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Abstract

Learning control policy from continuous action space by vi-
sual observations is a fundamental and challenging task in
reinforcement learning (RL). An essential problem is how to
accurately map the high-dimensional images to the optimal
actions by the policy network. Traditional decision-making
modules output actions solely based on the current obser-
vation, while the distributions of optimal actions are depen-
dent on specific tasks and cannot be known priorly, which
increases the learning difficulty. To make the learning easier,
we analyze the action characteristics in several control tasks,
and propose Reinforcement Learning with Residual Action
(ResAct) to explicitly model the adjustments of actions based
on the differences between adjacent observations, rather than
learning actions directly from observations. The method just
redefines the output of the policy network, and doesn’t intro-
duce any prior assumption to constrain or simplify the vanilla
control problem. Extensive experiments on DeepMind Con-
trol Suite and CARLA demonstrate that the method could im-
prove different RL baselines significantly, and achieve state-
of-the-art performance.

1 Introduction
Learning continuous control from visual observations is a
critical problem in reinforcement learning (RL) (Sutton and
Barto 2018). The successful integration of RL algorithms
(Schulman et al. 2017; Hessel et al. 2018; Haarnoja et al.
2018) with convolutional neural networks (CNNs) (LeCun
et al. 1998) has demonstrated effectiveness in learning con-
trol policies from images, leading to remarkable achieve-
ments in video game playing (Mnih et al. 2013, 2015; Berner
et al. 2019), classical board games (Silver et al. 2016, 2017),
real-world robot grasping (Zhu et al. 2020; Kalashnikov
et al. 2018), and autonomous navigation (Dosovitskiy et al.
2017).

Compared to learning from proprioceptive states, images
reveal the intricate details of a complex and unstructured
world (Zhang et al. 2020), thus still exhibiting significant
shortcomings. Hence, a considerable body of research has
focused on bridging the gap between vision-based and state-
based (using proprioceptive states as inputs) RL regarding
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sample efficiency and asymptotic performance. An essential
problem is how to accurately map the high-dimensional im-
ages to the optimal actions by policy network. To achieve
this goal, existing works focus on representation learning
(Lee et al. 2020; Laskin, Srinivas, and Abbeel 2020; Zhu
et al. 2022; Choi et al. 2023), data augmentation (Yarats,
Kostrikov, and Fergus 2020; Laskin et al. 2020; Hansen,
Su, and Wang 2021), dynamic modeling of the environment
(Gelada et al. 2019; Yu et al. 2021; Hafner et al. 2019b,a),
and improving CNN optimization (Zhai et al. 2023). Besides
the learning constraints and network inputs, the target out-
puts also influence the fitting ability of the network. Tradi-
tional decision-making modules output actions solely based
on the current observation, while the distributions of optimal
actions are dependent on specific tasks and cannot be known
priorly, which increases the learning difficulty.

Hence, it is necessary to analyze the underlying action
characteristics in realistic control tasks:

(1) Smooth policies are beneficial for a wide range of RL
tasks as stated in (Mysore et al. 2021; Shen et al. 2020). We
experimentally investigate different vision-based RL meth-
ods—including pixel SAC, RAD (Laskin et al. 2020), Deep-
MDP (Gelada et al. 2019), and the combination of Deep-
MDP and RAD (hereinafter referred to as DeepRAD)—we
quantify the smoothness of decision-making by calculat-
ing the mean Euclidean distance between adjacent actions
across three tasks of CARLA (Dosovitskiy et al. 2017) and
OpenAI DMControl (Tassa et al. 2018) on 10 evaluation tra-
jectories after training. This metric is referred to as the Mean
Action Distance (MAD). To display the results of different
tasks on a single plot, we normalize performance and MAD
for each task. Fig. 1(a) indicates that methods with lower
MAD generally perform better, suggesting that smooth ac-
tion adjustments over adjacent time steps are beneficial.

