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Abstract

The recently introduced introspective variational au-

toencoder (IntroVAE) exhibits outstanding image genera-

tions, and allows for amortized inference using an image

encoder. The main idea in IntroVAE is to train a VAE ad-

versarially, using the VAE encoder to discriminate between

generated and real data samples. However, the original In-

troVAE loss function relied on a particular hinge-loss for-

mulation that is very hard to stabilize in practice, and its

theoretical convergence analysis ignored important terms in

the loss. In this work, we take a step towards better under-

standing of the IntroVAE model, its practical implementa-

tion, and its applications. We propose the Soft-IntroVAE, a

modified IntroVAE that replaces the hinge-loss terms with a

smooth exponential loss on generated samples. This change

significantly improves training stability, and also enables

theoretical analysis of the complete algorithm. Interest-

ingly, we show that the IntroVAE converges to a distribution

that minimizes a sum of KL distance from the data distribu-

tion and an entropy term. We discuss the implications of

this result, and demonstrate that it induces competitive im-

age generation and reconstruction. Finally, we describe an

application of Soft-IntroVAE to unsupervised image trans-

lation, and demonstrate compelling results. Code and ad-

ditional information is available on the project website -

taldatech.github.io/soft-intro-vae-web.

1. Introduction

Two popular approaches for learning deep gener-

ative models are generative adversarial training (e.g.,

GANs [14]), and variational inference (e.g., VAEs [33]).

VAEs are known to have a stable training procedure, display

resilience to mode collapse, and enable amortized infer-

ence. Moreover, the VAE’s inference module makes them

prominent in many domains, such as learning disentangled

representations [2] and reinforcement learning [17]. GANs,

on the other hand, lack an inference module, but are capa-

ble of generating images of higher quality and are popular

in computer vision applications, but can suffer from training

instability and low sampling diversity [41, 34].

Narrowing the gap between VAEs and GANs has been

the aim of many works, in an attempt to combine the best of

both worlds: building a stable and easy to train generative

model that allows efficient amortized inference and high-

quality sampling [36, 11, 40, 58, 44]. While progress has

been made, the search for better generative models is an

active research field.

Recently, Huang et al. [25] proposed IntroVAE – a VAE

that is trained adversarially, and demonstrated outstanding

image generation results. A key idea in IntroVAE is intro-

spective discrimination – instead of training a separate dis-

criminator network to discriminate between real and gener-

ated samples, as in a GAN, the output of the encoder acts

as the discriminatory signal, based on the Kullback-Leibler

divergence between the approximate posterior of a sample

and the prior latent distribution. Intuitively, this signal can

be understood as making the generated samples less likely,

as their posterior is more distant from the prior.

Importantly, IntroVAE uses a hard margin, m, as a

threshold on the KL divergence for which above it a ‘fake’

sample no longer affects the loss function. This approach

leads to difficult training in practice – the optimization is

very sensitive to the values of m, and extensive tuning is

required to find a good, stable, margin. Theoretically, [25]

proved that IntroVAE converges to the data distribution, but

their analysis ignored several terms in the loss function that

are important for correct operation of the algorithm.

We aim to provide a better understanding of the intro-

spective training paradigm and improve its stability. To

that end, we introduce Soft-IntroVAE (S-IntroVAE) – an

introspective VAE that utilizes the evidence lower bound

(ELBO) as the discriminatory signal, and replaces the hard

margin with a soft threshold function, making it more sta-

ble to optimize. This new formulation allows us to analyze

the convergence properties of the complete algorithm, and

provide new insights into introspective VAEs.
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(a) FFHQ dataset – samples from S-IntroVAE (FID: 17.55). (b) FFHQ – reconstructions.

Figure 1: Generated samples (left) and reconstructions (right) of test data (left: real, right: reconstruction) from a style-based

S-IntroVAE trained on FFHQ at 256x256 resolution.

Interestingly, our theoretical analysis shows that, in con-

trast to the original IntroVAE, the S-IntroVAE encoder con-

verges to the true posterior, thus maintaining the inference

capabilities of the VAE framework. Our analysis also re-

veals that the S-IntroVAE model converges to a generative

distribution that minimizes a sum of KL divergence from

the data distribution and an entropy term, in contrast to

GANs, where the distribution of the generator converges to

the data distribution. We further analyze the consequences

of this result and its practical implications, and show that the

model produces high-quality generations from a distribu-

tion with a sharp support. In practice, S-IntroVAE is much

more stable than IntroVAE, as it does not involve the sen-

sitive threshold parameter, and we rigorously validate this

claim in experiments, ranging from inference on 2D distri-

butions to high-quality image generation.

