State Chrono Representation for Enhancing
Generalization in Reinforcement Learning

Jianda Chen' Wen Zheng Terence Ng'2  Zichen Chen®
Sinno Jialin Pan* Tianwei Zhang'

Nanyang Technological University ~ 2Continental Automotive Singapore
3University of California, Santa Barbara  “The Chinese University of Hong Kong
{jianda001, ngwe0099}@ntu.edu.sg =zichen_chen@ucsb.edu
sinnopan@cuhk.edu.hk tianwei.zhang@ntu.edu.sg

Abstract

In reinforcement learning with image-based inputs, it is crucial to establish a robust
and generalizable state representation. Recent advancements in metric learning,
such as deep bisimulation metric approaches, have shown promising results in
learning structured low-dimensional representation space from pixel observations,
where the distance between states is measured based on task-relevant features.
However, these approaches face challenges in demanding generalization tasks
and scenarios with non-informative rewards. This is because they fail to capture
sufficient long-term information in the learned representations. To address these
challenges, we propose a novel State Chrono Representation (SCR) approach. SCR
augments state metric-based representations by incorporating extensive temporal
information into the update step of bisimulation metric learning. It learns state
distances within a temporal framework that considers both future dynamics and
cumulative rewards over current and long-term future states. Our learning strategy
effectively incorporates future behavioral information into the representation space
without introducing a significant number of additional parameters for modeling
dynamics. Extensive experiments conducted in DeepMind Control and Meta-World
environments demonstrate that SCR achieves better performance comparing to other
recent metric-based methods in demanding generalization tasks. The codes of SCR
are available in https://github.com/jianda-chen/SCR.

1 Introduction

In deep reinforcement learning (Deep RL), one of the key challenges is to derive an optimal policy
from highly dimensional environmental observations, particularly images [5, 12, 33]. The stream
of images received by an RL agent contains temporal relationships and significant spatial redun-
dancy. This redundancy, along with potentially distracting visual inputs, poses difficulties for the
agent in learning optimal policies. Numerous studies have highlighted the importance of building
state representations that can effectively distinguish task-relevant information from task-irrelevant
surroundings [45, 46, 8]. Such representations have the potential to facilitate the RL process and
improve the generalizability of learned policies. As a result, representation learning has emerged as a
fundamental aspect in the advancement of Deep RL algorithms, gaining increased attention within
the RL community [21].

Related Works. The main objective of representation learning in RL is to develop a mapping
function that transforms high-dimensional observations into low-dimensional embeddings. This
process helps reduce the influence of redundant signals and simplify the policy learning process.
Previous research has utilized autoencoder-like reconstruction losses [43, 18], which have shown
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impressive results in various visual RL tasks. However, due to the reconstruction of all visual input
including noise, these approaches often lead to overfitting on irrelevant environmental signals. Data
augmentation methods [42, 22, 23] have demonstrated promise in tasks involving noisy observations.
These methods primarily enhance perception models without directly impacting the policy within
the Markov Decision Process (MDP) framework. Other approaches involve learning auxiliary
tasks [33], where the objective is to predict additional tasks related to the environment using the
learned representation as input. However, these auxiliary tasks are often designed independently of
the primary RL objective, which can potentially limit their effectiveness in improving the overall RL
performance.

In recent advancements, behavioral metrics, such as the bisimulation metric [11, 10, 6, 4, 5, 47]
and the MICo distance [7], have been developed to measure the dissimilarity between two states by
considering differences in immediate reward signals and the divergence of next-state distributions.
Behavioral metrics-based methods establish approximate metrics within the representation space, pre-
serving the behavioral similarities among states. This means that state representations are constrained
within a structured metric space, wherein each state is positioned or clustered relative to others based
on their behavioral distances. Moreover, behavioral metrics have been proven to set an upper bound
on state-value discrepancies between corresponding states. By learning behavioral metrics within
representations, these methods selectively retain task-relevant features essential for achieving the
optimal policy, which involves maximizing the value function and shaping agent behaviors. At
the same time, they filter out noise that is unrelated to state values and behavioral metrics, thereby
improving robustness in noisy environments.

However, behavioral metrics face challenges when handling demanding generalizable RL tasks and
scenarios with sparse rewards [20]. While they can capture long-term behavioral metrics to some
extent through the temporal-difference update mechanism, their reliance on one-step transition data
limits their learning efficiency, especially in the case of sparse rewards. This limitation may result
in representations that encode non-informative signals [20] and can restrict their effectiveness in
capturing long-term reward information. Some model-based approaches attempt to mitigate these
issues by learning transition models [14, 16, 27]. However, learning a large transition model with
long trajectories requires a large number of parameters and significant computational resources.
Alternatively, N-step reinforcement learning methods can be used to address the problem [48].
Nevertheless, these methods introduce higher variance in value estimation compared to one-step
methods, which may lead to unstable training.

Contributions. To overcome the above challenges, we introduce the State Chrono Representation
(SCR) learning framework. This metric-based approach enables the learning of long-term behavioral
representations and accumulated rewards that span from present to future states. Within the SCR
framework, we propose the training of two distinct state encoders. One encoder focuses on crafting a
state representation for individual states, while the other specializes in generating a Chronological
Embedding that captures the relationship between a state and its future states. In addition to learning
the conventional behavioral metric for state representations, we introduce a novel behavioral metric
specifically designed for temporal state pairs. This new metric is approximated within the chrono-
logical embedding space. To efficiently approximate this behavioral metric in a lower-dimensional
vector space, we propose an alternative distance metric that differs from the typical L, norm. To
incorporate long-term rewards information into these representations, we introduce a “measurement”
that quantifies the sum of rewards between the current and future states. Instead of directly regressing
this measurement, we impose two constraints to restrict its range and value. Note that SCR is a robust
representation learning methodology that can be integrated into any existing RL algorithm.

In summary, our contributions are threefold: 1) We introduce a new framework, SCR, for representa-
tion learning with a focus on behavioral metrics involving temporal state pairs. We also provide a
practical method for approximating these metrics; 2) We develop a novel measurement specifically
adapted for temporal state pairs and propose learning algorithms that incorporate this measurement
while enforcing two constraints; 3) Through experiments conducted on the Distracting DeepMind
Control Suite [34], we demonstrate that our proposed representation exhibits enhanced generalization
and efficiency in challenging generalization tasks.
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2 Preliminary

Markov Decision Process: A Markov Decision Process (MDP) is a mathematical framework defined
by the tuple M = (S, A, P, r,~). Here S represents the state space, which encompasses all possible
states. A denotes the action space, comprising all possible actions that an agent can take in each
state. The state transition probability function, P, defines the probability of transitioning from the
current state s; € S to any subsequent state s;; € S at time ¢. Given the action a; € A taken,
the probability is denoted as P(s;y1|s¢, a;). The reward function, r : S x A — R, assigns an
immediate reward r(s;, a;) to the agent for taking action a; in state s;. The discount factor, vy € [0, 1],
determines the present value of future rewards.

A policy,  : S X A, is a strategy that specifies the probability 7(a|s) of taking action « in state s.
The objective in an MDP is to find the optimal policy 7* that maximizes the expected discounted
cumulative reward, 7% = arg max; Eqr[>, 77 (¢, ar))-

Behavioral Metric: In DBC [47], the bisimulation metric defines a pseudometricd : S x S — R to
measure the distance between two states. Additionally, a variant of bisimulation metric, known as
m-bisimulation metric, is defined with respect to a specific policy 7.

Theorem 2.1 (7-bisimulation metric). The m-bisimulation metric update operator Fp;sim : Ml — M
is defined as

fbisimd(x7 y) = |T)T: - ,,,;r| + ’)/W(d)(P;:7 P)T/r)’
where Ml is the space of d, vT = Y . 4 m(a|x)rg, PT =3, c 4 m(a|x)Pg, W is the Wasserstein
distance, and r< is r(X, a) for short. Fyisim has a unique least fixed point Ay im-

MICo [7] defines an alternative metric that samples the next states instead of directly measuring the
intractable Wasserstein distance.

