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Abstract

The ability to separate signal from noise, and
reason with clean abstractions, is critical to in-
telligence. With this ability, humans can effi-
ciently perform real world tasks without consider-
ing all possible nuisance factors. How can artifi-
cial agents do the same? What kind of information
can agents safely discard as noises? In this work,
we categorize information out in the wild into four
types based on controllability and relation with
reward, and formulate useful information as that
which is both controllable and reward-relevant.
This framework clarifies the kinds information
removed by various prior work on representation
learning in reinforcement learning (RL), and leads
to our proposed approach of learning a Denoised
MDP that explicitly factors out certain noise dis-
tractors. Extensive experiments on variants of
DeepMind Control Suite and RoboDesk demon-
strate superior performance of our denoised world
model over using raw observations alone, and
over prior works, across policy optimization con-
trol tasks as well as the non-control task of joint
position regression.

Project Page: ssnl.github.io/denoised_mdp
Code: github.com/facebookresearch/denoised_mdp

1. Introduction

The real world provides us a plethora of information, from
microscopic physical interactions to abstracted semantic
signals such as the latest COVID-19 news. Fortunately,
processing each and every signal is unnecessary (and also
impossible). In fact, any particular reasoning or decision
often only relies on a small portion of information.

Imagine waking up and wanting to embrace some sunlight.
As you open the curtain, a nearby resting bird is scared

'MIT CSAIL 2University of Washington *UC Berkeley “Meta
Al Correspondence to: Tongzhou Wang <tongzhou@mit.edu>.
Work done while Tongzhou Wang was an intern at Meta Al

Proceedings of the 39" International Conference on Machine
Learning, Baltimore, Maryland, USA, PMLR 162, 2022. Copy-
right 2022 by the author(s).

' Phillip Isola' Amy Zhang3“ Yuandong Tian*

Reward-
Irrelevant

Reward-
Relevant

O

Uncontrollable

I ‘\

cesmmmmvE
Controllable s, g Wy |
e

.3
m

(a) GOAL: Letting in as much sunlight as possible.
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(b) Optimal control only relies on information that is both
controllable and reward-relevant. Good world models
should ignore other factors as noisy distractors.

Figure 1: Illustrative example: (a) Four distinct kinds of infor-
mation in the scenario described in Section 1, where the person
desires to increase the amount of sunlight let into the room. Their
opening of the curtain scares away the bird. (b) A denoised world
model only includes a small subset of all information.

away and you are pleasantly met with a beautiful sunny day.
Far away, a jet plane is slowly flying across the sky.

This may seem a simple activity, but in fact highlights four

distinct types of information (see Figure 1), with respect to

the goal of letting in as much sunlight as possible:

¢ Controllable and reward-relevant: curtain, influenced
by actions and affecting incoming sunlight;

¢ Controllable and reward-irrelevant: bird, influenced
by actions but not affecting sunlight;

* Uncontrollable and reward-relevant: weather, indepen-
dent with actions but affecting sunlight;

* Uncontrollable and reward-irrelevant: plane, indepen-
dent with both actions and the sunlight.

Our optimal actions towards the goal, however, only in fact
depend on information that is controllable and reward-
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relevant, and the three other kinds of information are merely
noise distractors. Indeed, no matter how much natural
sunlight there is outside, or how the plane and the bird
move, the best plan is always to open up the curtain.

When performing a particular task, we humans barely think
about the other three types of information, and usually only
plan on how our actions affect information that is control-
lable and reward-relevant. Our mental model is an abstract
and condensed version of the real world that is actually bet-
ter suited for the task.

The notion of better model/data is ubiquitous in data science
and machine learning. Algorithms rarely perform well on
raw noisy real data. The common approach is to perform
data cleaning and feature engineering, where we manually
select the useful signals based on prior knowledge and/or
heuristics. Years of research have identified ways to extract
good features for computer vision (Lowe, 1999; Donahue
et al., 2014), natural language processing (Elman, 1990;
Mikolov et al., 2013), reinforcement learning (RL) (Ma-
hadevan & Maggioni, 2007; Bellemare et al., 2019), etc.
Similarly, system identification aligns real observation with
a predefined set of abstract signals/states. Yet for tasks in the
wild (in the general form of (partially observable) Markov
Decision Processes), there can be very little prior knowledge
of the optimal set of signals. In this work, we ask: can we
infer and extract these signals automatically, in the form of
a learned world model?

The general idea of a mental world model have long been un-
der active research in philosophy and social science (Craik,
1952; Dennett, 1975), cognitive science, where an intuitive
physics model is hypothesized to be core in our planning
capabilities (Spelke & Kinzler, 2007), and in reinforcement
learning, where various methods investigate state abstrac-
tions for faster and better learning (Sutton, 1991; 1981).

In this work, we explore this idea within the context of
machine learning and reinforcement learning, where we
aim to make concrete the different types of information
in the wild, and automatically learn a world model that
removes noise distractors and is beneficial for both control
(i.e., policy optimization) and non-control tasks. Toward
this goal, our contributions are

* We categorize information into four distinct kinds as in
Figure 1, and review prior approaches under this frame-
work (Section 2).

* Based on the above framework, we propose Denoised
MDPs, a method for learning world models with certain
distractors removed (Section 3).

* Through experiments in DeepMind Control Suite and
RoboDesk environments, we demonstrate superior per-
formance of policies learned our method, across many
distinct types of noise distractors (Sections 5.1 and 5.2).

* We show that Denoised MDP is also beneficial beyond
control objectives, improving the supervised task of robot
joint position regression (Section 5.1).

2. Different Types of Information in the Wild

In Section 1, we illustrated the four types of information
available in the wild w.r.t. a task. Here we make these
notions more concrete, and relate them to existing works.

For generality, we consider tasks in the form of Markov
Decision Processes (MDPs), described in the usual manner:
M , (S;A;R;P;ps,) (Puterman, 1994), where S is the
state space, A is the action space, R: S ¥ ([0; Fmax])
defines the reward random variable R(s") received for ar-
riving atstate s 2 S, P: S A ¥ (S) is the transition
dynamics, and ps, 2 (S) defines the distribution of initial
state. We use (A) to denote the set of all distributions
over A. P and R define the most important components
of a MDP: the transition dynamics P[s’ j s;a] and the re-
ward function P[r j s']. Usually, the objective is to find a
policy :S ¥ (A) acting based on current state, that
maximizes the expected cumulative (discounted) reward.

Indeed, MDPs provide a general formulation that encom-
passes many tasks. In fact, the entire real world may be
viewed as an MDP with a rich state/observation space S
that contains all possible information/signal. For an artifi-
cial agent to successfully perform real world tasks, it must
be able to process observations that are incredibly rich and
high-dimensional, such as visual or audio signals.

We characterize different types of information in such ob-
servations by considering two intuitive notions of “noisy
and irrelevant” signals: (1) uncontrollable information and
(2) reward-irrelevant information. Such factors can often be
ignored without affecting optimal control, and are referred
to as noise distractors.

