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Abstract

Applications of multi-agent reinforcement learning re-
main underexplored. One promising application of multi-
agent reinforcement learning is multi-drone coordination
with potential health and military applications. In this pa-
per, we train swarms of four drones to reach a single fixed
target without colliding, using multi-agent PPO (MAPPO),
and multi-agent SAC (MASAC) to compare the effectiveness
of on policy and off policy learning in the multi-agent drone
swarming context. Both algorithms are implemented used
a Centralized Training Decentralized Execution (CTDE)
framework where critic networks are trained on the global
state of all drones and actor networks are trained on the
local observations of each drone. The pybullet-gym-drone
environment is used for all simulation physics. MAPPO is
implemented with a single global value critic and MASAC
is implemented with a global Q-critic; these global crit-
ics assign rewards based on the global state of all agents
with no individual drone specific reward attribution at a
given timestep. Local actor networks parameterize action
distributions given a drone’s actors local observation. Us-
ing both MAPPO and MASAC, we successfully train drone
agents to reach a target and then fly within the target
perimeter while avoiding collisions under multiple local ob-
servation frameworks: (1) a drone’s local observation con-
sists of only its kinematics (i.e. blind to other drones), (2) a
drone’s local observation consists of only its kinematics and
the relative kinematics of its neighbor, and (3) a drone’s lo-
cal observation consists of its kinematics and the relative
kinematics of all its neighbors. Thus, this paper establishes
that in the context of a fixed-target, collision avoidance,
drone swarming task, individual reward assignment is not
necessary for learning and group-level, global state reward
assignment is sufficient for both MAPPO and MASAC.

jcarruth@stanford.edu

1. Introduction

Small cheap drones are becoming increasingly prevalent
in military applications [8]. They also have underexplored
applications in medicine and transport where they could be
used transport critical medical supplies to difficult to reach
areas [5]. Training drone agents could relieve the critical
bottleneck of a pilot in these applications. Furthermore,
having drone agents that can operate in swarms would fur-
ther extend the utility of cheap drone agents for carrying
out critical tasks. To this end, this paper investigates the po-
tential application of multi-agent reinforcement learning to
drone swarm coordination problems; it examines the trade-
offs between off-policy and on-policy learning for training
agents to coordinate in swarms, comparing MAPPO and
MASAC without BC pre-training in the simulated environ-
ment of pybullet-gym-drone.

Existing work has been done showing that swarms of
drone agents trained using MAPPO for formulation fly-
ing tasks can learn policies that zero-shot generalize to real
world flying [1]. Such work demonstrates the utility of sim-
ulation learning for drone coordination tasks. This paper
studies drone swarm coordination for a slightly different
task: a reach and hover task for a single target. Rather than
using a reward function to learn a specific formation, no
formation is enforced. Drone agents instead need to reach
a single target without colliding and then maintain close
proximity to that target for the rest of the episode. While
we initially planned to use MAPPO and MASAC to train
agents for a suite of tasks (e.g. two targets, four targets,
search and find for multiple targets), we focus on the task of
finding a single-fixed target for a number of reasons. First,
even the simple challenge of having four drones navigate
roughly a meter each proved exceptionally difficult, espe-
cially without BC pre-training. Second, by not maintaining
multiple targets we can better study collision avoidance be-
havior. With a single target, drones must enter a much more
confined region to receive high rewards allowing the study
of whether collision free episodes can emerge through the



use of proximity penalties and coverage bonuses. In the
multi-target setting, drones should spread out as they go to
different targets, making collisions less of a problem.

Furthermore, this paper contributes to the existing multi-
agent reinforcement learning literature. Past work on
MAPPO has shown individual agent reward attribution is
not necessary for learning to occur in multi-agent settings;
in particular, reward attribution base on a global state that
includes all agents is sufficient for learning good policies
in cooperative settings [12]. In both MAPPO and MASAC,
we provide no individual reward attribution, only assign-
ing rewards for the global state of all four drones. Thus,
we investigate whether this setup which assigns the same
rewards to all drones at a single timestep is conducive to
learning for four homogeneous drone agents in cooperative
setting. Furthermore, this papers builds on work done in
applying off-policy learning for multi-agent reinforcement
learning. Combining aspects of MADDPG [6], single SAC
[3], and previous multi-agent SAC implementations [10],
we implement MASAC for four agent drone coordination
with a single global critic and no individual agent reward
attribution. Both MAPPO and MASAC implementations
are designed with scaling the number of agents in mind;
since we use a global critic and implement actor networks
for local drone observations with parameters, the number of
networks needed for n > 4 will remain the same as in the
four drone case experimented with in this paper (although
depending on the observation mode more network parame-
ters might be required for successful learning).

Since actor networks rely on local drone observations
and critic networks rely on global state observations un-
der the CTDE framework used, we test a number of local
drone observations for the actor network meant to simu-
late real-world constraints on inter-drone communication.
First, we test a local drone observation in which the acting
drone has no information about the other drones and only
has access to its kinematic information (i.e. flying blind).
Second, we test a local drone observation in which the act-
ing drone only has information its kinematics and relative
kinematics of its nearest neighbor. Finally, we test when
the local observation has complete relative kinematic infor-
mation about all four drones in the swarm. Together, this
helps to position this paper as a step toward future multi-
agent drone swarm RL research, particularly given the ulti-
mate finding that even without BC pre-training to intialize
actor networks, swarms learned successful policies using
both MAPPO and MASAC.

