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Abstract

Human intelligence exhibits compositional generalization
(i.e., the capacity to understand and produce unseen combina-
tions of seen components), but current neural seq2seq mod-
els lack such ability. In this paper, we revisit iterative back-
translation, a simple yet effective semi-supervised method,
to investigate whether and how it can improve composi-
tional generalization. In this work: (1) We first empirically
show that iterative back-translation substantially improves the
performance on compositional generalization benchmarks
(CFQ and SCAN). (2) To understand why iterative back-
translation is useful, we carefully examine the performance
gains and find that iterative back-translation can increasingly
correct errors in pseudo-parallel data. (3) To further encour-
age this mechanism, we propose curriculum iterative back-
translation, which better improves the quality of pseudo-
parallel data, thus further improving the performance.

Introduction
Human intelligence exhibits compositional generalization,
the ability to understand and produce unseen combinations
of seen components (Chomsky 1965; Fodor and Pylyshyn
1988). For example, if a person knows the meaning of “run”
and “run twice”, once she learns the meaning of a new word
“jump”, she can immediately understand the meaning of
“jump twice”. This compositional generalization is essen-
tial in human cognition, enabling humans to learn semantics
from very limited data and extend to unseen data (Montague
1974; Partee 1984; Lake et al. 2017). Therefore, it is widely
believed that compositional generalization is a key property
towards human-like AI (Mikolov, Joulin, and Baroni 2016;
Bengio 2019; Mollica et al. 2020). However, in recent years,
accumulating evidences have shown that neural sequence-
to-sequence (seq2seq) models exhibit limited compositional
generalization ability (Lake and Baroni 2018; Hupkes et al.
2020; Keysers et al. 2020; Furrer et al. 2020).

On the other hand, semi-supervised learning (Chapelle,
Scholkopf, and Zien 2009) is a machine learning paradigm
that alleviates the limited-data problem through exploiting
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a large amount of unlabelled data, which has been success-
fully used in many different areas such as machine trans-
lation (Sennrich, Haddow, and Birch 2016; He et al. 2016;
Skorokhodov et al. 2018) and semantic parsing (Yin et al.
2018; Cao et al. 2019). In sequence-to-sequence (seq2seq)
tasks, unlabelled data (i.e., monolingual data) are usually
cheap and abundant, containing a large amount of combi-
nations that are unseen in limited labelled data (i.e., par-
allel data). Therefore, we propose a hypothesis that semi-
supervised learning can enable seq2seq models understand
and produce much more combinations beyond labelled data,
thus tackling the bottleneck of lacking compositional gener-
alization. If this hypothesis holds true, the lack of compo-
sitional generalization would no longer be a bottleneck of
seq2seq models, as we can simply tackle it through exploit-
ing large-scale monolingual data with diverse combinations.

In this work, we focus on Iterative Back-Translation (IBT)
(Hoang et al. 2018), a simple yet effective semi-supervised
method that has been successfully applied in machine trans-
lation. The key idea behind it is to iteratively augment orig-
inal parallel training data with pseudo-parallel data gener-
ated from monolingual data. To our best knowledge, itera-
tive back-translation has not been studied extensively from
the perspective of compositional generalization. This is par-
tially because a concern about the quality of pseudo-parallel
data: due to the problem of lacking compositional general-
ization, for non-parallel data with unseen combinations be-
yond the parallel training data, pseudo-parallel data gener-
ated from them will be error-prone. It is natural to speculate
that errors in pseudo-parallel data are going to be reinforced
and then even harm the performance.

This paper broadens the understanding of iterative back-
translation from the perspective of compositional general-
ization, through answering three research questions: RQ1.
How does iterative back-translation affect neural seq2seq
models’ ability to generalize to more combinations beyond
parallel data? RQ2. If iterative back-translation is useful
from the perspective of compositional generalization, what
is the key that contributes to its success? RQ3. Is there a
way to further improve the quality of pseudo-parallel data,
thereby further improving the performance?

