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Abstract— Model-based reinforcement learning (MBRL) with
real-time planning has shown great potential in locomotion
and manipulation control tasks. However, the existing planning
methods, such as the Cross-Entropy Method (CEM), do not
scale well to complex high-dimensional environments. One of
the key reasons for underperformance is the lack of exploration,
as these planning methods only aim to maximize the cumulative
extrinsic reward over the planning horizon. Furthermore,
planning inside the compact latent space in the absence of ob-
servations makes it challenging to use curiosity-based intrinsic
motivation. We propose Curiosity CEM (CCEM), an improved
version of the CEM algorithm for encouraging exploration via
curiosity. Our proposed method maximizes the sum of state-
action Q values over the planning horizon, in which these Q
values estimate the future extrinsic and intrinsic reward, hence
encouraging to reach novel observations. In addition, our model
uses contrastive representation learning to efficiently learn
latent representations. Experiments on image-based continuous
control tasks from the DeepMind Control suite show that
CCEM is by a large margin more sample-efficient than previous
MBRL algorithms and compares favorably with the best model-
free RL methods.

I. INTRODUCTION

Model-based RL (MBRL) improves sample efficiency by
learning a dynamics model in latent space, then either utilizes
the learned model directly for real-time (online) planning
[1], [2] or optimizes a policy inside imagined trajectories
(i.e., background planning) [3]. MBRL has shown outstand-
ing successes in complex discrete environments, such as
defeating human world champions in chess [4] and Go [5].
However, in continuous control tasks, planning methods such
as the Cross-Entropy Method (CEM) [6] do not scale well
with the increasing complexity in environments. The way of
planning by randomly generating action sequences and then
executing the first action in the sequence with the highest
expected reward, is inefficient in complex high-dimensional
environments [7], [8].

Furthermore, CEM lacks exploration as it only aims to
maximize the extrinsic reward of the sampled action se-
quences, therefore it might fail in sparse reward settings and
in hard-to-explore environments with high-dimensional state
and action spaces. Consequently, no MBRL algorithm has
yet achieved the asymptotic performance as the best model-
free RL algorithm on image-based continuous tasks [9].
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Planning in latent space

Future observations (unavailable)

Fig. 1: The challenge of using intrinsic reward during planning: At
every time step, the current observation ot is encoded into latent
state z0. Then, the planner, with the help of the learned latent
dynamics model plans a trajectory of length H inside the latent
space by predicting latent states ẑ1:H and extrinsic rewards r̂0:H .
Future observations are not available during planning, therefore the
intrinsic rewards ri0:H cannot be estimated as the prediction error
between the actual latent states z1:H and the predicted latent states
ẑ1:H (as indicated by the dashed red arrow).

An effective approach to improve exploration is to use
curiosity-based intrinsic reward as the prediction error of
the next latent state (i.e., prediction-based exploration) [10],
[11], [12], which encourages reaching novel states. Curiosity-
based intrinsic motivation has been used extensively with
model-free RL algorithms [10], [12], [13], [14], but is still
rarely used with MBRL [15]. Unfortunately, it is technically
challenging to use such an intrinsic reward with MBRL
planning methods, especially real-time planning (see Fig. 1),
as the ground-truth future observations are unavailable during
planning, and hence the prediction error cannot be estimated.

A solution proposed in Plan2Explore [15] is to compute
the intrinsic reward as the disagreement in the predicted next
latent state from an ensemble of forward dynamics models.
However, training an ensemble of forward dynamics models
in addition to a latent dynamics model is computationally
intensive and requires careful balancing of the heterogeneity
of the population.

In this paper, to alleviate the aforementioned challenges
with real-time planning, we propose Curiosity Cross-Entropy
Method (CCEM), an improved version of CEM for encour-
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aging exploration via curiosity. We take a different route
from Plan2Explore: instead of estimating the intrinsic reward
online during planning using an ensemble of forward dy-
namics models, our proposed method estimates the intrinsic
reward offline during training using an Intrinsic Curiosity
Module [10]. To this end, we train a state-action Q function
to estimate future extrinsic and intrinsic reward. During
planning, the proposed Curiosity CEM maximizes the sum of
these Q values over the planning horizon, hence encouraging
to reach novel states. To further improve sample efficiency,
we use contrastive representation learning by maximizing
the temporal mutual information between embeddings of
consecutive time steps [16], [17], [18]. We choose TD-MPC
[2] as the model-based RL to evaluate our proposed CCEM
and we name it TD-MPC with CCEM.

