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Abstract

Machine learning methods for conditional data generation
usually build a mapping from source conditional data X to
target data Y . The target Y (e.g., text, speech, music, image,
video) is usually high-dimensional and complex, and contains
information that does not exist in source data, which hinders
effective and efficient learning on the source-target mapping.
In this paper, we present a learning paradigm called regener-
ation learning for data generation, which first generates Y ′

(an abstraction/representation of Y ) from X and then gen-
erates Y from Y ′. During training, Y ′ is obtained from Y
through either handcrafted rules or self-supervised learning
and is used to learn X → Y ′ and Y ′ → Y . Regenera-
tion learning extends the concept of representation learning
to data generation tasks, and can be regarded as a counter-
part of traditional representation learning, since 1) regener-
ation learning handles the abstraction (Y ′) of the target data
Y for data generation while traditional representation learn-
ing handles the abstraction (X ′) of source data X for data
understanding; 2) both the processes of Y ′ → Y in regener-
ation learning and X → X ′ in representation learning can
be learned in a self-supervised way (e.g., pre-training); 3)
both the mappings from X to Y ′ in regeneration learning
and from X ′ to Y in representation learning are simpler than
the direct mapping from X to Y . We show that regeneration
learning can be a widely-used paradigm for data generation
(e.g., text generation, speech recognition, speech synthesis,
music composition, image generation, and video generation)
and can provide valuable insights into developing data gener-
ation methods.

Introduction
Data Understanding and Generation
Typical machine learning tasks, in the field of natural lan-
guage processing (Manning and Schutze 1999; Collobert
et al. 2011; Vaswani et al. 2017; Devlin et al. 2018; Brown
et al. 2020), speech (Benesty et al. 2008; Hinton et al.
2012; Oord et al. 2016; Wang et al. 2017; Tan et al. 2022),
computer vision (Forsyth and Ponce 2011; Szeliski 2010;
Krizhevsky, Sutskever, and Hinton 2012; He et al. 2016;
Goodfellow et al. 2014), and etc, usually handle a mapping
from source data X to target data Y . For example, X is im-
age and Y is class label in image classification (Deng et al.
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2009); X is style tag and Y is sentence in style-controlled
text generation (McKeown 1992); X is text and Y is speech
in text-to-speech synthesis (Tan et al. 2021, 2022).

Depending on the relative amount of information that X
and Y contain, these mappings can be divided into data un-
derstanding (Krizhevsky, Sutskever, and Hinton 2012; De-
vlin et al. 2018), data generation (Goodfellow et al. 2014;
Brown et al. 2020), and the combination of data understand-
ing and generation (Bahdanau, Cho, and Bengio 2014; Has-
san et al. 2018; Graves 2012; Chan et al. 2016; Tan et al.
2022). Figure 1 shows the three types of tasks and the rela-
tive information between X and Y :
• Data understanding tasks, in which X contains much more

information than Y (e.g., image classification (Deng et al.
2009; Krizhevsky, Sutskever, and Hinton 2012), objective
detection (Girshick 2015; Redmon et al. 2016), sentence
classification (Zhang and Wallace 2015), machine reading
comprehension (Rajpurkar et al. 2016)).

• Data generation tasks, in which Y contains much more in-
formation than X (e.g., text generation (Brown et al. 2020)
or image synthesis (Goodfellow et al. 2014; Kingma and
Welling 2013) from class label).