Main Contributions. (1) We empirically show that it-
erative back-translation substantially improves the perfor-
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mance on compositional generalization benchmarks (CFQ
and SCAN) (Section ). (2) To understand what contributes
to its success, we carefully examine the performance gains
and observe that iterative back-translation is effective to
correct errors in pseudo-parallel data (Section ). (3) Moti-
vated by this analysis, we propose curriculum iterative back-
translation to further improve the quality of pseudo-parallel
data, thereby improving the performance of iterative back-
translation (Section ).

Background
Compositional Generalization Benchmarks
In recent years, the compositional generalization ability of
DNN models has become a hot research problem in arti-
ficial intelligence, especially in Natural Language Under-
standing (NLU), because compositional generalization abil-
ity has been recognized as a basic but essential capability
of human intelligence (Lake et al. 2017). Two benchmarks,
SCAN (Lake and Baroni 2018) and CFQ (Keysers et al.
2020), have been proposed for measuring the compositional
generalization ability of different machine learning-based
NLU systems. Our experiments are also conducted on these
two benchmarks.

SCAN The SCAN dataset consists of input natural lan-
guage commands (e.g., “jump and look left twice”) paired
with output action sequences (e.g., “JUMP LTURN LOOK
LTURN LOOK”). Difficult tasks are proposed based on dif-
ferent data split settings, e.g., (1) ADD JUMP: the pairs of
train and test are split in terms of the primitive JUMP. The
train set consists of (jump, JUMP) and all pairs without the
primitive JUMP. The rest forms the test set. (2) LENGTH:
Pairs are split by action sequence length into train set (≤ 22
tokens) and test set (≥ 24 tokens). (3) AROUND RIGHT:
The phrase “around right” is held out from the train set,
while “around” and “right” appear separately. (4) OPPO-
SITE RIGHT: This task is similar to AROUND RIGHT,
while the held-out phrase is “opposite right”.

CFQ The Complex Freebase Questions (CFQ) bench-
mark (Keysers et al. 2020) contains input natural language
questions paired with their output meaning representations
(SPARQL queries against the Freebase knowledge graph).
To comprehensively measure a learner’s compositional gen-
eralization ability, CFQ dataset is splitted into train and test
sets based on two principles: (1) Minimizing primitive diver-
gence: all primitives present in the test set are also present
in the training set, and the distribution of primitives in the
training set is as similar as possible to their distribution in
the test set. (2) Maximizing compound divergence: the distri-
bution of compounds (i.e., logical substructures in SPARQL
queries) in the training set is as different as possible from
the distribution in the test set. The second principle guaran-
tees that the task is compositionally challenging. Following
these two principles, three different maximum compound di-
vergence (MCD) dataset splits are constructed. The mean ac-
curacy of standard neural seq2seq models on the MCD splits
is below 20%. Moreover, this benchmark also constructs 3

Figure 1: Iterative back-translation: exploiting monolingual
data to augment parallel training data. The solid lines mean
that the src2trg/trg2src model generates pseudo-parallel data
from monolingual data; the dashed lines mean that parallel
and pseudo-parallel data are used to train the models.

MCD data splits for SCAN dataset, and the mean accuracy
of standard neural seq2seq models is about 4%.

Iterative Back-Translation (IBT)

Iterative back-translation (Hoang et al. 2018) has been
proved as an effective method utilizing bi-directional mono-
lingual data to improve the performance of machine trans-
lation models. Algorithm 1 describes the training process
of iterative back-translation. Firstly, the source-to-target
(src2trg) model and target-to-source (trg2src) model are ini-
tially trained on the original parallel data (Dp) for K steps
(Line 1). After this initial stage, each training step samples
a batch of monolingual data from one direction and back-
translate them to the other direction. Then it would per-
form two mini-batches to train source-to-target model us-
ing the given parallel data and pseudo backtranslated parallel
data separately, and also another two mini-batches for train-
ing target-to-source model. Figure 1 visualizes the iterative
training process.