Theorem 2.2 (MICo distance). The MICo distance update operator Fyrrco : Ml — M is defined as

Frtrcod(x,y) = rF = 15| +1Bxinpy gy d(x,¥),

x

Fumico has a fixed point d7; ;.

3 State Chrono Representation
Although the bisimulation metric [47] '
and MICo [7] have their strengths,
they do not adequately capture future
information. This limitation can de-
grade the effectiveness of state repre-
sentations in policy learning. To ad-
dress this issue and incorporate future [T ¥{,u) © ¥(i2;) l l
details, we propose a novel approach, .

State Chrono Representation (SCR).

The detailed architecture of SCR is il-
lustrated in Figure 1. Figure 1: Overall architecture of SCR.

m(z;, ;)

N A”'— ‘ Policy Network ‘ ‘ Q Network ‘
dy(zi, 2, Yir Y5)

SCR consists of two key components: a state representation ¢(x) € R" for a given state x, and a
chronological embedding )(x;,x;) € R” that captures the relationship between a current state
x; and its future state x; within the same trajectory. The state representation, ¢(x), is developed
using a behavioral metric d that quantifies the reward and dynamic divergence between two states.
On the other hand, the chronological embedding, ¥(x;, x;), fuses these two state representations
using deep learning, with a focus on capturing the long-term behavioral correlation between the
current state x; and the future state x;. To compute the distance between any two chronological
embeddings, we propose a “chronological” behavioral metric, which is further improved through a
Bellman operator-like MSE loss [36]. Moreover, ¢(x) incorporates a novel temporal measurement
m to evaluate the transition from the current state to a future state, effectively capturing sequential
reward data from the optimal behavior. Due to the complexity of the regression target, this temporal
measurement operates within the defined lower and upper constraints, providing a stable prediction
target for both the measurement and state representation during the learning process.

73311 https://doi.org/10.52202/079017-2332



3.1 Metric Learning for State Representation

The state representation encoder ¢ is trained by approximating a behavioral metric, such as the
MICo distance. In our model, we utilize a MICo-based metric transformation operator. Instead of
using sampling-based prediction in MICo, we employ latent dynamics-based modeling to assess
the divergence between two subsequent state distributions. This approach draws inspiration from
the methodology in SimSR [45]. The metric update operator for latent dynamics, denoted by F, is
defined as follows.

Theorem 3.1. Let d : R™ x R" — R be a metric in the latent state representation space,

dy(xi,yi) = d(d(x;), d(yir)) be a metric in the state domain. The metric update operator F
is defined as,
Fdp(xisyir) = |rx, =1y, | +7E $(xi41)~P(1(xi) ax;) d(¢(xi+1)a¢(yi’+l))7 (H
¢(yi/+1)~P(-|¢(yi/),ayi, )

Ax Ay, T

where ax, and ay, are the actions in states x; and yy, respectively, and P is the learned latent
dynamics model. F has a fixed point dj.

Proof. Refer to Appendix A.3.1 for the detailed proof. O

To learn the approximation for d7 in the embedding space, one needs to specify the form of distance

d for latent vectors. Castro et al. [7] showed that a behavioral metric with a sample-based next state
distribution divergence is a diffuse metric, as the divergence of the next state distribution corresponds
to the Lukaszyk-Karmowski distance [49] that measures the expected distance between two samples
drawn from two distributions, respectively (detailed definition is in Appendix A.4.1).

Definition 3.2 (Diffuse metric [7]). A functiond : X x X — R based on a vector space X’ is a
diffuse metric if the following axioms hold: 1) d(a,b) > 0 for any a,b € X; 2) d(a,b) = d(b, a)
forany a,b € X; 3) d(a,b) + d(b,c) > d(a,c) for any a,b,c € X.

MICo provides an approximation of the behavioral metric using an angular distance: dy 100(a,b) =

w + p6(a, b), where a, b € R™, f(a, b) represents the angle between vectors a and b, and
B = 0.1 is a hyperparameter. This distance calculation includes a non-zero self-distance, which
makes it compatible with expressing the Lukaszyk-Karmowski distance [49]. However, the angle
function 6(a, b) only considers the angle between a and b, which requires computations involving
cosine similarity and the arccos function. This can sometimes lead to numerical discrepancies.
DBC [47] recommends using the L; norm with zero self-distance, which is only suitable for the
Wasserstein distance. On the other hand, SimSR [45] utilizes the cosine distance, derived from cosine
similarity, but it does not satisfy the triangle inequality and does not have a non-zero self-distance.

To address the challenges mentioned above, we propose a revised distance, cZ(a, b), in the embedding
space. It is characterized as a diffuse metric and formulated as follows:

Definition 3.3. We define d : R x R* — R as a distance function, where d(a,b) =
Val3 +[bl3 — aTb, forany a,b € R".

Theorem 3.4. d isa diffuse metric.

Proof. Refer to Appendix A.3.2 for the detailed proof. O

Lemma 3.5 (Non-zero self-distance). The self-distance of d is not strict to zero, i.e., cf(a, a) =
lall2 > 0. It becomes zero if and only if every element in vector a is zero.

Theorem 3.4 validates that d is a diffuse metric satisfying triangle inequality, and Lemma 3.5 shows
d has non-zero self-distance capable of approximating dynamic divergence, which is a Lukaszyk-

Karmowski distance. Moreover, the structure of d closely resembles the L, norm, with the only
difference being that the factor of a’ b is —1 instead of —2. This construction, which involves only
vector inner product and square root computations without divisions or trigonometric functions, helps
avoid numerical computational issues and simplify the implementation.
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To learn the representation function ¢, a common approach is to minimize MSE loss between the two
ends of (1). The loss, which incorporates d and is dependent on ¢, can be expressed as follows:

2

—yd(p(xis1), d(yir+1))| . ()

‘C¢<¢) =E XirY i/ Txi Ty ~D ‘d(¢(xl)?¢(yl')) _‘Txi —Tyu
d(Xi41),O(¥ i1 41)~P

where D represents the replay buffer or the sampled rollouts used in the RL learning process.

3.1.1 Long-term Temporal Information N _m(zi,x;) - ___“)1,‘]' >
The loss L£4(¢) in Eqn. (2) heavily relies on the temporal- - _ - :
difference update mechanism, utilizing only one-step tran- AL g Ji
sition information. However, this approach fails to ef- ! Y(zi, ;) dg(z;,y5)

i : : dg(zs, yir) A o\ Zj> Yy
fectively capture and encode long-term information from ¢ LI g (i, 25,y Y7)
trajectories. Incorporating temporal information into the | YT S S T
representation while maintaining the structure and adher- 5 W Yo )
. . . : Yir, Yy
ing to behavioral metrics presents a complex challenge. To L L - >
address this challenge, we propose two distinct methods: - 7.9 (YY) 7Yy

(3 T

Chronological Embedding (Section 3.2) and Temporal . (v )
Measurement (Section 3.3). Each technique is designed 7

to capture the temporal essence of a rollout denoted as  Figure 2: An example with two rollouts.
7(x;;%;), which represents a sequence starting from state x; and reaching a future state x;.

As illustrated in Figure 2, the goal of the chronological embedding is to create a novel paired state
embedding, denoted as 1 (x;, x;), capturing the temporal representation of the rollout 7(x;; x;).
This is achieved by transforming a pair of state representations ¢(x;) and ¢(x;) to a vector:
P(xi,x5)=(p(x:), (%)) € R™. The objective of learning v is to develop a “chronological”
behavioral metric d,; that quantifies the distance between rollouts 7(x;; x;) and 7(y,; y;). On the
other hand, temporal measurement aims to compute a specific “distance” m between states x; and
x;, which provides insights into the cumulative rewards accumulated during the rollout 7(x;; ;).