Finally, we demonstrate a practical application of our

model to the task of unsupervised image translation. We

exploit the fact that S-IntroVAE has both good generation

quality and strong inference capabilities, and combine it

with an encoder-decoder architecture that induces disentan-

glement. Inductive bias of this sort is required for unsuper-

vised learning of disentangled representations [38], and our

results show that using this architecture, S-IntroVAE is in-

deed capable of successfully transferring content between

two images without any supervision.

Our contribution is summed as follows: (1) We propose

Soft-IntroVAE, a modification of the original IntroVAE that

that utilizes the evidence lower bound (ELBO) as a discrim-

inatory signal, and does not require a hard-margin thresh-

old; (2) We provide a deeper theoretical understanding of

introspective VAEs; (3) We validate that training our model

is significantly more robust than training the original In-

troVAE; (4) We show that our method is capable of high-

quality image synthesis; (5) We demonstrate a practical ap-

plication of our model to unsupervised image translation.

2. Related Work

Studies on enhancing VAEs can be divided to meth-

ods that either improve the network’s architecture [54, 49],

incorporate stronger priors [52, 45, 27], add regulariza-

tion [13, 55], or incorporate adversarial objectives [25, 40,

18, 44, 22, 11, 36]. Our work belongs to the latter group.

Adversarial Autoencoders [40] add an adversarial loss on

the latent code using a discriminator in addition to the typ-

ical encoder/decoder training. VAE/GAN chains VAEs and

GANs by adding a discriminator on top of the decoder [36].

BiGAN [10] and ALI [11] simulate autoencoding by train-

ing with adversarial objectives in both the latent and data

spaces. VEEGAN [50] introduces an additional ’recon-

structor’ network that is trained to map the real data to

a Gaussian and to approximately invert the generator net-

work. Recently, [44] proposed ALAE, a latent adversar-

ial autoencoding method that adds a style-based encoder to

the generator of StyleGAN [30]. AGE [53], IAN [5], PIO-

NEER [21], B-PIONEER [22], and IntroVAE [25] propose

an introspective training of VAEs, and the latter is the cur-

rent state of the art in image generation. While the idea of

introspective training is shared between the aforementioned

methods, the difference is summed as follows: in AGE, the

adversarial game between the encoder and generator is per-

formed in the latent space (minimizing and maximizing di-

vergences). In addition, the encoder minimizes the recon-

struction error in data-space (e.g. pixel-space), while the

generator minimizes the reconstruction error in the latent-

space. PIONEER’s objective is similar to AGE’s but uses

the cosine distance applied to reconstructions in the latent

space. In IntroVAE, as in the previous methods, the en-

coder also maximizes divergence of the generated data la-

tent representation, but uses a hard-margin over it, and both

encoder and decoder minimize the reconstruction error in

data-space. Our focus is IntroVAE, as it is state-of-the-art

in image synthesis. We provide a deeper theoretical analysis
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Autoencoding method (a) Data (b) Latent (c) Reciprocity

Distribution Distribution Space

VAE [33] similarity imposed/divergence data

AAE [40] similarity imposed/adversarial data

VAE/GAN [36] similarity imposed/divergence data

VampPrior [52] similarity learned/divergence data

BiGAN [10] adversarial imposed/adversarial adversarial

ALI [11] adversarial imposed/adversarial adversarial

VEEGAN [50] adversarial imposed/divergence latent

AGE [53] adversarial imposed/adversarial latent

PIONEER [21] adversarial imposed/adversarial latent

IntroVAE [25] adversarial imposed/adversarial data

ALAE [44] adversarial learned/divergence latent

Soft-IntroVAE (ours) adversarial imposed/adversarial data

Table 1: Comparison between AE methods based on criteria

used: (a) for matching the real to the synthetic data distri-

bution; (b) for setting/learning the latent distribution; (c) for

which space reciprocity is achieved.

of the introspective training and propose a stable algorithm

that is capable of high-quality image generation.

Table 1, originally devised by [44], compares between

different autoencoding methods based on the following

properties: (a) how does the model learn the distribution

of the data (i.e., by similarity to the original data or in an

adversarial manner)?; (b) does the model impose a distribu-

tion type on the latent space (e.g., a Gaussian) or is the latent

space prior learned? and (c) is the autoencoding reconstruc-

tion error measured (termed reciprocity) with respect to the

data or the latent space? Soft-IntroVAE is a modification of

IntroVAE, and shares similar high-level characteristics, as

shown in the table.

3. Background

We formulate our problem under the variational infer-

ence (VI) setting [33]. Given some data x ∼ pdata(x),
where pdata denotes the data distribution, one aims to

fit the parameters θ of a latent variable model pθ(x) =
Ep(z) [pθ(x|z)], where the prior p(z) is given, and pθ(x|z)
is learned. For general models, a typical objective is the

maximum-likelihood maxθ log pθ(x), which is intractable,

and can be approximated using VI methods.

