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Abstract

Deep Reinforcement Learning has shown signifi-
cant progress in extracting useful representations
from high-dimensional inputs albeit using hand-
crafted auxiliary tasks and pseudo rewards. Au-
tomatically learning such representations in an
object-centric manner geared towards control and
fast adaptation remains an open research prob-
lem. In this paper, we introduce a method that
tries to discover meaningful features from objects,
translating them to temporally coherent ‘question’
functions and leveraging the subsequent learned
general value functions for control. We com-
pare our approach with state-of-the-art techniques
alongside other ablations and show competitive
performance in both stationary and non-stationary
settings. Finally, we also investigate the discov-
ered general value functions and through quali-
tative analysis show that the learned representa-
tions are not only interpretable but also, centered
around objects that are invariant to changes across
tasks facilitating fast adaptation.

1. Introduction

Learning control from high-dimensional input such as im-
ages is a complex problem relevant to many real world
applications. While researchers have made huge strides in
Deep Reinforcement Learning (RL), decision making from
images remains a challenge due to the difficulty of discov-
ering meaningful features that are invariant across tasks.
Levine et al. (2016); Kalashnikov et al. (2018) demonstrate
how agents can learn a policy from pixels to be used in
real-life applications. One of the standard practices in RL
is to learn a control policy from pixels in an end-to-end
fashion. The end-to-end learning paradigm presents certain
downsides due to the black-box nature of Deep Neural Net-
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works (DNN). A significant challenge faced during learning
from pixels is the inability to learn a good control policy
from high dimensional visual inputs and limited informa-
tion in a single scalar reward signal. To address this issue,
recent works have shown that the agent performance can
be improved by using auxiliary tasks alongside the main
RL objective. The corresponding auxiliary losses can be
trained using different objectives from supervised (Jader-
berg et al., 2016; Schwarzer et al., 2020; Guo et al., 2020),
self-supervised (Oord et al., 2018; Laskin et al., 2020), or
RL domains (Veeriah et al., 2019).

Designing meaningful auxiliary tasks poses many chal-
lenges; most previous works considered them in order to
learn visual features entirely without rewards. For exam-
ple, Schwarzer et al. (2021) learns visual features entirely
without considering rewards. In contrast, our focus here is
to discover auxiliary tasks that are reward-driven and help
learn useful representations which in turn can facilitate learn-
ing better policies. It is generally easier to define predictive
knowledge of the environment through value functions, thus
learning auxiliary tasks that are driven by such learned re-
ward functions can help to learn many, different, potentially
invariant, properties of the environment in order to be robust
to any non-stationarity. Thus, these reward-driven auxiliary
objectives could specifically serve an important purpose to
learn and retain representations when learning in presence of
non-stationarity. For instance, in Atari, fundamental objects
and corresponding characteristics remain consistent when
an agent transitions to a new unseen level. Discovering
these objects (features) and learning associated properties
(cumulants) could drive generalization and adaptation in
realistic continual learning or multi-task settings.

This idea finds its origins in the Horde architecture (Sutton
et al., 2011) where auxiliary objective constitutes learning
value functions for a multitude of pseudo-rewards termed as
General Value Functions (GVFs). GVFs provide a mecha-
nism to learn value functions by choosing any scalar reward
signal as a cumulant. These value functions can be used
to extract useful predictions based on interactions with the
environment thereby learning a rich representation. These
estimates of environmental knowledge could potentially
act as useful representations for an RL agent in different
settings. In this work, we tackle the problem of learning
General Value Functions in the pixel space, in an end-to-
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end manner by learning useful representations. We design
a framework for pixel-based agents to take advantage of
GVF predictions by treating them as features to ensure a
compact yet rich representation. Our main contributions are
as follows:

* We propose OC-GVFs: an end-to-end approach to
automatically discover object-centric General Value
Functions from pixels. Our method can subsequently
be used as features for learning the downstream control
policy. (Sec 3)

* Instead of learning a huge number of auxiliary tasks
as GVFs and only discovering few relevant ones, we
aim for our method to focus on discovering the key
attributes of the environment. To do this, we consider
the limited GVF regime, i.e. a small number of GVFs
to ensure we get an information-rich representation of
the environment.