(2) Based on the action smoothness, most of the residual
actions (i.e., the difference value between adjacent actions)
will be very small or even close to zero, and only a small
proportion of residual actions has a large value. To validate
this point, we take the policy learned by state-based RL as
an approximation of the optimal policy and count the dis-
tribution of actions and residual actions. As shown in Fig.
1(b), unlike the scattered distribution of actions across the
value range, residual actions generally follow a normal
distribution centered around zero, providing a simpler
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Figure 1: (a) Statistical analysis of MAD and performance.
The points in the bottom-right corner and the top-left corner
are shared by three tasks (indicating that the best-performing
algorithm always has the lowest MAD, and vice versa). (b)
Distribution of actions and residual actions of state-based
SAC on Cheetah Run and Walker Walk. For brevity, we only
show the distribution on the first dimension.

distribution that is easier to explore. Several visual com-
parisons of learning actions and residual actions are shown
in Appendix E.2.

(3) It is hard to explicitly and directly build a connec-
tion between complex visual observation and action, but it
is clear that the large residual action is always caused by
the obvious changes in observations. Fig. 2 is a visualization
example of learned latent representations of different learn-
ing paradigms. This indicates that the mapping from the
representation space of observation difference to resid-
ual action space is simpler than mapping the individual
observations to actions. More details of Fig. 2 are shown in
Appendix E.1.

Building on these insights, we propose Reinforcement
Learning with Residual Action (ResAct) for vision-based
RL. Our analysis of MAD and residual action distribution
uncovers the potential correlation between the smoothness
of action sequences and algorithm performance. Instead of
modeling complete action based solely on current observa-
tion, our policy network incorporates previous action into
the decision-making process and predicts a residual action.
Such modeling of residual actions encourages the agent to
explore smooth policy in priority. In addition, the optimal
action distributions vary from different tasks and it is hard

Figure 2: The t-SNE diagrams of latent spaces learned using
our method (left) and baseline DeepRAD (right) after train-
ing, colored according to residual action values (for ours) or
action values(for DeepRAD).

to know them priorly in vanilla RL, while the residual ac-
tions’ distributions could be assumed as a normal distribu-
tion centered around zero in most cases, which is useful for
network initialization. Considering the unusual worst case
where the agent changes actions dramatically at each step,
our assumption will fail and the effectiveness is similar to
the vanilla RL where the prior action distributions are un-
known. We explore the correlation between Residual Action
Learning and human behavior patterns in Appendix H.1.

While Residual Action Learning (RAL) is expected to en-
hance the overall performance by encouraging incremental
action refinements, as we are now modeling residual action
instead of action, we posit that a more intuitive and applica-
ble representation of visual observations is needed. To this
end, we introduce Observation Difference Learning (ODL).
ODL captures dynamic changes between adjacent observa-
tions by separately inputting them into two structurally iden-
tical but independently parameterized CNNs, and then sub-
tracting the resulting feature maps to extract differences in
observations. These subtracted feature maps are then com-
pressed into fixed-size feature vectors, which are subse-
quently used for learning residual actions. Note that (Shang
et al. 2021) also utilizes differencing of feature maps. The
main difference is that they calculate the difference between
single-frame images to extract temporal information, while
ODL extracts observation differences with frame-stacked
observations to better fit the residual action.

Note that there exist several methods that aim to learn
smooth policy by regularization (Shen et al. 2020; Mysore
et al. 2021) or introducing additional rewards (Mahmood
et al. 2018; Molchanov et al. 2019; Koch III 2019). They
force the learned policy to be smooth which may fail when
the agent needs to change actions dramatically in abrupt
cases. Compared with them, our method adjusts the learning
paradigm rather than constrain the policy distribution. That
is, we do not introduce any prior assumption to constrain
or simplify the vanilla control problem and do not influence
the theoretical optimality of RL. This is the main difference
compared with other methods based on the smooth assump-
tion. Overall, the contributions of this paper are summarized
as follows:

• We introduce a novel Residual Action Learning (RAL)
which encourages agents to make incremental action ad-
justments rather than learn the action directly, thereby
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significantly decreasing the learning difficulty.
• We propose Observation Difference Learning (ODL) to

explicitly model the differences between adjacent obser-
vations, providing a more intuitive and compact repre-
sentation for Residual Action Learning.