We evaluate the sample efficiency of our proposed method
on six image-based continuous control tasks from the Deep-
Mind Control Suite [19]. Our proposed method outperforms
state-of-the-art model-free RL methods at the 100k environ-
ment step, particularly outperforming previous model-based
RL algorithms by a large margin, showing its superiority as
a real-time planning method. The contributions of our work
are as follows:

• We propose CCEM, a real-time planning method for
encouraging exploration via curiosity.

• We demonstrate the robustness of CCEM as a real-time
planner by comparing it against two variants of CEM.

• We show that TD-MPC with CCEM is more sample
efficient than previous MBRL methods.

To the best of our knowledge, this is the first time a
curiosity-based exploration technique is used to improve the
performance of a real-time planning MBRL algorithm.

II. RELATED WORK

A. Curiosity-based Exploration

RL agents are trained by maximizing the cumulative
extrinsic reward that is often designed as a dense well-
shaped reward [20] to facilitate the completion of the task.
However, reward shaping requires domain knowledge and
human effort, and thus sparse reward tasks are more common
in practice at the cost of a slow learning process [21].
Curiosity-based exploration has been proposed to help agents
explore in sparse reward settings and in complex high-
dimensional environments. There have been many techniques
introduced, such as visit-counts [22], [23], [24] which dis-
courages revisiting the same states, and prediction-based
[10], [11], [12] which encourages reaching novel states by
estimating the intrinsic reward as the prediction error of the
next state. To efficiently explore in stochastic environments
such as robotics, an ensemble of dynamics models is used
and the intrinsic reward is estimated as the disagreement
of the ensemble [25], [26], [27], [28]. A new paradigm
introduced in [29] where the reward is generated internally
using a discriminator that evaluates the novelty of the state.

Prediction-based exploration has shown to be effective
and has been used extensively with model-free agents [13],

[14], [10], [12] but has been rarely used with model-based
agents [15]. In model-based RL, real-time planning in the
latent space in the absence of the ground-truth observations
makes it challenging to estimate the intrinsic reward as the
prediction error of next state. To overcome this challenge,
we propose to compute the intrinsic reward offline during
training using Intrinsic Curiosity Module [10], as the ground-
truth observations are available. Then, we train a state-action
Q value function to estimate future extrinsic and intrinsic
reward. During planning, we maximize the sum of Q values
over the planning horizon.

B. Contrastive Representation Learning

Recently, contrastive learning [30] has proven effective in
learning latent representations and led to improve the sample
efficiency of vision-based RL agents. Contrastive learning
learns latent representations in an unsupervised fashion by
minimizing the distance in the latent space between two
similar images (i.e., positive pairs), and at the same time
maximizing the distance between two dissimilar images (i.e.,
negative pairs).

CURL [31] proposed a contrastive loss between two dif-
ferent data-augmentation of the same observation, while CPC
[32] and ST-DIM [16] proposed different variations of tem-
poral contrastive loss between two augmented observations
separated by small time steps. To decouple representation
learning from policy learning, a new unsupervised learning
task called Augmented Temporal Contrast was introduced to
train the encoder exclusively using a temporal contrastive
loss [33]. The result showed that training the representations
in an unsupervised way (i.e. not relying on the environment’s
reward) is very helpful for multitasking and sparse reward
environment. In addition, several contrastive approaches ex-
tend model-free RL with a predictive model to help learning
temporally consistent representations [18], [34], [35].

Reconstruction-free model-based RL [36], [37], [38], [39]
learns a world model in a contrastive way without re-
constructing the observations. These models succeeded in
learning task-related representations in complex observations
where task-irrelevant information are presented as distrac-
tions. In our work, we use a temporal contrastive loss be-
tween the joint representations of an observation and action
and the representation of the next observation [18].

