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Abstract

Conditional text generation is to generate text sequences con-
ditioning on linguistic or non-linguistic data. The main line
of existing work proposed deterministic models to improve
the fidelity of the generated text but often ignored the di-
versity. Another line relied on conditional variational auto-
encoders (CVAEs), which increased the diversity over their
deterministic backbones. However, CVAEs regard diversity
as an implicit objective and may not be optimal. In this paper,
we raise two questions: i) Can diversity be further improved
with an explicit objective? ii) Since fidelity and diversity are
two conflicting objectives, how can we obtain different multi-
objective optimal solutions according to user preferences? To
answer question i), we propose a multi-objective reinforce-
ment learning (MORL) method which explicitly takes CIDEr
and Self-CIDEr scores as the fidelity-oriented and diversity-
oriented rewards respectively. To answer question ii), we pro-
pose a preference-controlled MORL method, which can ob-
tain infinite multi-objective optimal solutions by tuning the
preference variable. We conduct extensive experiments on
paraphrasing and image captioning tasks, which show that in
the fidelity-diversity trade-off space, our model outperforms
both deterministic and CVAE-based baselines.

Introduction
Conditional text generation covers a wide range of tasks
such as machine translation (Bahdanau, Cho, and Bengio
2015), abstractive summarization (Nallapati et al. 2016),
conversation (Vinyals and Le 2015), and image caption-
ing (Xu et al. 2015). In practice, most of these tasks can
be formulated as sequence-to-sequence (seq2seq) genera-
tion problems where models are required to generate proper
text conditioning on linguistic or non-linguistic input data.

While recent work mainly focused on improving the se-
mantic fidelity of generated text with respect to the in-
put, diversity was often ignored. Given the input x, mod-
els that capture the diverse nature of human language are
expected to generate multiple faithful and diverse sentences
(ỹ1, ỹ2, ..., ỹk). However, most of the existing models are
relatively deterministic partially due to the greedy decoding
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or the beam-search decoding process. Specifically, greedy
decoding only yields one text sequence. Beam search can
yield different candidate sentences, but the k-th (k > 1) can-
didate would have lower quality than the top-1 (Gupta et al.
2018). It means that beam search does not produce multi-
ple high-quality sentences in a principled way (Gupta et al.
2018; Chen et al. 2020).

Another line of work improves the diversity based on
the conditional variational auto-encoder (CVAE), that has
been applied on some tasks such as dialog response gen-
eration (Du et al. 2018), paraphrasing (Gupta et al. 2018;
Chen et al. 2020), and image captioning (Wang, Schwing,
and Lazebnik 2017). CVAE can be denoted by a model
pθ(y|x, z) where a latent variable z is sampled from a prior
distribution pθ(z|x) during testing (Sohn, Lee, and Yan
2015). Although the greedy decoding or the beam search is
relatively deterministic, the sampling process z ∼ pθ(z|x)
contributes to the diversity.

The remaining problem is that CVAE regards diversity as
an implicit objective and may not be optimal. Specifically,
CVAE assumes the sampling process z ∼ pθ(z|x) does not
significantly hurt the quality of the generated text, and the
diversity highly depends on the characteristics of pθ(z|x).
We raise two questions for CVAE: i) Can the diversity be
further improved with an explicit objective? ii) Since fi-
delity and diversity are two conflicting objectives, how can
we obtain different multi-objective optimal solutions ac-
cording to user preferences? To respond to the two ques-
tions, we propose a preference-controlled multi-objective re-
inforcement learning (PCMORL) method.

Firstly, for question i), we introduce a multi-objective re-
inforcement learning (MORL) strategy to improve both fi-
delity and diversity. Recent RL-based work on text gener-
ation mainly considered the fidelity-oriented rewards such
as BLEU (Papineni et al. 2002) score for machine transla-
tion (Wu et al. 2018), ROUGE (Lin 2004) score for text sum-
marization (Buciumas 2019), and CIDEr (Vedantam, Zit-
nick, and Parikh 2015) score for image captioning (Ren-
nie et al. 2017). We choose the CIDEr score as the fidelity-
oriented reward because it not only encourages the n-gram
consistency but also penalizes less informative n-grams.
Then we choose the Self-CIDEr (Wang and Chan 2019)
score as the diversity-oriented reward, which is an explicit
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objective for diversity. Notably, though our method is based
on RL, pre-training with maximum likelihood estimation
(MLE) is also required in the field of text generation (Yu
et al. 2017).

