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ABSTRACT

Unsupervised skill learning aims to learn a rich repertoire of behaviors without
external supervision, providing artificial agents with the ability to control and in-
fluence the environment. However, without appropriate knowledge and explo-
ration, skills may provide control only over a restricted area of the environment,
limiting their applicability. Furthermore, it is unclear how to leverage the learned
skill behaviors for adapting to downstream tasks in a data-efficient manner. We
present Choreographer, a model-based agent that exploits its world model to learn
and adapt skills in imagination. Our method decouples the exploration and skill
learning processes, being able to discover skills in the latent state space of the
model. During adaptation, the agent uses a meta-controller to evaluate and adapt
the learned skills efficiently by deploying them in parallel in imagination. Chore-
ographer is able to learn skills both from offline data and by collecting data simul-
taneously with an exploration policy. The skills can be used to effectively adapt
to downstream tasks, as we show in the URL benchmark, where we outperform
previous approaches from both pixels and states inputs. The learned skills also
explore the environment thoroughly, finding sparse rewards more frequently, as
shown in goal-reaching tasks from the DMC Suite and Meta-World.

Project website: https://skillchoreographer.github.io/

1 INTRODUCTION

Deep Reinforcement Learning (RL) has yielded remarkable success in a wide variety of tasks rang-
ing from game playing (Mnih et al.}|2013; Silver et al., 2016) to complex robot control (Smith et al.,
2022; |OpenAl et al., [2019). However, most of these accomplishments are specific to mastering a
single task relying on millions of interactions to learn the desired behavior. Solving a new task
generally requires to start over, collecting task-specific data, and learning a new agent from scratch.

Instead, natural agents, such as humans, can quickly adapt to novel situations or tasks. Since their
infancy, these agents are intrinsically motivated to try different movement patterns, continuously
acquiring greater perceptual capabilities and sensorimotor experiences that are essential for the for-
mation of future directed behaviors (Corbetta, 2021). For instance, a child who understands how
object relations work, e.g. has autonomously learned to stack one block on top of another, can
quickly master how to create structures comprising multiple objects (Marcinowski et al., 2019).

With the same goal, unsupervised RL (URL) methods aim to leverage intrinsic motivation signals,
used to drive the agent’s interaction with the environment, to acquire generalizable knowledge and
behaviors. While some URL approaches focus on exploring the environment (Schmidhuber, [1991}
Mutti et al. |2020; [Bellemare et al., [2016)), competence-based (Laskin et al., [2021)) methods aim
to learn a set of options or skills that provide the agent with the ability to control the environment
(Gregor et al.,|2016; [Eysenbach et al.,[2019), a.k.a. empowerment (Salge et al., 2014).

Learning a set of options can provide an optimal set of behaviors to quickly adapt and generalize
to new tasks (Eysenbach et al., 2021). However, current methods still exhibit several limitations.
Some of these are due to the nature of the skill discovery objective (Achiam et al., 2018)), struggling
to capture behaviors that are natural and meaningful for humans. Another major issue with current
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methods is the limited exploration brought by competence-based methods, which tend to commit
to behaviors that are easily discriminable but that guarantee limited control over a small area of
the environment. This dif culty has been both analyzed theoretically (Campos et al., 2020) and

demonstrated empirically (Laskin et al., 2021; Rajeswar et al., 2022).

A nal important question with competence-based methods arises when adapting the skills learned
without supervision to downstream tasks: how to exploit the skills in an ef cient way, i.e. using the
least number of environment interactions? While one could exhaustively test all the options in the
environment, this can be expensive when learning a large number of skills (Eysenbach et al., 2019)
or intractable, for continuous skill spaces (Kim et al., 2021; Liu & Abbeel, 2021a).