• Extensive experiments on OpenAI DeepMind Control
Suite (DMControl) (Tassa et al. 2018) and CARLA
(Dosovitskiy et al. 2017) have demonstrated that ResAct
significantly surpasses previous state-of-the-art. Codes
and appendix have also been made public1.

2 Related Work
2.1 Vision-based Reinforcement Learning
Enabling agents to learn control policies from visual inputs
is a research area of significant interest. Simply combining
RL algorithms such as Soft Actor-Critic (SAC) (Haarnoja
et al. 2018), Proximal Policy Optimization (PPO) (Schul-
man et al. 2017), and Rainbow (Hessel et al. 2018) with
CNNs has demonstrated potential. However, compared to
state-based RL, vision-based RL still faces substantial gaps
in performance. Efforts to bridge this gap generally focus on
three strategies: (i) introducing auxiliary losses or learning
tasks to enhance representation learning (Hansen et al. 2020;
Castro 2020; Li et al. 2022; Stooke et al. 2021; Laskin, Srini-
vas, and Abbeel 2020), (ii) utilizing data augmentation tech-
niques to improve generalization over visual inputs (Laskin
et al. 2020; Yarats, Kostrikov, and Fergus 2020; Hansen, Su,
and Wang 2021), and (iii) modeling environmental dynam-
ics for a better understanding of state transitions (Gelada
et al. 2019; Yu et al. 2021; Hafner et al. 2019a,b).

2.2 Smooth Policy in Reinforcement Learning
Smooth policy learning has been explored in the RL commu-
nity but has not received widespread attention. By introduc-
ing regularization terms in learning objectives of the policy
and value function, (Shen et al. 2020) guides the learning
of smooth policies and enhances the agent’s robustness to
noise. (Mysore et al. 2021) introduces spatial and tempo-
ral smoothness regularization to policy network, aiming to
address control signal oscillation in real-world RL scenar-
ios. (Mahmood et al. 2018; Molchanov et al. 2019; Koch III
2019) engineer reward functions to encourage the genera-
tion of smooth control signals. These approaches indirectly
encourage smooth control and introduce additional compu-
tational overhead or require domain knowledge, while we
use smooth as motivation and propose ResAct to reduce the
learning difficulty. We do not introduce any prior assump-
tion to constrain or simplify the control task.

2.3 Residual Learning in RL
Deep residual networks (He et al. 2016), which incorporate
additive residual blocks, have set new benchmarks in a va-
riety of computer vision tasks by facilitating the training of
extremely deep neural networks. Learning a residual policy
that refines a conventional feedback control policy has been
explored in RL. (Johannink et al. 2019) and (Zeng et al.

1https://github.com/LiuZhenxian123/ResAct

2020) combine the residual policy learned by RL with the
base control policy predicted by the physics simulator to
create an enhanced final control policy, which is particu-
larly effective for complex manipulation tasks that involve
intricate interactions like friction and contact with unstable
objects. Similarly, RL has also been used to learn residual
policies that are tailored to adjust control policies derived
from demonstration data (Alakuijala et al. 2021). In essence,
a base policy is first acquired through conventional feed-
back control or derived from demonstration data in previous
works. Then, a residual policy relative to the base policy is
learned. Two policies should be used together, while ours
refers specifically to temporal residual actions.

3 Preliminary
Vision-based reinforcement learning (RL) can be formu-
lated as a Partially Observable Markov Decision Process
(POMDP) (Kaelbling, Littman, and Cassandra 1998), rep-
resented by the tuple (O,A,P,R, γ). O is the observation
space consisting of image frames ot at different time step
t. A is the action space, including all possible actions at
that can be taken by the agent. P , the state transition dis-
tribution P(ot+1|ot, at), defines how actions influence ob-
servation transitions. R(ot, at) is the reward function, offer-
ing feedback to the agent’s action on corresponding obser-
vation. γ ∈ [0, 1), the discount factor, prioritizes immediate
rewards over future rewards. The agent’s goal is to maximize
expected cumulative rewards, expressed by R =

∑∞
t=0 γ

trt,
where rt is the reward at time t. During training, interactions
are stored in a replay buffer B.