2. Methods

In the methods section, we outline the two imple-
mentations of MAPPO tested, the implementation of
MASAC tested, reward engineering, and the observa-
tion ablation for local actor networks. All implemen-

tations are tested on a consistent task: the four drone
agents are initialized hovering at positions (0.15m, 0.15m,
0.5m), (0.15m, —0.15m, 0.5m), (—0.15m, —0.15m,0.5m)
and (—0.15m, 0.15m, 0.5m). They need to navigate within
a 0.5m radius of a target at (1Im, 1m, 1.5m) i.e. they must
navigate up and to the right. Episodes are always 500 steps
with a control frequency of 30 Hz. Hence, each episode
is 16.6 seconds. Episodes are always truncated instead of
having a termination condition since assigning negative re-
wards in a setup with a termination could result in a pol-
icy in which drones crash immediately to avoid receiving
negative rewards over a longer episode. Thus, to simplify
the problem setup and avoid having to engineer a properly
scaled termination reward for something like a crash event,
we do not include a termination condition with episodes al-
ways truncated.

The desired behavior for the drone agents is to navigate
to the target and hover within a 0.5 meter radius of it until
the end of the episode without colliding with other agents
in the swarm. Positive rewards are assigned for being near
the target and negative rewards are assigned when drones
get within too close of proximity of each other (see for 2.3
for specific reward function details). During roll out, at each
episode step, each drone acts according to the actor network
which takes in its local observation; since agents are homo-
geneous and thus we employ parameter sharing for the actor
networks, all agents use the same actor network to act. Both
MAPPO and MASAC actor networks parametrize a contin-
uous distribution over actions. At evaluation time, drone
actors take the mean action from these parametrized distri-
butions. During roll outs, evaluations occur every 50, 000
steps and consist of ten 500 step episode roll outs i.e. ap-
proximately 166 seconds on experience.

2.1. MAPPO

The implementation for MAPPO is based on Yu et al.
2021 [11]. The critic network V[ (Sglobar) is a function of the
global state of all four drone agents’ kinematic information
and target information; hence,

Sglobal =(drone #1 absolute kinematic state,
drone #2 absolute kinematic state,
drone #3 absolute kinematic state,
drone #4 absolute kinematic state,
target-reached flag,

absolute target position)

The actor network implemented using parameter sharing
only takes in the i*" drone’s observation o at timestep for
which we test a number of setups (see 2.4). The actor net-
work parameterizes a truncated normal distribution which
outputs actions [—1, 1] for each dimension of the four di-
mensional velocity action vector. The choice to use a sin-



gle actor network for all drones that is a function of a sin-
gle drone agent’s local observation is motivated on previ-
ous MAPPO literature which suggests this parameter shar-
ing approach is effective for homogeneous agents [12]. By
only using a single actor network, this paper tests an ap-
proach that would potentially scale with more than four
drones since separate networks would not need to be trained
for all of them.

To train the agents using MAPPO, we collect roll outs of
the current policy. Advantage is computed using the global
state of all drones and a GAE advantage estimation,

0p = 1o+ YV (sFEy") — Vi (s§™™)
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We then compute clip loss for the actor network using a
drone agent’s local observation and sampling from the roll
out buffer with observations from the current policy; thus,
for a single local observation from drone ¢ the minimization
objective becomes

EC]ip = —min (p%Ah Cllp (p;, 1- €, 1 + 6) At)
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Notice the clip loss objective is computed conditional on
drone i’s local observation o and there is no individual re-
ward signal for agent ¢ since advantage is a function global
state. Similar to single agent PPO, the inclusion of the clip
loss allows for multiple gradient steps each policy update
via importance sampling. Summing over local observations
sampled from all agents, the loss becomes
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with pi defined as before. Using the global state, one can
then fit the value function V(s2°*") under the new policy
using mean-squared error loss where returns are computed
as the sum of global state advantages and values. Finally,

entropy minimization objective can be computed as

ﬁenlropy — é Z log (71'9 (CLHO;:))
(i,t)

so that entropy is maximized, incentivizing agent explo-
ration. Thus, the total loss minimization objective becomes
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similar to the single agent PPO setting.

[Replay buffer with policy roll out data]

Advantage estimate
81 = i+ Va(SHET™) = Va(sF)
Ay =6+ A
return = A, + Vi (s§°*)

Local clip loss for drone j

P = —min(pz Ay, clip(pd, 1—¢, 1+¢) At)

Value function loss

Estimate global state value
A
fitting MSE with returns target

Total loss ’J

LUP 4 €y L7219 4 Coppropy LoOTOPY

mo(at | 07)

where p] =
o (a | 07)

Figure 1. Calculating MAPPO minimization objective. Loss is fit
to pick actions that maximize global state advantage, fit loss func-
tion, and maximize entropy.