To understand their roles in MDPs, we study different for-
mulations of the transition dynamics and reward functions,
and show how different structures naturally leads to decom-
positions that may help identify such distractors. Removing
these distractors can thus transform the original noisy MDP
to a clean denoised one, to be used in downstream tasks.

For starters, the most generic transition model in Figure 2a
has little to no structure. The state S can contain both the
useful signals and noise distractors. Therefore, it is not
directly useful for extracting important information.

2.1. Controllability

Intuitively, if something is not controllable, an agent might
be able to do well without considering it. Yet it is not enough
to only require some variable to be unaffected by actions
(e.g., wind directions should not be ignored while sailing).
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(c) Transition that factorizes out uncontrol-
lable y and reward-irrelevant z.

(b) Transition that factorizes out uncontrol-
lable information in and Y r.

(a) Transition without useful structure.
S may contain any type of information.
Figure 2: MDP transition structures consisting of dynamics and reward functions. Unlike the regular structure of (a), (b, ¢) factorized (yet
still general) structures inherently separate information into controllable (Ctrl) versus uncontrollable (Ctrl), and reward-relevant (Rew)
versus reward-irrelevant (Rew). Presence of a variable in a cell means possible containing of respective information. E.g., in (¢), Z can
only contain reward-irrelevant information. In (b, ¢), the X dynamics form an MDP with less noise and sufficient for optimal planning.

Our Denoised MDP (see Section 3) is based on these two factorizations.

Instead, we focus on factors that simply evolve on their own,
without influencing or being influenced by others.

Not all such information can be safely ignored, as they
still may affect reward (e.g., traffic lights when driving).
Fortunately, in the usual objective of maximizing expected
return, we can ignore ones that only additively affect reward.

Concretely, if an MDP transition can be represented in the
form of Figure 2b, we say variables Y and Yr are uncontrol-
lable information, as they evolve independently of actions
and do not affect controllable X. Here yr (additively) af-
fects reward, but can be ignored. One can safely discard
both and YR as noise distractors. Operating with the
compressed MDP of only X is sufficient for optimal control.

2.2. Reward-Relevance

Among controllable information, there can still be some that
is completely unrelated to reward. In Figure 1, the bird is
affected by the opening curtain, but is irrelevant to the task
of letting in sunlight. In such cases, the information can be
safely discarded, as it does not affect the objective.

If an MDP transition can be represented in the form of
Figure 2c, we say z is reward-irrelevant because it evolves
by potentially using everything (i.e., all latent variables and
actions), but crucially does not affect anything but itself.

Similar to uncontrollable information, z (and y) is a noise
distractor that can be discarded. The compressed MDP of
only X contains all signals needed for optimal control.

2.3. Which Information Do Existing Methods Learn?

In RL, many prior work have explored state abstractions in
some form. Here we cast several representative ones under

Reconstruction-Based RewRew
Model-Based RL Ctrl| vV | /
(e.g., SLAC (Lee et al., 2019), ~ Model-Based
Dreamer (Hafner et al., 2019a)) Ctrl| v/ | /
Rew Rew
Bisimulation ctil v [ x
(e.g., Ferns et al. (2004), Model-Free
Castro (2020), Zhang et al. (2020)) Cull v/ | X
Rew Rew
Task Informed 2
Abstractions (TIA) Model-Based M| ?
(Fu et al., 2021) Cull v | 2
RewRew
Denoised MDP
(Figure 2b variant) Model-Based Cul| V| /
(Our method from Section 3) Cuill X
RewRew
Denoised MDP
(Figure 2¢ variant) Model-Based Cul | v
(Our method from Section 3) Cul X | X

Kept Reduced

Depending on how the information
| is integrated in observations

Information Grid Legend:

Figure 3: Categorization of information learned and removed by
various methods with distinct formulations.

the framework described above, and show which kinds of
information they learn to remove, summarized in Figure 3,
together with our proposed method (explained in Section 3).
Below we discuss each prior work in detail.

Reconstruction-Based Model-Based RL. Many model-
based RL methods learn via reconstruction from a single
latent code, often as a result of a variational formulation
(Hafner et al., 2019a;b; Lee et al., 2019). The latent code
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must try to compress all information present in the observa3. Denoised MDPs

tion, and necessarily contains all types of information. i i
Figures 2b and 2c show two special MDP structures that au-

Bisimulation.  Bisimulation de nes a state abstraction tomatically identify certain information that can be ignored,
where states aggregated together must have the same gavingx as the useful information (which also forms an
pected return and transition dynamics up to the abstrag4DP). This suggests a naive approach: directly tting such
tion (Givan et al., 2003), and is known to optimally ignore structures to collected trajectories, and then extxact

reward-irrelevant information (Ferns et al., 2004). While its )
However, the same MDP dynamics and rewards can be

continuous version, bisimilation metric, is gaining popular—d dasFi oband 2¢| giff |
ity, learning them is computationally dif cult (Modi et al., ecomposed as Fgures b and £ In many dl ergntyvays. n
the extreme case, may even contain all information in the

2020). Even with many additional assumptions, it is gen- h . hel I
erally only possible to learn an on-policy variant that loses@W states, and such extraction may not help at all. Instead,

the above guarantee (Castro, 2020; Zhang et al., 2020). W€ desire a twith theminimalx, de ned as being least
informative ofs (so that removal of the other latent variables

Task Informed Abstractions (TIA).  TIA (Fu et al.,  discards the most information possible). Concretely, we
2021) extends Dreamer by modelling two independent laaim for a t with least! (fx.g/-; ;fsigi=; j fagl-, ), the
tent MDPs, representing signal and noise. The noise latefhutual informatiorx contains abous overT steps. Then

is enforced to be independent with reward and reconstrugtom this t, we can extract a minimabenoised MDFPof

the observation as well as possible. Reconstructions froranly x. For notation simplicity, we use bold symbols to
each latent are composed together using an inferred masienote variable sequences, and thus write, B(g.,s j a).

in pixel-space, to form the full reconstruction for the re- . ) . . .
construction loss. Because of its special structure, TIA Carll:’ractlcally, we consider regularizing model- tting with

removereward-irrelevantnoise distractors that are present I (X_; S a)r'] AS v;:e shot\)/:/_ bhelgw, thls_ am?ugfts tq a mo?' )
via pixel-wise composing two images fromdependent cation to the well-established variational objective (Hafner

processes (e.g., agent moving on a noisy background), bt al., 2019a). The resulting method is easy-to-implement

not general ones (e.g., a shaky camera affecting both thé&t ef:]ecuv_e,.en{afbllng tlzlegn removalr?f VZT'OUS n0|Sse distrac-
agent and the noisy background). tors the original formulation cannot handle (see Section 5).