Soft Actor-Critic The Soft Actor-Critic (SAC) (Haarnoja
et al. 2018) algorithm is a leading off-policy method to
solve continuous control problems. SAC optimizes a policy
πθ(a|o) and a critic Qϕ(o, a) with the objective of maximiz-
ing the expected sum of rewards and the entropy of the pol-
icy, formalized as

∑
t Eot,at∼πθ

[rt + αH(πθ(at|ot))]. Dur-
ing the interaction with the environment, the action value Q
is estimated by minimizing the soft Bellman error:

LQ(ϕ) = Eτ∼B

[
(Qϕ(ot, at)− (rt + γV (ot+1)))

2
]

(1)

The target value for the next observation is approximated by
sampling an action from the current policy:

V (ot+1) = Ea′∼π

[
Qϕ̄(ot+1, a

′)− α log πθ(a
′|ot+1)

]
(2)

where the weights of Qϕ̄ is updated as exponentially moving
average of Qϕ . The policy is updated by the equation below:

Lπ(θ) = −Ea∼π [Qϕ(ot, a)− α log πθ(a|ot)] (3)

The policy action is sampled using the reparameterization
trick, which is also employed in the updating of the temper-
ature parameter α to approximate the target entropy.

4 Methodology
4.1 Residual Action Learning
To learn policy from continuous action space, nearly all
reinforcement learning (RL) algorithms adopt a decision-
making mechanism that directly outputs actions solely based
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Figure 3: Framework of ResAct. It compromises two parts: Observation Difference Learning (ODL, on the left) employs struc-
turally identical but independently parameterized CNNs to encode adjacent observations, further compressing the subtracted
feature map into a fixed-length feature vector. Residual Action Learning (RAL, on the right) enables the policy network to learn
a residual action relative to the previous action, then the sum of both is scaled to get the final action to execute.

on current observations. This mechanism has remained
unchanged since its inception (Sutton and Barto 2018).
Through statistical analysis in Sec. 1, we argue that learning
residual action is much easier than the action itself. Follow-
ing this insight, we seek a general alternative to explicitly
guide the policy network to output residual action, which
could be coupled to most base RL algorithms with mini-
mal modification. Therefore, we propose RAL to explicitly
model the action adjustments. Instead of letting the policy
network directly output action given the current observation,
we take the current observation together with the previous
action as inputs to the policy network and output a resid-
ual action. The residual action is then added to the previous
action to form the final action, as shown in Fig. 3.

4.2 Observation Difference Learning
The principle driving us to propose ODL is quite straight-
forward: We consider the root factor determining the adjust-
ment of actions is the differences in observations. There-
fore, by modeling the differences in adjacent observations
through ODL, we aim to provide a more compact and suit-
able visual representation for RAL. By inputting the cur-
rent observation ot and the previous observation ot−1 into
two structurally identical but independently parameterized
CNNs, we obtain two feature maps of dimension c× h×w.
Taking the difference between these two feature maps serves
as the input to a fully connected layer (FC) with Layer Nor-
malization (LN), further compressing it into a fixed-length
feature vector zt which suppresses redundant information
between adjacent observations while preserving information
of dynamic changes.

Regarding the parameters of the CNN used for processing
the previous observation, we also experimented with allow-
ing it to share parameters or momentum update (He et al.
2020) with the CNN that processes the current observation,
but the results were not as satisfactory as using two CNNs
with independent parameters. Although experiments in Fig.
4 indicate that using RAL alone can already bring signifi-
cant gains to the baseline, ODL alleviates the consistent in-

formation between adjacent observations while retaining the
information of dynamic changes. With only minimal modi-
fications to the original encoder, ODL provides a more com-
pact and effective feature vector for RAL, further enhancing
the overall performance.

Algorithm 1: Pseudocode for Inference Procedure
Black: unmodified Soft Actor-Critic.
Orange: Observation Difference Learning.
Blue: Residual Action Learning.

