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Abstract

Reinforcement learning (RL) has been widely
studied for improving sequence-generation
models. However, the conventional rewards
used for RL training typically cannot capture
sufficient semantic information and therefore
manifest model bias. Further, the sparse and
delayed rewards make RL exploration ineffi-
cient. To alleviate these issues, we propose
the concept of nested-Wasserstein distance
for distributional semantic matching. To fur-
ther exploit it, a novel nested-Wasserstein self-
imitation learning framework is developed, en-
couraging the model to exploit historical high-
reward sequences for enhanced exploration
and better semantic matching. Our solution
can be understood as approximately execut-
ing proximal policy optimization with Wasser-
stein trust-regions. Experiments on a variety
of unconditional and conditional sequence-
generation tasks demonstrate the proposed
approach consistently leads to improved per-
formance.

1 Introduction

Sequence generation is an important research topic in
machine learning, covering a wide range of applications,
including machine translation (Bahdanau et al., 2015;
Cho et al., 2014; Sutskever et al., 2014), image cap-
tioning (Anderson et al., 2017; Vinyals et al., 2015; Xu
et al., 2015), and text summarization (Paulus et al.,
2017; Rush et al., 2015). Standard sequence generation
follows an auto-regressive model design under maxi-
mum likelihood estimation (MLE) learning (Huszár,
2015; Sutskever et al., 2014; Wiseman and Rush, 2016).
That is, models are trained to maximize the expected
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log-likelihood of the next word conditioned on its pre-
ceding ground-truth partial sentence. However, when
testing, the generated partial sequence is fed to the
generator to draw the next token. Such a discrepancy
between training and testing, commonly known as ex-
posure bias, leads to accumulated approximation errors
along the sequence-generation trajectory (Bengio et al.,
2015; Ranzato et al., 2016).

To address exposure bias, reinforcement learning (RL)
techniques have been introduced (Ranzato et al., 2016).
Unlike MLE, which only leverages training examples,
RL can also exploit samples drawn from the current
policy. Improvements are gained from reinforcing the
training towards more-plausible generations, typically
based on a user-specified reward function (Ranzato
et al., 2016; Yu et al., 2017). However, the manually
designed rewards often target specific desirable prop-
erties in sequence generation (e.g., matching n-gram
overlap between generated sequences and ground-truth
references), which unintentionally induces extra bias
and is often criticized as a bad proxy for human evalu-
ation (Wang et al., 2018a; Hu et al., 2019). Concerns
have also been raised w.r.t. efficient exploration in
sequence generation. In existing RL-based methods
for sequence generation (Bahdanau et al., 2017; Ran-
zato et al., 2016; Rennie et al., 2016), all experiences
are treated as equivalent. However, merely relying on
policy samples to explore often leads to forgetting a
high-reward trajectory, unless it can be re-sampled fre-
quently (Liang et al., 2018). This problem becomes
severe in the sparse-reward setting in sequence genera-
tion, i.e., the reward is only available after the whole
sentence is generated.

Motivated by the above observations, we present a novel
nested-Wasserstein Self-Imitation Learning (WSIL)
framework for sequence generation. Specifically, we
propose the nested-Wasserstein distance, a general-
ization of the Wasserstein distance, and exploit it to
measure distance between the behavior policy and the
artificial policy defined by the replay buffer, to encour-
age self-imitation. The nested-Wasserstein distance
is well suited for distributional semantic matching be-
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tween two (sequence) distributions whose samples are
still discrete distributions, as in the case of sequence
generation. The proposed WSIL is inspired by and
derived from the policy optimization with Wasserstein
trust-regions (Zhang et al., 2018b). It provides a novel
reward function to match the generated sequences with
the high-reward sequences in the replay buffer, encour-
aging distributional semantic matching rather than
simple n-gram overlap.

The main contributions of this paper are summarized
as follows. (i) A novel nested-Wasserstein self-imitation
learning framework is developed for sequence genera-
tion, exploiting historical good explorations for better
future exploration. (ii) A novel nested-Wasserstein
distance is introduced for sequence generation via dis-
tributional semantic matching, effectively alleviating
the model training bias imposed by conventional re-
wards. (iii) Extensive empirical evaluation is performed
on both unconditional and conditional text generation
tasks, demonstrating consistent performance improve-
ment over existing state-of-the-art approaches.