Algorithm 1 Iterative Back-Translation
Input: parallel data Dp, monolingual data Dsrc, Dtrg

Output: source-to-target model M→ and target-to-source model
M←
1: Initial Stage: Separately train source-to-target model M→ and

target-to-source model M← on Dp for K steps
2: while M→ and M← have not converged or step ≤ N do
3: Sample a batch Bt from Dtrg and use M← to create Bp =
{(ŝ, t)|t ∈ Bt}

4: Sample a batch Bs from Dsrc and use M→ to create B′p =

{(s, t̂)|s ∈ Bs}
5: Train source-to-target model M→ on Dp

6: Train source-to-target model M→ on Bp

7: Train target-to-source model M← on Dp

8: Train target-to-source model M← on B′p
9: end while

7602



Models ADD JUMP LENGTH AROUND RIGHT OPPOSITE RIGHT MCD1 MCD2 MCD3

LSTM+Att 0.0± 0.0 14.1 0.0± 0.0 16.5± 6.4 6.5± 3.0 4.2± 1.4 1.4± 0.2
Transformer 1.0± 0.6 0.0 53.3± 10.9 3.0± 6.8 0.4± 0.2 1.6± 0.3 0.88± 0.4
Uni-Transformer 0.3± 0.3 0.0 47.0± 10.0 15.2±13.0 0.5± 0.1 1.5± 0.2 1.1± 0.4

Syn-att 91.0± 27.4 15.2± 0.7 28.9± 34.8 10.5± 8.8 - - -
CGPS 98.8± 1.4 20.3± 1.1 83.2± 13.2 89.3± 15.5 1.2± 1.0 1.7± 2.0 0.6± 0.3
Equivariant 99.1± 0.0 15.9± 3.2 92.0± 0.2 - - - -
GECA 87.0 - 82.0 - - - -
Meta-seq2seq 99.9 99.9 16.6 - - - -
T5-11B 98.3 3.3 49.2 99.1 7.9 2.4 16.8

GRU+Att (Ours) 0.6 14.3 23.8 0.27 18.7 32.0 42.4
+mono30 99.6 77.7 37.8 95.8 64.3 80.8 52.2

+mono100 100.0 99.9 42.9 100.0 87.1 99.0 64.7
+transductive 100.0 99.3 34.5 100.0 74.8 99.7 77.4

Table 1: Performance (accuracy) on SCAN Tasks. Cells with a white background are results obtained in previous papers; cells
with a grey background are results obtained in this paper.

IBT for Compositional Generalization
To examine the effectiveness of IBT for compositional gen-
eralization, we conduct a series of experiments on two com-
positional generalization benchmarks (SCAN and CFQ, in-
troduced in Section ).

Setup
Monolingual Data Settings In our experiments, we con-
duct different monolingual data settings as follows:

• +transductive: use all test data as monolingual data. We
use this setting to explore how iterative back-translation
performs with the most ideal monolingual data.

• +mono100: use all dev data as monolingual data. In this
setting, test data do not appear in the monolingual data,
while the monolingual data contains much more unseen
combinations beyond the parallel training data.

• +mono30: randomly sample 30% source sequences and
30% target sequences from dev data. This setting is more
realistic than “+tranductive” and “+mono100”, because
there is no implicit correspondence between source-side
and target-side monolingual data (i.e., for a sequence in
source-side monolingual data, the target-side monolin-
gual data do not necessarily contain its corresponding tar-
get sequence, and vice versa). Therefore, in our analysis
of experimental results, we regard results of “+mono30”
as the actual performance of iterative back-translation.

Note that because there are no dev data in SCAN tasks,
we randomly hold out half of the original test data as the
dev data (the held-out dev data and the remaining test data
are not overlapped).