* We empirically demonstrate that OC-GVFs can outper-
form the current state-of-the-art algorithms for GVF
discovery in both stationary and non-stationary envi-
ronments. (Sec. 4.4)

* We show that the proposed method can quickly adapt
to new unseen situations with increasing complexity.
(Sec. 4.5)

2. Background & Related Work

2.1. General Value Functions

GVFs are value functions that are suited to represent pre-
dictive knowledge of an agent’s environment, such as “how
far a particular object is in this gridworld” which represent
knowledge about the environment. In Sutton et al. (2011),
in addition to the main task, the Horde architecture consid-
ers many sub-agents called demons which learn different
predictive components of the environment.

GVFs are essentially same as the value functions defined
in a Markov Decision Process, except the rewards are not
obtained from the task specifically. The input to the GVFs
would thus be a policy, a discount factor, and scalar rewards
known as cumulants. These cumulants can be described as
questions to the GVFs. GVF answers then are formalized
as value functions, henceforth referred to as GVFs. In sum-
mary, GVFs are defined as the expected discounted return
over a certain trajectory, where the returns are defined
as the discounted sum of the cumulants of interest. Anal-
ogous to value functions in RL, GVFs can be learned by any
value-based RL algorithm e.g. Temporal Difference (TD)
Learning. In this paper, we use the mean squared TD error,
(MSTDE) (Sutton & Barto, 2018a).

2.2. Auxiliary tasks in RL

The idea of auxiliary tasks in RL was introduced to learn
from signals other than just scalar reward signals especially
when the rewards are sparse, delayed, or noisy. Auxiliary
tasks are learned in parallel to the main RL loss (Shelhamer
et al., 2016; Sutton & Barto, 2018b).

Auxiliary tasks are an umbrella term and could refer to any
task that can aid an RL Agent by predicting observations
from the environment. Some of the common auxiliary task
setups include reward prediction (Jaderberg et al., 2017).
In environments with sparse reward structures, auxiliary
tasks provide instantaneous targets for shaping the repre-
sentation in the absence of reward. Few other works focus
on state prediction in the latent space and use the loss from
this prediction to drive certain aspects like exploration in
RL (Pathak et al., 2017). Paster et al. (2021) focuses on
modeling the inverse dynamics of the environment i.e. pre-
diction of actions from state and next-state representations.
Veeriah et al. (2019) presented a principled meta-gradient
algorithm for the discovery of GVF-based questions to use
as auxiliary tasks in the context of RL.

2.3. Cumulant Discovery

To learn GVFs, we need a cumulant for defining the TD
target. Discovery refers to automatically learning cumulants,
that aid in the primary task, referred as useful cumulants. Re-
call that (Sec. 2.2),Veeriah et al. (2019) develop a framework
to discover GVF questions with a question network and learn
the cumulants (with the main network). This is in contrast to
other auxiliary task methods in RL which use hand-crafted
cumulants for learning in the environment (Jaderberg et al.,
2016). They propose a meta-learning approach to discover
important questions that are useful for learning the main task
in the environment and then estimate answers through GVFs
for these discovered questions. The idea here is to use the
same RL loss driven by the reward from the environment for
the discovery of auxiliary tasks. The core intuition behind
cumulant discovery is that through the availability of a ques-
tion network with meta-learnable parameters, we enable the
agent to discover useful questions directly from experience.
We believe using the value functions learned from these
discovered cumulants as part of the input representation for
the main RL agent is crucial to our method.

