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Abstract

Despite their success on large datasets, GANs
have been difficult to apply in the few-shot set-
ting, where only a limited number of training
examples are provided. Due to mode collapse,
GANSs tend to ignore some training examples,
causing overfitting to a subset of the training
dataset, which is small in the first place. A re-
cent method called Implicit Maximum Likelihood
Estimation (IMLE) is an alternative to GAN that
tries to address this issue. It uses the same kind
of generators as GANs but trains it with a dif-
ferent objective that encourages mode coverage.
However, the theoretical guarantees of IMLE hold
under a restrictive condition that the optimal like-
lihood at all data points is the same. In this pa-
per, we present a more generalized formulation of
IMLE which includes the original formulation as
a special case, and we prove that the theoretical
guarantees hold under weaker conditions. Us-
ing this generalized formulation, we further de-
rive a new algorithm, which we dub Adaptive
IMLE, which can adapt to the varying difficulty
of different training examples. We demonstrate
on multiple few-shot image synthesis datasets
that our method significantly outperforms exist-
ing methods. Our code is available at https:
//github.com/mehranagh20/AdaIMLE.

1. Introduction

Image synthesis has achieved significant progress over
the past decade with the emergence of deep learning.
Deep generative models such as GANs (Goodfellow et al.,
2014; Brock et al., 2019; Karras et al., 2019; 2020; 2021),
VAEs (Kingma & Welling, 2013; Vahdat & Kautz, 2020;
Child, 2021; Razavi et al., 2019), diffusion models (Dhari-
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wal & Nichol, 2021; Ho et al., 2020; Karras et al., 2022),
score-based models (Song et al., 2021; Song & Ermon,
2019), normalizing flows (Dinh et al., 2017; Kobyzev et al.,
2021; Kingma & Dhariwal, 2018), and autoregressive mod-
els (Salimans et al., 2017; van den Oord et al., 2016b;a) have
made incredible improvements in generated image quality,
which makes it possible to generate photorealistic images
using these models.

Many of these deep generative models require training on
large-scale datasets to produce high-quality images. How-
ever, there are many real-life scenarios in that only a limited
number of training examples are available, such as orphan
diseases in the medical domain and rare events for train-
ing autonomous driving agents. One way to address this
issue is by fine-tuning a model pre-trained on large aux-
iliary datasets from similar domains (Wang et al., 2020;
Zhao et al., 2020a; Mo et al., 2020). Nonetheless, a large
auxiliary dataset with a sufficient degree of similarity to
the task at hand may not be available in all domains. If
an insufficient similar auxiliary dataset were used regard-
less, image quality may be adversely impacted, as shown in
(Zhao et al., 2020b). Therefore, there have been efforts in
tackling the challenging setting of few-shot unconditional
image synthesis without auxiliary pre-training (Liu et al.,
2021; Kong et al., 2022; Li et al., 2022), and we will focus
on this setting.

The scarcity of training data in this setting makes it espe-
cially important for generative models to make full use of
all training examples. This requirement sets it apart from
the many-shot setting with abundant training data, where
ignoring some training examples does not cause as big an
issue. As a result, despite achieving impressive performance
in the many-shot setting, GANs are challenging to apply to
the few-shot setting due to the well-known problem of mode
collapse, where the generator only learns from a subset of
the training images and ignores the rest. A recent work (Li
& Malik, 2018) proposed an alternative technique called
Implicit Maximum Likelihood Estimation (IMLE) for un-
conditional image synthesis. Similar to GAN, IMLE uses a
generator, but rather than adopting an adversarial objective
which encourages each generated image to be similar to
some training images, IMLE encourages each training im-
age to have some similar generated images. Therefore, the
generated images could cover all training examples without
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Figure 1: Schematic illustration that compares vanilla IMLE (Li & Malik, 2018) (top row) with the proposed algorithm,
Adaptive IMLE (bottom row). While IMLE treats all training examples (denoted by the squares on the left) equally and
pulls the generated samples (denoted by the circles on the left) towards them at a uniform pace, Adaptive IMLE adapts to
the varying difficulty of each training example and pulls the generated samples towards them at an individualized pace that
depends on the training example. The dashed line on the left figure illustrates the progression towards three data points at
four comparable epochs (denoted as tg to t3) with the starting positions highlighted. The corresponding generated samples
are shown on the right. As shown, Adaptive IMLE can converge to the various data points faster and closer than IMLE.

collapsing to a subset of the modes.