In this work, we propos€horeographer, an agent able to discover, learn and adapt unsupervised
skills ef ciently by leveraging a generative model of the environment dynamics, a.k.a. world model
(Ha & Schmidhuber, 2018). Choreographer discovers and learns skills in imagination, thanks to the
model, detaching the exploration and options discovery processes. During adaptation, Choreogra-
pher can predict the outcomes of the learned skills' actions, and so evaluate multiple skills in parallel
in imagination, allowing to combine them ef ciently for solving downstream tasks.

Contributions. Our contributions can be summarized as follow:

» We describe a general algorithm for discovering, learning, and adapting unsupervised skills
that is exploration-agnostic and data-ef cient. (Section 3).

» We propose aode resamplingechnique to prevent the issue of index collapse when learn-
ing high-dimensional codes with vector quantized autoencoders (Kaiser et al., 2018), which
we employ in the skill discovery process (Section 3.2);

» We show that Choreographer can learn skills both from of ine data or in parallel with
exploration, and from both states and pixels inputs. The skills are adaptable for multiple
tasks, as shown in the URL benchmark, where we outperform all baselines (Section 4.1);

» We show the skills learned by Choreographer are effective for exploration, discovering
sparse rewards in the environment more likely than other methods (Section 4.2), and we
further visualize and analyze them to provide additional insights (Section 4.3).

2 PRrRELIMINARIES AND BACKGROUND

Reinforcement Learning (RL). The RL setting can be formalized as a Markov Decision Process,
where we denote observations from the environment wittactions witha;, rewards withr;, and

the discount factor with . The objective of an RL agent is to rBaX|m|ze the expected discounted
sum of rewards over time for a given task, a.k.a. the ret@n=  ,_,,, & ' Yry. We focus

on continuous-actions settings, where a common strategy is to learn a parameterized function that
outputs the best action given a certain state, referred to as the a¢#px), and a parameterized
model that estimates the expected returns from a state for the actor, referred to as the (aitic

The models for actor-critic algorithms can be instantiated as deep neural networks to solve complex
continuous control tasks (Haarnoja et al., 2018; Lillicrap et al., 2016; Schulman et al., 2017).

Unsupervised RL (URL). In our method, we distinguish three stages of the URL process (Figure
1). During stag€i) data collection the agent can interact with the environment without rewards,
driven by intrinsic motivation. During stag@) pre-training, the agent uses the data collected to

Figure 1:Unsupervised Reinforcement Learning.The agent should effectively leverage the unsu-
pervised phase, consisting of the data collection and the pre-training (PT) stages, to ef ciently adapt
during the supervised phase, where the agent is ne-tuned (FT) for a downstream task.
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learn useful modules (e.g. a world model, skills, etc.) to adapt faster to new scenarios. Crucially,
stage(i) and(ii) need to happen in parallel for most of the previous competence-based methods
(Eysenbach et al., 2019; Liu & Abbeel, 2021a; Gregor et al., 2016; Achiam et al., 2018), as skills
discriminability is tied to the data collection process. Finally, in st@gene-tuning, the agent can
interact with the environment receiving task reward feedback and should leverage the pre-trained
modules to adapt faster to the given task.

Mutual Information Skill Learning. Option discovery can be formalized as learning a skill rep-
resentatiorz to condition skill policies (ajx; z). The objective of these policies is to maximize the
mutual information between skills and trajectories of environment observationd X ; Xt+1 ; :::0:

I(x;2)= H(x) H(«j2) [ forward Q)
H(z) H(zj x) I reverse (2)

The skill policy (ajx; z) results in a family of diversi ed policies with predictable behavior. Some
previous work uses the forward form, either considering the entkbpy) xed (Campos et al.,

2020) or estimating it through sampling-based techniques (Sharma et al., 2020; Liu & Abbeel,
2021a; Laskin et al., 2022), and learning a function mapping skills to states to estimate conditional
entropy. Other works use the reverse form, considering a xed distribution over skills, with maximal
entropyH (z), and learning a skill discriminator that maps states to skills, to estimate conditional
entropy (Achiam et al., 2018; Gregor et al., 2016; Eysenbach et al., 2019; Hansen et al., 2020).