Secondly, for question ii), we propose a more challenging
setting, that is, learning an efficient model which can switch
on the multi-objective optimal curve in the inference stage
by training once. To achieve this goal, we introduce an addi-
tional variable r representing the user preference of fidelity
or diversity, which is sampled from a uniform distribution.
Our model prefers fidelity when r → 0 and prefers diversity
when r → 1. The controllability is achieved by adjusting
the variance of the Gaussian distributions in PCMORL with
a monotonic neural network (Wehenkel and Louppe 2019).
Besides making the model preference-aware, we also use r
to balance the CIDEr and the Self-CIDEr rewards during the
MORL optimization period. In the inference stage, we can
tune r to obtain different multi-objective optimal solutions.

We conduct experiments on two tasks including text-to-
text and image-to-text generation. For the text-to-text sce-
nario, we choose the paraphrasing task because paraphras-
ing is an important building block to improve the diversity of
many text generation systems such as conversation (Vinyals
and Le 2015), machine translation (Cho et al. 2014), and
abstractive summarization (Nallapati et al. 2016). For the
image-to-text scenario, the task image captioning is a natu-
ral choice (Anderson et al. 2018; Shi et al. 2018a). Extensive
experiments show that our model consistently outperforms
other baseline models in the fidelity-diversity space, and can
obtain infinite multi-objective solutions by tuning the pref-
erence r.

The main contributions of this work can be summarized
as follows:

• We consider diversity as an explicit optimization objec-
tive where the Self-CIDEr score is taken as the diversity-
oriented reward in the MORL framework for conditional
text classification.
• We propose a preference-controlled MORL strategy that

allows our model to obtain infinite multi-objective solu-
tions to balance fidelity and diversity.
• The experiments demonstrate that our model outper-

forms deterministic and CVAE-based baselines when
jointly considering fidelity and diversity, and is more
flexible in the inference stage.

Related Work
In this section, we briefly review recent progress in condi-
tional text generation tasks.

Deterministic Text Generation The majority of recent
work focused on improving fidelity by developing determin-
istic models. Generally, a basic neural network for condi-
tional text generation relies on the basic encoder-decoder
architecture (Sutskever, Vinyals, and Le 2014; Cho et al.
2014). The following work proposed the attention mecha-
nism for the encoder-decoder architecture which obtained
dynamic representations of the input at different decoding
steps (Bahdanau, Cho, and Bengio 2015; Xu et al. 2015).

Self-attention, sometimes called intra-attention, is a special
attention mechanism that is applied to a single sequence
and can learn a strong representation of text (Parikh et al.
2016; Lin et al. 2017). Based on self-attention, Transformer
was proposed and had shown its superiority on the seq2seq
tasks with higher quality and efficiency (Vaswani et al.
2017). Recent studies proposed Transformer variants and
pre-trained them on the large-scale corpus, yielding pow-
erful pre-trained models like BERT (Devlin et al. 2019),
RoBERTa (Liu et al. 2019), Transformer-XL (Dai et al.
2019), XLNet (Yang et al. 2019), BART (Lewis et al. 2020),
and T5 (Raffel et al. 2020).

Reinforcement Learning The traditional optimization
objective of the seq2seq generation is MLE, which suffers
from the exposure bias problem (Ranzato et al. 2016), a type
of train-test discrepancy. During training, the model gener-
ates each token conditioning on its preceding ground-truth
tokens while conditioning on previously generated ones dur-
ing testing. To deal with the train-test discrepancy, recent
work proposed to use RL for text generation, which let a
model sample each token conditioning on previously sam-
pled tokens instead of ground-truths ones, and then provided
token-level or sentence-level rewards (Rennie et al. 2017;
Keneshloo et al. 2020). In the field of text generation, com-
monly used sentence-level rewards can be n-gram consis-
tency scores, such as BLEU (Papineni et al. 2002) for ma-
chine translation (Wu et al. 2018), ROUGE (Lin 2004) for
text summarization (Buciumas 2019), and CIDEr (Vedan-
tam, Zitnick, and Parikh 2015) for image captioning (Rennie
et al. 2017).

Diverse Text Generation Due to the diversity of natural
language, a text generation system that can produce mul-
tiple diverse sentences is more human-like and less boring
to users. Models for diverse text generation were typically
built on CVAEs (Hu et al. 2017; Wang, Schwing, and Lazeb-
nik 2017; Ruan, Ling, and Zhu 2020; Shao et al. 2021) or
CGANs (Dai et al. 2017), either of which improved the
diversity by the sampling of a latent variable z with the
conditional generation process pθ(y|x, z). Compared with
CGANs, CVAEs seem to be more preferable for text gen-
eration due to two challenges of GAN: reward sparsity and
mode collapse (Shi et al. 2018b). Reward sparsity is because
the discriminator of GAN provides rewards at the end of the
text sequence rather than stepwise rewards. Mode collapse
means that GANs tend to learn limited patterns. Recent the-
oretical work indicated that VAE tends to cover all modes of
data distribution while GAN prefers high-density regions but
covers limited modes of data distribution (Hu et al. 2018).
The empirical study showed that GANs did not outperform
MLE-based models in the quality-diversity space (Caccia
et al. 2020).

