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Abstract

Width-based planning methods have been shown to yield
state-of-the-art performance in the Atari 2600 domain using
pixel input. One successful approach, RolloutIW, represents
states with the B-PROST boolean feature set. An augmented
version of RolloutIW, π-IW, shows that learned features can
be competitive with handcrafted ones for width-based search.
In this paper, we leverage variational autoencoders (VAEs)
to learn features directly from pixels in a principled manner,
and without supervision. The inference model of the trained
VAEs extracts boolean features from pixels, and RolloutIW
plans with these features. The resulting combination outper-
forms the original RolloutIW and human professional play on
Atari 2600 and drastically reduces the size of the feature set.

Introduction
Width-based search algorithms have in the last few years
become among the state-of-the-art approaches to auto-
mated planning, e.g. the original Iterated Width (IW) algo-
rithm (Lipovetzky and Geffner 2012). As in propositional
STRIPS planning, states are represented by a set of proposi-
tional literals, also called boolean features. The state space is
searched with breadth-first search (BFS), but the state space
explosion problem is handled by pruning states based on
their novelty. First, a parameter k is chosen, called the width
parameter of the search. Searching with width parameter k
essentially means that we only consider k literals/features at
a time. A state s generated during the search is called novel
if there exists a set of k literals/features not made true in
any earlier generated state. Unless a state is novel, it is im-
mediately pruned from the search. Clearly, we then reduce
the size of the searched state space to be exponential in k.
It has been shown that many classical planning problems,
e.g. problems from the International Planning Competition
(IPC) domains, can be solved efficiently using width-based
search with very low values of k.

The essential benefit of using width-based algorithms is
the ability to perform semi-structured (based on feature
structures) exploration of the state space, and reach deep
states that may be important for achieving the planning
goals. In classical planning, width-based search has been
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integrated with heuristic search methods, leading to Best-
First Width Search (Lipovetzky and Geffner 2017) that per-
formed well at the 2017 IPC. Width-based search has also
been adapted to reward-driven problems where the algo-
rithm uses a simulator for interacting with the environment
(Francès et al. 2017). This has enabled the use of width-
based search in reinforcement learning environments such
as the Atari 2600 video game suite, through the Arcade
Learning Environment (ALE) (Bellemare et al. 2013). There
have been several implementations of width-based search di-
rectly using the RAM states of the Atari computer as fea-
tures (Lipovetzky, Ramirez, and Geffner 2015; Shleyfman,
Tuisov, and Domshlak 2016; Jinnai and Fukunaga 2017).

Motivated by the fact that humans do not have access to
RAM states when playing video games, methods for using
these algorithms from screen pixels have been developed.
Bandres, Bonet, and Geffner (2018) propose a modified ver-
sion of IW, called RolloutIW, that uses pixel-based features
and achieves results comparable to learning methods in al-
most real-time on ALE. The combination of reinforcement
learning and RolloutIW in the pixel domain is explored by
Junyent, Jonsson, and Gómez (2019), who propose to train
a policy to guide the action selection in rollouts.

Width-based algorithms are highly exploratory and, not
surprisingly, significantly dependent on the quality of
the features defined. Bandres, Bonet, and Geffner (2018)
use a set of low-level, color-based features called B-
PROST (Liang et al. 2015), designed by humans to achieve
good performance in ALE. Integrating feature learning into
the algorithms themselves rather than using hand-crafted
features is an interesting challenge—and a challenge that
will bring the algorithms more on a par with humans learn-
ing to play those video games. The features used by Junyent,
Jonsson, and Gómez (2019) were the output features of the
last layer of the policy network, improving the performance
of IW. With the attempt to learn efficient features for width-
based search, and inspired by the results of Junyent, Jonsson,
and Gómez (2019), this paper investigates the possibility of
a more structured approach to generate features for width-
based search using deep generative models.

More specifically, in this paper we use variational autoen-
coders (VAE)—latent variable models that have been widely
used for representation learning (Kingma and Welling 2019)
as they allow for approximate inference of the latent vari-
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ables underlying the data—to learn propositional symbols
directly from pixels and without any supervision. We then
investigate whether the learned symbolic representation can
be successfully used for planning in the Atari 2600 domain.