2 Background

Sequence-generation model We consider the
problem of discrete-sequence generation, which learns
to generate a sequence Y = (y1, . . . , yT ) ∈ Y of length
T , possibly conditioned on context X. Here each yt is
a token from vocabulary A. Pairs (X,Y ) are used for
training a sequence-generation model. We are particu-
larly interested in applications to text generation, where
Y is a sentence and each yt is a word. Starting from
the initial state s0, a recurrent neural network (RNN)
produces a sequence of states (s1, . . . , sT ) given an in-
put sequence-feature representation (e(y1), . . . , e(yT )),
where e(·) denotes a word embedding that maps a token
to its d-dimensional feature representation. The states
are recursively updated with a function known as the
cell: st = hθ(st−1, e(yt)), where θ denotes the model pa-
rameters. Popular implementations include Long Short-
Term Memory (LSTM) (Hochreiter and Schmidhuber,
1997) and the Gated Recurrent Unit (GRU) (Cho
et al., 2014). In order to generate sequence Y s from a
(trained) model, one iteratively applies the following
operations:

yst+1 ∼ Multi(softmax(g(st))) , (1)
st = h(st−1, e(y

s
t )) , (2)

where Multi(·) denotes a multinomial distribution. In
conditional generation, s0 is initialized with Enc(X),
where Enc(·) encodes the relevant information from the
context (Bahdanau et al., 2017; Cho et al., 2014). For
unconditional generation, one typically draws s0 from
a standard Gaussian distribution.

Sequence generation as an RL problem Se-
quence generation can be considered as an RL problem

with deterministic state transition and sparse reward.
It can be formulated as a Markov decision process
(MDP)M = 〈S,A, P, r〉, where S is the state space, A
is the action space, P is the deterministic environment
dynamics and r(s, y) is a reward function. The policy
πθ, parameterized by θ, maps each state s ∈ S to a
probability distribution over A. The objective is to
maximize the expected reward, defined as:

J(πθ) = EY∼πθ [r(Y )] =

T∑
t=1

E(st,yt)∼πθ [r(st, yt)] , (3)

where Y , (s1, y1, · · · , sT , yT ) is a trajectory from
policy πθ with yt ∈ A, and r(Y ) represents the reward
for a sentence Y , and r(st, yt) is the step-wise reward.
RL seeks to learn an optimal policy, that maximizes
the expected total reward J(πθ).

Optimal transport on discrete domains The op-
timal transport (OT) distance Wc(µ,ν) is a discrep-
ancy score that measures the distance between two
probability distributions µ(·) and ν(·) w.r.t. a cost
function c(·, ·). Specifically, we consider two discrete
distributions µ ,

∑n
i=1 uiδzi and ν ,

∑m
j=1 vjδz′

j
with

δz the Dirac delta function centered on z. The weight
vectors u = {ui}ni=1 ∈ ∆n and v = {vj}mj=1 ∈ ∆m re-
spectively belong to the n and m-dimensional simplex,
i.e.,

∑n
i=1 ui =

∑m
j=1 vj = 1. Accordingly, Wasser-

stein distance is equivalent to solving the following
minimization problem:

Wc(µ,ν) = min
T∈Γ(µ,ν)

m∑
i=1

n∑
j=1

Tij · c(zi, z′j)

= min
T∈Γ(µ,ν)

〈T,C〉 ,
(4)

where
∑n
j=1 Tij = 1

m and
∑m
i=1 Tij = 1

n are the con-
straints, 〈·, ·〉 represents the Frobenius dot-product,
and C is the cost matrix defined by Cij = c(zi, z

′
j).

Intuitively, the OT distance is the minimal cost of
transporting mass from µ to ν.

3 Distributional Semantic Matching

We first consider evaluating the sentence from syntac-
tic and semantic perspectives. Conventional metric
rewards (e.g., BLEU) can capture the syntactic struc-
ture better, where the exact matching of words (or
short phases) to the reference sequences is encouraged,
which induces strong bias in many cases. As such, we
focus on the semantic matching and propose the nested-
Wasserstein distance, that defines the distance between
two sequence distributions. Nested-Wasserstein dis-
tance provides a natural way to manifest semantic
matching compared with the conventional rewards used
in existing RL-based sequence models. Alternatively,
we can train a discriminator to learn the reward model,
but empirically it only rewards high-quality genera-
tions, even though they may be characterized by mode
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 Reference:             There are six freshmen playing football .

Candidate 1 (C1):   There are six freshmen reading papers .

Candidate 2 (C2):    Six freshmen are playing soccer .

BLEU ROUGE-L CIDEr Naive Wasserstein
C1 36.8 50.0 163.7 84.1 76.3
C2 0.0 35.8 55.9 42.5 80.1

Table 1: Comparison of different rewards in terms of
the sequence-level (higher is better). The top figure
illustrates the Wasserstein reward of comparing two
candidate sentences with a reference sentence, which
will automatically match semantically similar words.
Dominant edges are shown in dark blue, determined
by the optimal transport matrix T.

collapse (He et al., 2019). This undermines diversity,
an important aspect in evaluation.

To better understand the issue, consider the example
on sequence matching in Table 1. One can also use
a naive way of semantic matching, i.e., measuring a
distance between average word embeddings. It is clear
that while the first candidate sentence has a similar
syntactic structure to the reference, the second can-
didate sentence is more semantically consistent with
the reference. However, popular hard-matching met-
rics (Papineni et al., 2002; Vedantam et al., 2015) and
the naive method consistently indicate the first can-
didate is a better match to the reference. The above
contradiction can be alleviated if the reward metric is
more semantic-aware. So motivated, the remainder of
this section is devoted to a discussion of design and
implementation of Wasserstein rewards. The general
idea is to match the semantic features via minimizing
the Wasserstein distance between hypothesis sentences
and their references in the semantic space. A nested
version of the Wasserstein distance arises when inte-
grating the distributional semantic matching into the
objective of sequence distribution matching.