More recently, Kearney et al. (2022) augment the agent’s
observations with GVFs for control in RL. Kearney et al.
also integrate the discovery of GVFs and their use in a
single end-to-end framework using a meta gradient descent
approach. In a nutshell, they shape the GVF predictions
based on the control agent’s learning process and use those
predictions directly as features for learning a better control
policy. In contrast, we only focus on cumulant learning, but
we can easily extend our framework to learning and policy
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Figure 1.The Object-Centric GVF Learning Framework : We have two parts @uestion Networlkand aMain Network The Question
Network takes in a batch of inputs: (: : : St+ ¢) and tries to predict GVF questions (cumulants) from each slot. Each of the cumulants
corresponds to the slot output® . The Main Network is an RL algorithm with GVF heads each of which is trained by the cumulants
from the Question Network. For training GVFs, we use the Mean Squared TD Error (MSTDE) which depends on the cumulants discovered
by the Question Network (is the same as de ned for the main task). The outputs of the GVFs are projected into the latent space where it
is concatenated with the representation before normalization and action value prediction with respect to the main task.

correction parameters (Kearney et al., 2022). discovered features learned by these networks and can they
be used as input featuresRearney et al. experimented
2.4. Object-Centric Representations with a similar architecture for non-image based domains

. where they concatenated the states with learned GVFs. In
There have been several recent works that tackle challenging,,r \work ‘we extend this methodology to more realistic

_tasks such as object manipulation in presence of multiple Otffnage-based domains which are prevalent in RL. A big part
jects (Watters et al., 2019; van Steenkiste et al., 2019; Veegz 4 estion discovery in these papers is driven by the main
apaneni et al., 2020). Much of this work is in a single-taskg |oss, however, RL loss on its own cannot capture object-
RL setting for a particular reward signal. In contrast, certain g ntric representation ef ciently. Since RL environments

works have also focused on learning object-centric represefg iy rely on object semantics, we add another object dis-
tations from images in multi-task RL settings (Pong et al.¢qyery oss to the discovery network to bind the discovered

2019; Nair et al., 2018; Ghosh et al., 2019; Warde-Farley,,mjants to certain objects discovered by this architecture
etal., 2018). These methods rely on some assumptions that, explained in Sec. 5.1.

the observations can be encoded into a single vector which
makes it harder to learn in environments with multiple ob- . ) . .
jects. Zadaianchuk et al. proposed learning object-centrid- Discovering Object-Centric GVFs

representations which are used for reward shaping. They, - nronosed architecture consists of two separate networks:
claim that this approach leads to solving tasks independently, question networkand themain network This two-

and then combining these skills during evaluation. network meta-gradient approach was introduced for GVF
We chose the slot attention mechanism (Locatello et aldiscovery by Veeriah et al. (2019). The primary difference
2020) to learn object centric representations in our aph our work is that we use an Embedded Self prediction
proach. These slot representations are used to learn di#SP) (Lin et al., 2021) type model to embed GVFs as use-
mulants (through the cumulant network, See Sec.2.3) whichul features in our training pipeline. In the original ESP
in turn are used as part of the input representations to learPaper, the core intuition was that, if human understandable
a policy. Moreover, there is a one-to-one mapping betweeffeatures are given to the model, the corresponding GVFs
the slot representations and the cumulants. This enabl&¥ould capture meaningful properties of the policy. In a sim-
discovering useful questions from all the captured slots andlar way, we directly adapt these trained GVFs as features
ensures that no part of the original image is left unattendedf the agent's main value function.

In this paper, we aim to ask the questiafithat are these We introduce two key modi cations to this architecture for

3
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Algorithm 1 Object-Centric GVFs (OC-GVFs) mechanism (parameterized bythat outputs slotsS; cor-
Input parameters responding to discovered objects from the images. Each of
Num of SlotsN , Num of Training Steps(slot modul#) these slots can be considered to have some features of the
Observation®©, Num of GVFsK , Num of episode& objects in the images. We learn slot representations through
Initialize parameters of networks forward propagation of the question network. These slot
Initialize learning rate of networks;, 2, 3 representations are then mapped to each GVF cumulant us-
function Slot Module Training PhaséN(, O, ,M, 1) ing an MLP (parameterized by the meta-parametgrdhe
fori 1toM do slots are trained by reconstruction loss as in Locatello et al.
Si  slotmode(O;) (2020) and the cumulants are trained with the main RL loss
G, reconstrudtS;) similar to Veeriah et al. (2019). This forces the cumulants
41 . i L 06 to capture task-speci c properties of each object discovered