III. BACKGROUND

A. Reinforcement Learning from Images with Intrinsic Re-
ward

We formulate the problem of imaged-based continuous
control as an infinite-horizon Markov Decision Process
(MDP). An MDP characterized by a tuple (O,A,R,P, γ),
where O is the high-dimensional observation space (RGB
image pixels), A is the continuous action space, P : O ×
A×O 7→ R+ is the transition function, R : O ×A 7→ R is
a reward function (also known as extrinsic reward ret ), and
γ ∈ [0, 1] is a discount factor. The goal of RL is to learn a
parameterized mapping policy Πθ : O 7→ A that maximizes
the expected cumulative reward Eat∼Πθ

[
∑∞
t=0 γ

tret ].
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Fig. 2: Training: A trajectory of length k is sampled from the replay buffer. The initial observation o0 is augmented (Aug(.) is ±4 pixel
shift augmentation [40]) and encoded using the online encoder hθ into latent state z0, and subsequent observations are augmented and
encoded using the target encoder hθ̄ which is defined as an exponential moving average of the online encoder into target latent states
z̄1, z̄2, ..., z̄k. TOLD [2] recurrently predicts latent states z1, z2, ..., zk, a Q-value q̂t, an extrinsic reward r̂et , and an action ât for each
latent state zt. Intrinsic Curiosity Module (ICM) [10] is utilized to compute the intrinsic reward rit as the prediction error between the
predicted latent state ẑt and the ground-truth zt.

To encourage exploration and avoid the policy from get-
ting stuck in a local minimal, exploration bonuses are given
as intrinsic reward rit. Thus, during training, to encourage
reaching novel states, the policy has to maximize the new
expected cumulative reward Eat∼Πθ

[
∑∞
t=0 γ

t(ret + rit)].

B. Cross-Entropy Method

Cross-Entropy Method (CEM) [6] is a derivative-free
optimization technique that has been used with model-based
RL as an efficient online planner [1], [7], [9]. CEM starts
by sampling action sequences of length H , where H is
the planning horizon, from a time-dependent diagonal Gaus-
sian distribution initialized by zero mean and unit variance
(µ0:H , σ0:H). Then, the sampled sequences are evaluated
based on a scoring function and the top k candidates are
selected. The distribution µ and σ are fitted to the top k
candidates and after several iterations of this procedure, the
planner returns the mean for the current time step, with µt
as the best action to be executed. To plan for the next time
step, the Gaussian distribution is initialized again to zero
mean and unit variance to avoid local optima.

There are three variants of CEM based on three different
scoring functions proposed in the literature as follows:

Sum of rewards [9]: Discounted sum of rewards∑H
t=0 γ

tr(ot, at), which defines the original CEM.
Sum of rewards + terminal value [41]: Discounted sum

of rewards summed with the estimated value of the terminal
state

∑H−1
t=0 γtr(ot, at)+γ

HQ(oH , aH), which defines CEM
with terminal value function.

Sum of values [42]: Discounted sum of state-action Q
values

∑H
t=0 γ

tQ(ot, at), which defines CEM with value
summation.

In this paper, we propose Curiosity CEM, a fourth variant
of CEM for encouraging exploration. The scoring function is
the same as the sum of values [42], except that the Q values
are trained to estimate extrinsic and intrinsic reward.

IV. TD-MPC WITH CURIOSITY CEM

We choose Temporal Difference Model Predictive Control
(TD-MPC) [2] as the model-based RL algorithm to test and
evaluate our proposed Curiosity CEM (CCEM) method. The
original TD-MPC uses CEM with terminal value function as
the planning method. In this section, we explain in detail the
training and inference procedures of TD-MPC with CCEM.
See Algorithm 1 for training pseudo code.

A. Training

TD-MPC uses a Task-Oriented Latent Dynamics (TOLD)
model which is jointly trained together with a terminal Q
value function using temporal difference learning. TOLD
consists of five model components (shown as gray shaded
squares in Fig.2) as follows:

1) Encoder: zt = hθ(ot), encodes a given observation ot
into a latent representation zt.

2) Latent dynamics: zt+1 = dθ(zt, at), predicts the next
latent representation zt+1 given zt and action at.

3) Reward: r̂et = Rθ(zt, at), predicts extrinsic reward r̂et
given zt and at.

4) Value: q̂t = Qθ(zt, at), predicts state-action value q̂t
given zt and at.