Note that learning the state representation solely based on either d,;, or m poses challenges. While
d,, improves the representation expressiveness, capturing both rewards and dynamics may be less
efficient in the learning process. On the other hand, learning m is efficient but may not adequately
capture the dynamics. Therefore, we propose a unified approach that leverages the strengths of both
dy, and m to overcome the challenges and improve the overall state representation. Empirical results
in Section 4.3 support the effectiveness of our proposal.

3.2 Chronological Embedding

The chronological embedding, denoted by 1(x;,x;) € R", is designed to capture the relationship
between a given state x; and any of its future states x; over the same trajectory. To capture the
comprehensive behavioral knowledge, we introduce a distance function dy, : (S X S) X (§x S) — R,
which is intended to reflect the behavioral metric and enable the encoder 1 to incorporate behavioral
information. Building upon the MICo distance in Theorem 2.2, we specify the metric update operator
Fchrono for dy in the following theorem. Proof is detailed in Appendix A.3.3.

Theorem 3.6. Let My, be the space of d,. The metric update operator Fchrono : My — My, is
defined as follows,

JT'.Chronode (Xiv X, yir, yj’) = |rx7‘, — Ty | + VEX1+1~PI,yi/+1~P; dw (Xi+1 y Xy Yir+1, Yj/)v (3)
where time step 1 < j and i’ < j'. Fcohrono has a fixed point dy,-

Here djj, represents the “chronological” behavioral metric. Our objective is to closely approximate djj,

which measures the distance between two sets of states (x;,x;) and (y;/,y;), taking into account
the difference in immediate rewards and dynamics divergence. To co-learn the encoder v with

dy,, we represent dj, as djj (X;, X, yir, Y1) = (f(w((xi,xj)), Y(yir,y;)), wWhere d is defined in
Definition 3.3. Similar to Eqn. (1), we construct dg to compute the distance in the embedding space.

dy(xi, X5, ¥ir, ¥j0) = |rxi = Ty | + VExiimpr iy~ Prd(@(Xig1, X5), O(yirg1,y57). - (4
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To ensure computational efficiency, the parameters of the encoders ¢ and 1) are shared. The encoder v
extracts outputs from ¢, and the distance measure is appropriately adapted as dj, (Xi,Xj,¥i,¥j) =

d((p(xi), d(x4)), ¥(d(yir), #(y;))). The objective of learning the chronological embedding is to
minimize the MSE loss between both sides of Eqn. (4) w.r.t. ¢ and 1,

‘67/) (1/)7 ¢) =E XX ¥l sY 0 5Tx,s CZ(UJ@(X?)» ¢(X]))7 ¢(¢(%’)a ¢(YJ/))) - |Tx1', - Tyi’

Ty Xit 1Yl 41 ~D

2

—yd(P(d(Xi+1), 9(x;)), Y (B(yirs1), 6(yi)))| - )

Minimizing Eqn. (5) is to encourage the embeddings of similar state sequences to become closer in
the embedded space, thereby strengthening the classification of similar behaviors.

3.3 Temporal Measurement

To enhance the ability of SCR to gain future insights, we introduce the concept of temporal mea-
surement, which quantifies the disparities between a current state x; and a future state x;. This
measurement, denoted by m(x;,x;), aims to measure the differences in state values or the cu-
mulative rewards obtained between the current and future states. We construct an approximate
measurement based on the state representation ¢, denoted by 14 (x;, X;) := m(¢(x;), ¢(x;)). Here,
m : R™ x R™ — R is a non-parametric asymmetric metric function (details are presented at the end
of this section). This approach structures the representation space of ¢(x) around the “distance” m,
ensuring that ¢(x) contains sufficient information for future state planning.

We propose using m to represent the expected discounted accumulative rewards obtained by an
optimal policy 7* from state x; to state x;: m(x;,x;) = Eq- [Zi;é “rs, ’so =X;,8j_; = Xj|.

However, obtaining the exact value of m(x;,x;) is challenging because the optimal policy 7* is
unknown and is, in fact, the primary goal of the RL task. Instead of directly approximating m(x;, x;),
we learn the approximation 7(x;, x;) in an alternative manner that ensures it falls within a feasible
range covering the true m(x;, x;).

To construct this range, we introduce two constraints. The first constraint, serving as a lower boundary,
states that the expected discounted cumulative reward obtained by any policy 7, whether optimal or
not, cannot exceed m:

Jj—i
E, [Z 'Yt'rst

t=0

S0 = X4, 85— = Xj] S m(Xi7Xj). (6)

This constraint is based on a fact that any sub-optimal policy is inferior to the optimal policy. Based
on this constraint, we propose the following objective to learn the approximation 7i:

2

Llow(d)) = Er(xi;xj)rwr ’ )

t=0

ReLU (i Yore, — m(e(x;), ¢(Xj))>

where ReLU(z) = max(0, x). This objective is non-zero when the constraint in Eqn. (6) is not
satisfied. Hence, it increases the value of m(¢(x;), ¢(x;)) until it exceeds the sampled reward sum.

The second constraint serving as the upper boundary is proposed based on Fig. 2. To ensure that the
absolute value |m(x;, x;)| remains within certain limits, we propose the following inequality:

(x4, %5)| < d(xi,yi) + My, y;0)] + d(x;,y50), ®)
where d is the behavioral metric introduced in Section 3.1. The right-hand side of the inequality
represents the longer path from x; to x;. This inequality demonstrates that the absolute temporal
measurement |m(x;, x;)| should not exceed the sum of the behavioral metrics at the initial states
(x; and y;), i.e., d(x;, y; ), the final states pair (x; and y;), i.e. d(x;,y;), and the measurement
|m(yi,y;)|- This constraint leads to the following objective for training 174:

Lupl(6) =JReLU(n(6(3). 6(x,))] ~s8 (d(6(06). dlyi0)) +d(6x,). 6(3,)) +(6(y2). Dy, )|

where sg means “stop gradient”. This objective aims to decrease the value of 74 when the constraint
in Eqn. (8) is not satisfied. By simultaneously optimizing both constraints in a unified manner,
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we guarantee that the approximated temporal measurement, m, is confined within a specific range,
defined by the lower and upper constraints. The overall objective for m is formulated as follows:

ﬁm(ﬁb) = Aclow(ﬁb) + Eup(¢) 9

Asymmetric Metric Function for 772.. The measurement 772(x;, X ), designed to measure the distance
based on the rewards, is intended to be asymmetric with respect to x; and x;. This is because we
assume that state x; comes before x;, resulting in a distinct relationship compared to the progression
from x; to x;. Recent research has focused on studying quasimetrics in deep learning [28, 39, 38]
and developed various methodologies to compute asymmetric distances. In our method, we choose to
utilize Interval Quasimetric Embedding (IQE) [38] to implement 17 (details are in Appendix A.5.1).

3.4 Overall Objective

As shown in Figure 1, the encoders are designed to predict state representations ¢ (x) for individual
states and chrono embedding (x;,x;) to capture the relationship between states x; and x;. The
measurement 77 is then computed based on ¢(x;) and ¢(x;) to incorporate the accumulated rewards
between these states. The components 1/ and 1 work together to enhance the state representations ¢
and capture temporal information, thereby improving their predictive capabilities for future insights.
The necessity of ¢ and m is demonstrated in the ablation study in Section 4.3. Therefore, a
comprehensive objective to minimize is formulated in a unified manner as follows,

L(0) = Lo(9) + Ly(1h,0) + Lin(0)- (10)

Our method, SCR, can be seamlessly integrated with a wide range of deep RL algorithms, which
can effectively utilize the representation ¢(x) as a crucial input component. In our implementation,
we specifically employ Soft Actor-Critic (SAC) [13] as our foundation RL algorithm. The state
representation serves as the input state for both the policy network and Q-value network in SAC.
Other implementation details can be found in Appendix A.5.

