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Controllable text generation has taken a gigantic step forward these days. Yet existing methods are
either constrained in a one-off pattern or not efficient enough for receiving multiple conditions at
every generation stage. We propose a model-agnostic framework Plug-in Conditional Auto-Encoder
for Controllable Text Generation (PCAE) towards flexible and semi-supervised text generation. Our
framework is “plug-and-play” with partial parameters to be fine-tuned in the pre-trained model (less
than a half). Crucial to the success of PCAE is the proposed broadcasting label fusion network for
navigating the global latent code to a specified local and confined space. Visualization of the local latent
prior well confirms the primary devotion in hidden space of the proposed model. Moreover, extensive
experiments across five related generation tasks (from 2 conditions up to 10 conditions) on both RNN-
based and pre-trained BART [26] based auto-encoders reveal the high capability of PCAE, which enables
generation that is highly manipulable, syntactically diverse and time-saving with minimum labeled
samples. We will release our code at https://github.com/ImKeTT/pcae.
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1. Introduction

Obtaining systems to automatically produce realistic-looking
texts has been a goal pursued since the early stage of artificial
intelligence [1]. In real life scenarios, to approach more human-
like contexts, the generated sentences should be tailored to their
specific audience [2]. As a result, controllable text generation
(CTG) has drawn great attention nowadays [3-5]. Controllable
text generation aims at generating coherent and grammatically
correct texts whose attributes can be controlled [6], and/or abide
by user-defined rules which reflect the particular interests of
system users [2].

With the successful deployment of deep neural networks,
recent proposed methods have brought us closer to this objective
by producing texts with specified attributes. A general idea is to
embed given conditions into an end-to-end training scheme [4,
7,8] in order to produce sentences that fulfill given conditions,
which has been illustrated in Fig. 1. Nevertheless, there are two
main defects of these models that limit the application of these
methods in reality. Firstly, these methods cannot deal well with
real-world cases where conditions are not distributed at one
time, i.e.,, new conditions for new using circumstance. In this
scenario, models like SVAE [7], OPTIMUS [8] need to activate
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all model parameters to be trained for these new conditions,
which are time-wasting, thus are not the ideal re-deployments
for practical use [9]. Secondly, these models are mostly restricted
to custom and well-designed language models, which means it
is inconvenient to apply them directly to other more advanced
language models for better modeling results. To address these
problems for more practical application, another line for CTG
follows the Pre-train and Plug-in (PnP) paradigm [5] has raised a
lot research focus in recent years. By freezing the base language
model (LM) and modifying few or no plug-in parameters, this
paradigm is more flexible and powerful for controllable gener-
ation since it is parameter-efficient and can be applied to any
advanced LM. Despite its success, there are two main defects
regard to existing PnP works: one is that they are not convenient
for creating texts with numerous categories at one time. Take
currently the best-performed PnP language model PPVAE [10] as
an example, when n conditions come in at some point, it demands
to train additional n plug-in AEs to produce controlled texts. This
drawback makes the whole system verbose and time-wasting
when it meets a great amount of conditions. Another issue is that
these PnP methods with only hidden mapping functions to be
updated during plug-in process may be incapable of reaching a
high degree of control. Since auto-encoders have shown favorable
learning ability of text integral properties that are beneficial for
controllable generation [11], we extend from existing text AE-
based [12] PnP frameworks, and isolate the textual syntax module
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Fig. 1. A running example of the CTG task using auto-encoders. For controllable
generation, we only need to input control signals (i.e., one-hot class label) and
a global latent vector z; sampled from standard Gaussian. Then the model
produces texts that fulfill given conditions by creating specified local latent
spaces.

from the input condition representation module by building the
BaseAE and PluginAE separately.

Formally, the BaseAE can be any kind of text auto-encoder,
which takes the main responsibility to formulize the basic sen-
tence generation guidance as a standard LM. To benefit PluginAE
in its high-dimensional hidden space, BaseAE is also expected
to expatiate a robust and continuous latent manifold. As for
PluginAE, it is a model-agnostic lightweight inserted component
for BaseAE. Our PluginAE architecture is designed with efficient
broadcasting label infuser Broadcast Net, incorporating label prior
to BaseAE’s latent space and enabling the plug-in model to learn
all the conditions with one single training procedure. In purpose
to achieve a higher level of control for our model, we choose to
activate the decoder originated from the BaseAE during plug-in
training. Our contributions can be listed as follow:

1. We explored a novel model-agnostic controllable text gen-
eration method PCAE. It is based on PnP framework and can
be easily adopted to any kind of advanced auto-encoders
for text controllable generation.

2. We devised the Broadcast Net for efficient fusion between
conditions (labels) and latent space, so the model can gen-
erate controllable texts with very few labeled samples and
time.

3. To explain the advantageous improvement of PCAE, we
evaluated our model on five different related tasks with
conditions ranging from 2 to 10. We further utilized both
RNN-based and pre-trained BART [13] based auto-encoder
to verify the effectiveness of proposed framework.

Inspiring results demonstrate that our model is both time-saving
(reduce up to 35%) and highly controllable (near 90% accuracy
with 100 labels for each class in the best case) compared with
both competent RNN-based and BART-based baseline language
models.