We instantiate this idea with the structure in Figure 2c. The
r{-‘[ﬁigure 2b formulation can be obtained by simply removing
thez components and viewingas combinedr and

Predictive Information, Data Augmentation, etc. An-
other set of researches learn state representation that o
contains information useful for predicting future states (e.qg.,
CPC (Oord et al., 2018) and PI-SAC (Lee et al., 2020)) orThe transition structure is modeled with components:
augmented views of the current state (e.g., CURL (Laskin (x0)

et al., 2020b)). These methods not guarantegemoval of P, p (Xejxt 178) (x dynamics)
any of the three redundant piece of information identi ed P (ry j Xt) (x reward)
above. Non-i.i.d. noises (e.g., people moving in background) ) . )

are predictive of future and may be kept by CPC and PI- P P (e 1y 1) (y dynamics)
SAC. The performance of augmentation-based methods can p(ryjw) (y reward)
critically rely on speci c types of augmentation used and 7 Lo ) .

relevance to the tasks. As we show in experiments (see Sec- 0 p @ixiyiz 1a) (z dynamics)
tion 5), indeed they struggle to handle certain noise types. P (St Xt:Vt:zt): (obs. emission)

Consider training data in the form of trajectory segments
s;a;r sampled from some data distributiqQy, (€.9.,
The above framework is suf cient for characterizing most stored agent experiences from a replay buffer). We perform
prior work and related tasks, and can also be readily exnodel learning by minimizing the negative log likelihood:
tended with further factorized transition structures. E.g., if o .

an independent process confounds a signal process and a Lvme( ), Esair paa 0GP (SiTj Q) :

noise process, tting the Figure 2c structure must group allTo obtain a tractable form, we jointly learn three variational
three processes into(to properly model the dependencies). posterior components (i.e., encoders):

However, a further factorization shows that only considering %0) ) _ _ o .

the signal and the confounding processes is theoretically 9 » @ (XtiXt 1;¥t 1,2 1;8;&)  (x posterior)
;L:)frzent for control. We leave such extensions as future q(y‘) L g (X uYe 12 usca) (v posterior)

q

2.4. Possible Extensions to Further Factorizations

) g (2 xS a); (z posterior)
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whose product de nes the posterigr(x;y;z j s;a)*. We Algorithm 1 Denoised MDP
choose this factorized form based on the forward (prior
model structure of Figure 2c.

4nput: Modelp . Posterior encodey . Policy : X! ( A).
Policy optimization algorithm ROPT.
Then, the model can be optimized w.r.t. the standard varigutput: Denoised MDP ok in p ; Encoder ; Policy .

tional bound on log likelihood: 1: while trainingdo
2:
Lme( )=min E E | log p (S;[{i'x;y;z;j a; 2 Collect trajectories with acting onq encoded outputs
s;a;r Xizo
4 Usiain . Lrecon(: ) 5: Sample a batch ¢&; a; r) segments from reply buffer
X X 6: Trainp andqg with Equation (4) or(s;a;r)
+ DKL q(xt) p(xt) + DKL q(Yt) p(Yt) 7:
lzl [=1 8: Samplex g (xjs;a); Computery = E[p (rx jx)]
{z } {z } 9:  Train by running R-OPToN(x;a;fx)
v L (5 ) v Ly (5 ) 10: end while
X
+ DuL q(Zt) p(Zt) ; (1)
= {z }
N rameters:
, Lre2(5 )

MinLrecont  (Lki-x + Lki—y + Lki-z); (4
where equality is attained by optimgl that is compatible ;o reeon (L KL k)i (4)

withp , i..,q is the exact posterior ¢f . where ; in arguments are omitted, and the hyperparame-

The mutual information regularizér(x;s j a), using a tersare > 0and0 < 1. Here is bounded, where
variational formulation, can be written as =1 represents no regularization.is also generally small

I(x:sja)=min Lie(: ): @) and simply chosen according to the state-space dimensional-

' oAb ity (see the appendix; 2 f 1; 2gin our experiments). This

form is justi ed from the observation that in practice we
use isotropic Gaussians with xed variance to parameter-
ize the distributions of observatign(sj :::) and reward
Therefore, for a regularizer weight of 0, we can opti- p (r j :::), where scaling log likelihoods is essentially
mize Equations (1) and (2) together as changing the variance hyperparameter. Thus, Equation (4)
is effectively a scaled Equation (3) with different variance
hyperparameters.

with equality attained wheq andp are compatible. The
appendix describes this derivation in detail.

minLme( )+ ¢ 1(x;sja)

=mi : + + -x (3
min Lrecon( )+ (1+ 0 Liax(G ) Online algorithm with policy optimization.  The model
+ Ly (5 )+ Lee2(5 ) (3)  tting objective of Equation (4) can be used in various set-

Recall that we t to the true MDP with the structure of Fig- tings, e.g., of ine over a collected trajectory dataset. With-

o : ~ _out assuming existing data, we explore an online setting,
ure 2c, which inherently guarantees all useful information . . .
where the training process iteratively performs (1) explo-

in thex latent variable. As the regularizer ensures learning _.. . . S
- ation, (2) model- tting, and (3) policy optimization, as
theminimalx latents, the learned model extracts an MDP of \ : ;e
shown in Algorithm 1. The policy : X ! ( A) soley

condensed useful information with as thedenoisedstate operates on the Denoised MDP>afwhich has all infor-

0 . . . .
spacep (x7j x; a) as the tre_msmon f:lynamlcp, (" J.XO) mation suf cient for control. For policy optimization, the
as the reward function. This MDP is called thenoised . N

learned posterior encodgr (x j s;a) is used to extract

MDP, as it discards the noise distractors containegamd x information from the raw trajectoris; a: r ), obtaining

z. Additionally, we also obtaig (x j s;a) as the encoder - . : )

: . : . transition sequences X space. Paired with the (ry j x)
mapping from raw noisy observatiarto the denoised. o : .

rewards, we obtai(x ; a;ry) as trajectories collected from

A loss variant for improved stability. ~ When using a the Denoised MDP or. Any general-purpose MDP policy
largec 0 (e.g. when the environment is expected to beoptimization algorithm may be employed on these data, such
very noisy), Equation (3) contains to a term with a largeas Stochastic Actor-Critic (SAC) (Haarnoja et al., 2018). We
weight. Thus Equation (3) often requires learning rates t@an also utilize the learneatifferentiableDenoised MDP,
be tuned for different. To avoid this, we use the following e.g., optimizing policy by backpropagating through addi-
loss form that empirically has better training stability andtional roll-outs from the model, as is done in Dreamer.

does not require tuning learning rates w.r.t. other hyperp:’v\/h”e presented in the fully observable setting, Denoised

'Following Dreamer (Hafner et al., 2019a), we de ne pos-MDP readily handles partial observability without extra
terior of rst-step latentsg (X1;y1;21 j S1) , g (5 ; ] changes. In the appendix, we discuss this point in detalils,
0;0;0;s1;0), where0 is the all zeros vector of appropriate size. and provide a guideline for choosing hyperparameters.
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4. Related Work Environments. We choose DeepMind Control (DMC)
Suite (Tunyasuvunakool et al., 2020) (Section 5.2) and