1: Given πθ, fconvs, fprev_convs;
2: for each timestep t do
3: // Observation Difference Learning (ODL)
4: Fobs = fconvs(ot), Fprev_obs = fprev_convs(ot−1);
5: Fobs_difference = Fobs − Fprev_obs;
6: zt = LayerNorm(fFC(Fobs_difference));
7: // Residual Action Learning (RAL)
8: δat ∼ πθ(·|zt, at−1);
9: at = tanh(at−1 + δat);

10: ot+1 ∼ p(ot+1|ot, at);
11: end for

4.3 Method Analysis
Exploration Reinforcement learning algorithms typically
make dozens to hundreds of decisions per second. The high
frequency of decision-making means that the changes in ad-
jacent observations are often small. The high similarity in
adjacent observations calls for slight variations in actions.
In most cases, the action taken in the previous time step can
be a reasonable choice for the current time step. A small
residual action is expected to be sampled, which can pro-
vide appropriate explorations around the previous action. In
some rare cases where observations change drastically, more
aggressive exploration is often required. Since we have not
introduced any constraints into the overall RL framework,
a large residual action still can be taken. More specifically,
taking SAC as an example, a Gaussian distribution of resid-
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100K STEP SCORES pixel SAC +ResAct DeepMDP +ResAct RAD +ResAct DeepRAD +ResAct
Cartpole, Swingup 237± 49 446± 39 389± 44 482± 46 694± 28 785± 72 703± 36 819± 44
Reacher, Easy 239± 183 465± 143 471± 173 562± 129 734± 87 871± 62 792± 77 917± 59
Cheetah, Run 118± 13 284± 29 306± 25 382± 42 364± 38 477± 45 453± 39 503± 42
Walker, Walk 95± 19 358± 31 384± 197 541± 165 552± 87 692± 101 582± 91 772± 65
Finger, Spin 230± 194 486± 150 509± 72 687± 64 813± 65 911± 47 832± 101 974± 42
Ball in cup, Catch 85± 130 243± 61 704± 24 728± 33 825± 49 871± 67 809± 45 948± 44
Average 167.3 380.3 460.5 563.6 663.6 767.8 695.1 822.1

500K STEP SCORES
Cartpole, Swingup 330± 73 658± 87 817± 15 802± 23 861± 9 863± 29 870± 6 870± 12
Reacher, Easy 307± 65 681± 66 792± 83 873± 98 917± 47 951± 37 942± 45 974± 16
Cheetah, Run 85± 51 421± 53 613± 32 664± 42 669± 42 728± 24 721± 58 750± 8
Walker, Walk 71± 52 563± 46 594± 172 792± 133 907± 43 923± 34 926± 28 953± 21
Finger, Spin 346± 95 655± 130 828± 63 912± 117 922± 48 951± 30 932± 92 979± 4
Ball in cup, Catch 162± 122 510± 122 944± 16 951± 13 959± 15 960± 14 954± 11 967± 4
Average 216.8 581.3 764.6 832.3 872.5 896.0 890.8 915.5

Table 1: Implement ResAct on top of four different baselines. +ResAct represents the preceding method combined with ResAct.
ResAct is capable of bringing improvements to all baselines.

ual actions centered far from the previous action can be
learned to make more aggressive explorations in the action
space, which does not increase the learning difficulty com-
pared to vanilla RL methods.

Learning During model initialization, weights are typi-
cally set to very small values, so the predicted residual ac-
tions are almost around zero. As mentioned in Section 1,
the ideal residual actions are mostly distributed around zero.
Therefore, the distance between the model’s prediction and
the target is not far in the beginning, and it is expected to
receive smoother gradient signals during training. Visual-
izations in Appendix E.2 indicate that the residual actions
learned by ResAct better approximate the ideal distribution.

4.4 Implementation Details
We select DeepRAD as our baseline, which combines
RAD’s (Laskin et al. 2020) data augmentation with Deep-
MDP’s (Gelada et al. 2019) transition loss and reward loss.
Building upon DeepRAD, the introduction of ResAct re-
quires only minor modifications and does not necessitate any
additional hyperparameters. The pseudocode illustrates in-
ference with ResAct in Algorithm 1.

5 Experiments
In this section, we first demonstrate significant improve-
ments in sample efficiency and asymptotic performance
brought by ResAct to baseline DeepRAD on two widely
used benchmarks in RL, namely DMControl (Tassa et al.
2018)) and CARLA (Dosovitskiy et al. 2017). Subsequently,
we conduct multiple ablation experiments to dive deeper
into the design choices of ResAct.

