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Abstract

Model-based reinforcement learning can improve sample e�ciency by learning a model of the environ-

ment and using it for planning. In continuous-control tasks, this allows an agent to evaluate many

candidate action sequences before acting. However, planning with a learned model also introduces a

failure mode: the planner optimizes a learned return estimate rather than the true environment return,

and can therefore exploit errors in the dynamics model, reward model, or value function. This thesis

studies how the model predictive control objective used in TD-MPC-style agents can be made more

reliable. The main contribution is E�cientTDMPC, a method that modi�es the planner objective

by aggregating return estimates across multiple dynamics heads and rollout depths, and by applying

disagreement-based pessimism during reanalyze. These changes aim to reduce the variance and ex-

ploitability of model-based return estimates while preserving the sample e�ciency bene�ts of latent

model-based planning. E�cientTDMPC is the new state-of-the-art on HumanoidBench-Hard and the

hard DeepMind Control Suite (DMC) while matching the state-of-the-art on Easy DMC. The thesis also

discusses adaptive horizon selection as a future direction, arguing that planning depth should be treated

as part of the uncertainty-aware planning objective. Overall, the thesis shows that the reliability of the

learned planning objective is a central design problem in sample-e�cient model-based reinforcement

learning.
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Thesis Overview

This thesis studies sample-e�cient model-based reinforcement learning for continuous control. It focuses

on TD-MPC-style agents, where action selection depends on optimizing learned model-based return

estimates. The main contribution is E�cientTDMPC, which improves the reliability of these planning

objectives through ensemble dynamics, multi-depth returns, and uncertainty-aware reanalyze planning.

The thesis also proposes adaptive horizon selection as a direction for future work and concludes with a

broader discussion of the method's implications and limitations.
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1

Introduction

Intelligence is something humanity has long aimed to understand, and more recently, to create. Just as

the industrial revolution changed the physical world, progress in arti�cial intelligence has the potential to

change how we work, learn, and solve problems. The most successful recent attempt to build intelligent

systems rests on four ideas: deep learning, self-supervised learning, transfer learning, and reinforcement

learning.

1.1. Deep Learning: Learning from Data
Deep learning currently acts as the foundation of modern AI. At its core, it learns a model in the form

of a deep neural network that predicts an output given an input. It does this by learning from training

data. In supervised deep learning, this data consists of inputs such as images, paired with labels such

as the name of the object in the corresponding image. During training, the model is changed bit by

bit so that its predictions move closer to the desired outputs. After enough training, a model may

predict the training data very well. However, the real goal is not merely to memorize the training

data, but to make good predictions on new data that it has never seen before. As it turns out, with

suitable architectures, optimization methods, and enough data, these models can generalize well to new

examples [24]. Famously, AlexNet showed in 2012 that deep learning could perform extremely well

on image recognition [24]. By training on millions of image-label pairs, the model recognized objects

in unseen images far better than previous methods. A central lesson of this period was that more

data, larger models, and more compute could lead to better generalization [23, 20]. This made data

availability one of the central bottlenecks for building more capable systems.

However, labeled data is often expensive and scarce, especially for a speci�c task. We would much

rather use unlabeled data, of which there is usually far more. This raises the question: how can a model

learn from unlabeled data, and still become useful for a concrete task later?

1.2. Self-supervised and Transfer Learning: Learning From Unlabeled Data
Instead of training the model on the �nal task directly, we can �rst train it on a pretraining task that

does not require hand-labeled data. The purpose of this task is to make the model learn the structure

of the data itself. A common pretraining task is to use one part of a data point to predict another

part. In language modeling, this can mean predicting missing or future words; in image modeling, it

can mean predicting missing pixels or patches [2].

1



1.3. Reinforcement Learning: Learning From Feedback 2

At �rst, such a system may not seem useful by itself; it will just generate data that is similar to what

it was trained on. However, such systems have learned to understand the data very well, which can

be leveraged for downstream tasks. As a thought experiment, consider a language model trained to

predict the next word in a detective story. If the �nal word reveals who the killer was, a good next-word

predictor would need to connect clues from across the story to make the right prediction. In this way,

pretraining can encourage models to learn useful structure from raw data. Still, a model that only

predicts missing pieces of data is not the �nal goal. We want to reuse this learned structure for tasks

we actually care about. This is where transfer learning comes in. A model can �rst be pretrained

using self-supervised learning, and then �ne-tuned on a speci�c task using a smaller amount of high

quality/labeled data. These systems usually work very well, because they were able to leverage large

amounts of unlabeled data, and more data usually leads to better deep learning performance [23, 20].

1.3. Reinforcement Learning: Learning From Feedback
Orthogonally, reinforcement learning deals with maximizing the reward earned from interacting with

an environment. It is a learning paradigm that is di�erent from both supervised and self-supervised

learning. As discussed above, supervised learning is used when we have examples that we want to

imitate. This can be very e�ective, but it is also limited by the examples provided. A supervised

learner could learn to play like a chess grandmaster by imitating them, but imitation alone cannot yield

a player that plays better than the grandmaster. Reinforcement learning is not limited to imitation. If

a task provides a useful feedback signal, a reinforcement learning agent can learn to take actions that

maximize that feedback in the long term. This allows reinforcement learning to achieve superhuman

performance in many games, such as chess, Go, and video games [39, 43, 30].

In a general form, reinforcement learning considers an environment that returns feedback in the form

of a reward. The goal is to learn a policy that acts in the environment to maximize the total expected

reward over an extended timeframe. This task is made di�cult by two facts. Firstly, the environment

is generally unknown. The agent does not know in advance what state or reward will follow from an

action. It must interact with the environment, observe what happens, and learn from that experience.

Crucially, the agent must also explore: it has to try actions that may be unfamiliar in order to discover

whether they lead to higher reward. This contrasts with supervised learning, where the label gives a

direct training signal for each example. Secondly, the action chosen does not only a�ect the immediate

reward, but also the state of the environment, which then a�ects future rewards. Therefore choosing

the actions that maximize the total future reward is not just a matter of maximizing the immediate

reward, but also of understanding how actions taken a�ect the future state.

An example that well illustrates the reinforcement learning problem is the following. An AI is placed

in a room and is able to move up, down, left, or right at each timestep. There is some target location

in the room, and at each timestep the AI receives a reward that is higher the closer it is to the target.

The issue is that the target location is behind another wall in the room, and the only way to get to

the target is to �rst move away from it, then around the wall, and �nally towards the target. In such

a scenario, any system that greedily maximizes the immediate reward would walk directly towards the

target, get stuck at the wall, and never learn to reach the target. A reinforcement learning agent, on

the other hand, will explore and, at some point, walk around the wall and fully reach the target. It will

then reinforce that behavior so that it earns higher reward consistently. The details of how this is done

are explained in the background chapter, but the key insight is that reinforcement learning agents can

learn to take actions that maximize the long-term sum of rewards.
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1.4. Language Models as a Case Study
The ideas of deep learning, self-supervised learning, transfer learning, and reinforcement learning can

be combined into a very powerful system. A good example is large language model assistants, such as

ChatGPT [2, 34].

First, they are pretrained on a large corpus of text [2]. They are then �ne-tuned or post-trained to

act as AI assistants. This is done by providing examples of assistant-like behavior and training the

model to match that behavior [34]. After this, reinforcement learning can be used to improve the model

beyond the speci�c examples that were provided, in some cases reaching expert-level or superhuman

performance on selected reasoning benchmarks [29, 21, 12]. This is done by providing feedback on the

model's responses and training it to maximize that feedback. Language model assistants map to the

reinforcement learning setting as follows: The state of the environment is the question that is asked,

together with the rest of the conversation context. The answer the model gives is the action. The

feedback it receives is the reward. Interestingly, the next state is often not modeled explicitly in this

setup, meaning that the model is actually just trained to maximize the immediate reward, which is a

very simpli�ed version of the reinforcement learning problem. 1 This raises a natural question: where

does the reward come from, and what should the assistant be maximizing? Two paradigms of feedback

are commonly used, often in combination. Firstly, reinforcement learning with human feedback (RLHF)

trains the model to give answers that score highly under human-provided feedback. This is used to

make language model assistants more aligned with human preferences [7, 34]. In principle, humans

could directly provide a reward for every answer. In practice, human preferences are often used to

train a separate reward model. This reward model takes a question and answer as input and predicts

a reward. Reinforcement learning is then used to train the language model assistant to maximize this

predicted reward. Secondly, reinforcement learning with veri�able rewards (RLVR) trains the model

on tasks where the answer can be checked automatically [45, 47, 12]. For example, many math and

programming tasks have answers that can be veri�ed. Other tasks, such as acting as a therapist or

giving open-ended advice, are much harder to verify. When veri�cation is possible, the reward can be

more objective and scalable.

In the context of language model assistants, reinforcement learning has been the �nal step in the learning

pipeline, and has enabled substantial performance improvements, including expert-level and in some

cases superhuman results on selected benchmarks, by maximizing available reliable feedback signals.