• Data understanding/generation tasks, in which X contains
no significantly more or less information than Y (e.g.,
image transfer (Zhu et al. 2017), text-to-image synthe-
sis (Ramesh et al. 2021, 2022; Yu et al. 2022; Saharia et al.
2022; Chang et al. 2023), neural machine translation (Bah-
danau, Cho, and Bengio 2014; Hassan et al. 2018), text-to-
speech synthesis (Tan et al. 2022, 2021), automatic speech
recognition (Hinton et al. 2012)). In this case, we need
both data understanding capability on the source X and
data generation capability on the target Y .
The information mismatch between X and Y leads to

different strategies for solving different tasks. For data un-
derstanding tasks, X is usually high-dimensional, complex,
and redundant compared to Y , and the key is to learn
highly abstractive or discriminative representations (some-
times need to remove unnecessary information) for X in or-
der to better predict Y . Thus, representation learning (Ben-
gio, Courville, and Vincent 2013)1 and especially self-

1One of the most impactful conferences in deep learning is
ICLR, which is short for “The International Conference on Learn-
ing Representations”.
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X Y X Y X Y

(a) Data understanding

X Y X Y X Y

(b) Data understanding/generation

X Y X Y X Y

(c) Data generation

Types Information Tasks

Understanding X ≫ Y
image classification, objective detection
sentence classification, reading comprehension

Generation X ≪ Y text generation or image synthesis from ID/class

Understanding/Generation X ̸≫ Y and X ̸≪ Y
text to speech, automatic speech recognition,
text to image generation, talking-head synthesis

Figure 1: Three types of tasks in machine learning and the relative information between source X and target Y .

supervised pre-training (Devlin et al. 2018; Brown et al.
2020) have become some of the hottest topics in deep learn-
ing research in the past years. For data generation tasks, Y
is usually high-dimensional, complex, and redundant com-
pared to X , and the key is how to better represent the distri-
bution of Y and better generate Y from X . For data under-
standing/generation tasks, they need the capability in both
understanding and generation, i.e., extract good representa-
tions from X and fully generate the information in Y .

Challenges of Data Generation
For the data generation tasks and the generation part of the
data understanding/generation tasks (we call both the two
types as data generation tasks in the remaining of this paper),
they face distinctive challenges that cannot be addressed by
the traditional formulation of representation learning.

• First, for the generation tasks where Y contains much
more complex information than X , the generation models
face severe one-to-many mapping problems (ill-posed or
ill-condition problem) (Bertero, Poggio, and Torre 1988),
which increases the learning difficulty. For example, in
class-conditioned image generation, a class label “dog”
can correspond to different images that contain dogs. In-
correct modeling on the ill-posed problem could result in
overfitting on the training set and poor generalization on
the test set.

• Second, for the generation tasks (e.g., speech recogni-
tion (Hinton et al. 2012), speech synthesis (Tan et al.
2021), talking-head video synthesis (Thies et al. 2020))
where X contains no significant more or less information
than Y , there are two situations: 1) the mapping between
X and Y is not one-to-one (e.g., multiple words with the
same pronunciation can correspond to one speech segment
in automatic speech recognition, and multiple speech with
different speaking rates can correspond to one text se-
quence in text-to-speech synthesis), which faces the same
problem mentioned above; 2) there are some spurious cor-
relations between X and Y , e.g., the speaking timber in
source speech has no correlation with the head pose in tar-
get video (Chen et al. 2019) for talking-head video synthe-

sis, and some information in target melody has no corre-
lation with source lyric in lyric-to-melody generation (Ju
et al. 2021). Fitting these spurious correlations can be
harmful for generation in inference.

Why Regeneration Learning
Some generative models (e.g., GANs (Goodfellow et al.
2014), VAEs (Kingma and Welling 2013), autoregressive
models (Oord et al. 2016; Brown et al. 2020), normalizing
flows (Rezende and Mohamed 2015; Kingma and Dhari-
wal 2018), diffusion models (Ho, Jain, and Abbeel 2020))
have achieved rapid progress in a variety of data genera-
tion tasks. Ideally, as long as generative models are power-
ful enough, they can fit any complex data distribution. How-
ever, in practice, they cannot model the complex distribution
and one-to-many mapping well due to many reasons, such
as too complicated data mapping, too heavy computation
cost, and data sparsity, etc. In analogy to data understand-
ing tasks, although learning a powerful model (e.g., CNN
or Transformer) to directly classify source data into target
labels would ideally achieve very good accuracy, it still suf-
fers from low accuracy, and some advanced representation
learning methods such as large-scale self-supervised pre-
training (Devlin et al. 2018) can greatly boost the accuracy.

