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Abstract. Reinforcement learning (RL) algorithms show promise
in robotics and multi-agent systems but often suffer from low sample
efficiency. While methods like SHAC leverage differentiable simula-
tors to improve efficiency, they are limited to specific settings: they
require fully differentiable environments, including transition and re-
ward functions, and have primarily been demonstrated in single-agent
scenarios. To overcome these limitations, we introduce SHAC++,
a novel framework inspired by SHAC. SHAC++ removes the need
for differentiable simulator components by using neural networks to
approximate the required gradients, training these networks alongside
the standard policy and value networks. This enables the core SHAC
approach to be applied in both non-differentiable and multi-agent en-
vironments. We evaluate SHAC++ on challenging multi-agent tasks
from the VMAS suite, comparing it against SHAC (where applicable)
and PPO, a standard algorithm for non-differentiable settings. Our
results demonstrate that SHAC++ significantly outperforms PPO
in both single- and multi-agent scenarios. Furthermore, in differ-
entiable environments where SHAC operates, SHAC++ achieves
comparable performance despite lacking direct access to simulator
gradients, thus successfully extending SHAC’s benefits to a broader
class of problems. The full implementation is openly available at
https://github.com/f14-bertolotti/shacpp.

1 Introduction

Learning control policies is crucial for applications such as robotics
[51], autonomous driving [20], and swarm intelligence [53]. These
domains often present challenges including sparse rewards, complex
dynamics, and multi-agent interactions. Many current RL approaches
focus specifically on either single- or multi-agent settings, lacking a
unified solution. Furthermore, RL algorithms are often sample ineffi-
cient, requiring extensive interaction with the environment to learn
effective policies.

A promising direction to improve sample efficiency involves uti-
lizing differentiable simulators, namely simulators that allow back-
propagation through their components. SHAC [60] exemplifies this
approach by using gradients obtained directly from the simulator
to accelerate policy optimization. However, SHAC’s applicability is
constrained by two key limitations. First, it necessitates both a dif-
ferentiable transition function and a differentiable reward function,
which is often impractical, especially in the presence of sparse or
complex reward structures. Second, while powerful, backpropagation
through complex dynamics, such as object collisions [32] or intricate

multi-agent interactions, can lead to unstable gradients [10, 43], po-
tentially hindering learning. The original SHAC work also focused
primarily on single-agent tasks.

In this work, we propose SHAC++ to address these limitations
and extend gradient-based policy optimization beyond SHAC’s con-
straints. Our goal is to develop a sample-efficient reinforcement learn-
ing framework that maintains the benefits of gradient-based optimiza-
tion without requiring differentiable simulators. Drawing inspiration
from model-based RL [22, 23], SHAC++ substitutes direct simulator
differentiation with neural approximations by training networks that
approximate the transition and reward functions concurrently with the
policy function. This approach preserves the benefits of gradient infor-
mation while eliminating strict differentiability requirements. It also
enhances robustness to complex dynamics and enables application
in both non-differentiable environments and multi-agent scenarios,
albeit with additional computational overhead compared to SHAC.

We evaluate SHAC++ against two established baselines: PPO [48]
(including its multi-agent variant MAPPO [21]), as the standard for
non-differentiable environments, and the original SHAC [60], where
applicable. Our experiments utilize the VMAS simulator [11], which
provides physics-based multi-agent environments with varying levels
of complexity. Through this comparative analysis on cooperative tasks
with different agent populations, we investigate the following research
questions:
• RQ1 Can we train a neural network to approximate the gradients

of a differentiable simulator?
• RQ2 How does our algorithm compare to PPO/MAPPO and SHAC

in both single-agent and multi-agent settings?
• RQ3 How does the performance of these algorithms change as the

search space increases?
Our contributions include:
• a novel RL framework (SHAC++) that employs learned gradient

approximations, eliminating the need for differentiable simulators;
• the first empirical evaluation of SHAC in multi-agent environments,

establishing a baseline for differentiable MARL;
• a comprehensive comparison across environments with varying

agent counts and differentiability properties;
• experimental evidence demonstrating that SHAC++ matches