For language models, a main limitation on performance is the quality, quantity and diversity of the

feedback data.

1A conversation with a user could be interpreted as interaction with an environment, where the user is part of the
environment. This is complicated: the state would also need to contain the user's internal state, which is not directly
observable, and the reward would need to be inferred from the user's response.
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1.5. Toward Physical Intelligence

Figure 1.1: The revolution of physical intelligence may follow a similar roadmap to the revolution of
language intelligence. To achieve superhuman physical intelligence we will require reinforcement learning as

the �nal stage of the process. Image taken from a talk by Jim Fan from Nvidia on the endgame of robotics. [9]

Physical intelligence is expected to follow the same general learning pipeline that has been successful

for language models. And just as in language models, reinforcement learning will be responsible for

the re�nement step of the process, in which superhuman physical intelligence is achieved. First, we

could pretrain world models to understand the structure of the physical world. Instead of learning to

model text, such systems would learn to model videos, sensor streams, and ideally the actions that

caused them [13, 15, 16, 25]. Once a model understands how the physical world behaves and how

actions a�ect it, the next step is to learn which actions achieve useful goals. This can �rst be done

by imitating demonstrations, just as language models are often �rst adapted by imitating examples of

desired behavior. The �nal step is to use reinforcement learning so that the system can improve beyond

the demonstrations it was given. If there is a feedback signal that indicates how well a task is being

completed, reinforcement learning can optimize behavior with respect to that feedback. In the long

term, this could help produce robots that are highly capable at physical tasks such as cleaning, cooking,

laboratory work, or industrial manipulation. The industrial revolution helped humanity automate

repetitive physical labour. Computers helped humanity automate repetitive intellectual labour. The

internet helped humanity communicate. Large language models have begun to automate and accelerate

many language-based intellectual tasks. One of the next major steps in humanity's development is to

build systems that can also learn and act e�ectively in the physical world, and for this, reinforcement

learning will play a central role.

1.6. Motivation
This thesis aims to develop methods that reduce the amount of environment interactions required to

learn to perform physical control tasks. This is also known as increasing the sample e�ciency. This is an

important issue to work on, since many experts agree that the physical intelligence revolution is coming

soon [9]. This means many physical systems will be deployed into the world in the near future. To

maximize the bene�ts of these systems, we will want to train them to perform their tasks at superhuman

levels, which will require reinforcement learning. However, unlike in language, reinforcement learning

in the physical world can be very dangerous and expensive, since it requires exploration. It is therefore
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vital that we develop reinforcement learning methods that can learn to perform physical tasks with as

little environment interaction as possible. Increasing the sample e�ciency of our reinforcement learning

algorithms on physical control has the potential to make the future of robotics cheaper, safer, and more

e�ective.

1.7. Scope and Research Question
This thesis does not attempt to solve pretrained physical world modeling or real-world robotics; instead,

it focuses on the reinforcement learning part of the physical intelligence problem. It evaluates and tests

ideas on simpli�ed environments and corresponding baselines. This is a deliberate restriction. Real-

world robot learning introduces many additional challenges at once: perception, hardware reliability,

safety constraints, simulation-to-reality transfer, the cost of collecting physical interaction data, and

the computational costs of modeling the complexity of the real world. Studying all of these at the

same time would make it di�cult to isolate the core reinforcement learning methods explored in this

thesis. We test our ideas on continuous-control benchmarks with fully observable, low-dimensional state

descriptions. We use the DeepMind Control Suite [42] and HumanoidBench [38]. These benchmarks

contain a variety of tasks in which an agent controls a simulated body to achieve a goal. Simple tasks

require balancing a pole or moving a small robot, while more complex tasks require high-dimensional

humanoid control, such as running or walking up stairs. These environments are much simpler than

the real world, but they preserve some of the core challenges of learning to control physical systems

through interaction. The choice of baseline is also part of the scope. We build on BMPC [46], a

recent state-of-the-art method on the hardest tasks of the DeepMind Control Suite in terms of sample

e�ciency. BMPC belongs to the TD-MPC family of model-based reinforcement-learning methods [19,

18], meaning that it learns a model of the environment and uses that model during action selection and

learning. This makes it a useful starting point for the thesis: if future physical-intelligence systems are

likely to rely on learned world models, then improving the sample e�ciency of simpli�ed model-based

baselines is a meaningful intermediate step. The broader question that this thesis aims to provide

insights into is, howshould learned models be used by reinforcement learning agents to �nd actions that

lead to high future reward? We then aim to provide insights into this question by limiting the thesis to

a narrower scope, how can the model-based planning objective in TD-MPC-style agents be improved

to increase their sample e�ciency? This thesis develops methods and tests them to gain insights into

these questions.

1.8. Approach and Contributions
This thesis approaches the research question through E�cientTDMPC, a modi�cation of BMPC that

changes how learned model predictions are used when selecting actions. The central idea is that a

learned model should not be trusted as a single, �xed prediction of the future. Instead, the agent

should use the model in a way that is more robust to prediction errors and uncertainty.

E�cientTDMPC makes three main changes. First, it learns multiple environment models and evaluates

candidate actions across them, so that action selection does not depend too strongly on one model's pre-

diction. Second, it evaluates imagined futures over multiple time spans, so that actions are not chosen

only because they look good after one particular amount of imagined time. Third, it estimates uncer-

tainty in the predicted consequences of actions, and adds the option to avoid actions whose predicted

outcomes are too uncertain.

These changes are tested by applying them to BMPC on the DeepMind Control Suite and Humanoid-

Bench. The experiments show that E�cientTDMPC improves sample e�ciency signi�cantly, compared

to the BMPC baseline. Furthermore, to our knowledge, in the low-data regime, E�cientTDMPC is the

new state of the art on DMC hard and HumanoidBench benchmarks, while matching the state of the
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art on DMC easy. It is also the only method to have obtained the state of the art on all three of these

benchmarks at the same time.

1.9. Thesis Roadmap
Chapter 2 introduces the technical background needed for the thesis. It �rst formalizes the reinforcement-

learning setting and the actor-critic methods that are commonly used for continuous control. It then

introduces model-based reinforcement learning, and speci�cally TD-MPC2 and BMPC, where BMPC

is the direct baseline used for the proposed method. This background explains the method family in

which the thesis question is studied. Chapter 3 presents E�cientTDMPC, the main contribution of the

thesis. The chapter describes the proposed changes to model-based planning, evaluates them on DMC

and HumanoidBench, and analyzes their e�ect on sample e�ciency and computational cost. Chapter 4

discusses adaptive planning horizons as future work. This chapter extends the same central theme:

learned model predictions are useful, but the agent must decide how far into the future to trust them,

and how uncertainty should a�ect that decision. Chapter 5 concludes the thesis by discussing what

the E�cientTDMPC results suggest about uncertainty-aware model-based reinforcement learning, what

limitations remain, and how these lessons may contribute to future physical-intelligence systems.



2

Background

2.1. Reinforcement Learning Setup
Reinforcement learning studies agents that learn to act through interaction with an environment. In

continuous-control problems, this interaction is often the expensive part of learning: a transition may

require real time, hardware wear, expert supervision, or exposure to unsafe behavior. Sample e�ciency

is therefore not only a benchmark metric but also a practical constraint on whether a method can be

used in settings such as robotics and embodied control.

We formulate the control problem as a discounted Markov decision process [41],

(S,A, P, r, γ).

The state space is denoted by S ⊆ Rn, and states are written as s ∈ S. The action space is denoted

by A ⊆ Rm, and actions are written as a ∈ A. The transition kernel P : S × A → ∆(S) speci�es a
distribution over next states, the reward function r : S × A → R speci�es the immediate reward, and

γ ∈ [0, 1) is the discount factor.

At time t, the agent observes st, selects an action at, receives reward

rt = r(st, at),

and the next state is sampled as

st+1 ∼ P (· | st, at).

A single environment transition is written as

(st, at, rt, st+1),

and experience collected over time can be stored in a replay bu�er,

D = {(st, at, rt, st+1)}T−1
t=0 .

A policy maps states to distributions over actions,

π : S → ∆(A), at ∼ π(· | st).

7
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The discounted return given some trajectory τ = (s0, a0, r0, s1, a1, r1, . . .) is the sum of discounted

rewards.

Gt =

∞∑
u=0

γur(st+u, at+u), (2.1)

The state-value function of a policy is the expected discounted return obtained by starting from state

s and taking actions sampled from the policy π:

V π(s) = Eπ,P

[ ∞∑
u=0

γur(su, au) | s0 = s, au ∼ π(· | su), su+1 ∼ P (· | su, au)

]
. (2.2)

The expectation in Eq. (2.2) is over all future actions and states induced by the policy π and the

transition kernel P . The discount factor γ is a hyperparameter that ensures the in�nite discounted sum

in Eq. (2.1) converges and gives more weight to near-term rewards.