by each slot. As discussed in the previous section, a GVF
question is speci ed by a cumulant function, a discount
function, and a policy. In our method, the question net-
work only explicitly parameterizes the cumulants. Though
this is a departure from the architecture used in Veeriah
et al. (2019) which parameterized both the cumulants and
their corresponding, our method similar to Kearney et al.

n; 0 n (2022) parameterizes only the cumulants. This is because
while notdonedo : . )

we wanted to capture the properties of objects which would

end for
end function
function GVFs Training Phas&(, E, , )
forn 1toE do
t O
done False

;Cl_t_f_l_ckg f1( FOuo: Ot 40) be rele\_/ant to Iong-hor_izon settings, but thig is_ de nit_ely
f ”g’ f (” "0 ST something that can be incorporated very easily into this ar-
th _____ \i : ‘f NPT oK chitecture. For our experiments, we use the saroéthe
1-- Vil s( Bl no e s n 9) main agent for learning the GVFs.
foorrn kg proj(Variin Vi)
Qtt ij?:v?(ft)l' P kG0 3.2. Main Network
nit mto1 o 2f o LR (1) The main network (on the right side in Fig 1), deals with
end while p the training of the GVF answers (parameterized py.e
n+1 n 3l }zl LR (o) computing the appropriate value function for each of the cu-
n+l nit mulants generated by the question network and also learning
end for the main action-value function of the main task (parame-
end function terized byw). Note that the number of GVFs is a hyper-

parameter in this setup. Once these losses are computed,

we do the rst backpropagation (blue line) update on the
adaptation to all possible input spaces and better stabilitparameter theta as in regular gradient descent. An important
namely 1) a key design decision in our approach is to cordetail here is that we do another backpropagation (red line)
catenate GVFs with the states in the latent space. This igpdate on theta while updating the main agent based on the
achieved via linear projection from the outputs of each ofMSTDE with respect to the main task. The meta-parameters
the GVFs into the latent space after which they are concatewe updated based on the cumulative loss incurred over the
nated with the common representation from the main taskinrolled data from the buffer. The number of steps of un-
This modi cation removes the necessity for the states to berolled data is again a hyper-parameter that is tuned as part
vectors which was the case for concatenation with directyof the experiments.
o 2610 et e v, Phetonand Siate Velue GVEs Beloreproceecing urher
This helps especially in stagility when the slots and henc it is imperative to discuss the utility of bqth using action

Salue GVFs and state value GVFs. Action value GVFs

thg c_umulants are not qurned yet dgnng the early phasg O@JZnerally contain more information regarding each action
training. Next, we describe the individual components in

detail than an expectation over actions in the case of state values.
' However, for our architecture, we preferred to use state value
) GVFs as they are less prone to divergence from off-policy
3.1. Question Network Q-learning updates which can often be the case in Veeriah

The question network (Fig. 1 Left) takes in a batch of stateet al. (2019). However, since the authors of that paper
observationsg; : : : S+ ¢) Which are unrolled from the re- 0nly use them for learning the representation it does not
play buffer as inputs. These inputs are fed to a slot attentiodffect them as much. More details including some empirical

4
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performance plots are in Appendix A.3.3. the red one, the agent does not receive any reward.