SHAC’s performance in differentiable settings while substantially
outperforming PPO in sample efficiency and final reward across
both single-agent and complex multi-agent scenarios.
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2 Background & Notation

2.1 Markov Decision Processes

To provide context for our work, we first introduce the reinforcement
learning framework. Particularly, we focus on multi-agent settings,
where multiple agents interact with each other and the environment.
In doing so, each task is then modeled as a partially observable, de-
centralized, finite-horizon, Markov Decision Process (MDP) [49], M:
(N ,S,O,A, π,R, F,H, γ, μ). Where N = {1, 2, . . . , n} = [n]
and S denote the set of agents and the state space, respectively. O =
{Oi}i∈N and A = {Ai}i∈N are the observation space and action
space for each agent. {Pi : S → Oi}i∈N are the projections from
the state to the observation space and {Ri : S ×Ai × S → R}i∈N
are the reward functions for each agent. F : S ×A → S denotes the
transition function. γ and H denote the discount factor and the time
horizon respectively. Finally, μ is the initial state distribution.

Further, let us denote the space of trajectories, T =
(S ×A× S × R

n)∗, where each trajectory consists of a sequence
of: starting state, action per agent, subsequent state, and reward per
agent. Given a generic trajectory τ ∈ T , we denote its i-th starting
state with sτi , its i-th action for agent j with aτ

ij , and its i-th reward
for agent j with rτij .

A policy for agent i is a function πi : Oi → Ai that maps its
observation space to its action space. We will denote the collective
policy, determined by the collection of agent-specific policies simply
with π = {πi}i∈N . We can use the policy to sample trajectories from
the MDP by iteratively applying the transition, reward, projection
and policy functions. In this case, for trajectory τ , we have that the
i-th action for the j-th agent is aτ

ij = πj(Pj(s
τ
i )) and the next state

is sτi+1 = F (sτi , ai1, . . . , ain). The i-th reward for the j-th agent
is rτij = Rj(s

τ
i , a

τ
ij , s

τ
i+1). Finally, s0 is sampled from the initial

state distribution μ. For brevity, we will simply denote with τ ∼ π a
trajectory sampled following the policies π.

The goal of the MDP is to find a policy that maximizes the expected
return

Eτ∼π

[
H−1∑
t=0

∑
i∈N

γtrτti

]

2.2 Neural Networks

A neural network is a function fθ : Rn → R
m parameterized by

its weights θ ∈ R
w, which maps an input vector x ∈ R

n to an
output vector y ∈ R

m. The network parameters θ are optimized by
minimizing the loss function Lθ , which quantifies the discrepancy
between the network’s predictions and the target outputs based on the
training data.

In this work, we will often approximate functions (such as transition
F ) with neural networks. Therefore, for each function g, we will
denote the corresponding neural network with gθ . For instance, the
transition and its corresponding neural network are denoted as F and
Fθ , respectively. The corresponding loss will be denoted as Lg

θ and it
will aim to minimize the differences between g and gθ .

Throughout this notation, we use a single global set of parameters θ
to describe all networks. Each network can either use its own distinct
subset of θ or share parameters with other networks. In practice,
parameter sharing occurs only among the policy networks.

To keep the notation simple, we formally consider only the case
where policies have access to the full state, meaning that Pi is the
identity function. Extending our framework to handle partial observ-
ability is straightforward. Nonetheless, our experiments do include

scenarios where policies do not have access to the complete state
information.

2.3 SHAC

Short Horizon Actor-Critic (SHAC) is a model-based RL algorithm
designed to leverage differentiable simulators for efficient policy
learning. It alternates between rolling out short trajectories (a fixed
small horizon h) in parallel and updating an actor–critic pair using
gradients that flow directly through the simulator’s dynamics and
reward model.

In its trivial multi-agent extension, SHAC trains policies
π1θ, . . . , πnθ by minimizing the loss function Lπ

θ : T N → R for a
batch of N trajectories B = {τ1, . . . , τN} sampled using π. The loss
Lπ

θ (B) is defined as:

1

Nnh

∑
τ∈B

t0+h−1∑
t=t0

∑
i∈N

γt−t0R(sτt , a
τ
ti) + γhVθ(s

τ
t0+h)

where h � H is the rollout size (namely the number of steps
used to estimate the return), t0 is the initial time step of the roll-
out, Vθ : S → R is the value function estimating the expected
return. It is apparent that SHAC assumes that the policy, reward,
value, projection, and transition functions are all differentiable, i.e.,
{πi}i∈N , {Ri}i∈N , Vθ, andF ∈ C1. While this is a common re-
quirement for policy and value functions, differentiable transition and
reward functions are rarely available.