We compare the planning performance of RolloutIW us-
ing our learned representations with RolloutIW using the
handcrafted B-PROST features and report human scores as
a baseline. Our results show that our learned representa-
tions lead to better performance than B-PROST on Roll-
outIW (and often outperform human players), although the
B-PROST features also contain temporal information (how
the screen changes), whereas we only extract static features
from individual frames. Apart from improving scores in the
Atari 2600 domain, we also significantly reduce the number
of features (by a factor of more than 103). We also investi-
gate in detail (with ablation studies) which factors seem to
lead to good performance on games in the Atari domain.

The main contributions of our paper are hence:
• We propose a novel combination of variational autoen-

coders and width-based planning algorithms.
• We train VAEs to learn propositional symbols for plan-

ning, from pixels and without any supervision.
• We run a large-scale evaluation on Atari 2600 where we

compare the performance of RolloutIW with our learned
representations to RolloutIW with B-PROST features.

• We investigate with ablation studies the effect of various
hyperparameters in both learning and planning.

• We show that our learned representations lead to higher
scores than using B-PROST, even though (i) our features
don’t have any temporal information and (ii) our mod-
els are trained from data collected by RolloutIW with B-
PROST, thus limiting the richness of the dataset.

Below, we provide the required background on RolloutIW,
B-PROST, and VAEs, present the original approach of this
paper, discuss our experimental results, and conclude.

Background
Iterated width. Iterated Width (IW) (Lipovetzky and
Geffner 2012) is a blind-search planning algorithm in which
the states are represented by sets of boolean features (sets
of propositional atoms). The set of all features/atoms is the
feature set, denoted F . IW is an algorithm parameterized
by a width parameter k. We use IW(k) to denote IW with
width parameter k. Given an initial state s0, IW(k) is similar
to a standard breadth-first search (BFS) from s0 except that,
when a new state s is generated, it is immediately pruned
if it is not novel. A state s generated during search is de-
fined to be novel if there is a k-tuple of features (atoms)
t = (f1, . . . , fk) ∈ F k such that s is the first generated
state making all of the fi true (s making fi true of course
simply means fi ∈ s, and the intuition is that s then “has”
the feature fi). In particular, in IW(1), the only states that
are not pruned are those that contain a feature f ∈ F for the
first time during the search. The maximum number of gen-
erated states is exponential in the width parameter (IW(k)
generates O(|F |k) states), whereas in BFS it is exponential
in the number of features/atoms.

Rollout IW. RolloutIW(k) (Bandres, Bonet, and Geffner
2018) is a variant of IW(k) that searches via rollouts in-
stead of doing a breadth-first search, hence making it more
akin to a depth-first search. A rollout is a state-action tra-
jectory (s0, a0, s1, a1, . . .) from the initial state s0 (a path in
the state space), where actions ai are picked at random. It
continues until reaching a state that is not novel. A state s is
novel if it satisfies one of the following: 1) it is distinct from
all previously generated states and there exists a k-tuple of
features (f1, . . . , fk) that are true in s, but not in any other
state of the same depth of the search tree or lower; or 2) it is
an already earlier generated state and there exists a k-tuple
of features (f1, . . . , fk) that are true in s, but not in any other
state of lower depth in the search tree. The intuition behind
case 1 is that the new state s comes with a combination of
k features occurring at a lower depth than earlier encoun-
tered, which makes it relevant to explore further. In case 2, s
is an existing state containing the lowest occurrence of one
of the combinations of k features, again making it relevant
to explore further. When a rollout reaches a state that is not
novel, the rollout is terminated, and a new rollout is started
from the initial state. The process continues until all possi-
ble states are explored, or a given time limit is reached. After
the time limit has been reached, an action with maximal ex-
pected reward is chosen (the method was developed in the
context of the Atari 2600 domain, making use of a simulator
to compute action outcomes and rewards). The chosen ac-
tion is executed, and the algorithm is repeated with the new
state as the initial state.

RolloutIW is an anytime algorithm that will return an ac-
tion independently of the time budget. In principle, IW could
also be used as an anytime algorithm in the context of the
Atari 2600 domain, but it will be severely limited by the
breadth-first search strategy that will in practice prevent it
from reaching nodes of sufficient depth in the state space,
and hence prevent it from discovering rewards that only oc-
cur later in the game (Bandres, Bonet, and Geffner 2018).