The state-action value function �xes the �rst action and then follows the policy afterwards. Using the

state-value function after the �rst transition, it is de�ned as

Qπ(s, a) = r(s, a) + γ Es′∼P (·|s,a) [V
π(s′)] . (2.3)

Only the �rst action is �xed to a. After the transition to s′, the value V π(s′) in Eq. (2.3) assumes that

all subsequent actions are sampled from π. This is why Qπ is a value for taking action a once and then

continuing according to the policy.

The optimal policy is then de�ned as the policy that maximizes the value function for all states,

π∗ = argmax
π

V π(s) for all s ∈ S, (2.4)

The optimal value functions V ∗ and Q∗ are the value functions of the optimal policy π∗.

2.2. Simple Actor-Critic Method
In this section we describe a simple and relevant model-free reinforcement learning method. It aims

to convey the fundamental ideas behind reinforcement learning, as well as some speci�cs that form the

basis of the baselines used in this thesis. The method is a simpli�ed version of the Soft Actor-Critic

(SAC) algorithm [14], a commonly used model-free actor-critic method for continuous control. Actor-

critic methods are named as such because they consist of two main components: an actor, which is

the policy, and a critic, which is a value function. These components are trained by acting in the

environment and learning from the collected data. The goal is to learn an optimal policy π∗, or at least

a policy with high expected return. The rest of this section introduces the details of a simpli�ed but

relevant actor-critic method applied to continuous-control environments [41].

Components The main components of a model-free actor-critic method are the actor and the critic.

The actor is the policy πθ, and the critic Qπ
θ approximates the true value function Qπ for the current

policy π.

Acting in the environment. Data collection begins by placing the agent in an initial environment

state s0. At each timestep, the policy samples an action

at ∼ πθ(· | st),
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which is executed in the environment. The environment returns a reward and next state,

rt = r(st, at), st+1 ∼ P (· | st, at),

giving the transition (st, at, rt, st+1). These transitions are stored into the replay bu�er D and later

sampled to update the value and policy networks.

Learning the value function. The value function can be learned by learning to match the return

that is actually earned in the environment. For a learned state-action value function Qπ
θ , the objective

can be written as

LQ(θ) = E(st,at,rt,st+1)∼D

[
(Qπ

θ (st, at)− yt)
2
]
, (2.5)

where yt is the value target. A common option for the value target is a one-step temporal-di�erence

target, which uses the fact that the value of a state should be consistent with the reward just earned

plus the discounted value of what comes next [1]. Using a transition (st, at, rt, st+1) from the real

environment, the 1-step TD target for Qπ
θ (st, at) can be written as

yπt = rt + γ Ea′∼π(·|st+1)

[
Qπ

θ̄ (st+1, a
′)
]
, (2.6)

where θ̄ indicates a target network, which is a slowly updated copy of the value network parameters

θ that provides a stable target for learning [28]. Training Qπ
θ to match the TD target in Eq. (2.6) by

minimizing Eq. (2.5) encourages the value function to be self-consistent[1]. Under certain conditions,

applying this update is guaranteed to converge to the true value function Qπ for the current policy

π. In practice, convergence is not guaranteed due to function approximation and �nite data, but TD

learning is still a powerful method for learning value functions in model-free reinforcement learning. It

is worth noting that this value target for state-action values is valid for all transitions in the replay

bu�er, even if the action at was produced by an older policy. This means the use of Q values allows for

o�-policy learning, meaning the agent can learn from data collected by a di�erent policy [28, 41]. This

is not the case if V values are used.

Learning the policy. A common approach to learning a policy for continuous control in RL is to

learn a stochastic policy trained to maximize the value. The policy is commonly parameterized as

a tanh-squashed diagonal Gaussian [14], as shown in Eq. (2.7). A neural network outputs the mean

and standard deviation of a Gaussian distribution, an unconstrained action sample is drawn from this

distribution, and the �nal action is obtained by applying tanh so that it lies in the bounded action

range.

at = tanh (ut) , ut ∼ N
(
µθ(st),diag

(
σθ(st)

2
))

. (2.7)

The policy parameters are updated to minimize a loss with two terms. The �rst encourages the policy

to output action distributions that produce high estimated value. The second maximizes the entropy

of the action distribution, encouraging the policy to stay broad enough to try new actions [14]. This

gives the entropy-regularized objective

J(θ) = Est∼D, at∼πθ(·|st)

 −Qπ
θ (st, at)︸ ︷︷ ︸

value maximization

+α log πθ(at | st)︸ ︷︷ ︸
exploration

 , (2.8)

where α ≥ 0 controls the strength of the entropy term. In Eq. (2.8), the value term guides the policy

towards actions with high estimated value, while the entropy term keeps the action distribution wider
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and supports exploration.

Summary: Actor-Critic

The general actor-critic agent consists of an actor, which is the policy, and a critic, which is a

value function. An agent alternates between acting in the environment and storing that data in a

replay bu�er, and using replay-bu�er data to update its components. The value network is trained

to assign values to state-action pairs that are self-consistent with the trajectories in the replay

bu�er. The policy is then trained to output action distributions that have high estimated value

under the learned critic, while often also maximizing policy entropy to encourage exploration. By

alternating data collection, value learning, and policy learning, the actor-critic agent is able to

learn a policy that achieves high return in the environment.

2.3. TD-MPC2
TD-MPC2 is a recent model-based actor-critic method for continuous control [18]. It keeps the central

actor-critic structure from the previous subsection: it learns a policy and a state-action value function

from replayed experience. The main di�erence is that TD-MPC2 also learns a latent dynamics model,

and uses that model to change how actions are selected in the environment. Instead of sampling actions

directly from the learned policy, TD-MPC2 plans over action sequences with the learned model and

uses the resulting planned action distribution for acting.

This makes TD-MPC2 a hybrid between model-free actor-critic learning and model-based control. The

critic is still a learned Q function, and the policy is still trained from critic feedback. However, the data

entering the replay bu�er is produced by a planner that uses the learned model, reward predictor, policy,

and value ensemble together. The planner therefore acts as an expert policy whose actions should be

stronger than actions sampled directly from the current policy network, especially when the policy is

still imperfect.

Components. TD-MPC2 operates in a learned latent space. The encoder maps the observed state

to a latent state,

zt = hθ(st).

The latent representation must preserve the information from st that is relevant for predicting future

rewards, future latent states, and useful actions. The dynamics model predicts the next latent state,

assuming deterministic dynamics,

ẑt+1 = fθ(zt, at),

and the reward model predicts the reward earned by taking an action from a latent state,

r̂t = Rθ(zt, at).

The policy prior πθ(· | zt) proposes actions in latent states, and the critic is an ensemble of one-step

state-action value functions Qπ
θ,i(zt, at) for i ∈ {1, . . . , NQ}. In TD-MPC2, NQ = 5. We write Qπ

θ for

the average over the value heads when the full ensemble is used. These components interact through the

latent model: the encoder gives the starting latent, the dynamics and reward models score imagined

action sequences, the Q ensemble bootstraps the end of those sequences, and the policy prior both

guides planning and is improved from critic feedback.
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Acting in the environment. In TD-MPC2, the actions taken in the environment come from an

MPC-like planning procedure rather than directly from the policy network as in standard actor-critic

methods. The planning procedure aims to �nd an action sequence distribution that, under the learned

model and value function, is estimated to yield a high expected return. This expected return can be

seen as the state-action value of a long-horizon action sequence. The distribution over the �rst action

in that sequence is then de�ned as the planner policy πplan.

The long-horizon state-action value used as planning objective is de�ned in Eq. (2.9):

Q̂π
H(zt,at:t+H−1) =

H−1∑
u=0

γuRθ(ẑt+u, at+u) + γHQπ
θ (ẑt+H , at+H) , at+H ∼ πθ(· | ẑt+H). (2.9)

Implementation Note:

Planning Objective Final Action from Policy

The paper describes the �nal action as part of the optimized sequence. The implementation

optimizes the �rst H actions and samples the �nal bootstrap action from πθ(· | ẑt+H).

where

ẑt = zt, ẑt+u+1 = fθ(ẑt+u, at+u).

Note that while the 1-step state-action value is estimated by the neural network Qπ
θ , the long-horizon

state-action value in Eq. (2.9) is a model-based estimate that uses the learned reward and dynamics

models to roll out the action sequence and then bootstraps with the learned Q at the end.

The planner then �nds the action-sequence distribution that maximizes the estimated expected return

as in Eq. (2.10):

(µ∗,σ∗) = argmax
µ,σ

Eat:t+H−1∼N (µ,diag(σ2))

[
Q̂π

H(zt,at:t+H−1)
]
. (2.10)

The details of how this MPPI-based optimization is performed can be found in the TD-MPC2 paper

[18, 48]. The optimized �rst-step distribution de�nes the planner policy

πplan(· | zt) = N
(
µ∗

0,diag
(
(σ∗

0)
2
))

.

