic structure matching for dual learning * Task learning of two coupled tasks
Primal task
A _rlma as ) Dual task EB _ Ea:,y logp(y]x; 9) ’
=fo(z,T°") z, T _Qcp(’y)
: P Ly =Eqsy logp(z|y; @) .
Y LT T

d \ / Lo=Ly+ qu.

/
/ V
CX e
£k J

@é 2 / é;) * Dual learning backbone

Lp =||log p(x) + log p(y|z; 0)
—log p(y) — log p(x|y; d)||,

<« - - Syntactic-Semantic Rol Aligning
<« - - Structural Unilateral-Reconstruction

L(O,0)=Lc+ MLp+ XLy + A3LER
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» Syntactic-Semantic Structure Matching for text <> non-text Dual Learning

L(0,0) = Lo+ MLp +DoLlyi+ N3LR

[ B e i
1

* Unsymmetrically syntactic structure matching for dual learning | e Syntactic-semantic Rol alignment i
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<« - - Syntactic-Semantic Rol Aligning i :
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<« - - Structural Unilateral-Reconstruction ! exp(s: ix j
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» Syntactic-Semantic Structure Matching for text <> non-text Dual Learning

Unsymmetrically syntactic structure matching for dual learning

Primal task Dual task
A:ff?(x)/]-g) m (y)

N J V
*Synﬁ.u."«- —— =4 —— 3lSembur(r?
Ax 4

/
/
7/
s
ﬂ"

<« - - Syntactic-Semantic Rol Aligning

<« - - Structural Unilateral-Reconstruction

[:(9 ) Lo+ M\ ﬁD—l—)\zCM—I—' iI:R.

e Structural Cross-Reconstruction

=} NP & NP %% )

= F | / | /\

&
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= { | i .

9 | She enjoys |

. . S-VP . VP

UE 1 F : 1 /\

\ g NP VBG NP
playing |
PRP VBZ VBG NN . NN
input She enjoys  playing  tennis . tennis
0 1 2 3 4 5
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» Exp-II: Text—~Non-Text Applications

MsCoCo

Flickr30k

ISt FID, B-4 MTR

IS FID, B-4 MTR
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M1 25.6
M2 27.8
M3 28.4
M4 30.7
-SALN 29.0
-SYREC 29.8

28.3

325 228

36.1 25.1
40.0 29.6
37.3 28.3
39.2 29.0

6.8

36.8

Yelp2014

IMDB

ACC B-4 MTR ACC

ACC B-4 MTR ACC

Table 3. Results on text<»image experiment (TXT—IMG: text-
to-image synthesis, TXT+-IMG: image captioning). B-4: BLEU-

4, MTR: METEOR.

60.6 17.8 33.0

50.6 17.6 36.9

62.0 19.4 36.4
63.8 21.8 40.8

-SALN  63.2 199 37.0
-SYREC 62.9 204 38.5

53.8 183 414
55.6 20.2 47.1
54.2 189 44.6
55.0 19.5 46.0

Table 4. Results on Text+>Label experiment (TXT—LB: text
classification, TXT+-LB: conditioned text generation).

v" Similar trends with that in the Exp-I: the success of our proposed method can be inherited to the dual learning scenarios more than purely texts.
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» Four pivotal questions

) Questions

% First, how does structure matching strategy improve
the dual learning?

% Second, for the text generation what are improved
when aligning the structures?

% Third, can the success of the structure alignment be
extented to fully non-text scenarios?

% Fourth, what are the key factors to the structure match-
ing for dual learning?
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» Evaluating correctness of unsupervised structure matching

ﬂ A StruMaTcuDL ﬂ B w/o SALN

90 - mE i
WMT14 (EN-DE) WMT14 (EN-FR) g?“ ]0 |- EE EE N
EN—-DE EN+DE EN—FR EN+FR : 70 e -
+ AutoRoI  29.03 31.96 41.82 36.76 O 60 I . uE B
+ Gold RoI  29.51 32.23 42.03 36.98 < O
A 048 027 031 022 o0 HH —
ParaNMT QUORA WMT14 WMT14

ParaNMT QUORA

SRC—TGT SRC+TGT SRC—TGT SRC+TGT (EN-DE) (EN-FR)

+AutoRoI 3133 30.60 38.66 37.58 Figure 6. Measuring text«+text RoT alignment.
+ Gold RoI  31.86 30.85 39.02 38.11
A 0330 025 036 0 053
Table 5. Results (BLEU) of dual learning with automatically ACC
learned and gold RoT matching respectively. MAF 61.4
STRUMATCHDL 543 +£03
-SYREC 46.7 +£ 0.5
v’ Structure matching helps correctly retrieve and emphasize -SALN 28.6 £0.8

the key Rols that are crucial to the task improvements. _ _
Table 6. Visual grounding results on F1ickr30k test set for ver-

ifying text<+image matching. MAF is a supervised visual ground-
ing system (Wang et al., 2020).
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» Evaluating correctness of unsupervised structure matching