Implementation Details We implement iterative back-
translation based on the code of UNdreaMT1 (Artetxe et al.
2018). For CFQ, we use a 2-layer GRU encoder-decoder
model equipped with attention. We set the size of both word
embedding and hidden states to 300. We use a dropout layer

1https://github.com/artetxem/undreamt

Models MCD1 MCD2 MCD3

LSTM+Attn 28.9± 1.8 5.0± 0.8 10.8± 0.6
Transformer 34.9± 1.1 8.2± 0.3 10.6± 1.1
Uni-Transformer 37.4± 2.2 8.1± 1.6 11.3± 0.3
CGPS 13.2± 3.9 1.6± 0.8 6.6± 0.6
T5-11B 61.4± 4.8 30.1± 2.2 31.2± 5.7

GRU+Attn (Ours) 32.6± 0.22 6.0± 0.25 9.5± 0.25
+mono30 64.8± 4.4 57.8± 4.9 64.6± 4.9

+mono100 83.2± 3.1 71.5± 6.9 81.3± 1.6
+transductive 88.4± 0.7 81.6± 6.5 88.2± 2.2

Table 2: Performance (accuracy) on CFQ tasks.

with the rate of 0.5 and the training process lasts 30000 it-
erations with batch size 128. For SCAN, we also use a 2-
layer GRU encoder-decoder model with attention. Both of
the embedding size and hidden size are set to 200. We use
a dropout layer with the rate of 0.5 and the training process
lasts 35000 iterations with batch size 64. We set K = 5000
steps in Algorithm 1 for both CFQ and SCAN benchmarks.

Baselines (i) General seq2seq models: LSTM, Trans-
former and Uni-Transformer (Keysers et al. 2020).
(ii) SOTA models on SCAN/CFQ benchmarks: Syn-
att (Russin et al. 2019), CGPS (Li et al. 2019), Equivari-
ant (Gordon et al. 2019), GECA (Andreas 2020), Meta-
seq2seq (Lake 2019) and T5-11B (Furrer et al. 2020).

Observations
We report the experimental results in Table 1 (SCAN) and 2
(CFQ). Notice that we pay more attention to MCD splits (on
both SCAN and CFQ), since it has been proven that they are
more comprehensive for evaluating compositional general-
ization than other splits (Keysers et al. 2020; Furrer et al.
2020). Our observations are as follows:

1.Iterative Back-translation substantially improves the
performance on compositional generalization benchmarks.
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Figure 2: Quality (accuracy scores) of generated target data during the training procedure.

Figure 3: Quality (BLEU scores) of generated source data during the training procedure.

Firstly, IBT can always bring large performance gains to our
baseline (GRU+Att). Then, compared to the previous state-
of-the-art models, IBT can consistently achieve remarkable
performance on all tasks, while those SOTA models only
show impressive performances on ADD JUMP / LENGTH
/ AROUND RIGHT / OPPOSITE RIGHT tasks of SCAN,
but perform poorly on MCD tasks of SCAN/CFQ. More-
over, IBT also achieves higher performance than T5-11B,
which is a strong baseline that incorporates rich external
knowledge during pre-training stage.

2. Better monolingual data, better results. As described
in section , the quality of monolingual data are gradually
improved from “+mono30” to “+mono100” then to “+trans-
ductive”. In most cases, it’s as expected that “+transduc-
tive” performs better than “+mono100”, and “+mono100”
performs better than “+mono30”.

Secrets behind Iterative Back-Translation
Section shows that iterative back-translation substantially
improves seq2seq models’ ability to generalize to more com-
binations beyond parallel data, but it is still unclear how and
why iterative back-translation succeeds (RQ 2).

To answer this research question, we first empirically an-
alyze pseudo-parallel data quality during the training pro-
cess of iterative back-translation, and find that errors are in-
creasingly corrected (Section ). Then, we conduct ablation
experiments to further illustrate this observation. We find
that: even the error-prone pseudo-parallel data are benefi-
cial. We speculate the reason is that knowledge of unseen
combinations are implicitly injected into the model, thereby
the src2trg model and the trg2src model can boost each other
rather than harm each other (Section ). Moreover, pseudo-
parallel data in iterative back-translation contain perturba-

tions, helping models correct errors more effectively (Sec-
tion ). In this section, all experiments are conducted on the
CFQ benchmark, as it is much more complex and compre-
hensive than SCAN.