The value function Vθ is trained to approximate a temporal
difference-λ formulation [52] V , which in SHAC translates to mini-
mize the loss LV

θ : T N → R.

LV
θ (B) =

1

Nh

∑
τ∈B

h∑
t=0

||Vθ(s
τ
t )− V (sτt )||2

V (st) = (1− λ)

(
h−t−1∑
k=1

λk−1Gk
t

)
+ λh−t−1Gh−t

t

Gk
t =

(
k−1+t∑
l=t

∑
i∈N

γl−trli

)
+ γkV (st+k)

Gk
t represents the discounted sum of rewards up to step k, plus

the bootstrapped value of the state at step t+ k. The estimates V is
computed by discounting longer (higher k) discounted sums, Gk

t .
Finally, Fig. 1a presents an unrolled view of the SHAC algorithm

for a single-agent scenario.

3 SHAC++

As mentioned previously, we aim to address the limitations of SHAC
by approximating the gradients of a differentiable environment (R and
F ) with neural networks (Rθ and Fθ). In particular, we aim to train a
neural network to approximate the reward function by minimizing:

E
τ∼π

⎡
⎣ ∑

si,aij ,si+1∈τ

(Riθ(si, aij , si+1)−Ri(si, aij , si+1))
2

⎤
⎦

In practice, this is achieved by leveraging a replay buffer to cache
the state-action-reward triplets obtained from the simulator. The neural
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Figure 1: Comparison between SHAC and SHAC++ during a rollout of 4 steps. Nodes with labels (such as ri or r′i) indicate values, while nodes
without labels (such as π or R) represent functions. Dashed lines denote non-differentiability. ai and ri refer to the collection of actions and
rewards for all agents. Note that the main advantage of SHAC++ is that the transition function F on the right can be non-differentiable, unlike
the left F in SHAC, which must be differentiable.

Algorithm 1 SHAC++ minimal (no cache and no cool-down) pseu-
docode. s:,0 denotes the first step of each trajectory in s. a and r
denote the actions and rewards for all agents.

1: Initialize πθ, Vθ, Rθ, Fθ networks
2: Initialize learning rates ηπ, ηR, ηV , ηF
3: Initialize environment E
4: Initialize γ, α
5: for episode in 1, . . . , Nepisodes do

6: s, a, r, v ∼ E(π)
7: ŝ = Fθ(s:,0, a)
8: r̂ = Rθ(ŝ)
9: v̂ = Vθ(ŝ)

10: θ ← θ − ηπ∇L′πθ (r̂, v̂, γ, α)
11: θ ← θ − ηV ∇LV

θ (v̂, s, v)
12: θ ← θ − ηR∇LR

θ (r̂, s, a, r)
13: θ ← θ − ηF∇LF

θ (ŝ, s, a)
14: end for

network is then trained to minimize the mean squared error (MSE)
loss. Specifically, we minimize the loss LRi

θ : (S ×Ai × S)N → R:

LRi
θ (B) =

1

N

∑
s,a,s′,r∈B

(Riθ(s, a)− r)2

Where B represents a batch of state-action-state-reward tuples sam-
pled uniformly from the cache.

Similarly, we aim to train a neural network to approximate the
transition function. However, to avoid vanishing or exploding gradi-
ents, we employ a non-recursive approach similar to Action World
Model [42]. This corresponds to train a neural network that given a
starting observation from S and a sequence of h actions from Ah,
predicts the next h states from Sh. We aim to minimize:

E
τ∼π

⎡
⎢⎢⎣ ∑

st,...,st+h+1,
at∗,...,at+h∗∈τ

||Fθ(st, at∗, . . . , ai+h∗)− [st, . . . , st+h+1]||2

⎤
⎥⎥⎦

Where at∗ denotes the set of actions taken from all agents at time
t, {ati}i∈N . In practice, this is achieved by caching trajectories and
then training the neural network to minimize the MSE loss. That is,
we minimize the loss LF

θ : T N → R:

1

Nh

∑
τ∈B

||Fθ(s
τ
0 , a

τ
1∗, . . . , ah∗)− [sτ1 , . . . , s

τ
h]||2

Where B represents a batch of trajectories of length h sampled uni-
formly from the cache.