Planning with pixels. The Arcade Learning Environment
(ALE) (Bellemare et al. 2013) provides an interface to Atari
2600 video games, and has been widely used in recent years
as a benchmark for reinforcement learning and planning al-
gorithms. In the visual setting, the sensory input consists of
a pixel array of size 210×160, where each pixel can have 128
distinct colors. Although in principle the set of 210×160×128
booleans could be used as features, we will follow Bandres,
Bonet, and Geffner (2018) and focus on features that capture
meaningful structures from the image.

An example of a visual feature set that has proven suc-
cessful is B-PROST (Liang et al. 2015), which consists of
Basic, B-PROS, and B-PROT features. The screen is split
into 14× 16 disjoint tiles of size 15× 10. For each tile (i, j)
and color c, the basic feature fi,j,c is 1 iff c is present in
(i, j). A B-PROS feature fi,j,c,c′ is 1 iff color c is present
in tile t, color c′ in tile t′, and the relative offsets between
the tiles are i and j. Similarly, a B-PROT feature fi,j,c,c′ is
1 iff color c is present in tile t in the previous decision point,
color c′ is present in tile t′ in the current one, and the relative
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offsets between the tiles are i and j. The number of features
in B-PROST is the sum of the number of features in these 3
sets, in total 20,598,848.

Variational autoencoders. Latent variable models
(LVMs) are probabilistic models with unobserved variables.
The marginal distribution over one observed datapoint x is
pθ(x) =

∫
z
pθ(x, z)dz, with z the unobserved latent vari-

ables and θ the model parameters. This quantity is typically
referred to as marginal likelihood or model evidence. A
simple and rather common structure for LVMs is:

pθ(x, z) = pθ(x | z)pθ(z).
If the model’s distributions are parameterized by neural net-
works, the marginal likelihood is typically intractable for
lack of an analytical solution or a practical estimator.

Variational inference (VI) is a common approach to ap-
proximating this intractable posterior, where we define a
distribution qφ(z |x) with variational parameters φ. In the
LVM above, for any choice of qφ we have:

log pθ(x) = logEqφ(z |x)
[
pθ(x | z)pθ(z)
qφ(z |x)

]
≥ Eqφ(z |x)

[
log

pθ(x | z)pθ(z)
qφ(z |x)

]
= Lθ,φ(x)

where Lθ,φ(x) is a lower bound on the marginal log likeli-
hood also known as Evidence Lower BOund (ELBO).

In contrast to traditional VI methods, where per-datapoint
variational parameters are optimized separately, amortized
variational inference utilizes function approximators like
neural networks to share variational parameters across data-
points and improve learning efficiency. In this setting,
qφ(z |x) is typically called an inference model or encoder.
Variational Autoencoders (VAEs) (Kingma and Welling
2013; Rezende, Mohamed, and Wierstra 2014) are a frame-
work for amortized VI, in which the ELBO is maximized by
jointly optimizing the inference model and the LVM (i.e., φ
and θ, respectively) with stochastic gradient ascent.

VAE optimization. The ELBO, the objective function to
be maximized, can be decomposed as follows:

Lθ,φ(x) = Eqφ [log pθ(x | z)]− Eqφ
[
log

qφ(z |x)
pθ(z)

]
(1)

= Eqφ [log pθ(x | z)]−DKL(qφ(z |x) || pθ(z))
where the first term can be interpreted as negative expected
reconstruction error, and the second term is the KL diver-
gence from the prior pθ(z) to the approximate posterior.

When optimizing VAEs, the gradients of some terms of
the objective function cannot be backpropagated through the
sampling step. However, for a rather wide class of proba-
bility distributions (Kingma and Welling 2013), a random
variable following such a distribution can be expressed as
a differentiable, deterministic transformation of an auxil-
iary variable with independent marginal distribution. For
example, if z is a sample from a Gaussian random vari-
able with mean µφ(x) and standard deviation σφ(x), then

z = σφ(x) ε + µφ(x), where ε ∼ N (0, 1). Thanks to this
reparameterization, z can be differentiated with respect to
φ by standard backpropagation. This widely used approach,
called pathwise gradient estimator, typically exhibits lower
variance than the alternatives.