Our approach for diverse text generation is a two-stage
optimization method. The first stage is based on a CVAE
variant while the second stage is formulated as a MORL
problem that involves both fidelity-oriented and diversity-
oriented rewards.
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Figure 1: The architecture of PACVAE which uses a mono-
tonic neural network to process the preference variable r and
output the variance of the Gaussian distributions.

Preliminary
We briefly review the framework of CVAE (Sohn, Lee, and
Yan 2015), which is an important baseline for diverse text
generation. Assume that the input data and the output se-
quences are denoted by x and y respectively, vanilla CVAE
is to maximize the evidence lower bound (ELBO):

log p(y|x) = log

∫

z

p(y|x, z)p(z|x)dz ≥ ELBO

≥ E
z∼qφ(z|x,y)

[log pθ(y|x, z)]

−KL(qφ(z|x,y)‖pθ(z|x))

(1)

where θ and φ denote the parameters of the prior and the
posterior networks, respectively.

In some CVAE formulations, such as the one adopted
in a previous work (Jain, Zhang, and Schwing 2017), the
prior distribution p(z|x) is relaxed to p(z), which is a zero-
mean unit-variance Gaussian N (0, I). We denote this type
of CVAE as simplified CVAE (SCVAE).

Methodology
Task Definition
Most text generation tasks can be formulated as the
sequence-to-sequence generation problem, and we investi-
gate the text-to-text and image-to-text generation tasks in
this paper. For the text-to-text task, the input is a text se-
quence represented by x = {x1, x2, ..., xn} where the i-th
element xi represents a token. A word embedding layer will
map x into a sequence of word embedding representations
E = {e1, e2, ..., en}. For the image-to-text task, x is an im-
age and we use a pre-trained object detection network (An-
derson et al. 2018) to convert x into a sequence of object-
based featuresE = {e1, e2, ..., en}, which is the same with
previous work (Anderson et al. 2018; Wang et al. 2020; Pan
et al. 2020). The element ei represents the feature vector of
the i-th detected object.

In this way, the text-to-text and image-to-text tasks can be
unified with a general seq2seq model, the aim of which is
to generate a group of text sequences G̃ = (ỹ1, ỹ2, ..., ỹk),
and each sentence should be faithful to the input x and the
group G̃ should be diverse enough.

Since fidelity and diversity are two conflicting objectives,
we further propose a challenging setting that introduces a
preference variable r ∈ [0, 1] to switch on the fidelity-
diversity optimal curve by training only once. In the infer-
ence stage, we can obtain infinite multi-objective optimal
solutions by tuning r.

Pre-training with MLE
Although our final model is based on RL, we need to pre-
train the model with MLE to stabilize the RL optimization
process (Yu et al. 2017; Guo et al. 2018; Paulus, Xiong,
and Socher 2018). We propose a CVAE variant as our base
model, preference-aware CVAE (PACVAE). As shown in
Figure 1, PACVAE consists of a source encoder SEnc, a
target encoder TEnc, a decoder Dec, and a monotonic neu-
ral network MNN .

If excludes MNN , PACVAE degrades to SCVAE which
has the prior distribution of p(z). SCVAE is chosen as the
base model of PACVAE because we empirically found that
when fine-tuned with RL, vanilla CVAE performs close to
a deterministic model while SCVAE can maintain diversity
(shown in Section Experiments).

Based on SCVAE, PACVAE takes the user preference
r ∈ [0, 1] into account. When r → 0, PACVAE prefers
fidelity and vice versa. Note that we could denote the user
preference by a vector if more than two objectives existed,
but in this paper, the scalar can cover our requirements. Dur-
ing the MLE period, the user preference r is sampled from a
uniform distribution p(r) = U(0, 1), and the log-likelihood
becomes:

log p(y|x) = E
r∼p(r)

[log p(y|x, r)] (2)

which is approximated to the ELBO:

log p(y|x) ≥ E
z∼qφ(z|x,y,r)

[log pθ(y|x, z, r)]

− E
r∼p(r)

[KL(qφ(z|x,y, r)‖pψ(z|r))]

= −Lrec − LKL

(3)

whereLrec andLKL represent the reconstruction loss and KL
loss respectively. The implementations of the encoders and
the decoder are relatively common, and hence we introduce
them in the appendix.