Further, we modify the SHAC policy loss, Lπ
θ , to include a term

that penalizes actions outside the action space. Suppose the action
space is the open interval (l, r) for all agents, we minimize the loss
L′πθ :

L′πθ (B) = Lπ
θ (B) + α

1

NH

∑
τ∈B

∑
a∈τ

d(aτ , (l, r))

d(x, (l, r)) =

⎧⎪⎨
⎪⎩
(x− l)2 if x < l

(x− r)2 if x > r

0 otherwise

Here, α is a hyperparameter that controls the strength of the penalty,
and in our experiments we set α = 1. Typically, actions are either
clipped to the allowed action space or constrained via activation func-
tions such as hyperbolic tangent or sigmoid to ensure they remain
within valid bounds. While these approaches are sufficient for algo-
rithms like PPO and SHAC, in our case the penalty is crucial. This
is because our policy is trained to optimize two neural networks that
approximate the environment dynamics and reward. Since these net-
works are only trained on data within the valid action space, their
outputs are unreliable for out-of-bound actions. As a result, the policy
may exploit these approximations by generating actions far outside
the allowed range. Action clipping may lead to zero gradients, while
activation functions may results large pre-activation values.

To summarize, our algorithm, aims to minimize the 4 presented
losses, L′πθ , LV

θ , LR
θ , and LF

θ . A minimal pseudocode of our algo-
rithm is presented in Algorithm 1. Fig. 1b presents an unrolled view
of the SHAC++ algorithm.

However, consider that, to ensure fast convergence of the reward
and transition networks, we employ a cache to store seen trajectories.
To ensure that the cache is balanced, and not filled with 0-reward
trajectories (which are common in case of sparse rewards), we divide
the cache in K equally sized bins. Each bin is filled with trajectories
that have a similar reward.

Additionally, to minimize the time spent between swapping among
the different training procedures (policy, value, reward, transition),
we apply a cool-down of KV /KR/KF episodes between running
training procedure for the value/reward/transition networks.
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4 Experiments

In this section, we evaluate SHAC++ against both PPO (for sin-
gle agent settings), MAPPO (for multi-agent settings), and SHAC
across various multi-agent scenarios and architectures. An ablation
study replacing only the transition function (SHAC+, where the re-
ward function remains differentiable) is provided in Section D in the
appendix [1]. We select PPO as our baseline because, despite the
emergence of more recent algorithms HAPPO [39], and SAC [36],
it remains one of the few approaches that scales effectively to multi-
agent settings without substantial modifications (e.g., MAPPO [21]).
This makes PPO a representative benchmark for state-of-the-art per-
formance in non-differentiable environments.

Scenarios. We evaluate our algorithms on several multi-agent
scenarios from VMAS [11], which we selected over alternatives like
PettingZoo [55], SMAC [47], MA-MuJoCo [35], and others due to
its key advantages: differentiable physics (enabling gradient-based
optimization), multi-agent design, vectorized implementation (for
efficient parallel training), realistic physics-based simulation, and
open-source accessibility. For more details about the choice of envi-
ronments, see A in appendix [1]. We selected four distinct scenarios:
Dispersion, Discovery, Transport, and Sampling, specifically for their
cooperative nature and varying levels of required coordination (see A
in appendix [1] for details). These scenarios can be categorized along
two dimensions:
• Reward differentiability: Dispersion and Discovery feature non-

differentiable reward functions (making SHAC inapplicable), while
Transport and Sampling have differentiable rewards (allowing for
SHAC implementation).

• Observation completeness: Transport and Dispersion provide
agents with complete observation spaces relative to the environ-
ment state. In contrast, Discovery and Sampling have incomplete
observation spaces, which presents an additional challenge for
SHAC++ compared to SHAC, as SHAC++ lacks access to the
complete environmental state.

