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Symmetry Considerations for Learning Task Symmetric Robot Policies
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Abstract— Symmetry is a fundamental aspect of many real-
world robotic tasks. However, current deep reinforcement learn-
ing (DRL) approaches can seldom harness and exploit sym-
metry effectively. Often, the learned behaviors fail to achieve
the desired transformation invariances and suffer from motion
artifacts. For instance, a quadruped may exhibit different gaits
when commanded to move forward or backward, even though
it is symmetrical about its torso. This issue becomes further
pronounced in high-dimensional or complex environments,
where DRL methods are prone to local optima and fail to
explore regions of the state space equally. Past methods on
encouraging symmetry for robotic tasks have studied this topic
mainly in a single-task setting, where symmetry usually refers to
symmetry in the motion, such as the gait patterns. In this paper,
we revisit this topic for goal-conditioned tasks in robotics, where
symmetry lies mainly in task execution and not necessarily in
the learned motions themselves. In particular, we investigate
two approaches to incorporate symmetry invariance into DRL
-— data augmentation and mirror loss function. We provide a
theoretical foundation for using augmented samples in an on-
policy setting. Based on this, we show that the corresponding
approach achieves faster convergence and improves the learned
behaviors in various challenging robotic tasks, from climbing
boxes with a quadruped to dexterous manipulation.

I. INTRODUCTION

Deep reinforcement learning (DRL) is becoming an im-
portant tool in robotic control. Without prior knowledge or
any assumptions on the underlying model, these methods
can solve complex tasks such as legged locomotion [1]-[3],
object manipulation [4], [5], and goal navigation [6]. How-
ever, this very black-box nature of DRL does not leverage
the knowledge of the symmetry in the task and often results
in policies that are not invariant under symmetry transforma-
tions [7], [8]. This problem is not limited to the current DRL
algorithms. Humans and animals also exhibit asymmetric
execution of various tasks by, for example, always using the
dominant hand or foot for tasks requiring higher dexterity.
Robots, however, should avoid such limitations and achieve
optimal task execution in all cases.

In robotics, we can think of symmetry at two levels:
1) motion execution, which pertains to the behavior of
mirrored body parts during periodic motions, and 2) task
execution, which pertains to the behavior used to achieve
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Fig. 1: Motion and task symmetry for quadrupeds. While motion
symmetry involves similar movements of the legs, it does not guar-
antee that the robot behaves the same when commanded different
goals (walking forward and backward). In contrast, task symmetry
ensures consistent behaviors for such goals, potentially resulting in
periodic symmetric motions for walking on flat ground or entirely
asymmetrical aperiodic patterns for tasks such as climbing a box.

mirrored objectives. This distinction is crucial since achiev-
ing symmetry in task execution does not necessarily imply
or demand symmetry in motion execution. To illustrate,
consider tasks for quadrupedal locomotion (Fig. 1). A typical
locomotion task may display both symmetries by learning
a trotting gait for all commanded directions [2]. However,
when faced with the challenge of climbing a tall box, the
robot needs to deviate from symmetry at the motion level [6].
Nevertheless, it can still maintain symmetry at the task level;
for instance, climbing a box in front of or behind the robot
is considered equivalent. While we anticipate that behaviors
for symmetrical goals will exhibit similarities, the solutions
obtained using DRL are not. Usually, the trained policies
exploit the behavior learned for only one of the goals. For
instance, instead of climbing the box backward, the robot
may first turn around and then ascent the box. Unfortunately,
this behavior consumes more time and energy, rendering it
sub-optimal. During the learning process, once an asymmetry
in a behavior arises, it tends to get magnified with further
training. Hence, it is important to incorporate symmetry
considerations inherent to the task into DRL to learn superior
and more efficient behaviors.