In TD-MPC2, the action executed in the environment is sampled from πplan rather than directly from

πθ. While this is computationally expensive, the actions produced by the planner are much stronger

than actions sampled from the policy network, especially in tasks with high action dimensions [18, 46].

Learning the model. TD-MPC2 trains the model from short trajectories sampled from the replay

bu�er, rather than from isolated one-step transitions. We denote a sampled trajectory of horizon H by

Tt = {(st+k, at+k, rt+k, st+k+1)}H−1
k=0 .

The encoder maps the observed states in this trajectory to latent states zt+k = hθ(st+k) for k = 0, . . . ,H.

These encoded latents provide the reference trajectory. TD-MPC2 then creates a predicted latent

trajectory by starting from the encoded initial state and rolling out the replay action sequence with the
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learned dynamics model:

ẑt = zt, ẑt+k+1 = fθ(ẑt+k, at+k), k = 0, . . . ,H − 1.

The dynamics loss matches each predicted latent to the corresponding encoded latent from the replay

trajectory,

Ldyn(θ) = ETt∼D

[
H−1∑
k=0

ρk ∥ẑt+k+1 − sg (zt+k+1)∥22

]
, (2.11)

where sg(·) denotes a stop-gradient target [36, 11]. The factor ρk gives more weight to earlier prediction

errors, where the model is closer to the encoded data and the target is less a�ected by compounding

rollout error.

The reward model is trained on the same predicted latent trajectory. For each replay action at+k, the

reward predictor receives the dynamics-predicted latent ẑt+k and predicts the reward observed in the

replay trajectory. This gives the reward loss in Eq. (2.12):

LR(θ) = ETt∼D

[
H−1∑
k=0

ρkℓR (Rθ(ẑt+k, at+k), rt+k)

]
, (2.12)

where ℓR is the reward prediction loss. Training the reward head on predicted latents is important

because the planner will also query the reward head on latents produced by the dynamics model rather

than on latents obtained by directly encoding real states.

Learning the value function. The value function in TD-MPC2 is still a one-step state-action value

function. For each latent produced by the dynamics rollout, the critic predicts

Qπ
θ,i(ẑt+k, at+k), i ∈ {1, . . . , NQ}.

The target is constructed from the real trajectory latents rather than from the predicted latent used

as the critic input. Given the encoded next latent zt+k+1, TD-MPC2 samples the next action from the

policy and applies the one-step Bellman target in Eq. (2.13):

yπt+k = rt+k + γ min
j∈I

Qπ
θ̄,j

(
zt+k+1, a

′
t+k+1

)
, a′t+k+1 ∼ πθ(· | zt+k+1), (2.13)

where θ̄ denotes delayed target-network parameters [28]. The subset I contains two critic heads sampled

from the ensemble, so the target takes the minimum over two heads. Each critic head is trained to

match this target on rollout latents, with the same temporal weighting used for model learning,

LQ(θ) = ETt∼D

H−1∑
k=0

ρk
1

NQ

NQ∑
i=1

(
Qπ

θ,i(ẑt+k, at+k)− yπt+k

)2 . (2.14)

This separates the input used for critic learning from the target used for bootstrapping: the critic is

evaluated on latents produced by the dynamics rollout, while the target is computed from the encoded

latents of the replay trajectory. For planning and policy improvement, TD-MPC2 uses the average over

the value heads instead of the pessimistic minimum used in the Bellman target.
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Implementation Note: Predicted states are used to train reward and value

The paper describes reward and value prediction as using encoded latents. In the implementa-

tion, these predictions are made from latents produced by the dynamics rollout. This is a value-

equivalent world-model formulation, aligned with the value-equivalence perspective and related

MuZero-style world models [11, 36].

Learning the policy. The policy is trained on latent states from the replayed trajectories and imag-

ined rollouts. It samples actions from πθ(· | z) and is updated to choose actions with high value under

the learned Q ensemble. The policy objective in Eq. (2.15) uses the ensemble average,

J(θ) = Ez∼D, a∼πθ(·|z)

− 1

NQ

NQ∑
i=1

Qπ
θ,i(z, a) + α log πθ(a | z)

 . (2.15)

Implementation Note: Incorrect Entropy Objective

The implementation of TD-MPC2 does not properly calculate the e�ect of the tanh squashing on

the policy distribution, so the entropy term is not correctly computed. As a result, the policy is

encouraged to be discrete/bang-bang rather than continuous. See the discussion in the TD-MPC2

repository issue for an implementation note and examples [17].

This is the same actor-critic idea as before, but applied in latent space and with an ensemble critic. The

policy is not the only mechanism used for acting, because MPPI performs additional planning before

an action is executed in the environment. However, a stronger policy prior improves the action samples

available to the planner and provides better terminal actions for the multi-step return estimate.

Summary: TD-MPC2

As in other actor-critic methods, TD-MPC2 alternates between acting in the environment and

sampling mini-batches from the replay bu�er to update its components. The main di�erence is that

TD-MPC2 learns a latent model of the environment, which it then uses to plan out actions that

it executes in the environment, instead of the actions from the policy network. Some additional

e�ects of learning a model are improved latent representations due to auxiliary losses, as well as a

value head that is trained to be value-equivalent.

2.4. BMPC
BMPC builds on TD-MPC2, but changes the two learned components that most directly interact with

the planner [46]. The policy is trained by distilling the planner into the policy network, and the state-

action value functions are replaced by state-value functions trained with imagined TD targets.

Learning the value function. BMPC replaces TD-MPC2's state-action value functions Qπ
θ,i(zt, at)

with state-value functions V π
θ,i(zt). This changes how value targets can be formed. A state-action value
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target can be learned from o�-policy replay transitions because the sampled action at is part of the

quantity being evaluated. A state-value target, however, should describe the value of following the

current policy from a state. The next state in an arbitrary replay transition was produced by the

behavior policy that collected the data, not necessarily by the current policy. BMPC resolves this by

using the learned model to create a synthetic on-policy transition from a replay state.

Given a replay state st, BMPC encodes it as zt = hθ(st), samples an action from the current policy,

and constructs the model-based TD target in Eq. (2.16):

yπt = Rθ(zt, a
π
t ) + γV π

θ̄ (ẑt+1), aπt ∼ πθ(· | zt), (2.16)

where the next latent is imagined by the learned dynamics model,

ẑt+1 = fθ(zt, a
π
t ).

The important di�erence from TD-MPC2 is therefore not a new value-loss form, but a new value target:

BMPC trains state values against TD targets generated from replay states, current-policy actions, and

model-predicted next latents, rather than from the true replay action and next state.

Learning the policy. BMPC trains the policy by distilling planner outputs stored in the replay bu�er.

When the planner is run on a latent state, the �rst-action marginal of the optimized action-sequence

distribution de�nes an expert planner policy πplan,t. BMPC stores this planner distribution together

with the transition and trains the policy to match the stored expert target. The policy objective is

therefore a planner-distillation loss rather than a value-maximization objective. The distillation pushes

log πθ towards log πplan, while the entropy term −α log πθ encourages the policy to stay broad, as shown

in Eq. (2.17):

Lπ(θ) = E(z,πplan)∼D,
a∼πθ(·|z)

[α log πθ(a | z)− log πplan(a)] . (2.17)

In this objective, the planner is the expert and the policy network is the student. This di�ers from TD-

MPC2, where the policy is improved by sampling actions and maximizing their predicted state-action

value under the learned critic.

Implementation Note: BMPC uses the backward KL

BMPC describes the distillation loss as a forward KL from the planner to the policy. The

implementation uses the reverse direction, from the policy to the planner, which makes the update

mode-seeking.

BMPC also changes the policy parameterization to match the clipped Gaussian form of the planner

target. Instead of using the usual tanh-squashed Gaussian policy, BMPC bounds the mean with tanh,

adds Gaussian noise in action space, and clips the resulting action to the valid action range,

ϵt ∼ N (0, I), ut = tanh(µθ(zt)) + σθ(zt)⊙ ϵt, at = clip(ut,−1, 1).

The clipped parameterization makes the policy distribution closer to the distribution produced by the

planner, whose sampled actions are also clipped to the environment action bounds.
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Summary: BMPC

BMPC is similar to TD-MPC2, except for changes in the value and policy learning. Firstly, in

BMPC the policy is trained by being distilled from the planner. During acting, BMPC stores not

only the transition, but also the planner policy for that transition in the replay bu�er. Those

planner action distributions are then distilled into the policy to train it. At some interval, some

of the stale planner policies in the replay bu�er are refreshed by running reanalyze planning [36].

This ensures that the policy sees recent targets. Secondly, BMPC does not use parameterized Q

functions, but instead V value functions. It trains the value function using on-policy synthetic

trajectories that are generated by the learned model.



