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Abstract. An emerging area of research aims to learn deep generative models
with limited training data. Implicit Maximum Likelihood Estimation (IMLE), a
recent technique, successfully addresses the mode collapse issue of GANs and has
been adapted to the few-shot setting, achieving state-of-the-art performance. How-
ever, current IMLE-based approaches encounter challenges due to inadequate cor-
respondence between the latent codes selected for training and those drawn dur-
ing inference. This results in suboptimal test-time performance. We theoretically
show a way to address this issue and propose RS-IMLE, a novel approach that
changes the prior distribution used for training. This leads to substantially higher
quality image generation compared to existing GAN and IMLE-based methods,
as validated by comprehensive experiments conducted on nine few-shot image
datasets.
Keywords: Few-shot · Image Synthesis · Implicit Maximum Likelihood Estima-
tion

1 Introduction

Recent years have witnessed significant advancements in image synthesis, driven by the
emergence of deep learning and the development of a broad variety of powerful genera-
tive models. Generative Adversarial Networks (GANs) [2,7,10,11,14], Variational Au-
toencoders (VAEs) [3,16,29,36], Diffusion Models [4,9], Score-based Models [34,35],
Normalizing Flows [5, 15, 17], and Autoregressive Models [6, 27, 28, 30] have demon-
strably improved the quality of synthesized images, often achieving photorealism. Quite
often, generative models often require large amounts of training data to achieve this high
fidelity. In numerous situations, obtaining large volumes of training data is impractical.
For instance, when we want to generate images of rare species of plants or images of
anatomical structures with rare diseases, access to abundant images may be limited. In
this paper, we aim to tackle the problem of high quality image synthesis using limited
training data.

In the few-shot setting, most of the leading methods to date are based on GANs [18,
23, 24, 32, 38]. Despite advances, these methods continue to be afflicted by mode col-
lapse, a well-known issue in GANs. Mode collapse occurs when the generator network
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Fig. 1: IMLE is an implicit generative model that maps a latent code sampled from a prior distri-
bution to an image output. In previous IMLE-based methods, both the training and testing phases
adopt a standard normal distribution as the prior distribution. However, this approach often results
in poor generalization during inference. To address this limitation, we introduce RS-IMLE, which
uses rejection sampling to alter the prior distribution used for training to a different distribution
P . This modification significantly enhances the quality of generated images during testing.

fails to capture the full training data distribution and instead produces a limited subset
of outputs. This phenomenon is especially problematic in scenarios where only a small
number of training examples are provided.

Implicit Maximum Likelihood Estimation (IMLE) [21] is an alternative to the GAN
objective and has shown promising results in addressing mode collapse. In contrast to
GANs, which aim to make each generated image resemble some training data, IMLE
instead ensures that each training image has some generated sample close to it, and
therefore cannot drop any of the modes present in the training data. Adaptive IMLE [1]
further extends IMLE to the few-shot image synthesis setting and achieves state-of-the-
art generated image quality and mode coverage.

However, in existing IMLE-based approaches, we observe that the latent codes used
during training and those sampled during testing have different distributions, even though
the same prior is used during training and inference. This phenomenon arises because
of how IMLE selects latent codes during training. Some regions of the latent space are
consistently rarely picked for training, despite having a high likelihood under the prior
distribution (often the standard Gaussian). This is illustrated in Fig. 2a. Consequently,
at test time, when latent codes drawn from the prior happen to fall in these regions,
they yield low-quality samples that are far from the real data points, as illustrated in
Fig. 1. We address this issue by carefully choosing a different prior so that the samples
selected for training have a distribution more similar to those sampled at inference. Our
method, which we call Rejection Sampling IMLE or RS-IMLE for short, demonstrably
improves coverage of the latent space used during training, thereby ensuring better align-
ment with the prior as shown in Fig. 2b. As a result, our method yields higher quality
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(a) Latent space of model trained by IMLE objective using
standard normal prior. Dots represent the points selected
by the model over the course of training, with dots of the
same colour belonging to the same data-point. The con-
tours of standard normal distribution have been shown for
comparison.