Then we mainly introduce the module MNN . We let
pψ(z|r) and qφ(z|x,y, r) be Gaussian distributions, of
which the variance is controlled by r as shown in Figure 2.
Intuitively, a higher-variance Gaussian distribution leads to
higher diversity because of the less deterministic sampling
process. For any two Gaussian distributions with the stan-
dard variance σr1 ,σr2 ∈ Rd×d+ , we let:

σr1I � σr2I, ∀r1 ≥ r2 (4)
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0  r  1

Figure 2: The key idea of the preference-aware monotonic neural network. As illustrated, the variance of the prior Gaussian
distribution is controlled by the preference r. When r → 1, the Gaussian becomes flatter and wider.

where � denotes the element-wise no-less-than. It suggests
the monotonic property of MNN , and we follow the idea
of making the derivative of a neural network strictly posi-
tive (Wehenkel and Louppe 2019). Specifically, we repre-
sent a diagonal element in σr by Fψ(r) and its derivative
function by fψ(r), then we have:

Fψ(r) =

∫ r

0

fψ(t)dt+ Fψ(0) (5)

where fψ(·) consists of a multi-layer perception and an ELU
activation unit to ensure fψ(·) be positive. Fψ(0) is an ele-
ment in σ0 with the preference variable r = 0, and we let
σ0 = I.

The next thing is to optimize PACVAE. When considering
the MLE objective with Equation 3, we found that the model
tends to minimize the loss by regarding r as noise which
makes Fψ(r) ≈ Fψ(0), ∀r. To deal with this problem, we
add a regularization loss term:

Lreg =
1

d

d∑

i=1

(
max

(
1 + λσr −

σri
σ0
i

)
, 0

)
(6)

where d is the dimension of σr, and σri is the i-th diagonal
element inσr. And λσ ∈ R+ denotes a hyperparameter with
a positive value. Then the loss of PACVAE becomes:

LMLE = Lrec + LKL + Lreg (7)

Preference-Controlled MORL
The regularization term in Equation 7 is to make PAC-
VAE aware of the preference variable r, but is still opti-
mized with MLE which regards diversity as an implicit ob-
jective. Inspired by recent RL-based work, we propose a
MORL method to fine-tune PACVAE, which introduces ex-
plicit objectives for both fidelity and diversity. Among the
commonly used RL strategies, self-critical reinforcement
learning (SCRL) is an appealing method to provide low-
variant gradients and stabilize the training process (Ren-
nie et al. 2017; Anderson et al. 2018; Huang et al. 2019;
Wang et al. 2020). Based on the SCRL strategy, we propose
a preference-controlled multi-objective reinforcement learn-
ing (PCMORL) model.

As shown in Figure 3, PCMORL reuses the prior net-
work of PACVAE, which is finetuned with RL. Given an
input x and a preference variable r, we sample a group of

latent variables Z =
(
z1, z2, ..., zK

)
from the prior dis-

tribution pψ(z|r) where K is the size of the group. Then
we generate the corresponding group of candidates G̃ =(
ỹ1, ỹ2, ..., ỹK

)
with the Monte-Carlo sampling:

ỹk ∼
∏

k

pθ

(
ỹkt | ỹk<t,x, zk

)
, k ∈ [1,K] (8)

where ỹkt denotes the t-th token of kth generated text se-
quence, and ỹk<t denotes the generated sub-sequence pre-
ceding ỹkt . Since we use the SCRL strategy to stabilize the
learning process, we generate the baseline group of candi-
dates G =

(
y1,y2, ...,yK

)
by greedy decoding with the

same group of latent variables Z.
Let rf (·) be the fidelity-oriented reward function, calcu-

lating CIDEr scores (Vedantam, Zitnick, and Parikh 2015)
which would not only encourage the fidelity of generated
text but also penalize less informative phrases. Then the gra-
dient for fidelity can be approximated by:

∇θLf (θ) ≈ −
K∑

k=1

(
rf (ỹ

k)− rf (yk)
)
∇θ log pθ(ỹk|x, zk)

(9)
In terms of the diversity-oriented reward function rd(·),

we calculate the Self-CIDEr score (Wang and Chan 2019)
for the candidate text groups. Self-CIDEr has shown a
finer distinction ability (Wang and Chan 2019) on diversity
than another commonly used metric Self-BLEU (Zhu et al.
2018).

Moreover, to get fine-grained rewards for each text in the
group, we replace each text yk in G with ỹk in G̃, resulting
in other K reconstructed groups

(
Ĝ1, ..., ĜK

)
. For exam-

ple, the i-th group Ĝi =
(
y1, ..., ỹi, ...,yK

)
is obtained by

replacing yi in G with ỹi. Then we measure the Self-CIDEr
score for each group Ĝi as the diversity-oriented reward, and
the gradient is computed as follows:

∇θLd(θ) ≈ −
K∑

k=1

(
rd(Ĝ

i)− rd(G)
)
∇θ log pθ(ỹk|x, zk)

(10)
We also use the preference variable with the MORL strat-

egy, with the gradient computed as follows:

∇θL(θ, r) = (1− r)α∇θLf (θ) + rβ∇θLd(θ) (11)
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Figure 3: The architecture of PCMORL, which reuses the prior network of PACVAE and is fine-tuned with MORL.

where α and β are two hyperparameters. The user preference
r is used to balance the two gradients.