3

E�cientTDMPC: Improved MPC Objectives

for Sample-E�cient Continuous Control

Summary: E�cientTDMPC

This chapter presents the E�cientTDMPC paper. E�cientTDMPC introduces several modi�ca-

tions that aim to make the planning objective used in TD-MPC-style agents less exploitable. First,

it replaces the single dynamics model with an ensemble of dynamics heads, so candidate action

sequences need to yield good predictions across all dynamics and value heads. Second, it averages

return estimates across multiple rollout depths, rather than just the maximum depth, further re-

ducing the variance of the return estimates. Third, it introduces an uncertainty-aware planning

objective that applies pessimism during reanalyze planning, so the planner avoids producing pol-

icy targets from action sequences whose return estimates are estimated to be uncertain. Together,

these changes aim to reduce the variance and exploitability of the return estimate that the planner

optimizes. Additionally, E�cientTDMPC introduces several auxiliary improvements, including

increasing the UTD ratio, reducing compute during reanalyze planning, and inserting transitions

into the replay bu�er at every environment step rather than only at episode end. While the UTD

increase and the uncertainty-aware planning showed signi�cant improvements, the dynamics en-

semble and mixed-depth return estimates did not, on their own, yield statistically signi�cant gains.

When applied jointly, however, E�cientTDMPC outperforms the baseline; uncertainty-aware plan-

ning also depends on the dynamics ensemble, and experiments indicate that the UTD scaling was

partially enabled by the other modi�cations. Not only does E�cientTDMPC signi�cantly outper-

form the baseline, but it also achieves state-of-the-art performance on the HumanoidBench-Hard

and DMC-hard domains while matching the state-of-the-art on the DMC-easy domain. Among the

compared methods, it is the only one to achieve state-of-the-art performance on all three domains.

16
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3.1. Introduction

Model-based reinforcement learning

(MBRL) methods that learn a world

model and use it for planning have

achieved strong sample e�ciency in

continuous control [49, 22, 8, 19, 18],

with applications spanning robotics,

autonomous vehicles, and spatial un-

derstanding and reasoning [15, 16, 27].

The TD-MPC family [19] has been very

successful in this domain by introduc-

ing a latent dynamics model with an

MPC planner to �nd action sequences

that maximize a bootstrapped return

estimate.
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Figure 3.1: Mean normalized sample e�ciency across
DMC Easy, Hard and HumanoidBench-Hard. Bars
show mean area under the normalized aggregated

learning curves (AUC) of each benchmark; error bars
show 95% CIs over 35 tasks, 3 seeds each.

Several recent works in the family, like TD-M(PC)2 [26], BOOM [50] and BMPC [46], then distill this

planner into the policy network, relying even more strongly on planning.

The planner's purpose is to �nd action sequences that maximize the estimated return. This estimate

is created by rolling out the learned dynamics and reward models and then bootstrapping with a value

network. However, when the learned model is inaccurate, the planner can exploit these inaccuracies

to �nd action sequences that look good under the learned model but are not actually good in the

environment [8, 22].

E�cientTDMPC replaces the single dynamics model with an ensemble, which previous work has shown

can reduce the error in model rollouts [8, 22, 49]. We also average the return estimates across di�erent

rollout depths, which has been successful in methods using MCTS [3, 39, 36], and is known to reduce

the variance of model-based return estimates [31, 3]. Lastly, E�cientTDMPC introduces the option

to apply a pessimistic penalty to the planner objective, which penalizes action sequences for which

the return estimate is uncertain. E�cientTDMPC obtains the strongest aggregate performance among

compared methods on HumanoidBench-Hard and DMC hard, while matching the strongest baseline on

DMC easy.

This paper contributes

� Improved planner objectives. Three mechanisms to reduce the variance in estimating the

return of action sequences: adding a dynamics ensemble, a mixed-depth value estimate, and a

pessimistic penalty in the planner objective.

� Pipeline improvements. These improvements include: per-step replay insertion, reduced com-

pute, and more successful UTD scaling.

� Performance. Evidence that E�cientTDMPC matches or outperforms SOTA baselines on

HumanoidBench-Hard, DMC hard and DMC easy, while being the only SOTA-performing method

across all three benchmarks.

3.2. Background
Problem setting and notation: We consider continuous-control problems modeled as discounted

Markov decision processes (S,A, P, r, γ). Here, S ⊆ Rn and A ⊆ Rm denote the state and ac-

tion spaces, where s ∈ S are states and a ∈ A are actions, P : S × A → ∆(S) is the state-

transition kernel, r : S × A → R is the reward function, and γ ∈ [0, 1) is the discount factor.
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A policy π : S → ∆(A) maps states to action distributions. We de�ne the value of a policy at

state s as the expected discounted return when starting from s and following π thereafter, V π(s) =

Eπ,P [
∑∞

t=0 γ
tr(st, at) | s0 = s, at ∼ π(· | st), st+1 ∼ P (· | st, at)] .

TD-MPC family: Our method builds on the TD-MPC family of works [19, 18] which use a strong

planner to �nd an action sequence that maximizes the estimated return. The estimated return of an

action sequence is then obtained by rolling out a latent world model and bootstrapping with a value

network. The planner is used both for acting in the environment and for distilling its behavior into a

policy network. Several followup works like TD-M(PC)2, BOOM, and BMPC then distill this planner

into the policy, relying even more strongly on the planner. We build on BMPC [46] speci�cally, since it

is a recent contribution that has shown strong empirical performance.

Latent world model: Table 3.1 lists the model components of BMPC.

Table 3.1: Model components of BMPC

Component Notation Role

Encoder hθ Maps observation st to latent zt = hθ(st)
Dynamics model fθ Predicts next latent: zt+1 = fθ(zt, at)
Reward model Rθ Predicts scalar reward from a latent-action pair
Policy (prior) πθ(· | z) Stochastic policy used to guide planning
Value network Vθ,i(z) Ensemble of state-value networks i ∈ {1, .., Nv}

Given an observed state st, the encoder produces the latent representation zt = hθ(st). The dynamics

head is then trained to predict the next latent ẑt+1 = fθ(zt, at) given an action at. Similarly, the reward

model predicts the reward earned at each step r̂t = Rθ(zt, at), and each member of the value ensemble

predicts the value at a state Vθ,i(zt). We use Xθ,i to denote the i-th ensemble member, and use the

notation Xθ as average over the ensemble.

Planner objective: In the TD-MPC family, a planner optimizes an action sequence of length H to

maximize the expected return. The exact objective used is the state-action value of the action sequence,

which is de�ned as the expected return of executing the action sequence at:t+H−1 starting from st, and

then following policy π thereafter.

Qπ
H(st,at:t+H−1) = EP

[
H−1∑
u=0

γur(st+u, at+u) + γHV π(st+H) | st,at:t+H−1, st+1 ∼ P (· | st, at)

]
.

Since direct access to this quantity is not available, the TD-MPC family estimates the state-action value

by rolling out its learned dynamics and reward models, and bootstrapping with the value network at the

end of the rollout. Speci�cally, given a latent state zt and an action sequence at:t+H−1, the state-action

value estimate is de�ned as

Q̂π
H(zt,at:t+H−1) =

H−1∑
u=0

γuRθ(ẑt+u, at+u) + γHV π
θ (ẑt+H), ẑt+u+1 = fθ(ẑt+u, at+u).

where ẑt = zt. This state-action value estimate, which we also call the return estimate, is then used as

the objective for the planner.

Speci�cally, the MPPI planner in the TD-MPC family tries to �nd the action distribution that maxi-

mizes the expected estimated state-action value of the action sequence sampled from that distribution,
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as follows:

(µ∗,σ∗) = argmax
µ,σ

Eat:t+H−1∼N (µ,diag(σ2))

[
Q̂π

H(zt,at:t+H−1)
]

where the details about the MPPI optimization can be found in the TD-MPC2 paper [18]. We then

de�ne the expert policy πplan as the Gaussian distribution N (µ∗
0,diag((σ

∗
0)

2)), where µ∗
0 and σ∗

0 are

the �rst timestep from µ∗ and σ∗. All members of the TD-MPC family sample from this expert policy

πplan to act in the environment.

Aside from planner objectives, the 1-step imagined value targets can also be seen as state-action value

estimates, but of the policy actions. Speci�cally, the value target yt is calculated as Q̄π
1 (zt, at) with

at ∼ πθ(· | zt), where ·̄ denotes that an exponential moving average of the value network was used,

which is common practice. The value heads are then trained to minimize the error with respect to this

value target.

Planner distillation into the policy, and reanalyze: In BMPC the expert action distribution

output by the planner is also distilled into the policy network. Speci�cally, when an environment

transition is collected the corresponding expert action distribution is stored as a policy target, and

the policy is trained to minimize DKL(πplan ∥πθ(· | zt)). This makes the policy act similarly to what

was executed in the past. BMPC then implements reanalyze [36] which refreshes the policy targets

in the replay bu�er by rerunning the planner on the replay states. These reanalyze targets steer

the policy towards fresher expert actions, but crucially these actions are never executed in the real

environment. One issue that reanalyze causes is that the fresh policy targets have never been executed

in the environment. As a result the model was not trained on them. This is a problem, since the model

rolls out the policy actions to create the value targets, which may not be accurate for these actions.