In this paper, we present a learning paradigm called regen-
eration learning for data generation tasks. Instead of directly
generating target data Y from source data X , regeneration
learning first generates Y ′ (a representation of Y ) from X
and then generates Y from Y ′. Regeneration learning ex-
tends the concept of representation learning to data genera-
tion tasks and learns a good representation (Y ′) of the target
data Y to ease the generation: 1) X → Y ′ mapping will be
less one-to-many than X → Y since Y ′ is a compact/repre-
sentative version of Y ; 2) Y ′ → Y mapping can be learned
in a self-supervised way (Y ′ is obtained from Y ) and can be
empowered by large-scale pre-training that is similar to that
in traditional representation learning for data understanding
tasks (e.g., BERT (Devlin et al. 2018)).

In the rest of this paper, we first introduce the basic for-
mulation of regeneration learning and its connection to other
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Formulation Category Method Data Conversion (Y → Y ′)

Basic

Explicit

Fourier Transformation Speech/Image (e.g, Wave→ Spectrogram)
Grapheme-to-Phoneme Text (e.g., learning→′l3:rniN)
Music Analysis Music (MIDI→Chord/Rhythm)
3D Image Analysis Image (Face to 3D Co-efficient)
Down Sampling Speech/Image (e.g., 256*256→64*64)

Implicit

Analysis-by-Synthesis

Image/Speech/Text (Y → Z)VAE
VQ-VAE/VQ-GAN
DiffusionAE

Extended
Factorization AR Image/Speech/Text (Y → Y1:t)
Diffusion DDPM Image/Speech/Text (Y0 → Yt)
Latent Diffusion VAE + DDPM Image/Speech/Text (Y → Z0, Z0 → Zt)

Table 1: Different methods for Y → Y ′ conversion.

learning methods and paradigms in Section , then summarize
the applications of regeneration learning in Section , and fi-
nally list some research opportunities on regeneration learn-
ing in Section .

Formulations of Regeneration Learning
In this section, we introduce regeneration learning, which
leverages intermediate representations of target data Y to
bridge the information mismatch between X and Y . There
are three steps in regeneration learning:

• Step 1: Convert target data Y into an abstractive/represen-
tative version Y ′.

• Step 2: Learn a model to generate Y ′ from source data X .

• Step 3: Learn another model to generate Y from Y ′.

This learning paradigm is called regeneration learning due
to the following reasons: 1) Literally, it has two generation
steps that first generate Y ′ and then generate Y (i.e., regener-
ate), which is in analogy to what “represent” is to “present”
in representation learning2. 2) Metaphorically, in analogy to
what “represent” in representation learning means, i.e., “us-
ing one thing to signify another thing”, the word “regener-
ate” in regeneration learning means to generate one thing to
signify another thing (i.e., generate Y ′ to signify Y ). Re-
generation learning has several advantages: 1) the mapping
from Y ′ to Y can be learned in a self-supervised way, which
is much more data-efficient; 2) the mapping from X to Y ′ is
simpler than the direct mapping from X to Y .

We first introduce the three steps in regeneration learn-
ing in section and discuss the connections of regeneration
learning to existing methods in Section and the relationships
between regeneration learning and representation learning in
Section .

2Strictly speaking, “represent” in representation learning means
“using one thing to signify another thing”, which is different from
“re-present” that means “to present again”. However, the meaning
of “represent” has a close relation to “re-represent”: suppose you
use X ′ to signify X (i.e., represent X with X ′ and thus X ′ is the
representation of X), and then in this case, you actually re-present
X using X ′.