To summarize, our method uses feature representations thitiniGrid-Dynamic Obstacles: For the experiments on
are output from the slot attention module rather than usinghon-stationarity, we used the MiniGrid Dynamic Obsta-
human-designed features. We believe this is a key compaies (Chevalier-Boisvert et al., 2018). In this domain, the
nent as we would like the GVFs to automatically discoveragent is placed in a grid where it has to avoid colliding with
useful characteristics in an environment. Since many Rlobstacles and reach the goal. The starting position of the
environments are image-based and certain aspects of tlagent and the obstacle positions are all chosen at random.
environment do not change (like objects present in the envi-

ronment), we believe a mechanism like slot attention addsCOInRun & Starpilot: are a part of procedurally gener-

. . ated environments called ProcGen (Cobbe et al., 2019). In
the most value here. The slot attention module takes in reps . ; : ) .
) : oinRun, the agent is tasked to capture the coin while avoid-
resentations from convolution layers and produces abstrac . .
. " . . . Ing obstacles. In StarPilot, the agent must destroy enemies
representations called slots which bind well to objects in ~. - .
! . o while avoiding enemy re and obstacles. We studied the
the visual inputs. We refer the reader to the original slot oo ; i
. ; performance of individual levels in CoinRun. In our task
attention paper for more details (Locatello et al., 2020)

. . adaptation experiments, we study performance at a new
However, since we have access to an experience repla

buffer which is generally present in most RL algorithms, we Uhseen level after every episode in a sequential manner.
do not require any pre-training for the slot attention. The
data to train slot attention can be directly obtained from the
buffer and thus we obtain an end-to-end training pipeline.  « |earning in the absence of non-stationarity. The
agent has to collect two objects in the gridworld. The
4. Experiments positions of the two objects are xed across episodes
and unchanged. The agent needs to collect the two
Next, we discuss the empirical performance of our algo-  gbjects in the same order to receive full rewards.
rithm across different domains and settings. We address the o ) )
following questionsQ1. How does our approach compare ~ * Learning in the presence of non-stationarity. For
to simple baselines in stationary environments? Can this ~ Collect Objects, the objects spawn randomly. This
approach signi cantly outperform other baselines in non- creates a non-stationarity in the_ reward function across
stationary tasks? (Sec. 4@p. Can learned object-centric these tasks. The task boundaries are not known to the
representations adapt quickly to unseen tasks? (Sec. 4.5) agentas well and are randomly changed after a xed
Q3. How much do object-centric representations help in ~ number of episodes.

cumulant learning when compared to other architectures . qQuick Adaptation. To evaluate the agent's ability
with s@milar feature discoyery? (Sec. 4._6). To addre;s these {5 quickly adapt to novel situations, we introduce the
questions, we rst describe the domains and settings. In agent to new unseen levels in the CoinRun and StarPi-

Sec. 5.1, we explain our choice of using slot attention for lot domains over time without any prior task informa-
object discovery. In Sec. 5.3, 5.4 we discuss the importance  jgn.

of layer normalization and leveraging the learned GVFs as
features respectively. 4.3. Baselines

.2. Settings

We consider the following baselines: DDQN, which
serves as the main RL algorithm, Random-GVFswhich
Visualization of the domains are in Appendix A.1. uses randomly initialized Question Network, Band-

) _ i ) ) Crafted GVFs that uses human-de ned cumulants based
Collect-objects Environment: is a customized version of w0 125K and 4)Dis-Aux-GVFs (Veeriah et al., 2019)
the four-room gridworld environment similar to the one iy, is the only prior work that integrates the discovery
usgd in Veerllah etal.. The ggent is rewarded for coIIectlngbf cumulants in the pixel space. A key motivation for our
objects of different colors in the right order. The agenty,aqq is to ensure that the approach for discovery does not

moves deterministically in one of four possible direCtionSTequire a huge amount of data, in lieu of which we compare
For each episode, the starting position of the agent is choseq qiher baselines in tHemited GVE regime. We limit the

at the bottom left. The agent receives a reward of +5 fof, ;e of GVFs to b6 for all the environments, the same
picking up the red objects and a reward of +10 for picking 5 the number of slots. We include all the relevant hyper-

up the blue object after the red one. We also explore a nons, 15 meters and implementation details in Appendix A.4 and
stationary version of this domain where the locations of the

objects spawn randomly inside their respective rooms after *For Collect Objects, one of the cumulants essentially speci es

every episode. If the agent picks up the green object beforte location of the red goals.
2To the best of our knowledge.