2 1 0 1 2
X

2

1

0

1

2

Y

0.05

0.10

0.15

0.20

0.25

0.30

0.35

(b) Latent space of model trained by RS-IMLE objective
using prior obtained via rejection sampling. Compared to
latent space of model trained by IMLE, our method over
the course of training, samples latent codes that follow the
distribution at test time more faithfully.

Fig. 2: Difference between the latent codes picked by IMLE and RS-IMLE over the course of
training.

samples during testing compared to existing GAN and IMLE-based methods. We sub-
stantiate this claim through theoretical analysis and extensive experiments conducted
on nine few-shot image datasets. We achieve an average of 45.9% decrease in FID [8]
across datasets compared to the best baseline.

2 Related Work

Training deep generative models with limited data remains a significant challenge. One
approach involves adapting a model pretrained on a large-scale auxiliary dataset from
similar domains [22,25,26,31,37,40]. However, the availability of such large-scale aux-
iliary datasets across all domains is not guaranteed. Therefore, another emerging line of
work focuses on training models from scratch. In this context, due to the scarcity of train-
ing data, diffusion models struggle to achieve high-quality generated images and have
been demonstrated to be ineffective [1]. As a result, previous works in this area predom-
inantly build on Generative Adversarial Networks (GANs) and design various methods
to address the well-known mode collapse issue. Techniques such as ADA [13] and Dif-
fAug [41] aim to expand training data using adaptive and differentiable augmentation
strategies. FastGAN [24] introduced a skip-layer excitation module for accelerated train-
ing and used self-supervision in the discriminator to enhance feature learning, thereby
improving mode coverage of the generator. FakeCLR [23] enhances image synthesis by
extensive data augmentation and applies contrastive learning solely on perturbed fake
samples. FreGAN [38] introduces a frequency-aware model with a self-supervised con-
straint to avoid generating arbitrary frequency signals. ReGAN [32] dynamically adjusts
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GANs’ architecture during training to explore diverse sub-network structures at differ-
ent training times. However, despite these advancements, some degree of mode collapse
persists.

In contrast, Implicit Maximum Likelihood Estimation (IMLE) [21] shows promising
results in addressing mode collapse through the use of an alternative objective function
compared to GANs. Building upon IMLE, Adaptive IMLE [1] adapts this approach to
the few-shot image synthesis scenario by introducing individual target thresholds for
each training data point. This dynamic adjustment of training progress accounts for
varying difficulties across different data points, thereby effectively leveraging the lim-
ited training data. In this work, we introduce a novel algorithm, orthogonal to Adaptive
IMLE, for sample selection during training.

3 Method

3.1 Background

In the context of unconditional image synthesis, the primary objective is to learn the
unconditional probability distribution of images p.x/. This distribution enables the gen-
eration of novel synthesized images through the sampling. Implicit generative models
are commonly employed for this task, with the generator in GANs serving as a notable
example. Generator in GANs are represented by a function T� : Z � X, implemented
as a neural network with parameters denoted as �. The function T� learns a transforma-
tion from the latent space Z to the image space X by using adversarial training, which
employs a discriminator that tries to distinguish between generated images T�.z/ and real
images x, while the generator tries to produce increasingly realistic images to deceive
the discriminator. However, this objective often leads to mode collapse, a well-known
issue of GANs, where the generated output T�.z/ only models a subset of the training
examples.

To address the issue of mode collapse, an alternative method Implicit Maximum
Likelihood Estimation (IMLE) [21] has been introduced. While IMLE, like GANs, uses
a generator, it differs from GANs by using an alternative objective that aims to make
each generated sample similar to some training data. Instead, IMLE ensures that each
training data point has similar generated samples, thereby encouraging coverage of all
the modes of the training data.

