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Introduction

Many NLP tasks come in dual forms, such as neural machine trans-
lation (NMT), paraphrase generation, image captioning vs. text-to-
image generation, text classification vs. conditioned text generation,
semantic parsing vs. language generation, etc. Dual learning there-
fore has been proposed to model the duality between the primal and
dual tasks, by minimizing the gap between joint distributions of the
two tasks respectively. Formally, a dual learning system comprises 1)
a primal task that maps x € X toy € YV, ie., fp:x — y; and 2) a
dual task mappingy € Y tox € X, 1.e., gy 1y — .

However, we notice that the current dual learning scheme fails to ex-
plicitly model the structure correspondence between two coupled tasks.
The integration of structure knowledge has been extensively exploited
for enhancing the feature learning in a wide range of NLP tasks, which
offers additional bias from a lower-level perspective (e.g., syntactic or
linguistic) for better task-semantic inference. Unfortunately, the study
of structure integration for dual learning has left unexplored. Given
a pair of task, not only do they share the same input and output (in
reverse), but it is often a close correspondence of the intermediate struc-
tures between them.
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Figure 1: Left: dual learning framework. Right: dual learning with alignment of
structural supervision.

To close the gap, this paper proposes matching the structure for dual
learning. As shown in Figure 1, based on the vanilla dual learning
framework, we perform structural alignment unsupvervisedly between
the primal and dual tasks, bridging them with structure connections.

Dually-Syntactic Structure Matching

Dually-Syntactic Structure Encoding. The input for both the primal
and dual task is the sentential words {wq, -+ ,wy,}. Meanwhile we
have its syntactic constituency parse T = {T k}é(:l, where T; is an
intermediate constituency phrase or terminal word, and K denotes the
total node number. Here we take the N-ary TreeLSTM as the structure
encoder.
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Figure 2: Symmetrically syntactic structure matching for dual learning.

Syntactic Rol Alignment. The core idea is to build the fine-grained
structure correspondences between primal and dual tasks, pushing
those pairs that serve the similar role in the context to be closer, i.e,

p(Ty|TY) ~ p(Tj\T(b). Specifically,

p(T;|T) = Sigmoid(FENs(Att(T;]7))) .

Contrastive Region Repelling.  We use the contrastive representation
learning for the automatic structure matching.

Structural Cross-Reconstruction.  On the other hand, during the text
generation of y we make the model meanwhile to reproduce the corre-
sponding syntax tree structure 7Y, The syntax structure of the inut
text from the opposite side (i.e, 7'6) can serve as a supervised sig-
nal. The benefits of such structural cross-reconstruction are multiple:
making the structural awareness in the dual modeling more suflicient,
providing additional syntactic constraint for the procedure, and also
ensuring a global view during the generation.
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Figure 3: Dually-syntactic Rol alignment.

Exp-1: Text<>Text Applications. We examine the usetulness of the
dually-syntactic structure matching for text<>text dual learning.

ParaNMT QUORA
B R1 R2 RL B R B R1 R2 RL B R

Bl 204 503 252 51.6 218 464 195 406 225 446 17.8 44.1

o Baseline B2 20.8 49.6 284 48.6 190 450 223 564 262 523 21.0 528
B3 236 548 320 583 254 487 304 626 427 654 28.1 605

B4 27.5 60.6 369 545 272 532 358 68.1 457 70.2 35.6 65.7

M 246 503 307 458 254 517 297 585 375 59.6 28.0 60.5

M2 272 564 344 506 261 536 334 634 418 634 348 658

M3 26.2 57.1 33.0 535 278 559 320 65.7 40.0 664 340 643

M4(RANK) 30.1 61.8 389 598 302 625 373 704 472 724 374 712

M4(CL) 30.6 62.7 37.5 71.5

* Transformer-based 0 o 277 589 349 547 280 562 337 664 42.0 67.1 350 65.8

-SALN 28.0 596 358 56.0 28.6 573 346 67.6 432 689 358 674
-SyRec 297 60.2 378 583 297 61.0 36.1 689 450 71.4 36.5 69.3
M3+BART 338 657 418 628 327 640 415 733 494 742 420 715
M4+BART 36.7 662 43.6 64.0 348 646 43.0 748 528 76.8 43.5 728