4.1. Domains
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Figure 2.Learning in the absence of non-stationarityshows that our method (OC-GVFs) is more sample ef cient than using Random-
GVFs and Dis-Aux-GVFs. All baselines are expected to show similar performance due to the simple nature of both the Collect Objects
and CoinRun stationary domain here. In a simple task, DDQN is marginally better than other methods. However, in CoinRun which is
more challenging OC-GVFs is signi cantly better than all other approaches. Shaded regions correspond to the standard etfor across
independent runs.

Figure 3.Learning in the presence of non-stationarityshows that our approach is sample ef cient and quick to adapt when the goal
locations are dynamically changed after every episode in the CollectObjects environment. We also observe a similar trend in the Minigrid
Dynamic Obstacles environment where the obstacle locations changes across episodes. Baselines such as DDQN cannot adapt to the
non-stationarity induced due to changing goals as quickly as OC-GVFs across both domains. All results reported over 10 seeds with
shaded region showing the standard error.

open-source the coéle Additionally, details of the base- are not as fruitful in accelerating performance in the main
lines can be found in Appendix A.2 along with methods thattask.

involve GVFs as features. Non-Stationary Domains These experiments highlight the

bene ts of using object-centric representations as features.
This is evident in Fig. 3 (a) where our algorithm (OC-GVFs)

is able to converge much faster than all the other baselines.
In this section, we show the performance of our algorithmIn the Dynamic Obstacles Environment (Fig. 3 (b)), the
(Sec. 3) comparing to the baselines described in Sec. 4 @ifference is not as noticeable as the task is relatively easier,
We here demonstrate learning in the presence of stationafjowever, our method still outperforms other baselines.

and non-stationary settings.

4.4. Our approach performs competitively in both
stationary and non-stationary settings. (Q1.)

4.5. OC-GVFs is amenable to fast adaptation in the

Stationary Domains We note that for simple environments presence of increasing complexity in tasks. (Q2.)

like Collect Objects and CoinRun ( rst level), DDQN per-
forms very well because the task comprises of xed loca-GVFs help in learning predictive knowledge about the en-
tions of objects. As seen in Fig. 2 (a), for Collect Objects allvironment. As such learned GVFs can often help in adapt-
the baselines perform similarly, with OC-GVF slightly bet- ing to a new task because the agent can utilize previously
ter than all the other baselines with GVFs. In Fig. 2 (b), welearned information and quickly adapt to new scenarios.
notice the best performance for our algorithm with DDQN Most end-to-end GVF learning schemes involve discov-
also converging within 2000 episodes. Since this task doesring cumulants with the main RL loss (Veeriah et al.,
not have a lot ofwuxiliary tasks to discover, Dis-Aux-GVFs 2019). While this is useful for the main task, the utility
of such GVFs is lost during nonstationarity. On the con-

https://github.com/Somjit77/oc_gvfs trary, as we decouple object discovery (via reconstruction
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Figure 4.Adaptation to new tasks: Our approach OC-GVFs can tackle changing levels better than the baselines. In these experiments,
we sample a new task with different dif culty levels after every episode from the rst 50 levels. This sampling is carried out from either
an easy-to-learn distribution or a hard distribution which is slightly more challenging. The baselines cannot adapt as quickly and perform
similarly to DDQN, suggesting no improvement in performance with GVFs. We compare with the baselines mentioned above and report
results over 10 seeds.

loss) and cumulant learning (via main RL loss) in our ap4.6. Feature Discovery without object driven cumulant
proach, Object-Centric GVFs can adapt and generalize to  learning (Q3.)