Evidence lower bound (ELBO) For some model defined

by pθ(x|z) and p(z), let pθ(z|x) denote the posterior dis-

tribution that the model induces on the latent variable. The

evidence lower bound (ELBO) states that for any approxi-

mate posterior distribution q(z|x):

log pθ(x) ≥ Eq(z|x) [log pθ(x|z)]−KL(q(z|x)‖p(z))
.
= ELBO(x), (1)

where the Kullback-Leibler (KL) divergence is

KL(q(z|x)‖p(z)) = Eq(z|x)

[

log q(z|x)
p(z)

]

. In the vari-

ational autoencoder (VAE, [33]), the approximate posterior

is represented as qφ(z|x) = N (µφ(x),Σφ(x)) for

some neural network with parameters φ, the prior is

p(z) = N (µ0,Σ0), and the ELBO can be maximized using

the reparameterization trick. Since the resulting model re-

sembles an autoencoder, the approximate posterior qφ(z|x)
is also known as the encoder, while pθ(x|z) is termed the

decoder. Typically, pθ(x|z) is modelled as a Gaussian

distribution, and in this case log pθ(x|z) is equivalent to

the mean-squared error (MSE) between x and the mean

of pθ(x|z). In the following, the term reconstruction error

refers to log pθ(x|z).

Introspective VAE (IntroVAE) The Introspective VAE
adds an adversarial objective to the VAE training, where the
intuition, following [25], is that since the VAE maximizes
a lower bound of the data likelihood, there is no guaran-
tee that points outside the support of pdata will not be as-
signed high likelihood. In [25], the KL term in the ELBO is
seen as an ‘energy’ of a sample. Inspired by energy-based
GANs (EBGAN, [58]), the encoder is encouraged to clas-
sify between the generated and real samples by minimizing
the KL of latent distribution of real samples and the prior,
and maximizing the KL of generated ones. The decoder, on
the other hand, is trained to reconstruct real data samples
using the standard ELBO, and to minimize the KL of gen-
erated samples that go through the encoder. Consider a real
sample x and a generated one Dθ(z) ∼ pθ(x|z), and let
KL(Eφ(Dθ(z))) = KL(qφ(·|Dθ(z))‖p(·)) denote the KL
of the generated sample that goes through the encoder. The
adversarial objective, which is to be maximized, for x and z
is given by:

LEφ
(x, z) = ELBO(x)− [m−KL(Eφ(Dθ(z)))]

+
,

LDθ
(x, z) = ELBO(x)−KL(Eφ(Dθ(z))),

(2)

where LEφ
is the objective function for the encoder, LDθ

is

the objective function for the decoder, and [·]+ = max(0, ·).
The hard threshold m in LEφ

limits the KL of generated

samples in the objective, and is crucial for the analysis and

practical implementation of IntroVAE. The encoder and de-

coder are trained simultaneously using stochastic gradient

descent (SGD) on mini-batches of x and z.
The theoretical properties of IntroVAE were studied

in [25] under a simplified objective that ignores the recon-
struction terms in the ELBO, and omits the decoder loss for
real samples, as given by:

LEφ
(x, z) = −KL(Eφ(x))− [m−KL(Eφ(Dθ(z)))]

+
,

LDθ
(z) = −KL(Eφ(Dθ(z))).

(3)

For this objective, [25] showed that a Nash equilibrium is

obtained when the distribution p(x) = Ez[pθ(x|z)] is ex-

actly pdata(x), showing the soundness of the model in terms

of sample generation. However, the EBGAN-based analysis

did not make claims about the inference capabilities of the

model, and in particular, it is possible that at the Nash equi-

librium the encoder distribution qφ(z|x) is different from

the true posterior pθ(z|x).
1

1The theoretical results in [25], as the results in our work, are proved
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4. Soft-IntroVAE

In this section, we propose a new introspective VAE

model, termed Soft-IntroVAE, that mitigates two shortcom-

ings of IntroVAE – the training instability due to the hard

threshold function (cf. Eq. 2), and the difficulty in analysing

the full optimization objective (cf. Eq. 3).
Recall that pdata(x) denotes the data distribution and

p(z) represents some prior distribution over latent variables
z. The objective functions for the encoder, Eφ, and the de-
coder, Dθ, for samples x and z in our model are given by:

LEφ
(x, z) = ELBO(x)−

1

α
exp(αELBO(Dθ(z))),

LDθ
(x, z) = ELBO(x) + γELBO(Dθ(z)),

(4)

where ELBO(x) is defined in equation 1, ELBO(Dθ(z))
is defined similarly but with Dθ(z) ∼ pθ(x|z) replacing x
in Eq. 1, and α ≥ 0 and γ ≥ 0 are hyper-parameters. Note

that Eq. 4 portrays a game between the encoder and the

decoder: the encoder is induced to distinguish, through the

ELBO value, between real samples (high ELBO) and gen-

erated samples (low ELBO), while the decoder is induced

to generate samples the ‘fool’ the encoder. The complete

Soft-IntroVAE objective takes an expectation of the losses

above over real and generated samples:

LEφ
= Ex∼pdata,z∼p(z)

[

LEφ
(x, z)

]

,

LDθ
= Ex∼pdata,z∼p(z) [LDθ

(x, z)] .
(5)

For a Gaussian posterior, these losses can be optimized ef-

fectively by SGD using the reparametrization trick [33].

There are two key differences between S-IntroVAE and

IntroVAE. The first is that we utilize the complete ELBO

term instead of just the KL, which will allow us to provide

a complete variational inference-based analysis. The sec-

ond difference is replacing the hard threshold in Eq. 2 with

a soft exponential function over the ELBO, henceforth de-

noted expELBO. The effect of both of these functions is sim-

ilar – they induce a separation between the posterior distri-

butions over latent variables of real samples and generated

ones. However, as we report in the sequel, the soft threshold

in Eq. 4 is much easier to optimize, and results in improved

training stability.

At this point, the reader may question what minimizing

the ELBO for generated samples (through the expELBO in

Eq. 4) means, as minimizing a lower bound on the log-

likelihood does not imply that the likelihood of generated

samples decreases [7]. In addition, for a decoder that pro-

duces near-perfect generated samples, it may seem that the

expELBO term seeks to reduce sample quality. In the fol-

lowing, we answer these questions by analyzing the equi-

librium of Eq. 5.

under the non-parametric setting. We nevertheless use the parametric set-

ting notation to avoid introducing additional notation, and understand from

the context that θ and φ do not carry meaning in the non-parametric setting.

4.1. Analysis

In this section we analyze the Nash equilibrium of the

game in Eq. 5. We consider a non-parametric setting,

where the encoder and decoder can represent any distribu-

tion. This is a typical setting for analyzing adversarial gen-

erative models [14, 25]. For simplicity, we focus on discrete

distributions, but our analysis easily extends to the contin-

uous case. Also, to ease the presentation, we focus on the

case α = 1. The analysis for general α provides similar in-

sights and is provided in Appendix 9.6 with detailed proofs.

We introduce the following notation. The encoder is

represented by the approximate posterior distribution q
.
=

q(z|x). The decoder is represented using d
.
= pd(x|z).

These are the controllable distributions in our generative

model. The latent prior is denoted p(z) and is not con-

trolled. Slightly abusing notation, we also denote pd(x) =
Ep(z)[pd(x|z)] as the distribution of generated samples. For

some distribution p(x), let H(p) = −E [log p(x)] denote its

Shannon entropy.

We define d∗ as follows:

d∗ ∈ argmin
d

{KL(pdata‖pd) + γH(pd(x))} . (6)

Note that for γ = 0, we have that pd∗ = pdata. For γ >
0, however, pd∗ represents a balance between closeness to

pdata and low entropy. We make the following assumption.

Assumption 1. For all x such that pdata(x) > 0 we have

that pd∗(x) ≤
√

pdata(x).

Assumption 1 can be seen as a condition of the closeness

between pd∗ and pdata, and essentially requires that the ef-

fect of the entropy minimization term in Eq. 6 is limited.

Intuitively, if γ is small enough, we should always be able

to satisfy Assumption 1, as established in the next result.

Proposition 2. For any pdata, there exists γ > 0 such that

pd∗ , as defined in equation 6, satisfies Assumption 1.

We are now ready to state our main result – that pd∗ is an

equilibrium point of the S-IntroVAE model.

Theorem 3. Let d∗ be defined as in equation 6. Denote

q∗ = pd∗(z|x). If Assumption 1 holds, then (q∗, d∗) is a

Nash equilibrium of equation 5.

Interestingly, Theorem 3 shows that the S-IntroVAE

model does not converge to the data distribution, but to an

entropy-regularized version of it. One should question the

effect of such regularization, in light of the typical goal of

generating samples that are similar to the data distribution.

The experiments in Section 6, on various 2-dimensional

datasets, illustrate that S-IntroVAE learns distributions with

sharper supports than a standard VAE, but without negative

effects such as mode dropping. Our image experiments fur-

ther support this statement.
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We now contrast our analysis with the analysis of [25].