5) Policy: ât ∼ πθ(zt), predicts an action ât that approx-
imately maximizes the Q-function.

Our proposed CCEM method computes the curiosity-
based intrinsic reward rit offline during training using In-



(a) Finger Spin (b) Cartpole Swingup (c) Reacher Easy (d) Cheetah Run (e) Walker Walk (f) Ball-in-cup Catch

Fig. 3: Image-based continuous control tasks from the DeepMind Control Suite. These tasks introduce a diverse set of challenges: sparse
reward (e.g., Ball-in-cup, Reacher), complex dynamics (e.g., Walker, Finger, Cheetah), hard exploration (e.g., Walker, Cheetah) due to
high action space, and partial observability (e.g., Cartpole as the cart can move out of sight).

trinsic Curiosity Module (ICM) [10]. As shown in Fig.2,
ICM consists of an inverse dynamics model Iϕ that takes
the latent representations of two consecutive observations
and predicts the action taken to move from ot to ot+1,
ãt = Iϕ(hθ(ot), hθ(ot+1)). The inverse model is trained by
minimizing the following prediction error:

LI
t (ϕ, θh) = ∥ãt − at∥

2
2. (1)

In addition to the inverse dynamics model, a forward
dynamics model is required to compute the intrinsic reward
as the error in predicting the next latent state. We make use
of the latent dynamics dθ in the TOLD model to predict
the next latent state as ẑt+1 = dθ(zt, at). We follow [35] in
normalizing and decaying the intrinsic reward during training
to converge to the optimal solutions. The intrinsic reward is
computed as follows:

rit = Ce−αEt∥ẑt+1 − zt+1∥22

(
rmaxe

rmaxi

)
, (2)

where C is the intrinsic weight, α is the decay weight,
Et is environment step, rmaxe and rmaxi are the maximum
extrinsic and intrinsic reward respectively. After computing
the intrinsic reward, the state-action value function Qθ is
trained with temporal difference learning to estimate future
extrinsic and intrinsic reward by minimizing the following
objective:

LQ
t =

∥∥Qθ(zt, at)− (ret + rit + γQθ̄(zt+1, πθ(zt+1)))
∥∥2
2
,

(3)
where Qθ̄ is a target Q-function whose parameters are an
exponential moving average (EMA) of Qθ, γ is a discount
factor, and the policy πθ is trained to maximize Qθ by
minimizing the following objective:

Lπt = −Qθ(zt, πθ(zt)), (4)

where the policy objective is only optimized with respect to
the policy parameters θπ . The reward model Rθ is trained
by minimizing the prediction error between the predicted and
the ground-truth extrinsic reward:

LR
t = ∥Rθ(zt, at)− ret ∥

2
2. (5)

In order to learn temporally predictive and consistent latent
representations that are invariant to data augmentation, the
subsequent observations are augmented with ±4 pixel shift

augmentation [40] and encoded using the target encoder hθ̄
instead of the online encoder which is proved to be an
effective practice for self-supervised representation learning
[34], [43], [44], and a latent consistency loss is used, which
is defined as follows:

LC
t = ∥dθ(zt, at)− hθ̄(ot+1)∥22. (6)

Finally, the proposed TD-MPC with CCEM is trained
by sampling a trajectory Γ = (ot, at, r

e
t , ot+1)t:t+K from

the replay buffer B. Then, the TOLD model is updated by
minimizing the following temporally weighted objective:

LTOLD(θ) =
t+K∑
i=t

λi−t(c1LQ
i + c2LR

i + c3LC
i + Lπi ), (7)

where λ is a constant that assigns higher weight to
near-term predictions, c1, c2, c3 are loss coefficients, and
LQ
i ,LR

i ,LC
i ,Lπi are the single-step objectives from Eq. 3,

5, 6, 4 respectively. The inverse dynamics model is updated
by minimizing the following objective:

LInv(ϕ, θh) =
t+K∑
i=t

LI
i , (8)

where LI
i is the single-step objective from Eq. 1.