2. Related work
2.1. Text auto-encoders with latent variables

Latent variable models (LVM) have drawn massive attention in
text generation field [10,12,14,15]. The latent space geometry of
LVMs can conduct multiple view of knowledge in a given corpus
(i.e., style, topic, and high-level linguistic or semantic features).
There are two famous categories for text modeling with auto-
encoders (AE), namely variational auto-encoders (VAE) [12] and
adversarial auto-encoders (AAE) [16]. They commonly employ
the evidence lower bound (ELBO) maximization of data py(X)
to update the holistic model. A major distinct between these
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two models lies in the regularization term of their ELBOs. While
VAE takes a Kullback-Leibler (KL) penalty as its latent regulator,
AAE introduces a discriminator to judge latent differences as
illustrated below,

log p(X) > Eqzix)llog p(X | 2)]
— —

reconstruction term

Dki(g(z | X) || p(z)) ELBO of VAE
—_—
KL penalty (])
— { Epp»[—logD(z)] ELBO of AAE ,

+Epx)[— log(1 — D(E(X)))]
Discriminator penalty

where function D(-) and E(-) for the ELBO of AAE denote its
discriminator and encoder respectively. The VAE as a general tool
is widely used in continuous generation (e.g., image generation).
However, when it comes to the discrete domain (i.e., text gen-
eration), VAE is facing numerous plights, such as latent vacancy
dilemma [17], latent vanishing problem [12], etc. The main reason
is that VAE often neglects latent information provided by the
encoder. In contrast to VAEs, AAEs maintain a strong coupling be-
tween their encoder and decoder, ensuring that the decoder does
not ignore representations in the latent space, which makes it
robust for latent knowledge interpretation and interpolation [16,
18]. However, Li et al. [8] proved that a strong encoder such as
pre-trained BERT in a VAE is very helpful to remit such issue.
As a result, we employed AAE loss for RNN-based PCAE and VAE
loss for pre-trained BART-based PCAE to show our framework is
model-agnostic and effective under any auto-encoder.

2.2. Auto-encoders with pre-trained language models

Large pre-trained language models (PLMs) are gaining more
and more popularity these days. With enormous resources be-
ing devoted, experienced encoders&decoders such as BERT [19],
GPT-2 [20] and T5 [21] are devised to fully understand textual
contents and create human-like sentences respectively. Incorpo-
rating these mighty PLMs as encoder and decoder of a variational
auto-encoder can largely mitigate the KL collapse problem by
offering the decoder a nonnegligible latent space from its en-
coder [8]. Several works to incorporate these PLMs into latent
auto-encoders have been explored nowadays [8,22-25], which
have shown promising potential in a varied multitude of tasks
including unsupervised latent interpolation [8,24], controllable
text generation [8] and prompt story generation [23], etc.

2.3. Controllable text generation

The core idea of controllable text generation is to generate
textual contents with designated conditions to cope with speci-
fied circumstances and auditors. Formally, we follow the problem
setting in previous works [4,10] to define the task: Given a set of
k conditions L = {l;, I, ..., Ik} (e.g. specific topics, sentiment
labels), conditional text data Y = {Y1, Y5, ..., Y} and unlabeled
corpus X, where each text corpus Y; corresponds to its label I;.
With condition label [; as input, we aim at learning a language
model F(I;) to calculate the distribution over the text samples
Y;. Thus, when the condition I; is specified, the model could
generate realistic text samples that fulfill the given condition.
And in practice, we usually leverage a trained text classifier to
distinguish texts with different concepts (see Section 4.4.1 for
controllability analysis).

To support generating sentences that fulfill such request, re-
cent researches are mainly divided into threefold according to
their training paradigm: supervised, self-supervised and semi-
supervised. For fully supervised methods, adversarial components
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Table 1
The main variable denotations in our method.
Variable Description
X Input unlabeled text corpus
Y Input labeled text corpus
Vi The ith word from a data point in Y
L Task label set
I; The ith label from the label set
Y; Labeled text corpus with label [;
Z, Global latent space
zg Global latent vector from Zg
Z Local latent space
V4 Local latent vector from Z,
Fi Label embedding network
ey Label embedding of label I;
0 The tth latent transformation network
Zyr) The local latent vector after F
h; The ith hidden state of the decoder
E(-) The encoder of models
D(-) The latent discriminator of AAE models
k(-, ) The kernel function
p(+) The prior distribution
q(+) The posterior distribution

like specified discriminators are widely employed [26,27]. In spite
of their high controllability, they require abundant labeled data
and enormous computational resources, which is unpractical for
real world applications. Self-supervised methods commonly ex-
plore the hidden embeddings of LMs [15,27] and apply them-
selves to catch the underlying control rules during training, yet
they normally provide sequences with a low degree of control.

The third party is semi-supervised, which requires only lim-
ited labeled data for controllable generation. SVAE [7] as the
first semi-supervised VAE model, was initially applied to visual
domain. Duan et al. [10] explored its modeling formulation into
language domain, which treats the label embedding as an ex-
tended part of the latent variable when there are label-text pairs
available. Li et al. [8] proposed OPTIMUS with BERT and GPT-2
as encoder and decoder respectively. They conducted controllable
text generation via a latent space adversarial network using a
two-stage training, which only requires labeled data at the second
stage.