4 Experiments

4.1 Configurations

DeepMind Control Suite. The primary objective of our proposed SCR is to develop a robust and
generalizable representation for deep RL when dealing with high-dimensional observations. To
evaluate its effectiveness, we conduct experiments using the DeepMind Control Suite (DM_Control)
environment, which involves rendered pixel observations [37] and a distraction setting called Distract-
ing Control Suite [34]. This environment utilizes the MuJoCo engine, offering pixel observations for
continuous control tasks. The DM_Control environment provides diverse testing scenarios, including
background and camera pose distractions, simulating real-world complexities of camera inputs. (1)
Default setting evaluates the effectiveness of each RL approach. Frames are rendered at a resolution
of 84 x 84 RGB pixels as shown in Figure 3(a). We stack three frames as states for the RL agents.
(2) Distraction setting evaluates both the generalization and effectiveness of each RL approach. The
distraction [34] consists of 3 components, as shown in Figure 3(b): 1) background video distraction,
where the clean and simple background is replaced with a natural video; 2) object color distraction,
which involves slight changes in the color of the robots; and 3) camera pose distraction, where the
camera’s position and angle are randomized during rendering from the simulator. We observe that
tasks become significantly more challenging when the camera pose distraction is applied.

Baselines. We compare our method against several prominent algorithms in the field, including:
1) SAC [13], a baseline deep RL method for continuous control; 2) DrQ [42], a data augmentation

..
(a)

(b)
Figure 3: Examples of DM_Control with (a) default setting and (b) distraction setting.

73315 https://doi.org/10.52202/079017-2332



BiC-Catch  C-SwingUp  C-SwingUpSparse Ch-Run F-Spin H-Stand R-Easy W-Walk

SAC 44754414 631.3£103.6 30.1+12.7 354.4+154  518.6+£29.3  739.8+£15.6 321.14954 363.7+154.4
DrQ 962.7+19.6  840.3+8.2 760.9+44.6 487.6+139  962.0+11.3  861.2£20.9 970.2+12.7 927.3+14.5
DBC 104.2433.3  281.3+£27.6  65.94£80.3 386+16.6 730.3+£136.9 43.5+55.6  179.8427.4 330.3+41.4
MICo | 21544124 803.2+£12.0  0.0£0.0 49+1.8 2.0+£0.1 800.8+21.1 186.1+£19.4 29.7£3.3
SimSR | 938.8+14.9 854.8+11.5  217.94307.5 255.3+£327.5 962.4+19.0 6.2+1.7 76.6£25.1 929.9+21.1
SCR 94424117 849.442.1 768.4+15.1 778.4+29.7  964.9+25.5  851.3+45.6 946.8+26.0 919.0+20.0

Table 1: Results (mean=std) on DM_Control with the default setting at 500K environment steps.

BiC-Catch  C-SwingUp C-SwingUpSparse Ch-Run F-Spin H-Stand R-Easy W-Walk
SAC 82.6+£20.2 218.4+49  0.7£0.7 1774484  22.5+27.7 19.6£26.2  149.4+77.5 167.248
DrQ 124.04£99.6  230.0+36.3 11.24+6.4 103.0£84.9 579.84282.8 16.8+£11.8  70.5+40.1  33.6+6.3
DBC 48.8424.4  127.7£19.2 0.0+0.0 9.2+19 7.7+10.7 5.6+2.5 149.6+42.8 30.9+4.8
MICo | 104.2£10 200.2+6.6  0.0£0.1 7.4+£32 86.9+76.1 11.8+£10.5  132.3£37.8 27.5£7.7
SimSR | 106.4+13.5 148.4+17.3 0.0+0.0 28.2423.8  0.4+0.1 6.6+1.2 78.4+17 28.6+3.1
SCR 221.3£554  565.1+£59.9 185.7+£93.0 331.7£14  738.3+245  400.8419.2 666.1+14.5 555.1+31.2

Table 2: Results (mean+std) on DM_Control with distraction setting at 500K environment step.
Distraction includes background, robot body color, and camera pose.

Median QM Mean Optimality Gap
SAC | | | 1
DrQ | | 1 |
DBC 1 | I I
MICo M I 1 1
SimSR I | 1 I
SCR | [mm m .

0.15 0.30 0.1 02 03 04 0.7 08 09

0.2 .0.% 0.1
nofmalizéd scores

Figure 4: Aggregate metrics on distract setting.

method using random crop; 3) DBC [47], representation learning with the bisimulation metric; 4)
MICo [7], representation learning with MICo distance; and 5) SimSR [45], representation learning
with the behavioral metric approximated by the cosine distance.

4.2 Main Results

Default Setting. To verify the sample efficiency of our method, we compare it with others on eight
tasks in DM_Control and report the experimental results in Table 1. We trained each method on
each task for 500K environment steps. All results are averaged over 10 runs. We observe that SCR
achieves comparable results to the augmentation method DrQ and the state-of-the-art behavioral
metric approach SimSR. It is worth noting that for a DM_Control task, the maximum achievable
scores are 1000, and a policy that collects scores around 900 is considered nearly optimal. These
findings highlight the effectiveness of our SCR in mastering standard RL control tasks.

Distraction Setting. To further evaluate the generalization ability of our method, we perform
comparison experiments on DM_Control with Distraction using the same training configuration as in
the default setting. We evaluate 10 different seeds, and conduct 100 episodes per run. The scores from
each run are summarized in Table 2. The std is computed across the mean scores of these 10 runs. The
results show that our method outperforms the others in all eight tasks, notably in the sparse reward
task cartpole-swing_up_sparse, where other methods achieve nearly zero scores. The camera-pose
distraction poses a significant challenge for metric-based methods like DBC, MICo, and SimSR, as it
leads to substantial distortion of the robot’s shape and position in the image state. DrQ outperforms
other behavioral metric methods, possibly due to its random cropping technique, which facilitates
better alignment of the robot’s position. The aggregate metrics [2] are shown in Figure 4, where
scores are normalized by dividing by 1000. Figure 5 presents the training curves, while additional
curves can be found in Appendix B.3. These results demonstrate the superior performance of our
method in handling distractions and highlight our strong generalization capabilities.

4.3 Ablation Study
Impact of Different Components. To evaluate the impact of each component in SCR, we perform

an ablation study where certain components are selectively removed or substituted. Figure 6 shows
the training curves on cheetah-run and walker-walk in the distraction setting. SCR denotes the full
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Figure 5: Training curves of SCR and baseline methods in the distraction setting of DM_Control. Mean
scores on 10 runs with std (shadow shape). Training curves of all tasks are shown in Appendix B.3.
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Figure 6: Ablation study on cheetah-run (left)  Figure 7: Training curves with varying sampling
and walker-walk (right) in the distraction setting.  steps. Left: cheetah-run. Right: walker-walk.
Mean scores on 10 runs with std (shadow shape). = Mean scores on 10 runs with std (shadow shape).

model. SCR w/o 1) removes the chronological embedding ). SCR w/o m refers to the exclusion of
the approximation 7. SCR w/ ¢ only removes losses Ly, (¢, 1) and L,;,(¢) but keep L4(¢). SCR w/

cos replaces the distance function d for computing metrics on the representation space with cosine
distance, akin to SimSR does. SCR w/ MICo replaces d with MICo’s angular distance. SCR w/ L1

replaces d with the L; distance as adopted by DBC. The results demonstrate the superior performance
of the full model and the importance of ¢ and 7. The absence of these components can lead to

worse performance and unstable training. The results also demonstrate that the proposed d surpasses
existing distance functions.