A. Related Work

Achieving symmetric motions has been of long-standing
interest in character animation and, recently, robotics, where
symmetrical gaits are usually considered more visually ap-
pealing and efficient. In model-based control, symmetric
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motions are typically enforced by hard-coding gaits [9] or
by reducing the optimization problem by assuming perfect
symmetry [10]. Similarly, in robot learning, the structure of
the action space can be modified to ensure a symmetric
policy. For instance, central pattern generation (CPG) for
locomotion pushes the policy towards symmetrical sinusoidal
motions [2], [11]. For periodic motions, motion phases as
a function of time can also be used to learn policies for
only half-cycles and repeat them during execution [12], [13].
Alternatively, based on the robot’s morphology, the policy
can control only half of the robot, with the other half simply
repeating the selected actions [14]. While these ideas are
simple, they constrain the policy by some explicit switching
mechanism based on time or behavioral patterns.

To avoid this issue, recent works have looked at introduc-
ing invariance to symmetry transformations into the learning
algorithm itself. Inspired by the success of data augmentation
in deep learning, one way to induce this invariance is by
augmenting the collected experiences with their symmetrical
copies [12], [15]. An alternate approach is adding a penalty
or loss function to the learning objective [7], [16]. It is
also possible to design special network layers to represent
functions with the desired invariance properties [8], [17]-
[19]. Abdolhosseini et al. [12] compared these different
approaches for bipedal walking characters. They showed that
in many cases, using a symmetry loss function is more
effective than data augmentation and performs at par with
customized network architectures.

It is important to note that most of the above works have
studied symmetry under the lens of symmetrical motions,
or more specifically, gait patterns. This may not always be
desired or feasible for a wider range of tasks, such as manip-
ulating objects or climbing over surfaces, where symmetry
appears at the task level and not on how symmetrically
located actuators move. This paper aims to revisit the idea
of symmetry from this task perspective and understand its
efficacy on different real-world robotic problems.

B. Contributions

We investigate the notions of symmetry in DRL for goal-
conditioned tasks. Specifically, we explore two approaches
for embedding symmetry invariance into on-policy RL: data
augmentation and mirror loss function. While these methods
have previously appeared in literature, their applications
have primarily centered around walking animated characters,
rather than robotic tasks with goal-level symmetries. Our
analysis aims to highlight often-overlooked intricacies in
the implementations of these approaches. In particular, we
discuss the ineffectiveness of naive data augmentation and
introduce an alternate update rule that helps stabilize learning
from augmented samples.

Our study compares the two approaches on four diverse
robotic tasks: the standard cartpole, agile locomotion with
a quadruped, object manipulation with a quadruped, and
dexterous in-hand object manipulation. Notably, in contrast
to prior work [12], our experimental findings show that data
augmentation is the most effective way to achieve task-

symmetrical policies. We demonstrate the sim-to-real transfer
of policies learned with this method for agile locomotion
using the platform ANYmal [20]. Although the robot is not
perfectly symmetrical, we show that the policy trained using
data augmentation results in nearly symmetrical behaviors
for climbing boxes in front of and behind the robot.

II. PRELIMINARIES

A. Reinforcement Learning

This work considers robotic tasks modeled as multi-goal
Markov Decision Processes (MDPs) with continuous state
and action spaces. For notational simplicity, we consider
the goal specification a part of the state definition. We
denote an MDP M as (S, A, T, r,, po), where the symbols
follow their standard definitions [21]. Our goal is to obtain
a policy 7 that maximizes the expected discounted reward,
J(m) = Ermp, () [Dotoo ¥ (8¢, ar)], where the trajectory
(so, a0, 51,01, S2,...) is sampled from p,(7) with
so ~ po(+), ar ~7(-|s¢), and spp1 ~ T'(-|s¢,ar). As before,
we employ the definitions from [21] for the state-action value
function Q™ (s¢,a:) = Espyyarir,n. [Doreo V7 (St argi) ]
the value function V7(s;) = E,, [Q" (st a¢)], and the
advantage function A™(s¢,ar) = AT = Q™ (s¢,a1) — V7 (s¢).