From an information theory perspective, optimizing the
variational lower bound (1) involves a tradeoff between rate
and distortion (Alemi et al. 2017). A straightforward way
to control the rate–distortion tradeoff is to use the β-VAE
framework (Higgins et al. 2017), in which the training ob-
jective (1) is modified by scaling the KL term:

Lθ,φ,β(x) = Eqφ [log pθ(x | z)] (2)

− βDKL(qφ(z |x) || pθ(z)).

VAEs with discrete variables. Since the categorical dis-
tribution is not reparameterizable, training VAEs with cate-
gorical latent variables is generally impractical. A solution
to this problem is to replace samples from a categorical dis-
tribution with samples from a Gumbel-Softmax distribution
(Jang, Gu, and Poole 2016; Maddison, Mnih, and Teh 2016),
which can be smoothly annealed into a categorical distri-
bution by making the temperature parameter τ tend to 0.
Because Gumbel-Softmax is reparameterizable, the path-
wise gradient estimator can be used to get a low-variance—
although in this case biased—estimate of the gradient. In this
work, we use Bernoulli latent variables (categorical with 2
classes) and their Gumbel-Softmax relaxations.

VAE-IW
Although width-based planning has been shown to be gener-
ally very effective for classical planning domains (Lipovet-
zky and Geffner 2012, 2017; Francès et al. 2017), its perfor-
mance in practice significantly depends on the quality of the
features used. Features that better capture meaningful struc-
ture in the environment typically translate to better planning
results (Junyent, Jonsson, and Gómez 2019). Here we pro-
pose VAE-IW, in which representations extracted by a VAE
are used as features for RolloutIW. The main advantages are:
• Significantly fewer features than B-PROST, leading to

faster planning and a smaller memory footprint.
• Autoencoders, in particular VAEs, are a natural approach

for learning meaningful, compact representations from
data (Bengio, Courville, and Vincent 2013; Tschannen,
Bachem, and Lucic 2018; Kingma and Welling 2019).

• No additional preprocessing is needed, such as back-
ground masking (Bandres, Bonet, and Geffner 2018).

On the planning side, we follow Junyent, Jonsson, and
Gómez (2019) and use RolloutIW(k) with width k = 1 to
keep planning efficient even with a small time budget. In the
remainder of this section, we detail the two main compo-
nents of the proposed method: feature learning and planning.

Unsupervised feature learning. For feature learning we
use a variational autoencoder with a discrete latent space:

pθ(x) =
∑

z
pθ(x, z) =

∑
z
pθ(x | z)p(z) (3)
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where the prior is a product of independent Bernoulli distri-
butions with a fixed parameter: p(z) =

∏K
i=1 p(zi), where

p(zi) = Bernoulli(µ). Given an image x, we would like to
retrieve the binary latent factors z that generated it, and use
them as a propositional representation for planning. Since
pθ(x | z) is parameterized by a neural network, and there-
fore highly nonlinear with respect to the latent variables, in-
ference of the latent variables is intractable (it would require
the computation of the sum in (3), which has a number of
terms exponential in the number of latent variables).

We define an inference model:

qφ(z |x) =
K∏
i=1

qφ(zi |x) =
K∏
i=1

Bernoulli((µφ(x))i)

to approximate the true posterior pθ(z |x). The encoder µφ
is a deep neural network with parameters φ that outputs
the approximate posterior probabilities of all latent vari-
ables given an image x. Using stochastic amortized varia-
tional inference, we train the inference and generative mod-
els end-to-end by maximizing the ELBO with respect to
the parameters of both models. We approximate the discrete
Bernoulli distribution of z with the Gumbel-Softmax relax-
ation (Jang, Gu, and Poole 2016; Maddison, Mnih, and Teh
2016), which is reparameterizable. This allows us to esti-
mate the gradients of the inference network with the path-
wise gradient estimator. Alternatively, the approximate pos-
terior could be optimized directly using a score-function es-
timator (Williams 1992) with appropriate variance reduction
techniques or alternative variational objectives (Bornschein
and Bengio 2014; Mnih and Rezende 2016; Le et al. 2018;
Masrani, Le, and Wood 2019; Liévin et al. 2020).