) ; oboDeskKannan et al., 2021) (Section 5.1) with image
world model and a policy. Such methods often enjoy goo bservations, where we explore adding various noise dis-

sample ef ciency on RL tasks with rich observations. Sometractors. Information types in all evaluated environments are

formulations rely on strong assumptions, €.g., determ'r"St'(E:ategorized in Table 2 of the appendix. Tasks include control

trans_it_ion_in DeepMDP (Gelada et al., 2019) and bi”near(policy optimization) and a non-control task of regressing
transition in FLAMBE (Agarwal et al., 2020). Most general- robot joint position fromRoboDeskmage observations.
setting methods learn with a reconstruction-based objective

(Hafner et al., 2019b; Kim et al., 2020; Ha & Schmidhuber,Methods. We compare not only model-based RL meth-
2018; Lee et al., 2019). Among them, Dreamer (Hafneiods, but also model-free algorithms and general representa-
et al., 2019a) trains world models with a variational formu-tion learning approaches, when the task is suited:

lation and optimizes policies by backpropagating through. Model Learning: Denoised MDP (our method),
latent-space rollouts. It has proven effective across a va- preamer (Hafner et al., 2019a), and TIA (Fu et al., 2021);
riety of environments with image observations. However, Model-Free: DBC (Zhang et al., 2020), CURL (Laskin
such reconstruction-based approaches can struggle with the et al., 2020b), PI-SAC (Lee et al., 2020) (without data
presence of noise distractors. TIA (Fu et al., 2021) partially augmentation for a fair comparison of its core predictive
addresses this limitation (see Section 2.3) but can not handle information regularization against other non-augmenting

general distractors, unlike our method. methods), and SAC on true state-space (Haarnoja et al.,
Representation Learning and Reinforcement Learning. 2018) (instead of using image observation space, this is a
Our work automates selecting useful signals from noisy rough “upper bound”);

MDPs by learning denoised world models, and can be. General Image Representation Learning for Non-
viewed as an approach for learning general representations Control Tasks: Contrastive learning with the Align-
(Donahue et al., 2014; Mikolov et al., 2013; He et al., 2019; ment+Uniformity loss (Wang & Isola, 2020) (a form of

Huh et al., 2016). In model-free RL, various methods learn contrastive loss theoretically and empirically comparable
state embeddings that are related to value functions (Schaul to the popular InfoNCE loss (Oord et al., 2018)).

et al., 2015; Bellemare et al.,.2019), transition dynamic%\/Iodel-learning methods can be used in combination with
(Mahadevan & Maggioni, 2007; Lee et al., 2020), recent acz ., holicy optimization algorithm. For a complete com-
tion (Pathak et al., 2017), bisimulation structure (Ferns et al

_ _ , q}%arison for general control, we compare the models trained
2004; Castro, 2020; Zhang et al., 2020), data augmentatio ith these two policy learning choices: (1) backpropagating

(Laskin etal., 2020[:,)) etc..R'ecentIy, Eysenbach et aI'. (202]\)ia the learned dynamics and (2) SAC on the learned la-
proposes a regularizer similar to ours but for the dlf'ferenttent space (which roughly recovers SLAC (Lee et al., 2019)

purpose of robust compressed policies. The theoretical Wo%hen used with an unfactorized model such as Dreamer).
by Efroni et al. (2021) is closest to our setting, but does not

yield a practical algorithm and only discusses distractordlost compared methods do not apply data augmentations,
that are both uncontrollable and reward-irrelevant. which is known to strongly boost performance (Yarats et al.,
o . 2021; Laskin et al., 2020a). Therefore, for a fair comparison,
System Identi cation.  Our work is related to system e rn pj.sAQwithout augmentatioto highlight its main

identi cation, where an algorithm infers from real world an- ¢y tion—representation of only predictive information.
abstract state among a prede ned limited state space, e.g.,

pose estimation (R za Alp Giiler, 2018; Yen-Chen et al.All results are aggregated from 5 runs, showing mean and

2021) and material estimation (Hahn et al., 2019). Suctstandard deviations. The appendix contains more details,
results are useful for robotic manipulation (Manuelli et al.,hyperparameter studies, and additional results. The supple-
2019), image generation (Gu et al., 2019), etc. Our setting isnentary video shows clearer video visualizations.

not limited to a prede ned abstract state space, but instea@lor Denoised MDP, we use the Figure 2b variant. Empiri-
focuses on automatic discovery of such valuable states. . the Figure 2¢ variant leads to longer training time and

sometimes inferior performance (perhaps due to having to
5. Experiments optimize extra components and t a more complex model).

. . ) . The appendix provides a comparison between them.
In this section, we contrast our method with existing ap-

proaches on environments with image observations ang 1 RoboDeskvith Various noise distractors

many distinct types of noise distractors. Our experiments

are designed to include a variety of noise distractors and téVe augmenRoboDeslenvironment with many noise dis-
con rm our analysis on various methods in Section 2.3.  tractors that models realistic noises (e.g., ickering lights

Model-Based Learning for Control jointly learns a
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Figure 4: Visualization of learned models feRoboDesky using decoders to reconstruct from encoded latents. For TIA and Denoised
MDP, we visualize how they separate information as signal versus noise. In eachirainghanges over frames is the information
modeled by the corresponding latent componEgng., in the bottom row, only the TV content, camera pose and lighting condition change,

so Denoised MDP considers these factors as noises, while modelling the TV hue as signal. See our website for clearer video visualizations.

and shaky camera). Most importantly, we place a large TMnformation is modeled as noises (see Kase row). We
in the scene, which plays natural RGB videos. A greerrecommend viewing video visualizations on our website.
button on the desk controls the TV's hue (and a light on theDenoised models improve policy learning. Figure 4
desk). The agent is tasked with using this button to shift the :

TV to a green hue. Its reward is directly affected by hOWaIso shows the total episode return achieved by policies
. . . learned with each of the three models, where the cleanest
green the TV image is. The rst row of Figure 4 shows a

trajectory with various distractors annotated. All four typesmOdel from Denoised MDP achieves the best performance.

of information exist (see Table 2), with the controllable andAggregatlng oveb runs, the complgte COmMPArison I F|g.-
: . . ure 5 shows that Denoised MDP (with backpropagating via
reward-relevant information being the robot arm, the green

button, the light on the desk, and the TV screen green-nes%yna.lmlcs) generally outperforms all baselines, suggesting
that its clean models are helpful for control.