Definition 1 (Wasserstein Distance between
Sequence Pairs) Consider sequence Y = (y1, . . . , yT )
as a discrete distribution pY = 1

T

∑
t δe(yt) in the se-

mantic space, with the length-normalized point mass
placed at the word embedding, i.e., zt = e(yt) of each
token yt from the sequence Y . Given a hypothesis se-
quence Y w.r.t. a reference sequence Y ′, we define the
Wasserstein distance as Wc(pY , pY ′) , minT〈T,C〉
between pY and pY ′ with cost c(z, z′). When the co-
sine distance ccos(z, z

′) = 1− zᵀz′

‖z‖2‖z′‖2 is used as our
cost, we define the Wasserstein reward as rs(Y, Y ′) ,
〈T∗, 1−C〉, where T∗ is the optimal transport matrix.

Word-level

Sequence-level

Distribution-level

(Y, Wc)
<latexit sha1_base64="kihwQJy8uvgG1ufWusiVIeoNki4=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSJUkJLUgi4LblxWsA9pQ5hMJ+3QyYOZiVhCfsWNC0Xc+iPu/BsnbRbaemDgcM693DPHizmTyrK+jbX1jc2t7dJOeXdv/+DQPKp0ZZQIQjsk4pHoe1hSzkLaUUxx2o8FxYHHac+b3uR+75EKyaLwXs1i6gR4HDKfEay05JqV2jDAakIwTx+yC9RzyblrVq26NQdaJXZBqlCg7Zpfw1FEkoCGinAs5cC2YuWkWChGOM3Kw0TSGJMpHtOBpiEOqHTSefYMnWllhPxI6BcqNFd/b6Q4kHIWeHoyDyqXvVz8zxskyr92UhbGiaIhWRzyE45UhPIi0IgJShSfaYKJYDorIhMsMFG6rrIuwV7+8irpNur2Zb1x16y2mkUdJTiBU6iBDVfQgltoQwcIPMEzvMKbkRkvxrvxsRhdM4qdY/gD4/MHxkqTkg==</latexit>
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Figure 1: Illustration of nested-Wasserstein distance
(Wnc) over distributions of sequences (PY ), showing
how the distance is defined in a nested manner to
measure distance of sequence distributions. ccos is the
word ground metric; Wc is the sequence ground metric.

Nested-Wasserstein distance Our ultimate goal
is to measure distance between two policy distribu-
tions instead of sequence pairs. Given two sets of
sequences from two policies, one aims to incorporate
the semantic information between sequences into the
distance measure. To this end, we propose the nested-
Wasserstein distance in Definition 2. Figure 1 illustrates
the nested-Wasserstein distance, considering both word-
and sequence-level matching with Wasserstein distance.

Definition 2 (Nested-Wasserstein Distance)
Consider two sets of sequences Y = {Yi}Ki=1 and
Y ′ = {Y ′j }K

′

j=1 drawn from two sequence distributions
PY and PY ′ , where K and K ′ are the number of
sequences in Y and Y ′. The nested-Wasserstein
distance, denoted as Wnc(PY ,PY ′), is a metric
measuring the distance between PY and PY ′ , defined
in a nested manner:

Wnc(PY ,PY ′) , min
T s

K∑
i=1

K′∑
j=1

T sijWc(pYi , pY ′
j
) , (5)

where T ′ij ≥ 0 satisfies
∑
i T

s
ij = 1

K and
∑
j T

s
ij = 1

K′ ;
Wc(·, ·) denotes the c-Wasserstein distance defined in
(4).
Remark 1 The word “nested” comes from the defi-
nition in (5), that essentially consists of two nested
levels of Wasserstein distance. The proposed nested-
Wasserstein distance brings in the semantic information
via the distance measure Wc in the first-level distance.
Note that we have omitted the expectation over samples
in (5) for simplicity, as we essentially use a single set
of samples to approximate Wnc(·, ·) in algorithms.