Note that we are not interested in the best generative
model—e.g. in terms of marginal log likelihood of the data
or visual quality of the generated samples—as much as in
representations that are useful for planning. Thus, ideally,
we would directly optimize β for planning performance. In
practice, however, we assume that a necessary (but not suffi-
cient) condition for a representation to be useful in our case
is that it contains enough information about the entities on
the screen. Following Burgess et al. (2018), we control the
tradeoff between the competing terms in (1) by using (2) and
decreasing β until good quality reconstructions are obtained.

Planning with learned features. After training, the infer-
ence model qφ(z |x) yields approximate posterior distribu-
tions of the latent variables. The binary features for down-
stream planning can be obtained by sampling from these dis-
tributions or by deterministically thresholding their proba-
bilities given a fixed threshold λ ∈ (0, 1). In this work we
choose the latter approach as it empirically yields more sta-
ble features for planning. Overall, this provides a way of
efficiently computing a compact, binary representation of an
image, which can in turn be interpreted as a set of proposi-
tional features to be used in symbolic reasoning systems like
IW or RolloutIW.

The planning phase in VAE-IW is based on RolloutIW,
but uses the features extracted by the inference network

instead of the B-PROST features. Note that while the B-
PROST features include temporal information, the VAE
features are computed independently for each frame. This
should, everything else being equal, give an advantage to
planners that rely on B-PROST features.

Experiments
We evaluated the proposed approach on a suite of 55 Atari
2600 games.1 We separately trained a VAE for each do-
main by maximizing Eq. (2) using stochastic gradient as-
cent. To train the VAEs, we collected 15,000 frames by run-
ning RolloutIW(1) with B-PROST features, and split them
into a training and validation set of 14,250 and 750 images.

The encoder consists of 3 convolutional layers interleaved
with residual blocks. The single convolutional layers down-
sample the feature map by a factor of 2, and each residual
block includes 2 convolutional layers, resulting in 7 convolu-
tional layers in total. The decoder mirrors such architecture,
and uses transposed convolutions for upsampling. Further
architectural details are provided in the Appendix. The in-
ference network outputs a feature map of shape H×W ×C
which represents the approximate posterior probabilities of
the latent variables. Thus, unlike traditional VAEs where la-
tent variables do not carry any spatial meaning, in our case
they are spatially arranged (Vahdat and Kautz 2020).

As outlined in the previous section, the Bernoulli proba-
bilities computed by the encoder are thresholded, and the re-
sulting binary features are used as propositional representa-
tions for planning in RolloutIW(1), instead of the B-PROST
features. For the planning phase of VAE-IW(1), we use Roll-
outIW(1) with partial caching and risk aversion (RA) as de-
scribed by Bandres, Bonet, and Geffner (2018). With par-
tial caching, after each iteration of RolloutIW(1), the branch
of the chosen action is kept in memory. Risk aversion is at-
tained by multiplying all negative rewards by a factor α� 1
when they are propagated up the tree.

Because of their diversity, Atari games vary widely in
complexity. We empirically chose a set of hyperparame-
ters that performed reasonably well on a small subset of the
games, assuming this would generalize well enough to other
games. Following previous work (Lipovetzky and Geffner
2012; Bandres, Bonet, and Geffner 2018), we used a frame
skip of 15 and a planning budget of 0.5s per time step. We
set an additional limit of 15,000 executed actions for each
run, to prevent runs from lasting too long (note that this con-
straint is only applied to our method). We expect that better
results can be obtained by performing an extensive hyperpa-
rameter search on the whole Atari suite. See the Appendix
for further implementation details.

Main Results
In Table 1, we compare the planning performance of our
RA VAE-IW(1) to IW(1) with B-PROST features, RA Roll-
outIW(1) with B-PROST features, and human play (Liang
et al. 2015). In Figure 1, we normalize the scores of width-
based planning methods using scores from random and hu-
man play, as in Bandres, Bonet, and Geffner (2018). Note

1Code available at https://github.com/fred5577/VAE-IW
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Figure 1: Comparison of the risk-averse variants of VAE-IW(1) (ours, using VAE features) and RolloutIW(1) B-PROST (using
B-PROST features). Following Mnih et al. (2015a), the performance of both methods is normalized with respect to a profes-
sional human game tester (100% level) and random play (0%) as: 100× (VAE− random play)/(human score− random play).
RA VAE-IW(1) obtains the highest score among width-based approaches in most games, and it performs at a level that is
superior to or comparable with professional human play. The reported percentages are for VAE features.

that human play is only meant as a baseline: since humans do
not have access to a simulator, a direct comparison cannot be
made. Following the literature, we report the average score
over 10 runs, with each run ending when the game is over.
These results show that learning features purely from im-
ages, without any supervision, can be beneficial for width-
based planning. In particular, using the learned representa-

tions in RolloutIW(1) leads to generally higher scores in the
Atari 2600 domain. For reference, in Table 15 we provide an
additional comparison of our method with other related ap-
proaches. However, these significantly differ from VAE-IW
in some aspects and are therefore not directly comparable.