Only Denoised MDP learns a clean denoised model. .
) . : : enoised models bene t non-control tasks. We evalu-
Using learned decoders, Figure 4 visualizes how the mod-, : .
ate the learned representations @upervised non-control

els captures various information. As expected, Dreame ; L I
. : . ask—regressing the robot arm joint position from observed
model captures all information. TIA also fails to separate. ; : ;
) . : : images. Using various pretrained encoders, we netune
any noise distractors out (thdoise row fails to capture

anything). likely due to its limited ability to model differ- on a labeled training set, and measure mean squared error

. . ﬁMSE) on a heldout test set. In addition to RL methods, we
ent noises. In contrast, Denoised MDP cleanly extracts a . . :
compare encoders learned via general contrastive learning

contrpllable and reward-relevant mformatlon as S|gnals—On the same amount of data. In Figure 6, Denoised MDP
the Signal row only tracks change@ robot arms, green ; :
representations lead to best converged solutions across a

button and light, and the TV screen green-ness. All other . L : : o
wide range of training set sizes, achieve faster training, and
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Figure 5: Policy optimization oRoboDeskWe give state-spaceFigure 6: Performance of netuning various encoders to infer joint

SAC a less noisy reward so it can learn (see appendix). position fromRoboDesknage observation.
Policy Learning: Backprop via Dynamics Policy Learning: SAC (Latent-Space) PI-SAC CURL State-Space SAC
Denoised MDP  Dreamer TIA Denoised MDP  Dreamer TIA (NoAug.)  (Use Aug.) (Upper Bound)
Noiseless 801.4+ 966 848.6:1371 769.7+ 971  587.1+ 987 575.4+1462 480.2+1255 297.4+725 246.4+56.6 417.3:1832  910.3+ 282

Video Background  597.7:117.8 227.8:1027 407.1:+2254  309.8:1530 188.7+ 782 318.1+1237 188.0+67.4 131.7+201  478.0:1135  910.3+ 282

Video Background
+ Noisy Sensor

Video Background
+ Camera Jittering

563.1+1430 212.4+ 897 261.2:+2004  288.2+1234 218.2+ 581 197.3x1242 79.9+360 152.5+126 354.3:1199  919.8:1007

254.1+ 1142 98.6+ 277 151.7+1605 186.8:+ 477 105.2+ 338 126.5+1256 68.0x384 91.6+ 76 390.4+ 649 910.3+ 282

Table 1: DMC policy optimization results. For each variant, we aggregate performance across three tasks (Cheetah Run, Walker Walk,
Reacher Easy) by averaging. Denoised MDP performs well across all four variants with distinct noisBtygesimbers show the

best model-learning result for speci c policy learning choices, or the best overall resuta®era Jittering, Denoised MDP greatly
outperforms all other methods except for CURL, which potentially bene ts from its speci ¢ data augmentation choice (random crop) on
this task, and can be seen as using extra information (i.e., knowing the noise distractor form). In fact, Denoised MDP is the only method
that consistently performs well across all tasks and noise variants, which can be seen from the full results in the appendix.

avoid over tting when the training setis small. DBC, CURL is reward-relevant noise that it cannot model, and the lat-
and PI-SAC encoders, which take in stacked frames, are naer (although reward-irrelevant) cannot be represented by
directly comparable and thus absent from Figure 6. In thenasking. Furthermore, it fails on Reacher Easy Wiitheo
appendix, we compare them with running Denoised MDPBackground, where the reward is given by the distance
encoder on each frame and concatenating the output felaetween the agent and a randomly-located ball. TIA encour-
tures, where Denoised MDP handily outperforms both DBCages its noise latent to be independent of reward, but does

and CURL by a large margin. not prevent it from capturing the controllable agent. These
failures lead to either TIA trying to model everything as
5.2. DeepMind Control Suite (DMC) useful signals, or a badly- t model (e.g., wrong agent pose

in the last column). In contrast, Denoised MDP separates

To evaluate a diverse set of noise distractors, we consid(:‘dut noise in all cases, obtaining a clean and accurate MDP
four variants for each DMC task (see Figure 7 top row): (its Signal rows only have the agent moving).

» NoiselessOriginal environment without distractors. . . . . .
Denoised models consistently improve policy learning.

* Video Background: Replacing noiseless background \yie evaluate the learned policies in Table 1, where results
with natural videos (Zhang et al., 202@t(l + Rew). are aggregated by the noise distractor variant. Other meth-

* Video Background + Sensor Noiselmperfect sensors  ods, while sometimes handling certain noise types well,
sensitive to intensity of a background pat€hr{ + Rew).  struggle to deal with all four distinct variants. TIA, as ex-

« Video Background + Camera Jittering: Shifting the  pected, greatly underperforms Denoised MDP urigisy
observation by a smooth random waki(l + Rew). Sensoror Camera Jittering. CURL, whose augmentation

Denoised MDP consistently removes noise distractors. c1°ice potentially helps handlirgamera Jittering, under-

In Figure 7, TIA struggles to learn clean separations in man)performs in other three variants. In contrast, Denoised MDP

settings. Consistent with analysis in Section 2.3, it cannoP?!liciesconsistenthyperform well for all noisy variants and
handleSensor Noiseor Camera Jittering, as the former also the noiseless setting, regardless of the policy optimizer.
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Figure 7: Visualization of the different DMC variants and factorizations learned by TIA and Denoised MDP. E.g., Hott@mmow often
shows a static agent but varying background, indicating that only the background is modeled as noises in Denoised MDP. Visualizations
of full reconstructions are in appendix. See our website for clearer video visualizations.

Model-based approaches have a signi cant lead over ther reward-irrelevant in distinction to prior works. Empiri-
model-free ones, as seen from the DBC results in Table &ally, it effectively identi es and removes a diverse set of
and the well-known fact that direct model-free learning onnoise types, obtaining clean denoised world models (Sec-
raw image observations usually fails (Laskin et al., 2020ation 5). It may serve as an important step towards ef cient
Kostrikov et al., 2020; Yarats et al., 2021). These resultdearning of general tasks in the noisy real world. Our ex-
show that learning in a world model is useful, and thatperiments also highlight bene ts of cleanly denoised world
learning in a denoised world model is even better. models on both standard control tasks as well as non-control
tasks. The success in both cases highlights the general use-
fulness of such models. Given the generality of MDPs, this
opens up the possibility of casting non-RL tasks as MDPs
In this work we explore learning denoised and compressednd automatically learn representations from denoised world
world models in the presence of environment noises. models, as an alternative to manual feature engineering.

6. Implications

As a step towards better understanding of such noises, we

categorize of information in the wild into four types (Sec-Acknowledgements
tion 2). Thls provides a fra_me\_/vorl_< to contrast and under\-Ne thank Jiaxi Chen for the beautiful Figure 1 illustration.
stand various methods, highlighting where they may b

. : . e thank Daniel Jiang and Yen-Chen Lin for their helpful
successful and where they will suffer (Section 2.3). Insights . .
) X g . . comments and suggestions. We are grateful to the following
gained this way empirically agrees with ndings from exten-

. . . . . grganizations for providing computation resources to this
sive experiments (Section 5). It can potentially assist betterroject: IBM's MIT Satori cluster, MIT Supercloud cluster,

algorithm design and analysis of new MDP representatio . . .
methods, as we have done in designing Denoised MD%nlc\i/lEroogle Cloud Computing with credits gifted by Google

(Section 3). We believe that this categorization will be a
useful framework for investigation on learning under noises,
revealing not just the (conceptual) success scenarios, but
also the failure scenarios at the same time. Additionally, the
framework can be readily extended with more sophisticated
factorizations (Section 2.4), which can lead to correspond-
ing Denoised MDP variants and/or new algorithms.