In DRL, the total expected reward can only be estimated
through trajectories collected by executing the current policy
T, , where 0, are the policy’s parameters at the learning iter-
ation k. Following this, modern policy gradient approaches,
such as TRPO [22] and PPO [23], use importance sampling
to rewrite the policy gradient as:

T =

Vo (mg) = ETNPﬂek Znt(ﬁ)Ags’“ Vo logmg(at|st)| ,
t=0

where 7,(0) = Pro (5t, 1) — Pro(st) mo(ay|se) .
Dy, (s¢,at) DPrg, (s¢) mo, (ag|se)

(D

In practice, the term pp "9((55"3) is computationally intractable.

However, it can be negfected by assuming the divergence
between the policy distributions 7y and g, is sufficiently
small [22]. In PPO, this is achieved by using a clipped
surrogate loss, £PP0(#) [23]. Additionally, the value function
is fitted using a supervised learning loss.

B. MDP with Group Symmetries

For an MDP M with symmetries, a set of transformations
exists on the state-action space, such that the reward function
and transition dynamics are invariant to them [24], [25].
More formally, we define a symmetric MDP with an N-fold
symmetry if it contains a set of symmetric transformations
G = UrGr = {90,91,92,---gn-1}, Where go := (L)
is the identity transformation, and g; := (Lg,, Ky, ), Vi €
{1,..., N —1} are distinct non-identity transformations. The
operators L, : S — S and K, : A — A can be seen to define
similar transformations but in different spaces.
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III. APPROACHES FOR SYMMETRY IN RL

In literature, there are three main ways to incorporate
symmetry into DRL: 1) using a symmetry loss function,
2) performing data augmentation, and 3) designing special-
ized network architectures. While the first two approaches
only approximate the symmetry equivariance, specialized
networks tend to guarantee it by embedding the equivariances
into the layers themselves. However, this constrains the
policy to always be equivariant, which can be detrimental in
robotic applications since robots are not perfectly symmet-
rical. Additionally, perfectly symmetrical policies struggle
with neural states, where s = Ly[s],Vg € G, unless the
environment introduces its own bias [26]. For instance,
consider a quadruped starting to walk from a stance gait.
A symmetric policy cannot lift the right front foot to take
the first step since that means the other feet should also be
raised under L, [s]g - However, this is not possible since
7(s) # m(Lg[s]),Vg € G —{go}.

In practice, we only want to encourage the policy to learn
similar behaviors for equivalent goals while letting it adapt
the individual actuation or motion-level commands to deal
with the asymmetries in the robot’s design and neutral states.
Keeping this in mind, we mainly look at the symmetry loss
function and data augmentation approaches.

A. Using Mirror Loss Function

In the method proposed by Yu et al. [7], they add an
explicit auxiliary loss to the learning objective that penalizes
asymmetricity in the policy. Based on this approach, we
can write the policy learning objective for all symmetry
transformations in G as:

L(0) = L9 erZDym ), where ()
9g€eg

Ly0) = Ernp,, ZHK mo(se)] = mo(Lylse))ll3 |

3)

and w is a scalar hyperparameter that governs the trade-
off between minimizing the RL objective and the symmetry
loss. Tuning this parameter w depends on the task and can
adversely affect the training if set to a high value. Although
not explicitly mentioned in prior works [7], during imple-
mentation, the quantity K,[mg(s)] is treated as a label and
is not back-propagated through, despite its differentiability.

From an intuitive standpoint, the symmetry loss (Eq. 3)
encourages the policy to be symmetrical over its entire
state-action spaces. However, achieving this objective can
be challenging in high-dimensional problem spaces.

B. Symmetry-Based Data Augmentation

Data augmentation is commonly used in deep learning to
make networks invariant to visual or geometrical transforma-
tions [27], [28]. A natural approach for symmetry augmenta-
tion within RL is augmenting the collected trajectories with
their symmetrical copies [12]. However, this results in having
to evaluate 7y, (-|-) and A™=(-,-) in Eq. 1 on samples not

Fig. 2: The log action prob-
abilities computed using base-
line (Eq. 1) and our pro-
posed (Eq. 6) approaches. We
plot the mean obtained over
the symmetry-augmented sam-
ples from each training itera-
tion. The plot shows 5 runs
with different seeds for the Cart-
Pole task. The baseline method
leads to training instabilities
— Ours caused by low action prob-
I L ] abilities. Meanwhile, our ap-
o llfggraﬁ:)'_’: 2030 proach maintains stable conver-
gence for all runs.