However, the theoretical guarantees of IMLE hold under
a restrictive condition that all data points should have an
identical optimal likelihood. The IMLE algorithm, there-
fore, treats all training examples equally when optimizing
the model parameters and ignores the varying difficulty in
learning from different training examples. As shown in
the top row of Fig. 1, the generated samples make uneven
progress toward different training examples using IMLE,
leading to overfitting to some examples and underfitting
to others. While this may not cause a major issue in the
many-shot setting because many data points are expected to
have similar optimal likelihoods, it can be quite problematic
in the few-shot setting, since uneven fitting can impact the
model quality substantially due to the small total number of
training examples that the model is trained on.

In this paper, we introduce a generalized formulation of
IMLE, which in turn enables the derivation of a new algo-
rithm that requires fewer conditions and gets around the
aforementioned issue. In particular, we mathematically
prove that the theoretical guarantees of the generalized for-
mulation hold under weaker conditions and subsumes the
IMLE formulation as a special case. Furthermore, we derive
an algorithm called Adaptive IMLE using this generalized
formulation, which could adapt to points with different dif-
ficulties, as illustrated in the bottom row of Fig. 1. Further-

more, we conducted experiments on six datasets to evaluate
the performance of our method compared to prior few-shot
image synthesis baselines. Our results demonstrate that
our method achieves significant improvements in terms of
both image fidelity and mode coverage, establishing a new
state-of-the-art.

2. Related Work

There are two broad families of work on few-shot learning,
one that focuses on discriminative tasks such as classifica-
tion (O’Mahony et al., 2019; Finn et al., 2017; Snell et al.,
2017) and another that focuses on generative tasks. In this
paper, we focus on the latter. Similar to many-shot genera-
tion tasks, few-shot generation tasks take a limited number
of training examples as input and aim to generate samples
that are similar to those training examples. What is different
from the many-shot setting is that it is crucial for the genera-
tive model to utilize all the training examples in the few-shot
setting. Due to the scarcity of available data for training,
ignoring even just a few data points would cause a more
serious issue in the few-shot setting than in the many-shot
setting. One line of work focuses on pre-training on large-
scale auxiliary datasets from similar domains and adapting
the pre-trained models for the few-shot task. This has been
applied to unconditional image generation (Li et al., 2020;
Zhao et al., 2020a; Mo et al., 2020; Ojha et al., 2021; Wang
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et al., 2020), conditional image generation (Sinha et altraining examples will have some similar generated samples.
2021; Liu et al., 2019) and video generation (Wang et al.In the few-shot image synthesis setting, the issue of mode
2019). However, there are no guarantees on the existencellapse is even more signi cant given the limited number
of such large-scale auxiliary datasets for all domains, andf training examples that are available in the rst place.
recent studies (Zhao et al., 2020b; Kong et al., 2022) als
showed that ne-tuning from a dissimilar domain could even
lead to the degradation of generated image quality.

R more recent method known as Implicit Maximum Likeli-
hood Estimation (IMLE) (Li & Malik, 2018) proposed an
alternative objective to address this issue. Instead of making
In this paper, we focus on the setting without ne-tuning each generated sample similarstametraining examples,
pre-trained models from auxiliary datasets. Most prior workIMLE tries to ensure that samples can be generated around
considered applying GANSs to this setting and developedachtraining example;. The generatof is encouraged
methods for alleviating the well-known mode collapse prob+to pull some sample$ (z;) towards eaclx;, thereby re-

lem of GANs. FastGAN (Liu et al., 2021) introduced a warding coverage of the modes associated with all training
skip-layer excitation module for faster training and usedexamples.