Impact of Sampling Steps. In our previous experiments, we uniformly sample the number of
steps between ¢ and j in the range [1,100]. In this experiment, we investigate the impact of this
hyper-parameter on SCR. We conduct experiments on the cheetah-run and walker-walk tasks in the
distraction setting with various step sampling ranges: [1, 10], [1,50], [1, 100], and [1, 150]. We also
make comparisons with fixed step counts: 50 and 100. The results presented in Figure 7 show that
sampling step counts in the range [1, 100] yields the optimal results and remains stable across tasks.
Therefore, we set this hyper-parameter to uniformly sample in the range [1, 100] for all experiments.

4.4 Experiments on Meta-World

We present experimental investigations conducted in Meta-World [44], a comprehensive simulated
benchmark that includes distinct robotic manipulation tasks. Our focus is on six specific tasks:
basketball-v2, coffee-button-v2, door-open-v2, drawer-open-v2, pick-place-v2, and window-open-v2,
chosen for their diverse objects in environments. The observations are rendered as 84 x84 RGB pixels
with a frame stack of 3, following the DM_Control format. Table 3 displays the average success rates
over all tasks and five seeds, while Figure 8 shows the training curves for a subset of these tasks.
Additional training curves for all tasks can be found in Appendix B.5. Our proposed SCR consistently
achieves optimal performance in all tasks, while other baseline methods, except for DrQ, fail to
converge to such high levels of performance. Even though DrQ demonstrates proficiency in achieving
optimal performance, it shows less sampling efficiency than SCR, highlighting the effectiveness of
SCR in the applied setting.

5 Conclusion

Our proposed State Chrono Representation learning framework (SCR) effectively captures information
from complex, high-dimensional, and noisy inputs in deep RL. SCR improves upon previous metric-
based approaches by incorporating a long-term perspective and quantifying state distances across
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SAC DrQ DBC MICo SimSR SCR
Meta-World | 0.495 +0.475 0.886 +0.125 0.479 £0.453 0.495 £0.482 0.258 4+ 0.365  0.969 + 0.032

Table 3: Average success rates for six tasks in Meta-World.

basketball-v2 door-open-v2 pick-place-v2 window-open-v2

00 02 04 056 08 10
‘environment steps 1le6

Figure 8: Training curves in Meta-World. Mean success rates on 5 runs with std (shadow shape).
Training curves of all tasks are shown in Appendix B.5.

temporal trajectories. Our extensive experiments demonstrate its effectiveness compared with several
metric-based baselines in complex environments with distractions, making a promising avenue for
future research on generalization in representation learning.

Limitations. This work does not address truly Partially Observable MDPs (POMDPs), which are
common in real-world applications. In future work, we plan to integrate SCR with POMDP methods to
solve real-world problems, or to design unified solutions that better accommodate these complexities.
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A Appendix

A.1 Broader Impact

This paper is a research on improving the representation of deep reinforcement learning. We think
that there are no potential societal consequences that need to be highlighted.

A.2 Additional Related Work

Recent studies have extensively explored representation learning in reinforcement learning (RL).
Some previous works [18, 24, 43] employ autoencoders to encode image states into low-dimensional
latent embeddings, resulting in improved visual perception and accelerated policy learning. Other
approaches [42, 22, 23, 41, 35] utilize data augmentation techniques such as random crop or noise
injection, combined with contrastive loss, to learn more generalizable state representations. Another
set of approaches [25, 33, 15] focus on learning representation by predicting auxiliary tasks to
extract more information from the environment. Successor representations [19, 30] tackles the state
occupancy distribution to learn a more informative state representation, showing generalization
capabilities between tasks.

In recent research, metric learning methods have been employed in RL to measure distances between
state representations. Some approaches aim to approximate bisimulation metrics [47, 20] while others
focus on learning sample-based distances [45, 7]. Bisimulation metrics have also been utilized in
goal-based RL to enhance state representation [17]. A more recent work introduces quasimetrics
learning as a novel RL objective for cost MDPs [40] but it is not for general MDPs.

Self-predictive representation (SPR) [32] learn representations regarding a future state but it focuses
on predicting future states, enforcing the representation of predicted future states to be close to the
true future states. SPR’s representation focuses on dynamics learning, without directly considering
the reward or value. In contrast, SCR focuses on predicting a metric/distance between current state
and future state and the metrics are related to rewards or values regarding policy learning.

Successor Representations (SRs) [1, 3, 30] are a class of methods designed to learn representations
that facilitate generalization. SRs achieve this by focusing on the occupancy of states, enabling
generalization across various tasks and reward functions. In contrast, SCR measures the distance
between states specifically to handle observable distractions.

A.3 Proofs

A.3.1 Proof of Theorem 3.1

Theorem 3. Let d : R™ x R™ — R be a metric in the latent state representation space, dg(X;,y) :=
d(é(x:), d(yi)) be a metric in the state domain. The metric update operator F is defined as,

+E P i+ 1)~ P (16 (x:) ) d(¢(xi+1), O(yir+1)); (I
(Y14 )~PClB(y ) say,)

where M is the space of d, with ax, and ay,, being the actions at states x; and y;, respectively, and

Jtdqb(xivyi’) = |Txi — Ty,

P is the learned latent dynamics model. F has a fixed point dj.

Proof. We follow the proof techniques from [7] and [45]. By substituting (f((;S(xH_l), d(yi+1)) with
d¢ (XZ‘+1, yiurl), we have
Fdo(xi, i) = e =Tyl H 9B e )mPClotan,) To(XKit1 Yirg1): (12)
¢(y7',’+1)NP('|¢(y1,’)aayi/ )
The operator Fd,, is a contraction mapping with respect to the L., norm because,

|Fdy(x,y) — Fdg (x,y)| = |7E b(xip1)~P(d(x:),ax;) (dy — do)(Xit1,¥ir+1)

" 13
¢(y1‘/+1)"’P('|¢(y1‘/)7ayi/) ( )
<M(dg = dgr) (Xit1,¥ir 1) [l oo-
By Banach’s fixed point theorem, operator F has a fixed point d. O
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A.3.2 Proof of Theorem 3.4

To prove the distance d is a diffuse metric, we need to prove that d satisfies all of three axioms in the
Definition 3.2 (definition of diffuse metric).

Lemma A.1. |a||3 + ||b[3 —a"b > 0foranya,b € R.

Proof. Because a'b < ||a||||b]|, we have,

laf]* + [Ib]|* —a"b
>[laf|* + [ — [all[[b]
>[lafl* + [ — 2|al[[b] (14)
=(llafl —Ibl)?
>().

O

This lemma indicates that the term under the square root of dis always non-negative. d is able to
measure any two vectors a, b € R,

Lemma A.2 (Non-negative). (;l(a, b) > 0foranya,b € R

Proof. By definition, the square root is non-negative. O

Lemma A.3 (Symmetric). d(a,b) = d(b,a)

Proof. d(a,b) = \/[[a]3 + [[b[l3 —aTb = \/[b[3 + [[a]} — bTa = d(b,a) a

Lemma A.4 (Triangle inequality). d(a, b) + d(b,c¢) > d(a, c), forany a,b,c € R.

Proof. To prove this lemma, it is equivalent to prove the following inequality by definition of d,

Vllal2 + [b]2 —aTh 4 \/[b]2 + e~ bTe > /a2 + el —aTe. (1)

Because —[x/|llyl| < x"y < [x/lllyll, ¥,y , we have

Vllall2 + bl — aTb + /[b]2 + [cl|> ~bTe
>/[[al? + Bl — [all[o] + /oI + el — [o]el.

(16)

and

Viall? + el + [laf[le]| > \/IlalII2 +cf]* —aTe. (17)
If

Vllal? + [[bl[2 — [lal[[Ib[| + v/[Ibl2 + [lc] — [bllell = v/[la]l? + e[ + [lalllell  (18)

is true, then inequality (15) is true and Lemma A.4 is proven. To prove inequality (18), we can take
squares on both sides without sign changing because both sides are non-negative. Then we have,

2
(\/Ilall2 +[[b] = [lall[b]| + v/[b[ + e[ - HbIIIICH) > [lall* + [lel* + flalllell. (19

To prove inequality (18), it is equivalent to prove inequality (19). Expand and simplify inequality
(19), we have

2v/[lall? + bl — [lall[lbll /B[ + [lc] — [Ibllllc] > —2[bl|* + [lal[[bl| + [blll<| + HaHll(le(I%

The left-hand side of inequality (20) is non-negative.