2.1.1 MAPPO without Attention

For this paper’s base MAPPO implementation, we use a
three layer MLP with ReLU parameterizing a truncated nor-
mal for the actor network. Similarly, a three layer MLP with
layer normalization is used for the global value network [9].
We use orthogonal initialization for all linear layers.
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Figure 2. Actor network (left). Critic network (right). Under the
CTDE framework actor network takes in local observation of a
drone while global value network takes in global observation of
all four drones.




2.1.2 MAPPO with Attention

In addition to the base MAPPO implementation, we also
implement MAPPO with a single-headed self-attention
layer. This tokenizes the absolute kinematics of all four
drones in the critic. In the actor, the absolute kinematics of
the acting drone is tokenized and the relative kinematics of
the other drones are tokenized. An additional token giving
the relative position of the target to the actor drone is pro-
vided. Linear layers are used to project all tokens into the
same dimension. Since attention is permutation invariant,
we add a positional encoding to tokens for the actor network
since the tokens have different meanings [2]. However, for
the global critic we use no positional encoding since the
same positional layout of drones should have the same value
regardless of how the drone numberings are permuted (i.e.
if the positions and velocities of drones are assigned to spe-
cific values it should not matter if drone #1 and drone #2 are
swapped). This implementation is only tested with local ob-
servation all setup (see 2.3) since the actor network requires
requires the drone agent to have relative kinematic informa-
tion about the other three drones. We train MAPPO with an
attention network with future research in mind; specifically,
in future research with n instead of 4 drones, we envision a
MAPPO actor that has an attention layer over its & nearest
neighbors with k£ < n.

Drone 1 Drone 2 Drone 3 Drone 4 Target
abs. state abs. state abs. state abs. state abs. state

Self-Attention

Concatenate Output

Figure 3. Critic network with attention where MLP returns
V¢ (S%Iobal).
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Figure 4. Actor network with self-attention for drone ¢. Allows the
relative kinematics of drones other than acting drone i to attend to
drone 7 kinematics token. MLP output parameterizes truncated
normal distribution as before.

2.2. MASAC

Unlike MAPPO, we only provide a single implementa-
tion for MASAC with MLPs for actor and critic networks
similar to Figure 2. Like Lowe et al. 2017’s implemen-
tation of MADDPG this paper uses critic networks condi-
tioned on global state information of all drones [6]. How-
ever, unlike this previous implementation we do not main-
tain n critic networks for each agent, instead choosing to use
a global critic network that fits Q™ (s£°™ al, a2, a3, a?) i.e.
a global (Q—critic over the joint action of all drones. Fur-
thermore, this paper’s implementation does not attribute re-
wards individually to each agent, but rather uses a single
reward attribution for the global state (as in the MAPPO
setup). The reasons for these design choices are two fold.
First, some aspects of single agent SAC [3] are borrowed
that would not scale well with critic networks for each
actor. We use two Q-critic estimates 0 and Q7 with
target networks lelmg and Qgg,g to mitigate the impact of
@ —overestimation. Furthermore, borrowing on SAC, we
maintain an entropy term with coefficient . Thus, similar
to the single agent SAC, the TD target for )-estimation be-
comes,

o . global 1 2 3 4
TD Target = r + 7 min, Qo (Si41 + Qi1 Qpy1, Ayy; Qrgr)

1 2 3 4 global
—alog W(at-s-la Q4150415041 ‘8t+1 )

_ . global 1 2 3 4
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where a;, 1, ..., a},, are sampled using the local actor net-
work given o} 1, ..., 0}, 1, respectively. The inclusion of the
SAC-style entropy term in the multi-agent setting causes
some problems not present in the single agent setting.
Since, the actor network is a function of a drone’s local ob-
servation, we approximate

lobal j ‘
log W(aiﬂv afﬂ, a?H, a§+1 |5§i1a ) ~ Z log m(ay11|0441)-
i

Finally, for simplicity we do not treat « as learnable as later
SAC implementations do [4], instead treating it as a hyper-
parameter as in the original 2018 SAC paper [3].

The actor network takes in a drone’s local observation
and uses a three layer MLP with mean and log standard
deviation heads to parameterize a normal distribution. To
allow gradients to propagate through it we use the repa-
rameterization trick; to ensure actions are in [—1,1] out-
puts from the distribution are squashed with tanh such that

1 2 3 4 1 2 3 4
alog W(atﬂ’ Ai415 Q415 Qg ‘0t+17 Ot 4150415 0t+1)



a; = tanh(u;) where u; is sample from the Gaussian pa-
rameterized by the actor network with log probabilities cal-
culated based on this squashed distribution [3]. Thus the
maximization objective for the actor network becomes

lobal : AP
Q¢1 (Sfo ¢ aa%aa?aa?aa?) - Othg?T(Cl“Oi)

for a single local observation from drone i. o} and s! are
sampled from the replay buffer. a;, ..., a} are sampled con-
ditional on o}, ...,0f. However, a] for j # i are treated
as fixed and gradients are only backpropagated through ac.
Notice the loss function is nearly identical to the single
agent SAC version; just adapted to the multi-agent setting
where the global critic operates over global states and the
joint actions of all agents. Loss is calculated over batches
sampled from the replay buffer and the actor network only
relies on the local observation o of a single agent during
test time.

