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Abstract

We introduce D2AC, a new model-free reinforcement learning (RL) algorithm designed
to train expressive diffusion policies online effectively. At its core is a policy improvement
objective that avoids the high variance of typical policy gradients and the complexity of
backpropagation through time. This stable learning process is critically enabled by our second
contribution: a robust distributional critic, which we design through a fusion of distributional
RL and clipped double Q-learning. The resulting algorithm is highly effective, achieving state-
of-the-art performance on a benchmark of eighteen hard RL tasks, including Humanoid, Dog,
and Shadow Hand domains, spanning both dense-reward and goal-conditioned RL scenarios.
Beyond standard benchmarks, we also evaluate a biologically motivated predator-prey task
to examine the behavioral robustness and generalization capacity of our approach.

1 Introduction

Actor-Critic methods have been at the center of many recent advances in Reinforcement Learning. In
continuous control and robotics, Soft Actor-Critic (Haarnoja et al., 2018) outperformed strong prior model-
based methods (Wang et al., 2019). On the ALE environment, Atari agents such as Rainbow (Hessel et al.,
2018), BBF (Schwarzer et al., 2023), and ULTHO (Yuan et al., 2025) have continued to push forward
state-of-the-art reinforcement learning performance.

Each instantiation of actor-critic methods crucially relies on two components: an actor and a critic. The
critic tells us how valuable it is to be in a given state, and the actor tells us what we should do when we
find ourselves in that state. Generally, an actor-critic algorithm will only be as strong as the weakest link;
a powerful critic is wasted on an actor that can’t optimize for the correct actions, and vice versa. This
naturally leads us to ask the question of how we can use modern advancements in machine learning and
function estimation to learn a critic and an actor that are a perfect match, equally powerful, and capable of
complementing one another.

When estimating the critic, classical RL favored point estimates for the value function, often resulting in
unstable estimation. While modeling the full distribution of returns (Bellemare et al., 2017) significantly
improves robustness—a principle reinforced by a recent trend advocating for classification-style objectives
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over standard regression for value learning (Imani et al., 2024; Farebrother et al., 2024)�we observe that this
approach is not immune to the overestimation bias inherent in Q-learning. Our �rst contribution is to create
a more stable teacher for the actor: we �nd that applying the clipped double Q-learning technique from TD3
(Fujimoto et al., 2018) to approximate the return distribution reduces noise and provides a more reliable
learning signal for policy improvement.

However, even a stable teacher is wasted on an actor that cannot e�ectively utilize its guidance. While recent
work has explored powerful denoising di�usion models for the policy (Yang et al., 2023), a core challenge
remains: how to e�ectively bridge the critic's guidance with the actor's learning process? Policy gradient
estimation for di�usion policies often su�ers from high variance when applied to di�usion models (Jeha et al.,
2024), while other methods can be complex and unstable (Ding et al., 2024; Ma et al., 2025).

This brings us to the core technical contribution of our work. We derive a new policy improvement objective
for di�usion actors that is both theoretically grounded and practically e�cient. Taking inspiration from
monotonic policy improvement theory (Schulman et al., 2015), our derivation simpli�es the complex, multi-
step policy optimization into a stable, single-step supervised objective guided directly by the critic's value
gradients. This simpli�ed objective provides the crucial link, allowing our expressive di�usion actor to
e�ectively learn from our stable distributional critic (i.e., a critic that models the full distribution of returns),
forming a more synergistic actor-critic system.

In this paper, we show how to marry a distributional critic to a di�usion actor, leading to the development
of D2AC, a new actor-critic algorithm. D2AC achieves excellent performance on a variety of hard robotics
environments, including locomotion tasks such as Humanoid and Dog domains in DeepMind Control Suite
(Tassa et al., 2018), and manipulation tasks such as Pick-and-Place and Shadow-Hand Manipulate in multi-
goal RL environments with sparse rewards (Plappert et al., 2018). In addition, we evaluate D2AC on
a biology-inspired predator�prey benchmark (Lai et al., 2024), where it demonstrates higher exploration
coverage, richer path diversity, and superior zero-shot transfer compared to SAC and TD-MPC2. Importantly,
D2AC consistently performs well across di�cult domains where prior model-free RL methods struggle or
completely fail. Moreover, it signi�cantly closes the performance gap between model-free RL and SOTA
model-based methods such as TD-MPC2 (Hansen et al., 2023), despite using an order-of-magnitude less
compute compared to TD-MPC2 and being considerably faster to run. Our results show that D2AC can
serve as a strong base for policy optimization in continuous control. Videos of our policy in action can be
found here 1.