Note that the performance of VAE-IW depends on the
quality and expressiveness of the features extracted by the
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Algorithm Human IW RolloutIW VAE-IW
Features B-PROST B-PROST VAE

Alien 6,875 1,316 7,170 7,744
Amidar 1,676 48 1,049.2 1,380.3
Assault 1,496 268.8 336 1,291.9
Asterix 8,503 1,350 46,100 999,500*
Asteroids 13,157 840 4,698 12,647
Atlantis 29,028 33,160 122,220 1,977,520*
BankHeist 734.4 24 242 289
BattleZone 37,800 6,800 74,600 115,400
BeamRider 5,775 715.2 2,552.8 3,792
Berzerk 280 1,208 863
Bowling 154.8 30.6 44.2 54.4
Boxing 4.3 99.4 99.2 89.9
Breakout 31.8 1.6 86.2 45.7
Centipede 11,963 88,890 56,328 428,451.5*
ChopperCommand 9,882 1,760 9,820 4,190
CrazyClimber 35,411 16,780 40,440 901,930*
DemonAttack 3,401 106 6,958 285,867.5*
DoubleDunk -15.5 -22 3.2 8.6
ElevatorAction 1,080 0 40,000*
Enduro 309.6 2.6 145.8 55.5
FishingDerby 5.5 -83.8 -77 -20
Freeway 29.6 0.6 2 5.3
Frostbite 4,335 106 146 259
Gopher 2,321 1,036 8,388 8,484
Gravitar 2,672 380 1,660 1,940
IceHockey 0.9 -13.6 -12.4 37.2
Jamesbond 406.7 40 10,760 3,035
Kangaroo 3,035 160 1,880 1,360
Krull 2,395 3,206.8 2,091.8 3,433.9
KungFuMaster 22,736 440 2,620 4,550
MontezumaRevenge 4,367 0 100 0
MsPacman 15,693 2,578 15,115 17,929.8
NameThisGame 4,076 7,070 6,558 17,374
Phoenix 1,266 6,790 5,919
Pitfall -8.6 -302.8 -5.6
Pong 9.3 -20.8 -4.2 4.2
PrivateEye 69,571 2,690.8 -480 80
Qbert 13,455 515 15,970 3,392.5
Riverraid 13,513 664 6,288 6,701
RoadRunner 7,845 200 31,140 2,980
Robotank 11.9 3.2 31.2 25.6
Seaquest 20,182 168 2,312 842
Skiing -16,511 -16,006.8 -10,046.9
Solaris 1,356 1,704 7,838
SpaceInvaders 1,652 280 1,149 2,574
StarGunner 10,250 840 14,900 1,030
Tennis -8.9 -23.4 -5.4 4.1
TimePilot 5,925 2,360 3,540 32,840
Tutankham 167.7 71.2 135.6 177
UpNDown 9,082 928 34,668 762,453*
Venture 1,188 0 60 0
VideoPinball 17,298 28,706.4 216,468.6 373,914.3
WizardOfWor 4,757 5,660 43,860 199,900
YarsRevenge 6,352.6 7,848.8 96,053.3
Zaxxon 9,173 0 15,500 15,560
# > Human n/a 4 22 25
# > 75% Human n/a 4 26 28

# best in game n/a 2 14 39

Table 1: Score comparison in 55 Atari games. Scores in bold
indicate the best width-based method, and a star indicates
that the limit on executed actions was reached at least once.
RolloutIW and VAE-IW are run with risk aversion.