2.3. Reward Engineering

To get drone agents to reach the target without collid-
ing and then stay near it substantial reward engineering is
necessary. All reward functions tested are some function of
a collision or proximity penalty with positive rewards for
being near the target. The final reward function we set-
tle on for ablations consists of the following components.
First, a distance penalty which is the negative sum of dis-
tance of all drones from the target of all drones outside the
target perimeter. Second, a proximity penalty of the neg-
ative sum of the number of pairs of drones less than 0.1
meters apart is used to penalize likely collision behavior.
Third, a reward of 41 is given for each drone inside the tar-
get perimeter at a given episode step. Finally, a coverage
bonus of the pairwise sum of distances of the drone agents
is given. This coverage bonus is capped at +3 since we do
not want to prioritize agents spreading out instead of reach-
ing the target; with a cap of +3 the max coverage bonus can
be achieved by the swarm with all agents within 0.5 me-
ters of the target (i.e. within the target perimeter). These
bonuses and penalties are then summed to yield the reward
for a given timestep. For an untrained swarm of four drones
it yields average episode rewards of approx. —2000 and for
a trained swarm it yields average episode rewards of approx.
+2000. Since negative rewards are assigned, episodes are
never terminated as we worry termination could result in
reward hacking behavior where agents crash immediately.
While reward engineering is not the focus of this paper; it
was necessary to experiment in order to get a reward func-
tion that incentivizes the desired behavior. In future, more
substantial reward engineering would likely result in behav-
ior more in line with the desired task.

2.4. Local Observation Ablation

For both MAPPO and MASAC the actor network takes
in a local observation o} and outputs mean and standard
deviation to parameterize a distribution over actions. For
MAPPO without attention and for MASAC (for which we
provide no implementation with attention) this paper per-
forms an ablation over what the vector o} contains, meant to
test different possible communication frameworks between
drones at test time.

One, a self-observation framework is tested. In this
setup,

o0; = (drone; kinematic state,

drone; relative position to target)

where kinematic state includes drone i's past 15 actions.
This is meant to simulate a setup in which drone agents have
no inter-drone communication but still need to coordination
to the target without colliding.

Two, a nearest-neighbor observation framework is
tested. In this setup,

0; = (drone; kinematic state,
drone; relative kinematic state,

drone; relative position to target)

where drone j is drone i’s nearest neighbor. This is meant to
simulate a setup in which drone ¢ only has access to relative
information about its nearest neighbor during test time.

Three, an all-observation framework is tested. In this
setup,

ol = (drone; kinematic state,
drone; relative kinematic state,
droney, relative kinematic state,
drone,,, relative kinematic state,

drone; relative position to target)

where drones j, k, m are the other three drones. This is the
only observation framework we test out MAPPO with at-
tention implementation for.

This local observation ablation helps generalize results
to real-world use cases. Real-world scenarios may have
constraints on what a drone’s local observation contains
that do not exist in the pybullet-gym-drone environment.
Thus comparing MAPPO and MASAC policy performance
across different communication frameworks ranging from
no to communication (only a drone’s local state is known
to the actor network) to complete communication (the kine-
matics of a drone and all relative kinematics of all other
drones are known to the actor network) are critical to hav-
ing generalizable results.



3. Results

In both, MAPPO and MASAC the learned drone pol-
icy across local observation modes, is able coordinate all
for drones to the target. There are some notable differ-
ences between MAPPO and MASAC however. MAPPO
has far more variable performance across seeds. In seeds
for which learning occurs, it is comparable to MASAC with
all drones reaching the target without collisions. However,
in MAPPO, on at least one seed across observation modes,
no learning will occur and the policy will exhibit a behavior
where all drones immediately crash. The MAPPO policies
for self-observation mode where the actor network only has
access to drone kinematics of acting drone exhibit surpris-
ing behavior for seeds in which learning occurs. Specifi-
cally, for both the two seeds from MAPPO in which learn-
ing occurs for actor self-observation only mode, policies
are learned which have 0 collisions during all 10 evaluation
episodes, with all four drones reaching the target. MASAC
with self-observation mode on the other hand never learns
a policy which has 0 collisions and all four drones reach-
ing the target. We explore algorithm specific results in the
following subsections in more depth.

Method Reward # Collisions | Num. Drones Reach Target
MAPPO (Self) 1277 + 632 15+1.3 26+1.1

MAPPO (Nearest Neighbor) 846 + 700 0+0 26+1.1

MAPPO (All Agents) —T778+49 040 0+0

MAPPO + Attention (All Agents) | 744 & 1003 0£0 26+1.1

MASAC (Self) 2763 + 66 7715 4+0

MASAC (Nearest Neighbor) 3225+ 77 0+0 4+0

MASAC (All Agents) 3193+ 5 0£0 4+£0

Table 1. Avg. performance =+ standard error across seeds during
best evaluation run (10 episodes, 500 steps each). Notice MASAC
more consistent. MAPPO on performant seeds is comparable to
MASAC with all drones reaching target. Collision measured as
any violation of < 0.1m proximity.