1) if right hand side —2||b||? + ||a||||b]| + ||b|l/lc|| + ||al|||c|| < O, then inequality (20) is proven and
backtrace to Lemma A.4 is proven.
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2) if right hand side —2|
inequality (20) and have,

A(llall* + [Ib]I* = llall b (bl* +llel* = [Iblllel) = (=2Ib]* + [la] ] + bl + HaHIICI(IZ)

b2 + ||al|||b]| + [|b|l|lc|| + ||all|lc|]| > 0, we take square on both sides of

2.
1y
To prove inequality (21), we let left-hand side subtract right-hand side,

A(llall® + ol — llallIbID I + lell* — [blllel) — (=2Ibl* + llallbll + [blllell + lalllc])®
=3|al|*|[b]|* + 3]lal*[lc||* + 3][bl1*[lc|* — 6[lall*[[blllc]l — 6llall|[blllicl* + 6[lall|[bl|||c]
=3(llal ]l + bllcl — lallllel)?
>0.

(22)

Therefore, inequality (21) is proven. Consequently, inequality (20) in the case of —2||b||? + ||al|||b|| +
IIblllc|l + |lallllc]| > 0 is proven. Summarize with the case of —2||b||? + ||al|||b]| + |b]|l|c|| +
lallllc]l < 0, inequality (20) is proven and Lemma A.4 is proven.

O

Theorem A.5. d is a diffuse metric.

Proof. By summarizing Lemma A.2, A.3, and A.4, function d holds the three axioms of diffuse
metric. Therefore, function d is a diffuse metric. O

A.3.3 Proof of Theorem 3.6

Theorem 5. Let My, be the space of dy. The metric update operator Fcnrono : My — My, is
defined as,

Fenronody (Xis X, ¥ir, ¥ir) = |x; = Ty | + VEx; i mpPr iy ~Prdy (Xig1, X5, Yire1, ¥i7)- (23)

Fchrono has aﬁxedpoint.

Proof. In practice, we have assumed that the sampled x; and y;- are future states of x; and y;,
respectively. To be precise, we extend the definition of F¢prone to cover the cases that ¢ > j or
> 7.
Fehronody(Xis X, yir, Y1) =
0, i>jori >4, (24)
{rxi — Ty, | +VEx i ~Pr Vi ~Pr dy(Xi+1,X;5,¥Yir41,Yj), otherwise.
We follow the proof in Section A.3.1. Fcnrono 18 contraction mapping because.
| Fehronoly (Xi, X5, ¥ir, Y5 ) — FChronody (Xi, X5, ¥ir, ¥i7)]
= ’VExi+1~P;7yi/+1~P; (dyp — dy)(Xit1, %5, Yir+1,¥j7) (25)

>|[(dy — dy ) (Xit1, %5, Yir+1, Y5 ) lloo
By Banach’s fixed point theorem, operator F¢h-ono has a fixed point dz. O

A.4 Theoretical Details

A4.1 Lukaszyk-Karmowski Distance

Definition A.6 (Lukaszyk-Karmowski Distance). Given a metric space (X, d) where d is a metric
defined on X x X, the Lukaszyk-Karmowski distance [49] is a distance between two probability
measures 4 and v on X using metric d, and is defined as follows:

dri(d)(p,v) = Epppzrmpd(z, 2) (26)
Intuitively, dy, x measures the expected distance between two samples drawn from p and v, respec-

tively. If we measure the d; i (d) distance between two identical distributions, the distance is not
restricted to zero, i.e., dp i (d)(p, ) > 0.
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A.5 Implementation Details

A.5.1 Implementation of m

We adopt IQE [38] to implement 2. Given two vectors a,b € R”, reshaping to R¥*! where
k x I = n, IQE first computes the union of the interval for each component:

!
di(a, b) = | U [aij, max(aij7 blj)H,VZ = 1, 2, ceey k’7 (27)
j=1
where [, -] is the interval on the real line. Then it computes the distance among all components d; as

digr(a,b) = a-max(di(a,b),..dy(a,b)) + (1 — a) - mean(d; (a, b), ..dx(a, b)), (28)

where o € R is an adaptive weight to balance the “max” and “mean” terms. In the scope of our
method, we adopt d;gg(a, b) to implement 7.

A.5.2 Network Architecture

The encoder ¢ takes an input of the states and consists of 4 convolutional layers followed by 1 fully-
connected layer. The output dimension of ¢ is 256. The encoder 1 takes an input of 512-dimensional
vector (concatenated with ¢(x;) and ¢(x;)), feed it into two layer MLPs with 512 hidden units, and
output a 256 dim embedding. Q network and policy network are 3-layer MLPs with 1024 hidden
units.

A.5.3 Hyperparameters

Hyperparameters Values

Stack frames 3

Observation shape (3 x 3,84,84)

Action repeat 2 for finger-spin, walker-walk
8 for cartpole-swing_up, cartpole-swing_up_sparse
4 for others in DeepMind Control Suite
1 for Meta-World

Convolutional layers 4

Convolutional kernal size | 3 x 3

Convolutional strides [2,1,1,1]

Convolutional channels 32

¢ dimension 256

1) dimension 256

Learning rate le-4

Q function EMA aq 0.01

Encoder ¢ EMA a4 0.05

Initial steps 1000

Replay buffer size 500K

Target update freq 2

Batch size 128

Discount factor ~ 0.95 for ball_in_cup-catch, Reacher-easy
0.99 for others

Table 4: Hyperparameters
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A.5.4 Algorithm

Algorithm 1 A learning step in jointly learning SCR and SAC.

Require: Replay Buffer D, Q network (), policy network 7, target Q network (), state encoder ¢,
target state encoder ¢, chronological encoder ).
Sample a batch of trajectories with size B: {7, }5_; ~ D
Sample state x;, transition at x; and its future state x; from each trajectory 7:
{(xi X1, 74, @4, X))k ~ Tk}szl
Compute loss L4(¢) in (2)
Compute loss Ly (1), ¢) in (5)
Compute loss L, (¢) in (9)
Compute loss £(, 1) = L4 (9) + L (1, 6) + L (¢) in (10)
Update ¢ and v by minimizing loss £(¢, )
Compute RL loss L, according to SAC objectives
Update ¢, ) and 7 by minimizing loss Ly, ~
Soft update target Q network: Q = agQ + (1 — ag)Q
Soft update target state encoder: ¢ = ay¢ + (1 — avg) @

I def d(x, y):

2 a = (x.pow(2.).sum(dim=-1, keepdim=True) + y.pow(2.).sum(dim=-1,
keepdim=True)) # x~2 + y~2
b = (x * y).sum(dim=-1, keepdim=True) # xy
return (a - b).sqrt() # sqrt(x~2 + y~2 - xy)

6 def encoder_loss(self, s_i, s_i_1, s_j, s_j_1, r_i, r_j, agg_rew_i_j):
7 phi_i = self.encoder(s_i)
8 phi_i_1 = self.encoder(s_i_1)
9 phi_j = self.encoder(s_j)
0 phi_j_1 = self.encoder(s_j_1)
# concatenate i and j for compute loss (2) where j is not required

1

2 phi_t = torch.cat([phi_i, phi_jl)

3 phi_t1 = torch.cat([phi_i_1, phi_j_11])
4 r_t = torch.cat([r_i, r_jl)

5 # compute loss (2)

16 # permute batch to create y
17 perm = torch.randperm(phi_t.shape[0])