First, we note that ignoring the reconstruction terms in the

analysis, as done by [25], leads to significantly different in-

sights. For example, if one removes the ELBO(x) term

from LDθ
, our analysis shows that the model will effec-

tively only minimize H(pd(x)), without any dependence

on pdata (see Appendix 9.6 for more details). Indeed,

the empirical results in [25] were only obtained with the

ELBO(x) term in LDθ
. Furthermore, our analysis, as de-

tailed in the appendix, does not build on representing our

model as a particular instance of the EBGAN, but explic-

itly builds on the variational properties of the ELBO. In this

sense, our results more closely tie between variational in-

ference principles and adversarial generative models.

It is important to note that at equilibrium, the encoder

converges to the true posterior q∗ = pd∗(z|x). Thus, the ex-

ponential penalty in LE does not harm the inference prop-

erties of the encoder. This important conclusion does not

appear in the analysis of [25].

We finally remark on the parameter γ. While the analysis

makes a strict assumption on γ, as evident in Assumption 1

and Proposition 2, in all our experiments we set γ = 1.

Thus, it seems that in practice the requirements for obtain-

ing decent results are much less stringent.

5. Implementation

In this section, we outline several implementation mod-

ifications of the S-IntroVAE algorithm that proved help-

ful in practice. Pseudo-code of our algorithm is de-

picted in Algorithm 1, and a more detailed version can

be found in Appendix 9.1. In all our experiments, we

set α = 2 (other values, such as α = 1, work simi-

larly) and γ = 1 (cf. equation 4). Moreover, for the

ELBO terms, we use the β-VAE [23] formulation and

rewrite it as: ELBO(x) = βrecEqφ(z|x) [log pθ(x | z)] −
βklKL [qφ(z | x) || p(z)]. The hyperparameters βrec and

βkl control the balance between inference and sampling

quality respectively.2 When βrec > βkl, the optimiza-

tion is focused on good reconstructions, which may lead to

less variability in the generated samples, as latent posteriors

are allowed to be very different from the prior, and when

βrec < βkl, there will be more varied samples, but recon-

struction quality will degrade. Note that when βrec ≪ βkl,

the VAE is prone to posterior collapse, and we further dis-

cuss this issue in Appendix 9.5. For most cases, we found

that values between 0.05 and 1 for βrec and βkl work well,

and the best configuration depends on the architecture and

data set, as we detail in Section 6.

Each ELBO term in equation 4 can be considered as an

instance of β-VAE and can have different βrec and βkl pa-

2In principle, only the ratio between βrec and βkl affects the loss func-

tion. However, we found it easier to work with two parameters, as the

balance between ELBO and expELBO is affected by both parameters.

rameters. However, we set them all to be the same, ex-

cept for the ELBO inside the exponent. For this term, βkl

controls the repulsion force of the posterior for generated

samples from the prior. We found that good results are ob-

tained when βkl is set to be on the order of magnitude of

zdim (e.g., for zdim = 128, βkl should be set to values

around 128). In Algorithm 1, this specific parameter is de-

noted as βneg . Moreover, notice that the decoder tries to

minimize the reconstruction error for generated data, which

may slow down convergence, as at the beginning of the op-

timization the generated samples are of low quality. Thus,

we introduce hyperparameter γr (not to be confused with

γ from equation 4) that multiplies only the reconstruction

term of the generated data in the ELBO term of the decoder

in equation 4. In all our experiments we used a constant

γr = 1e − 8 independently of the data type. We remark

that setting γr to zero had a significant detrimental effect on

performance. Finally, we use a scaling constant s to balance

between the ELBO and the expELBO terms in the loss, and

we set s to be the inverse of the input dimensions. This

scaling constant prevents the expELBO from vanishing for

high-dimensional input. Our code is publicly available3.

6. Experiments

In this section, we detail our experiments with the fol-

lowing goals in mind: (1) Understanding the distribu-

tions that S-IntroVAE learns to generate; (2) Evaluating

the robustness and stability of S-IntroVAE compared to In-

troVAE; (3) Benchmarking S-IntroVAE on high-quality im-

age synthesis; and (4) Demonstrating a practical application

of S-IntroVAE to unsupervised image translation.

To answer (1) and (2), we investigate learning of 2D dis-

tributions, which are both easy to interpret, and enable a

quantitative evaluation of quality and robustness. For (3)

and (4), we experiment with standard image data sets.

6.1. 2D Toy Datasets

We evaluate our method on four 2D datasets: 8 Gaus-

sians, Spiral, Checkerboard and Rings [8, 16], and compare

with a standard VAE and IntroVAE.