Quality of Pseudo-Parallel Data
We use Figure 2 and 3 to get a better sense of the qual-
ity of pseudo-parallel data during the training process. The
x-axis represents the number of training steps: in the first
5000 steps, we train the src2trg model and the trg2src model
with only parallel data; the iterative back-translation process
starts from step 5001 (dashed vertical lines). For each step,
we use the model to generate pseudo-parallel data from all
transductive monolingual data, and then evaluate the gen-
erated data quality. Specifically: the src2trg model gener-
ates a SPARQL query for each natural language utterance
in the source-side monolingual data, and we define the qual-
ity of these generated SPARQL queries (i.e., target-side se-
quences) as the accuracy of them; the trg2src model gener-
ates a natural language utterance for each SPARQL query in
the target-side monolingual data, and we define the quality
of these generated natural language utterances (i.e., source-
side sequences) as the BLEU score (Papineni et al. 2002) of
them.

We observe that iterative back-translation can increas-
ingly correct errors in pseudo-parallel data. Even though
the pseudo-parallel data are error-prone at the end of ini-
tial stage (dashed horizontal lines), the accuracy/BLEU
score has increased dramatically since the iterative back-
translation process starts.

Impact of Error-Prone Pseudo-Parallel Data
To explore the reasons why iterative back-translation can
increasingly correct error pseudo-parallel data, we investi-
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Figure 4: Ablation experiments for understanding the key factors contribute to the performance gain. The comparison of baseline
and BT indicates that even error-prone pseudo-parallel data are beneficial due to the injected implicit knowledge of unseen
combinations (Section ). The comparison of BT and BT+OTF indicates that perturbations brought by the on-the-fly mechanism
can prevent models learning specific incorrect bias, thus improving the performance (Section ). IBT performs best because it
uses both source-side and target-side monolingual data while others use only target-side monolingual data.

gate whether models can benefit from the initially generated
pseudo-parallel data which are error-prone. If yes, errors are
going to be reduced during the iterative training process;
otherwise, errors are going to be reinforced.

Toward this end, we conduct two ablation experiments
with “+mono30” monolingual data setting:

• BT-Src2trg: the standard back-translation method for
training the src2trg model (i.e., BT in Figure 4a). It con-
sists of three phases: first, train a src2trg model and a
trg2src model using parallel data; then, generate pseudo-
parallel data from target-side monolingual data using the
trg2src model; finally, tune the src2trg model using the
union of parallel data and pseudo-parallel data.

• BT-Trg2src: the standard back-translation method for
training the trg2src model (i.e., BT in Figure 4b). It also
consists of three phrases dual to those in BT-Src2trg.

According to the performance of BT and baseline (i.e.,
src2trg/trg2src models trained only on parallel data) in Fig-
ure 4, we observe that even error-prone pseudo-parallel data
can be beneficial. Specifically, though the initial pseudo-
parallel data are error-prone (on average, 21.9% BLEU for
Trg2src and 16.0% accuracy for Src2trg), they can still im-
prove each other (5.4% BLEU and 4.0% accuracy gains for
Trg2src and Src2trg models, respectively).

A reasonable illustration for the observation is that: even
though pseudo-parallel data are error-prone, it can still im-
plicitly inject the knowledge of unseen combinations into the
src2trg/trg2src models, thereby boosting these models rather
than harming them.

Impact of Perturbations
Previous studies show that perturbations (or noises) in
pseudo data play an important role in semi-supervised learn-
ing (Zhang and Zong 2016; Edunov et al. 2018; He et al.
2019; Xie et al. 2020).

In iterative back-translation, the on-the-fly mechanism
(i.e., models will be tuned each mini-batch on-the-fly with
a batch of pseudo-parallel data) brings perturbations to

pseudo-parallel data. Different batches of pseudo-parallel
data are produced by different models at different steps,
rather than the same model. This makes errors more di-
verse, thus preventing the src2trg/trg2src model learning
specific incorrect bias from specific dual model. Therefore,
it is reasonable to speculate that some performance gains are
brought by such perturbations.