3.1. MAPPO without Attention Results

MAPPO performance was highly seed dependent; when
learning occurred, the performance of the final policy was
comparable to MASAC. MAPPO performed exceptionally
well in the self-observation mode for the actor network.
Despite each drone only having information about its lo-
cal kinematic information at test time, across two of three
seeds in the final evaluation run, the actor network learned
a policy which was able to completely avoid collisions
(< 0.1m apart at given step) during evaluation runs of 10
episodes. We found this result surprising given in the self-
observation mode setup for the actor network drones are
effectively flying blind, yet they still learn an effective pol-
icy in line with the desired behavior. In the nearest neigh-
bor observation mode setup, two of three also had perfor-
mant policies with all drones reaching the target and main-
tain O collisions. Surprisingly, without attention, with the

all-observation mode, the drone agents never reached the
target across seeds. Overall, these MAPPO results support
Yu et al. 2021’s [12] finding that successful policies can
be learned in cooperative multi-agent settings with just a
global value critic and no individual reward attribution for
agents.
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Figure 5. MAPPO without attention final training and evaluation
runs with local observation mode self for 2/3 seeds where learning
occurred. Multiple eval runs during which all drones reach target
without collision (< 0.1m between drones) across all 10 episodes
eval (e.g. step 800,000 eval orange, step 1.4 million eval blue).
See Appendix 4 for all average reward curves.

3.2. MAPPO with Attention Results

While the self-attention implementation of MAPPO
could only be tested with the all-observation mode for the
actor network since all relative kinematics of the acting
drone are tokenized, it significantly outperformed MAPPO
without attention on all-observation mode. MAPPO with
attention quickly learned policies in which the swarm con-
verged and the target and stayed near it without colliding.
On the best evaluation run (10 episodes, 500 steps each),
MAPPO with attention learned a policy in which all drones
spent an average of over 1200 steps in the target perime-
ter (where we count the number of steps each drone spends
in the target area i.e. max of 2000) while maintaining 0
collisions.  This indicates it is possible to learn a swarm
policy with MAPPO in which no agents collide and mul-
tiple agents remain in the target perimeter. Furthermore,
MAPPO with attention demonstrates clearly the problem of
learning to crash. Examining the episode rewards we no-
tice two policies in which drones successfully learn to find
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Figure 6. MAPPO with attention final training and evaluation runs
with local observation mode all. Demonstrates that under learned
policy drones find target and do not collide. The top graph gives
the sum across drones of episode steps within target perimeter (out
of 2000 since 4 drones x 500 times steps total). Collisions count
all violations of < 0.1 meters between drones.

the target; the other, seed 1, fails to learn anything. Exam-
ining the evaluation graphs (see Fig. 7) we notice drones
are converging to a policy of immediately crashing with all
of them on the ground for the majority of the episode. We
hypothesize this crash convergent policy is particularly per-
nicious because once covergence occurs the rollout buffer is
almost entirely filled with epiodes in which a crash occurs.
This provides minimal reward signal to learn from and in-
escapable performance collapse ensues. Furthermore, since
parameters are shared across actors (i.e. only one actor de-
spite taking in local observation of single drone), once this
undesirable policy starts occuring for a single drone across
local observation states, it spreads to the other agents.

3.3. MASAC

MASAC exhibits excellent performance will all four
drones reaching the target across all observation modes.
However, performant MAPPO seeds for self-observation
mode converge to more desirable behavior, successfully
avoiding collisions. In the self-observation mode, MASAC
fails to ever reach a policy in which all drones reach the tar-
get with O collisions. MASAC more consistently reaches
the target than MAPPO across seeds. However, MASAC
proved exceptionally finicky with persistent (-loss explo-
sions and reward-hacking behavior.
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Figure 7. MAPPO with attention final training and evaluation runs
with local observation mode all. Demonstrates divergent behavior
across seeds. Seed 1 (blue) results in crashing behavior that is ir-
recoverable and no learning occurs. Bottom chart shows number
of average number of time steps drones are on the ground during
evaluation runs (out of 2000 since 4 drones x 500 times steps to-
tal).

3.3.1 Reward Scaling

The original implementation of SAC found reward scaling
to be a particularly difficult problem in the single agent
problem setup [3]. In the multi-agent drone setup, reward
scaling caused a number of problems as well. With too
small of reward scaling, learning failed to occur (see Ap-
pendix 4). We also dealt with persistent ()-loss explosions
across observation modes, relying on gradient clipping and
7 = 0.005 for the target network update to keep (Q-loss
as stable as possible. Treating « as a fixed hyperparameter
likely did not help. In future, learning « as later implemen-
tations of single SAC [4] do would likely result in better
performance and less trouble with hyperparameter tuning.
While MAPPO suffered from occasional performance col-
lapse and crash behavior for some seeds, it was much better
with variable reward scales and had more stable loss with
similar performance to MASAC on most seeds.