This selection of scenarios enables a thorough evaluation of how
each algorithm handles different types of multi-agent cooperation
challenges.

Architectures. We test SHAC, PPO, and SHAC++ with both
an MLP and a Transformer architecture. Specifically, we use a 1-layer
MLP or a 1-layer single-head Transformer for policy, reward, and
value network. The transition network used by SHAC++ is always a
3-layer single-head Transformer

While the MLP architecture is the simplest, the Transformer base-
line benefits from positional invariance property of the agents obser-
vations. We apply the transformer architecture only if the number of
agents is greater than 1, otherwise we use only the MLP architecture.
For more details on the architectures, see B in appendix [1].

Hyperparameters. For all networks we use learning rate of
1e-3 with Adam Optimizer [38]. For all scenarios, each training
episode consists of 512 environments of 32 steps each. Each vali-
dation episode is composed of 512 environments of 512 steps each.
We employ early stopping when the agents achieve 90% of the maxi-
mum reward in 90% of the episode’s environments. If early stopping
is not triggered, we stop training after 20, 000 episodes. The discount
factor is set to 0.99 and lambda factor is set to 0.95. We report re-
sults for increasing number of agents n ∈ {1, 3, 5}. We repeat and
report results for 3 runs with different seeds. See Table 2 and 3 in
appendix [1] for a complete list of hyperparameters. Hyperparameter
choices are the result of a small grid search on the transport scenario.

Overall, considering different training algorithms, architectures,

scenarios, hyperparameters, we completed a total of 254 runs lasting
between 1 to 8 hours each.

Hardware Setup. All experiments were conducted on a cluster
with two nodes, each equipped with a V100 GPU (32GB of memory)
and 200GB of RAM, and one node with four A100 GPUs (40GB of
memory) and 512GB of RAM.

Figure 2: Snapshots of trained agents with SHAC++ in the Transport
scenario. Colored circles represent agents pushing a red package
(square) toward the green goal.

Figure 3: Policy gradient norms in the Transport environment over
5000 epochs. Spikes in gradient norm for SHAC (epoch 2700) and
SHAC++ (epoch 3200) correspond to generalization events when
agents begin frequent interactions with the package and each other.

4.1 Results

In this section, we compare the performance of SHAC++,
PPO/MAPPO, and SHAC across different scenarios using the Trans-
former architecture for multi-agent settings and the MLP architecture
for single-agent settings. The results show the mean and standard
deviation of achieved rewards over 3 runs. An overview of the results
is shown in Fig. 4 and Table 1. For results using the MLP architecture
in all scenarios, refer to Figure 3 in appendix [1].

Dispersion. In Fig. 4, the first row displays results for the dis-
persion scenario (non-differentiable, thus SHAC is not applicable).
In the first column (single agent, see also Table 1 and Figure 3 in ap-
pendix [1]), both PPO and SHAC++ perform well, though SHAC++
converges faster thanks to gradient approximation. In the second col-
umn (3 agents), PPO fails to converge, whereas SHAC++ converges
in fewer than 10,000 episodes, suggesting emergent cooperative be-
havior. In the third column (5 agents), PPO fails to converge, while
SHAC++ achieves high rewards (with no early stopping) but shows
high variance due to increased environment complexity.

Discovery. The second row of Fig. 4 shows a scenario with
partial observability, namely discovery. In the first column (single
agent), SHAC++ outperforms PPO, though it does not reach the
maximum reward, suggesting the world model struggles to capture
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Env N PPO SHAC SHAC+ SHAC++ PPO SHAC SHAC+ SHAC++
MLP Transformer