The IMLE objective is given as follows, where d.�; �/ is a distance metric:

�IMLE = arg min
�

Ez1;:::;zmíN .0;I/

L n
É

i=1
minj¸[m] d

�

xi; T�.zj/
�

M

(1)

Here m denotes the number of samples and n denotes the number of data points. In
simple terms, the IMLE objective first draws m samples zj from the standard Gaussian
distribution and transforms them into the image space using the function T� . From these
pool of samples in the image space, for each data point xi, IMLE selects a sample that
is closest to the data point in some distance metric d.�; �/. This operation can be done
efficiently due to advances in high-dimensional nearest neighbour search [20]. Note that
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the number of samples m must at least be equal to the number of data points n, since
otherwise by the pigeonhole principle, some samples would be picked by multiple data
points. In practice, we find that setting m to be a multiplicative factor (like 10 or 20)
times larger than n works the best.

3.2 Observation

In the existing IMLE-based methods, we observe that the distributions of the latent codes
used for training the objective differs from the distribution of latent encountered at test
time. Consider an illustrative example where the latent space is two dimensional. We
train a simple generative model using IMLE on two dimensional toy dataset. The la-
tent codes used for training over the course of training are illustrated in Figure 2a. We
notice that for the latent codes belonging to the same data point (denoted by the same
colour) form well-separated tight bands in the latent space. We also observe that there
are large gaps between these bands, indicating that these segments of the latent space
are consistently overlooked during training. Since at test time we sample from the same
standard normal distribution, these unsupervised segments in the latent space have arbi-
trary outputs, which result in bad samples. We term this phenomenon the “Misalignment
Issue.”

3.3 Analysis of the Misalignment Issue

In this section, we will try to see why the phenomenon mentioned above occurs. Let
us clarify the notation used in subsequent sections: xi denotes the ith data point, d.�; �/
denotes the distance function and T�.zj/ denote the jth sample where zj í N .0; I/.

Let us define a random variable, Dij to denote the distance of ith data point to the
jth sample. We can also define another random variable D<

i to denote the distance of ith
data point to the sample closest to it. Further, let FDij and FD<

i
be the CDF of Dij and

D<
i respectively. Let fDij and fD<

i
be the PDF of Dij and D<

i respectively. Now we will
relate the CDF of the distances between a data point and its selected latent code, FD<

i
to

the CDF of the distances between the same data point and a random latent code FDij :

FD<
i
.t/ = Pr.D<

i f t/ = 1 * Pr.D<
i > t/

= 1 * Pr.Dij > t;¯j ¸ [m]/
�Def. of Dij

�

= 1 *
ṁ

j=1
Pr.Dij > t/

= 1 *
�

Pr.Di1 > t/
�m .i.i.d/ (2)

= 1 *
�

1 * FDi1 .t/
�m (3)

Note that Equation 2 is true because each zj is drawn independently from the same
probability distribution which makes Di1; Di25Dim identical in distribution for a par-
ticular data point xi.
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(a) PDF of example distribution (b) FD<
i
.t/ vs t for di�erent values ofm (c) FD<

i
.t/ vsFDi1

.t/ for di�erent values

of m

Fig. 3: Illustrative �gure for demonstrating the behaviour ofFD<
i
.t/ andFD i1

.t/ using Noncentral
Chi-squared distribution as the example distribution.

Now we can try to justify our observations from Figure 2a. Equation 3 shows us
how the CDF of the distance of the selected latent code (used in training) di�ers signi�-
cantly from the CDF of distance of a random latent code (encountered at test time). This
shows that the distance of the sample we choose for training is lower than the distance
of the sample at testing. We can obtain a deeper understanding by analyzing the plots in
Figure 3 for an example distribution. Notice thatÅm > 1; FD<

i
.t/ > FD i1

.t/. Observing
Equation 3 and the aforementioned plots, we can conclude the following things:

1. Thef D<
i

is skewed towards the origin compared tof D ij
. This is intuitive because the

latent codes are selected by theminoperation and so their distance to their respective
data point would be less than that of a random sample.