A DusL B STruMATcHDL Linear Regressions

35 | Coef.( A)=0.842 - 65 | Coef( A)=0.857
& Coef.(m)=0927 4 ™ Coef.( M)=0.946
A P
T 25 1 - 1 B 55
Z, A T
= A m
= 3
=BT o 45
E 15 - A N :_;
m =
35
o | | | |
5 15 25 35 45 50 55 60 65

BLEU (DE—EN)
(a) WMT14 (EN-DE)

Acc (TxTt—LB)
(b) Yelp2014

Figure 7. Performance correlation between two coupled tasks.
‘Coet.” indicates Pearson correlation coetficient.

v Our method strengthens the duality between two dual tasks by correctly aligning the Rols.
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» Evaluating Generated Text

ParaNMT MsCoCo
Gram. Corr. Cont. Gram. Corr. Cont.
HumaN 486 492 378 482 4.15 437
‘BaseLINE 1.58 220 1.04 078 1.23 0.98
DuaL 224 255 146 180 238 1.25
StrRuMATcHDL 3.78* 3.67F 2.51 3.46" 3.27° 2.74
-SYREC 289 321 290 275 2.89 2.96*

Table 7. Human evaluation results. Grammaticality (Gram.), cor-
rectness (Corr.), and content richness (Cont.) are rated on Likert
5-scale. * indicates significantly better over the variant (p<<0.03).
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DuaL STrRuUMATCHDL

15.3 10.5 12.6 2.71 1.56 1.20 0.31
10.8 8.10 6.20 10.4 8.10 4.52 3.76
15.3 12.5 4.64 1.10 0.95 0.40 0.09
6.18 9.23 12.2 7.40 9.17 6.35 5.60
1.27 0.57 0.62 0.31 0.00 0.00 0.00
7.40 4.10 8.20 2.40 1.50 1.02 0.76
1.32 0.55 0.06 0.14 0.00 0.03 0.00
5.40 6.70 3.26 1.45 0.12 0.82 0.65
0.60 1.14 0.23 0.10 0.00 0.00 0.00
3.40 2.10 1.20 0.40 2.50 0.72 0.12
0.62 0.24 0.24 0.06 0.00 0.00 0.00
1.47 2.10 1.56 0.46 0.24 0.15 0.00

2 3 4 5 6 7 8
Phrase length (word)

NP

VP

PP

SBAR

ADJP

ADVP

Figure 8. Distribution (frequency, %) over different constituency
length of phrases in the generated sentences.

v Our method strengthens the duality between two dual tasks by correctly aligning the Rols.
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» Exploring Extendibility

CIFAR-10 CIFAR-100

CelebA-HQ AFHQ

Imc—Ls ImG«LB Imc—LeB ImG«LB

ACC ISt FID, ACC ISt FID|
Ml 93.05 8.62 1353 72.60 934 19.63
‘M3 9368 9.83 9.80 73.85 13.64 15.72
M4 9474 10.64 7.38  74.63 14.65 13.42
A +1.06 +0.81 -2.42  +0.78 +1.01 -2.30

Table 10. Image<>Label experiment (IMG—LB: image classifi-
cation, IMG+<-LB: conditioned image generation) on CIFAR-10

and CIFAR-100 datasets.

v' Non-text—non-text dual learning can also benefit from structure matching.

IMGA —)-IMGB IMGA (—IMGB IMGA —>IMGB IMGA (—IMGB

32.7 32.4
24.6 26.2
20.3 22.0
4.3 4.2

Table 11. Image<+Image experiment (image-image translation)
on CelebA-HQ and AFHQ datasets. Metrics: FIDJ.
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» Insights into Key Influencers

Txty, -TXTg TxTt—IMG

20.22 20.62

L3.49 45 35
- 8-g9—9.58 10.55

10.82 49 43 196

16.42 16.11 1~ g~ 16.29

Txrt, « TXTg TxtIMG

- e o (e e s e

TxT—LB

2.9

1237

334" 1,99

10.38 19-6

TxT+LB
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MG, —IMGg : IMmG—LB
i
1
: 1
10.5 11.03 .
l - -
1
1 - « &
: P
: o Og
]
11.47 995 |
I
i
]
IMGA <—IMGB ' IMG(—LB

v’ The dual tasks with richer structural information for the alignments will lead to better improvements.
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