Apart from SVAE and OPTIMUS, one important branch named
“Pre-train and Plug-in” (also known as plug-and-play) is rising re-
cently. Since labeled samples are generally required only at “Plug-
in” stage in PnP models, their training fashion is categorized as
semi-supervised. Keskar et al. [28] used human-defined “con-
trol code” to pre-trained LMs in order to generate controllable
texts, but needs full-scale fine-tuning. To reduce training time, [5]
firstly proposed the concept of plug-and-play for conditional text
generation, which generates controlled sentences by pulling the
gradients of LMs along the desired path using extra compo-
nents with few parameters. However, it was proposed based on
large pre-trained language models and still requires hours to be
trained. What followed was the PPVAE [10], which can be inserted
to any pre-trained AE to create conditional texts. Nevertheless, it
does not equip label infuser to incorporate condition knowledge
explicitly into generation, thus has to train n plug-in VAEs when n
new conditions come in. Naturally, when multiple conditions land
at one time, PPVAE lacks the ability to deal with them elegantly
and efficiently. Other lines of PnP controllable generation either
targets at changing the prompts/prefix to be fed into the base LMs
during training procedure [29,30], or shifting output probabilities
from trained LMs at inference time [31,32]. These methods are
mostly based on large pre-trained models and generally take
hours to be fully tamed (sometimes their training times are even
longer than fine-tuning) [30,31,33].
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3. PCAE methodology

We present the main variable denotations in Table 1. The key
idea of our framework is to reduce the resource consumption
of training a language model with high controllability. The PnP
framework with one full model training and plug-in controllable
components is an efficient and flexible for this demand. Thus our
model is separated into two disconnected sections: BaseAE and
PluginAE, which corresponds to pre-training and plug-in training
stage respectively. The model’s workflow is in Fig. 2: the first
figure represents the model structure of BaseAE, while the second
figure is the structure of PluginAE. As for the third figure, it
is the process for controllable text generation, which requires
components from both BaseAE and PluginAE.

For pre-training stage, we use unlabeled textual data X to
train the BaseAE language model (train from the scratch for RNN-
based model and fine-tuning for BART-based model). For plug-in
training, we input text-label pair {Y,L} = {Y;, l;};, where Y; is
the training corpus from Y with label [;. We use the labeled data
pairs for conditional training in order to obtain the controllable
decoder of PluginAE, which takes the latent variable and label
condition [; to generate controllable texts. Thus, once we trained
the PluginAE, we only need to input the sampled global latent
vector from its prior z; ~ N(0,I) and a control label I; (one-
hot label) to the model for controlled generation. This training
process makes PCAE only access to labels at the second stage,
which makes it semi-supervised.

3.1. BaseAE pre-training/fine-tuning

BaseAE is under the obligation to present fluent and diverse
texts and further derive meaningful latent representations. A
BaseAE consists of three main components: the encoder, global
latent space Z, and the decoder. It should be noted that to ensure
our BaseAE is a qualified LM, it ought to, in principle, be pre-
trained on a very large text corpus (the unlabeled text data X).
As we employ both RNN and pre-trained BART in our framework,
the pre-training stage of BaseAE represents training from the
scratch for RNN and fine-tuning for BART-based model. For RNN-
based BaseAE, we chose de-noising adversarial auto-encoder [34],
whose loss function is the same shown in Eq. (1) except replacing
z with global latent code z; ~ Z,. For BART-based BaseAE, we
simply employed the BART encoder, decoder and the plain VAE
training loss presented in Eq. (1) with z replaced with z,.

3.2. PluginAE plug-in training

PluginAE is the BaseAE model with additional plug-in compo-
nents. It is the direct portal for controllable text generation, which
forms a more structured local latent space with label signals and
global latent space from BaseAE for controlled generation. To
make the PluginAE controllable for generation, we send global
latent embedding and label signal to neural networks to produce
a locally structured latent space Z;, and further feed it to the
decoder for generation.

Inspired by DenseNet [35], which densely connects neural
representations with the latter layers of the network using skip
connection [36], we utilize a label infuser that incorporates dense
connection to sample the local variable z; conditioned on both
label and global latent information. That is to say, for given
label representation, we broadcast it to every layer of a neural
network using skip connection, which then produces the local
latent vectors as output. We call this label infuser the Broadcasting
Net. Specifically, for a Broadcasting Net with n layers, it takes
the previous latent vectors (i.e., global latent vector z, at the
beginning) and any label [; to generate the corresponding local
latent vector z;, which can be formulized as:
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Fig. 2. A detailed workflow of the proposed framework. Parameters in components with green or gray backgrounds are activated or frozen respectively. During
plug-in training, there is a label fusion function @ (specifically the Broadcasting Net) for a more effective controlled sentence inference. During generation, we produce

controllable texts by assigning a desired class label to the trained PluginAE.
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Fig. 3. The label fusion function @, which is essentially a broadcast operation
between label embedding and latent codes. Thus it refers to the Broadcasting
Net.

1. For input one-hot label [;, we obtain its representation ey
by label embedding layer 7.

2. Given zg, we draw z; by sampling from the local latent
distribution p(z; | Zzg,ey;). In detail, at tth layer, this
transformation with z; and e, is implemented by a lin-
ear transformation ;) after concatenation, so the overall
modeling is formalized as:

2 = Fon) (- Fo)(Fr0)(2g D ey) D ey,)... D eyy),

totally n Broadcasting Layers

Note that, to extend the broadcasting layer from one to multiple
layers, we simply repeat it to broadcast the label signal to every
layer of the label infuser as shown in Fig. 3. Hence we call this
label infuser the Broadcasting Net.

