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Problem Definition
Semantic Parser and NL Generator: Semantic parser (pθ(y|x)) is to
map the natural language (NL) utterances x to the structured MRs y, and
NL generator (qφ(x|y)) generates NL from MRs. θ and φ are model param-
eters for learning. We use seq2seq models for parser and generator and more
details can be found in our paper.
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DATA EXAMPLE Ave. Token

ATIS
x can you list all flights from chicago to milwaukee 10.6
y ( lambda $0 e ( and ( flight $0) ( from $0 chicago: ci) ( to $0 milwaukee: ci) ) ) 26.5

DJANGO
x convert max entries into a string, substitute it for self. max entries. 11.9
y self. max entries = int(max entries) 8.2

CONALA
x more pythonic alternative for getting a value in range not using min and max 9.7
y a = 1 if x < 1 else 10 if x > 10 else x 14.1

Jointly Learning Parser and Generator: We propose to jointly model se-
mantic parsing and NL generation by exploiting the interaction between the
two tasks. We leverage the joint distribution P(x,y) of NL and MR to
represent the duality. The joint distributions of

::::::::::::::::::::
pe(x,y) = p(x)pθ(y|x),

which is estimated from semantic parser, and
::::::::::::::::::::
pd(x,y) = q(y)qφ(x|y),

which is modeled by NL generator,
:::
are

::::
both

:::::::::
expected

::
to

:::::::::::
approximate

::::::
P(x,y), the unknown joint distribution of NL and MR. p(x) and q(y) are
marginal distributions which are estimated by language models.

x ỹ 
pθ
→

(x, y) = p(x) (y|x)p
e

pθ

y x̃ 
qϕ

−→

(x, y) = q(y) (x|y)p
d

qϕ

x y⟷

(x, y)

To achieve this, we introduce dual information maximization (DIM)
to empirically optimize the variational lower bounds of both pe(x,y) =
p(x)pθ(y|x) and pd(x,y) = q(y)qφ(x|y).

Resources
Our paper and code:

  

  

 

Dual Information Maximization
Dual Information: With pθ(y|x) for the parser and qφ(x|y) for the gen-
erator, the joint distributions of pe(x,y) and pd(x,y) can be estimated as
pe(x,y) = p(x)pθ(y|x) and pd(x,y) = q(y)qφ(x|y), where p(x) and q(y)
are marginals. The dual information Ipe,d(x,y) between the two distributions
is defined as follows:

Ipe,d(x,y) = Ipe(x,y) + Ipd(x,y) ,

Epe(x,y) log pe(x,y) + Epd(x,y) log pd(x,y)
which is the combination of the two joint distribution expectations.
Maximizing Dual Information:
• Lower bounds of dual information. Taking Ipe(x,y) for example, we

adopt variational approximation to deduce its lower bound and instead
maximize the lower bound:

Epe(x,y) log pe(x,y) = Epe(x,y) log pe(x|y)pe(y)
= Epe(x,y) log qφ(x|y) + Epe(x,y) log q(y)

+Epe(y)
[
KL(pe(x|y)‖qφ(x|y))

]
+ Epe(x|y)

[
KL(pe(y)‖q(y))

]

> Epe(x,y)
[
log qφ(x|y) + log q(y)

]
= LeDIM(θ, φ)

where KL(·‖·)(> 0) is the Kullback-Leibler (KL) divergence.
Therefore, to maximize Ipe(x,y), we can instead maximize its lower bound
of LeDIM.