18 d_phi_t = d(phi_t, phi_t[perm])

19 d_phi_t1 = d(phi_t1, phi_t1[perm])

0 # loss (2)

1 loss_phi = F.mse_loss(d_phi_t, r_t + self.discount * d_phi_t1.
detach())

: # compute loss (5)

4 psi = self.psi_mlp(phi_i, phi_j)

5 psi_1 = self.psi_mlp(phi_i_1, phi_j)

26 # permute batch to create y

27 perm = torch.randperm(psi.shape[0])

28 d_psi = d(psi, psilperm])

29 d_psi_1 = d(psi_1, psi_1[perm])

30 # loss (5)

31 loss_psi = F.mes_loss(d_psi, r_i + self.discount * d_psi_1.detach

O)

ST

33 # compute m

34 m = iqe(phi_i, phi_j)

35 # compute loss (8)

36 low_bound = agg_rew_i_]j

37 loss_low = (F.mse_loss(m, low_bound, reduction=’none’) * (m <
low_bound) .detach()) .mean ()

38 # compute loss (10)
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9
20

up_bound = d(phi_i, phi_il[perm]) + d(phi_j, phi_j[perm]) +
agg_rew_i_j[perm]

up_bound = up_bound.detach()

loss_up = (F.mse_loss(m.abs(), up_bound, reduction=’none’) * (m.
abs () > up_bound) .detach()) .mean()

return loss_phi + loss_psi + loss_low + loss_up

Listing 1: Pseudo code of learning of representation

A.6 Computational Resources

The experiment is done on servers with an 128-cores CPU, 512 GB RAM and NVIDIA A100 GPUs.
Two instances are running in one GPU at the same time.

B Experiments

B.1 Additional Information for Distraction Settings in DeepMind Control Suite

For the distraction setting in Section 4.2, we utilized the Distracting Control Suite [34] with the
setting "difficulty=easy". This involves mixing the background with videos from the DAVIS2017 [29]
dataset. Specifically, the training environment samples videos from the DAVIS2017 train set, while
the evaluation environment uses videos from the validation set. Each episode reset triggers the
sampling of a new video. Additionally, it introduces variability in each episode by applying a
uniformly sampled RGB color shift to the robot’s body color and randomly selecting the camera
pose. The specifics of the RGB color shift range and camera pose variations are in line with the
Distracting Control Suite paper [34]. Different random seeds are used for the training and evaluating
environments at the start of training to ensure diverse environments.

B.2 Name of Tasks in DeepMind Control Suite

Due to limited space in main text, we use short name for tasks in DeepMind Control Suite. The full
name of tasks are listed in below Table 5:

Short Name Full Name

BiC-Catch ball_in_cup-catch
C-SwingUp cartpole-swing_up
C-SwingUpSparse | cartpole-swing_up_sparse
Ch-Run cheetah-run

F-Spin finger-spin

H-Stand hopper-stand

R-Easy Reacher-easy

W-Walk walker-walk

Table 5: Full name of tasks in DeepMind Control Suite

B.3 Additional Results of Distracting Control Suite in Section 4.2

We extend the experiments in Section 4.2 with compared with RAP [8], showing results in Table 6.
Figure 9 shows the training curves of SCR and baseline methods in distraction setting of DM_Control.
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21

22
23
24
25
26
27

28

29

BiC-Catch  C-SwingUp C-SwingUpSparse Ch-Run F-Spin H-Stand R-Easy W-Walk

SAC 82.6+20.2 2184449  0.7£0.7 1774484  22.5427.7 19.6+£26.2  149.4+77.5 167.2+8
DrQ 124.0+£99.6  230.0+£36.3 11.2+6.4 103.0+£84.9 579.84+282.8 16.8+11.8  70.5+40.1  33.6+£6.3
DBC 48.8+24.4  127.7£19.2  0.0+0.0 92419 7.7+£10.7 5.6+2.5 149.6+42.8 30.9+4.8
MICo | 104.2+10 200.2+6.6  0.0+0.1 74432 86.9+76.1 11.8£10.5  132.3+37.8 27.5+7.7
SimSR | 106.4+13.5 148.4+17.3 0.0+£0.0 28.2423.8  0.440.1 6.6+1.2 78.4+17 28.6+3.1
RAP 82.6+159.3 451.7+74.1 0.1£0.7 24324264 577.7+£1404 6.1£11.7 87.8+86.7  183.7+108.7
SCR 221.3+554 565.1+59.9 185.7+93 331.7+1.4  738.3+245  400.8+19.2 666.1+14.5 555.1+31.2

Table 6: Results (mean+std) on DM_Control with distraction setting at 500K environment step.
Distraction includes background, robot body color, and camera pose.
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Figure 9: Training curves of SCR and baseline methods in distraction setting of DM_Control. Curves
are evaluation scores average on 10 runs and shadow shapes are std.

B.4 Additional Comparison Experiments with Data Augmentation Methods

Data augmentation is a category of methods efficient on reinforcement learning, toward sample
efficiency and noise invariance. Additional baseline CBM [26] is bisimulation metric method combing
with data augmentation method DrQ-v2, and it achieves significant performance in distracting
DM_Control. To compare with CBM, we embed data augmentation method DrQ into our proposed
method SCR. Table 7 indicates that the performance of SCR combined with DrQ surpass baseline

CBM.
BiC-Catch  C-SwingUp C-SwingUpSparse Ch-Run F-Spin H-Stand R-Easy W-Walk
DrQ 124.0+99.6  230.0+£36.3 11.2+6.4 103.0+84.9 579.8+282.8 16.8+11.8 70.5+40.1 33.6+6.3
CBM 642.5+66.1 464.1£85.4 27.6+£5.2 422.14+82.0 817.6£21.7  212.94+24.6  319.5£274.6 688.5+65.6
SCR 221.3+55.4 565.1£59.9 185.7+£93.0 331.7£1.4  7383+245  400.84+19.2  666.1+£14.5  555.1+31.2
SCR w/DrQ | 936.0+97.0 783.9+62.0 417.2+89.5 480.2+48.2 835.3+37.3  706.4+165.5 829.0+32.3  835.6+79.5

Table 7: Results (mean+std) on DM_Control with distraction setting at 500K environment step.
Distraction includes background, robot body color, and camera pose.

B.5 Training Curves Meta-World

Figure 10 shows the training curves of SCR and baseline methods in Meta-World in Section 4.4.
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Training Curves of Meta-World. Mean success rates on 5 runs with std (shadow shape).

B.6 Additional Experiments on MiniGrid

We provide additional experiments on MiniGrid-FourRooms [9] environment. MiniGrid is under a
sparse reward setting that the agent receives a reward only when it successfully reaches a specific
goal, without rewards at previous steps. This experiment verifies the motivation of SCR that is able
to handle non-informative rewards. We compare various metric-based representation methods that
combine with backbone PPO [31] algorithms. We train each run for SM environment steps. Table
shows the results with PPO, PPO+DBC, PPO+MICo, PPO+SimSR, and PPO+SCR.

Methods

PPO PPO+DBC PPO+MICo PPO+SimSR  PPO+SCR

SCOres

0.515 +£0.029  0.515 £0.012  0.350 £0.064  0.321 £0.046  0.546 +0.012

Table 8: Results (mean+std) on MiniGrid-FourRooms [9] at SM environment steps. Results are
average over 5 seeds.
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00

Figure 11: Training curves on MiniGrid-FourRooms [9]. Results are average over 5 seeds.
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57 NeurIPS Paper Checklist

38 1. Claims

39 Question: Do the main claims made in the abstract and introduction accurately reflect the
40 paper’s contributions and scope?

4 Answer: [Yes]

42 Justification: We have included the claims of contributions and scope.

43 Guidelines:

44 * The answer NA means that the abstract and introduction do not include the claims
45 made in the paper.