3.3. Related work
TD-MPC family and planner distillation

As discussed in Section 3.2, in the TD-MPC family, the actions from the learned policy are never

executed in the environment; therefore errors exploited by the policy may never be corrected through

interaction with the environment. BOOM [50] and TD-M(PC)2 [26] address this issue by regularizing

the policy towards the action taken in the environment, which leads to large improvements on tasks

with high-dimensional action spaces. A downside, however, is that the policy is regularized towards

stale actions, which is suboptimal. BMPC [46] then suggests to train the policy fully with distillation,

using reanalyze [36] to refresh the stale policy targets.

Dynamics ensembles in model-based reinforcement learning

Ensembles of learned dynamics models are widely used in MBRL. PETS [8], MBPO [22], MOPO [49] and

STEVE [4] use bootstrapped dynamics ensembles for uncertainty-aware model rollouts. The ensembles

reduce variance in the rollouts, but also provide an estimate of the epistemic uncertainty of the model

rollout.

Pessimism in reinforcement learning

Pessimism in reinforcement learning is a strategy to avoid epistemically uncertain regions [35]. Pes-

simism is often implemented as a penalty to the value estimates, either by taking a minimum over an

ensemble or subset of the ensemble [6, 14, 32, 18, 10] or by subtracting a disagreement based penalty

[49]. This penalty can be applied to value targets [14, 6, 10], to the policy objective, or to the plan-

ner objective [8, 22, 49]. MRS.Q [5] recently showed that pessimism is critical for achieving strong

performance on HumanoidBench-Hard [38], but also notes that it can hurt performance on DMC [42].
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Multi-horizon value estimation

Combining value estimates across multiple rollout depths is a common strategy in (model-based) RL

to reduce the variance of a return estimate. DreamerV3 [16] rolls out policy actions in its learned

model and uses TD(λ) [40] to combine the return estimates from di�erent rollout depths, yielding lower

variance value estimates. MCTS-based methods like MuZero [36] and TSMCTS [31] use a uniform

average over multiple rollout depths to reduce the variance of their value estimates. To our knowledge,

prior work has not used a mixed-depth return estimate as the objective optimized by an MPPI-style

MPC planner in the TD-MPC family.

3.4. E�cientTDMPC
We introduce E�cientTDMPC, a TD-MPC-style method that improves the reliability of model-based

return estimates used for planning. The TD-MPC family relies heavily on its planner to �nd actions that

maximize the estimated return. Reducing the error in the return estimate can be expected to yield better

results from planning. The return estimate is obtained by rolling out the learned dynamics and reward

models, and bootstrapping with the value network at the end of the rollout. As such, the return estimate

is prone to error from all components, which compounds with rollout depth. E�cientTDMPC makes

the planner objective less sensitive to errors in any single learned model rollout. First, it introduces an

ensemble of dynamics models and averages over each of their predictions of the return, which previous

work has shown can reduce error [8, 22, 49] of model-based return estimates. Secondly, it averages

the return estimates from rolling out and bootstrapping at di�erent depths, which has been successful

in other works that employ MCTS [3, 39, 36], and is known to reduce estimator variance under weak

assumptions [31, 3]. Third, it introduces the option to apply pessimism to the planner objective during

reanalyze, which prevents distilling action distributions into the policy for which the value estimates

are very uncertain. We then introduce two practical training improvements that improve replay bu�er

freshness and reduce wall-clock training time. Lastly, we �nd that our contributions enable us to

successfully scale the UTD ratio, further improving sample e�ciency. We build our contributions on

BMPC [46], a recent strong contribution to the TD-MPC family.
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Figure 3.2: Process of return estimation of E�cientTDMPC vs BMPC (Right) BMPC rolls out a
single dynamics head, predicts the reward earned at each depth and bootstraps with its value ensemble. (Left)
E�cientTDMPC creates multiple rollouts using an ensemble of dynamics models. It then predicts the reward
and bootstrapped value at each depth. The estimate is then averaged over the di�erent rollouts and the return

estimates from di�erent rollout depths.

3.4.1. Ensembles for state-action value estimation
E�cientTDMPC introduces an ensemble of dynamics models to the TD-MPC family, denoted as fθ,i
for i ∈ {1, .., Nf} ,where Nf is the number of dynamics heads. Prior work has shown that dynamics

ensembles can reduce the error in model based return estimates [8], but this has not been applied to the

TD-MPC family. We propose to introduce a method similar to the TS∞ trajectory sampling method
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introduced by PETS, in which each dynamics head is rolled out individually, and the resulting return

estimates are combined. The main di�erence from PETS is that E�cientTDMPC bootstraps each

rollout with learned value networks.

We �rst de�ne a state-action value estimate that uses a single dynamics head with index i ∈ {1, .., Nf}
and a single value head with index j ∈ {1, .., Nv} as,

Q̂π
H(zt,at:t+H−1; i, j) =

H−1∑
u=0

γuRθ(ẑt+u, at+u) + γHVθ,j(ẑt+H), ẑt+u+1 = fθ,i(ẑt+u, at+u) (3.1)

where ẑt = zt. This is the state-action value estimate obtained by rolling out the dynamics head with

index i and bootstrapping with the value head with index j. We can then obtain Nf × Nv di�erent

estimates of the state-action value by varying i and j. We then de�ne our improved state-action value

estimate as the average over each combination of dynamics and value heads,

Q̂π
H(zt,at:t+H−1) =

1

NfNv

Nf∑
i=1

Nv∑
j=1

Q̂π
H(zt,at:t+H−1; i, j) (3.2)

We also use the ensemble disagreement to estimate the variance of the state-action value estimate. The

variance estimate used is the standard estimator of the variance of the mean, given Nf×Nv independent

samples:

σ̂2
Q̂π

H

(zt,at:t+H−1) =
1

NfNv(NfNv − 1)

Nf∑
i=1

Nv∑
j=1

(
Q̂π

H(zt,at:t+H−1; i, j)− Q̂π
H(zt,at:t+H−1)

)2

(3.3)

This variance estimate, written as σ̂2
Q̂π

H

, is then used in Section 3.4.3 as a penalty to the planner

objective during reanalyze. We acknowledge that this estimate underestimates the true variance because

it assumes that the individual estimates are independent, which is not the case since the same value or

dynamics head is used for several of them. We use this variance estimate purely as a penalty to the

planner objective during reanalyze, and �nd that it works well in practice.

3.4.2. Aggregate multi-horizon planning objective
To further reduce estimator variance, we introduce a mixed-horizon planner objective, obtained by

averaging the state-action value estimates across di�erent rollout horizons. As discussed in Section 3.3,

this form of value aggregation has been shown to reduce variance under mild assumptions and has been

successful in other model-based RL planning methods like MCTS [3, 39, 36]. We introduce this idea to

MPC-based planners within model-based RL, which, to our knowledge, has not been done before.

Q̂aggregate,H(zt,at:t+H−1) =
1

H

H∑
h=1

Q̂h(zt,at:t+h−1) (3.4)

where each Q̂h only evaluates the value of the �rst h actions in the action sequence, and bootstraps

with the value network at depth h. If we assume the estimates Q̂h are not fully correlated, or that the

variance of the estimates increases with depth, then the variance of our proposed objective will be lower

than the single horizon objective at that rollout depth [31]. We use the horizon-aggregated objective

during planning at acting time, together with an increase in the rollout horizon.
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3.4.3. Pessimistic reanalyze
We propose to add the option of pessimism to the planner objective during reanalyze, to avoid distilling

actions into the policy on which the model and value networks are not well trained. As discussed in

Section 3.3, a known issue in the TD-MPC family is that of a mismatch between the actions taken in the

environment and the actions output by the policy network [50]. Since the model and value networks are

not trained on the policy actions, they are more likely to produce inaccurate predictions for them. Prior

work solved this by regularizing the policy towards the action that was taken in the environment, but

in later parts of the training that action becomes stale, which can be expected to slow down learning.

BMPC solves this by reanalyzing the stale targets, but by doing so it reintroduces the issue where the

model may not be trained on the actions output by the policy.

E�cientTDMPC introduces a pessimistic mechanism to reanalyze, to make policy targets that are fresh,

but are also regularized towards actions that the model has actually been trained on. Speci�cally, we

de�ne the pessimistic reanalyze objective as follows:

Jreanalyze,H(at:t+H−1) = Q̂π
H(zt,at:t+H−1)− βσ̂Q̂π

H
(zt,at:t+H−1),

where σ̂Q̂π
H
(zt,at:t+H−1) is the square root of the estimated variance de�ned in Section 3.4.1. Here

β trades o� maximizing expected return and minimizing uncertainty. A higher β leads to a planner

that �nds actions with more certain return estimates, which are more likely to be accurate. Since the

reanalyze targets are distilled into the policy, the policy also outputs actions that lead to more certain

return estimates, which in turn leads to more reliable value targets. We note that the option to add

pessimism is fundamentally a tradeo� between variance reduction and maximization, to which di�erent

tasks respond di�erently. As mentioned in Section 3.3, prior work has found that HumanoidBench-Hard

generally bene�ts from pessimism, while DMC tasks do not.