2. The skew towards the data point increases asmincreases. This piece of information
will be important shortly.

We can also compute the PDFf D<
i

in terms off D i1
by di�erentiating the CDFFD<

i
.t/

as follows:

f D<
i
.t/ =

dFD<
i
.t/

dt
= m

�
1 * FD i1

.t/
� m*1

f D i1
.t/ (4)

3.4 Solving the Misalignment Issue

Now that we know the reason behind the misalignment between latent codes used at
training and testing, we wish to come up with a method to mitigate this phenomenon.
Recall thatD ij andD<

i are determined by the distance functiond.�; �/, neural network
T� and the prior distribution. For a given generative modelling task, it is not trivial to
change thed.�; �/ or T� . Hence, in this paper, we aim to change the prior distribution
used at training such that the distribution of latent codes at training time closely match
with the distribution of latent codes (drawn from the standard normal distrubution) en-
countered at test time. Notice that the IMLE objective (Equation 1) allows us to sample
from the prior without knowing the closed form expression for its probability density
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Algorithm 1 RS-IMLE Procedure

Require: The set of inputs
�

xi


 n

i=1
, radius�

1: Initialize the parameters� of the generatorT�

2: for k = 1 to K do
3: Draw latent codesZ } z1; :::;zm from N .0; I /
4: Compute ƒZ } ƒz1; :::;ƒzp from Z such that

d
�
xi ; T� .ƒzj /

�
g �; Åƒzj Ë ƒZ; i Ë [n]

5: � .i / } arg minj Ë[m] d.xi ; T� .ƒzj // ; Åi Ë [n]
6: for l = 1 to L do
7: Pick a random batchS Ó [n]
8: � } � * � ( �

� ³
iËS d

�
xi ; T�

�
ƒz� .i /

���
_ðSð

9: end for
10: end for
11: return �

function. This allows us the �exibility of choosing a non-analytical prior distribution.
To distinguish fromzj í N .0; I /, we will useƒz to denote the latent codes drawn from
our desired target distributionP. Identical to the previous section, let us de�ne random
variable ƒD ij = d

�
xi ; T� .ƒzj /

�
to denote the distance between data pointxi from a random

sampleT� .ƒzj /. Similarly, we de�ne ƒD<
i = minj Ë[m]

ƒD ij . Similar to the section above, let
F ƒD ij

andF ƒD<
i

be the CDF of ƒD ij and ƒD<
i respectively. Thenf ƒD ij

andf ƒD<
i

would be the

PDF of ƒD ij and ƒD<
i respectively.

Designing the target prior Now, we will try to think about the properties we would
want to have for our target prior. Recall that the Misalignment Issue is mitigated as we
decrease the number of samples. In order to di�erentiate between the number of sam-
ples of di�erent priors, we use the notationm¨ to denote the number of samples for the
objective using the Gaussian prior. As hinted in the previous section, one way to avoid
the Misalignment Issue is to setm¨ to low values. However we cannot directly use a
Gaussian prior with low values ofm¨ as our target prior. This is because in aforemen-
tioned case, it happens to be that many data points are forced to pick the same sample as
their nearest neighbour. This in turn causes very slow or no learning. Hence when using
a Gaussian prior, we need to pickm¨ large enough to allow convergence and yet small
enough such that the Misalignment Issue does not a�ect test time performance. In our
case, we are trying to design a new distribution that solves the Misalignment Issue by
having desirable properties of an ideal distribution. The ideal distribution is a Gaussian
prior with m¨ set to the lowest possible value, which ism¨ = n.

Now that we have found the ideal prior, we can makeP and the ideal prior to be
equal in distribution. Similar to the analysis till Equation 4, we derive the PDF ofP.

We getf ƒD<
i
.t/ = m

�
1 * F ƒD i1

.t/
� m*1

f ƒD i1
.t/. Equating this PDF ofP to the PDF of the

ideal distribution gives:
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m
�

1 * F ƒD i1
.t/

� m*1
f ƒD i1

.t/ = n
�

1 * FD i1
.t/

� n*1
f D i1

.t/

� f ƒD i1
.t/ =

n
m

�
1 * FD i1

.t/
� n*1

�
1 * F ƒD i1

.t/
� m*1

f D i1
.t/ (5)

� f ƒD i1
.t/ = c� .t/f D i1

.t/ (6)

Here,� .t/ is introduced to simplify notation andc is a constant associated with trun-
catingFD i1

.t/ that is needed to make suref ƒD i1
.t/ is bounded. We discuss these technical

details in the Appendix.