Contrastive Learning: To efficiently learn representa-
tions, we use contrastive learning in the form of maximizing
the temporal mutual information between the joint repre-
sentations of the current observation and action and the
representation of the next observation [18]. We introduce
an action encoder gψ that maps an action at into a latent
feature vector ut. From the sampled trajectory Γt:t+k, we
only use (ot, at, ot+1). The observations ot and ot+1 are
augmented and encoded using the online encoder hθ and
the target encoder hθ̄ respectively:

zt = hθ(ot), z̄t+1 = hθ̄(ot+1). (9)

The query is the joint representations of the current
observation ot and action at referred to as c(zt, ut), where
c(., .) is a concatenating operation, while the representation
of next observation ot+1 referred to as z̄t+1 is the key.

We apply InfoNCE loss [32] using similarity measure
computed as a bilinear product (c(zt, ut)

TWz̄t+1), where



Algorithm 1: TD-MPC with CCEM (Training)

Require: network parameters (θ, θ̄, ϕ, ψ), replay
buffer B, learning rates (ηm, ηi, ηc), EMA
coefficeint ζ, and ICM [10]

for each training step do
B ← B ∪ (ot, at, ret , ot+1)t=0:T−1; ▷ Collect ep.

for num updates per episode do
(ot, at, r

e
t , ot+1)t:t+k ∼ B; ▷ Sample traj.

zt = hθ(ot); ▷ Encode first observation.

for j = t to t+ k do
r̂ej = Rθ(zj , aj) ; ▷ ext. reward

q̂j = Qθ(zj , aj) ; ▷ Q value

âj ∼ πθ(zj) ; ▷ policy action

zj+1 = dθ(zj , aj); ▷ next state

rij = ICM(oj , aj , oj+1) ; ▷ int. reward

end
Update TOLD model:
θ ← θ − ηm∇θLTOLD(θ);

Update online encoder and inverse dynamics:
{ϕ, θh} ← {ϕ, θh} − ηi∇{ϕ,θh}LInv(ϕ, θh);

Update online encoder and action encoder:
{ψ, θh} ← {ψ, θh} − ηc∇{ψ,θh}LT (ψ, θh);

Update target encoder and target Q-function:
θ̄ ← (1− ζ)θ̄ + ζθ

end
end

W is a learnable contrastive transformation matrix. The
temporal contrastive loss is computed as follows:

LT (θh, ψ) = −log

 exp
(
c(zt, ut)

TWz̄t+1

)∑
z̄jt+1∈χ

exp
(
c(zt, ut)TWz̄jt+1

)
 ,
(10)

where χ is the set of all keys (positive and negative keys).

B. Inference

During planning, we follow TD-MPC [2] except that our
proposed CCEM method computes a discounted sum of Q
values over the planning horizon as the scoring function to
evaluate the sampled action sequences as follows:

FΓ = EΓ

[
H∑
t=0

γtQθ(zt, at)

]
, (11)

where Γ is a sampled action sequence, H is the planning
horizon, and γ is a discount factor. Since Qθ is trained
by Eq. 3 to estimate extrinsic and intrinsic reward, CCEM
encourages exploring novel states.

V. EXPERIMENT AND RESULT

A. Experiment Setup

The proposed method is evaluated on six image-based
continuous control tasks from the DeepMind Control Suite
[19]. These tasks, shown in Fig.3, are considered a standard
benchmark for evaluating image-based RL algorithms in
terms of sample efficiency [31], [40].

Baselines: We compare against previous model-based RL
algorithms, such as TD-MPC [2], PlaNet [1], and Dreamer
[3]. TD-MPC and PlaNet use real-time planning with two
different variants of CEM, and Dreamer performs back-
ground planning. We also compare our method against state-
of-the-art visual-based model-free RL algorithms, such as
CCFDM [35], CoDy [18], DrQ [40], and CURL [31]. All
algorithms including ours use raw images as inputs, except
for SAC-State [45], which is presented as an upper bound
performance as it receives the direct state input from the
simulator.