3.3. Controllable text generation

Finally, we feed the sampled local latent vector z; to the
decoder for word decoding. During training, the conditional mod-
eling process of the decoder with labeled document Y can be
formulized as:

p(Y [ zi)=py1 | 20 [ [pi | yrio1, 20)
i=n2 (2)
=py1 | Zl)HP(Yi | hi, z;),

i=2
where h; is the ith hidden state of the decoder that satisfies h; =
Decoder(h;_1, yi—1, z1). Unlike other PnP models that completely
ignore BaseAE during plug-in training, we argue that to ensure
the high efficiency of blending two separate domains (i.e., ; and
zg) and generating contexts with high quality from them, the
decoder of BaseAE ought to take part in the optimization process
and be regarded as a fine-tuning component in PluginAE. As a
result, the reconstruction loss of PluginAE is on word token level
instead of continuous latent level like PPVAE. This setting only

activate less than a half parameters of BaseAE, and expends very
little time (compared with baselines) but achieves considerable
performances (see Section 4.4.3 for details).

Once we trained the PluginAE, we only need to input the
sampled global latent vector from its prior z; ~ N(0,I) and a
control label I; to the model for controlled generation as shown
in Fig. 2.

3.4. Training loss of PluginAE

For the plug-in training, we employ the labeled corpus Y as
training data. Since the PluginAE inherits the training scheme
of auto-encoders, its training loss consists of two parts, namely
reconstruction loss and latent regularization term. To ensure the
consistency of models’ learning process, we employ adversarial
auto-encoder (AAE) loss for RNN-based model and variational
auto-encoder (VAE) loss for BART-based model respectively. The
reconstruction loss of both types of model is the same, which
is the cross-entropy loss between generated token logits and
training sentences. The main difference between them is that,
AAE loss uses the adversarial distance between latent prior and
posterior for regularization, while VAE loss employs KL diver-
gence. For RNN-based PluginAE, to avoid potential representation
vanish issue in z; [37], we take a mutual information I(Y; z;) into
consideration follow infoVAE [37,38]. It can be further factored in
two items related to the KL divergence Dy (q(z; | Y) || p(z;)) and
Dxi(q(z1) |l p(z1)) as follow:

1(Y; z)
q(Y,z1)
= [ a(Y,zi)log ————=dYd
[ v zmiog gyt avae
= / atv, z1)10g 2 Dy gz,
q(z1) 5
= /Q(Y z )|:log aelY) log q(z,):| dYdz
- p(zi) p(z;) !
= [ e vytog "2 vz, — [ atanyiog &2z
p(ZI) p(z’)

=Dk [q(z1 | Y) || p(z1)] — Dy [q(21) || p(21)] .

And we approximate the KL term Dy (q(z; | Y) || p(z1)) by
adversarial distance for RNN-based PluginAE. Finally, the holistic
objectives of both types of PluginAE are specified as follows:

maxp(Y, I) > Eq(z,\Y)[Ing(Y | zl)] - Azlﬁzl

where
Dist(z;, E(Y)) (@)
S AinfoDir(q(z1) || p(z1)) RNN-based
zZ] —
Dii(q(zr | Y) |l p(z1)) BART-based
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Fig. 4. Accuracy on five different tasks and averaged accuracy of them with varied number of labeled samples for each class. PCAE represents our framework under
RNN framework with 12 layers in label fusion function @ (Broadcasting Net). PCAE,, represents our framework under pre-trained BART with 10 layers in label
fusion function. We implemented OPTIMUS [8] under the same pre-trained BART framework as ours (denote as OPTIMUSpt).

Table 2
Statistics of the preprocessed datasets.
Dataset #Voc. #Training #Validation  #Test #Avg.
size Docs Docs Docs length
Yelp 10,005 200,000 10,000 10,000 9.11
Titles 30,005 128,000 16,000 16,000 9.27
Yahoo 30,005 400,000 3000 3000 9.93

Here, the distance function in RNN-based loss is implemented as
Dist(z1, E(Y)) = Epy.yl—log(1 — D(E(Y))] + Epzy)[— log D(zy)]
with D, E to be the discriminator and encoder respectively. In
practice, for RNN-based PCAE, we use multi-layer neural network
(as the discriminator) to calculate its latent regularization term
by classifying random noise and latent vectors. For BART-based
PCAE, we use reparamerization trick [12] to parameterize the
mean and log variance of the latent space (i.e., Gaussian) to
calculate the KL divergence.

4. Experimental results and analysis
4.1. Implementation details

4.1.1. RNN-based implementation details

For BaseAE, we formally followed the settings in [34]. For three
datasets to be trained, we mainly focused the short text gener-
ation and set the maximum vocabulary size to 10,000 for Yelp,
30,000 for Yahoo dataset and Titles dataset. Statistics for pre-
training corpus are listed in Table 2. Word embedding dimension
was 512. The encoder and decoder of BaseAE were bi-directional
LSTM [39] and plain LSTM severally, and both with a hidden size
of 1024 per direction. The size of global latent code was 128.
The dimension of hidden state in the discriminator for latent
distance measurement was set to 512. The noise function was
taken from [34], we set word drop rate to 0.3. The weight of
discriminator loss A,qy Was set to 10. For optimization, we utilized
Adam [40] with learning rate 5 x 10~ and a batch size of 256. We

trained 50 epochs for three datasets, and stored model parameter
weights on the epoch performs the best on validation set.

For PluginAE, the label embedding size n was 8. The label
Broadcasting Net was implemented with pure linear functions
and concatenations. During training, we activated the decoder,
look-up linear function from decoder to word probability in the
decoding section. And we also activated the linear function from
latent codes to decoder embedding. As for optimizer, we selected
Adam with learning rate 1 x 10™* and a batch of 80 samples
as input. We trained our model on each task until it converges.
Through cross-validations, we chose the weight of adversarial
loss XA.qy and latent regulator Aj,g to be 30 and 50 respectively.
For text generation, we chose categorical sampling with decoding
temperature to be 0.8 according to ablation experiments.