—0.5 1

—1.0 1

—1.54
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generated from the rollout policy. Computing these quantities
using such “off-policy” samples can introduce high variance
in the gradients and diminish the method’s effectiveness [12].

To deal with this issue, we approach symmetry augmenta-
tion from another perspective. At iteration k, let us construct
policies 7§ , such that 7§ (K,[a]|Ly[s]) = 7, (als),Vg €
G,s € S,a € A. Based on these augmented policies,
we can write the RL objective for mg (Eq. 1) as learning

from trajectories collected from these policies, i.e., 79 =

(s3.af,...):

Vo (1) = > Eronp ; lznf A 5 Vg log mg(a?|s?)
geG oK

where 77;7(9) _ pﬂs(stvat) _ pﬂe(st) 7r9(a§|5tg) 4)

ilst)

In data augmentation, the samples are collected by rolling

pﬂ'gk (sf,af) p7r9 ( )7‘(5 (

out mp, and not 7, ie, 79 = (s§,af,...) =
(Lglsol, Kglao], . ..) with s¢,ar ~ pr,, (s¢,a¢), ¢ > 0.

Additionally, for the policies wgk and the symmetric MDP

M, it can be shown that Vs € S,a € A,g € G:

AT (Lyls], K gla]) = A™ (s, ) # A™ (L
Prg (Lg[s]) = Prg, (s) # P, (Lgl[s])-

Thus, using Eq. 4 and Eq. 5, we obtain:

9[8]7 Kg[a])> and
)

VQJ 7T9

2 Dy (Ly[54)) mo (K g[ar]| Ly [s4])
(,ZE;;ETNP”Q L_O Prg, (5t) o, (at|st)

AT0% (s4,a4)Vglog me(Kglas]|Lg [st])l . (6)

Comparing Eq. 6 to simply applying Eq. 1 on augmented
samples, we can see that the denominator of the action
probablhtP/ ratlo are different. Using Eq. 1, we would get
;i((}; [ﬁ;]”LL ML , while with Eq. 6, we have %
In other words, Eq. 6 keeps the action probabﬁlty of the
original samples. In contrast, we would need to compute the
action probability for augmented samples for the other case.
This difference is crucial since 7o, (Kg[as]|Lg[s:]) can be
arbitrarily small for not perfectly symmetric policies, leading
to instabilities in the training, as shown in Fig. 2.
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However, even with the above change, the issue with com-

puting the probability ratio 1’;9(’:7%?3]) remains unresolved. It
""k t

can only be disregarded if the constructed policies {wgk toeo
are sufficiently close to the policy wgk used for generating
rollouts. While this may not hold for any policy 7y, , from
our experiments in Sec. IV-D, we find that the probability
ratio term can be ignored in the case of randomly initialized
policies with sufficiently small weights and bounded updates.
However, the ratio is important when policies are initialized
non-symmetrically.

Conceptually, we can interpret Eq. 6 as follows: When we
observe a high return for a specific action a taken from a
given state s, we want to boost the likelihood of choosing
that action in the future. In the case of symmetry, we also
want to amplify the likelihood of the equivalent action K, [a]
taken from the equivalent state L[s].

IV. EXPERIMENTS AND RESULTS
A. Tasks

We consider four tasks, implemented using NVIDIA Isaac
Gym [29], with inherent task symmetry (Fig. 3):

e CartPole: A classic control environment where the goal
is to balance a pole attached by an unactuated joint to a
cart. The input to the system is the desired cart velocity.
As a reward, the agent receives an L-1 penalty between
the pole’s current and upright position.

e ANYmal-Climb: An agile quadrupedal locomotion task
from [6], where the quadruped ANYmal [20] needs to
reach a target pose on a box over a defined time. The
agent observes its state along with a robot-centric height
map and receives a sparse delayed reward signal.

e ANYmal-Push: A loco-manipulation task where the
robot needs to push a cube to a desired position. The
cube’s initial and target positions are spawned radially
around the robot. The agent observes the robot’s and
object’s states and receives a dense tracking reward.

o Trifinger-Repose: An in-hand cube reposing task for the
Trifinger platform [30]. The agent needs to pick the cube
from the table and manipulate it to its desired pose. The
task setup is similar to that in [4].