self-supervision for the discriminator to learn more descrip-lvIore precisely, the IMLE objective takes the following

tive features, which aids in better mode coverage of thef'orm'

generator. MixDL (Kong et al., 2022) introduced a two- ' " #
sided distance regularization to facilitate learning smooth _ X

and mode-preserving latent space. FakeCLR (Lietal., 2022) MINEz ... . N (1) _rzfm]d(xi;'l' (7)) 1)
aims to improve image synthesis quality by introducing ex- i=1 !

tensive data augmentation and applying contrastive 'eaminﬂ/hered(:' ) is a distance metrian is a hyperparameter
only on perturbed fake samples. Despite these improvey, . s theit training example. The training procedure

ments, some degree of mode collapse still remains. A recef o\ves nding the latent code, that produces the nearest

method c_alled Implicit Maximum Likel?hood Esti.mat.ion generated sample to each training exampleand optimiz-
(IMLE) (Li & Malik, 2018) adopted a different objective 4 the model parameterby minimizing the distance from

function and showed promising results towards alleviatingthe selected sample (z; ) to the target data; . Detailed
; i .

mode collapse on unconditional image synthesis tasks. P”‘Hseudocode of the algorithm can be found in Algorithm 1.
IMLE-based methods mainly focused on conditional image

synthesis (Li* et al., 2020; Peng et al., 2022). In this WorkvAIgorithm 1 Vanilla IMLE procedure
we build on (Li & Malik, 2018) and introduce a novel and — - ;.
more generalized formulation of IMLE to make it more Reduire: The set of input$xig;_,

suitable for the unconditional few-shot setting. 1. Initialize the parameters of the generatol
2: fork=1toK do

.. . Lo 3: Pickarandom batc8 [n
3. Background: Implicit Maximum Likelihood 4-  Draw latent code® 21[' :]::'zm from N (0: 1)
Estimation (IMLE) 5z, argming,z d(xi;T (z)) 8i 2 S
" . : . 6: forl=1toL do
In unconditional image synthesis, the goal is to learn the un-_’ . -
derlying probability distribution of images, denotedxg), 6 Pick a randomlem batc$ S e
8: r i2sd(Xi;T (7)) 5Sj

which allows us to generate new synthesized images by sam-
. 2 L . 9:  end for
pling from this distribution. Implicit generative models are
. . 10: end for
commonly used for this task, such as the generator in GANS.
: . 11: return
The generator, parameterized as a neural network with pa:

rameters , maps latent codes drawn from a standard ] ) o o »
Gaussian distributioll (0; 1) to generate images. One Despite the algorithm's simplicity, a restrictive condition

way to learn this model is with the GAN objective, which needs to be satis ed for the theoretical guarantees of IMLE
introduces a discriminator that aims to distinguish betweerC Nold, that is requiring a uniform optimal likelihood for all
generated imageE (z) and real images. The generator is data points. As an example, conS|_der a dataset with two clus-
trained to produce more realistic images that would fool thef®'S With the same number of points where one cluster has
discriminator. However, the outplit (z) tends to recover & large variance and the other has a small variance. In this
only a subset of the training examples even when varying alf@Se, the training examples from the high-variance cluster
values ofz. This issue is known as mode collapse, and the?'® more dl_f cult to learn than the training examples from
intuitive reason behind it is that the adversarial objective ofth€ low-variance cluster, because of the sparser coverage
GAN only encourages each generated sample to be simil&)f the space in the former cluster. If we consider what the

to some training examples, but there is no guarantee that aground truth data distribution looks like, it is a bimodal dis-
tribution, with the mode corresponding to the low-variance
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cluster having a higher likelihood than the other. So requircumulative density function (CDF) evaluated at different
ing uniform optimal likelihood for all data points, as IMLE points, which we will refer to as cumulative densities.
does, will result in over tting to the low-variance cluster | amma 1. LetX be a non-negative random variable and
and under tting to the high-variance cluster, which is not  pa 5 continuous function de;1 ). If Oisintegrable on
optimal. We refer readers to the IMLE paper (Li & Malik, | closed intervals if0; 1 ),
2018) for more details.