Rejection Sampling We have expressed our target priorP in terms of distribution from
which we can easily sample. Now, we can use Rejection Sampling to sample from our
target priorP. To be concrete:f ƒD<

i1
.t/ is our target distribution andf D i1

.t/ acts as our
proposal distribution, since we can sample from the standard Gaussian easily. We can

further write it in the standard Rejection Sampling notation:
f ƒD<

i1
.t/

Mf D<
i1

.t/
= c� .t/

M

Here,M is the scaling factor associated with Rejection Sampling. We approximate
the function above using a step function. The step needs to happen att whereF ƒD i 1

.t/
gets close to 1. Instead of trying to estimateF ƒD i1

.t/, we instead use a hyperparameter�
to represent whereF ƒD i1

.t/ gets close to 1. We �nd the value of this hyperparameter� by
cross-validation.

The �nal procedure simpli�es to this: we samplez í N .0; I /. If t = d
�
xi ; T� .z/

�
<

� , we reject the sample; otherwise, we accept it. Since the sampling procedure is based on
Rejection Sampling, we call our methodRS-IMLE. The resulting RS-IMLE procedure
is included in Algorithm-1.

3.5 Intuitive Interpretation of the Algorithm Behaviour

Prior to proceeding to the Implementation details, gaining a gradient-based understand-
ing of our new objective would provide valuable insight. Let us revisit the IMLE objec-
tive (Equation 1) again. As training progresses, we expect the loss to reduce such that:
Åx i ; Ez1;:::;zmí N .0;I / minj Ë[m] d

�
xi ; T� .zj /

�
™ 0. As the objective approaches conver-

gence, the loss will decrease, resulting in gradients with lower magnitude. This causes
smaller updates to the model parameters during training, leading to slower progress.
Note that this loss is with respect to theclosestsample to each data point. Thus it can
be the case that even after a lot of training, although theclosestsample are pretty close
to their respective data point, the rest of samples are pretty far away.

� RS-IMLE = arg min
�

Ez1;:::;zmí P

L
nÉ

i=1

minj Ë[m] d
�
xi ; T� .zj /

�
M

(7)
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(a) IMLE after epoch 100 (b) RS-IMLE after epoch 100

(c) IMLE after epoch 500 (d) RS-IMLE after epoch 500

(e) IMLE after 2000 epochs (f) RS-IMLE after 2000 epochs

Fig. 4: Comparison between IMLE and RS-IMLE for 2D toy problem. Data points are denoted
by › and samples are denoted by~ . Samples picked as nearest neighbours are denoted byŸ .

Consider our objective in Equation 7 and recall that we have constructed the prob-
ability distributionP such thatÅxi d

�
xi ; T� .ƒz/

�
g � , whereƒz í P. In other words,

all samples we obtain by using the priorP are guaranteed to be� -distance away from
all data points. This ensures that the loss per data point is always greater that� . The
approach can be interpreted as ignoring the samples that are already close to some data
point and instead training on challenging, non-trivial samples.

To compare the sampling behavior of the vanilla IMLE and the proposed RS-IMLE,
we trained two models on a 2D toy problem as illustrated in Figure 4. The �rst model
uses the vanilla IMLE objective (Equation 1), while the second model is trained with
our proposed RS-IMLE objective (Equation 7).

At the initial stage of training, both the methods learn similar distributions, indicated
by the straight line of orange dots (~ ) in Figure-4a,4b. Our method �rst removes all
the samples that fall within an� distance from any data point before doing the nearest
neighbour search. We illustrate this in Figure-4b, where samples that lie within the gray
circles are not considered for the nearest neighbour search.
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FastGAN FakeCLR FreGAN ReGAN AdaIMLE RS-IMLE

Fig. 5: Qualitative comparison between our method and baselines.While analyzing the im-
ages, look for the sharpness of each image and diversity in the content of all images for a method.