Figure 1: D2 Actor Critic uses a critic that models a distribution over possible returns. A di�usion actor
uses the expected value of this distribution (the Q-function) to help align the denoising process with policy
improvement. Above are visualizations of the Pick-and-Place and Fetch Slide environments.

1https://d2ac-actor-critic.github.io/
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2 Related Works

Model-free RL has two families of approaches: policy gradient methods and value-based methods. Policy
gradient methods typically require on-policy data and trust-region regularization (Schulman et al., 2015;
2017b). Value-based methods, on the other hand, enable o�-policy training, which can greatly improve sample
e�ciency. Since DQN (Mnih et al., 2015), actor-critic extensions like DDPG (Lillicrap et al., 2015) brought
these methods to continuous control, and subsequent improvements include tackling Q-value overestimation
in TD3 (Fujimoto et al., 2018) and the introduction of soft Q-learning (Haarnoja et al., 2018). A particularly
relevant line of work is distributional RL (Bellemare et al., 2017), which moves beyond point-estimates
to model the entire distribution of returns. This concept has been successfully integrated into actor-critic
frameworks to address value estimation errors or enable risk-sensitive learning, as demonstrated by some
concurrent works like DSAC (Ma et al., 2025). D2AC builds directly on this progress, unifying a robust
distributional critic with clipped Q-learning and, crucially, introducing a novel actor update mechanism
designed to leverage these richer value representations.

Model-based RL and Planning: The paradigm of learning a world model and planning with it has
achieved signi�cant breakthroughs (Schrittwieser et al., 2020; Hansen et al., 2022). We are particularly inspired
by core mechanisms of modern planners like Model Predictive Path Integral Control (MPPI) (Williams et al.,
2015), where action proposals are iteratively re�ned based on insights from a full distribution of simulated
future returns. D2AC is an attempt to distill these principles into a cohesive, purely model-free framework,
making our approach orthogonal to and potentially a stronger base for future hybrid methods.

Di�usion Policy for RL has attracted interest following the success of denoising di�usion models (Sohl-
Dickstein et al., 2015; Ho et al., 2020; Song et al., 2020b). The most straightforward application is conditional
behavior cloning (BC) (Janner et al., 2022; Chi et al., 2023; Römer et al., 2024). Extending di�usion policies
beyond BC, prior works have explored both o�ine RL (Hansen-Estruch et al., 2023; Gao et al., 2025) and
online RL settings (Chen et al., 2023; Ma et al., 2025; Dong et al., 2025). A key challenge, however, is
that policy improvement in online RL necessarily induces a non-stationary target distribution, which makes
di�usion-based training unstable. Our work takes a di�erent perspective: drawing on monotonic improvement
theory from policy optimization literature (Schulman et al., 2015), we derive a new method for training
di�usion policies in the online setting. This is di�erent from some concurrent approaches, such as Liu et al.
(2025), which also combine a distributional critic with a di�usion policy but rely on policy gradient updates.
Our core technical contribution thus o�ers a distinct and e�cient alternative for actor training in this area.
We note that Liu et al. (2025) was developed concurrently and view our work as complementary in exploring
di�erent optimization perspectives.

3 Background

3.1 Reinforcement Learning

A Markov Decision Process (MDP) is de�ned by the state spaceS, action spaceA , the initial state distribution
� 0(s), the transition probability p(s0 j s; a), and the reward function r (s; a).

The policy � (a j s) generates a trajectory� with horizon T within the environment:

� = f s0; a0; � � � ; sT g (1)

where s0 � � 0(�), at � � (� j st ), and st +1 � p(� j st ; at ) for t 2 f 0; � � � ; T � 1g.

We denote the trajectory distribution starting from state s under policy � as p� (� j s). With a discount
factor 
 2 (0; 1), the goal is for the policy � to maximize the discounted cumulative rewards:

J (� ) = E� 0 (s0 )p� ( � j s0 )

"
T � 1X

t =0


 t r (st ; at )

#

(2)
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Value-based RL methods optimize this objective by estimating a Q function for the current policy � :

Q(st ; at ) = Ep(st +1 j st ;a t )p� ( � j st +1 )

"
T � tX

�=0


 � r (st +� ; at +� )

#

(3)

and then training the policy � to maximize Q.