The Inference Strategies

In the inference stage, we use two strategies to generate texts
based on beam search. The first is a commonly used strategy
in previous work (Fu, Feng, and Cunningham 2019; Huang
et al. 2019; Ruan, Ling, and Zhu 2020), which keeps the top-
1 text among all ranked texts through beam search. In this
situation, beam search will not contribute to the diversity but
the sampling process zk ∼ pψ(z|r) will.

The second inference strategy lets beam search and the
sampling process zk ∼ pψ(z|r) both contribute to the di-
versity. Specifically, our model PCMORL first produces a
text group G̃l = {ỹkm} of size M × K where ỹkm denotes
the m-th top-ranking text via beam search given k-th latent
variable zk. Then we reselect texts from G̃l to construct
a small group G̃s of size K by removing duplicated texts
and meanwhile minimizing the total rank number of beam
search. And if beam size M ≥ K, texts in G̃l are guaran-
teed to be unique.

Task Dataset Train Valid Test Nref

Paraphrasing Quora 116,263 3,000 30,000 1
Paraphrasing MSCOCO 78,733 4,050 40,504 4
Captioning MSCOCO 113,287 5,000 5,000 5

Table 1: Statistics of the datasets.Nref represents the number
of references for each data sample.

Experiments
Datasets
We experiment with two tasks including paraphrasing
and image captioning. For paraphrasing, we follow recent
work (Li et al. 2018; Fu, Feng, and Cunningham 2019;
Chen et al. 2020; Zhou and Bhat 2021) and experiment on
two commonly used datasets: Quora1 and MSCOCO2. The
Quora dataset was originally developed for duplicated ques-
tion detection which contained about 140k pairs of para-
phrase and 260k pairs of non-paraphrase sentences. We only
use the paraphrase sentences and hold out 3k and 30k vali-
dation and test sets respectively. The MSCOCO dataset (Lin
et al. 2014) was originally developed for image captioning.
Each image has 5 corresponding captions, and we randomly
choose 1 of the 5 captions as the source and consider the
rest as the targets for paraphrasing. For image captioning,
we also experiment on the MSCOCO dataset. The differ-
ence is that we use the ”Karpathy” data split (Karpathy and
Li 2015) with 5k images for validation, 5k images for test-
ing, and the rest for training, which is consistent with most
of previous work (Anderson et al. 2018; Huang et al. 2019;
Wang et al. 2020; Pan et al. 2020; Shi et al. 2018a).

We keep the words that occur no less than 5 times in each
dataset. The detailed statistics of the used datasets can be
found in Table 1.

Evaluation
The generated sentences are evaluated with two types of
metrics:

• Fidelity. This type of metrics includes traditional met-
rics measuring n-gram fidelity: CIDEr (Vedantam, Zit-
nick, and Parikh 2015), BLEU (Papineni et al. 2002), and

1https://www.kaggle.com/c/quora-question-pairs/data
2http://cocodataset.org/
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ROUGE (Lin 2004), which are computed with the pub-
licly released code3, and also include a metric measuring
semantic fidelity: BERTScore (Zhang et al. 2020), which
computes the similarities of BERT embeddings4.
• Diversity. In terms of diversity, we use Self-

CIDEr (Wang and Chan 2019) which has shown
better distinction ability than Self-BLEU (Zhu et al.
2018). For example, the two text groups, G1 ={”zebras
grazing grass”, ”grazing grass”, ”zebras grazing”}
and G2 ={”zebras grazing”, ”zebras grazing”, ”zebras
grazing”}, have the same Self-BLEU score of 1.0 while
the Self-CIDEr score of G1 will be lower than G2.

Baseline Models
Two types of baseline models are compared including deter-
ministic and variational models. The deterministic baselines
include LSTM-Att which represent the encoder-decoder
based on LSTM and the attention mechanism (Bahdanau,
Cho, and Bengio 2015), Transformer (Vaswani et al. 2017),
and XLAN which is a Transformer variant with higher-order
attention and reaches state-of-the-art (SOTA) performance
on image captioning (Pan et al. 2020). Moreover, for para-
phrasing, we extend XLAN by stacking the XLAN encoder
on a bidirectional LSTM encoder to make it position-aware,
which is denoted by LSTM-XLAN. It is worth noting that a
position embedding layer can also make the model position-
aware, but we empirically find that using the LSTM encoder
makes the model converge faster and perform better.

The variational models include SCVAE (Jain, Zhang, and
Schwing 2017) and CVAE (Wang and Wan 2019), the back-
bone of which are XLAN and LSTM-XLAN for image cap-
tioning and paraphrasing, respectively.