• We adopt Monte Carlo samples using the REINFORCE policy to approxi-
mate the gradient of LeDIM(θ, φ) with regard to θ:

∇θLeDIM(θ, φ) = Epθ(y|x)∇θ log pθ(y|x) · [log qφ(x|y) + log q(y)− b]

= Epθ(y|x)∇θ log pθ(y|x) · l(x,y;φ)

≈ 1

|S|
∑

ŷi∈S

∇θ log pθ(ŷi|x) · l(x, ŷi;φ)

We adopt the baseline function b by empirically averaging the signals to
stabilize the learning process. With prior pθ(·|x), we use beam search to
generate a pool of MR candidates (y), denoted as S, for the input of x.
The gradient with regard to φ is then calculated as:

∇φLeDIM(θ, φ) = Epθ(y|x)∇φ log qφ(x|y) ≈
1

|S|
∑

ŷi∈S

∇φ log qφ(x|ŷi)

Semi-supervised DIM (SEMIDIM): We extend DIM to leverage unlabeled
data. We denote the unlabeled NL dataset as Ux = {xi} and the unlabeled
MR dataset as Uy = {yi}. To leverage Ux, we maximize the unlabeled
objective Ex∼Ux log p(x). Our goal is to involve model parameters in the op-
timization process of Ex∼Ux log p(x), so that the unlabeled data can facilitate
parameter learning.
• Lower Bounds of Unsupervised Objective. The lower bound of

Ex∼Ux log p(x) is as follows:

Ex∼Ux log p(x) ≥ Ex∼Ux,y∼pθ(·|x) log p(x)pθ(y|x)
≥ Ex∼Ux,y∼pθ(·|x)

[
log qφ(x|y) + q(y)

]

Experiments
Datasets:

DATA Train Valid Test All
ATIS 4,480 480 450 5,410
DJANGO 16,000 1,000 1,805 18,805
CONALA 90,000 5,000 5,000 100,000

Table 1: Statistics of datasets used for evaluation.
Around 500K additional samples of low confidence
from CONALA are retained for model pre-training.

+λ
∑

x∼Dx,ŷi∼pθ(·|x)

(
log qφ(x|ŷi) + log q(ŷi)

)

+λ
∑

y∼Dy,x̂i∼qφ(·|y)

(
log pθ(y|x̂i) + log p(x̂i)

)

(13)

where Dx = Ux ∪ Lx and Dy = Uy ∪ Ly. In
this work, we weight the dual information and un-
supervised objectives equally for simplicity, so the
lower bounds over them are combined for joint op-
timization. We combine the labeled and unlabeled
data to calculate the lower bounds to optimize the
variational lower bounds of dual information and
unsupervised objectives.

4 Experiments

4.1 Datasets
Experiments are conducted on three datasets with
sample pairs shown in Fig. 2: one for dia-
logue management which studies semantic parsing
and generation from λ-calculus (Zettlemoyer and
Collins, 2007) (ATIS) and two for code generation
and summarization (DJANGO, CONALA).
ATIS. This dataset has 5,410 pairs of queries (NL)
from a flight booking system and corresponding λ-
calculus representation (MRs). The anonymized
version from Dong and Lapata (2016) is used.
DJANGO. It contains 18,805 lines of Python
code snippets (Oda et al., 2015). Each snippet is
annotated with a piece of human-written pseudo
code. Similar to Yin and Neubig (2017), we re-
place strings separated by quotation marks with
indexed place holder in NLs and MRs.
CONALA. This is another Python-related cor-
pus containing 598,237 intent/snippet pairs that
are automatically mined from Stack Overflow (Yin
et al., 2018a). Different from DJANGO, the intent
in CONALA is mainly about the question on a spe-
cific topic instead of pseudo code. The full dataset
contains noisy aligned pairs, and we keep the top
100,000 pairs of highest confidence scores for ex-
periment and the rest for model pre-training.

For DJANGO and CONALA, the NL utterances

SEMANTIC PARSING (in Acc.)
Pro. SUPER DIM SEMIDIM SELFTRAIN

1/4 64.7 69.0 71.9 66.3
1/2 78.1 78.8 80.8 79.2
full 84.6 85.3 – –
Previous Supervised Methods (Pro. = full) Acc.
SEQ2TREE (Dong and Lapata, 2016) 84.6
ASN (Rabinovich et al., 2017) 85.3
ASN+SUPATT (Rabinovich et al., 2017) 85.9
COARSE2FINE (Dong and Lapata, 2018) 87.7