z 1
4. Method E[( X)]= (0)+ i A)Pr(X  t)dt

In this paper, we devise a generalized formulation of IMLE,.I_hiS lemma is useful because the left-hand side (LHS) is

whose theoretical guarantees hold under more general COD:o\ to anproximate with Monte Carlo estimates of expecta-
ditions than vanilla IMLE (Sec 4.1). This formulation sub- y bp P

. : . .~ tions, and the right-hand side (RHS) is a weighted integral
sumes vanilla IMLE as a special case and also gives rise tQ . . o i 4

. . . of one minus cumulative densities, which are intractable to
a new algorithm which we calAdaptive IMLE It turns out

that Adaptive IMLE offers theoretical and practical advan—g?g]iglejir:? guerzﬁlr:':i.vlet 32?2:5:5“; t%ﬁgg;ﬁ' tTﬁeV\;SLgck;it(')nng
tages over IMLE, which we will demonstrate (Sec 4.2). y 9

4.1. Generalized Formulation Recall that our goal is to maximize the likelihood at each
, , o ) o . training example without actually computing the likelihood.
SinceT is an implicit generative model, the likelihood in- \ne can leverage Lemma 1 for this purpose, by choosing

duced by the moded cannot in general be expressed in ihe pon-pegative random variable appropriately. We
closed form, and so evaluating it numerically is typically -n50seX to be the distance between a training example
computationally intractable. In order to train the generative,,q 4 generated sampéx;; T (z;)). With this choice
model, we would like to maximize the likelihood of the | emma 1 gives us a way to relate a weighted integral of the
training examples without actually needing to evaluate they erage likelihoods within differently sized neighbourhoods

likelihood. Below we will consider the generalized objective 5.4 ,nd the training examplg (RHS) to the expectation of
we propose and show that optimizing the objective is equivy f,nction of the distance(x;: T (z;)) (LHS).
alent to maximizing the sum of likelihoods at the training ' .

examples, without requiring the evaluation of likelihood. Moreover, we'd like to restrict the average likelihoods we in-
tegrate over to only those within neighbourhoods of certain

sizes rather than frofdto 1 . Speci cally, we'd like to inte-
grate from to ,where > 0is the radius of the largest
neighbourhood an@ < lis atightening threshold. To

Consider the following optimization problem:

maxL¢ ¢ ()= this end, we can choose the weighting functidt{ ) to be
" 1 when t , and0 otherwise. One choice of such
11X () that satis es this condition and its associate¥( )
max Ezl;:::;z m N (0;1) ﬁ - W] are:
1
0 o 3 8 8
@ =7 (T @A figs @) ? IS o 20 1S
m,_, = _t t m=_1 t

t> "0 t>
whereT , d( ; ) andm are as de ned in Eqn 1. For each
training example, there is a weighting terw; and a thresh-  sing this choice of (), we obtain the following lemma
old i, which may be stochastic. The function() trans-  for a particular training exampbe .
forms distances from each training example to each sampl
from the model. We will choose;, ; and () based on
the insight revealed by lemmas below.

Eemma 2. Under the choice of () above and its associ-
ated °(),

We will present the high-level sketches of our key lemmas Ezl;::iz aNoony [ AT (Z))if g
(omitting some technicalities) and delineate their interpreta- i

tions and signi cance. The precise statements of the lemmas
and their proofs are left to Appendix A.