3 CHOREOGRAPHER

Choreographer is a model-based RL agent designed for URL, leveraging a world model for discover-
ing, learning, and adapting skills in imagination. In addition to a world model, the agent learns: a) a
codebook of skill vectors, clustering the model state space, b) skill-conditioned policies, maximizing
the mutual information between latent trajectories of model states and skill codes, and c) a meta-
controller, to coordinate and adapt skills for downstream tasks, during ne-tuning. An overview of
the approach is illustrated in Figure 2 and a detailed algorithm is presented in Appendix G.

3.1 WORLD MODEL
Choreographer learns a task-agnostic world model composed of the following components:
Posterior: q (Stjst 1;a& 1;Xt); Prior: p (stjst 1;a 1); Reconstruction: p (X¢jst):

During the ne-tuning stage, the agent also learns a reward predic{otjs;). The model states;

have both a deterministic component, modeled using the recurrent state of a GRU (Cho et al., 2014),
and a discrete stochastic component (Hafner et al., 2021). The remaining modules are multi-layer
perceptrons (MLPs) or CNNs for pixel inputs (LeCun et al., 1999). The model is trained end-to-end
by optimizing an evidence lower bound on the log-likelihood of data:

Lwn = Dxe[q (stjst 1;a 1;X0)Kp (stjst 1;a 1)]  Eq (syllogp (X¢jse)l; (3)

where sequences of observationand actiong; are sampled from a replay buffer.

3.2 <ILL DISCOVERY

To discover skills that are exploration-agnostic, i.e. do not require the agent to deploy them in order
to evaluate their discriminability, we turn the skill discovery problem into a representation learning
one. We learn a skill discrete representattaon top of the model states using a VQ-VAE (van den
Oord et al., 2017). This representation aims to encode model states ilNodbées of a codebook,
learningp(zjs), as well as the inverse relation, decoding codes to model statgXsjaa.

In the skill auto-encoder, model states are rst processed into embeddings using a skill éhs)der
Then, each embedding is assigned to the closest code in the codaéBon 1:::N, through:

quantize(E(s)) = z{)  k=argmin kE(s) z{'k, (4)
J
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(b) Skill learning.

(a) Skill discovery. (c) Skill adaptation.

Figure 2: Choreographer. (a) The agent leverages representation learning to learn a codebook
of skill vectors, summarizing the model state space. (b) Skill policies are learned in imagination,
maximizing the mutual information between latent trajectories of model states and skill codes. (c)
The meta-controller selects the skills to apply for downstream tasks, evaluating and adapting skill
policies in imagination by hallucinating the trajectories of states and rewards they would obtain.

The indices are mapped back to their corresponding vectors in the codebook, from which the decoder
D (zé) reconstructs the corresponding model states. The training objective is:

L,=ks D(z{)Ki+ ksgz{) E(s)K; (5)

where s¢ ) indicates to stop gradients. The rst loss term is the reconstruction error of the decoder,
while the second term encourages the embedded vectors to stay close to the codes in the codebook.

Crucially, as opposed to most previous work (van den Oord et al., 2017; Razavi et al., 2019), we
choose to learn a single-code representation, where each model state gets assigned only one vector
in the codebook. Our skill codes can thus be seen as centroids partitioning the model state space
intoN clusters (Roy et al., 2018), so that intuitively each skill occupies one area of the state space.

Code resampling. When training single-code representations with VQ-VAE, the codebook may
suffer fromindex collaps€Kaiser et al., 2018), where only a few of the code vectors get trained due

to a preferential attachment process. One way to mitigate this issue is to use sliced latent vectors,
which assign multiple smaller codes to the same embedding (Kaiser et al., 2018; Razavi et al., 2019),
but this would imply losing the one-to-one association between codes and skills.