Based on the framework, our proposed Denoised MDP nov-
elly can removall noise distractors that atexcontrollable
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A. Denoised MDP Discussions
A.1. Loss Derivation

To apply our mutual information regularize¢x ;s j a), we can consider a form using another variational distribution
(see, e.g., Poole et al. (2019)),

I(x;sja)=min EaE, (sja) [Dke(p (x js;a) k (xja))
min EaEq (sja) [DkL(q (X js;a) k (x ] a))] (assumey is roughly the posterior gf )
=min Lx(; 9: (5)

The assumption that is roughly the posterior gf is acceptable because it is the natural consequence of optimizing the
variational MLE objective in Equation (1) over

Alternatively, we can consider the Ml de ned by a joint conditional distributivfx ; s j a) not from the forward modg ,

but from the data distribution and posterior mode(x j s;a). This is also sensible because the variational MLE objective

in Equation (1) optimizes for compatibpe andq that both t data and consistently describe (conditionals of) the same
underlying distribution. Thus regularizing either can encourage a low MI. This approach leads to exactly Equation (5),
without approximation.

Then, the total loss in Equation (3) from combining Equations (1) and (5) is given by
minLwe( )+ ¢ I(X;sja)= min Lrecon(; )+ Lkex(; )+ Lkey(; )+ Lkz+ € +Lix( %)

:m;in Lrecon(; )+ (@+ © Lkx(; )+ Lke-y(; )+ Lke2(; )

A.2. Discussions

Posterior distributions of ry andry. Thep reward distribution® (ry j x¢) andp (ry j y;) are modelled via Gaussians

(as is done in usual world models, such as Dreamer (Hafner et al., 2019a)). By the transition structure of Denoised MDPs,
these distributions are inherently independent. Recallrtkat, + ry. Therefore, we can easily compute the distribution of

p (r j X¢;y:) and its log likelihoods. This enables easy optimization of the variational MLE objective, without letting the
posterior model to also infex, andr, .

Partial observability. Sections 2 and 3 discussions are mostly based in the fully observable setting. Yet most benchmarks
and real-world tasks are partially observable, e.g., robot joint speeds that can not be inferred from a single frame. Fortunately,
the transition models used in Denoised MDP are fully capable of handle such cases, as long as thegensaouxr
deterministic and the observation moge(s j :::) does not have the block structure (Du et al., 2019) (which would make

x;y; z fully determined frons). In practice, we let both components to be generic conditional distributions (parameterized

by regular deep neural networks). Therefore, Denoised MDP does not require full observability.

Hyperparameter choice. The loss in Equation (4) has two hyperparamete®s (0;1 ); 2 (0;1). To maintain relative
ratio with the observation reconstruction loss, we recommend scaliogighly proportionally with dimensionality of
observation space. A smallermeans stronger regularization. Thereforean be chosen based on training stability and
the level of noise distractors in the task.

B. Experiment Details

All code (including code for our environment variants and code for our Denoised MDP method) will be released upon
publication.

B.1. Implementation Details

B.1.1. BN\VIRONMENTS AND TASKS

In all environments, trajectories are capped@dOtimesteps. Table 2 shows a summary of what kinds of information exist
in each environment.
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Ctrl + Rew Ctrl + Rew Ctrl + Rew Ctrl + Rew
Noiseless Agent — — —
Video Background Agent — — Background
Video Background
DMC + Noisy Sensor Agent — Background —
Video Background Agent - . Background,

+ Camera Jittering Jittering camera

Agent, Button, Blocks on desk,
RoboDesk Light on desk, Handle on desk,
Green hue of TV Other movable objects

TV content, Jittering and ickering environment lighting,
Button sensor noise Jittering camera

Table 2: Categorization of various information in the environments we evaluated with.

DeepMind Control Suite (DMC). Our Video Background implementation follows Deep Bisimulation for Control
(Zhang et al., 2020) on most environments, udfiigetics-400 grayscale videos (Smaira et al., 2020), and replacing pixels
where blue channel is strictly the greatest of three. This method, however, does not cleanly remove most of background in
the Walker Walk environment, where we use an improved mask that replaces all pixels where the blue chamogj ihe
greatestof three. FoiCamera Jittering, we shift the observation image according to a smooth random walk, implemented

as, at each step, Gaussian-perturbing acceleration, decaying velocity, and adding a pulling force if the position is too far away
from origin. ForSensor Noisewe select one sensor, and perturb it according to intensity of a patch of the natural video
background (i.e., adding average patch valu@:5). We perturb thespeedsensor for Cheetah Run, tteso_height

sensor for Walker Walk, and the normalizidger_to_target dist  sensor for Reacher Easy. These sensor values
undergo non-linear (mostly piece-wise linear) transforms to compute rewards. While they can not be perfectly modelled by
additive reward noise, such a model is usually suf cient in most cases when the sensor values are not too extreme and stay
in one linear region.

RoboDesk We modify the originaRoboDeslkenvironment by adding a TV screen and two neighboring desks. The TV
screen places (continuously horizontally shifting) natural RGB videos frorKithetics-400 dataset (Smaira et al., 2020).

The environment has three light sources from the above, to which we added random jittering and ickering. The viewing
camera is placed further to allow better view of the noise distractors. Resolution is increaséd froddto 96 96to
compensate this change. Camera jittering is implemented by a 3D smooth random walk. Finally, the button sensor (i.e.,
detected value of how much the button is pressed) is also offset by a random walk. Each of the three button affects the
corresponding light on the desk. Additionally, pressing the green button also shifts the TV screen content to a green hue.
Following RoboDeskeward design, we reward the agent for (1) placing arm close to the button, (2) pressing the button, and
(3) how green the TV screen content is.

RoboDesKoint Position Regression Datasets. To generate training and test set, we use four policies trained by state-
space SAC at different stages of training (which is not related to any of the compared methods) and a uniform random
actor, to obtain ve policies of different qualities. For each policy, we sarmpltrajectories, each containid@01pairs

(from 1000interactions) of image observation and groundtruth joint position (of dimergiomhis leads to a total of

5005 10° samples from each policy. From thed60 10° samples are randomly selected as test set. Training sets of
sizes5 10°;10 10%;25 10°;50 10°%;100 103%;150 10 are sampled from the rest. For all test sets and training
sets, we enforce each policy to strictly contribute an equal amount.

B.1.2. MODEL LEARNING METHODS

For all experiments, we let the algorithms u€® environment steps. For PI-SAC and CURL, we follow the original
implementations (Laskin et al., 2020b; Lee et al., 2020) and use an action regdat €heetah Run and Reacher Easy,
and an action repeat @ffor Walker Walk. For Denoised MDP, Dreamer, TIA and DBC, we always use an action repeat of
2, following prior works (Hafner et al., 2019a; Fu et al., 2021; Zhang et al., 2020).
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Operator Isr;f:ge Kg{zr‘: : Stride  Padding Operator Isnhp;upt o Kseirznee ! Stride  Padding

Input [3; 96; 96] — — — Input [input_size ] — — —
Conv. + ReLU  [k; 47;47] 4 2 0 FC + ReLU + Reshape [m; 1;1] — — —
Conv. + ReLU [2k; 22; 22] 4 2 0 Conv. Transpose + ReLU  [4k; 3; 3] 5 2 0
Conv. + ReLU [4k; 10; 10] 4 2 0 Conv. Transpose + ReLU  [4k; 9; 9] 5 2 0
Conv. + ReLU  [8Kk; 4; 4] 4 2 0 Conv. Transpose + ReLU [2k; 21; 21] 5 2 0
Conv. + ReLU  [8k; 2; 2] 3 1 0 Conv. Transpose + ReLU  [k; 46; 46] 6 2 0
Reshape + FC [m] — — — Conv. Transpose + ReLU  [3; 96; 96] 6 2 0

Table 3: Encoder architecture f86 96-resolution observa- Table 4: Decoder architecture f86  96-resolution observationm
tion. The output of this encoder is then fed to other netwoakdk are two architectural hyperparametarscontrols width the fully
for inferring posteriorsm andk are two architectural hyper-connected park controls width of the convolutional part. They are the
parametersm controls the output size (unrelated to the actuahme values as in Table 3.

latent variable sizesk controls the network width.