As for the formal implementation of Epy [Dxi(q(z; | Y) |
p(z1))] approximation in the PluginAE training loss. We utilized
another divergence Maximum Mean Discrepancy (MMD) [41,42]
to efficiently optimize Dy(q(z;) || p(z;)) term. MMD is widely
used for quantifying the distance between two distributions using
the kernel trick. The MMD between two distributions q and p is:

Dumn(q 11 P) = Epz) p(2r) [k(z.2)]
— 2Eqp(2) [k(z.2)] (5)

+ IEq(l),q(Z’) [k (Z’ Z/)] )

the function k(z, z’) here is a definite kernel, and we chose it to
be Gaussian.

4.1.2. BART-based implementation details

We utilized BART encoder and decoder as encoder and decoder
of our AE model respectively. For BaseAE structure, we used
the pre-trained tokenizer with the vocabulary size of 50,265. To
perform BART under the paradigm of auto-encoder, a latent space
is required to connect encoder and decoder during training. We
derive this latent space using the mean pooling of the output of
encoder and feed it to decoder as cross attention input, which is
similar to OPTIMUS [8]. We loaded the medium-sized pre-trained
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weight of BART! which consists of 6 transformer layers for en-
coder and decoder separately. The size of latent code was set to
128 like RNN-based ones. As for BaseAE training, we employed
AdamW [43] optimizer with learning rate 1 x 10~ for three
corpus. During training, we followed OPTIMUS to utilized free KL
threshold [44,45], the threshold was set to 0.1 and our model was
trained with 4 cycles of KL annealing from 0 to 1 using cyclic KL
annealing technique [46]. We finetuned the BART VAE with batch
size 64 for 8, 10, 10 epochs for Yelp, Titles and Yahoo datasets
respectively, which took around 2, 4 and 3 h to train.

For PluginAE structure, we only added label infuser based on
BaseAE model. The structure of label infuser is exactly the same
as RNN-based PCAE models. For PluginAE training, we trained
the model with the VAE training objectives and set the free KL
threshold to 0.1 for training consistency. During training, we
activated the decoder and label Broadcasting components. As for
optimizer, we selected AdamW with a batch of 32 samples as
input. Moreover, since PLMs are sensitive to learning rate dur-
ing training, we chose different learning rate for different tasks
according to their classification performance, i.e., 1 x 10~ for
tense, topic; tasks, 3x 10~ for sentiment, topics and topic,, tasks.
We trained our model on each task until it achieves the highest
controllability (i.e., the highest accuracy on each task). For text
generation, we chose top-k nucleus sampling strategy [47] for
decoding with k = 50 and p = 1.0 and sampling temperature to
be 1.0. We generated 500 sentences for each class in every task
for further evaluations.

4.1.3. Classifier implementation details

For the classifier we applied for text attribute classification,
we employed a bi-directional LSTM with one layer and a hidden
size of 256. The word embedding size was set to 128. As for
optimization, we employed SGD [48] with learning rate 0.01. We
trained the classifier on five tasks with 5000 labeled samples for
each class and 50 for a batch until the loss converges. We saved
the parameter weights of model performs the best on validation
set during training.

4.2. Datasets

We conducted controlled experiments on different tasks to
quantify the benefits of the various aspects of our approach.
Specifically speaking, we followed previous works and carried
out related tasks on three datasets: Yelp review [49], Titles [50]
and Yahoo Question [51]. We chose five tasks from these three
datasets, all with text semantic labels. Their detailed class de-
scriptions are presented below:

e Yelp sentiment: 2 classes. Positive, Negative.

e Yelp tense: 2 classes. Present, Past. We make the same
partition as described in [34].

e Titles topicss: 4 classes. Business, Science & Technology,
Entertainment, Health.

e Yahoo topicsy,: 6 classes. Society & Culture, Science & Math-
ematics, Health, Education & Reference, Computers & Inter-
net, Sports.

e Yahoo topics;: 10 classes. 6 from Yahoo topicsy, task with
the addition to Business & Finance, Entertainment & Music,
Family & Relationships, Politics & Government.

We respectively sampled 100, 300, 500, 800, 1000 examples from
each classes for every task as plug-in training sets. The detailed
statistical summary of three datasets for BaseAE pre-training is
reported in Table 2.

1 https://huggingface.co/facebook/bart-base.
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4.3. Baselines

For RNN-based implementation of our model, the first com-
parison focuses on a model that, likes ours, is plug-and-play.
PPVAE [10] generates controlled texts by feeding sentences with a
heavy bias i.e., all from the same class. For multi-class controlled
generation, PPVAE also takes negative samples (those not in the
current desired category) and produce a negative loss to enhance
its overall ability. That is to say, for n conditions (classes), PPVAE
needs to produce n plug-in VAEs to be controlled, besides, at
every training procedure it normally requires to encode all the
given samples so that negative loss can be computed. Another
baseline model SVAE [7] follows the end-to-end semi-supervised
framework. It incorporates a classifier to provide conditional dis-
tribution for unlabeled data. Note that, to make it equal, we
implement all baselines under the same BaseAE, and update
the decoder parameters in PPVAE to make the competition im-
partial. Since other models like CTRL-GEN [4] has been proven
much inferior in similar tasks [10], we did not take them for
comparison.