NL GENERATION (in BLEU)
Pro. SUPER DIM SEMIDIM BACKBOOST

1/4 36.9 37.7 39.1 40.9
1/2 39.1 40.7 40.9 39.3
full 39.3 40.6 – –
Previous Supervised Methods (Pro. = full) BLEU
DEEPCOM (Hu et al., 2018) 42.3

Table 2: Semantic parsing and NL generation results
on ATIS. Pro.: proportion of the training samples used
for training. Best result in each row is highlighted in
bold. |full| = 4,434.

are lowercased and tokenized and the tokens in
code snippets are separated with space. Statistics
of the datasets are summarized in Table 1.

4.2 Experimental Setups
Joint-learning Setup. Before jointly learning
the models, we pre-train the parser and the gener-
ator separately, using the labeled dataset, to enable
the sampling of valid candidates with beam search
when optimizing the lower bounds of dual infor-
mation (Eqs. 7 and 8). The beam size is tuned
from {3,5}. The parser and the generator are pre-
trained until convergence. We also learn the lan-
guage models for NL and MRs on the training sets
beforehand, which are not updated during joint
learning. Joint learning stops when the parser or
the generator does not get improved for 5 contin-
uous iterations. λ is set to 0.1 for all the exper-
iments. Additional descriptions about our setup
are provided in Appendix C.

For the semi-supervised setup, since ATIS and
DJANGO do not have additional unlabeled cor-
pus and it is hard to obtain in-domain NL utter-
ances and MRs, we create a new partial training
set from the original training set via subsampling,
and the rest is used as the unlabeled corpus. For
CONALA, we subsample data from the full train-
ing set to construct the new training set and unla-
beled set instead of sampling from the low-quality
corpus which will much boost the data volume.
Evaluation Metrics. Accuracy (Acc.) is reported

Baselines:
We compare DIM and SEMIDIM with the following baselines:
• SUPER: Train the parser or generator separately without joint learning.

The models for the parser and generator are the same as DIM.
• SELFTRAIN: We use the pre-trained parser or generator to generate

pseudo labels for the unlabeled sources, then the constructed pseudo sam-
ples will be mixed with the labeled data to fine-tune the pre-trained parser
or generator.
• BACKBOOST: it generates sources from unlabeled targets. The training

process for BACKBOOST is the same as in SELFTRAIN.
In addition to the above baselines, we also compare with popular supervised
methods for each task, shown in the corresponding result tables.
Evaluation Metrics: Accuracy (Acc.) is reported for parser evaluation based
on exact match, and BLEU-4 is adopted for generator evaluation. For the
code generation task in CONALA, we use BLEU-4.
Main Results with Full- and Semi-supervision:
(We only report results on DJANGO. More results can be found in our paper.)
• Code generation and code summarization results on DJANGO. Pro.: proportion

of the training samples used for training. Best result in each row is highlighted
in bold. |full| = 16,000. Unlabeled code snippets are used for semi-supervised
learning.

CODE GENERATION (in Acc.)
Pro. SUPER DIM SEMIDIM BACKBOOST

1/8 42.3 44.9 47.2 47.0
1/4 50.2 51.1 54.5 51.7
3/8 52.2 53.7 54.6 55.3
1/2 56.3 58.4 59.2 58.9
full 65.1 66.6 – –
Previous Supervised Methods (Pro. = full) Acc.
LPN (Ling et al., 2016) 62.3
SNM (Yin and Neubig, 2017) 71.6
COARSE2FINE (Dong and Lapata, 2018) 74.1

CODE SUMMARIZATION (in BLEU)
Pro. SUPER DIM SEMIDIM SELFTRAIN

1/8 54.1 56.0 58.5 54.4
1/4 57.1 61.4 62.7 58.0
3/8 63.0 64.3 64.6 63.0
1/2 65.2 66.3 66.7 65.4
full 68.1 70.8 – –
Previous Supervised Methods (Pro. = full) BLEU
DEEPCOM (Hu et al., 2018) 65.9

Table 3: Code generation and code summarization re-
sults on DJANGO. |full| = 16,000.

for parser evaluation based on exact match, and
BLEU-4 is adopted for generator evaluation. For
the code generation task in CONALA, we use
BLEU-4 following the setup in Yin et al. (2018a).
Baselines. We compare our methods of DIM and
SEMIDIM with the following baselines:
SUPER: Train the parser or generator separately

without joint learning. The models for the
parser and generator are the same as DIM.