D
1 1.00 - 0.99 1.00 - - - -
3 0.22 - 0.64 0.99 0.15 - 1.00 1.00

5 0.16 - 0.85 1.00 0.14 - 0.93 0.93

T
1 0.01 1.00 0.89 1.00 - - - -
3 0.01 0.84 0.95 0.41 0.00 0.95 1.00 0.95
5 0.01 0.14 0.95 0.45 0.00 1.00 0.99 0.99

DI
1 0.33 - 1.00 0.35 - - - -
3 0.03 - 0.08 0.08 0.15 - 1.00 0.95
5 0.15 - 0.14 0.14 0.39 - 0.61 1.00

S
1 0.07 0.58 0.59 1.00 - - - -
3 0.09 0.86 0.93 0.92 0.16 0.94 1.00 1.00

5 0.12 0.83 0.92 0.86 0.43 1.00 0.89 0.92

Table 1: Normalized rewards (relative to the best performing model)
for the different scenarios. Best results are in bold. D stands for
Dispersion, T for Transport, DI for Discovery, and S for Sampling..

dynamics. In the second and third columns (3 and 5 agents), PPO
again fails to converge, whereas SHAC++ maintains superior results,
indicating cooperative behavior.

Transport. The third row of Fig. 4 presents a differentiable
scenario, transport. In the first column (single agent), PPO fails to
converge, while SHAC and SHAC++ achieve comparable perfor-
mance. SHAC++ converges faster, but SHAC is more consistent.
In the second and third columns (3 and 5 agents), PPO fails as in
the single-agent case, while SHAC and SHAC++ both complete the
task around 10,000 episodes. With more agents, convergence is faster
because the task becomes easier (as more agents can push the pack-
age). The emergent of cooperation (see Fig. 2) can be also display
but looking to the gradient norm in Fig. 3 we can see that the norm
of the gradients for SHAC and SHAC++ increases when the agents
start to collide with each other and the package. This is a sign of
generalization, as the agents learn to avoid collisions and push the
package together.

Sampling. The fourth row of Fig. 4 illustrates the sampling sce-
nario, which is differentiable and thus applicable to SHAC. In the
first column (single agent), PPO fails to converge, while SHAC++
outperforms SHAC. In the second and third columns (3 and 5 agents),
PPO again fails to converge, while SHAC and SHAC++ both com-
plete training in fewer than 5,000 episodes. Notably, SHAC does not
exhibit the same stability advantage it displayed in other scenarios,
possibly because gradients derived directly from the environment are
noisier compared to those learned by the transition network.

5 Discussion

In the following, we discuss the results obtained in Section 4 and
provide some insights into the performance of SHAC++ compared to
SHAC and PPO, addressing the research questions posed in Section 1.
Note that SHAC++ does not aim to outperform SHAC, but rather to
perform comparably while being applicable even in non-differentiable
environments.

5.1 Gradient Approximation with Neural Networks

RQ: Can we train a neural network to approximate the gradients of a
differentiable simulator?

The proposed framework, SHAC++, appears to be successful in
emulating the behavior of SHAC in differentiable environments such
as transport and sampling. Therefore, we can conclude that it is defi-
nitely possible to approximate the gradients of a differentiable envi-
ronment with a neural network. However, we note that this approach,

while obtaining comparable results in most setups, tends to display
higher variance. Both neural networks representing the reward and
transition functions require sufficient training before becoming ef-
fective, which may entail multiple episodes. Interestingly, SHAC++
outperforms SHAC in the Sampling scenario. A possible explanation
is that the complex dynamics of the environment may lead to unstable
gradients.

5.2 Comparison to PPO and SHAC

RQ: How does our algorithm compare to PPO and SHAC in both
single-agent and multi-agent settings?

The proposed algorithm appears capable of outperforming PPO
across all scenarios, also showing better sample efficiency.
Single-agent:. In single-agent cases, while PPO manages to find
near-good policies (e.g., in the Dispersion scenario), it often fails
to complete scenarios within the same number of steps. Indeed,
SHAC++ achieves better results in all environments (see Table 1).
Compared to SHAC (where applicable), SHAC++ performs compa-
rably.
Multi-agent:. This pattern becomes even more evident in multi-
agent scenarios. In these cases, PPO often struggles to find even
marginally good policies. SHAC++, on the other hand, eventually
succeeds in understanding the environment and subsequently im-
proves the policy to enable cooperation—see both Table 1 and Fig. 4.
Its performance remains comparable to SHAC where SHAC can be
applied. Overall, despite having to train multiple networks, SHAC++
converges much faster to optimal policies than PPO, as gradient guid-
ance enables quicker and more accurate convergence to the desired
outcome.