Sample-based estimation of nested-Wasserstein
distance Computing the exact Wasserstein distance
is computationally intractable (Arjovsky et al., 2017;
Genevay et al., 2018; Salimans et al., 2018), let alone
the proposed nested-Wasserstein distance. Fortunately,
we can employ the recently proposed IPOT algorithm
(Xie et al., 2018) to obtain an efficient approximation.
Specifically, IPOT considers the following proximal
gradient descent to solve the optimal transport
matrix T via iterative optimization, i.e., T(t+1) =
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arg minT∈Π(µ,ν)

{
〈T,C〉+ γ · DKL(T,T(t))

}
, where

1/γ > 0 is the generalized step size and the
generalized KL-divergence DKL(T,T(t)) =∑
i,j Tij log

Tij

T
(t)
ij

− ∑
i,j Tij +

∑
i,j T

(t)
ij is used

as the proximity metric. Standard Sinkhorn iterations
(Cuturi, 2013) are used to solve the above sub-problem.
The IPOT was designed to approximately calculate the
standard Wasserstein distance. Here we extend it to
calculate the nested-Wasserstein distance by applying
IPOT twice in a nested manner, i.e., in the sequence
and distribution levels. The full IPOT approach is
summarized as Algorithm 2 in Appendix B.

4 Nested-Wasserstein Self-Imitation
Learning

Purely adopting the nested-Wasserstein distance as the
reward in a standard policy-gradient method is not
effective, because the syntactic information is missing.
Specifically, we consider sequences generated from a
conditional behavior policy πθ,X , parameterized by θ
with the conditional variable X. For example, in im-
age captioning, each sequence is generated conditioned
on a given image. For unconditional generation, the
conditional variable is empty. Instead of combining
the rewards with different weights (Liu et al., 2017; Pa-
sunuru et al., 2017), we present the nested-Wasserstein
Self-Imitation Learning (WSIL) framework, providing
a novel way of leveraging both syntactic (metric) and
semantic (Wasserstein) information.

The overall idea of the proposed nested-Wasserstein self-
imitation learning is to define aWasserstein trust-region
between the current policy (a.k.a. behavior policy)
and the artificial policy defined by the replay buffer.
Intuitively, the Wasserstein trust-region encourages the
self-imitation of historical high-reward sequences, which
provides semantic signals to guide training, in addition
to the stabilizing effect from trust-region optimization.
Furthermore, a replay buffer is used to store high-
reward historical sequences, whose induced conditional
policy is denoted πB,X . Our new objective function
with a Wasserstein trust-region is defined as:

J(πθ) = EX∼pd{EY s∼πθ,X [r(Y s)]

− λ · Wnc(πθ,X , πB,X)} , (6)

where Wnc is the nested-Wasserstein distance defined
in Definition 2, and r(·) can be a metric reward be-
tween Y s and the ground-truth references Y . With
a little abuse of notation, but for conciseness, we use
πθ to denote both the policy and the distribution over
the sequences. Distinct from classic trust-region pol-
icy optimization, which defines the trust region based
on KL-divergence (Schulman et al., 2015), WSIL de-
fines the trust region based on the nested-Wasserstein

Generator Wasserstein
Rewards

Generated
Sequences  

Standard
Rewards

Sequences from 
Replay Buffer

Replay 
Buffer

High-Rewards
Sequences

Figure 2: Illustration of the proposed nested-
Wasserstein Self-Imitation Learning (WSIL) framework,
where Wasserstein self-imitation rewards are defined to
encourage the generator to imitate samples from the
replay buffer. The standard RL framework is given in
the gray dotted box.
distance between the behavior policy πθ,X and the arti-
ficial policy πB,X . Note when K = K ′ = 1, the nested
Wasserstein distance degenerates to the definition of
Wasserstein distance between two sequences.

Remark 2 Unconditional Generation: By con-
sidering samples (features) themselves as discrete dis-
tributions, we replace the mean square difference over
features of sequence pairs, i.e., Euclidean norm, with
the Wasserstein distance. Then for the distributions of
sequences, we again adopt the Wasserstein distance as
in WGAN (Arjovsky et al., 2017) but in the discrete
domain. Thus, the Wasserstein distance is defined in a
nested manner.

Remark 3 Conditional Generation: We replace
the exact matching of sequence pairs with metric re-
wards in RL training, with the Wasserstein distance.
In this case, we are matching two conditional distribu-
tions with Wasserstein distance, instead of matching
the generated sentence with all reference sentences by
average. This is deemed to be a more suitable procedure,
as a generated sentence does not necessarily need to
match all the references.

For simplicity, we sometimes omit the first expectation
EX∼pd . With the proposed nested Wasserstein distance,
we propose the Wasserstein self-imitation scheme in (6),
as illustrated in Figure 2. We seek to use historical high-
reward sequences to define a “self-imitation” reward
function, which is then combined with the original
reward function to update the generator with policy
gradient methods. Intuitively, higher self-imitation
rewards are achieved when the generated sequences
are close to historical high-reward sequences. Thus the
generator is guided to perform self imitation and we call
this method indirect nested-Wasserstein self-imitation
learning (WSIL-I). The word “indirect” comes from the
mechanism that historical sequences interact with the
policy indirectly via the self-imitation reward.