3.2 Denoising Di�usion Models

Denoising Di�usion Models are generative models that estimate the gradients of data distribution (Vincent,
2011; Song & Ermon, 2019; Song et al., 2020a). Di�usion models train a denoiserD � to reconstruct data
x � pdata from noised data x (k ) � N (x ; � 2

k I ) under various noise levels� max = � K > � � � > � 0 = � min .

Let the distribution of noised data be de�ned as:

p(x (k ) ) =
Z

pdata (x )N (x (k ) jx ; � 2
k I )dx (4)

The min � min and max � max of noise levels are selected such thatp(x (0) ) � pdata (x ) and p(x (K ) ) �
N (0; � 2

max I ).

The di�usion loss is typically:

E� �N (0 ;I ) ; k � Unif (1 ��� K ) [� (k)kD � (x + � � k ; � k ) � xk2] (5)

where � (k) is the loss weighting based on noise level.

Then the score for arbitrary input x is:

r x logp(x ; � ) =
D � (x ; � ) � x

� 2 (6)

which can be used to sample data by starting from noise and solving either an SDE or ODE (Song et al.,
2020b).

We follow EDM (Karras et al., 2022) to de�ne the denoiser as:

D � (x ; � ) = cskip (� )x + cout (� )F� (cin (� )x ; cnoise (� )) (7)

whereF� is a neural network, andcskip (� ); cout (� ); cin (� ); cnoise (� ) are � -dependent scaling coe�cients de�ned
in (Karras et al., 2022). These coe�cients control the relative weighting of the input signal, the output of the
neural network, and the noise embedding across di�erent noise levels.

3.3 Clipped Double Q-learning for Categorical Return Distributions

While distributional reinforcement learning (RL) provides richer return modeling by capturing full return
distributions instead of scalar estimates (Bellemare et al., 2017), it inherits a well-known �aw of traditional
Q-learning: overestimation bias (Van Hasselt, 2010; Van Hasselt et al., 2016). In distributional RL, this bias
manifests not just in the expected value, but across entire regions of the predicted return distribution, leading
to pathological optimism.

To address this, we apply a clipped double Q-learning approach (Fujimoto et al., 2018) within the distributional
setting. Though this combination is conceptually simple, we demonstrate in Figure 9 that it plays a crucial
role in stabilizing training and improving empirical performance.

Categorical Representation of Return Distributions: We represent return distributions using the
categorical formulation introduced in Bellemare et al. (2017). Speci�cally, our distributional model learns
to predict a probability distribution, q� (s; a), over a �xed, discrete support of possible returnszq =
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[Vmin ; : : : ; Vmax ]. This distribution is parameterized by a softmax output over N + 1 bins, where the
probability of each bin corresponds to an atom in the supportz. The expected Q-value is computed as:

Q� (s; a) = q� (s; a)> zq

Any continuous value within the support range can be represented via a linear combination of two adjacent
bins using atwo-hot encoding function hzq (�).

Categorical Projection: To perform bootstrapped learning, we shift the support according to the observed
reward and discount factor: zp = r + 
 zq. The predicted distribution p = q� (s0; a0) under this shifted support
must be projected back to the original support zq to compute a training target. This is done via:

� dist (zp; p; zq)[k] =
NX

j =0

hzq (zp[j ])[k] � p[j ]

This yields a valid probability distribution over the original support, which serves as a supervised signal.

Clipped Double Distributional RL: To reduce overestimation, we maintain two independent critics,q� 1

and q� 2 , each producing a distribution over returns. For each training step, we compute expected Q-values:

Q� i (s; a) = q� i (s; a)> zq

We then select the entire distribution from the critic with the lower expected value:

qclip
� (s; a) =

(
q� 1 (s; a) if Q� 1 � Q� 2

q� 2 (s; a) otherwise

This clipped distribution is projected and used to train both critics via cross-entropy loss. The full critic loss
becomes:

L critic (� ) = � ` > (log q� 1 (s; a) + log q� 2 (s; a))

where ` = � dist (r + 
 zq; qclip
�

(s0; a0); zq) and a0 � � � (� j s0).