46 * The abstract and/or introduction should clearly state the claims made, including the
47 contributions made in the paper and important assumptions and limitations. A No or
48 NA answer to this question will not be perceived well by the reviewers.

49 * The claims made should match theoretical and experimental results, and reflect how
50 much the results can be expected to generalize to other settings.

51 * It is fine to include aspirational goals as motivation as long as it is clear that these goals
52 are not attained by the paper.

53 2. Limitations

54 Question: Does the paper discuss the limitations of the work performed by the authors?

55 Answer: [Yes]

56 Justification: We discuss in the Conclusion Section.

57 Guidelines:

58 * The answer NA means that the paper has no limitation while the answer No means that
59 the paper has limitations, but those are not discussed in the paper.

60  The authors are encouraged to create a separate "Limitations" section in their paper.
61 * The paper should point out any strong assumptions and how robust the results are to
62 violations of these assumptions (e.g., independence assumptions, noiseless settings,
63 model well-specification, asymptotic approximations only holding locally). The authors
64 should reflect on how these assumptions might be violated in practice and what the
65 implications would be.

66 * The authors should reflect on the scope of the claims made, e.g., if the approach was
67 only tested on a few datasets or with a few runs. In general, empirical results often
68 depend on implicit assumptions, which should be articulated.

69 * The authors should reflect on the factors that influence the performance of the approach.
70 For example, a facial recognition algorithm may perform poorly when image resolution
71 is low or images are taken in low lighting. Or a speech-to-text system might not be
72 used reliably to provide closed captions for online lectures because it fails to handle
73 technical jargon.

74 * The authors should discuss the computational efficiency of the proposed algorithms
75 and how they scale with dataset size.

76 « If applicable, the authors should discuss possible limitations of their approach to
77 address problems of privacy and fairness.

78 * While the authors might fear that complete honesty about limitations might be used by
79 reviewers as grounds for rejection, a worse outcome might be that reviewers discover
80 limitations that aren’t acknowledged in the paper. The authors should use their best
81 judgment and recognize that individual actions in favor of transparency play an impor-
82 tant role in developing norms that preserve the integrity of the community. Reviewers
83 will be specifically instructed to not penalize honesty concerning limitations.

84 3. Theory Assumptions and Proofs

85 Question: For each theoretical result, does the paper provide the full set of assumptions and
86 a complete (and correct) proof?

87 Answer: [Yes]
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Justification: We provide complete proof in Appendix.
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: We provide implementation details in Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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142 Answer:

143 Justification: We provide pseudo codes in Appendix. We will release source code after
144 published.

145 Guidelines:

146 * The answer NA means that paper does not include experiments requiring code.

147 * Please see the NeurIPS code and data submission guidelines (https://nips.cc/
148 public/guides/CodeSubmissionPolicy) for more details.

149 * While we encourage the release of code and data, we understand that this might not be
150 possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
151 including code, unless this is central to the contribution (e.g., for a new open-source
152 benchmark).

153 * The instructions should contain the exact command and environment needed to run to
154 reproduce the results. See the NeurIPS code and data submission guidelines (https:
155 //nips.cc/public/guides/CodeSubmissionPolicy) for more details.

156 * The authors should provide instructions on data access and preparation, including how
157 to access the raw data, preprocessed data, intermediate data, and generated data, etc.
158 * The authors should provide scripts to reproduce all experimental results for the new
159 proposed method and baselines. If only a subset of experiments are reproducible, they
160 should state which ones are omitted from the script and why.

161 * At submission time, to preserve anonymity, the authors should release anonymized
162 versions (if applicable).

163 * Providing as much information as possible in supplemental material (appended to the
164 paper) is recommended, but including URLSs to data and code is permitted.

165 6. Experimental Setting/Details

166 Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
167 parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
168 results?

169 Answer: [Yes]

170 Justification: We provide details in Appendix.

171 Guidelines:

172 * The answer NA means that the paper does not include experiments.

173 * The experimental setting should be presented in the core of the paper to a level of detail
174 that is necessary to appreciate the results and make sense of them.

175 ¢ The full details can be provided either with the code, in appendix, or as supplemental
176 material.

177 7. Experiment Statistical Significance

178 Question: Does the paper report error bars suitably and correctly defined or other appropriate
179 information about the statistical significance of the experiments?

180 Answer: [Yes]

181 Justification: We report the standard deviation of the experimental results.

182 Guidelines:

183 * The answer NA means that the paper does not include experiments.

184 * The authors should answer "Yes" if the results are accompanied by error bars, confi-
185 dence intervals, or statistical significance tests, at least for the experiments that support
186 the main claims of the paper.

187 * The factors of variability that the error bars are capturing should be clearly stated (for
188 example, train/test split, initialization, random drawing of some parameter, or overall
189 run with given experimental conditions).

190 * The method for calculating the error bars should be explained (closed form formula,
191 call to a library function, bootstrap, etc.)

192 * The assumptions made should be given (e.g., Normally distributed errors).
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8.

10.

« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: We provide details in Appendix.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: We follow NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).
Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: This paper is a research on improving the representation of deep reinforce-
ment learning. We think that there are no potential societal consequences that need to be
highlighted.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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244 » The conference expects that many papers will be foundational research and not tied

245 to particular applications, let alone deployments. However, if there is a direct path to
246 any negative applications, the authors should point it out. For example, it is legitimate
247 to point out that an improvement in the quality of generative models could be used to
248 generate deepfakes for disinformation. On the other hand, it is not needed to point out
249 that a generic algorithm for optimizing neural networks could enable people to train
250 models that generate Deepfakes faster.

251 * The authors should consider possible harms that could arise when the technology is
252 being used as intended and functioning correctly, harms that could arise when the
253 technology is being used as intended but gives incorrect results, and harms following
254 from (intentional or unintentional) misuse of the technology.

255 « If there are negative societal impacts, the authors could also discuss possible mitigation
256 strategies (e.g., gated release of models, providing defenses in addition to attacks,
257 mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
258 feedback over time, improving the efficiency and accessibility of ML).

259 11. Safeguards

260 Question: Does the paper describe safeguards that have been put in place for responsible
261 release of data or models that have a high risk for misuse (e.g., pretrained language models,
262 image generators, or scraped datasets)?

263 Answer: [NA]

264 Justification: Our paper poses no such risks.

265 Guidelines:

266 * The answer NA means that the paper poses no such risks.

267 * Released models that have a high risk for misuse or dual-use should be released with
268 necessary safeguards to allow for controlled use of the model, for example by requiring
269 that users adhere to usage guidelines or restrictions to access the model or implementing
270 safety filters.

271  Datasets that have been scraped from the Internet could pose safety risks. The authors
272 should describe how they avoided releasing unsafe images.

273 * We recognize that providing effective safeguards is challenging, and many papers do
274 not require this, but we encourage authors to take this into account and make a best
275 faith effort.

276 12. Licenses for existing assets

277 Question: Are the creators or original owners of assets (e.g., code, data, models), used in
278 the paper, properly credited and are the license and terms of use explicitly mentioned and
279 properly respected?

280 Answer: [Yes]

281 Justification: We have cited their original paper.

282 Guidelines:

283 * The answer NA means that the paper does not use existing assets.

284 * The authors should cite the original paper that produced the code package or dataset.
285  The authors should state which version of the asset is used and, if possible, include a
286 URL.

287 * The name of the license (e.g., CC-BY 4.0) should be included for each asset.

288  For scraped data from a particular source (e.g., website), the copyright and terms of
289 service of that source should be provided.

290 * If assets are released, the license, copyright information, and terms of use in the
291 package should be provided. For popular datasets, paperswithcode.com/datasets
292 has curated licenses for some datasets. Their licensing guide can help determine the
293 license of a dataset.

294 * For existing datasets that are re-packaged, both the original license and the license of
295 the derived asset (if it has changed) should be provided.
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13.

14.

15.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: We do not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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