For BART-based implementation of our model, we took OP-
TIMUS [8] as the baseline model. OPTIMUS is a strong baseline
that reached unparallel language modeling ability including con-
trollability, its controllable training requires a two-stage training
process, and we used the same BaseAE of ours as its first stage
tuning model out of fairness. OPTIMUS introduced a discriminator
on latent space for adversarial training (to distinguish the real
latent variable and Gaussian noise). We employed the same dis-
criminator structure as in OPTIMUS with latent space dimension
of 128. We denote BART-based OPTIMUS as OPTIMUS;;.

4.4. Evaluations and analysis

4.4.1. Controllability

To evaluate which degree of controlment the proposed model
can obtain, we conducted experiments of text attribute classi-
fication. The classifier was trained with 5000 samples for each
category. From the results in Fig. 4 and Table 3, we could draw
the following conclusions: (1) Our RNN-based model is evidently
superior to baseline PPVAE that follows the PnP paradigm in all
circumstances. Also, in most situations, our model outperforms
SVAE, which is an end-to-end model that needs a full-training ev-
ery time. The last figure of averaged accuracy well confirms that
PCAE is a better performer in controllable generation than base-
lines. (2) In some cases, the proposed model is capable of reaching
comparatively high accuracy even with few available labels with
either RNN or BART (e.g., RNN-based model reaches over 80%
accuracy with only 300 labeled samples for each class on Yelp
tense and sentiment). (3) When model’s encoder and decoder are
not very strong (i.e., RNN trained from the scratch), in tasks with
too many categories (i.e., no less than 4 classes), models with ex-
plicit label signals (i.e., our model and SVAE) outperforms PPVAE
distinctly and the proposed RNN-based model outperforms SVAE
in most circumstances. We attribute these phenomenons to an ef-
fective label fusion network of ours compared with baselines. (4)
BART-based models achieve generally higher accuracy than RNN-
based models (except in topicsy, task), which can be ascribed to
applying powerful PLM encoder&decoder. (5) From the averaged
result, among all baselines, the proposed PCAE,,,; reaches the best
performance in the most cases and comparable accuracy results
in the rest situations.

4.4.2. Diversity
Intuitively, texts with high controllability often face with the
conundrum of low diversity. AE-based works have been widely
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Fig. 5. Training time (Y axis, counted in second) for plug-in modules with varied number of labeled samples (X axis) for each class on three tasks from three different

datasets.

Table 3

Accuracy on five different tasks and averaged accuracy of them with varied number of labeled samples for each
class. All model settings are the same as models in Fig. 4. We use boldface to indicate the best value.

Label Num. Models Sentiment Tense topicss topicsy topicsy Avg.
SVAE 56.53 59.34 52.86 34.85 15.18 43.75
100 PPVAE 67.53 77.56 29.10 17.06 10.26 40.30
OPTIMUSpqrt 76.80 87.67 64.29 21.73 12.01 52.44
PCAE 70.65 74.98 64.92 36.86 14.77 52.44
PCAEpgt 89.10 88.10 84.40 37.00 32.97 66.31
SVAE 81.20 79.10 72.82 37.95 16.21 57.46
300 PPVAE 68.55 82.04 54.05 17.78 10.89 46.86
OPTIMUSpqrt 86.05 89.67 77.67 35.20 17.00 61.28
PCAE 82.16 84.54 75.67 45.61 18.42 61.28
PCAEpgrt 92.40 91.70 84.05 34.23 28.63 66.20
SVAE 89.31 81.60 68.10 41.58 18.91 59.90
500 PPVAE 75.12 81.49 49.82 18.49 10.97 47.18
OPTIMUSpqrt 94.10 95.53 79.08 31.97 22.32 66.42
PCAE 90.39 89.09 77.94 52.43 22.28 66.42
PCAEpqart 95.30 93.70 89.15 38.43 27.47 68.81
SVAE 87.10 75.63 70.88 43.34 20.48 59.48
800 PPVAE 72.07 78.89 66.78 22.61 10.52 50.17
OPTIMUSpqrt 90.60 96.40 84.00 36.67 19.84 68.87
PCAE 90.79 89.46 80.17 56.34 27.56 68.87
PCAEpart 97.50 95.90 86.10 51.80 31.33 72.53
SVAE 86.02 73.82 68.85 41.71 17.66 57.61
1000 PPVAE 72.44 81.76 71.10 20.03 10.69 51.21
OPTIMUSpr¢ 81.93 92.60 82.85 32.69 26.10 63.23
PCAE 91.09 92.48 79.80 58.96 30.31 70.52
PCAEpgr 95.50 94.30 82.05 49.00 24.11 68.99

explored and revealed the capacity to generate diverse con-
tents [52,53]. We measured distinct n-grams (normalized by the
length of text) as in [54]:

unique n-grams
— N (6)

where N is the number of generated words. Higher the Distinctive
scores are, less likely the model produces “dull texts”. We report
the ratio of unique 1-gram and 2-gram values (refer to D-1 and
D-2 respectively) of 5k sentences for each category from any
model on five tasks in Table 4. (1) For both RNN-based and
BART-based models, our model is able to generate more diverse
sentences than baselines in most cases. Especially on topicsy, and
topics;, the gains in diversity from our model to other methods
are significantly higher (PCAE is twice as better as PPVAE or SVAE
on D-1, PCAE, is almost triple as better as OPTIMUS,¢ on D-
2). (2) Introducing pre-trained BART to our model can largely
bring up the D-1 values. We ascribe it to the larger vocabulary
size of pre-trained BART (i.e., 50,265 for BART by default and
maximum 30,000 for RNNs by presetting). (3) BART-based PCAE
has little or non improvement on D-2 compared with RNN-
based models. This is because PCAEy,; reaches a higher degree
of controllability, which is naturally contradicts to text diversity.