B. Implementations

We use the implementation of TD-MPC1 as the baseline
to extend to TD-MPC with CCEM2. We extend the base
architecture of TD-MPC by adding an inverse dynamics
model Iϕ and an action encoder gψ . The inverse dynamics
model is implemented using a 2-layer MLP with dimension
512 and the action encoder is implemented using a 1-layer
MLP with dimension 512 and all layers use ELU activations.
The action encoder applies layer normalization [46] at the
output layer and maps action into latent features vector of
size 16. As observations, 3 stacked frames of (84×84) RGB
images are used and we perform ±4 pixel shift augmentation
[40]. The target EMA coefficient ζ is set to 0.01. The
target Q-function Qθ̄ update frequency is 2, while the target
encoder hθ̄ update frequency is 1. The weight constant λ is
set to 0.5 and the loss coefficients c1, c2, c3 are set to 0.1, 0.5,
and 2 respectively. For the temporal contrastive loss, we find
that a coefficient of 2 gives the best performance. We use
the Adam optimizer with learning rates (3×10−4, 3×10−4,
1 × 10−5) for (ηm, ηi, ηc) respectively, and a batch size of
256. The intrinsic decaying weight α is set to 1×10−5. These
mentioned settings are the same for all control tasks and most
of the hyperparameters are adopted from TD-MPC, except
those related to our method where their values are chosen
heuristically. The only task-dependent hyperparameters are
the intrinsic weight C and the action repeat (see Table I). We
adopt the action repeat hyperparameters from CURL [31].

TABLE I: Per-task hyperparameters

Task Intrinsic weight(C) Action Repeat
Finger Spin 0.4 2

Cartpole Swingup 0.2 8
Reacher Easy 0.3 4
Cheetah Run 0.2 4
Walker Walk 0.2 2

Ball-in-cup Catch 0.3 4

C. Experiment Results

We run experiments for our proposed method and TD-
MPC [2]. For the baselines, we use the results provided in
the corresponding papers, except for CURL and Dreamer,
where we use the results provided in [18], and for PlaNet,

1https://github.com/nicklashansen/tdmpc
2https://github.com/2M-kotb/Curiosity-CEM



TABLE II: Average return (mean and standard deviations) across 5 random seeds achieved by our method and baselines on DeepMind
Control Suite [19] evaluated at 100k and 500k environment step. Our method outperforms model-based RL baselines by a large margin
and achieves the highest average return on 4 out of 6 tasks at 100k environment step. SAC-State is an upper bound performance.

Model-free Model-based

100K step scores SAC-State CCFDM CoDy DrQ CURL PlaNet Dreamer TD-MPC Ours
[45] [35] [18] [40] [18] [35] [18] [2]

Finger Spin 672± 76 880± 142 887± 39 901± 104 750± 37 95± 164 33± 19 899± 146 951± 40
Cartpole Swingup 812± 45 785± 87 784± 18 759± 92 547± 73 303± 71 235± 73 747± 78 753± 60

Reacher Easy 919± 123 811± 220 624± 42 601± 213 460± 65 140± 256 148± 53 413± 62 632± 101
Cheetah Run 228± 95 274± 98 323± 29 344± 67 266± 27 165± 123 159± 60 274± 69 362± 37
Walker Walk 604± 317 634± 132 673± 94 612± 164 482± 28 125± 57 216± 56 653± 99 731± 49

Ball-in-cup Catch 957± 26 962± 28 948± 6 913± 53 741± 102 198± 442 172± 96 675± 221 964± 3

500K step scores

Finger Spin 927± 43 906± 152 937± 41 938± 103 854± 48 418± 382 320± 35 985± 4 980± 9
Cartpole Swingup 870± 7 875± 38 869± 4 868± 10 837± 15 464± 50 711± 94 860± 11 864± 6

Reacher Easy 975± 5 973± 36 957± 16 942± 71 891± 30 351± 483 581± 160 722± 184 907± 56
Cheetah Run 772± 60 552± 130 656± 43 660± 96 492± 22 321± 104 571± 109 488± 74 531± 49
Walker Walk 964± 8 929± 68 943± 17 921± 46 897± 26 293± 114 924± 35 944± 15 946± 6

Ball-in-cup Catch 979± 6 979± 17 970± 4 963± 9 957± 6 352± 467 966± 8 967± 15 975± 5
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Fig. 4: Evaluation Score Performance of TD-MPC with CCEM averaged over six tasks relative to (a) model-free RL algorithms, (b)
model-based RL algorithms. Our method outperforms all model-free baselines at 100k environment step and nearly reaches SAC-State,
the upper bound performance. Our method outperforms all model-based RL baselines, as well.

where we use the results provided in [35]. For fair compar-
ison, we follow the settings proposed in [31]. Every agent
is evaluated after every 10k environment steps, averaging
over 10 episodes, then the averaged return is logged. The
sample efficiency is measured by the performance at 100k
environment steps, which is the relevant measure for learning
speed. Also, values at 500k environment steps are given,
which are near convergence. For each task, every algorithm
is trained with 5 seeds and the result is reported in Table II.