Hyperparameters and Settings
The hidden sizes of embedding layers, bidirectional LSTM
encoders, LSTM decoders, and attention layers are all set to
1,024. When dealing with the paraphrasing task, we use a
randomly initialized word embedding layer. When dealing
with the image captioning task, we use a pre-trained Faster
R-CNN model (Anderson et al. 2018) to represent each im-
age as an adaptive sequence of object-based feature vectors,
E = {e1, e2, · · · , en}, where n ∈ [10, 100] varies with
input images and confidence thresholds following most of
the recent SOTA models (Huang et al. 2019; Wang et al.
2020; Shi et al. 2018a; Zhou et al. 2020). The original di-
mension of each feature vector ei is 2,048 and we project it
to 1,024. All models are optimized with MLE for 70 epochs
and RL for another 35 epochs. The learning rate is initialized
as 0.0005 with a Noam schedule including 10,000 warmup
steps in the MLE period and set to 0.00001 in the RL period.
The batch size is set to 40. The default beam size is 3 and
the generated text group size is 5. We set the hyperparame-
ter λσ = 2.0 for paraphrasing and λσ = 1.0 for captioning.
We set α = 0.5 and β = 1.0 for paraphrasing on Quora,
α = 1.0 and β = 1.0 for other datasets.

3https://github.com/tylin/coco-caption
4The used BERT version is roberta-large L17 no-

idf version=0.3.8(hug trans=4.5.0)

Types Models
Metrics

B4 RG CD BS SC

MLE

LSTM-Att 24.5 53.1 222.2 50.3 0.0
Transformer 25.3 52.8 241.6 53.3 0.0
LSTM-XLAN 26.8 54.4 247.5 53.2 0.0
SCVAE 26.3 54.3 246.0 53.3 26.0
CVAE 26.2 53.5 240.5 52.7 12.0

RL

LSTM-XLAN 27.2 55.7 254.3 53.9 0.0
SCVAE 27.1 55.6 254.0 53.9 20.8
CVAE 26.9 55.4 252.5 53.8 3.8
PCMORL(0.0) 28.5 56.7 267.8 55.5 12.3
PCMORL(0.9) 25.0 53.3 235.9 51.3 51.0

(a) Quora for Paraphrasing

Types Models
Metrics

B4 RG CD BS SC

MLE

LSTM-Att 29.8 53.4 107.6 57.1 0.0
Transformer 23.5 48.4 87.1 51.5 0.0
LSTM-XLAN 29.9 53.3 109.7 58.2 0.0
SCVAE 29.8 53.2 109.2 57.8 16.0
CVAE 29.2 52.9 107.6 57.5 14.1

RL

LSTM-XLAN 31.8 54.9 119.0 59.2 0.0
SCVAE 31.3 54.8 118.7 59.0 15.4
CVAE 31.6 55.0 119.1 59.1 1.5
PCMORL(0.0) 31.4 54.9 119.1 58.9 15.6
PCMORL(0.9) 26.9 51.9 105.3 56.8 62.7

(b) MSCOCO for Paraphrasing

Types Models
Metrics

B4 RG CD BS SC

MLE

LSTM-Att 37.1 57.3 114.6 63.3 0.0
Transformer 36.8 57.0 115.9 63.7 0.0
XLAN 37.9 58.0 120.3 64.8 0.0
SCVAE 37.1 57.5 119.1 64.5 18.5
CVAE 37.2 57.6 119.7 64.7 11.0

RL

XLAN 39.5 59.0 131.2 66.4 0.0
SCVAE 38.8 59.1 130.9 66.2 11.5
CVAE 38.6 59.1 131.0 66.2 1.6
PCMORL(0.0) 38.9 59.0 131.0 66.3 16.2
PCMORL(0.9) 35.3 57.2 123.4 65.2 54.9

(c) MSCOCO for Image Captioning

Table 2: The results of different models in MLE and RL
training periods. B4, RG, CD, BS, and SC stand for BLEU-
4, ROUGE, CIDEr, BERTScore, and Self-CIDEr respec-
tively. For all metrics, the higher is the better. The bold rep-
resent the best scores. The numbers in the brackets after PC-
MORL represent the value of user preference r.

Main Results
Table 2 presents the performance of our model PCMORL
and the compared models on three text generation scenarios
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Figure 4: Fidelity-diversity space for the three scenarios. The mainly compared metrics are CIDEr and Self-CIDEr scores,
representing fidelity and diversity respectively. Higher values in both axes are better.

with the first inference strategy. As shown, when the prefer- ence r = 0.0, PCMORL achieves similar CIDEr scores to its
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deterministic backbone, LSTM-XLAN or XLAN in the RL
period. A surprising finding on the Quora dataset in Table 2a
is that PCMORL achieves the CIDEr score of 267.8 points
which is 13.5 points higher than its deterministic baseline
LSTM-XLAN. The reason may be that jointly optimizing
CIDEr and Self-CIDEr scores with MORL alleviates over-
fitting to some extent.