Pr(d(xi; T (z)) <t)dt:

We will rst present a lemma that relates an expectation ofThis lemma shows that, for one training exampje the
a random variable to the weighted integral of one minus itsexpectation on the LHS reduces tominus the integral of

4
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the average likelihoods within balls whose radii lie between
i and ;. Applying Lemma 2 to all training examples

X1;:::;Xn, we obtain the following lemma that reveals "
what the overall objective in Eqn. 2 optimizes. . X q '
Lemma 3. Under the choice of () above and its associ- ~&9MiN Ez,020 N 011) W max(_ryllg]l]
ated ©°(), =

e 4w 2 05T () ;0)if 1]
Li g( )= — Pr(d(xi; T (z)) <t)dt: ) X1

n i=1 mw; j=1 i =argmin Ezl;:::;zm N (0;1) f,mln d(Xi;T (Zi ))

Liz1 Wiiziml 4

Lemma 3 shows thalt; 4 ( ) implicity computes the . ] _
average likelihood that the generative model assigns t& &9MiN Ez iz N 011) . ].T['rg]d(XhT (z))
the neighbourhood of each data point, andcontrols =1

t.he radius .of'the nelght')'our.hood size. Slnce we Would4_1_1_ QIRRICULUM LEARNING
like to maximize probability in the immediate neighbour-

hood of each data point, we would like to be small. Recall that our goal is to maximize the likelihood of the im-
So should we choose an arbitrarily small value fg?  mediate neighbourhood around each data point, and the size
Recall that by de nition of (), if d(xi;T (7)) > of this neighbourhood is controlled by. Therefore, we

i, (dxi;T(z)) = i. So, for a very smallj;  wanttomake; small. In order to make; small without im-
it may well be the case thal(x;;T (z;)) > ; 8j, pedinglearning, we needto make ..., n (o;)[il=
which would make the I\Igonte Carlo estimatelaf g (), Ez .z N 01) MiNj2md(Xi; T (z;)) small. To this
i.e.,% in:1 Wi i % jm:l (d(xi;T () . zero. end, we can either increasg the number of samples, or

Since this is a constant, the gradient w.rt. the IoagramT so that the samples it produces are close to the data

: : . IH)ointxi . The former is computationally expensive, and so
rameters is zero, which makes gradient-based learn-_" . .
L . . we will devise a method to achieve the latter.
ing impossible. This would happen whenever <
min; > m; d(Xi; T (z;)), and so the smallest that can be We propose a curriculum learning strategy, which solves
chosen isninj > m d(Xi; T (z;)) (which is treated as a con- a sequence of optimization problems with differeris,
stant rather than a function oj. such that 's get smaller for optimization problems later
in the sequence. The earlier optimization problems in the
sequence help traim to produce samples close to the
data points. After each optimization problem is solved to
convergence, we start solving the next optimization problem

With this choice of j, assuming that there is a unigue
such thatd(x;; T (zj )) =min jom;d(X;; T (z;)) (which
happens almost surely), the objective can be simpli ed to:

Lt g ()= with initialized to the solution found previously.
1 X 1 This will make ;'s smaller and smaller. If they eventu-
Ezivizm N (01) m W ally converge to zero, then it turns out that we would have
i=1 equivalently maximized the sum of likelihoopds(x;) of the

training examples under the probability distribution induced
the generative model, as shown in the lemma below.

L . Lemma 4. Suppose p is continuous at all
If we minimize the objective in Eqn. 3, we get a novel objec-y4t4 POINtS Xa;:::;Xn, Updeg the choice of

tive known as the Adaptive IMLE objective. The solution W = " vol(By(xi))dt = i dxdt. where

. L . B (xi)
to the Adaptive IMLE objective can be expressed as: B,(x) = fyjd(y:x) <r g is an open ball of radiug

argmaxLy ¢ () centred akx,

max(min do;iT @) ) fig @)
j2[m

=argmin E;,...; . N 011)

0 : 1 X

i fi!IIrQ+gi Lfigi()_ ni:lp(xl)
i=1
Here,w; is a normalizing factor for neighbouring regions
around each data poir{. For common metrics, such as
“p distancesw; can be found in closed form, details are
It turns out that the vanilla IMLE objective can be recoveredincluded in Appendix A. This lemma shows the theoreti-
as a special case, by choosing 0 andw; = w, = = cal guarantees of Adaptive IMLE hold under more general

Wh . conditions that those required by vanilla IMLE.