WSIL-I incorporates a self-imitation reward, denoted
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rs(Y
s, Y b), into the objective function. Here Y b de-

notes a sample from the replay buffer and Y s denotes
a sample from the current policy. To this end, we
replace the Wasserstein distance Wc in the nested-
Wasserstein distance with rs(Y s, Y b) in the general ob-
jective (6). Specifically, we define the two sets of sample
sequences from πθ,X and πB,X to be Y s , {Y si }Ki=1 and
Y b , {Y bj }K

′

j=1, with sizes of K and K ′, respectively.
Here Y si ∼ πθ,X and Y bj ∼ πB,X , ∀j. {Y si }Ki=1 and
Y b will be used in calculating the nested-Wasserstein
distance. Let rns(Y si ,Y b) ,

∑
j T

s
ijrs(Y

s
i , Y

b
j ) be the

nested-Wasserstein reward, with Ts = {T sij} the op-
timal weights in distribution-level. Based on (6), the
objective of WSIL-I is adapted to be:

JI(πθ) , EX∼pdEY s∼πθ,X
[
r(Y s) + λrns(Y

s,Y b)
]
, (7)

where r is the original RL reward; rns is the nested-
Wasserstein reward. Since not all historically explored
samples are helpful for updating the current policy, we
only consider a subset of the high-reward sequences
when performing self-imitation. Using K trajectories
sampled i.i.d. from πθ and introducing a baseline b,
the gradient estimate of WSIL-I is expressed as:

∇θJI(πθ) ≈−
K∑
k=1

[(r(Y sk )− b)∇θ log πθ(Y
s
k )

+ λrns(Y
s
k ,Y

b)∇θ log πθ(Y
s
k )] .

(8)

In practice, I
[
r(Y b) > r(Y s)

]
will be combined with

the nested-Wasserstein rewards, where I(·) = 1 if the
condition is satisfied, and it is zero otherwise; b is the
baseline to stabilize training. If the reward of a histor-
ical high-reward sequence is greater than the current
one (i.e., r(Y b) > r(Y s)), the generator learns to imi-
tate this high-reward sequence. Otherwise, the update
based on the historical sequence is not performed due
to the I(·) operator. This encourages the agent to
only imitate its good historical explorations. We have
also developed an alternative way of implementing (di-
rect) WSIL (WSIL-D), as discussed in the Appendix
A. Algorithm 1 describes the general implementation
procedure of the WSIL.

Exploration Efficiency The exploration space of
MLE is the examples in the training set (Tan et al.,
2018), i.e., no exploration is performed in super-
vised training. In contrast, standard policy optimiza-
tion (Ranzato et al., 2016) allows the whole exploration
space. However, the exploration may become inefficient
since it may be too flexible, and some good historical
sequences tend to be less explored and imitated due
to the sparse rewards. Our proposed WSIL aims to
provide more efficient and systematic exploration. It
allows whole-space exploration, but re-weights the ex-
ploration space to focus more on the exploration that
may provide better performance with the Wasserstein
trust-region.

Algorithm 1 Nested-Wasserstein Self-Imitation.
Require: Generator policy πθ; a sequence datasetD =
{Y1...T }N1 ; a possibly empty condition X = {X}N1 .
Initialize πθ and replay buffer B.
Pretrain generator πθ with MLE.
repeat
Generate K sequences Y s = {Y sk }Kk=1, where
Y sk ∼ πθ.
Update replay buffer B using Y s.
if Self-Imitation then
Sample K ′ sequences Y b = {Y bj }K

′

j=1, where
Y bj ∼ πB.
Estimate the OT matrix T and Ts via IPOT
Compute rns(Y sk ,Y

b) and update πθ with (8).
else
Update the generator πθ with (3) using Y s.

end if
until Algorithm converges

MLE RL WSIL

Figure 3: Exploration space of different methods. Circle:
ground truth; Star: high-reward sequences.

Increasing Self-Imitation According to the theory
of Wasserstein gradient flows (Villani, 2008), 1/λ can
be interpreted as a generalized decaying learning rate.
With more explorations, λ becomes larger, and the algo-
rithm should focus more on the self-imitation learning,
providing a guideline to balance standard RL training
and self-imitation learning; more details are provided in
Appendix B. Practically, nested-Wasserstein provides
weak supervision focusing on semantic matching, which
is reasonable since the historical high-reward sequences
contain some noise.