The two quadrupedal tasks use curriculums to guide the
training. For the climbing task, we use an initial move-in-
direction reward that encourages the robot to move toward
the target pose (phase A). This reward is later removed so
that the robot can optimize its motion freely (phase B),
as done in [6]. Once the robot starts climbing the box
successfully, we randomize its initial orientation (phase C).
Instead of always facing the boxes (yaw = 0), the orientation
is sampled uniformly with yaw € [—m, 7]. Note that this
curriculum intervention is necessary to achieve effective
climbing behaviors. When training policies with randomized
orientations from the beginning, they converge to a sub-
optimal sideways climbing motion, which fails to solve
the task for higher boxes. For the ANYmal-Push task, the
curriculum moves the cube target further away as the robot
pushes the cube successfully.

Task Space Transformations
CartPole S (i,6,8) (&,0,0), (—&,—0, —6)
-A (fbdes) (‘ides)«, (_i’des)

ANYmal-Climb S R?8? Identity, reflect-x, reflect-y, ~ 180°
A R2 Identity, reflect-x, reflect-y, ~ 180°
ANYmal-Push S R®! Identity, reflect-x, reflect-y, ~ 180°
A R Identity, reflect-x, reflect-y, ~ 180°

Trifinger-Repose S R*! Identity, ~ 120°, ~ 240°

R? Identity, ~ 120°, ~ 240°

Fig. 3: We consider four robotic tasks: a continuous cart-pole,
quadruped climbing a box, quadruped manipulating a cube, and in-
hand cube reposing. In the table, we specify their state and action
spaces along with the available symmetry transformations.

B. Metrics

Prior work [12] uses metrics that typically characterize the
gait symmetricity. However, this does not serve as a proper
measure for a policy’s symmetricity during task execution.
For instance, in the ANYmal-climb task, we do not require
that the front and back legs follow similar trajectories, but
rather that when climbing forward and backward, the front
legs behave similarly to the back legs, respectively.

Thus, we use two metrics that directly characterize the
policy’s performance in the task and measure its symmetric-
ity: 1) the average episodic return, which is the undiscounted
reward accumulated by the policy over an episode, and 2) the
symmetry loss from Eq. 3, which measures the discrepancy
in the policy for equivalent state-action pairs.

C. Training Performance

We compare PPO with symmetry loss, symmetry augmen-
tation, and a combination of both against the standard version
of the algorithm [23]. For PPO with symmetry loss, we
consider different weights w to understand its implications.
We use the weight from the best policy for the combined
symmetry augmentation and loss method.

From Fig. 4, we observe that PPO with symmetry aug-
mentation obtains the highest return and fastest convergence
while having a low symmetry loss. Optimizing the symmetry
loss directly helps induce symmetry but comes at the cost of
performance and slower convergence. Increasing the weight
w reduces the symmetry loss but hinders learning as the
gradients from the losses in Eq. 2 compete against each other.

Additionally, for the ANYmal-Climb task, we can notice
how different methods recover once phase C begins. At
the start of this phase, the sudden change in the robot’s
orientation causes all the policies to fail since they now need
to perform the climbing motion in different directions. The
policy training with symmetry augmentation recovers nearly
immediately as it is inherently symmetric from being trained
on other orientations through the augmented samples. It must
only adapt to intermediate orientations not previously seen in
the earlier phases. On the other hand, policy training with the
vanilla PPO takes much longer to recover and converges to
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Fig. 4: Comparison of different methods for the CartPole and ANYmal-Climb tasks — vanilla PPO (baseline), PPO with symmetry
augmentation (aug.), PPO with symmetry loss (I0Ss-w), and a combination of the two. We plot the mean and standard deviation over
three seeds. For the ANYmal-Climb task, we use a curriculum denoted as phases A, B, and C in the plot. We observe that symmetry
augmentation yields the best performance consistently over all the tasks.

a different behavior (Sec. IV-F). Lastly, the policies trained
using symmetry loss do not consistently recover in this phase.