VAE, which in turn depend on the images the VAE is trained
on. Crucially, since we collect data by running RolloutIW
with B-PROST features, the performance of VAE-IW is con-

strained by the effectiveness of the data collection algorithm.
The VAE features will not necessarily be meaningful on
parts of the game that are significantly different from those
in the training set. Surprisingly, however, our method signif-
icantly outperforms the baseline that was used for data col-
lection, providing even stronger evidence that the compact
set of features learned by a VAE can be successfully utilized
in width-based planning. This form of bootstrapping can be
iterated: images collected by VAE-IW could be used for re-
training or fine-tuning VAEs, potentially leading to further
performance improvements. Although in principle the first
iteration of VAEs could be trained from images collected via
random play, this is not a viable solution in hard-exploration
problems such as many Atari games (Ecoffet et al. 2019).

In addition, there appears to be a significant negative cor-
relation between the average number of true features and
the average number of expanded nodes per planning phase
(Spearman rank correlation of −0.51, p-value < 0.001). In
other words, in domains where the VAE extracts on average
more true features, the planning algorithm tends to expand
fewer nodes. Thus, it could be potentially fruitful to further
investigate the interplay between the average number of true
features, the meaningfulness and usefulness of the features,
and the efficiency of the width-based planning algorithm.

Ablation Studies
The performance of VAE-IW depends on hyperparameters
of the planning algorithm and the probabilistic model. Here
we investigate the effect of some of these parameters. Tables
with full results are reported in the Appendix.

Modeling choices. One of the major modeling choices is
the dimensionality of the latent space, and the spatial struc-
tureH×W ×C of the latent variables. Both of these factors
are tightly coupled with the neural architecture underlying
the inference and generative networks. As there is no clear
heuristic, we explored different neural architectures and la-
tent space sizes. Based on the performance on a few selected
domains, we chose two representative settings, with latent
space size 15× 15× 20 and 4× 4× 200 (see the Appendix
for further details). In Table 8 we compare the performance
of RA VAE-IW(1) on these two configurations, keeping the
rest of the hyperparameters fixed as the ones used in Ta-
ble 1. While overall the 15× 15× 20 configuration leads to
a higher score in most domains, the effect of this modeling
choice seems to significantly depend on the domain.

An alternative to directly training a discrete latent variable
model is to train a continuous one and then quantize the in-
ferred representations at planning time. We investigated this
possibility by training a continuous VAE with latent space
size 15× 15× 5 and independent prior N (0, 1) for each la-
tent variable. When planning, we quantize the inferred pos-
terior means into 24 or 26 bins of equal probability under the
prior. This leads to 4 or 6 bits per latent variable, and hence
4,500 and 6,750 boolean features, respectively. In Table 9,
we observe that this approach, although generally competi-
tive, tends to be inferior to training a discrete model directly.

As previously mentioned, we consider the framework of
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β-VAEs in which β controls the trade-off between the re-
construction accuracy and the amount of information en-
coded in the latent space. For our purposes, β has to be
small enough that the model can capture all relevant details
in an image. In practice, we decreased β until the model gen-
erated sufficiently accurate reconstructions on a selection
of Atari games. Table 10 reports the performance of VAE-
IW(1) when varying β ∈ {10−4, 10−3}, and shows that the
effect of varying β depends on the domain. Intuitively, while
a higher β can be detrimental for the reconstructions and
thus also for the informativeness of the learned features, it
may lead to better representations in less visually challeng-
ing domains. In practice, one could for example train VAEs
with different regularization strengths, and do unsupervised
model selection separately for each domain by using the “el-
bow method” (Ketchen and Shook 1996) on the reconstruc-
tion loss or other relevant metrics.

Planning parameters. Regardless of the features used for
planning, the performance of VAE-IW depends on the vari-
ant of RolloutIW being used, and on its parameters. In Ta-
ble 11 we compare the average score of VAE-IW(1) with
and without risk aversion and observe that the risk-averse
variant achieves an equal or higher average score in 68% of
the domains. Table 12 shows the results of VAE-IW(1) and
RolloutIW(1) with B-PROST features, similarly to Table 1,
except that both methods are run without risk aversion. With
this modification, our method still obtains a higher average
score in the majority of games (68%).