ResAct requires only minor modifications to the base-
line and does not introduce any additional hyperparame-
ters. For a fair comparison, we have adopted the settings
for model structures and hyperparameters used by a range
of approaches (Laskin, Srinivas, and Abbeel 2020; Laskin
et al. 2020; Yarats, Kostrikov, and Fergus 2020; Zhang et al.

2020). For the DMControl benchmark, we begin by present-
ing experimental results on 6 heavily benchmarked DMCon-
trol common tasks and further highlight the significant im-
provements of ResAct on DMControl 5 hard tasks demon-
strated by Flare (Shang et al. 2021). We choose the high-
way driving task of CARLA to evaluate ResAct on scenar-
ios with more complex observations. We largely follow the
settings in DBC (Zhang et al. 2020), where the agent’s goal
is to drive as far along the figure-8 highway of CARLA’s
Town04 as possible in 1000 time steps without collision.
Experiments are conducted using 5 seeds and the mean and
standard deviation of rewards are reported. For detailed set-
tings of the experiments, please refer to Appendix G.

5.1 Main Results
DMControl 6 common tasks: The 6 tasks presented in
Table 1 and 2 are heavily benchmarked within DMCon-
trol. We first introduce ResAct on several typical differ-
ent baselines including Pixel SAC (Haarnoja et al. 2018),
DeepMDP (Gelada et al. 2019) and RAD (Laskin et al.
2020). Since DeepMDP learns the representation by predict-
ing state transition and future rewards, and RAD is based
on data augmentation. Hence, we combine these two meth-
ods as a stronger baseline named DeepRAD. As shown in
Table 1, ResAct consistently enhances the performance of
various baselines, demonstrating its excellent adaptability.

Then we meticulously select a range of methods for com-
parison with ResAct such as CURL (Laskin, Srinivas, and
Abbeel 2020), MLR (Yu et al. 2022), PSRL (Choi et al.
2023), SVEA (Hansen, Su, and Wang 2021), PlayVirtual (Yu
et al. 2021), MaDi (Grooten et al. 2023) and TACO (Zheng
et al. 2024). As shown in Table 2, our method achieves state-
of-the-art performance in both sample efficiency(5 out of
6) and asymptotic performance(4 out of 6) for the major-
ity of tasks, while being competitive in the remaining tasks.
Moreover, the standard deviation of the reward is also sig-
nificantly lower, indicating ResAct also has advantages in
convergence stability and ease of optimization.
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100K STEP SCORES CURL SVEA PlayVirtual MLR PSRL TACO MaDi ResAct
Reference ICML’20 NeurIPS’21 NeurIPS’21 NeurIPS’22 CVPR’23 NeurIPS’23 AAMAS’24 This work

Cartpole, Swingup 582± 146 727± 86 816± 36 806± 48 849± 63 782± 51 704± 54 819± 44
Reacher, Easy 538± 233 811± 115 785± 142 866± 103 621± 202 821± 97 766± 101 917± 59
Cheetah, Run 299± 48 375± 54 474± 50 482± 38 398± 71 402± 62 432± 44 503± 42
Walker, Walk 403± 24 747± 65 460± 173 643± 114 595± 104 601± 103 574± 94 772± 65
Finger, Spin 767± 56 859± 77 915± 49 907± 58 882± 132 876± 67 810± 95 974± 42
Ball in cup, Catch 769± 43 915± 71 929± 31 933± 16 922± 60 902± 54 884± 36 948± 44
Average 559.7 739.0 729.8 772.8 711.1 730.7 695.0 822.1

500K STEP SCORES
Cartpole, Swingup 841± 45 865± 10 865± 11 872± 5 895± 39 870± 21 849± 6 870± 12
Reacher, Easy 929± 44 944± 52 942± 66 957± 41 932± 41 944± 50 955± 31 974± 16
Cheetah, Run 518± 28 682± 65 719± 51 674± 37 686± 80 663± 30 732± 45 750± 8
Walker, Walk 902± 43 919± 24 928± 30 939± 10 930± 75 914± 87 912± 26 953± 21
Finger, Spin 926± 45 924± 93 963± 40 973± 31 961± 121 972± 89 951± 47 979± 4
Ball in cup, Catch 959± 27 960± 19 967± 5 964± 14 988± 54 960± 22 912± 62 967± 4
Average 845.8 882.3 897.3 896.5 894.1 887.1 885.1 915.5

Table 2: Performance comparison with SOTA methods on DMControl 6 common tasks at 100K and 500K environment steps.
We apply ResAct on top of DeepRAD and highlight it in gray . The best results are highlighted in bold.