DMC RoboDesk
. Total Number ; Total Number
Latent Sizes m kK of parameters Latent Sizes m Kk of parameters
Dreamer (220 +33) 1024 32 7479789 (220 + 33) 1024 32 6385511
TIA (120 +20)+ (120 +20) 490 24  7:475567  (120+20)+(120+20) 490 24  6:384477

Denoised MDP (120 +20) + (120 +20) 1024 32  7:478826  (120+20)+ (120 +20) 1024 32 6,384,248

Table 5: The speci c architecture parameters for model learning methods. Since RSSM uses a deterministic part and a stochastic part
to represent each latent variable, we (deterministic_size + stochastic_size ) to indicate size of a latent variable. TIA and
Denoised MDP have more than one latent variable. Note that while TIA has foveerdk, it has multiple encoder and decoders, whereas
Dreamer and Denoised MDP only have one encoder and one decoder. The total number of parameters is measured with the actor model,
but without any additional components from policy optimization algorithm (e.g., critics in SAC). Total number of parameters is lower for
RoboDesks the encoder and decoder architecture is narrower than those of DMC for the purpose of reducing memory usage, despite
with a higher resolution.

Denoised MDP, Dreamer, TIA. Both Dreamer and TIA use the same training schedule and the Recurrent State-Space
Model (RSSM) as the base architecture (Hafner et al., 2019b). Following them, Denoised MDP also uses these components,
and follow the same pre lling and training schedule (see Dreamer (Hafner et al., 2019b) for details). These three model
learning methods take 84 64 RGB observations for DMC, an@6 96 RGB observations foRoboDeskDreamer only
implements encoder and decoder for the former resolution. To handle the increased resolution, we m6édify @de
architectures and obtain convolutional encoder and decoder shown in Tables 3 and 4. For fair comparison, we ensure that
each method has roughly equal number of parameters by using different latent variable sizes, encoder outputfsizes (
Table 3) and convolutional net widthk ¢f Table 4). Details are shown in Table 5. For Denoised MDP, we also follow
Hafner et al. (2019b;a) and alloB\free nats for theé k-« term. However, we do not allow this for the, -, andL k-,

terms, as these variables are to be discarded and information is not allowed to hide in them unless permitted by the structure.

B.1.3. PoLicy OPTIMIZATION ALGORITHMS USED WITH MODEL LEARNING

Backpropagate via Dynamics. We use the same setting as Dreamer (Hafner et al., 2019a), optimizingtarn over
15-step-long rollouts with = 0:95, clipping gradients with norm greater thaf0. TIA uses the same strategy, except that
it groups different models together for gradient clipping. We strictly follow the of cial TIA implementation.

Latent-Space SAC. We use the regular SAC with automatic entropy tuning, without gradient clipping. This works well
for almost all settings, except for Walker Walk variant of DMC, where training often collapses after obtaining good return,
regardless of the model learning algorithm. To address instability in this case, we reduce learning rades o to

1 10 #and clip gradients with norm greater thadOfor all latent-space SAC run on these variants.
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B.1.4. MODEL-FREEMETHODS

DBC. For DMC, we used4 84-resolution observation following original work (even though other methods train on

64 64-resolution observations). F&oboDeskDBC uses the encoder in Table 3 @8 96-resolution observation,

for fair comparison with other methods. Following the original work, we sackinsecutive frames to approximate the
required full observability. In the robot arm joint position regression experiment Section 5.1, DBC encoders also see stacked
observations. For DMC evaluations, we use the data provided by Zhang et al. wherever possible, and run the of cial
repository for other cases.

State-Space SAC. The state space usually contains robot joint states, including position, velocity, etc. For DMC, when
Sensor Noisés present, this is not the true optimal state space, as we do not supply it with the noisy background that affects
the noisy reward. However, it still works well in practice. RwboDeskthe TV's effect on reward is likely stronger and

direct state-space SAC fails to learn. Since this evaluation is to obtain a rough “upper bound”, we train state-space SAC with
a modi ed reward with less noise— the agent is rewarded by pressing the button, independent of the TV content. This still
encourages the optimal strategy of the task allows achieving good policies.

B.1.5. NON-RL METHODS

Contrastive Learning. We used the Alignment+Uniformity contrastive learning loss from Wang & Isola (2020). The
hyperparameters and data augmentations strictly follow their experiments on STL-10 (Coates et al., 2011), which also is of
resolution96 96. The exact loss form iE gign( = 2) + Luniform (t = 2) , @ high-performance setting for STL-10.

B.2. Compute Resources

All our experiments are run on a single GPU, requiring 8GB memory for DMC tasks, and 16GB memBigbfaiDesk

tasks. We use NVIDIA GPUs of the following types: 1080 Ti, 2080 Ti, 3080 Ti, P100, V100, Titan XP, Titan RTX. For
MuJoC¢Todorov et al., 2012), we use th&Lrendering engine. Training time required for each run heavily depends on the
CPU speci cation and availability. In general, a Denoised MDP run nd2ds 36 hours on DMC an@4 50 hours on
RoboDeskTIA uses aboul:5 of these times, due to the adversarial losses. For a comparison between the two Denoised
MDP variants, running the same DMC task on the same machine, the Figure 2b variaBBteens while the Figure 2c
variant use®6 hours.

B.3. Visualization Details

Visualizations of components in learned models. We use different methods to visualize signal and noise information
learned by TIA and Denoised MDP in Figures 4 and 7. For TIA, we used the reconstructions from the two latent (before
mask-composing them together as the full reconstruction). For Denoised MDP, we only have one decoder (instead of three
for TIA), and thus we decod,; const) and(const;y;) to visualize information contained in each variable, vatimst

chosen by visual clarity (usually as value of the other variable at a xed timestep). Due to the fundamental different ways to
obtain these visualizations, in DMC, TIA can prevent the agent from showing up in noise visualizations, while Denoised
MDP cannot. However, as stated in Section 5.2, our focus should be on what evolves/changes in these images, rather
than what is visually present, as static components are essentially not modelled by the corresponding transition dynamics.
Visualizations in Figures 4 and 7 use trajectories generated by a policy trained with state-space SAC. To obtain diverse
behaviors, policy outputs are randomly perturbed before being used as actions. From the same trajectory, we use the above
described procedure to obtain visualizations. The speci ¢ used trajectory segments are chosen to showcase both the modi ed
environment and representative behavior of each method. Please see the supplementary video for clearer visualizations.