Basic Formulation
Extract Y ′ from Target Y . There are three principles
when converting Y to Y ′: 1) Y ′ should be more abstrac-
tive and representative than Y ; 2) the removed information
from Y to Y ′ has no or little correlation with source data X ,
i.e., Y ′ is a compact version of Y but still maintains its cor-
relation with X; 3) the conversion from Y to Y ′ should be
easy, e.g., processed by simple transformation or extraction
tools, or at least not relying on labeled data if model learn-
ing is needed. According to the above principles, there are
different ways to convert Y into Y ′, as shown in the “Basic
Formulation” in Table 1:

• Explicit transformation. We can convert Y into Y ′ with
some explicit transformation methods: 1) Mathematical
transformation such as Fourier or Wavelet transforma-
tion. For example, we can convert a speech waveform
into a sequence of linear-scale or mel-scale spectrograms
using short-time Fourier transformation (STFT) (Wang
et al. 2017; Shen et al. 2018). 2) Modality transformation
such as grapheme-to-phoneme conversion. For example,
we can convert a text/character/grapheme sequence into a
phoneme sequence using the grapheme-to-phoneme con-
version model (Sun et al. 2019). 3) Data analysis. For ex-
ample, we can extract music templates (chord, rhythm,
etc) from a melody sequence using some music analy-
sis tools to get the abstraction of the music (Ju et al.
2021) or extract the 3D face parameters from a face im-
age (Ling et al. 2022) using a 3D face model (Blanz and
Vetter 1999). 4) Downsampling. For example, we can sim-
ply down-sample an image from 256 ∗ 256 resolution to
64∗64 or a speech sequence from 48kHz sampling rate to
24kHz. These transformation methods are usually built on
well-established methods or tools, and the Y ′ transformed
from Y is usually in an explicit data format.

• Implicit transformation. Different from explicit transfor-
mation that converts Y into Y ′ with explicit data for-
mat using some well-built rules, algorithms, or mod-
els, end-to-end learning achieves this by learning an in-
termediate and implicit representation through analysis-
by-synthesis pipeline or reconstruction. Some commonly
used models include auto-encoder (AE), denoising auto-
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X Y X X’ Y X Y X Y’ Y X X’ Y’Y Y

(a)

X Y X X’ Y X Y X Y’ Y X X’ Y’Y Y

(b)

X Y X X’ Y X Y X Y’ Y X X’ Y’Y Y

(c)

X Y X X’ Y X Y X Y’ Y X X’ Y’Y Y

(d)

X Y X X’ Y X Y X Y’ Y X X’ Y’Y Y

(e)
Figure (a): Presentation (X →). Figure (b): Representation (X → X ′ →). Figure (c): Generation (→ Y ). Fig-
ure (d): Regeneration (→ Y ′ → Y ). Figure (e): Representation + Regeneration (X → X ′ → Y ′ → Y ).

Paradigm Original Compact Self-Supervised Learning Easy Mapping

(b) Representation Learning X X ′ X → X ′ X ′ → Y
(d) Regeneration Learning Y Y ′ Y ′ → Y X → Y ′

(e) Combination X , Y X ′, Y ′ X → X ′, Y ′ → Y X ′ → Y ′

Figure 2: Comparison between regeneration learning and traditional representation learning on X → Y . The triangle, trapezoid,
and quadrangle in Figure (a)-(e) represent the information changes. Figure (a): Data understanding tasks, where X contains
more information than Y . Figure (b): Data understanding tasks with representation learning, where X ′ is a more compact
version of X . Figure (c): Data generation tasks, where Y contains more information than X . Figure (d): Data generation tasks
with regeneration learning, where Y ′ is a more compact version of Y . Figure (e): Data understanding/generation tasks with the
combination of representation and regeneration learning (e.g., sequence-to-sequence learning tasks such as speech to talking-
head video synthesis), where X ′ and Y ′ contain a comparable amount of information and are compact versions of X and
Y respectively (e.g., X ′ could be speech representations learned by self-supervised models, and Y ′ could be 3D coefficients
extracted by 3D face model in talking-head video synthesis).