max(_r?[in]d(xi;T () ) fig @
j2[m
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4.2. Adaptive IMLE Algorithm 2 Adaptive IMLE Procedure

The key difference from the objective in Eqn. 4 to the origi—Req[‘g_r% The set of input$xi g, , tightening coef cient 2
nal IMLE formulation in Egn. 1 is the individualized neigh- ;. | i2iize the parametersof the generator
bourhood radius; around each data poirt. This change  2: praw latent codeZ  z1::::; zm fromN (0; 1)

in the objective is crucial, as it allows the model to adaptto 3: z;  argmin;; 2z d(xi; T (z))

the varying dif culty in learning different training examples, ‘511 fi ) d(1Xit: TK (§i ) 8i 2 [n]
i i cJor K= (0] (0}
hence the algorithm namagdaptive IMLE 6 Pickarandomaicd  [n]
As mentioned in Sect. 4.1.1, we need to gradually decreas€’: r 26 d(xi; T (z1)) FSj
i in order to make the learning feasible. To achieve this, we 8~ Draw latentcodeZ  z1;:::zm fromN (0:1)
adopt a progressive approach by trainihgn stages, each - forif' dz(fi d? @) . then
aimed at making incremental improvementdto Aswe  14. Z, ' arg rlninzl 22 d(xi: T (7))
continue to train the model, the generated samples producegh: i d(xi;T (z))) {Update the threshold}
by T progressively get closer to the data points, therebyl3: end if
decreasing; = minm;d(xi; T (z))). 14: end for
15: end for

During each stage of training, the algorithm optimizes thel6: return

model parameters until the distance between the generated

sample and the target dadéx;; T (z;)) decreases to ;.

Here is a tightening coef cient that determines the re- )

quired progress of the selected sample towards each training X0

example at each optimization stage. argminE, ... . N (o) max( min

o j2[m]
Upon reaching the threshold, the algorithm generates new 1= i

samples and updates the thresholtb be the distance be- dxi; T (z)); ¥yt Ka o (5)
tween the data point and its nearest sample amonigetivey
generated samples, i.i, = Minjozm},, d(Xi; T (Z2)).  gimilar to the weighted case, the objec-
This updated threshold ; then serves as the new target for five value for the unwe|ghted problems
learningx; . N max(Minj o dxi; T (z));  ¥°) would converge
Now let's turn our attention to the optimization problem to 0 asplimyo;  max(min; zmj d(x.,T (Z): ) =0.
in each stage of the curriculum. Speci cally, consider
the weighted objective in Egn. 4. We denote the distance %ts an optimal solution ° %o the unwelghted prob-
threshold at thek'" iteration asf g and we assume

Iem such thatmax(minj oy d(Xi; T «o(z;)); | ) <

. K o .
ulr;x]orm croql';\;((?r%erlcg avi:]?s; V?(! fgiaﬁ' glbszer\[/re]’inller.?ac- 0 Suppose there is a weighted problem such that
PiMic 2 y P o max(minjzmd(xi; T« (z)); ) > > 0, then

the solution ¥’ to the unweighted problem can also
At the beginning of each optimization problem,is set ~ Solve the current weighted problem if we sét =

to the value ofmin; y(m; d(xi; T (z;)). Since0 <1 W > 0. This is becauksoewi |§ positive and
and k 0, max(minjz ]d(X|;T (ZJ ); k) is lower- max(mlnjz[m]d(xi;T ko(zj ); i ) j = w; , and so
bounded by K and upper- bounded by. Furthermore, we & Max(min;2(m d(xi; T wo(z)); {€) < which is the
haveplim,,;  * =plim

This means that for any given® > 0, there ex-

tice.

k=0.By squeeze theo- Weighted objective in Eqn. 4. This demonstrates that for any

remplim,; max(minjz[m]d(x.,T (z)); ¥)=0. weighted optimization problem, we could always solve it by
the optimal solution to an unweighted problem.