5 Related Work

Optimal transport Kusner et al. (2015) proposed
the word mover’s distance (WMD) and first applied
optimal transport (OT) to NLP; OT has also been em-
ployed to improve topic modeling (Huang et al., 2016).
The transportation cost is usually defined as Euclidean
distance, and OT distance is approximated by solving
a Kantorovich-Rubinstein dual (Gulrajani et al., 2017)
or a less-accurate lower bound (Kusner et al., 2015).
Yurochkin et al. (2019) proposed a hierarchical OT
representation (Dukler et al., 2019) for documents, but
the hierarchy was at the word- and topic-level based
on the WMD. Our work considers nested-Wasserstein
distance, presenting an efficient IPOT-based implemen-
tation for OT distance approximation (Xie et al., 2018),
successfully using it to guide sequence generation.
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Self-Imitation Learning Experience replay has
been widely considered in RL. Deterministic policy
gradient (Silver et al., 2014; Lillicrap et al., 2016) per-
forms experience replay, but is limited to continuous
control. Actor-critic approaches (Konda and Tsitsiklis,
2000) can also utilize a replay buffer to improve per-
formance. Prioritized experience replay (Schaul et al.,
2015) samples trajectories based on the time-difference
error, and we adopt it in our implementation. These ap-
proaches indiscriminately buffer all experiences, while
the approach proposed here only buffers high-reward ex-
perience. Further, episodic control (Lengyel and Dayan,
2008) can be regarded as an extreme way of exploit-
ing past experience, trying to reproduce its best past
decisions, but retrieving states leads to poor efficiency
and generalization in testing. Self-imitation learning
was first applied in Atari games and Mujoco (Oh et al.,
2018; Gangwani et al., 2018), reporting performance
improvement w.r.t. sparse rewards. Compared with
that work, our solution considers a novel self-imitation
learning scheme in the context of sequence generation.
RL for Sequence Generation RL techniques have
been explored in detail for sequence generation. For ex-
ample, a Seq2Seq model can be trained by directly opti-
mizing BLEU/ROUGE scores via policy gradient (Ran-
zato et al., 2016; Bahdanau et al., 2017). Furthermore,
Rennie et al. (2016) baselines the actor with the reward
of a greedy-decoding sequence for the REINFORCE
method. Model-based RL and hierarchical RL have
also been studied for sequence generation (Zhang et al.,
2018a; Huang et al., 2019). Further, a learned discrim-
inator (or, critic) can also be used to provide sequence-
level guidance. By constructing different objectives,
previous work (Yu et al., 2017; Lin et al., 2017; Guo
et al., 2017; Fedus et al., 2018) combines the policy-
gradient algorithm with the original GAN training
procedure. However, mode-collapse problems make the
training of these methods challenging. By contrast, we
propose the use of self-imitation learning, and maintain
a replay buffer to exploit past good explorations.

6 Experiments

We evaluate the proposed method on both uncondi-
tional and conditional text-generation tasks, consid-
ering standard benchmark datasets. Our approach
achieves state-of-the-art results on unconditional text
generation and video captioning. We also observed
improved performance on image captioning, though re-
lying on much simpler features compared to prior state-
of-the-art methods. We also perform ablation studies to
understand the improvements brought by self-imitation
and Wasserstein rewards individually. Details of the
datasets, experimental setup and model architectures
are provided in Appendix C.

Figure 4: Demonstration of nested-Wasserstein dis-
tance at the word-level (left) and sentence-level (right).

Figure 5: An example of image captioning. The right
generated sentence is better but given a lower CIDEr.

Implementation Details A few key techniques are
required for successful model training. (i) The reward
from a greedy-decoding sentence is used as the base-
line (Rennie et al., 2016) in conditional text generation;
in unconditional text generation, a constant baseline is
used. (ii) A single large replay buffer is maintained for
unconditional generation, and multiple replay buffers
are maintained for different conditions in conditional
generation. (iii) For each pair of sentences, the shorter
one should be padded to the same length as the longer
one for a balanced optimal transport, which is a key
implementation technique.

Demonstration of nested-Wasserstein Figure 4
shows the optimal matching in sentence-level (T) and
distribution-level (Ts). It is interesting to see that all
similar words (e.g., bike and cycle) are matched with
each other (higher weights), which cannot be achieved
via exact hard-matching metrics. At the distribution-
level, we show an example in captioning tasks, where
we have five reference and hypothesis sentences. Tradi-
tional methods will match a hypothesis sentence to each
of the references and average over them; our method
performs distributional semantic matching, i.e., only
matching similar references instead of all of them. For
example, the third hypothesis is almost matched with
the fifth reference, because they are more similar. This
is reasonable, because the references are usually very
different, and equivalently matching with all of them
is confusing for the generator. As shown in Figure
5, CIDEr focuses more on the locality fluency and
equivalent matching with all references, while nested-
Wasserstein performs distributional semantic matching.
More examples are provided in the Appendix.
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Method Test-BLEU-2 3 4 5 Self-BLEU-2 3 4

MLE (Caccia et al., 2018) 0.902 0.706 0.470 0.392 0.787 0.646 0.485
SeqGAN (Yu et al., 2017) 0.820 0.604 0.361 0.211 0.807 0.577 0.278
RankGAN (Lin et al., 2017) 0.852 0.637 0.389 0.248 0.822 0.592 0.230
TextGAN (Zhang et al., 2017) 0.910 0.728 0.484 0.306 0.806 0.548 0.217
FMGAN (Chen et al., 2018) 0.911 0.782 0.584 0.382 0.834 0.643 0.405
LeakGAN (Guo et al., 2017) 0.922 0.797 0.602 0.416 0.912 0.825 0.689
WSIL-D (ours) 0.917 0.774 0.576 0.393 0.797 0.569 0.284
WSIL-I (ours) 0.922 0.778 0.576 0.396 0.813 0.600 0.326

Table 2: Test-BLEU (↑) and Self-BLEU (↓) scores on Image COCO.