encoder (DAE), variational auto-encoder (VAE) (Kingma
and Welling 2013), vector-quantized auto-encoder (VQ-
VAE) (van den Oord, Vinyals, and Kavukcuoglu 2017;
Razavi, van den Oord, and Vinyals 2019), etc. Beyond the
learned encoder that converts Y into Y ′, they can addi-
tionally learn a decoder to convert Y ′ back to Y , which
can be used in the third step of regeneration learning.

Generate Y ′ from Source X . The generation from X to
Y ′ can be approached by any machine learning method, sim-
ilar to those used to model X → Y (e.g., Autoregressive
Model, GAN, VAE, Flow, Diffusion). Since Y ′ is extracted
from Y satisfying the above three principles, the task of
X → Y ′ is easier than that of X → Y . For example, gener-
ating mel-spectrograms from text is much simpler than gen-
erating waveform in text-to-speech synthesis, generating 3D
face parameters from the speech is much simpler than gen-
erating face image in talking-head video synthesis, and gen-
erating representation sequence (latent code sequence) from
source condition is much simpler than generating pixel-level
images in the conditional image or video generation.

Generate Target Y from Y ′. Since we can easily extract
Y ′ from Y by tools or models without relying on any paired
training data (i.e., X and Y ), we can train a model to pre-
dict Y from Y ′ in a self-supervised way, where the paired
training data (Y ′, Y ) can be collected in large scale with-
out much cost. We can also conduct pre-training to enhance
the capability of Y ′ → Y by only using a large amount of
unpaired data Y . Note that when using auto-encoding meth-
ods to convert Y into Y ′, we can already get a decoder that
converts Y ′ to Y , without the need to train another model.

Infer Y from X via Y ′. We discuss how to combine the
two generation steps X → Y ′ and Y ′ → Y together to gen-

erate Y from X . Note that since X → Y mapping is one-
to-many, the prediction of Y from X is distribution-wise,
i.e., Y ∼ P (Y |X), instead of point-wise. Similarly, since
Y ′ is a compact version of Y that incurs information loss,
Y ′ → Y is also a one-to-many mapping and should also
be modeled in a distribution-wise way, i.e., Y ∼ P (Y |Y ′).
Furthermore, although the ill-posed mapping problem in
X → Y ′ is largely alleviated compared to that in X → Y ,
the X → Y ′ mapping is still one-to-many in general, and
thus should be modeled in a distribution-wise way too, i.e.,
Y ′ ∼ P (Y ′|X). On the other hand, Y → Y ′ is usually
point-wise since it is converted by a deterministic function.
But it can also be distribution-wise, such as using a VAE en-
coder to get the mean and variance of Y ′ from Y . However,
no matter whether Y → Y ′ is point-wise or distribution-
wise, X → Y ′ and Y ′ → Y should be distribution-wise.
We usually leverage deep generative models (e.g., autore-
gressive models, GANs, VAEs, normalizing flows, and de-
noising diffusion probabilistic models) to learn the condi-
tional distributions P (Y ′|X) and P (Y |Y ′). After that, given
a data sample X , we can first sample Y ′ from the conditional
distribution P (Y ′|X), and then given the sampled data Y ′,
we can further sample Y from the conditional distribution
P (Y |Y ′), i.e., Y ′ ∼ P (Y ′|X), Y ∼ P (Y |Y ′).

Connections to Other Methods
We list some methods that have connections to regeneration
learning, including the methods that are basic and extended
versions of regeneration learning, and that do not belong but
are related to regeneration learning, as shown in Table 1.