Note that the weighting ternW in Egn. 4 is xed ' _ o

for all data pointsx;, this means that the objective L€tS examine the other direction. Suppose

value of I;the Welghted objective would con\k/erge to::z;?minls ad](x .uTnW((a;g?)t.ed ko)PFOE|em . SU>Ch Othat

= j2[m i kO\Zj ’ i .

g_“mk!l =1 wp max(mlnlz[m T @) 1) Similar ]to[ ]the derivatJion above, we could nd
a solution X to the weighted problem such

Now let's consider an unweighted optimization problem tnat wi max(min; 2 my d(Xi; T «(2;)); &) <

3

(I ikzgi,which is a variant to the objective in Eqn. 4 without \, hare = Wi 0 Since Wi is positive, we have
the - factor: max(min 2 d(xi; T« (z;)); &) < w; = % This
shows that ¥ is also an optimal solution to the unweighted

problem.
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Hence, the optimal solutions for both the weighted and unTable 1: Comparison of image quality, as measured by
weighted problems are equivalent. This equivalence hold&ID (Heusel et al., 2017), between real data 80d0ran-
across all stages of the optimization problems. As a redomly generated samples from each method. Lower FID
sult, the sets of optimizers for the weighted and unweighte¢/alue is better. Our method outperforms all baselines.
objectives are identical. Consequently, optimizing the un-

weighted objective is equivalent to optimizing the weighted Grumpy Cat Obama Panda Cat Dog FFHQ subset
objective. Therefore, we utilize the unweighted objective in FID#  FID# FID# FID# FID#  FID#

: FakeCLR (Lietal, 2022) 206 299 88 27:4 444 6211
our algorithm. FastGAN (Liu etal, 2021) 266 411 100 351 507 542

. . , . MixDL (Kong etal. 2022) 245 434 106 561 812 623
Now, if we putting everything together, we obtain the Adap- epy (arras et al., 2022) 369 513 237 486 1001 791

tive IMLE algorithm shown in Algorithm 2. In practice, Adaptive IMLE (Ours) ~ 19:1  25:0 7:6 24:9 43:0  33:2

we make slight modi cations to improve ef ciency, and the

details are provided in Appendix B. We further examine

the convergence of's by plotting the changes in their val- Training Details Our network architecture is modi ed
ues during the training process, as shown in Fig. 2. Thérom (Child, 2021), where we keep the decoder architecture
results demonstrate that the maximum value;afonverges  and replace the encoder with a fully-connected mapping
to zero, validating our assumption of uniform convergencenetwork inspired by (Karras et al., 2019). We choose an
Furthermore, as the training progresses, we observe a trerigput latent dimension df024 m = 10000and a tightening

of increased concentration in the values &8, indicating  coefcient = 0:98. We train our model for less than
a more balanced convergence among different data poin®00K iterations with a mini-batch size of 4 using the Adam
achieved by our algorithm. optimizer (Kingma & Ba, 2015) with a learning rate of

2 10 %onasingle NVIDIA V100 GPU.

Datasets We evaluate our method and the baselines on a
wide range of natural image dataset@a6 256resolution,
which includes Animal-Face Dog and Cat (Si & Zhu, 2012),
Obama, Panda, and Grumpy-cat (Zhao et al., 2020b) and
Flickr-FaceHQ (FFHQ) subset (Karras et al., 2019). All
datasets contaihOOimages except for Dog and Cat which
contain389and160images respectively. The FFHQ subset
consists of 100 FFHQ images with similar backgrounds, in
order to highlight diversity in the generation of foregrounds.