We calculate 3 metrics to measure how well the meth-

ods learn the true data distribution: KL-divergence and

Jensen–Shannon-divergence (JSD), and a custom metric,

grid-normalized ELBO (gnELBO). The KL and JSD are

calculated using empirical histograms of samples gener-

ated from the trained models and samples generated from

the real data distribution. Thus, these metrics evaluate the

generation capabilities of the learned model. The grid-

normalized ELBO, on the other hand, treats the ELBO as

an energy term. We normalize the ELBO of the learned

model over a grid of points to produce a normalized energy

3github.com/taldatech/soft-intro-vae-pytorch
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Algorithm 1 Training Soft-IntroVAE (pseudo-code)

Require: βrec, βkl, βneg, γr
1: φE , θD ← Initialize network parameters

2: s← 1/input dim ⊲ Scaling constant

3: while not converged do

4: X ← Random mini-batch from dataset

5: Z ← E(X) ⊲ Encode

6: Zf ← Samples from prior N(0, I)
7: procedure UPDATEENCODER(φE)

8: Xr ← D(Z), Xf ← D(Zf ) ⊲ Decode

9: Zff ← E(Xf )
10: Xff ← D(Zff )
11: ELBO← s · ELBO(βrec, βkl, X,Xr, Z)
12: ELBOf ← ELBO(βrec, βneg, Xf , Xff , Zff )
13: expELBOf ← 0.5 exp(2s · ELBOf )
14: LE ← ELBO− expELBOf ⊲ Eq. 4

15: φE ← φE + η∇φE
(LE) ⊲ Adam update

16: end procedure

17: procedure UPDATEDECODER(θD)

18: Xr ← D(Z), Xf ← D(Zf ) ⊲ Decode

19: Zff ← E(Xf )
20: Xff ← sg(D(Zff )) ⊲ sg: stop-gradient

21: ELBO← βrecLrec(X,Xr)
22: ELBOf←ELBO(γr ·βrec, βkl, Xf , Xff , Zff )
23: LD ← s · (ELBO + ELBOf ) ⊲ Eq. 4

24: θD ← θD + η∇θD (LD) ⊲ Adam update

25: end procedure

26: end while

term ˆELBO, and we measure Ex∼pdata

[

− ˆELBO(x)
]

by

sampling from the data distribution. This metric is affected

by the encoder and thus effectively measures the inference

capabilities of the model – a good model should assign a

high ELBO for likely samples and a low ELBO for unlikely

ones. For all metrics, lower is better.

In Figure 2 we plot random samples from the mod-

els and a density estimation (for the rest of the datasets

see Appendix 9.4.1), obtained by approximating p(x) with

exp(ELBO). In order to tune the algorithms for each

dataset, we ran an extensive hyperparameter grid search of

81 runs for the standard VAE, 210 runs for S-IntroVAE, and

1260 runs for IntroVAE, due to the additional m parameter.

The architecture for all methods is a simple 3-layer fully-

connected network with 256 hidden units and ReLU activa-

tions, and the latent space dimension is 2. The complete set

of hyperparameters is provided in Appendix 9.2.1.

Results for the different evaluation metrics are shown in

Table 2. Evidently, Soft-IntroVAE outperforms IntroVAE

both quantitatively and qualitatively, and both are superior

to the standard VAE. Note that the standard VAE assigns

low energy (high likelihood) to points outside the data sup-

port, as pointed out in Section 3. The adversarial loss in the

(a) Samples from the trained models.

(b) Density estimation with the trained models.

Figure 2: Unsupervised learning of 2D datasets.

introspective models, on the other hand, prohibits the model

from generating such samples.

VAE IntroVAE Soft-IntroVAE

8 Gaussians

gnELBO 7.42± 0.07 1.29±0.76 1.25±0.35

KL 6.72±0.46 2.53±1.07 1.25±0.11

JSD 16.04±0.3 1.67±0.46 0.96±0.15

Spiral

gnELBO 6.19±0.06 5.87±0.03 5.21±0.04

KL 9.8±0.48 8.38±0.45 8.13±0.3

JSD 4.89±0.05 3.58±0.04 3.37±0.04

Checkerboard

gnELBO 8.53±0.1 8.54±0.11 4.47±0.29

KL 20.91±0.45 19.03±0.34 20.27±0.21

JSD 9.78±0.04 9.07±0.1 9.06±0.15

Rings

gnELBO 6.4±0.04 7.25±0.18 6.3±0.08

KL 13.16±0.55 10.21±0.49 9.18±0.33

JSD 7.26±0.07 4.24±0.11 4.13±0.09

Table 2: Results on 2D datasets. Grid-normalized ELBO is

in 1e−7 units. Results are averaged over 5 seeds.