3.3.2 Reward Hacking

Furthermore, in MASAC reward hacking behavior is ob-
served that is not observed in MAPPO. MASAC often had
higher rewards but also more violations of proximity of
< 0.1m between drones (i.e. more collision prone be-
havior). This is particularly apparent in the case of self-



observation mode where MASAC learns a policy that re-
ceives comparable rewards to MAPPO but never converges
to a policy with no proximity < 0.1m violations. In essence,
the MASAC policy has drone agents spend more time in the
target perimeter, receiving high rewards for this, but at the
the cost of being more collision prone. This reward hack-
ing behavior also suggest a disconnect between the reward
function used and desired behavior; however, specifying a
reward function from scratch is exceptionally difficult and
much future research could be dedicated to task-specific re-
ward engineering in the multi-drone context.

episode_reward

eval_collisions

Figure 8. MASAC final training and evaluation runs with local ob-
servation mode self. Demonstrates reward hacking behavior dur-
ing eval runs. Exceptionally collision prone behavior with up to
100s of violations of < 0.1m proximity between drones.

4. Conclusion

For the task of four drones reaching a single target with-
out colliding, both MAPPO and MASAC are both able to
learn policies which only cause infrequent collisions for the
drone swarms with all agents in the drone swarm reach-
ing the target across a variety of actor local drone observa-
tion modes. MASAC demonstrates more consistent perfor-
mance across seeds than MAPPO but only with MAPPO are
all drones able to reach the target without collision during
evaluation time when local observations for each drone only
consistent of their kinematics (i.e. self observation mode).
Furthermore, MASAC proves much more difficult to train
than MAPPO with MASAC suffering from persistent Q-
loss explosions, sensitivity to reward scaling, and reward-
hacking. Over the course of research we spent approx. 300

dollars in compute training and tweaking MASAC algo-
rithm compared to only 160 dollars in compute for MAPPO
across both MAPPO implementations (with and without at-
tention). For these reasons, we assert future research is
likely better focused on MAPPO.

This paper proposes a number of avenues for future re-
search. First, we will experiment with BC pre-training and
pre-initialized policies for the actor network from the single
agent setting. Initializing the actor network with a policy
that already reaches the target and hovers near it will sig-
nificantly cut down on training time and allow for learning
more complex tasks. Then, with this pre-initialized single
agent policy in the actor network we can begin training the
swarm. Based on our research in which collision avoid be-
havior emerges through proximity penalties and coverage
bonuses, we hypothesize this single agent pre-training to
multi-agent MAPPO with reward shaping to penalize colli-
sions and incentive to coverage could prove effective.

Second, drawing on implementations of MAPPO that
use RNN’s in the actor and critic networks, we propose
using an attention layer with positional encodings for to-
kenized observations (local for actor, global for critic) over
the previous k time steps. We hypothesize this will solve
some of thar partial observability problems in MAPPO and
result in better policy performance.

Finally, a natural extension of the paper would be to more
drones and a wider array of tasks.

Overall, this paper demonstrates that even without indi-
vidual agent reward attribution and a single global critic for
joint agent state, both off policy and on policy approaches
can be effective for learning drone swarm coordination with
a small number of drone agents. It provides further evi-
dence to the surprising effectiveness of MAPPO that Yu et
al. 2021 [12] observe in cooperate settings even with the
same rewards for all agents at a time step given global state
instead of individual agent-specific rewards.

Team Member Contributions

All team members contributed equally to the project. Jett
contributed the majority of the work to the MASAC imple-
mentation, although Alex helped. Alex contributed the ma-
jority of the work to the two MAPPO implementations, al-
though Jett also helped. Jett and Alex split work equally on
the pybullet-gym-drone environment wrapper used. Jett did
the majority of the work on the poster and Alex did the ma-
jority work on the writeup. Overall we split the work such
that we were both able to learn the intricacies of MAPPO
and MASAC. Team member contributions roughly reflect
our initial work breakdown plan.
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Extended Abstract

Applications of multi-agent reinforcement learning re-
main underexplored. One promising application of multi-
agent reinforcement learning is multi-drone coordination
with potential health and military applications. In this
paper, we train swarms of four drones to reach a sin-
gle fixed target without colliding, using multi-agent PPO
(MAPPO), and multi-agent SAC (MASAC) to compare
the effectiveness of on policy and off policy learning in
the multi-agent drone swarming context. Both algorithms
are implemented used a Centralized Training Decentralized
Execution (CTDE) framework where critic networks are
trained on the global state of all drones and actor networks
are trained on the local observations of each drone. The
pybullet-gym-drone environment is used for all simulation
physics for the four Bitcraze Crazyflie quadcopter drone
agents [7]. We train agents from scratch without behav-
ioral cloning. All reward functions tested for both MASAC
and MAPPO assign the same reward to all agents based on
their global state with no individual agent-specific rewards.
The action space for each drone consists of a 4-dimensional
velocity vector consisting of linear velocity in each direc-
tion and yaw with each dimension normalized [—1, 1]; sta-
bilization and rotor control are left to pybullet-gym-drone’s
internal PID based on these velocity action commands. All
drones start at an altitude of 0.5 meters around the origin
and are required to navigate up and to the right to within
0.5 meters of a target at (1,1, 1.5) without colliding. All
episodes are 500 steps with 30 control frequency Hz and no
termination condition.