Evaluation Metrics We use the Fréchet Inception Dis-
tance (FID) (Heusel et al., 2017) to measure the perceptual
quality of the generated images, where we randomly gener-
Figure 2: Evolution of ; values during training. Each slice ate5000images and compute FID between the generated
of x axis shows the concentration gfvalues in that specic  samples and real images in each dataset. To evaluate the
iteration. Darker colour indicates higher concentration. Themode modelling accuracy (precision) and coverage (recall),
results illustrate the uniform convergence pfowards zero, we use the precision metric of (Kynkaanniemi et al., 2019)
validating our assumption. Additionally, the values 0§ to measure the former, and use the recall metric of (Kynkaan-
become more concentrated as the model trains, demonstratemi et al., 2019) and LPIPS backtracking score (Liu et al.,
ing a more even convergence towards different data point2021) to measure the latter. For LPIPS backtracking, we use
90% of the full dataset for training and evaluate the metric
using the remainind0%of the dataset.
5. Experiments

. 5.1. Quantitative Results
Baselines We compare our method to recent few-shot Q

unconditional image synthesis methods that operate in thé/e compare the FID across all methods in Tab. 1. As
same setting we consider, namely without needing to preshown, our method outperforms the baselines in terms of
train on auxiliary datasets. Three of such recent methods arfélD on all datasets. We compare the mode accuracy and
FastGAN (Liu et al., 2021), MixDL (Kong et al., 2022) and coverage in Tab. 2. As shown, our method signi cantly
FakeCLR (Li et al., 2022). We also compare our methodoutperforms the baselines in terms of recall while achieving
to the recent diffusion model EDM (Karras et al., 2022) tothe best or second best precision across all datasets. We
demonstrate its potential impact in a broader context. also compare the LPIPS backtracking score in Tab. 3. Our
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Figure 3: Qualitative comparison of images generated by our method and the baselines, FakeCLR (Li et al., 2022),
FastGAN (Liu et al., 2021), MixDL (Kong et al., 2022) and EDM (Karras et al., 2022). Our method shows higher sample
quality and diversity. In contrast, the samples generated by the baselines exhibit distortions and limited diversity, as
supported by the results in Table 2. These results indicate that the baselines suffer from spurious modes or mode collapse.

Table 2: Precision and recall (Kynkadanniemi et al., 2019)fable 3: LPIPS below represents LPIPS backtracking
are computed fot 000randomly generated samples and thescore (Liu et al., 2021). For this metric, each model is
target dataset. Higher precision shows better tting to thetrained or90% of the dataset. The resulting model is used
target dataset, while higher recall corresponds to better mod® backtrack in the latent space and reconstruct the remain-
coverage. Our method achieves signi cantly better recaling 10% Lower LPIPS backtracking score shows better
compared to the baselines and scores the best or second besbde coverage of the training data. Our method signi -
precision across all cases. cantly outperfoms the baselines.

Grumpy Cat _ Obama Panda Cat Dog  FFHQ subset Grumpy Cat Obama Panda Cat  Dog FFHQ subset
Prec’ Rec! Prec! Rec! Prec' Rec! Prec’ Rec! Prec! Rec! Prec’ Rec! LPIPS LPIPS LPIPS LPIPS! LPIPS LPIPS#
FakeCLR (Lietal., 2022)0:97 0:39 0:96 0:30 097 041 0:99 055 0:95 034 071 025
FastGAN (Liuetal., 2021p:91 (13 092 009 096 016 097 008 096 0:19 091 0:13 FakeCLR (L| etal., 2022) 0:467 Q446 0479 0570 (@602 0316
MixDL (Kong et al., 2022)0:93 035 091 047 0:93 030 091 050 086 015 077 030 i -
Adaptive IMLE (Ours)  0:97 0:72 0:99 0:68 0:98 0:63 0:98 0:86 0:97 0:61 0:99 0:77 l'\:/lai)S(S_A(ﬁo(rl;;J;t;Léz(?zzZ]j) 823; gg;g 8222 g;g; 8421:7%2 (()Iggz

Adaptive IMLE (Ours) 0:058 0:036 0:039 0:074 0:072 0:014

method achieves a better LPIPS backtracking score across

all datasets, showing better mode coverage. Due to limited

computational resources, we omit the calculation of thisresults show that our method could produce high-quality
metric for EDM (Karras et al., 2022), as it necessitatesmages while obtaining better mode coverage compared to
optimizing a substantial number of noise samples. Thesthe baselines, thereby setting a new state-of-the-art.
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