We conduct two ablation experiments (with “+mono30”
monolingual data setting) to study the impact of such per-
turbations:

• BT-Src2trg-with-OTF: this method can be seen as it-
erative back-translation without source-side monolingual
data (i.e., BT+OTF in Figure 4a). Specifically, during the
iterative training process, the trg2src model will only be
tuned with parallel data. As Figure 3 shows, the qual-
ity of pseudo-parallel data produced by the trg2src model
would keep error-prone if it is only tuned on parallel data
(the baseline curves in Figure 3). We want to see whether
the src2trg model could be improved if the trg2src model
keeps providing error-prone pseudo-parallel data.

• BT-Trg2src-with-OTF: this method can be seen as it-
erative back-translation without target-side monolingual
data (i.e., BT+OTF in Figure 4b). We want to see whether
the trg2src model could be improved if the src2trg model
keeps providing error-prone pseudo-parallel data.

According to the performance of BT and BT+OTF in Fig-
ure 4, we find that perturbations brought by the on-the-fly
mechanism do help models benefit from error-prone pseudo-
parallel data more effectively. For example, on average, the
accuracy of BT-Src2trg-with-OTF is 33.3%, while the accu-
racy of BT-Src2trg is only 20.1%. According to our statis-
tics, each sequence in target-side monolingual data has 49.3
different back-translations during the iterative training pro-
cess. The perturbations bring 13.3% performance gain, even
if the quality of pseudo-parallel data has almost no improve-
ment (see the baseline curves in Figure 3).

This experimental results support our hypothesis that per-
turbations brought by the on-the-fly mechanism contributes
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Algorithm 2 Curriculum Iterative Back-Translation
Input: M→ and M←, the src2trg and trg2src models that have
been initially trained on parallel data; Dsrc and Dtrg , source-side
and target-side monolingual data; C, curriculum segmentation al-
gorithm; c, the number of steps each stage should be trained; n,
number of curriculums.
1: Use C to split Dsrc into D

(1)
src, D

(2)
src, ..., D

(n)
src

2: Use C to split Dtrg into D
(1)
trg, D

(2)
trg, ..., D

(n)
trg

3: D′src = ∅, D′trg = ∅
4: for t = 1, 2, ..., n do . n stages
5: D′src = D′src ∪D

(t)
src

6: D′trg = D′trg ∪D
(t)
trg

7: Iterative back-translation (c steps) to update M→ and M←,
with D′src and D′trg as monolingual data

8: end for

a lot to the success of iterative back-translation in composi-
tional generalization benchmarks.

Curriculum Iterative Back-Translation
As discussed in Section , the major reason for why iterative
back-translation succeeds is that it can increasingly correct
errors in pseudo-parallel data. Based on this observation, it
is reasonable to speculate that iterative back-translation can
be further improved through injecting inductive bias that can
help errors be reduced more efficiently. Towards this end, we
consider curriculum learning (Bengio et al. 2009) as a po-
tential solution: start out iterative back-translation with easy
monolingual data (of which the generated pseudo-parallel
data are less error-prone), then gradually increase the diffi-
culty of monolingual data during the training process. Based
on this intuition, we propose Curriculum Iterative Back-
Translation (CIBT).

Method
Problem Formulation We denote source-side and target-
side monolingual data in iterative back-translation as Dsrc

and Dtrg , respectively. Suppose that we have a simple
heuristic algorithm C, which can divide Dsrc into n parts
(denoted as D

(1)
src, D(2)

src, ..., D(n)
src), and Dtrg can also be

divided into n parts (denoted as D
(1)
trg , D

(2)
trg , ..., D

(n)
trg ).

They are sorted by difficulty in ascending order: the ini-
tial src2trg model performs roughly better on D

(i)
src than

on D
(j)
src if i < j; and the initial trg2src model performs

roughly better on D
(i)
trg than on D

(j)
trg if i < j. We define

that (D(1)
src, D

(1)
trg), (D

(2)
src, D

(2)
trg), ..., (D

(n)
src, D

(n)
trg) are n cur-

riculums from simple to difficult. Our goal is to improve the
performance of iterative back-translation with this additional
curriculum setting.