SELFTRAIN (Lee, 2013): We use the pre-trained
parser or generator to generate pseudo la-
bels for the unlabeled sources, then the con-
structed pseudo samples will be mixed with
the labeled data to fine-tune the pre-trained
parser or generator.

BACKBOOST: Adopted from the back translation
method in Sennrich et al. (2016), which gen-
erates sources from unlabeled targets. The
training process for BACKBOOST is the same
as in SELFTRAIN.

In addition to the above baselines, we also com-
pare with popular supervised methods for each
task, shown in the corresponding result tables.

4.3 Results and Further Analysis

Main Results with Full- and Semi-supervision.
Results on the three datasets with supervised and
semi-supervised setups are presented in Tables 2,
3, and 4. For semi-supervised experiments on
ATIS, we use the NL part as extra unlabeled sam-

CODE GENERATION (in BLEU)
Pro. SUPER DIM SEMIDIM BACKBOOST

1/2 8.6 9.6 9.5 9.0
full 11.1 12.4 – –
CODE SUMMARIZATION (in BLEU)
Pro. SUPER DIM SEMIDIM SELFTRAIN

1/2 13.4 14.5 15.1 12.7
full 22.5 24.8 – –
Previous Supervised Methods (Pro. = full) BLEU
CODE GEN.: NMT (Yin et al., 2018a) 10.7
CODE SUM.: DEEPCOM (Hu et al., 2018) 20.1

After Pre-training (in BLEU)
CODE GEN. CODE SUM.

Pro. SUPER DIM SUPER DIM
1/2 10.3 10.6 23.1 23.0
full 11.1 12.4 25.9 26.3
Previous Supervised Methods (Pro. = full) BLEU
CODE GEN.: NMT (Yin et al., 2018a) 10.9
CODE SUM.: DEEPCOM (Hu et al., 2018) 26.5

Table 4: Code generation and code summarization re-
sults on CONALA. For semi-supervised learning (Pro.
= 1/2), we sample 30K code snippets from the left
data (not used as training data) as unlabeled samples.
|full| = 90,000.

ples following Yin et al. (2018b); for DJANGO and
CONALA, unlabeled code snippets are utilized.

We first note the consistent advantage of DIM
over SUPER across all datasets and proportions of
training samples for learning. This indicates that
DIM is able to exploit the interaction between the
dual tasks, and further improves the performance
on both semantic parsing and NL generation.

For semi-supervised scenarios, SEMIDIM,
which employs unlabeled samples for learning,
delivers stronger performance than DIM, which
only uses labeled data. Moreover, SEMIDIM out-
performs both SELFTRAIN and BACKBOOST, the
two semi-supervised learning methods. This is
attributed to SEMIDIM’s strategy of re-weighing
pseudo samples based on the learning signals,
which are indicative of their qualities, whereas
SELFTRAIN and BACKBOOST treat all pseudo
samples equally during learning. Additionally, we
study the pre-training effect on CONALA. As can
be seen in Table 4, pre-training further improves
the performance of SUPER and DIM on both code
generation and summarization.
Model Analysis. Here we study whether DIM
helps enhance the lower bounds of the expected
joint distributions of NL and MRs. Specifically,
lower bounds are calculated as in Eqs. 6 and 9
on the full training set for models of SUPER and

We first note the consistent advantage of DIM over SUPER across all proportions
of training samples for learning. For semi-supervised scenarios, SEMIDIM de-
livers stronger performance than DIM, which only uses labeled data. Moreover,
SEMIDIM outperforms both SELFTRAIN and BACKBOOST.