Notably, the symmetry loss weighs symmetricity equally
for all equivalent state actions. During training, the policy
explores new actions for each symmetric state independently.
If better actions are found for one of the states, the symmetry
loss will push the policy to adopt equivalent actions for all
equivalent states without considering the respective rewards.
On the other hand, the augmentation approach will push
the policy towards the best-performing actions since all
transitions are compared to the same value function. Inter-
estingly, using both symmetry loss and augmentation does
not necessarily improve the performance or convergence,
showing that symmetry augmentation does not benefit from
the additional gradients provided by the loss.

D. Effect of network initialization

As discussed in Sec. III-B, symmetry augmentation as-
sumes that the rolled-out policy is sufficiently symmetric,
and hence, the slightly off-policy samples do not cause
issues during training. A symmetric policy is expected to
maintain that characteristic throughout training. However,
when training commences from an arbitrary policy, there
is no guarantee that it will converge to exhibit symmetric
behaviors. To assess the severity of this problem, we compare
the training of policies initialized with randomized weights
drawn from a uniform distribution with varying scales.

For small weights, the actions from the policy are typ-
ically small as well, and as such, the policy is roughly
equivalent to its symmetric counterparts. More concretely, for
Gaussian distributions, policies mg(als) and mg(Lg[a]| K4[s])
are similar for small means and large enough standard
deviation. With larger weights, the disparity between the two
distributions increases, and they diverge from each other.

Fig. 5 shows that, indeed, the scale of initial weights
influences the performance and symmetricity of the policies
trained with data augmentation. Higher weights lead to
lower performance and higher symmetry loss. Since directly
optimizing over the symmetry loss does not assume any
symmetricity of policy, we speculate that it is not affected
by the initialization effect, and combining both augmentation
and loss approaches can help recover the symmetricity even
when the policy is initialized with high weights. Our findings,

—— aug. init-0.6 —— aug., loss-0.2, init-0.6
aug. init-1.0 —— aug., loss-0.2, init-1.0
—— aug. init-1.4 —— aug., loss-0.2, init-1.4
—-2.54 102 4 M
-5.0 4 0
c w
5 _754 S 100
g 2
% -1004 @
5 £ 10
g d €
s -125 g
(%]
-15.0 4
1074
-17.54
0 100 200 0 100 200

Iteration Iteration

Fig. 5: Effect of network initialization scales (init-n) for the
CartPole task. We plot the mean and standard deviation over three
seeds. Symmetry augmentation (aug.) struggles when initialized
weights are high. Adding a small symmetry loss helps mitigate
the issue but does not improve the performance.

shown in Fig. 5, affirm that using a small symmetry loss
coefficient greatly enhances the symmetricity of policies
initialized with high weights. However, it is worth noting that
this enhancement does not translate into improved perfor-
mance compared to policies with low-weight initializations.

E. Evaluation of Symmetry in Learned Behaviors

To evaluate the performance of policies trained with
and without symmetry augmentation, we create equivalent
versions of each task and compute their total episodic return
for each equivalent goal. For example, in the ANYmal-
Climb task, we compare the episode returns for the goal
of climbing a box forward and backward. For symmetric
policies, the variation between the obtained returns for each
goal should be low. Table I shows that for all the tasks, poli-
cies trained with augmentation consistently achieve higher
average returns while having much lower variation in the
returns between symmetric versions of the task. This result
shows that learning with symmetry augmentation does lead
to more optimal and symmetrical behaviors.

F. Qualitative Behavior Analysis

Finally, we describe the different behaviors learned by the
policies for all tasks. We refer the reader to the supplemen-
tary video for more details.
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Environment Vanilla-PPO PPO +aug.
Return  Variation Return  Variation
CartPole -2.507 0.353 -1.928 0.003
ANYmal-Climb 15.544 1.022 17.462 0.124
ANYmal-Push 16.331 2.255 18.373 0.424
Trifinger-Repose | 2153.343 75.752 | 2285.125 7.884

TABLE I: We take a set of equivalent goals for each task and
report the average episodic returns over 500 runs for each goal.
The variation is the maximum difference in the returns between
equivalent goals. Since rewards are symmetric, a higher variation
implies less symmetric behavior between equivalent goals.