5.3 Scaling with Search Space

RQ: How does the performance of these algorithms change as the
search space increases?

To analyze the impact of increasing search spaces, we primarily
focused on scenarios with varying numbers of agents (up to 5 in the
main experiments). The results demonstrate that performance pat-
terns differ across scenarios. In the Dispersion scenario, SHAC++
shows increasing difficulty in finding optimal policies as the number
of agents grows. Conversely, in Transport and Sampling scenarios,
the system appears to converge more quickly with more agents. This
counterintuitive behavior likely stems from the fact that, despite larger
search spaces, the fundamental tasks in Sampling and Transport be-
come relatively easier to solve with multiple agents, making policy
discovery more straightforward. Even with approximated world dy-
namics (transition and reward functions), the guidance provided is
sufficient to lead policies toward optimal behavior.

This scaling advantage is not observed in the Dispersion scenario,
where complexity increases quadratically with agent count. Never-
theless, we observe consistent emergence of cooperative behavior
patterns across all experimental scenarios, suggesting potential scal-
ability to larger agent populations (see D for quantitative analysis
with up to 20 agents in appendix [1]). The primary computational
constraint lies in the transformer architecture employed for the action
world model, where sequence length scales linearly with the number
of agents (specifically, sequence length = n×s, where n is the number
of agents and s is the number of training steps). With agent popula-
tions exceeding approximately 50 agents, the self-attention mecha-
nism’s O(n2) complexity leads to prohibitive memory requirements.

F. Bertolotti et al. / SHAC++: A Neural Network to Rule All Differentiable Simulators2822



Figure 4: Performance comparison of SHAC++, PPO/MAPPO, and SHAC across different scenarios (Dispersion, Transport, Discovery, and
Sampling) using the Transformer architecture for multi-agent settings and the MLP architecture for single-agent settings. The results show the
mean and standard deviation of rewards over 3 runs. For results using the MLP architecture in all scenarios, refer to Figure 3 in appendix [1].

For such large-scale multi-agent systems, linear attention mechanisms
(e.g., [9]) represent a viable architectural alternative.

6 Related Work

Differentiable Engines. Game engines [8, 7] and Physics en-
gines [56, 18] have been widely used in the field of policy learning.
Recently, there has been a trend towards differentiable engines, which
allows for the use of gradient-based optimization methods, such as
backpropagation. Notable examples are [31, 54, 5]. These frameworks
may be built on top of auto differentiation libraries such [13, 4] (this
is the case of VMAS) or directly with analytical gradients [14, 59].
Further, several works tackle the challenge of the non-smoothness of
the contact dynamics [19, 46]

Deep Reinforcement Learning. Reinforcement learning has
achieved significant advancements through the integration of deep
neural networks. Foundational works such as DQN [44] and its vari-
ants [26] and AlphaZero [50] achieved human-level performance in
complex environments. Subsequent algorithms improved efficiency,
including A3C [29], DDPG and PPO for continuous control [27, 48],
and SAC for off-policy learning [36]. Model-based approaches like
Dreamer [23] and PlaNet [22] later enhanced sample efficiency.

Multi-Agent Reinforcement Learning. Multi-Agent Reinforce-
ment Learning (MARL) is a subfield of reinforcement learning that
focuses on learning policies for multiple agents that interact with
each other [2]. This field has a wide range of applications, including

robotics [17], traffic control [16], and game playing [6], and involves
different types of agents such as cooperative, competitive, and mixed.
In this paper, we primarily focus on cooperative multi-agent scenarios
where agents collaborate to achieve common goals. Prominent works
include extensions of single-agent algorithms like MADDPG [40]
and MAPPO [21], as well as novel solutions such as COMA [24]
for credit assignment, QMIX [28] for coordination, and Mean Field
MARL [30] for large-scale scenarios.

Reinforcement Learning on Differentiable Engines. Precur-
sors of SHAC with similar intuition are PODS [45] and CE-APG [33].
In [41], the authors introduce rendering to enhance model-based RL.
In [61] authors employ a differentiable symbolic expression search en-
gine. Trajectory optimization approach is taken in [58]. In [32] authors
tackle unstable gradient due to stiff dynamics by adaptively truncat-
ing trajectories when these occur. With respect to this approach, we
take a substantially different method, by emulating the differentiable
environment with a trained neural network.