6.2. Training Stability of SoftIntroVAE

In practice, we found that training the original IntroVAE

model was very difficult, and prone to instability. In fact,

we were not able to reproduce the results reported in [25]

on image datasets, even when using the authors’ published

code [1] or other implementations, and countless parameter

investigations. We suspect that the algorithm is very sensi-

tive to the choice of the m parameter: at some point during

training when the KL of generated samples is larger than

the threshold m, there is no more adversarial signal for the

encoder (as there are no gradients from the KL-divergence

of generated samples), while the decoder still tries to ‘fool’

the encoder. Finding the right m where both the encoder
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Figure 3: Stability investigation. KL divergence and JSD

metrics for IntroVAE (I-VAE in the plot) with respect to m
(see text for details). S-IntroVAE (S-VAE in the plot) does

not require the m parameter, and we plot its performance

with all other hyper-parameters the same as IntroVAE. Re-

sults are averaged over 5 seeds. Note that the constant lines

of the KL and JSD of S-VAE overlap.

and decoder can maintain the adversarial signal and reach

equilibrium is the key for IntroVAE success.

To demonstrate that the m hyperparameter in IntroVAE

plays an important role in the stability and convergence of

IntroVAE, we pick the best combination of hyperparame-

ters from the extensive search we performed for the exper-

iments in Section 6.1 on the 8-Gaussians 2D dataset, and

plot the KL and JSD (lower is better) for varying values of

m. For comparison, we plot the results of S-IntroVAE with

the same hyperparameters (without m) in Figure 3. Evi-

dently, IntroVAE is very sensitive to this hyperparameter,

while our method does not require it. We remark that for

different datasets, significantly different values of m were

required to obtain reasonable results. We found the soft ex-

pELBO term less sensitive, and we obtained good results on

a wide range of values as described in Section 5.

6.3. Image Generation

In this section, we evaluate Soft-IntroVAE on image syn-

thesis in terms of both inference (i.e., reconstruction) and

sampling (generation). To measure the quality and vari-

ability of the images, we report the Fréchet inception dis-

tance (FID) based on 50,000 generated images from the

model, and use the training samples as the reference im-

ages [29, 44]. Detailed hyperparameter settings and data

set details are provided in the supplementary material.

Architectures and Hyperparameters: We experi-

ment with two convolution-based architectures: (1) In-

troVAE’s [25] encoder-decoder architecture with residual-

based convolutional layers (see Figure 8a) and (2) ALAE’s

[44] style-based autoencoder architecture, which adopted

StyleGAN’s [30] style generator to a style-based encoder

(see Figure 8c). For the style-based architecture, we also

use progressive growing as in [28, 29, 44], where we start

from low-resolution 4×4 images and progressively increase

the resolution by smoothly blending in new blocks in the en-

CelebA-HQ FFHQ

PGGAN [28]) 8.03 -

BigGAN [4] - 11.48

U-Net GAN [47] - 7.48

GLOW [32] 68.93 -

Pioneer [21] 39.17 -

Balanced Pioneer [22] 25.25 -

StyleALAE [44] 19.21 -

SoftIntroVAE (Ours) 18.63 17.55

Table 3: Comparison of FID scores (lower is better) for

CelebA-HQ and FFHQ datasets at a resolution of 256x256.

Note the separation between GANs (top) and explicit den-

sity methods (bottom).

Figure 4: Interpolation in the latent space between two sam-

ples from a model trained on CelebA-HQ.

coder and decoder. The reconstruction loss is chosen to be

the pixel-wise mean square error (MSE). For more details,

see Appendix 9.2.2.

CIFAR-10 dataset: We evaluate both the class-

conditional and unconditional settings using the architec-

ture of the original IntroVAE [25]. For the unconditional

setting we report FID of 4.6 and qualitative samples and

reconstructions of unseen data are displayed in Figure 5.

Evidently, our model is able to generate and reconstruct

high-quality samples from the various classes of CIFAR-10.

For the class-conditional setting, we report FID of 4.07 and

qualitative samples can be found in Appendix 9.4.2 along

with more samples from the unconditional model.

CelebA-HQ and FFHQ datasets: For both datasets we

downscale the images to 256x256 resolution. We use the

style-based architecture with a latent and style dimension

of 512. Our model is capable of generating high-quality

samples and faithfully reconstructing unseen samples, as

demonstrated in Figure 1 and Figure 14 in the supplemen-

tary. We provide more samples in Appendix 9.4.2. Ta-

ble 3 quantitatively compares our method’s performance

to various GANs and explicit density methods. Evidently,

S-IntroVAE outperforms all previous autoencoding-based

models, further narrowing the gap to GANs.
Interpolation in the latent space: Figure 4 shows

smooth interpolation between the latent vectors of two im-

ages from S-IntroVAE trained on the CelebA-HQ dataset.

We provide additional interpolations in Appendix 9.4.3.

6.4. Image Translation

To demonstrate the advantage of our model’s inference

capability, we evaluate S-IntroVAE on image translation –
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(a) Generated samples (FID:

4.6).

(b) Reconstructions on test data:

Left: real, right: reconstruction.