Task Flare TACO MaDi DeepRAD ResAct(500K) Flare TACO MaDi DeepRAD ResAct(1M)
Quadruped, Walk 296± 139 345± 89 277± 92 307± 142 385± 81 488± 221 665± 144 621± 172 586± 193 690± 128
Pendulum, Swingup 242± 152 485± 167 372± 101 308± 137 618± 380 809± 31 784± 42 751± 41 626± 220 817± 6
Hopper, Hop 90± 55 112± 42 80± 24 51± 19 99± 49 217± 59 221± 45 201± 43 212± 13 233± 32
Finger, Turn hard 282± 67 372± 174 311± 143 173± 195 465± 153 661± 315 672± 167 695± 133 310± 278 857± 80
Walker, Run 426± 33 355± 89 382± 87 375± 177 467± 27 556± 93 582± 63 562± 68 508± 125 554± 21
Average 267.2 333.8 284.4 242.8 406.8 546.2 584.8 566.0 448.4 630.2

Table 3: Performance on DMControl 5 hard tasks. Following the settings of Flare (Shang et al. 2021), we report the results at
500K and 1M environment steps.

DMControl 5 hard tasks: The DMControl 6 common
tasks are considered solved with limited room for improve-
ment since pixel-based methods are as efficient as state-
based methods. Therefore, we continue to conduct exper-
iments on five hard tasks selected by Flare (Shang et al.
2021), where there is still a large gap between pixel-based
and state-based approaches, to stress the improvements
brought by ResAct. We follow Flare’s setting of using more
training steps and compare our results with DeepRAD and
Flare. In Table 3, the evaluations at 500K and 1M environ-
ment steps indicate that ResAct outperforms others on all
tasks except for Walker Run, while ResAct significantly re-
duces the standard deviation (21 vs 63). It is also noteworthy
that ResAct shows an overall reduction in the standard devi-
ation of performance on all tasks at 1M environment steps,
highlighting its advantage in convergence stability. Table 3
shows that ResAct proves advantageous for more challeng-
ing continuous control tasks that deal with partial observa-
tion, sparse rewards, or those require precise manipulation.

CARLA: The CARLA simulator features photo-realistic
visual observations, which contain a huge variety of task-
irrelevant information, making it an excellent choice for test-
ing algorithm performance in more realistic scenarios. On
the CARLA autonomous driving task, the advantages of Re-
sAct are further validated. Table 4 clearly shows that ResAct
has achieved substantial improvements in both episode re-
ward and driving distance and has significantly reduced the

average steer and brake, thus greatly enhancing the smooth-
ness of the driving process.

5.2 Ablation Studies
Effectiveness of each component To separately explore
the contributions of RAL and ODL, we incrementally in-
troduce each independent module on top of DeepRAD in
the CARLA autonomous driving task and plot Fig. 4(a). It
can be seen that modeling residual actions using only RAL
can significantly improve upon the baseline, which indicates
the superiority of the decision-making mechanism based on
residual actions. This allows for direct benefits from RAL
without changing the encoder. The further introduction of
ODL leads to an additional increase in performance. We hy-
pothesize that in terms of learning residual actions, the rep-
resentations of independent observations contain redundant
information that the agent needs to learn to ignore, while
ODL significantly suppresses this redundant information,
thereby providing a more compact visual representation.

