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Abstract

Generative adversarial networks (GANs) have
achieved significant success in generating real-
valued data. However, the discrete nature of
text hinders the application of GAN to text-
generation tasks. Instead of using the stan-
dard GAN objective, we propose to improve text-
generation GAN via a novel approach inspired
by optimal transport. Specifically, we consider
matching the latent feature distributions of real
and synthetic sentences using a novel metric,
termed the feature-mover’s distance (FMD). This
formulation leads to a highly discriminative critic
and easy-to-optimize objective, overcoming the
mode-collapsing and brittle-training problems in
existing methods.

Introduction

The main contributions of this paper are as follows:

•A new GAN model based on optimal transport is
proposed for text generation. The proposed
model is RL-free, and uses a so-called
feature-mover’s distance as the objective.

•We evaluate our model comprehensively on
unconditional text generation. When compared
with previous methods, our model shows a
substantial improvement in terms of generation
quality based on the BLEU statistics and human
evaluation. Further, our model also achieves good
generation diversity based on the self-BLEU
statistics.

• In order to demonstrate the versatility of the
proposed method, we also generalize our model to
conditional-generation tasks, including
non-parallel text style transfer, and unsupervised
cipher cracking.

Illustration of FM-GAN
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Figure: Illustration of the Feature-Mover’s Distance Text GAN (FM-GAN).

Feature Mover’s distance

• Earth-Mover’s Distance (EMD): consider two
probability distribution x ∼ µ and y ∼ ν; EMD
can be then defined as:

DEMD(µ, ν) = inf
γ∈Π(µ,ν)

E(x,y)∼γ c(x, y) ,

where Π(µ, ν) denotes the set of all joint
distributions γ(x, y) with marginals µ(x) and
ν(y), and c(x, y) is the cost function (e.g.,
Euclidean or cosine distance). Intuitively, EMD is
the minimum cost that γ has to transport from µ
to ν.

• Feature Mover’s Distance (FMD):
DFMD(Pf ,Pf ′) = min

T≥0
Σm
i=1Σn

j=1Tij · c(f i,f ′j) ,

where Σn
j=1Tij = 1

m and Σm
i=1Tij = 1

n are the
constraints, and 〈·, ·〉 represents the Frobenius
dot-product.

We use the Inexact Proximal point method for Op-
timal Transport (IPOT) algorithm to compute the
optimal transport matrix T∗:
Algorithm 1 IPOT algorithm [1]

1: Input: batch size n, {f i}ni=1,{f ′j}nj=1, β
2: σ = 1

n1n, T(1) = 11>

3: Cij = c(f i,f ′j), Aij = e−
Cij
β

4: for t = 1, 2, 3 . . . do
5: Q = A�T(t) // � is Hadamard product
6: for k = 1, 2, 3, . . . K do
7: δ = 1

nQσ, σ = 1
nQ>δ

8: end for
9: T(t+1) = diag(δ)Qdiag(σ)

10: end for
11: Return 〈C,T〉

Adversarial distribution matching
with FMD

To integrate FMD into adversarial distribution
matching, we propose to solve the following mini-
max game:
min
G

max
F
LFMD-tGAN =

min
G

max
F

Ex∼px,z∼pz[DFMD(F (Wex), F (G(z)))] ,
where F (·) is the sentence feature extractor, and
G(·) is the sentence generator. We call this Feature-
Mover’s Distance Text GAN (FM-GAN). The de-
tailed training procedure is provided Here:
Algorithm 2 FM-GAN traning procedure.

1: Input: batch size n, dataset X, learning rate η,
maximum number of iterations N .

2: for itr = 1, . . . N do
3: for j = 1, . . . , J do
4: Sample a mini-batch of {xi}n1 ∼ X and
{zi}n1 ∼ N (0,1);

5: Extract sentence features F =
{F (Wexi;φ)}n1 and F′ = {F (G(zi; θ);φ)}n1 ;

6: Update the feature extractor F (·;φ) by
maximizing:
LFM-GAN({xi}n1 , {zi}n1 ;φ) = DFMD(F,F′;φ)

7: end for
8: Repeat Step 4 and 5;
9: Update the generator G(·; θ) by minimizing:
LFM-GAN({xi}n1 , {zi}n1 ; θ) = DFMD(F,F′; θ)

10: end for

Results
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Figure: Test-BLEU score (higher value implies better quality) vs
self-BLEU score (lower value implies better diversity). Upper panel is
BLEU-3 and lower panel is BLEU-4.

Style transfer
Method Controllable [2] CAE [3] BST [4] Ours
Accuracy(%) 84.5 80.6 87.2 89.8
Sentiment 3.6 3.2 - 4.1
Content 4.6 4.1 - 4.5
Fluency 4.2 3.7 - 4.4

Table: Sentiment transfer accuracy and human evaluation results on Yelp.

Conclution

We introduce a novel approach for text generation using
Feature-Mover’s Distance, called FM-GAN. By applying our
model to several tasks, we demonstrate that it delivers good
performance compared to existing text generation approaches.
For future work, FM-GAN has the potential to be applied on
other tasks such as image captioning, unsupervised sequence
classification, and unsupervised machine translation.
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