Distinct-n =

That is, as the increase of broadcasting layer, PCAE,,; may produce
more structured local latent space, which is in favor of generating
controllable sentences but against high diversity in the latent
representations. This can be explained as the PCAEp;19 always
generates more diverse texts than PCAE,q1s5 in the table.

4.4.3. Training cost

Can our model be applicable in real scenarios? To answer
that question, the training time of plug-in modules should be
paid great attention to. We make comparison between RNN-
based PCAE and PPVAE, which are plug-and-play. In detail, we
recorded times that every model consumed until it converged,
and all models were trained on the same machine with one
TITAN X GPU successively. For every picture from Fig. 5, we
draw the time consumption in seconds of RNN-based models.
We have the following conclusions: (1) Our model outperforms
PPVAE distinctively in all circumstances (less than a half of the
training time compared with PPVAE in both model settings). This
demonstrates the effectiveness of our model for being a more
pragmatic tool for controllable text generation. (2) In cases of two
tasks from Yahoo dataset, PPVAE is less disadvantageous in time
cost than other tasks compared with ours. We argue that these
cases should be analyzed combined with the accuracy metric:
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Distinct-1 and Distinct-2 (refer to D-1 and D-2 respectively) of different models with varied number of labeled
samples for each class. Real values are the presented ones divided by 100. PCAE, and PCAE,, means the proposed
RNN-based PCAE and BART-based PCAE model with n broadcasting layers respectively. We use boldface to indicate

the best value.

Label Num.  Models Sentiment Tense topicss topicsy topics,
D1 D2 D1 D2 D1 D2 D1 D2 D1 D2
SVAE 138 2068 201 2654 113 2333 029 929 012 487
PPVAE 291 2760 393 3599 159 1749 019 407 018 343
OPTIMUS,er  7.39 1762 611 1227 428 1090 0.12 031 045 273
100 PCAEqo 314 3119 352 3398 249 2346 027 622 040 499
PCAE; 5 292 3138 347 3363 281 2511 028 622 039 496
PCAEpare1o 998 2554 11.06 2834 543 1153 030 146 128 7.45
PCAEpare1s 1041 2717 963 2569 442 794 017 105 113 529
SVAE 123 2286 164 3136 093 2047 020 7.02 011 482
PPVAE 250 2875 375 3542 134 1671 019 391 017 340
OPTIMUSpe 939 2407 1110 2415 565 1406 013 049 060 322
300 PCAE 231 2818 295 3523 196 2370 021 650 033 526
PCAE;5 258 2893 299 3706 193 2389 021 647 033 520
PCAEpure10 1408 4031 1274 2253 559 1673 036 182 147 785
PCAEpareis 1286 3594 1208 1976 480 1107 017 090 414 998
SVAE 134 2523 183 3455 078 1919 0.16 589 0.11 473
PPVAE 353 3483 373 3523 113 1590 0.8 376 017 3.37
OPTIMUS,ee 1096 2637 1184 2474 652 1558 008 029 089 4.11
500 PCAEqo 219 2865 269 3160 215 2452 023 643 038 503
PCAE;5 230 3486 266 3632 210 2528 023 659 037 505
PCAEpare1o 1421 4091 1772 3330 865 1953 038 187 160 7.67
PCAEpare1s 1541 4258 7.16 1114 898 1751 039 192 064 355
SVAE 175 2542 195 3532 071 1935 0.15 532 0.0 469
PPVAE 232 3171 357 3483 099 1526 018 362 017 3.34
OPTIMUS,e 1239 3106 1434 3225 7.3 1743 010 031 043 264
800 PCAE 212 2971 296 3262 252 2427 026 639 044 545
PCAE; 5 225 3405 280 3774 245 2490 027 645 044 548
PCAEjurc10 1564 4679 1551 2860 995 2225 040 214 166 8.14
PCAEpareis 1538 4819 1534 2941 699 1490 012 075 081 431
N 5 , %,
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Fig. 6. Visualization of the designed prior of local latent z; from RNN-based PCAE with varied layers in Broadcasting Net on (a) Yahoo topics; task and (b) topicsg
task. The number of broadcasting layer is chosen from 5, 8, 10, 12 in succession.

PPVAE cannot handle situations where too many classes come
in at one time, thus quits learning to be controlled (e.g., PPVAE
holds steady accuracy of 20% and 15% for topicsy and topics; in
Fig. 4) and converges without acquiring enough knowledge from

the biased data. (3) Varying the number of broadcasting layers
in the label infuser does not influence the training time appar-
ently. Because each broadcasting layer contains a small number
of parameters to be updated. We also present the averaged time
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Fig. 7. Macro-F1 score for generated controllable text classification with regard to varying broadcasting layer and labeled samples for each class based on RNN-based

PCAE.

Table 5
Averaged time cost for training with 300 labeled data for each class on
RNN-based systems.

Models Time cost

SVAE ~1.1 h (every time)

PPVAE 1 h (only once) 55.71 s (Plug-in)
Ours 1 h (only once) 37.18 s (Plug-in)

cost of baseline models compared with our model in Table 5.
SVAE and OPTIMUS,,,; as end-to-end model and two-stage fine-
tuning model respectively are much slower and unpractical to be
controllable when coming across too many conditions.