When the preference r = 0.9, PCMORL has the Self-
CIDEr scores of 51.0, 62.7, and 54.9 points for the three
scenarios, respectively, which are higher than SCVAE and
CVAE in both MLE and RL periods. It means that consid-
ering diversity as an explicit objective can further improve
diversity over using an implicit objective in CVAE-based
models. Moreover, regarding diversity, CVAE-based models
are not suitable to fine-tune with RL. Specifically, in the RL
period, CVAE degrades into nearly a deterministic model,
which gets the Self-CIDEr scores of 3.8, 1.5, and 1.6 in the
three scenarios, respectively. SCVAE has higher Self-CIDEr
scores than CVAE but gets lower Self-CIDEr scores than
itself in the MLE period. PCMORL can further improve di-
versity over CVAE-based models.

In addition to automatic quantitative evaluation, many
previous studies on text generation have also included hu-
man evaluation of semantic fidelity, which is a high-level
property of the generated text. However, when it comes to
evaluating diversity, automatic quantitative metrics are more
appropriate as we expect syntactic diversity, which is a low-
level property. Moreover, assessing the diversity of a group
of texts is not a straightforward task for humans (Tevet and
Berant 2021). Therefore, in this paper, we mainly rely on
quantitative evaluation methods.

Fidelity-Diversity Trade-off
Since fidelity and diversity are two conflicting objectives,
Table 2 is not sufficient to jointly compare the fidelity and di-
versity of all the models. Thus we show the results of differ-
ent models in the fidelity-diversity space in Figure 4 where
the mainly compared metrics are CIDEr and Self-CIDEr
scores, representing fidelity and diversity, respectively. We
explore the hyperparameter λσ with values 1.0 and 2.0, and
obtain trade-off curves by tuning the preference variable r
from 0.0 to 1.0 with an interval of 0.1 for PACVAE and PC-
MORL. As shown in Figure 4, the deterministic models have
the Self-CIDEr score of 0.0. SCVAE and CVAE improve the
Self-CIDEr scores over the deterministic backbone LSTM-
XLAN or XLAN. The trade-off curve of PCMORL sits at
the top right of other models, which performs the best when
jointly considering fidelity and diversity. PCMORL with the
hyperparameter λσ = 2.0 has a higher bound for the Self-
CIDEr scores than that with λσ = 1.0. An interesting find-
ing in Figure 4a is that PCMORL with λσ = 1.0 has a
narrow range of Self-CIDEr scores due to the narrow range
of Self-CIDEr scores of PACVAE. It indicates that the pre-
training process of PACVAE matters.

Another advantage of PCMORL over deterministic mod-
els and CVAE-based models is that we can obtain infinite
solutions by tuning the preference variable r in the inference
stage.

Models
Quora MC-1 MC-2

CD SC CD SC CD SC

(LSTM-)XLAN 234.7 52.8 114.1 54.6 123.9 54.3
PCMORLr=0.0 246.1 52.9 115.4 55.1 125.9 54.4
PCMORLr=0.8 241.1 56.8 110.7 61.2 125.3 56.6
PCMORLr=0.9 220.8 62.8 103.9 66.2 120.5 62.1

Table 3: Results of models under the second inference strat-
egy which lets beam search and sampling of the latent vari-
able both contribute to the diversity. MC-1 and MC-2 denote
the MSCOCO datasets for paraphrasing and image caption-
ing, respectively.

Compared with PACVAE We further compare PCMORL
with PACVAE in Figure 4. Generally, the Self-CIDEr score
of PACVAE grows with the increase of the preference r
while the CIDEr score does not change much. This is due
to the MLE objective which lets the sampling of the latent
variable z not significantly influence the reconstruction of
the target text. After fine-tuning the prior network of PAC-
VAE, PCMORL can further improve the trade-off curve.

The Second Inference Strategy
We apply the second inference strategy which lets beam
search and the sampling of z both contribute to the diver-
sity. In Table 3, we compare PCMORL with its deterministic
backbone in the RL period where the beam size is set to 5.
Generally, models with the second inference strategy have
much higher Self-CIDEr scores than the first strategy. For
example, LSTM-XLAN or XLAN achieves the Self-CIDEr
scores of 52.8, 54.6, and 54.3 for the three scenarios, re-
spectively, with the second inference strategy while it has
the Self-CIDEr scores of 0.0 with the first inference strat-
egy. However, the CIDEr scores decrease from 254.3, 119.0
and 131.2 points to 234.7, 114.1 and 123.9 points, respec-
tively. As stated in previous work (Gupta et al. 2018), beam
search itself does not yield multiple high-quality texts in a
principled way.