Method Test-BLEU-2 3 4 5 Self-BLEU-2 3 4

MLE (Caccia et al., 2018) 0.905 0.701 0.464 0.278 0.764 0.522 0.295
SeqGAN (Yu et al., 2017) 0.630 0.354 0.164 0.087 0.728 0.411 0.139
RankGAN (Lin et al., 2017) 0.723 0.440 0.210 0.107 0.672 0.346 0.119
TextGAN (Zhang et al., 2017) 0.777 0.529 0.305 0.161 0.806 0.662 0.448
FMGAN (Chen et al., 2018) 0.913 0.751 0.512 0.315 0.830 0.682 0.427
LeakGAN (Guo et al., 2017) 0.923 0.757 0.546 0.335 0.837 0.683 0.513
SIL-D (ours) 0.875 0.634 0.401 0.243 0.724 0.466 0.256
SIL-I (ours) 0.869 0.633 0.399 0.242 0.710 0.455 0.263
WSIL-D (ours) 0.931 0.736 0.503 0.317 0.795 0.553 0.299
WSIL-I (ours) 0.926 0.726 0.492 0.307 0.815 0.595 0.380

Table 3: Test-BLEU (↑) and Self-BLEU (↓) scores on EMNLP2017 WMT News.

6.1 Unconditional Text Generation

We compare our approach with a number of related
RL-based GAN models for unconditional text gener-
ation (Guo et al., 2017; Lin et al., 2017; Yu et al.,
2017; Zhang et al., 2017). Our implementation is devel-
oped based on the LeakGAN model, by incorporating
Wasserstein self-imitation learning. All baseline exper-
iments are performed on the texygen platform (Zhu
et al., 2018). The corpus-level BLEU score is employed
to evaluate the generated sentences. Specifically, we
follow the strategy in Yu et al. (2017); Guo et al. (2017)
and adopt the BLEU score, referenced by test set (test-
BLEU) and themselves (self-BLEU) to evaluate the
quality of generated samples. Test-BLEU evaluates
the goodness of generated samples, and self-BLEU
measures their diversity. The BLEU scores for 1000
generated sentences are averaged to obtain the final
score for each model. A good generator should achieve
both a high test-BLEU score and a low self-BLEU score.
Following previous work (Guo et al., 2017), we test the
proposed method on the short and long text genera-
tion on Image COCO and EMNLP2017 WMT News
datasets. The BLEU scores with different methods are
provided in Tables 2 and 3.

Analysis Compared with other methods, LeakGAN,
WSIL-D and WSIL-I achieve comparable test-BLEU
scores, demonstrating high-quality generated sentences.
However, LeakGAN tends to over-fit on training data,
leading to much higher (worse) self-BLEU scores. Our
proposed methods, by contrast, show good diversity of
the generated text with lower self-BLEU scores. Other

baselines obtain both low self-BLEU and test-BLEU
scores, leading to more random generations.

Ablation Study We conduct ablation studies on
EMNLP2017 WMT news to investigate the improve-
ments brought by each part of WSIL. We first test the
benefits of using two types of self-imitation schemes.
We compare RL training with (i) self-imitation (SIL-D
and SIL-I), where only a replay buffer and conventional
matching (features extracted from a neural network) are
employed; and (ii) Wasserstein self-imitation (WSIL-D
and WSIL-I). Results are shown in Table 3. We ob-
serve that the self-imitation strategy, with specific re-
play buffer construction, can alleviate the discrepancies
between reward model bias and conventional rewards
(e.g., self-BLEU). Without Wasserstein rewards, we
achieve lower self-BLEU at the sacrifice of test-BLEU.
When combining with Wasserstein rewards, WSIL-D
and WSIL-I show superior performance relative to the
baselines. The random generated samples in Appendix
D and human evaluations further validate this.

Sweep the Temperature To better evaluate the
proposed method, we follow Caccia et al. (2018) to
evaluate the trade-off between the quality and diversity.
We use the F1-BLEU score as a metric, which consid-
ers both quality and diversity, and is defined as the
geometry average of BLEU score and 1− Self-BLEU:

F1-BLEU =
2× BLEU× (1-Self-BLEU)

BLEU + (1-Self-BLEU)
. (9)

Figure 6 indicates that WSIL is consistently better
than the MLE model on the F1-BLEU-4 score.
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Method BLEU-4 METEOR ROUGE-L CIDEr
ED-LG (Yao et al., 2015) 35.2 25.2 - -
SA-LSTM (Xu et al., 2016) 36.6 25.9 - -
SCST (Pasunuru et al., 2017) 40.5 28.4 61.4 51.7
MBP (Wang et al., 2018b) 41.3 28.7 61.7 48.0

Our Implementations
MLE 39.2 27.8 59.8 46.6
MIXER (Ranzato et al., 2016) 40.2 27.9 60.8 50.3
SCST (Rennie et al., 2016) 40.7 27.9 61.6 51.3
WSIL-D 42.5 29.0 62.4 52.1
WSIL-I 41.6 28.4 62.0 52.2

Table 4: Video captioning results on MSR-VTT.