(a) Vanilla PPO (b) PPO + aug.

Fig. 6: Observed trajectories for equivalent goals in the ANYmal-
Push task. Using data augmentation, the behavior is more symmet-
rical and the robot uses all of its legs for manipulation.

1) CartPole: Even for this relatively simple task, the
behavior of policies trained without augmentation depends
on where the pole is initialized. When the pole starts flat
on the right side, the policy immediately moves the cart to
spin the pole upwards. For the same position on the left, the
policy lets it swing towards the other side first, leading to
sub-optimal task returns. Policies trained with augmentation
exhibit equally optimal behavior from both sides.

2) ANYmal-Climb: Policies trained without augmentation
usually learn to climb only in one direction, always using
the same leg first. When the robot is initialized in another
direction, the policy prefers to turn on the spot before
climbing. Since we set the initial and target orientations as
the same, the policy turns again on the box to reorient itself.
This leads to sub-optimal policies that turn twice instead
of directly climbing backward. Training with augmentation
mitigates this issue and the policies can climb forward and
backward while using any of the legs to initiate the climbing.

3) ANYmal-Push: In this loco-manipulation task, the
asymmetry in the learned policy with vanilla-PPO is more
prominent since the robot uses only some of its legs for walk-
ing while the others for manipulating the object. Regardless
of the uniform sampling of the object and its target around
the robot, policies typically push the object with only two
of its limbs and turn around to use only those two limbs
for manipulation (Fig. 6). With symmetry augmentation, the
robot uses all the limbs depending on whichever is closest to
the object. It does this without any hand-crafted rewards to
encourage a certain end-effector to move towards the object.

4) Trifinger-Repose: The policies trained without aug-
mentation learn different finger gaits for rotationally equiv-
alent goals. For example, the robot may flip the cube on
the table before picking it up, while sometimes directly

Fig. 7: Hardware deployment for the ANYmal-Climb task. The
panel below shows the execution of the policy trained with sym-
metry augmentation to reach A. Please check the supplementary
video for comparisons with behaviors obtained using vanilla-PPO.

picking it up. In contrast, policies trained with augmentation
produce the same pattern for rotationally similar goals and
also complete the task faster.

G. Hardware Deployment

We conduct hardware deployment on ANYmal-D for the
ANYmal-Climb task (Fig. 7). We find that policies from
vanilla-PPO result in fast re-orienting behaviors that often
cause perception failures and missteps. In contrast, policies
trained with augmentation avoid these unnecessary rotations
and display more predictable and robust behaviors. It is
worth highlighting that even though the real robot is not
perfectly symmetrical (uneven payload and wear-and-tear
of the actuators), the policies trained with augmentation
are resilient to these asymmetries and achieve successful
box climbing maneuvers. One possible explanation for this
success lies in the approach’s emphasis on encouraging
symmetry while allowing the policy to adapt naturally to
the robot’s asymmetries during training.

V. DISCUSSION

We investigated two approaches for inducing symmetry
invariance in on-policy DRL methods for goal-conditioned
tasks. We presented an alternate update rule for symmetry-
based data augmentation that helps stabilize the learning in
practice. We compared the two approaches on various robotic
tasks and showed how data augmentation leads to faster
convergence with virtually symmetric and more optimal
policies. Through hardware deployment for the quadrupedal
agile locomotion task, we demonstrated that the policy
learned with data augmentation transfers well even when the
hardware is not perfectly symmetrical.

While this work mathematically motivates and empirically
justifies the importance of initializing with small weights for
data augmentation, a more rigorous treatment is for future
work. Further investigation is also needed to understand how
to perform augmentation when the symmetry in the MDP and
the transformations are not explicitly available. For instance,
for the latent vector obtained from an autoencoder.
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