The result shows that TD-MPC with CCEM achieves
better sample-efficiency at 100k environment steps against
all baseline algorithms. TD-MPC with CCEM achieves the
highest average return on four out of six tasks at 100k
environment steps and close to CCFDM [35] on the other
two tasks (i.e., Cartpole Swingup and Reacher Easy). Our
method demonstrates a stable performance with the lowest
standard deviations together with CoDy [18] across all tasks
which means that it is less sensitive against different seeds.

According to Fig. 4 that shows the average result over six
tasks, our method outperforms all model-free RL baselines

at 100k steps and nearly matches SAC-State [45], the upper
bound performance (Fig. 4a), and outperforms model-based
RL baselines by a large margin (Fig. 4b). TD-MPC with
CCEM is the state-of-the-art model-based RL algorithm in
terms of sample-efficiency which proves the robustness of
CCEM as a planning method.

D. Ablation Studies

We perform ablation studies to ablate the individual con-
tributions of our proposed Curiosity CEM planning method
and contrastive representation learning. We investigate two
ablations of our method: Non-Contrastive, which is TD-
MPC with the proposed CCEM planning method but without
using the temporal contrastive loss, and Non-CCEM, which
is the original TD-MPC utilizing contrastive representation
learning. We also include the original TD-MPC as a baseline.
The evaluation of these ablations is presented in Fig. 5.

Both our method and the Non-Contrastive variant achieve
better sample-efficiency than the Non-CCEM variant and the
baseline across all tasks except for Cartpole Swingup where
all the compared methods have comparable performance.
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Fig. 5: The evaluation of the ablated variants of our method and TD-MPC as a baseline on DeepMind Control Suite.

Notably, the Non-CCEM variant barely outperformed the
baseline in some of the tasks such as Cup Catch, Cheetah
Run and Finger Spin. On the contrary, the Non-Contrastive
variant significantly outperformed the baseline. This proves
that the proposed Curiosity CEM planning method con-
tributes the most to the success of our method while the
contrastive learning barely has any contribution.

VI. DISCUSSION AND CONCLUSION

In this paper, we propose the Curiosity Cross-Entropy
Method (CCEM), an enhanced version of the Cross-Entropy
Method for encouraging exploration via curiosity. CCEM
shows that using curiosity-based intrinsic reward with the
real-time planning method improves the exploration sig-
nificantly and leads to a better sample-efficiency. CCEM
computes the intrinsic reward offline during training, and
then learns a state-action Q function to estimate extrinsic and
intrinsic reward. During inference, CCEM uses a discounted
sum of Q values over the planning horizon as the scoring
function to evaluate the sampled action sequences.

A great advantage of our proposed planning method is that
it does not increase the inference time as the computation of
the intrinsic reward is done offline during training and this
highly matters in tasks that require quick responsive time
such as locomotion and robotics manipulation. Furthermore,
the computation of intrinsic reward is not intensive, and
thus the training time is still manageable compared to other
model-based RL baseline algorithms.

We select TD-MPC, a capable model-based RL algorithm
to test our planning method, and we also utilize a tempo-
ral contrastive loss for better representation learning. We
compared our method with state-of-the-art model-free and

model-based RL algorithms on six challenging image-based
benchmark tasks. The results show that our method is more
sample-efficient than all the compared baselines and achieves
better performance with a large margin compared to model-
based RL baselines. By conducting an ablation studies on
our method, we show that the proposed CCEM contributed
the most to the success of our method while the contrastive
learning contribution was very small and almost negligible.

CCEM proved to be a robust and sample-efficient real-time
planning method and can be applied to any model-based RL
algorithm as it does not require predefined conditions. For
future research, we plan to evaluate CCEM with other model-
based RL algorithms and test its performance with robotic
manipulation tasks.
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