Another crucial planning parameter is the time budget for
planning at each time step. While the main results are based
on a 0.5s budget, we also consider a 32s budget, follow-
ing Bandres, Bonet, and Geffner (2018). In Table 13 we
observe that, unsurprisingly, the 32s budget leads to better
results in most domains (79%). Interestingly, increasing the
planning budget does not seem to affect the average rollout
depth, while the average number of expanded nodes in each
planning phase grows significantly. This behaviour is consis-
tently observed in all tested domains (see Figures 2 and 3 in
Appendix) and points to the fact that increasing the planning
budget improves results mostly by allowing more rollouts.

In Table 14 we compare the average scores obtained by
VAE-IW(1) and RolloutIW(1) with B-PROST features, us-
ing a 32s planning budget. Once again, using the com-
pact features learned by a VAE seems to be beneficial, as
VAE-IW(1) obtains the highest average score in 62% of the
games. However, the margin here is smaller than in the ex-
periments with a budget of 0.5s, where VAE-IW(1) outper-
formed RolloutIW(1) B-PROST in 73% of the games.

Related Work
Variational Autoencoders (VAEs) have been extensively
used for representation learning (Kingma and Welling 2019)
as their amortized inference network lends itself naturally
to this task. In the context of automated planning, Asai and
Fukunaga (2017) proposed a State Autoencoder (SAE) for
propositional symbolic grounding. SAEs are in fact VAEs
with Bernoulli latent variables. They are trained by maxi-

mizing a modified ELBO with an additional entropy regular-
izer, defined as twice the negative KL divergence. Thus, the
objective function being maximized is the ELBO (1) with
the sign of the KL flipped. A variation of SAE, the zero-
suppressed state autoencoder (Asai and Kajino 2019), adds
a further regularization term to the propositional representa-
tion, leading to more stable features.

Zhang et al. (2018) learn state features with supervised
learning, and then plan in the feature space with a learned
transition graph. Konidaris, Kaelbling, and Lozano-Perez
(2018) specify a set of skills for a task, and automatically ex-
tract state representations from raw observations. Kurutach
et al. (2018) use generative adversarial networks to learn
structured representations of images and a deterministic dy-
namics model, and plan with graph search. Junyent, Jons-
son, and Gómez (2019) proposed π-IW, a variant of Roll-
outIW where a neural network guides the action selection
process in the rollouts, which would otherwise be random.
Moreover, π-IW plans using features obtained from the last
hidden layer of the policy network, instead of B-PROST.

Atari games have also been extensively used as a testbed
in model-free (Mnih et al. 2013, 2015b, 2016; Schulman
et al. 2017; Babaeizadeh et al. 2017; Wu et al. 2017; Espe-
holt et al. 2018; Hessel et al. 2018; Kapturowski et al. 2018)
and model-based (Oh, Singh, and Lee 2017; Holland, Talvi-
tie, and Bowling 2018; Kaiser et al. 2019; Schrittwieser et al.
2019; Badia et al. 2020) deep reinforcement learning.

Conclusions
We have introduced a novel combination of width-based
planning with learning techniques. The learning employs a
VAE to learn relevant features in Atari games given images
of screen states as training data. The planning is done with
RolloutIW(1) using the features learned by the VAE. Our
approach reduces the size of the feature set from the 20.5
million B-PROST features used in previous work in connec-
tion with RolloutIW, to only 4,500. Our algorithm, VAE-
IW, outperforms the previous methods, proving that VAEs
can learn meaningful representations that can be effectively
used for planning with RolloutIW.

In VAE-IW, the symbolic representations are learned from
data collected by RolloutIW using B-PROST features. In-
creasing the diversity and quality of the training data could
potentially lead to better representations, and thus better
planning results. One possible way to achieve this could
be to iteratively retrain and fine-tune the VAEs based on
data collected by the current iteration of VAE-IW. The qual-
ity of the representations could also be improved by using
more expressive discrete models, for example with a hier-
archy of discrete latent variables (Van Den Oord, Vinyals,
and Kavukcuoglu 2017; Razavi, van den Oord, and Vinyals
2019). Similarly, in the ablation study where we compare
this approach with quantizing continuous representations,
more flexible models (Ranganath, Tran, and Blei 2016;
Sønderby et al. 2016; Vahdat and Kautz 2020) and more ad-
vanced quantization strategies could be employed. Finally,
we can expect further improvements orthogonal to this work,
by learning a rollout policy for more effective action selec-
tion as in Junyent, Jonsson, and Gómez (2019).
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