MAPPO is implemented based on Yu et al. 2021 which
uses a global critic V™ (sglobal) that predicts the value of sin-
gle global state for all agents [12]. Similarly, we implement
local actors that take in local observations o; from a drone
agent ¢ at a given timestep. Since all drone agents are ho-
mogeneous, implementations utilize parameter-sharing for
the actor network; hence, only a single actor network is
needed for all drones. Unlike Yu et al. 2021, we do not
use an RNN in our actor and critic networks. We test two
different implementations of MAPPO. In the first, actor and
critic networks are three layer MLPs with with layer norm
in the critic network. In the second, we use attention in
our actor and critic networks. In the critic network, each
drones’ absolute kinematic information and the target posi-
tion is treated as a token and self-attention is performed be-
fore being fed into an MLP. In the actor network, the drone
agent’s absolute kinematic information is tokenized and the
relative kinematics of the other drones and target are tok-
enized before a self-attention layer with the output fed into
an MLP.

MASAC is implemented similarly to MAPPO with
global a (Q-critic and local actor networks. Unlike MAPPO,
a seminal paper does not exist for MASAC. Thus, we based

our implementation on Lowe et al. 2017’s implementation
of MADDPG and Harnooja et al. 2018’s implementation
of single agent SAC [3] [6]. We use a global critic that
estimates Q™ (Sgiobal; 41, G2, a3, a4) instead of maintaining
critics for each drone conditioned on global state informa-
tion. Borrowing from SAC we maintain two critic networks
with respective target networks to mitigate overestimation
bias with an entropy term. Finally, the actor networks is a
function of a drone agent’s local observation, using param-
eter sharing across all four drone agents’ actor networks so
that all drones actions need only rely on a single network.
Actor and critic networks are three layer MLPs with with
layer norm in the critic network.

After substantial reward engineering, we perform an ab-
lation over different local observation setups for the actor
network for our MAPPO without attention implementation
and MASAC implementation. We (1) train agents whose
actor networks only takes in a drone’s kinematic infor-
mation and relative position to the target (self-observation
mode), (2) train agents whose actor networks take in the
kinematic information of the acting drone and the relative
kinematic information of the nearest other drone (nearest-
neighbor observation mode), (3) train agents whose actor
networks are a function their kinematic information and the
relative kinematic information of the other three drones in
the swarm (all-observation mode). For MAPPO with at-
tention we only test this final setup where the actor net-
work takes in relative kinematic information about all other
agents.

This paper finds that across all actor observation modes,
we are able to train the swarm such that all four drone agents
reach the target by step 160 and continue to stay within
the target perimeter. In the self-observation mode, using
MAPPO, the trained swarm completely avoids collisions
during evaluation runs while MASAC fails to have zero col-
lisions in the self-obs setup with > 3 per episode across
evaluation runs. In the nearest neighbor and full information
setup, both MASAC and MAPPO result in agent policies
such that the swarm completely avoids collisions while also
reaching and staying in the target perimeter during eval-
uation runs. We find substantially better performance of
MAPPO with attention than MAPPO without attention in
all-observation setup with MAPPO agents in the attention
setup staying in the target perimeter for over 1300 steps
(note this is bigger than 500 since we count steps across
all four agents - max of 2000 = # agents x 500 timesteps).
We document more variable learned-policies across seeds
for MAPPO with agents occasionally learning to crash
immediately into the ground; however, with MASAC we
observe significantly more reward-hacking behavior with
agents converging to policies where agents are more likely
to collide if it means they can stay within the target perime-
ter and continue receiving rewards from this.



Appendix

Average Episode Rewards Across Algorithms and Local Drone Observation Modes
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Figure 9. Average Episode Rewards for MAPPO w/o attention with actor network self-observation only.
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Figure 10. Average Episode Rewards for MAPPO w/o attention with actor network nearest neighbor-observation only.
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Figure 11. Average Episode Rewards for MAPPO w/o attention with actor network all observation



episode_reward
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Figure 12. Average Episode Rewards for MAPPO w/ attention with actor network all observation

episode_reward
— off_policy_target_entropy_0.2_rewards_seed_1_self = off_policy_target_entropy_0.2_rewards_seed_2_self
3000

2000

1000

-1000

-2000 Step

0 200k 400k 600k 800k M 1.2M

Figure 13. Average Episode Rewards for MASAC w/ with actor network self observation
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Figure 14. Average Episode Rewards for MASAC w/ with actor network nearest neighbor observation
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Figure 15. Average Episode Rewards for MASAC w/ with actor network nearest neighbor observation. Note the brown seed was terminated
early after learning occurred.



MASAC sensitivity to Reward Scaling
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Figure 16. Different reward scaling and reward function tested with MASAC. No learning occurs.