ParaNMT QUORA
B R-1 R2 RL B R-Il B R-1 R2 R-L B R-l

Bl 204 503 252 516 21.8 464 19.5 40.6 225 446 17.8 44.1

S Baseling B2 208 496 28.4 486 19.0 450 223 564 262 523 21.0 528
] B3 23.6 548 32.0 583 254 48.7 304 62.6 427 654 28.1 605
B4 275 60.6 369 545 272 53.2 358 68.1 457 702 356 657

MI 246 503 30.7 458 254 51.7 297 58.5 375 59.6 28.0 60.5

M2 272 564 344 506 261 536 334 634 41.8 634 348 658

M3 T T 26.2 57.1 33.0 53.5 27.8 559 320 65.7 400 664 340 643"

M4(RANK) 30.1 61.8 389 59.8 302 625 373 704 472 724 374 712

M4(CL) 30.6 62.7 37.5 715

o Transformer-based 0 (qu\ 277 589 349 547 280 562 337 664 42.0 67.1 350 658

-SALN 28.0 59.6 358 56.0 28.6 573 346 67.6 432 689 358 674
-SyRec  29.7 60.2 37.8 58.3 297 61.0 36.1 689 450 714 365 69.3
M3+BART 338 657 41.8 628 327 640 415 733 494 742 420 715
M4+BART 36.7 66.2 43.6 64.0 348 646 43.0 748 528 768 43.5 72.8

Table 2. Results on paraphrase generation (SRC—=TGT, SRC+TGT ). B: BLEU, R-A: ROUGE-X.

Syntactic-Semantic Structure Matching

It can be a broader range of NLP scenarios with dual learning tech-
nique where the task pair often includes non-text modalities, such
as labels, image or audio etc. This makes the structure matching
idea for text<»non-text dual learning non-trivial. We extends the
above method of dually-syntactic structure matching to a method
of syntactic-semantic structure matching. Since the task of non-text
modality comes without explicit syntactic structure, our main idea
is to take the semantic structure of non-text, and perform syntactic-
semantic Rol alignment instead. Meanwhile, the syntactic structure
reconstruction for the global-level benefit becomes structural unilateral-
reconstruction.
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Figure 4: Syntactic-semantic structure matching.
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Figure 5: Syntactic-semantic Rol alignment via contrastive representation learning.

Exp-1I: Text<+Non-Text Applications. Here we present the evalua-
tions of our method in this section for text<snon-text scenarios.

MsCoCo Flickr30k Yelp2014 IMDB
ISt FID| B-4 MTR ISt FID| B-4 MTR ACC B-4 MTR ACC ACC B-4 MTR ACC
M1 256 28.3 325 228 6.8 36.8 17.6 155 M1 60.6 17.8 330 538 506 17.6 369 436
M2 278 2550 £ F 75 B0 LS M2 618 / /[ 519 | | I
M3 284 248 361 25.1 7.3 342 20.1 17.2 M3~ 620 19.4 364 566 53.8 183 414 473
M4 30.7 20.6 40.0 29.6 8.0 30.9 22.6 19.5 M4 638 218 408 624 556 202 471 50.9

-SALN 290 21.5 37.3 283 7.4 33.0 213 179

_SYREC 29.8 213 392 29.0 7.7 31.8 21.9 18.6 SALN 632 199 37.0 512 542 139 446 434

-SYREC 629 204 38.5 61.8 55.0 19.5 46.0 493

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

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

Analysis and Discussion

Here we further explore the underlying mechanisms how the structure
matching improves.
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Evaluating Correctness of Unsupervised Structure Matching.
First, structure matching helps correctly retrieve and emphasize the
key Rols that are crucial to the task improvements.