In order to mitigate the issue we proposeaale resamplingechnique which consists of two steps:

1. keeping track of the inactive codes during training, which is achieved by looking at the
codes to which no embedding is assigned\fbiconsecutive training batches;
2. re-initializing the inactive codes, with values of embeddiBgs) from the latest training
batch, selected with a probabili&%, wheredq( ) is the euclidean distance from
s Uq .
the closest code in the codebook, tg(E (s)) = min j21.:n KE(S) zé')kg.

The second step ensures that in eWdnbatches all the codes become active again. In Section 4.3,
we show that our technique is necessary for training large discrete skill codebooks, as it keeps all
codes active, and leads to lower training loss. We provide additional details in Appendix C.

3.3 ILL LEARNING

Choreographer learns a generative world model, which allows the agent to imagine trajectories of
future model states; = fs;; St+1 ;:::0. A major novelty of our approach is that we learn a skill rep-
resentation that is linked to model states rather than to environment observations. As a consequence,
for skill learning, we de ne the objective of Choreographer to maximize the mutual information
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between trajectories of model states and ski{ls;; z). In visual environments, this is particularly
useful as the model statgscan have a much more compact representation than observagions

We rewrite the mutual information objective in forward form as:
I ( s Z) = H( s) H( st) = H( s) + Es d ,(s);z Unif( z) [IOg p(sjz)]; (6)

where the second term usds, (s) to express the stationary distribution of model states visited

by the skill policy conditioned on the skill code and codes are sampled from a uniform distri-
bution. In order to maximize this objective with RL, we estimate the two terms to be part of an
overarching reward function. The elgtropy term is estimated using a K-NN particle-based estimator
(Singh et al., 2003), obtaining / -, logks sKNNk,. For the second term, we can rollout
skill-conditioned policies in imagination, obtaining sampled trajectories of model states, and use
the distance between the states visited and the decoded state corresponding to the conditioning skill
codez to estimate the likelihood (Goodfellow et al., 2016), obtainipge/ k D(z) sk3.

Choreographer learié code-conditioned skill policies using an actor-critic algorithm:
Iskil = Fentt Tcode Skill actor:  gi(atjst; 2); Skill critic:  vekin (St ; 2); @)

where the policies are encouraged to reach states corresponding to their skill-conditionirzg code
by thercoqe term, but at the same time are encouraged to be dynamic and visit different states in
one trajectory, by the., term. Given that the reward terms can be computed using the agent's
model, the skill actor-critics are trained in the agent's imagination, backpropagating through the
model dynamics (Hafner et al., 2021). By doing so, we are able to disentangle exploration and skill
learning, as the two processes can happen in parallel or at different times. Visualizations of the skills
learned by Choreographer are available in Figure 5 and in the videos on the project website.

3.4 <XILL ADAPTATION

Choreographer is able to learn several skill-conditioned policies in a completely unsupervised fash-
ion, leveraging representation and reinforcement learning. This feature is particularly useful during
the pre-training stage of unsupervised RL, where the agent learns both a task-agnostic world model
of the environment and a set of reusable behaviors. During ne-tuning, the agent needs to leverage
such pre-trained components in order to adapt to a downstream task in an ef cient way.

Exhaustively deploying the skill policies, a.k.a. the agent's options, in the environment, to under-
stand which ones correlate best with the downstream task, is expensive and often unnecessary.
Choreographer can again exploit its world model to deploy the skill policies in imagination.

In order to coordinate the multiple options available, Choreographer leammstacontroller a
policy over options (Precup, 2000) deciding which skill codes use to condition the skill policy:

INmeta= [task Meta-ctrl actor:  metd ZjSt); Meta-ctrl critic:  Vmetd St): (8)

The meta-controller is updated with rollouts in imagination using the task rewards from a reward
predictor, trained only at ne-tuning time. The outputs of the meta-controller's actor network are
discrete (skill) vectors and we use policy gradients to update the actor (Williams, 1992). In order to
ne-tune the pre-trained skill policies, we can backpropagate the gradients to the skill actors as well
(Kingma & Welling, 2013). As we discuss in Section 4.3, this improves performance further as the
pre-trained skills are not supposed to perfectly t the downstream task beforehand.