Method Details Algorithm 2 details the workflow of cur-
riculum iterative back-translation.

Experimental Setup
We evaluate the effectiveness of curriculum iterative back-
translation on the CFQ “+mono30” setting.
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Figure 5: Performance of baseline model in each curriculum.

Curriculum Segmentation. Defining the curriculum seg-
mentation algorithm C is critical in our method. In previous
research work on curriculum learning, many metrics for cur-
riculum segmentation have been proposed, such as length,
frequency, and perplexity.

In curriculum iterative back-translation, C is used to split
both Dsrc and Dtrg . We denote that Ci(s) is an indicator that
takes the value 1 if and only if C put the sample s into the
i-th curriculum. It is a straightforward assumption that: for
each i = 1, 2, ..., n, the performance of curriculum iterative
back-translation would be better if Ci(x) = Ci(y) for any
source-side sequence x paired with its ground truth target-
side sequence y. Intuitively, we want to ensure that x and y
are in the same curriculum.

Based on this principle, we define C based on the num-
ber of entities occurring in each source/target sample. For
example, consider the source sequence “Were M1 and M3
distributed by M0’s employer and distributed by M2?”. It
contains 4 entities (M0, M1, M2, and M3), and its corre-
sponding target sequence (a SPARQL query) also contains
these 4 entities. Therefore, we put them into the same cur-
riculum. Specifically, we define 6 curriculums, which con-
tain monolingual data with (≤ 1)/2/3/4/5/(≥ 6) entities.

Figure 5 shows that: in this entity-based curriculum set-
ting, curriculum 1-6 are indeed arranged in order from sim-
ple to difficult. Specifically, we evaluate the performance of
the baseline model (i.e., the seq2seq model trained on paral-
lel data) on D

(1)
src, D

(2)
src, ..., D

(6)
src, respectively. We observe

that the baseline model performs better on curriculum 1-
2 than on curriculum 3-6, which indicates that this entity-
based curriculum setting is reasonable.

Hyperparameters We evaluate the performance of
curriculum iterative back-translation with varying c
(the number of steps each stage should be trained):
2000/2500/3000/3500/4000. To be fair, after n × c steps,
we continue to train on complete monolingual data (i.e.,
Dsrc and Dtrg) for (25, 000 − n × c) steps, thus keeping
the number of overall training steps the same.

Results and Analysis
Curriculum learning benefits iterative back-
translation. Table 3 shows the main results. CIBT
consistently outperforms IBT in all three data splits
(MCD1/MCD2/MCD3) and all hyperparameter settings (c
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IBT CIBT with hyperparameter c (steps in each stage)
2000 2500 3000 3500 4000

MCD1 64.8± 4.4 66.1± 5.0 66.0± 4.8 66.6± 5.4 65.9± 3.7 65.4± 3.8
MCD2 57.8± 4.9 68.6± 2.6 69.1± 3.1 68.0± 1.9 66.8± 2.4 65.4± 3.1
MCD3 64.6± 4.9 70.2± 4.9 68.4± 7.0 70.4± 4.8 69.2± 4.1 67.0± 6.3
Mean 62.4± 6.1 68.3± 4.1 67.8± 4.7 68.3± 4.1 67.3± 3.4 65.9± 4.1

Table 3: Performance (accuracy) of curriculum iterative back-translation.

1 2 3 4 5 6
k

60.0
62.5
65.0
67.5
70.0
72.5
75.0
77.5
80.0

Ac
cu
ra
cy

IBT
CIBT

Figure 6: Performance on different subsets. This figure indi-
cates that curriculum learning is more beneficial to difficult
data (larger k) than simple data (smaller k).