Method BLEU-4 METEOR ROUGE-L CIDEr
S & T (Vinyals et al., 2015) 27.7 23.7 - 85.5
OT (Chen et al., 2019) 31.0 24.6 - 94.7
Adaptive (Lu et al., 2017) 33.2 26.6 - 108.5
TD (Anderson et al., 2017) 33.3 26.3 55.3 111.4

Our Implementations
MLE 28.8 24.4 52.0 91.3
MIXER (Ranzato et al., 2016) 30.8 24.7 52.9 101.2
SCST (Rennie et al., 2016) 32.1 25.4 53.9 105.5
WSIL-D 31.8 25.7 54.0 107.4
WSIL-I 32.0 25.6 53.9 107.6

Table 5: Image captioning results on COCO.

Methods MLE LeakGAN SIL-D SIL-I

Human scores 2.97±0.05 2.63±0.05 2.54±0.05 2.55±0.05

Methods Real WSIL-D WSIL-I -

Human scores 4.11±0.04 3.49±0.05 3.41±0.05 -

Table 6: Results of human evaluation.

Figure 6: F1-BLEU-4 on sweeping temperature on
unconditional generation; CIDEr scores of Video Cap-
tioning on validation set.

Human Evaluation Simply relying on the above
metrics is not sufficient to evaluate the proposed
method (Caccia et al., 2018). Following previous
work (Guo et al., 2017), we performed additional human
evaluation on the EMNNLP2017 WMT News dataset
using Amazon Mechnical Turk. We require all the
workers to be native English speakers, with approval
rate higher than 95% and at least 100 assignments
completed. Previous work has shown higher scores of
LeakGAN compared with other baselines (Guo et al.,
2017), therefore we mainly focus on the comparison of
our methods with LeakGAN. We randomly sampled
200 sentences from each model, and asked 5 different
workers to score each sentence on a scale of 1 to 5,
considering its readability and meaning. Results are
shown in Table 6, which indicates better performance
of the proposed WSIL.

6.2 Conditional Text Generation

Video Captioning We conduct experiments on the
MSR-VTT dataset (Xu et al., 2016) for video cap-
tioning. The MSR-VTT is a large-scale video dataset,
consisting of 20 video categories. The dataset was split
into 6513 and 3487 clips in the training and testing
sets, respectively. Each video is annotated with about
20 captions. For each video, we sample at 3 fps and
extract Inception-v4 (Szegedy et al., 2017) features
from these sampled frames. We report BLEU-4 (Pap-
ineni et al., 2002), CIDEr (Vedantam et al., 2015), and

METEOR (Banerjee and Lavie, 2005) scores. Results
are summarized in Table 4. Consistent improvements
are observed with the WSIL framework. WSIL-D per-
forms slightly better than WSIL-I, both yielding much
higher optimized CIDEr and METEOR scores than
SCST. This indicates that Wasserstein self-imitation
can improve the semantic matching between generated
sentences and their references, while achieving reason-
able exact-matching-based metric scores.

Image Captioning We consider image captioning
using the COCO dataset (Lin et al., 2014), which con-
tains 123,287 images in total, each of which is annotated
with at least 5 captions. Following with Karpathy’s
split (Karpathy and Fei-Fei, 2015), 113,287 images are
used for training and 5,000 images are used for vali-
dation and testing. We follow the implementation of
the SCST approach (Rennie et al., 2016), and use ex-
tracted image tags (Gan et al., 2017) as image features
(encoder). We report BLEU-k (k from 1 to 4) (Pap-
ineni et al., 2002), CIDEr (Vedantam et al., 2015), and
METEOR (Banerjee and Lavie, 2005) scores. Results
are summarized in Table 5. Compared with the MLE
baseline, RL-based methods significantly increase the
overall performance under all evaluation metrics. We
choose CIDEr as the optimizing metric, since it per-
forms best (Rennie et al., 2016). Our proposed WSIL
shows improvement on most metrics compared with
the SCST baseline. Examples of generated captions
are provided in Appendix E.

7 Conclusions

We have proposed a novel Wasserstein self-imitation
learning framework for sequence generation, to alle-
viate the sparse-reward problem of RL methods, and
model-training bias imposed by conventional rewards.
This is done by encouraging self imitation and semantic
matching in policy learning. Further, our method can
be approximately interpreted as policy optimization
with Wasserstein trust-regions. Experiments on uncon-
ditional and conditional text generation demonstrate
consistent performance improvement over strong base-
lines. For future work, the proposed method has the
potential to be applied on other interesting sequence-
generation tasks such as program synthesis (Liang et al.,
2018).
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