As training progresses, we notice that for both the algorithms' samples move closer
to the ground truth data points. However, for vanilla IMLE, we observe that for many
data points the sample picked after the nearest neighbour search is already close to the
ground truth. In this case, the loss associated with these data points would be low (in-
dicated by the short length of arrow in the Figure-4c). As a result, the model trained by
the vanilla IMLE objective does not learn anything signi�cantly novel. In our proposed
method (Figure-4d), each data point selects a sample that is at least� distance away from
it. This ensures that the loss for each data point is always su�ciently high (indicated by
the long arrows), resulting in meaningful updates to the model parameters.

3.6 Implementation Details

Note that computing the distance of each sample with each data point is computation-
ally expensive. Suppose we haven data points inRd andm samples, calculating the
distance between each pair has a time complexity ofO.mnd/. To get around this issue,
we leverage a fast k-nearest neighbor search method, DCI [20]. This method reduces the
runtime of a single query from linear to sublinear inm, enabling us to e�ciently�lter
outall the samples that are within an� distance from any data point. Subsequently, from
this �ltered pool of remaining samples, we select, for each data point, the sample that is
closest to it.

In order to reduce the search time complexity further, we can project the training data
to a lower dimensional subspace (which would decreased). We use this while imple-
menting the procedure for image synthesis task: we �rst �atten each image and project it
to a lower dimension by using random projection. We normalize these projected vectors
before using them for nearest neighbour search.

4 Experiments

DatasetsWe assess our method and the baseline approaches across a variety of datasets
with 256 • 256 resolution. These datasets include Animal-Face Dog [33], Animal-Face
Cat [33], Obama [41], Panda [41], Grumpy-cat [41], Anime [24], Shells [24], Skulls [24]
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and a subset of Flickr-FaceHQ (FFHQ) [12] which are standard datasets used in the few-
shot learning literature.

Dataset FastGAN
[24]

FakeCLR
[23]

FreGAN
[38]

ReGAN
[32]

AdaIMLE
[1]

RS-IMLE
(Ours)

Imp.
%

Obama 41.1 29.9 33.4 45.7 25.0 14.0 44.0
Grumpy Cat 26.6 20.6 24.9 27.3 19.1 11.5 39.8
Panda 10.0 8.8 9.0 12.6 7.6 3.5 54.0
FFHQ-100 54.2 62.1 50.5 87.4 33.2 12.9 61.1
Cat 35.1 27.4 31.0 42.1 24.9 15.9 36.1
Dog 50.7 44.4 47.9 57.2 43.0 23.1 46.3
Anime 69.8 77.7 59.8 110.8 65.8 35.8 45.6
Skulls 109.6 106.5 163.3 130.7 81.9 51.1 37.6
Shells 120.9 148.4 169.3 236.1 108.5 55.4 48.9

Table 1: We compute FID [8] between the real data and5000randomly generated samples for all
the methods. Lower is better.

BaselinesWe compare our method to recent state-of-the-art few-shot image generation
methods. These include FastGAN [24], FakeCLR [23], FreGAN [38], Re-GAN [32] and
AdaIMLE [1].
Evaluation Metrics We employ Fréchet Inception Distance (FID) [8] to assess the per-
ceptual quality of the generated images. This involves randomly generating5000im-
ages and calculating the FID between these generated samples and the real images for
each dataset. Additionally, we evaluate the modelling accuracy and coverage by com-
puting precision and recall for 1000 images using the metric de�ned by Kynkäänniemi
et al. [19]. In image synthesis, precision refers to the model's capacity to generate im-
ages closely resembling the desired target or distribution. Recall measures the model's
ability to encompass a wide array of diverse images within the target distribution. To
ensures that the computed metrics have low variance, we generate many more samples
than training images.
Network Architecture We construct our generator network using decoder modules
from VDVAE [3]. More details about the network architecture can be found in the Ap-
pendix.

4.1 Quantitative Results

In Table 1, we present the FID scores computed for all the datasets across di�erent
methods. Lower FID scores indicates that the distribution of generated images is closer
to the distribution of real images. Our method performs signi�cantly better compared to
baselines.

In Table 2, we show the precision and recall scores. Our method has a near per-
fect precision (close to 1), while having a signi�cantly higher recall compared to the
baselines. In the few cases where our method is not the best, it is very close to the best
metric.
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