4.4.4. Justification for latent optimization

To illustrate that the whole plug-in training process is more
inclined to enhance the controlled expression in the latent field
(i.e., helps z; towards meaningful and structured z;), updat-
ing decoder is only an auxiliary tool for producing more fluent
sequential content. We resort to visualize the input of model
decoder using T-SNE [55], the visualized input corresponds to the
prior of local latent code z;. As shown in Fig. 6, under the setting
of RNN-based PCAE on topics; task and topicsg task, the factitious
local latent prior with given labels are well separated. Priors
from Broadcasting Net with added layers show more compact
and structured clustering, which further verifies our claim in
Section 4.4.2 for the discussions about generated text diversity.
This phenomenon also justifies that the Broadcasting Net as our
label infuser function @ efficiently elevates the capacity in the
learnt hidden representations. From another view, PCAE produces
controllable sentences by focusing on z, to z; rather than updat-
ing the parameters in decoder. We can also observe that, topics
that are intuitively more correlated in real-life are actually closer
in clustering (e.g., society is always in the center, family locates
close to education

4.4.5. Generated sentences

We present texts with different conditions on three tasks
(sentiment, tense, topicsg) in Table 6. For RNN-based PCAE, pre-
sented sentences intuitively match the given attribute well. For
instance, in Yelp tense task, context assigned with “Past” attribute
has signal words of “was” and “expected”. In Titles topicsg task,
sentence that belong to different conditions owns keywords in-
cluding the names of celebrities (“kardashia”, “beyoncé”), name
of cell phones (“iphone”) or code for diseases (“ebola virus”). For
BART-based PCAE, sentences are more complex and fluent. For
instance, in Yelp sentiment task, sentence with “Positive” label
presents “good”, “smooth” and “tasty” in the comment. As in
Titles topicsg task, sentences given different topics show their
own features, such as text belongs to the “Business” topic talks
about the company value of Tinder, while text from “Health”
focuses on the calorie of food.

4.4.6. Ablation study

We conducted all ablation experiments on RNN-based PCAE
and similar behavior should be observed for BART-based one.
Firstly, we specifically analysis the impact of different broad-
casting layer and labeled samples for training to the control of
generated texts on five tasks. As shown in Fig. 7, (1) More broad-
casting layers can bring up the control ability of the proposed
model until it is 12, that is 10 or 12 layers of Broadcasting Net
generally perform the best among all presented experiments re-
sults. (2) With the number of labels increases, the F1 scores climb
higher in general. And keep increasing the number of labeled
samples will finally make the our model in full supervision.

Secondly, we explore the effectiveness of latent regulator Liyf,.
Theoretically speaking, the latent regulator i.e., mutual informa-
tion maximization term between code z; and observed data X
can bring the model to a deeper learning stage, thus helpful in
enhancing the controllable ability of our model. To verify the
impact of such latent regulator, we use test F1 score on senti-
ment and tense tasks with 100 and 800 labeled sample for each
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Table 6
Conditional examples generated by PCAE on three tasks for qualitative analysis.
Task Condition Generated examples
. Negative e this main experience was totally short and no good.

Sentiment " : .
Positive e good experience in the area

Tense Past o the fries were interesting, but not overcooked by the toppings.

RNN-based Present e the place is always good and the brunch is the beginning.

Entertainment e kate gomez sparks justin bieber engagement in an ring

topics Business e linkedin to oracle will offer hiding on data today

PICSs Technology e Ig launches mini spots of a now $199 on the September

Health e sierra of un: scientists fight ebola virus family

Sentiment Negative o furthermore, the food quality does not meet the price.
Positive e really good burgers and the oak stout beer is really smooth and tasty.

Tense Past o the paella was really really really good and the manhattans did not disappoint.

BART-based Present e they compete with each other and do not care about you!

Entertainment e is hollywood to blame? or journalism? a battle on twitter

topics Business e tinder may not be worth $5b, but its way more valuable than you think

PICSs Technology e vintage-look electric car that could replace horse-drawn carriages

Health e 2780-calorie french toast: cheesecake factory tops the (calorie) charts
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Fig. 8. Ablation study with F1 indicator of RNN-based PCAE with 12 layers in terms of latent regulator Li,, on sentiment and tense tasks. Number in parentheses
behind task name is the label number for each class for model training.

categories respectively, further train PluginAE with or without
Linfo and report the F1 score in Fig. 8. From the results, we
can see that (1) the latent regulator helps strengthen control
capability of our model. (2) F1 results of models with iy gain
a narrower standard deviation than models without L5, which
demonstrates that the latent regulator enhances the robustness

of PCAE.

5. Conclusion

In this work, we present a model-agnostic semi-supervised
controllable text generation framework PCAE, which leads to
remarkable empirical performance on both RNN-based and pre-
trained BART-based settings. By adding Broadcasting Net to exist-
ing plug-and-play system, we put this mainstay framework into
a more universal pattern to generate controllable textual con-
tents with auto-encoders. The visualization of learned local latent
prior justifies the model optimization takes place in the hidden
space. More importantly, with higher degree of controllability and
competitive diversity of output texts plus less resource costs to
apply the proposed framework, PCAE shows promising results on
validating the effectiveness of proposed Broadcasting Net. To make
our model more practical in real-world scenarios, we apply both
plain RNN trained from the scratch and pre-trained BART to our
framework, and consistent results proves the effectiveness of the

proposed framework.
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