When r = 0.0, PCMORL outperforms the baseline
LSTM-XLAN or XLAN by 11.4, 1.3, and 2.0 points of
CIDEr scores with similar Self-CIDEr scores. It means that
mixing beam search with the sampling of z could improve
the quality to some extent. When r = 0.9, PCMORL fur-
ther improves the Self-CIDEr scores to 62.8, 66.2, and 62.1
points.

Case Study
To directly see the effect of tuning preference r, we show
two cases of PCMORL with the first inference strategy in
Figure 5. The two cases are from the Quora dataset for para-
phrasing and the MSCOCO dataset for image captioning re-
spectively. For each input data, we generate 5 sentences by
sampling 5 different latent variable z. In the first case, PC-
MORL generates 3 repeated sentences when r = 0.0 and 1
repeated sentences when r = 0.8. In the second case, PC-
MORL generates 5 unique sentences when r = 0.8. The
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Inputs PCMORL (r=0.0) PCMORL (r=0.8)

Can height be increased 
after age 21?

how can i increase my height 
after 21 ?

can i increase the height after 
21 ?

how can i increase my height 
after 21 ? (repeated)

how can i increase height after 21 
?

how can i increase my height 
after 21 years ?

how can i increase my height 
after 21 ?

how can i increase my height 
after 21 ? (repeated)

is it possible to increase height 
after 21 ?

how can i increase my height 
after 21 ? (repeated)

is it possible to increase height 
after 21 ? (repeated)

two parrots sitting on top of a tree 
branch

two parrots sitting on a branch of 
a tree

two colorful parrots perched on a 
tree branch

two colorful parrots are sitting on 
top of a branch

two parrots sitting on top of a tree 
branch (repeated)

two colorful parrots sitting on a 
tree branch

two parrots sitting on top of a tree 
branch (repeated)

two colorful parrots sitting on a 
branch in a table

two parrots sitting on top of a tree 
branch (repeated)

two colorful parrots perched on a 
tree branch

Figure 5: The case study of PCMORL. Two samples are from the Quora and MSCOCO datasets for paraphrasing and image
captioning, respectively.

diversity is improved by increasing the preference r. In prac-
tice, selecting a proper value of the preference r will make
PCMORL more attractive to users than that setting r = 0.0.

Conclusion and Future Work
In this paper, we propose a preference-controlled MORL
method for conditional text generation, which can tune the
trade-off of fidelity and diversity by changing the user pref-
erence r in the inference stage. Firstly, we propose a CVAE
variant, PACVAE, with a monotonic neural network to tune
the variance of the Gaussian prior distribution. Then, we pro-
pose PCMORL which fine-tunes the prior network of PAC-
VAE and introduces two explicit objectives for fidelity and
diversity, respectively. The experiments show that PCMORL
outperforms deterministic and CVAE-based baselines in the
fidelity-diversity space, and can obtain infinite solutions by
tuning the preference variable.

Our PCMORL strategy can be used to fine-tune pre-
trained language models (PLMs), but we are more in-
terested in lightweight fine-tuning, such as adapters or
prompt-tuning. We leave the combination of PCMORL and
lightweight fine-tuning PLMs in future work.

Acknowledgements
This work was supported by the National Key Research
and Development Program of China (2022YFC3340904),
and the Shanghai Municipal Science and Technology Ma-
jor Project (2021SHZDZX0102).

References
Anderson, P.; He, X.; Buehler, C.; Teney, D.; Johnson, M.;
Gould, S.; and Zhang, L. 2018. Bottom-Up and Top-Down

Attention for Image Captioning and Visual Question An-
swering. In CVPR 2018, 6077–6086.
Bahdanau, D.; Cho, K.; and Bengio, Y. 2015. Neural Ma-
chine Translation by Jointly Learning to Align and Trans-
late. In Bengio, Y.; and LeCun, Y., eds., ICLR 2015.
Buciumas, S. 2019. Reinforcement Learning Models for
Abstractive Text Summarization. In Lo, D.; Kim, D.; and
Gamess, E., eds., Proceedings of the 2019 ACM Southeast
Conference, ACM SE ’19, Kennesaw, GA, USA, April 18-20,
2019, 270–271. ACM.
Caccia, M.; Caccia, L.; Fedus, W.; Larochelle, H.; Pineau,
J.; and Charlin, L. 2020. Language GANs Falling Short. In
ICLR 2020.
Chen, W.; Tian, J.; Xiao, L.; He, H.; and Jin, Y. 2020.
A Semantically Consistent and Syntactically Variational
Encoder-Decoder Framework for Paraphrase Generation. In
Scott, D.; Bel, N.; and Zong, C., eds., COLING 2020, 1186–
1198.
Cho, K.; van Merrienboer, B.; Gülçehre, Ç.; Bahdanau, D.;
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