7 Limitations

While the proposed method shows promise, it is not a one-size-fits-all
solution. Environments vary significantly in complexity and dynamics,
and several limitations must be acknowledged.

World Model Learning and Cold-Start Problem. A central
challenge lies in learning the world model from agent-environment
interactions. Sparse or delayed rewards create a cold-start problem:
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until sufficiently trained, agents struggle to explore effectively. This
can be addressed by seeding with a cold-start dataset—manually
designed or generated using algorithms like PPO or MPPI [3]—to
bootstrap the world model and provide stable training foundation.

Baseline Performance and Implementation. Despite careful
attention to implementation, including reference to best practices (e.g.,
the well-known “37 Implementation Details of Proximal Policy Opti-
mization” blog [37]), we observed that PPO and MAPPO performed
suboptimally in our experiments. To ensure the validity of these find-
ings, we cross-verified results using a third-party implementation [12],
which yielded consistent outcomes.

Policy Collapse and Robustness. Although early stopping is
primarily used to conserve computational resources, it can give the
false impression that the algorithm is inherently robust to policy
collapse. In reality, we observed multiple instances of partial policy
collapse—some of which recovered—and a few cases of complete
collapse without recovery. One example of partial collapse appears in
the five-agent variant of the dispersion scenario shown in Section C
in appendix [1].

Partial Observability Challenges. The discovery scenario poses
considerable difficulty for all algorithms due to inherent partial ob-
servability. Agents rely solely on simulated LiDAR for perception,
providing only a narrow, local view. This makes it difficult for any
method—including SHAC++—to construct accurate world models,
often resulting in suboptimal performance and suggesting that partial
observability remains challenging for the current approach.

Computational Overhead. SHAC++ addresses SHAC’s limita-
tions by adding transition and reward networks, increasing computa-
tional overhead. Training burden is especially pronounced with many
agents, where the transition network must capture complex inter-agent
dynamics. While often acceptable, this significantly slows training
and demands substantial resources.

Interpretability. Regarding interpretability, SHAC++ does not
offer significant advantages over its predecessors. As the policy is gov-
erned by a neural network, understanding or explaining its behavior
remains a challenging task. This limitation is inherent to most deep
reinforcement learning methods and highlights the ongoing need for
techniques that enhance policy transparency and interpretability.

8 Conclusions & Future Work

In this paper, we introduced SHAC++, an extension of SHAC, de-
signed to provide a reinforcement learning solution that is sample-
efficient, applicable in both single-agent and multi-agent settings,
and capable of handling non-differentiable environments. We demon-
strated that SHAC++ preserves the core alignment with SHAC (RQ1),
consistently outperforms the state-of-the-art PPO algorithm in both
single-agent and multi-agent tasks (RQ2), and exhibits promising
scalability in multi-agent environments, including the emergence of
collaborative behaviors (RQ3).

Despite these encouraging results, several avenues remain for fu-
ture exploration: scaling beyond tens of agents, handling extreme
partial observability (e.g., discovery scenarios with limited sensory in-
put), and expanding evaluation to broader environments—particularly
from the cooperative AI community [25] and adversarial settings—to
further validate SHAC++’s robustness and versatility.

Addressing the cold-start problem more effectively could also en-
hance performance, particularly in environments with sparse or de-
layed rewards. Several promising techniques for mitigating this issue
include: i) leveraging datasets generated by alternative algorithms
or human demonstrations to initialize the world model before policy

training begins (world-model pre-training). ii) using Model Predictive
Path Integral (MPPI) [3] to generate high-quality initial trajectories
that can seed the world model and guide early exploration. The lat-
ter approach may also be integrated into SHAC++ during training
to periodically introduce diverse trajectories, potentially improving
robustness and convergence speed.

Finally, linear attention mechanisms like Performer [15] and
Mamba [34] could improve SHAC++’s scalability in large multi-
agent environments while avoiding the computational overhead of
classical Transformers [57].
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