4 Policy Improvement for Di�usion Actors

This section introduces the core technical contribution of our work: an e�cient policy improvement objective
for di�usion actors. To derive this objective, we �rst reframe the multi-step denoising process as a special type
of Markov Decision Process. We then leverage the principles of monotonic policy improvement (Schulman
et al., 2015) and, through a key theoretical simpli�cation, arrive at a tractable objective that aligns the
single-step denoising function with policy improvement.

When the policy � in actor-critic algorithms is a di�usion model (Sohl-Dickstein et al., 2015; Ho et al., 2020),
it starts from the noise distribution N (0; � 2

max I ) and goes throughK di�usion steps a(K ) ! a(K � 1) � � � ! a(0)

using a sequence of noise levels� max = � K > � � � > � 1 > � 0 = � min to sample an action. If we assume a
sampler based on the Euler-Maruyama method (Song et al., 2020b), then one step of the di�usion process
a(k ) ! a(k � 1) for policy � � can be written as:

� � (a(k � 1) j s; a(k ) ) = N (a(k � 1) j � � (a(k ) ; k; s); (� 2
k � � 2

k � 1)I )

Where � � is a learned denoising process that takes actions away from the noise and towards the desired
action distribution. It is parameterized as:

� � (a(k ) ; k; s) = a(k ) + ( � 2
k � � 2

k � 1)r a logp(a(k ) j � k ; s)

r a logp(a j �; s) = ( D � (a; � ; s) � a)=� 2
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where D � (a; � ; s) = cskip (� )a + cout (� )F� (s; cin (� )a; cnoise (� )) . The functions cskip (� ), cout (� ), and cnoise (� )
are �exible design choices (Karras et al., 2022). Thus, taking an actiona(0) from the denoising process
a(k ) ! � � � a(0) can be written as an integral over the denoising steps:

� � (a j s) =
Z

p(a(K ) )
KY

k=1

� � (a(k � 1) j s; a(k ) )da1:K (8)

We would like a way to guarantee the di�usion process actually provides us with a better action. De�ne
the optimal policy to be p� (a j s) = (exp(Q(s; a)=� ))=Z(s), where � is the temperature. The goal of
entropy-regularized policy improvement is to minimize the following (Schulman et al., 2017a; Haarnoja et al.,
2018; Black et al., 2023):

arg max
�

� DKL (� � (a j s) k p� (a j s)) = Ea� � � ( �j s) [Q(s; a)] + �H (� � (a j s)) (9)

Di�usion Policy Gradients: In the case of di�usion policies, our main challenge with optimizing for
policy improvement is that accessinga � � � requires K intermediate sampling steps. To optimize a lower
bound on the policy gradient objective, the variational lower bound in Kingma et al. (2021) can be applied
with a positive transformation of the Q-values (Peters & Schaal, 2007; Abdolmaleki et al., 2018), with
� pg (k) = (1 =� 2

k � 1 � 1=� 2
k ) � (K=2):

E� E� �N (0 ;I ) ;k � Unif (1 ��� K ) [� pg (k)ka � D � (a + � k � ; � k ; s)k2 � expQ(s; a)] (10)

However, policy gradients tend to su�er from high variance (Jeha et al., 2024), while value gradients (Heess
et al., 2015) for di�usion require backpropagation through time (BPTT), which is notoriously di�cult
(Pascanu et al., 2013; Wallace et al., 2023; Black et al., 2023). Next, we will show that by re-examining the
di�usion process through the lens of an MDP, we can circumvent these challenges.

Di�usion MDP: To ground our approach in established RL theory, we �rst de�ne a Di�usion MDP as
taking K steps of actions fromp(a(K ) ) to � (a(k � 1) j s; a(k ) ), reaching the �nal state a(0) . After this di�usion
process (under discount factor
 ), the policy receives a rewardQ(s; a(0) )=
 K at the �nal timestep of di�usion
(reward is 0 elsewhere). The objective is to maximize the expected terminal reward:

� (s; � ) = Ea ( K ) ��� a (0) � � [Q(s; a(0) )] (11)

This objective makes the dependence on the intermediate di�usion stepsa(K ) � � � a(1) explicit. Correspondingly,
in the di�usion MDP, the Q-function, value function, and advantage function are given by:

V di�usion
� ((s; a(k ) )) , Ea ( k � 1) ��� a (0) � � [(
 k � 1=
 K )Q(s; a(0) )]