MAPPO Hyperparameters (w/ and w/o Attention)

Table 2. MAPPO Hyperparameters

Parameter Value
optimizer Adam
learning rate 3-1074
discount () 0.99
GAE () 0.95
rollout buffer size 1024 (global steps)
e-clip 0.2
gradient steps PPO 3

MASAC Hyperparameters
Table 3. MASAC Hyperparameters

Parameter Value
optimizer Adam
learning rate 1-1074
discount () 0.99
replay buffer size 1000000
« 0.2
critic target 7 0.005




TorchRL Replay Buffer Claude Transcript

bateh_sizes2s6,

policy
ng,
toknow about ttouse It propery. ‘updated dynamically.
‘TorchRL Replay Buffer 5.Adding Data
add()
for off-policy algorithms
Tensorbict({

Core Class: ReptayButter bervation*s obs, # shape [obs_din]

torehr fer "action: action, # shape [act_din]

revard, # shape [1]

RLIs Tensorictieplayuf fer , which expects TensorDict objects — this ntegrates L o

‘naturally with TorchRLs environment wrappers and collectors.

From torchrl.data aport TensorbictheplayBurfer i0x = rb.add(ta)
ron torchrl Ly butfers nport

Batch of transitions: extend )

b = TensorbictReplayBuffer( e
storage=LazyMemmapStorage (max_size=100_060), # td has baten_size (1]
sanpler=Randoasampler(), b.extend(td)
batch_size=25¢
transtorm # optional raaan —
)
thatreturns batches.
1.Storage 6.Sampling
jcies) Decvrey sample_cd = rb.sanple() # uses bateh size set at canstruction
Liststorage Python st flexile butslow and high memory overhead sample_td = rb.sanple(256) # override batch_size
obs = sample_td["observation’]
act = sample_ta[*action" ]

rew = sample_td["reward]
next_obs. = sample_td["next_observation”]
done = sample_td["done"]

Pyt For PER, the sample also has:
from torchrl. da

replay_buffers.storages import LazyNesmspStarage

storage = LazyNemnapstorage(
= T ) mesgnts. # 15 correction weights, shape [batch_size]
indices # buffer indices, needed for priority update

Scratch_dir="/tnp/rb%, # where .nenmap files live; onit for RAN memnap
dovic

corch.device(

pur),

7. Integration with DataCollectors

oG] o BRI T meane o vt b coneistect Aok the shape & our TorchRLs collectors (e.g, SyncbataCollector ) produce Tensordict s that godirectly into

transitions acrossall writes. thebuffer:
2.Sampler fron torehr. collectors ingort SynchataCollectar

‘The sampler controls how indices are drawn during sanple() . P O G e

Class Description b,
frames_per_batch=1000,
total_franes=1_000_000,

)
for batch_td 1n collector
Slicesampler 5. a)
£ len(rb) >= learntng_starts:
sample = rb.sample()
Randoasaspler (default for SAC) loss = loss_module(sample)

fron torchrl. data. replay_buffers. samplers inport Randomsampler
sampler = RandoSaspler ()

8.Key Pitfalls

Prioritizedsangter (PER) Shape consistency.Since storage sz, theirst add()  extend() callsets the schema. If

\plementshe tandard PR weghting: fger
anermor

Po=gt - 4
S batch._size onthe Tensordict. The Tensorbict youadd must have a consistent

bateh._size baten_size=()

buffershould have satch 51z

rom orehel ducarapla_otfors. seplers tapors . .

camplor = prioricizessamplor( t0GRUexplicty:

sample = rb.sample(). to("cuda")

Priorttizedsanpler
o

Orset devic
max_capacity:
apn

“cuda on the storage (requires enough VRAM).

ritization exponen

TorchRL defaults t
rtions, PER heurls ty
this matches your implementation intent.

exponent (often annealed to

‘Aftercompating ness TD exros,youupdate priorites with:

but
Fb.update_priority(indices, new_priorities) # inéices returned by sasple() )
useful for offline RL or when treating a collected rollout as a mini-dataset.

“The sampled Tensordict willcontainan *_ueignt* key with the IS welghts ;.

3. Writer Minimal SAC Setup (Putting It Together)

bufferisull.
from torchrl.data inport TensorDictReplayBuffer
e Descrpton from torchrl.dats _buf 2 import
from torchrl.data. replay_buffers.samplers inport Randonampler

Roundhabirriter L ——

b = TensorDictReplaybuffer(

sampler=RandonSampler (),
batch_size=256,
pin_menory=False,

S the default
transions are overwrtten.

# In training loop

4. Transforms rb.extend(rollovt_td) # add new experience
if len(rb) > learning starts
e e e T TS batch = rb.sanple() .to(device) # uniforn sample

loss_td = loss_module(batch)
optinizer.step()

trom saport ToTensarlaage,
from tarehrldata.replay_butfers ieport TensorictReplayButter

b = Tensordictheplaygufrer( Tensorbict
“torage-Lazylommaps torage(100_000)
transfornstorcnrl anva. transforns. Conpose(

Observatiomtora(in_keys=[cbsorvatisn”], 10c=0.6, scale=L.0), o