Regeneration vs. Representation Learning
Regeneration learning extends the concept of representation
learning to data generation, and thus it can be regarded as a
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Task X Y Y ′ Y → Y ′ & Y ′ → Y

Speech Synthesis Text Waveform Spectrogram / Code STFT & Vocoder / Codec
Speech Recognition Speech Character Phoneme G2P & P2G
Text Generation Text/Knowledge Text Template Text2Template & Template2Text
Lyric/Video to Melody Lyric/Video Melody Music Template Music Analysis & Generation
Talking-Head Synthesis Speech Video 3D Face Parameters 3D Face Analysis & Rendering
Image/Video/Sound Generation Class/Text Image/Video/Sound Latent Code Codec Extraction & Generation

Table 2: Typical data (text, speech, music, sound, image, and video) generation tasks that leverage regeneration learning.

special type of representation learning for data generation.
Furthermore, we can regard regeneration learning as a coun-
terpart of traditional representation learning, since 1) regen-
eration learning handles the abstraction (Y ′) of the target
data Y for data generation, while traditional representation
learning handles the abstraction (X ′) of source data X for
data understanding; 2) both the processes of Y ′ → Y in
regeneration learning and X → X ′ in traditional represen-
tation learning can be learned in a self-supervised way (e.g.,
pre-training); 3) both the mappings from X to Y ′ in regener-
ation learning and from X ′ to Y in traditional representation
learning are simpler than the direct mapping from X to Y .
Figure 2 shows the comparison between regeneration learn-
ing and traditional representation learning.

Applications of Regeneration Learning
A variety of tasks in conditional data generation (e.g.,
text generation, speech recognition, speech synthesis, mu-
sic composition, image generation, and video generation)
can benefit from this regeneration learning paradigm. We list
some typical generation tasks in Table 2.

Basically speaking, a conditional data generation task can
leverage regeneration learning as long as they fit into some
situations:
• The target data is too high-dimensional and complex to

generate, or incurs too much computation cost, such as
waveform generation in text-to-speech synthesis (Shen
et al. 2018; Ren et al. 2019; Tan et al. 2021), and im-
age/video/sound generation (Ramesh et al. 2021; Ding
et al. 2021; Yan et al. 2021; Rakhimov et al. 2020; Rom-
bach et al. 2022; Kreuk et al. 2022). In this case, convert-
ing target data Y into more compact Y ′ will greatly reduce
the computation cost and free the model to focus more on
how to generate high-level abstractive or semantic infor-
mation of target data, but not on the minor details.

• The source data X and target data Y have too much un-
correlated information (i.e., X ∩ Y ≪ X ∪ Y ), such
as lyric/video and melody in conditional melody gener-
ation (Ju et al. 2021; Wu et al. 2020; Dai et al. 2021; Zou
et al. 2021; Di et al. 2021), speech and face images in
talking-head video synthesis (Thies et al. 2020; Ji et al.
2021; Yi et al. 2020; Lahiri et al. 2021; Song et al. 2021;
Ling et al. 2022). Directly learning the mapping between
X and Y would lead to overfitting. Thus, converting Y
into more compact Y ′ will make the mapping between X
and Y ′ less ill-posed and ease the model learning.

• There lack of paired X and Y , and thus regeneration learn-
ing can be leveraged to train Y ′ → Y with large-scale

self-supervised learning based on only target data Y .

Opportunities on Regeneration Learning
We discuss some research opportunities to make regenera-
tion learning more powerful to solve a variety of data gen-
eration tasks, mainly from three perspectives: 1) how to get
Y ′; 2) how to learn the mapping X → Y ′ and Y ′ → Y ; 3)
how to reduce the training-inference mismatch in regenera-
tion learning pipeline.

How to Get Y ′

How to find an appropriate Y ′ is important for X → Y ′

and Y ′ → Y mapping. For example, in text-to-speech syn-
thesis, mel-spectrograms and mel-frequency cepstral coef-
ficients (MFCCs) are both possible Y ′ for target waveform
Y . However, mel-spectrograms are demonstrated to be much
better than MFCCs, since MFCCs are too abstractive that
lose a lot of fine-grained information, thus making it diffi-
cult to reconstruct Y from Y ′. In the following, we list sev-
eral possible research points to get a better Y ′.