B.4.RoboDesResult Details

Environment modi cations. The agent controls a robotic arm placed in front of a desk and a TV, and is tasked to push
down the green button on the desk, which turns on a small green light and makes the TV display have a green hue. The
intensity of the TV image's green channel is given to the agent as part of their reward, in addition to distance between
the arm to the button, and how much the button is pressed. Additionally, the environment contains other noise distractors,
including moveable blocks on the deskifl + Rew), ickering environment light and camera jitterin@{rl + Rew), TV

screen hueGtrl + Rew), TV content Ctrl + Rew), and noisy button sensor€tfl + Rew).
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Figure 8: Effect of weight decay dRoboDesloint position regres- Figure 9: Performance of all TIA settings dtoboDeskoint

sion. The curves show nal test MSE for various training set siz@®sition regression. Only using the signal encoder is necessary for
Weight decay generally helps when netuning from a pretrained gyood performance.

coder, but hurts when training from scratch.

Figure 10: Training curve comparisons for tReboDesfoint position regression task across many training set sizes.

Denoised MDP hyperparameters. RoboDeskas roughly twice as many pixels as DMC has. For Denoised MDP, we
scale with the observation space dimensionality (see Section 3) and es2, witha xed =0:125

TIA hyperparameters. We follow recommendations in the TIA paper, settingq, = 25;000to match reconstruction
loss in magnitude, and setting_ = 2 where training is stable.

B.4.1. RoBOT ARM JOINT POSITION REGRESSION

Training details.  For this task, we jointly train the pre-trained backbone and a three-layer MLP head tf2&gtadden
units at each layer, with a learning rate®of 10 °. For netuning from pretrained encoders, we follow common netuning
practice and apply a weight decay®f 10 ° whenever it is helpful (all cases except CURL and training from scratch).
See Figure 8 for comparisons for weight decay options over all methods.

» For model-based RL, we take encoders trained with backpropagating via dynamics as the policy optimization algorithm.

« In training the contrastive encoder, for a (more) fair comparison with RL-trained encoders that are optimiz&#f over
environment steps, we train contrastive encoders@rsamples, obtained in the exact same method of the training sets
of this task. In a sense, these contrastive encoders have the advantage of training on the exact same distribution, and
seeing more samples (since RL-trained encoders use action re@saathus only ever sé&5 10° samples).

* TIA has two sets of encoders. Using concatenated latents from both unfortunately hurts performance greatly (see
Figure 9). So we use only the encoder for the signal latent.

We also compare training speeds over a wide range of training set sizes in Figure 10. Denoised MDP encoders lead to faster
and better training in all settings.

Additional comparison with frame-stacking encoders. Other pretrained encoders (DBC, CURL and PI-SAC) take in
stacked3 consecutive frames, and are not directly comparable with the other methods. To compare, we also try running
Denoised MDP encoders on tBeonsecutive frames, whose feature vector is concatenated before feeding into the head.
The result in Figure 11 shows that our encoder outperforms all but PI-SAC encoders. Finally, for DBC, CURL and PI-SAC,
we attempted evaluating intermediate features, features before the nal layer normalization, and the output space, and nd
the last option best-performing for DBC and CURL, and the second option best-performing for PI-SAC (see Figures 12
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Figure 11: Performance comparison of finetuning from Denoised Figure 12: Performance of all DBC settings on RoboDesk joint
MDP encoders and frame-stacked encoders that take in 3 consec- position regression. Using the output features (after layer normal-
utive frames. For Denoised MDP and training from scratch, the ization) is necessary for good performance.
encoders fake in only a single frame and are applied for each of
the frame, with output concatenated together before feeding to the
prediction head.
CURL PI-SAC
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Figure 13: Performance of all CURL settings on RoboDesk joint Figure 14: Performance of all PI-SAC settings on RoboDesk joint
position regression. Using the output features (after layer normal- position regression. Using the activations before layer normaliza-
ization) is necessary for good performance. tion gives best performance.

to 14). Therefore, we use these respective spaces, which arguably gives a further edge to these methods, as we essentially
tune this additional option on test results. Notably, these respective choices are often the only one achieving relatively good
performance, highlighting the necessity of tuning for these methods.

B.5. DeepMind Control Suite (DMC) Result Details

Full policy optimization results. Figure 15 presents the full results on each DMC environment (task + variant). For
environment, a comparison plot is made based on which policy learning algorithm is used with the model learning method
(with model-free baselines duplicated in both). Such separation is aimed to highlight the performance difference caused by
model structure (rather than policy learning algorithm). Across most noisy environments, Denoised MDP performs the best.
It also achieves high return on noiseless environments.

Visualization of learned models. Figure 16 is the extended version of Figure 7 in main text, with full reconstructions
from all three models. Please see the supplementary video for clearer visualizations.

Comparison between Denoised MDP variants. We compare the two Denoised MDP variants based Figures 2b and 2c
on Cheetah Run environments with policy trained by packpropagating via learned dynamics. The comparison is shown in
the top row of Figure 15, where we see the Figure 2b variant often performing a bit better. We hypothesize that this may due
to the more complex prior and posterior structure of Figure 2¢, which may not learn as efficiently. This also makes Figure 2¢
variant needing longer (wall-clock) time to optimize, as mentioned above in Appendix B.2.

TIA hyperparameters and instability. We strictly follow recommendations of the original paper, and use their suggested
value for each DMC task. We also note that TIA runs sometimes collapse during training, leading to sharp drops in rewards.
After closely inspecting the models before and after collapses, we note that in many cases, such collapses co-occur with
sudden spikes in TIA’s reward disassociation loss, which is implemented as an adversarial minimax loss, and the noise latent
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space instantly becomes degenerate (i.e., not used in reconstruction). We hypothesize that this adversarial nature can cause
training instability. However, a few collapses do not co-occur with such loss spikes, which maybe alternatively due to that
TIA model structure cannot model the respective noise types and that better fitting the model naturally means a degenerate
noise latent space.

PI-SAC hyperparameters. For each task, we use the hyperparameters detailed in the original paper (Lee et al., 2020).
PI-SAC is usually run with augmentations. However, unlike CURL, augmentation is not an integral part of the PI-SAC
algorithm and is completely optional. For a fair comparisons with other methods and to highlight the effect of the predictive
information regularizer, the main mechanism proposed by PI-SAC, we do not use augmentations for PI-SAC.

Denoised MDP hyperparameters. For DMC, we always use fixed = 1. can be tune according to amount of noises in
environment, and to training stability. In Figure 17, we compare effects of choosing different ’s. On noiseless environments,
larger (i.e., less regularization) performs often better. Whereas on noisy environments, sometimes stronger regularization
can boost performance. However, overall good performance can be obtained by usually several values. In Table 6, we
summarize our choices for each environment in Table 6.