Figure 5: Results for the CIFAR-10 dataset (unconditional).

learning disentangled representations for class and content,

and transferring content between classes (e.g., given two

images of cars from different visual classes, rotate the first

car to be in the angle of the second car, without altering the

car’s other visual properties). In a typical class-supervised

image translation setting, class labels are used to encourage

class-content separation. The current SOTA in this setting

is LORD [12]. Our focus here, however, is on the unsuper-

vised image translation setting, where no labels are used at

any point. A recent study [38] showed that unsupervised

learning of disentangled representations can only work by

exploiting some form of inductive bias. Here, we claim that

the encoder architecture in LORD effectively adds such a

strong inductive bias – we show that when coupled with our

training method, we can achieve unsupervised image trans-

lation results that come close to the supervised SOTA.

We adopt the two-encoder architecture proposed in

LORD, where one encoder is for the class and the other

for the content. LORD’s decoder uses adaptive Instance

Normalization [26] to align the mean and variance of the

content features with those of the class features, as de-

picted in Figure 8b. In our proposed architecture, the ELBO

is the sum of the reconstruction error and two KL terms:

KL [qφcontent
(z | x) || p(z)] + KL [qφclass

(z | x) || p(z)] .
The separation to two encoders imposes strong inductive

bias, as the model explicitly learns different representations

for the class and content. Following the implementation

in [12], we replace the pixel-wise MSE reconstruction loss

with the VGG perceptual loss [24].

We quantitatively evaluate our method on the Cars3D

dataset [46], where the class corresponds to the car model

and the content is the azimuth and elevation. We follow

[12] and measure content transfer in terms of perceptual

similarity by Learned Perceptual Image Patch Similarity

(LPIPS) [57]. Unlike previous methods that use some kind

of supervision signal (e.g., class label), our method does

not require such signals. As demonstrated qualitatively in

Figure 6a and quantitatively in Table 4, our method outper-

forms most of the supervised methods, and narrows the gap

to the SOTA supervised approach. We present additional

qualitative results on the KTH dataset [48] in Figure 6b.

Further details can be found in Appendix 9.3.

Interestingly, [12] showed that even with the architec-

(a) Cars3D (b) KTH

Figure 6: Qualitative results for content transfer on test data

from the Cars3D and KTH datasets. The 4 × 4 bottom-

right matrix of images is generated according to a class from

images in the left column and content of images in the top

row. It is recommended to zoom-in.

Szabó et al. [51] Supervised 0.137

ML-VAE [2] Supervised 0.132

Cycle-VAE [19] Supervised 0.141

DrNet [9] Supervised 0.095

LORD [12] Supervised 0.078

SoftIntroVAE (Ours) Unsupervised 0.084

Table 4: Content transfer reconstruction error (LPIPS,

lower is better) on the Cars3D dataset.

ture described above, a standard VAE struggles with learn-

ing disentangled representations due to vanishing of the

KL term (posterior collapse). Our study shows that when

trained using our introspective manner, the model is able to

overcome this issue, demonstrating an additional benefit of

the introspective approach.

7. Conclusion

Introspective VAEs narrow the gap between VAEs and

GANs in terms of sampling quality, while still enjoying

the favorable traits of variational inference models, such as

amortized inference. In this work, we proposed the Soft-

IntroVAE – a modification of IntroVAE that is stable to

train and simpler to analyze. Our investigation resulted in

new insights on introspective training, and our experiments

demonstrate competitive image generation results.

We see great potential in introspective models, as they

open the door for using high quality generative models in

applications that also require fast and high-quality infer-

ence.

8. Acknowledgements

This work is partly funded by the Israel Science Founda-

tion (ISF-759/19) and the Open Philanthropy Project Fund,

an advised fund of Silicon Valley Community Foundation.

4398



References

[1] https://github.com/hhb072/IntroVAE. 6

[2] Diane Bouchacourt, Ryota Tomioka, and Sebastian

Nowozin. Multi-level variational autoencoder: Learning

disentangled representations from grouped observations.

arXiv preprint arXiv:1705.08841, 2017. 1, 8

[3] Samuel R. Bowman, Luke Vilnis, Oriol Vinyals, Andrew

Dai, Rafal Jozefowicz, and Samy Bengio. Generating sen-

tences from a continuous space. Proceedings of The 20th

SIGNLL Conference on Computational Natural Language

Learning, 2016. 20

[4] Andrew Brock, Jeff Donahue, and Karen Simonyan. Large

scale gan training for high fidelity natural image synthesis.

arXiv preprint arXiv:1809.11096, 2018. 7

[5] Andrew Brock, Theodore Lim, James M Ritchie, and Nick

Weston. Neural photo editing with introspective adversarial

networks. arXiv preprint arXiv:1609.07093, 2016. 2
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