4 EXPERIMENTS

We empirically evaluate Choreographer to answer the following questions:

» Does Choreographer learn and adapt skills effectively for unsupervised RLPSection
4.1) We use the URL benchmark (Laskin et al., 2021) to show that, after pre-training on
exploration data, our agent can adapt to several tasks in a data-ef cient manner. We show
this holds for both training on states and pixels inputs and in both of ine and online settings.

» Do the skills learned by Choreographer provide a more exploratory initialization?
(Section 4.2) We zoom in on the Jaco sparse tasks from URLB and use sparse goal-reaching
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tasks from Meta-World (Yu et al., 2019) to evaluate the ability of our agent to nd sparse
rewards in the environment, by leveraging its skills.

» Which skills are learned by Choreographer?(Section 4.3) We visualize the diverse skills
learned, highlighting the effectiveness of the proposed resampling technique. Finally, we
discuss the “zero-shot' adaptation performance achievable when ne-tuning only the meta-
controller, with no gradients owing to the skill policies.

Implementation details and hyperparameters are provided in Appendix B and the open-source code
is available on the project website.

Baselines.For state-based experiments, we adopt the baselines from the CIC paper (Laskin et al.,
2022), which can be grouped in three categories: knowledge-based (blue in plots), which are ICM
(Pathak et al., 2017), RND (Burda et al., 2019), Disagreement (Pathak et al., 2019); data-based
(green in plots), which are APT (Liu & Abbeel, 2021b) and ProtoRL (Yarats et al., 2021); and
competence-based (red/orange in plots) APS (Liu & Abbeel, 2021a), SMM (Lee et al., 2019) and
DIAYN (Eysenbach et al., 2019). For pixel-based experiments, we compare to the strong baselines
from (Rajeswar et al., 2022), combining some of the above approaches with the Dreamer algorithm.

4.1 URL BENCHMARK

Of ine data. Choreographer decouples the exploration and skill learning processes, and can thus
learn from of ine pre-collected data. To show this, we use the pre-collected datasets of exploratory
data released in the ExORL paper (Yarats et al., 2022a). We take the rst 2M steps from the datasets
corresponding to the state-based URLB domains and use these to pre-train Choreographer of ine,
learning the world model and the skill-related components. In Figure 3, we compare the ne-tuning
performance of our method, leveraging the meta-controller at ne-tuning time, to other methods. In
particular, we show the performance when pre-training Choreographer using the data collected by
the RND approach (Burda et al., 2019). In Appendix D, we show results with different datasets.

Following (Agarwal et al., 2021), we use the interquartile mean (IQM) and optimality gap metrics,
aggregated with strati ed bootstrap sampling, as our main evaluation metrics. We nd that Chore-
ographer overall performs best on both metrics, particularly outperforming the other approaches on
the Walker and Quadruped tasks and performing comparably to CIC and ProtoRL in the Jaco tasks.
We highlight that Choreographer performs far better than the other competence-based approaches,
SMM, APS, and DIAYN, and also strongly outperforms RND, which is the strategy used to collect

its data, showing it's a stronger method to exploit the same exploratory data.

Parallel exploration. With no pre-collected data available, Choreographer can learn an exploration
policy in parallel to the skills (Mendonca et al., 2021b), to collect data and pre-train its compo-
nents. This idea is detailed in Appendix A. We use the pixel-based setup of URLB to see how the
performance evolves over time as the size of the pre-training data buffer grows.

In Figure 4, we show the performance of Choreographer, collecting data with an exploration policy
based on the LBS exploration approach (Mazzaglia et al., 2021) and learning skills simultaneously.
The agents are being tested at different times during learning, taking snapshots of the agent at 100k,

Figure 3: Of ine state-based URLB. On the left, Choreographer (ours), pre-trained with of ine
exploratory data, performs best against baselines, both in terms of IQM and Optimality Gap. On the
right, mean and standard deviations across the different domains of URLB are detailed (10 seeds).
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