Qdi�usion
� ((s; a(k+1) ); a(k ) )) , Ea ( k � 1) � � [
V di�usion

� ((s; a(k � 1) ))]

Adi�usion
� ((s; a(k+1) ); a(k ) )) , Qdi�usion

� ((s; a(k+1) ); a(k ) )) � V di�usion
� ((s; a(k+1) ))

Monotonic policy improvement theory , speci�cally the policy improvement objective from Trust Region
Policy Optimization (Schulman et al., 2015), can now be applied to this Di�usion MDP. This gives us the
following proximal objective for policy improvement:

� (s; � ) � J � ref (s; � ) �
4�


(1 � 
 )2

�
max
k; a ( k )

DKL (� ref (� j s; a(k ) ); � (� j s; a(k ) ))
�

J � ref (s; � ) , � (s; � ref ) + Ek � Unif f 1;K g;a ( k ) � � ref

a ( k � 1) � � ( �j a ( k ) ;s)

[
 k Adi�usion
� ref

((s; a(k ) ); a(k � 1) )]

This result provides a lower bound on our policy objective equation 11, expressed through a loss that depends
on the Di�usion MDP advantage of the reference policyAdi�usion

� ref
and the KL divergence between the reference
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policy � ref and our learning policy � . When our policy remains su�ciently close to the reference, maximizing
this lower bound guarantees that performance will either improve or at least not deteriorate. We can therefore
make progress by following the gradient of the advantage term in this lower bound:

r � J � ref (s; � � ) = r � Ek � Unif f 1;K g;a ( k ) � � ref

h

 k Ea ( k � 1) � � �

[Qdi�usion
� ref

((s; a(k ) ); a(k � 1) )]
i

| {z }
J proximal

� ref
(s;� � )

(12)

Simpli�cation via a One-Step Lower Bound: Learning the multi-step value function Qdi�usion
� ref

is still
di�cult. To make our objective practical, we introduce a key simpli�cation based on a core property of
di�usion models. We utilize the fact that the denoising function â = D � (a(k ) ; � ; s) aims to predict a strictly
cleaner signal with each step (Song et al., 2020a). For a well-trained model, more sampling steps generally
lead to higher quality actions â (Ho et al., 2020; Song et al., 2020b). Since theQ-value is analogous to an
unnormalized log probability (Levine, 2018), we build on the intuition that actions generated with more
re�nement steps should, on average, yield higher Q-values. This insight allows us to posit that the value of a
single-step generation can serve as a tractable lower bound for the full, multi-step generation. We formalize
this crucial simpli�cation in the following proposition:

Proposition 1. De�ne the data distribution under di�usion step k � 0 to be (with �̂ � � min ):

pk (ajs) =
Z

� (a(0) js)N (aja(0) ; � 2
k I )da(0) p̂k (ajs) =

Z
pk+1 (ujs)N (ajD � (u; � k+1 ; s); �̂ 2I )du

Under the assumptions that (i) entropy ofpk and p̂k strictly increases with k; (ii) the KL distance from pk

and p̂k to optimal policy p� is non-decreasing withk; (iii) �̂ is su�ciently large such that DKL (p̂0 k p� ) �
DKL (p0 k p� )2.Then for any state s and di�usion step k, we have

Ep0 [Q] � Ep̂k [Q] (13)

Proposition 1 formalizes a simple intuition: a single denoising step always improves upon a noisier action
distribution, even if it does not reach the �nal, clean action distribution. This insight is powerful because
it justi�es replacing the multi-step expectation in equation 12 with a more tractable one-step lower bound.
Speci�cally, the expectation over the remaining k � 1 steps can be lower-bounded by the expectation over a
single denoising step:


 k Ea ( k � 1) � � �
[Qdi�usion

� ref
((s; a(k ) ); a(k � 1) )]

= 
 2k � K Ea ( k � 1) � � �
Ea ( k � 2) ��� a (0) � � ref| {z }

Additional k � 1 SDE steps

[Q(s; a(0) )] � 
 2k � K EN (âjD � (a ( k ) ;� k ;s); �̂ 2 I )
| {z }

One step generation

[Q(s; â)]

Di�usion Value Gradients: This one-step lower bound is much easier to optimize since it avoids learning
separate value functionsQdi�usion