3.4.4. Practical modi�cations
Data freshness. E�cientTDMPC inserts each transition immediately, as opposed to previous work

in the TD-MPC family which adds newly collected transitions after a full episode. This shortens the

delay before new experience can a�ect model, value, and policy learning.

Cheaper reanalyze. Reanalyze is responsible for the majority of the wall-clock training time, so we

reduce its planning budget by reducing the particles, elites and policy seeds by a factor of eight. We

�nd in Section 3.5.2 that, for reanalyze, fewer planning particles are su�cient in practice. Additionally,

we do not apply the longer horizon and horizon aggregation to reanalyze to save compute.

Higher UTD scaling. We �nd that E�cientTDMPC bene�ts more from increasing the UTD than

BMPC does. We de�ne scaling the UTD as proportionally increasing the number of gradient steps

taken per environment step, as well as increasing the reanalyze ratio.

3.5. Experiments
We implement our E�cientTDMPC agent with an ensemble of four dynamics heads and two value

heads. During planning at acting time we increase the rollout horizon from three to six and optimize

the aggregate horizon objective. To save compute we do not apply the aggregate horizon objective to

planning during reanalyze. For HumanoidBench we choose a reanalyze pessimism coe�cient of β = 10

based on the sweep in Section 3.5.2, while for DMC we set β = 0, since our experiments in Figure 3.5

and prior work [5, 32] show that pessimism can hurt performance in this domain. We describe the

baselines used for comparison in Appendix A.1.3.
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3.5.1. Results.
Figure 3.3 gives the normalized aggregate learning curves of E�cientTDMPC compared to several

strong baselines. In normalized aggregate learning curves, E�cientTDMPC reaches higher sample

e�ciency than the strongest compared baseline on HumanoidBench-Hard and Hard DMC, and remains

competitive with the strongest baseline on Easy DMC.
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tasks). Shaded regions show 95% con�dence intervals over at least three seeds per task.
Appendices A.2.1, A.2.2, and A.2.3 provide the complete per-task learning-curve grids. Appendix A.1.2 gives

the full protocol including a description of the HumanoidBench subset used

3.5.2. Component contributions
Dynamics ensemble, Bu�er update, and Aggregate horizon objective. We isolate three compo-

nents of E�cientTDMPC and evaluate their individual e�ects by adding them to the baseline (BMPC).

Results are averaged over six seeds and four representative tasks that span the di�erent action dimen-

sions present in DMC: quadruped-walk, reacher-hard, dog-stand, and humanoid-walk. Figure 3.4 shows

the task-aggregated contribution of these components to �nal performance. Interestingly, although the

trends are generally positive, none of the isolated components clearly separate from BMPC under our

con�dence intervals and number of seeds used. However, we see in Figure 3.3 that when combined,

E�cientTDMPC achieves a strong performance, which supports the hypothesis that the contributions

may complement each other. Appendix A.2.4 shows the individual learning curves for each task.
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Figure 3.4: Component ablations. Left: the e�ect of the dynamics-ensemble size. Center: the e�ect of per
step replay-bu�er insertion. Right: The e�ect of the horizon aggregation. Shaded regions show 95% con�dence

intervals for mean normalized return across four ablation tasks with six seeds each.
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Reanalyze pessimism. We ablate the e�ect of pessimism during reanalyze by sweeping the pessimism

coe�cient β over {0, 1, 3, 10, 30} on three tasks that represent the e�ect of pessimism on each benchmark:

h1hand-walk for HumanoidBench, dog-run for hard DMC and reacher-hard for easy DMC. Figure 3.5

shows that moderate pessimism can signi�cantly improve performance on h1hand-walk, while having a

negative or insigni�cant e�ect on the DMC tasks. This is in line with prior work [32, 5], which states

that pessimism reduces overestimation bias, which can hurt performance in DMC. We therefore choose

to add pessimism to tasks in HumanoidBench but not DMC. Being able to set the pessimism level for

di�erent tasks is both a feature and a limitation of our work.
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Figure 3.5: Reanalyze pessimism ablation. Evaluation reward for pessimism coe�cients
β ∈ {0, 1, 3, 10, 30} on h1hand-walk, dog-run, and reacher-hard, which are chosen to show a representative

e�ect. Moderate pessimism improves h1hand-walk, has a mixed e�ect on reacher-hard, and degrades dog-run
at larger coe�cients.

Combined Contributions and UTD scaling. As mentioned previously, the contributions of E�-

cientTDMPC may complement each other, yielding signi�cant improvements for E�cientTDMPC with

UTD-1 with respect to BMPC. We �nd that our method also bene�ts from increasing the UTD ratio,

an example of which can be seen in Figure 3.6b. While the e�ect is not strong, E�cientTDMPC seems

to scale better with higher UTD than BMPC does. Appendix A.2 shows the e�ect of UTD scaling on

each task.

Method Minutes Rel. BMPC

BMPC 45 ± 3 1×
Ours UTD-1 47 ± 2 1.05×
Ours UTD-2 59 ± 4 1.31×
Ours UTD-4 109 ± 5 2.42×

(a)
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Figure 3.6: UTD scaling and runtime. (a) Minutes to train for 200k environment steps on a single
NVIDIA A100 GPU for BMPC, and for E�cientTDMPC at di�erent UTD ratios; full comparison detail is in
Appendix A.1.4. (b) UTD scaling on humanoid-walk. E�cientTDMPC bene�ts strongly from higher UTD,
while BMPC improves more gradually under the same scaling; shaded regions show 95% con�dence intervals

using 5 seeds per method.

UTD and wall-clock training time. We also compare the wall clock runtime of E�cientTDMPC

under di�erent UTD ratios against BMPC in Figure 3.6a. We �nd E�cientTDMPC with UTD 4 does

have a signi�cantly higher wall-clock training time compared to BMPC. This is a limitation of our

proposed method. However we �nd that E�cientTDMPC with UTD-1 still outperforms BMPC while
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having similar training times. This is in part due to the reduced number of MPPI particles used during

reanalyze, which save signi�cant compute, while not hurting performance, as shown in Figure 3.7a.

Separately, Figure 3.7b shows that applying pessimism during acting in addition to reanalyze does not

improve performance.
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Figure 3.7: Planner ablations. (a) Cheap reanalyze: normalized aggregate planner performance showing
the e�ect of cheaper reanalyze, comparing 512 reanalyze particles against 64 reanalyze particles across four
HumanoidBench tasks, with 5 seeds per task for each condition, averaged after merging nearby evaluation

checkpoints. Per task results are in Figure A.5 in the Appendix. (b) Pessimism: normalized aggregate planner
performance showing the e�ect of doing pessimism during acting as well, comparing pessimistic reanalyze
against pessimistic acting and reanalyze across four HumanoidBench tasks, with 5 seeds per condition and

task. Shaded regions denote 95% con�dence intervals in both �gures. Per task results are in Figure A.6 in the
Appendix.

3.6. Conclusion
E�cientTDMPC improves BMPC by making the learned planner objective more reliable. By averaging

return estimates across dynamics heads and rollout depths, and by using disagreement-based pessimism

during reanalyze, E�cientTDMPC reduces the planner's sensitivity to single-model errors. Together

with practical training improvements, these changes improve sample e�ciency on HumanoidBench-Hard

and Hard DMC while remaining competitive on Easy DMC. Our results suggest that in TD-MPC-style

agents, improving the reliability of the objective optimized bene�ts the sample e�ciency on the DMC

and HumanoidBench-Hard benchmarks.
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Joint Optimization of Action Sequences and

Planning Horizon as Future Work

This chapter provides a detailed suggestion for future work on a general framework for uncertainty-

aware model-based reinforcement learning. This framework treats the planning horizon itself as a

decision variable that can be optimized. It trades o� expected return and uncertainty in the same

way as the choice of action sequence does. By jointly optimizing the action sequence and the planning

horizon, the planner can �nd better tradeo�s between expected return and uncertainty. The proposed

framework can be applied to any MPC-based planner that uses a learned model or value function to

bootstrap the objective.

4.1. Related Work and Motivation
Explicit mean-variance tradeo�. Uncertainty-aware reinforcement learning works under the premise

that when choosing actions, the agent should not only aim to maximize the expected return, but should

also consider how certain the return estimate is. Uncertainty awareness has been used extensively in

reinforcement learning, both for seeking out actions with uncertain outcomes for exploration [33] and

avoiding uncertain actions for robustness. In model-free RL, disagreement between value heads in an

ensemble has been successfully used as a measure of uncertainty. This uncertainty estimate is then often

used as a bonus or penalty in the value target, policy objective, or both. Alternatively, a minimum or

maximum over a subset of the ensemble is taken, which has the same e�ect.