new situations much faster. During adaptation to a ne . . . I - . .
9 P Vin this section, we aim to highlight the utility of discovering

task, OC-GVFs need to re-learn the GVFs corresponding tQ, . . )
the new slots, however, most of the pre-existing slots Caﬁbject—centnc cumulants to be used as features. D|§cover—
be re-utilized when the task complexity increases and th 9 ta}sk—relevant C“f.““'a”ts has proven o be bene C.'al for
dif culty changes. earning representations. However, for using GyFs directly

as features, it is essential that the cumulants discovered are
Task adaptation refers to adapting to unseen tasks, nameigthered to some properties of the environment. We com-
with level changes once algorithms have more or less comare all the baseline algorithms to investigate whether these
verged then performance is reported on a new level. Thesearned GVFs can be useful as features (described in Ap-
transfer learning experiments are in Appendix A.3.1. Wependix. A.2). Although GVFs discovered for representation
also test the methods for more challenging adaptation bjearning in Veeriah et al. (2019) were designed for auxiliary
presenting the agent with new unseen levels aftary tasks, the discovered GVFs from this approach do not work
episode. This is much more complex for all the algorithmsyvell when used as features.Fig. 5 highlights the disparity be-
as seen from Fig. 4, where the baselines do not perform agveen features learned with OC-GVFs and other baselines.
well including DDQN which was performing well for single Hand Crafted GVFs can learn features best because it can
levels and transfers across levels. Although OC-GVFs seexploit human information and results in best performance.
performance drops due to adaptation to unseen levels every
episode, it accumulates a higher average reward across @I Discussion
the sampled levels compared to the baselines.

5.1. Qualitative Analysis: Understanding slots and how

it translates to object properties

One of the crucial components of our approach is the dis-
covery of objects with slot attention. Slot attention is gener-
ally trained with the reconstruction loss whereby each slot
captures different objects present in the images. For most
RL tasks, particularly from pixels, identifying objects can
be a big overhead which we are delegating directly to a
much more robust model. Since this is a vital component
of our framework, it is imperative for slot attention to cap-
ture objects on which our cumulant learning is based. In
Figure 5.0bject-centric representations shows the compari- environments where it is dif cult to determine objects via
son of our approach with other baselines while using GVFs a$lot attention, these methods will not work as well. This
featuresf ). This gure singles out the utility of object-centric IS one major limitation of the current framework, however,
representations from slot attention mechanism for discovery. ~ we have found slot attention to generalize well to different
domains with proper architecture changes.
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Figure 6.Slot Attention outputs shows slots captured by the slot attention mechanism on states sampled from domains. The gure also
shows learned state reconstructions for the sampled states across these environments.

Figure 7.Visualization of Learned GVFs: We compare the GVFs learned by OC-GVFs in the CollectObjects environment trained with
changing goal positions at every episode. Each of the GVFs is classi ed based on the slots that are fed as cumulants for training the
respective GVFs. For example, the GVF that is learned by the cumulant de ned by the slot that captures the Red Goal is GVF (Red
Goal). The heatmaps are plotted based on the locations of the agent in the grid with the Red and Blue goal being constant throughout
the evaluation. GVF(Blue Goal) and GVF (Red Goal) has higher values near the blue and red goal respectively which highlights it has
learned some properties of those objects.

From Fig. 6, we observe how slot attention can segregat®bjects domain, the location of the agent can nd be a good
the main objects of the state by assigning each slot to thogaroxy for the entire observation image provided the other
objects. Once features of these objects are learned, théycations remain constant. This is what we use to design
can be used to learn cumulants pertaining to these objectsur visualization in Figure 7. Each square represents an
Slot attention can generalize easily to different locations ofimage with the location of the agent and Red and Blue goal
such objects which is what enables cumulant learning muckocations are mentioned by text. Now, we plot the GVFs
faster in comparison to other baseline methods. Anothelearned in the CollectObjects domain with non-stationary
important characteristic of slot attention is that we can baewards. Each of the GVFs is de ned by its own cumulants,
really exible with the number of slots. In Fig. 6, for both which in turn is dependent on the slots that the slot atten-
the environments, there is an empty slot that does not cotion model captures. In Figure 7, we add the objects that
tribute to capturing an object, but the relevant objects ar¢he slots capture for easy understanding. From the Figure,

still captured in the other slots. it is quite evident that for each corresponding object, the
GVFs have higher values near the vicinity of that object.
5.2. Visualization of Learned GVFs This insinuates that the GVFs have learned some form of