Better Implicit Learning. Beyond using some hand-
crafted rules or well-developed tools to find Y ′, we can
automatically learn Y ′ from Y . The typical methods are
based on an analysis-by-synthesis pipeline, e.g., variational
auto-encoder (VAE) (Kingma and Welling 2013) and vector-
quantized variational auto-encoder (VQ-VAE) (van den
Oord, Vinyals, and Kavukcuoglu 2017). For example, in
text-to-speech synthesis (Cong et al. 2021; Tan et al. 2022;
Liu et al. 2022), NaturalSpeech (Tan et al. 2022) lever-
ages VAE and DelightfulTTS 2 (Liu et al. 2022) lever-
ages VQ-VAE to learn intermediate representations Y ′ from
speech waveform Y and reconstruct Y from Y ′. The mo-
tivation is that the commonly-used intermediate represen-
tations (e.g., mel-spectrograms) are extracted by SFTF al-
gorithms that may not be optimal, while those learned by
VAE could be better representations of waveform and ease
the generation process. In the image and video domain, VQ-
VAE (van den Oord, Vinyals, and Kavukcuoglu 2017) is
widely used to learn discrete visual tokens to represent im-
ages and videos. However, some other works try to fur-
ther improve the discrete token extraction of VQ-VAE by
introducing hierarchical learning (e.g., VQ-VAE-2 (Razavi,
van den Oord, and Vinyals 2019)), adding adversarial loss
(e.g., VQ-GAN (Esser, Rombach, and Ommer 2021)) and
perceptual loss (e.g., PECO (Dong et al. 2021)), residual
quantizers (Gray 1984; Zeghidour et al. 2021; Défossez et al.
2022), or leverage diffusion models to learn the hidden rep-
resentation (Preechakul et al. 2022).
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• RQ1: How to design better analysis-by-synthesis methods
(beyond VAE, VQ-VAE, DiffusionAE, etc.) to learn Y ′?

• RQ2: How to design better learning paradigms other than
analysis-by-synthesis to learn Y ′?

Learning Y ′ by Considering X . An intuition is that the
abstractive representation Y ′ should not only depends on Y ,
but also be correlated to X in order to facilitate the predic-
tion of Y ′ from X . Besides, there is a trade-off on the dif-
ficulties between X → Y ′ and Y ′ → Y , since considering
more X when learning Y ′ will ease the learning of X → Y ′

while making the learning of Y ′ → Y harder. We should
make a good trade-off to get better overall performance.

• RQ3: How to leverage unpaired data Y and/or paired data
(X,Y ) to learn Y ′?

• RQ4: How to better trade off the difficulty between X →
Y ′ and Y ′ → Y mappings when learning Y ′?

Semantic and Perceptual Disentanglement. Generally
speaking, X → Y ′ cares more about semantic mapping/-
conversion from source to target, while Y ′ → Y cares more
about rendering perceptual details to obtain the target Y .
For example, in text-to-image synthesis, X → Y ′ converts
source text into discrete visual tokens that describe the se-
mantic meanings of the target image, and Y ′ → Y renders
the image details from visual tokens. How to design a learn-
ing mechanism to better disentangle the semantic meaning
and perceptual details and let Y ′ focus on semantic meaning
will be a good research opportunity.
• RQ5: How to disentangle semantic meaning and percep-

tual details to learn a semantic instead of detailed Y ′?