A Duar B StruMAaTCcHDL —— Linear Regressions
WMT14 (EN-DE) WMT14 (EN-FR) 35 [ Coef( &)=0.842 . 65 |- Coef.(A)=0.857
EN—=DE EN<DE EN—SFR EN<FR & Coef(W)=0927 48 ’i Coef.( M )=0.946
+AutoRoI  29.03 31.96 41.82 36.76 .;[ 25 - ?
+GoldRoI  29.51 32.23 42.03 36.98 &} 4 A o
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SRESTGET SRC—TGT SEE=TGT SRC—TGT 5 35
+ Auto RoT  31.53 30.60 38.66 37.58 5 15 25 35 45 50 55 60 65
_+_Gi:|lg RoI _3_1._E=ﬁ_ o _39.@5_ o _35_!.[!2_ o }3_.]_1 o BLEU (DE—EN) Acc (Txr—LB)
8 -0.33 0.25 -0.36 -0.53 (a) WMT14 (EN-DE) (b) Yelp2014

Table 5. Results (BLEU) of dual learning with automatically

learned and gold RoT matching respectively. Figure 7. Performance correlation between two coupled tasks.

‘Coef.’ indicates Pearson correlation coefficient.

Evaluating Generated Text. ¢ Second, our method strengthens the
duality between two dual tasks by correctly aligning the Rols.

- DuaL STruMATCHDL

«p B8] 105 [126] 2.71 156 120 031
10.8 8.10 6.20 10.4 8.10 4.52 3.76

[1533 125 464 1.10 0.95 0.40 0.09
ParaNMT MsCoCo bl 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

Gram. Corr. Cont. Gram. Corr. Cont. PP

HUMAN 48 492 378 482 4.15 437 7.40 4.10 8.20 2.40 1.50 1.02 0.76
‘BaseLINe  1.58 220 1.04 078 1.23 098 SBAR 1.32 0.55 0.06 0.14 0.00 0.03 0.00

StruMATcHDL 3.78° 3.67° 2.51 346" 327" 274
SYREC 289 321 290° 275 289 2.96" Apsp ISR -2 0-10° 9.99 0.90 0.00
3.40 2.10 1.20 0.40 2.50 0.72 0.12
Table 7. Human evaluation results. Grammaticality (Gram.), cor- 0.62 0.24 0.24 0.06 0.00 0.00 0.00
rectness (Corr.), and content richness (Cont.) are rated on Likert ADVP 1.47 2.10 1.56 0.46 0.24 0.15 0.00

5-scale. * indicates significantly better over the variant (p<(.03).
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Figure 8. Distribution (frequency, %) over different constituency
length of phrases in the generated sentences.

Evaluating Extendibility. ¢ Third, the success of structure match-
ing can be extended to non-text<snon-text dual learning, besides NLP
tasks.

CIFAR-10 CIFAR-100
IMc—LB ImG~LB IMc—LB IMmG—LB CelebA-HQ AFHOQ
ACC ISt FIDJ ACC ISt FIDJ ImG, —IMmGy IMG, «IMGy IMG,, —IMGy IMG, «IMGR
MI 9305 862 1353 7260 934 19.63 M1 267 327 324 408
‘M3 9368 9.83 980  73.85 13.64 15.72 M3 20.0 24.6 26.2 29.6
M4 9474 10.64 7.38 74.63 14.65 13.42 M4 e 20.3 22.0 25.7
A +1.06 +0.81 -2.42 +0.78 +1.01 -2.30 A -2.5 -4.3 -4.2 -3.9

Table 10. Image<sLabel experiment (IMG—LB : image classifi- Table 1. Image<»Image experiment (image-image translation)
cation, IMG<-LB: conditioned image generation) on CIFAR-10 on CelebA-HQ and AFHQ datasets. Metrics: FIDJ.
and CIFAR-100 datasets.

Insights into Key Influencers. ¢ Fourth, the richer the structural in-
formation for the alignment, the better the improvements our method
presents.
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Figure 6: Relative task performance growth rates (A%) after taking the structure
matching for dual learning.