, . a distance metric to these objects which can be thought of
Understanding what each GVF actually learns is aimporag compact and rich features when concatenated with the
tant and adds interpretability to our feature design whichyain feature representation. This makes the GVF learning

was missing from previous works like Veeriah et al. (2019).y,ch more interpretable and helps explain the impressive
However, adding visualizing GVFs learned from 'magesﬁerformance of OC-GVFs.

is tricky because they map images to a scalar value whic
is dif cult to represent in a plot. However, for the Collect
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5.3. Importance of Layer Normalization object properties to be used for representation learning only.

One of the crucial elements of the proposed architecture is .
adding a layer normalization layer to the feature space. Thi§. Conclusion and Future Work

is particularly important as in the early phase of Iearningln this work, we showed the effectiveness of object-centric

the slots discovered can be poor leading to absurd Cumula“?épresentation in discovery of GVFs that are used for the
discovery which would make the learned value functions ontrol in reinforcement learning. Moreover, we also

?or:ztllcoarhtﬂ;giﬁ:tli.nrhlssgrg?}i? fvc\;/ ?llg:r?:.)l: b?ea‘j:svg]?;;emonstrated how these learned GVFs capture important
oraigorn yu 'ning rep . ~components in visual representations and help in quick adap-
tions as they do not directly affect the main value function

. . o . tation to different factors of non-stationarity across tasks.
As af rmed by Fig. 8, adding layer normalization can sig- y

ni cantly improve the stability of our framework leading to Limitations: In the current setting, our method relies on

faster learning. the slot attention mechanism to capture distinct objects in
the environment. This implies that in the scenarios in which
the slot attention mechanism is not able to bind to distinct
objects in the pixel space (due to the size of objects, constant
movement, etc.), our method OC-GVFs would not perform
well without architectural or input representation tweaks.
Slot attention is heavily dependent on separating objects by
colors so in cases, where the colors of the objects are similar
they would always be bound to the same slot which can be
problematic depending on the task.

A promising direction for future work would be interesting
Figure 8.Layer Normalization shows how introducing layer nor- to expl_ore whether GVFS_ can perform zero-shot transfgr
malization in the architecture creates a way for stable and fast?nly With the help of previously learned cumulants albeit
learning. This is a critical factor that enables learning GVFs adn the presence of the environments with similar objects.
features. In addition, instead of task-speci ¢ cumulants, cumulants
can also be trained with task-agnostic losses, which might
generalize even better across tasks.
5.4. Utility of having GVFs as Features
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A. Appendix

A.1. Domains

Fig. 10 are sample input states of all the domains used in
the experiments.

Figure 10. Domains. This figure illustrates the domains used in the
Experiments. All of the environments require identifying objects
in the input space from pixels.

A.2. Baseline Descriptions

Since we claim to learn object-centric representations in the
pixel space, we use a 3 convolution layer architecture for the
representation layers as in the original DQN implementation
(Mnih et al., 2015). This is the part of the main network that
was earlier explained in Sec. 3.2 and the main RL network
is a DQN agent learning just with the TD loss. In our setup,
the question network is a simple MLP network with one
fully-connected layer and it outputs the cumulants to be
used in the main network as explained in the main paper.
All the baselines used in the paper are explained in detail as
follows.

1. DDQN: For all our experiments, we used Double
DQN (van Hasselt et al., 2015) as our base RL al-
gorithm. This is the extension of the DQN (Mnih et al.,
2015) algorithm with double Q learning to prevent
maximization bias.

2. Random-GVFs: We also compared performance
against using random cumulants for the learned GVFs.
For these experiments, we sampled cumulants from