� ref
in the di�usion MDP. Substituting it into equation 12 yields:

J proximal
� ref

(s; � � ) � Ek � Unif f 1;K g;a ( k ) � � ref ;� �N (0 ;I ) [(

2k =
 K ) � Q(s; D � (a(k ) ; � k ; s) + �̂ � )] (14)

This simpli�ed objective can be expressed in a form similar to theL 2 loss commonly used in di�usion models
(Kingma et al., 2021). Setting � ref = � � , we arrive at the �nal D2AC policy loss:

r � L simple
� (� ) = E a� � � ( �j s)

� �N (0 ;I ) ;k � Unif f 1;K g
N (â jD � (a+ � k � ;� k ;s) ;�̂ 2 I )

r �

�
� (k) kâ + r âQ(s; â) � D � (a + � k � ; � k ; s)k2

�

(15)

2While these are formal assumptions, they are grounded in the empirical behavior of well-trained di�usion models
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The function � (k) is the weighting according to the noise schedule.� (k) = 
 2k =
 K in our derivation; in
practice we �nd that simply setting � (k) = 1 works well. Conceptually, this loss teaches the denoising
network D � to predict a target that has been pushed slightly up the gradient of the Q-function. In essence,
each denoising step learns to do so in a direction that greedily improves the action according to the critic.
Compared to di�usion policy gradients equation 10, this value-gradient approach avoids BPTT and provides
a more stable training signal, whose quality is critically dependent on the rich information provided by our
distributional critic.

5 Experiments

Figure 2: D2AC works out of the box across a wide range of environments, including locomotion and
manipulation with sparse and dense rewards.

In these experiments, we evaluate the performance of D2AC across a range of domains to assess its generality,
e�ciency, and behavioral characteristics. We also investigate how D2AC compares to strong model-based
baselines in selected tasks, aiming to understand how e�ectively it bridges the gap between model-free and
model-based approaches.

Evaluation environments. We evaluate D2AC across three primary domains: (i) the DeepMind Control
Suite (Tassa et al., 2018), which consists mainly of locomotion tasks with dense rewards, (ii) the Multi-Goal
RL environments from Plappert et al. (2018), which include robotic manipulation tasks with sparse rewards,
and (iii) a predator�prey environment inspired by biological survival dynamics (Lai et al., 2024), which
emphasizes adaptive behavior in dynamic and high-stakes scenarios. A list of the environments we use is
shown in Figure 2. Those environments include21-DoF Humanoid, 38-DoF Dog, 12-DoF Quadruped, a
4-DoF Pick-and-Place task, and a series of20-DoF Shadow Hand tasks aiming to manipulate Block, Egg,
and Pen to target orientations.

5.1 Benchmarking on dense-reward environments

In Figure 3, we showcase our benchmarking results on12 tasks in the DeepMind control suite. We compare
our method to a variety of baselines, including: Soft Actor Critic (Haarnoja et al., 2018), D4PG (Barth-Maron
et al., 2018), and the model-free component of TD-MPC2 (Hansen et al., 2023), which we denote asTwo-hot
+ CDQ , because it essentially combines SAC, two-hot critic representation, and clipped double Q-learning.
We also compare against DIPO (Yang et al., 2023), which is a model-free RL method based on di�usion
policy. D2AC achieves higher asymptotic performance across all 12 environments, and generally learns faster.

When compared to TD-MPC2 (Hansen et al., 2023) trained with the same number of environment interactions,
we see that D2AC is very competitive despite being model-free. In Figure 4, we see that D2AC achieves
performance within �ve percent of TD-MPC2 on 8 out of 12 benchmark environments. In 4 of the environments,
the performance of D2AC exceeds TD-MPC2. The two standout environments were Dog Walk and Humanoid
Stand, where D2AC signi�cantly outpaced TD-MPC2 performance. This comparison is particularly revealing
when considering the performance of theTwo-hot + CDQ baseline, which represents the model-free component
of TD-MPC2. Its relatively poor performance suggests that the strength of TD-MPC2 does not lie in its
model-free foundation alone, but heavily relies on its sophisticated planning module. In contrast, D2AC closes
the performance gap to this state-of-the-art model-based method without any planning. Our proposed model-
free learning algorithm is orthogonal to any planning algorithm and can be used as a drop-in replacement in
any model-based method, such as TD-MPC2.
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