Discrete vs. Continuous Y ′. Both discrete and continuous
Y ′ can be leveraged to bridge the mapping between X and
Y . For example, using similar VQ-VAE to quantize speech
waveforms, DelightfulTTS 2 (Liu et al. 2022) leverages con-
tinuous vectors as Y ′ while DiscreTalk (Hayashi and Watan-
abe 2020) leverages discrete tokens as Y ′. Which kinds of
representations (discrete vs continuous) are better choices
for Y ′ is also an interesting point to investigate.
• RQ6: How to determine the discrete or continuous format

of Y ′ for each data generation task?

How to Learn X → Y ′ and Y ′ → Y

Regeneration learning decomposes a conditional data gener-
ation task X → Y into data conversion and data rendering
processes. The data conversion process converts source data
X into the target domain, which maintains the concrete se-
mantics but does not necessarily contain fine-grained details.
The data rendering process further renders the fine-grained
details of the target data to achieve high-quality data gener-
ation. Roughly speaking, X → Y ′ undertakes more on the
role of data conversion, while Y ′ → Y undertakes more on
the role of data rendering.

How to design better training methods on X → Y ′

and Y ′ → Y would be important for the final perfor-
mance of X → Y mapping in regeneration learning.
Advanced generative models such as autoregressive mod-
els (Oord et al. 2016; Brown et al. 2020), VAEs (Kingma

and Welling 2013), GANs (Goodfellow et al. 2014), nor-
malizing flows (Dinh, Krueger, and Bengio 2014; Rezende
and Mohamed 2015), and diffusion models (Sohl-Dickstein
et al. 2015; Ho, Jain, and Abbeel 2020) can play an impor-
tant role. Furthermore, considering Y ′ → Y mapping can
usually be learned through large-scale self-supervised meth-
ods, we should leverage more unpaired data when learning
Y ′ → Y .
• RQ7: How to design better generative models to learn
X → Y ′ and Y ′ → Y mapping?

• RQ8: How to leverage the assumption of semantic con-
version in X → Y ′ and detail rendering in Y ′ → Y to
design better methods?

• RQ9: How to leverage large-scale self-supervised learn-
ing for Y ′ → Y mapping?

How to Reduce Training-Inference Mismatch in
X → Y ′ → Y
The model of Y ′ → Y is trained in a self-supervised way,
where Y ′ is extracted from Y in training. However, Y ′ is
predicted from X in inference, which causes the training-
inference mismatch. How to reduce the mismatch is im-
portant to ensure the performance of this cascaded system
(X → Y ′ and Y ′ → Y ). A straightforward way is to design
an end-to-end optimization method between X → Y ′ and
Y ′ → Y , but still maintain Y ′ as an intermediate representa-
tion. For example, NaturalSpeech (Tan et al. 2022) leverages
VAEs and normalizing flows with bidirectional prior/pos-
terior optimization to achieve end-to-end learning. Can we
design other methods to reduce the training-inference mis-
match in regeneration learning?
• RQ10: How to reduce the training-inference mismatch in

regeneration learning?

Conclusion
In this paper, we present a learning paradigm called regener-
ation learning for data generation tasks. Literally, it means
generating the data two times: first generates an interme-
diate representation Y ′ from source data X , and then gen-
erates a target data Y from Y ′. Metaphorically, it means
generating Y ′ as intermediate representations to signify Y ,
in analogy to representation learning. Regeneration learning
can be regarded as a counterpart of traditional representa-
tion learning: regeneration learning handles the abstraction
(Y ′) of the target data Y for data generation while repre-
sentation learning handles the abstraction (X ′) of source
data X for data understanding, and both the processes of
Y ′ → Y in regeneration learning and X → X ′ in represen-
tation learning can be learned in a self-supervised way (it is
also a counterpart in literally: presentation→representation
vs. generation→regeneration). We discuss the connections
of regeneration learning to other methods, demonstrate a va-
riety of data generation tasks that can benefit from regener-
ation learning, and further point out some research oppor-
tunities on regeneration learning. Regeneration learning can
be a widely used paradigm for high-quality data generation
and can provide valuable insights into developing data gen-
eration methods.
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