=2000/2500/3000/3500/4000). For MCD1/MCD2/MCD3
tasks of CFQ, CIBT outperforms IBT by 1.8%/11.3%/5.8%
accuracy scores. An interesting observation is that incor-
porating curriculum learning into iterative back-translation
brings more stable performance: IBT performs much worse
on MCD2 (57.8%) than on MCD1/MCD3 (64.8%/64.6%),
while CIBT’s improvement on MCD2 (11.3%) is much
better than on MCD1/MCD3 (1.8%/5.8%), making the
performances on MCD1/MCD2/MCD3 comparable
(66.6%/69.1%/70.4%).

Curriculum learning is more beneficial to difficult data
than simple data. Figure 6 further illustrates how curricu-
lum learning improves the performance. We use k to denote
test cases that would be put into the first k curriculums,
then obtain 6 subsets of test data: T1, T2, ..., T6. We have
T1 ⊂ T2 ⊂ ... ⊂ T6. As we can observe in Figure 6, on
the simplest subset (T1), the performances of IBT and CIBT
are very close. If we consider T2, a subset which is a bit
more difficult than T1, CIBT performs slightly better than
IBT. Similarly, we observe that: more difficult a subset of
test data is, more gains CIBT brings. Therefore, we can con-
clude that curriculum learning is more beneficial to difficult
data than simple data.

Related Work
Compositional Generalization
Recently, exploring compositional generalization of DNN
models has attracted a large attention on different top-
ics, e.g., visual-question answering (Hudson and Manning
2018), algebraic compositionality (Veldhoen et al. 2016;
Saxton et al. 2019), and logic inference (Bowman, Manning,
and Potts 2015; Mul and Zuidema 2019). In this work, we
focus on compositional generalization in language, which is
benchmarked by SCAN (Lake and Baroni 2018) and CFQ

(Keysers et al. 2020) tasks.
While mainstream DNN models are proved to exhibit lim-

ited compositional generalization ability in language (Lake
and Baroni 2018; Hupkes et al. 2020; Keysers et al. 2020;
Furrer et al. 2020), there have been many efforts to ad-
dress this limitation, including design specialized architec-
tures (Russin et al. 2019; Li et al. 2019; Gordon et al. 2019;
Guo et al. 2020; Liu et al. 2020), data augmentation (Jia and
Liang 2016; Andreas 2020), meta-learning (Lake 2019; Nye
et al. 2020) and pre-training models (Furrer et al. 2020).
Comparing to these previous work, this paper incorporates
semi-supervised learning into compositional generalization,
which is task-agnostic and model-agnostic, thus improving
the performance on both SCAN and CFQ benchmarks.

Iterative Back-translation
The idea of iterative back-translation dates back at least to
back-translation, which simply augments parallel training
data using pseudo-parallel data generated from only target-
side monolingual data. Back-translation has been proven ef-
fective in statistical machine translation (Goutte et al. 2009;
Bojar and Tamchyna 2011) and neural machine translation
(Sennrich, Haddow, and Birch 2016; Edunov et al. 2018;
Imamura, Fujita, and Sumita 2018; Xia et al. 2019; Wang
et al. 2019). Iterative back-translation (Hoang et al. 2018;
Cotterell and Kreutzer 2018; Lample et al. 2018; Con-
neau and Lample 2019) is an extension of back-translation,
in which forward and backward direction models generate
pseudo-parallel data for each other and improve each other,
bringing stronger empirical performance.

To our best knowledge, this paper is the first to study
iterative back-translation from the perspective of composi-
tional generalization. We demonstrate that iterative back-
translation can help seq2seq models make better general-
izations to much more combinations, thus broadening the
understanding of iterative back-translation.

Conclusion
In this paper, we revisit iterative back-translation from the
perspective of compositional generalization. We find that it-
erative back-translation is an effective method that exploits a
large amount of monolingual data to enable seq2seq models
better generalize to more combinations beyond limited par-
allel data. We also find that iterative back-translation has the
ability to increasingly correct errors in pseudo-parallel data,
thus contributing to its success. To encourage this behaviour,
we propose curriculum iterative back-translation, which ex-
plicitly improves the quality of pseudo-parallel data, thus
further improving the performance.
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