Dive into ODL In Section 4.2, we assume that ODL can
alleviate redundant information between adjacent observa-
tions while retaining the information of dynamic changes,
thus providing a more compact and suitable representation
for RAL. To validate our hypothesis, we gradually reduce
the feature dimension and compare it with baseline Deep-
RAD. As depicted in Fig. 4(b) and Appendix B.1, as the
feature dimension is gradually compressed, our proposed
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Method Episode reward ↑ Distance (m) ↑ Crash intensity ↓ Average steer ↓ Average brake ↓
pixel SAC (Arxiv’18) 121 ± 26.1 74 ± 17.4 3930 ± 80.3 17.52% ± 0.021% 1.81% ± 0.013%
CURL (ICML’20) 134 ± 15.1 128 ± 32.5 3050 ± 100.3 16.60% ± 0.025% 2.94% ± 0.021%
RAD (NeurIPS’20) 142 ± 26.4 112 ± 33.6 2876 ± 94.9 16.80% ± 0.033% 2.12% ± 0.032%
DrQ (ICLR’21) 154 ± 21.5 95 ± 27.2 2419 ± 72.3 15.79% ± 0.018% 1.70% ± 0.039%
SVEA (NeurIPS’21) 161 ± 31.3 125 ± 18.9 2577± 71.1 13.22% ± 0.011% 1.43% ± 0.024%
Flare (NeurIPS’21) 132 ± 24.7 90 ± 14.6 2668 ± 95.7 11.48% ± 0.022% 1.52% ± 0.014%
ISO-Dream (NeurIPS’22) 117 ± 19.3 86 ± 23.6 3342 ± 97.7 18.82% ±0.013% 1.86% ± 0.027%
DeepMDP (ICML’19) 170 ± 36.1 132 ± 20.4 2136± 69.3 10.22% ± 0.015% 1.65% ± 0.007%
TACO (NeurIPS’23) 208 ± 23.4 197 ± 17.6 2997 ± 104.8 16.78% ±0.022% 1.58% ± 0.030%
MaDi (AAMAS’24) 177 ± 18.6 143 ± 28.9 2557 ± 86.3 14.46% ±0.035% 2.47% ± 0.024%
DeepRAD 198 ± 27.3 194 ± 21.7 2248 ± 79.8 9.32% ± 0.024% 1.03% ± 0.028%
ResAct 283± 25.3 299± 24.6 2744± 122.6 7.07%± 0.010% 0.30%± 0.029%

Table 4: Driving metrics at 100k training steps, with arrow directions indicating whether a larger or smaller value is better.
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Figure 4: (a) Test performance comparison on CARLA.
Gradually introducing RAL and ODL on top of DeepRAD
brings continuous performance improvements. (b) Compar-
ison of test performance on CARLA as the encoder feature
dimension is progressively compressed. ODL is capable of
providing a more compact representation.

method continues to maintain stable performance, whereas
the performance of DeepRAD plummets. We also follow
(Zagoruyko and Komodakis 2016) to compute ODL’s atten-
tion map by performing mean pooling on the absolute val-
ues of the activations along channels and then applying a 2D
spatial softmax. As shown in Fig. 5, In DMControl tasks,
DeepRAD forces the agent to distribute its attention across

the entire body of the robot, while ResAct allows the agent
to selectively focus its attention on the edges of the torso
and limbs where dynamic changes occur. In CARLA envi-
ronment, the observations encompass a vast array of open-
world elements, which significantly challenges the attention
allocation for DeepRAD (noticing that it incorrectly focuses
on some task-irrelevant elements). In contrast, ResAct is still
capable of concentrating its attention on moving vehicles.

DeepRAD

Ours

Cheetah Run Hopper HopWalker Run Finger Turn Hard

DeepRAD

Ours

CARLA

DMC

Figure 5: Spatial attention maps for different tasks. ODL en-
ables the agent to narrow down the area of attention alloca-
tion, concentrating on regions with dynamic changes.

6 Conclusion
Motivated by the correlations between the smoothness of
decision-making and algorithm performance, we propose
Reinforcement Learning with Residual Action (ResAct) for
vision-based RL, which reduces the learning difficulty. Ex-
tensive experiments demonstrate significant improvements
of ResAct in terms of sample efficiency and asymptotic per-
formance. Our future work includes conducting more in-
depth explorations of this new perspective on policy learning
and applying ResAct in model-based frameworks.
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