With the rise of model-based RL, PETS proposed trajectory sampling as a method to estimate the

uncertainty of model-based return estimates [8]. This involves rolling out an action sequence with

multiple combinations of models and value functions, and then computing the variance of the resulting

return estimates. This variance or standard deviation estimate, often called disagreement, can then be

used as a proxy for uncertainty. Similarly to model-free RL, these uncertainty estimates can then be

added to or subtracted from the return estimates [37, 44]. The resulting quantity can be interpreted as

an upper or lower con�dence bound on the return estimate. These bounds on the return estimate can

then be used as simple value targets, but also as planning or policy objectives. Several model-based RL

works such as PETS and CoPlanner [8, 44] also use uncertainty-aware model-based return estimates

when evaluating action sequences.

26
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Adaptive rollout horizon. In a seemingly separate line of work, several methods have proposed

using uncertainty estimates to adapt the rollout horizon. Just as the choice of action sequence can

trade o� expected return and uncertainty, the choice of rollout depth does as well. When the actions

rolled out come from the current policy, any rollout depth simply estimates the value of the current

policy. Deeper rollouts simply add variance due to model error and policy stochasticity, and reduce

bias slightly since they rely more on recent policy actions rather than a value bootstrap that is biased

toward a slightly less recent policy. In this case, prior work has focused on reducing the variance of

the estimates. Some works choose �xed rollout depths which empirically work well. Other options like

TD-lambda [41], which was used by DreamerV3 [16], use a �xed weighted average of di�erent rollout

depths to reduce the variance. STEVE was the �rst to estimate the uncertainty at each rollout depth,

and to optimally combine the di�erent rollout depths to obtain the minimal variance [4]. None of

these methods include an incentive to put more weight on longer rollout depths, except when doing so

reduces the variance of the �nal estimate. The reason for this is that the actions rolled out are still

from the policy, meaning the gain in expected return is often negligible. This is where policy or planner

objectives come in. When the actions rolled out are optimized, instead of just sampled from the policy,

deeper rollouts actually change the quantity being estimated. As a result, the increase in estimated

return may be very signi�cant. It is for this reason that methods like TD-MPC see greater empirical

performance with planning depths of 3, rather than 1, which would be a more natural choice if the goal

was just to reduce variance [18]. We see that the choice of planning depth controls a tradeo� between

the mean and variance of the return estimate, just as the choice of action sequence does.

Joint optimization of action sequence and planning depth. We outline the following gap in the

literature. Existing adaptive horizon selection methods have not been applied to planning objectives,

nor are they suitable to use for planning objectives.

� Adaptive horizon to minimize variance only. Prior work adapts the rollout horizon to

explicitly minimize the variance of the return estimate, ignoring the mean of the return estimate.

This works well for rollouts of policy actions where the depth does not signi�cantly change the

expected return. However, this is very suboptimal in planning settings where deeper rollouts can

signi�cantly increase the expected return. In this case, the choice of planning depth should not

only reduce the variance, but also increase the mean of the return estimate.

� No joint optimization of action sequence and planning horizon. To our knowledge,

there exists no prior work in which the action sequences and planning horizon are optimized

jointly, especially not by optimizing a convex combination over multiple planning horizons. We

propose that this is suboptimal since the choice of action sequence and planning horizon are tightly

dependent, and they both trade o� the mean and variance of the return estimate.

4.2. Depth-Speci�c Planning Values
For a rollout depth τ , de�ne the depth-τ state-action value of an action sequence as

Qπ
τ (st,at:t+τ−1) =

τ−1∑
k=0

γkr(st+k, at+k) + γτV π(st+τ ). (4.1)

The �rst τ actions are chosen explicitly, after which the return is bootstrapped with V π. In the learned

latent model, the corresponding estimate is

Q̂π
τ (zt,at:t+τ−1) =

τ−1∑
k=0

γkRθ(ẑt+k, at+k) + γτV π
θ (ẑt+τ ), ẑt+k+1 = fθ(ẑt+k, at+k). (4.2)
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This is the same type of model-based return estimate used in TD-MPC-style planners, but indexed by

the rollout depth at which the value bootstrap is queried. For a �xed �rst action at, we de�ne the τ

optimized state-action value

Q̃π
τ (st, at) = max

at+1:t+τ−1

Qπ
τ (st,at:t+τ−1). (4.3)

This quantity represents the return that can be achieved by optimizing the �rst τ−1 continuation actions

after at. With exact dynamics, rewards, and values, deeper optimization monotonically increases the

expected return:

Q̃π
1 (st, at) ≤ Q̃π

τ (st, at) ≤ Q̃π
τ+1(st, at) ≤ Q̃π

∞(st, at) = Q∗(st, at). (4.4)

The ideal planner would therefore use the longest available horizon, because a longer horizon replaces

more of the policy bootstrap with optimized actions.

4.3. The Mean-Uncertainty Tradeo�

In reality the agent does not have access to the true Qπ
τ , but only to learned return estimates Q̂π

τ . These

estimates are not perfect and have some variance, denoted by σ2
Q̂π

τ

, or σ2
τ for brevity. Due to increasing

rollout errors, the variance of the return estimates generally increases with the rollout depth τ :

σ2
1 ≤ σ2

τ ≤ σ2
τ+1 ≤ σ2

H . (4.5)

As a result, choosing the planning depth involves a fundamental tradeo� between the expected return

and the uncertainty of the return estimate. Deeper planning leads to higher expected return, but also

to higher uncertainty.

4.4. Explicit Mean-Uncertainty Tradeo� with Lower Con�dence Bounds
Prior work [8] in the uncertainty-aware RL literature has proposed to explicitly trade o� return and

uncertainty by maximizing a lower con�dence bound on the return estimate. The agent estimates

the uncertainty of the return estimate σ̂τ , as well as the return estimate Q̂π
τ itself, and then uses the

following planning objective:

Jτ,β(a) = Q̂π
τ (a)− βσ̂τ (a). (4.6)

From this point onward, for brevity, we refer to dependence on (zt,at:t+τ−1) as simply dependence on

a. The planner then �nds the action sequence that maximizes this lower-con�dence bound:

a∗ ∈ argmax
a

Jτ,β(a). (4.7)

Here β controls the tradeo� between estimated return and uncertainty, and τ is a �xed planning depth.

4.5. Adaptive Horizon Selection
We propose that the choice of planning depth trades o� expected return and uncertainty in the same

way as the choice of action sequence. While previous work has generally chosen planning depth as a

�xed hyperparameter, we propose that the planner should jointly optimize the action sequence and the

planning depth. Instead of �xing τ in advance, the planner can choose the rollout depth that yields the
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best lower-con�dence bound:

τ∗ ∈ arg max
τ∈{1,...,H}

max
a

[
Q̂π

τ (a)− βσ̂τ (a)
]
. (4.8)

Under unbiased return estimates and accurate uncertainty estimates, this objective selects the planning

horizon that is optimal for the chosen lower-con�dence-bound criterion, rather than using the same

planning depth for all situations.

4.6. Convex Horizon Mixtures
The optimization can be made more �exible by allowing the planner to choose a convex combination

of di�erent depth return estimates instead of selecting a single depth. For w ∈ ∆H , where ∆H is the

probability simplex, de�ne the true horizon-mixture value as

Qπ
w(a) =

H∑
τ=1

wτQ
π
τ (a). (4.9)

The corresponding learned estimate is the same convex combination of the depth-speci�c return esti-

mates,

Q̂π
w(a) =

H∑
τ=1

wτ Q̂
π
τ (a). (4.10)

The variance of the mixture estimate is then simply

σ2
w(a) = Var

[
Q̂π

w(a)
]
= w⊤Σ(a)w. (4.11)

where Σ(a) is the covariance matrix of the depth-speci�c return estimates. In practice, we estimate this

covariance matrix as Σ̂(a) ∈ RH×H . The diagonal entries are the estimated variances of the individual

depths σ̂2
τ (a), while the o�-diagonal entries are set to zero, corresponding to an approximation that

ignores cross-depth correlations:

Σ̂(a) =


σ̂2
1(a) 0 · · · 0

0 σ̂2
2(a) · · · 0

...
...

. . .
...

0 0 · · · σ̂2
H(a)

 . (4.12)

The estimated variance of the mixture is therefore

σ̂2
w(a) = w⊤Σ̂(a)w. (4.13)

The resulting uncertainty-aware horizon-mixture objective jointly optimizes the action sequence and

the horizon weights:

max
a, w∈∆H

[
Q̂π

w(a)− β

√
w⊤Σ̂(a)w

]
. (4.14)

Assuming the di�erent depth estimates are not perfectly correlated, this objective is able to reach a

higher lower con�dence bound on the return estimate compared to picking the single-depth objective,

as proposed previously in Eq. (4.6).
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4.7. Solving the Joint Optimization
The previous section introduces a joint optimization over action sequences and horizon weights. We

propose a method to solve this e�ciently by integrating a horizon-weight optimization step into the

MPPI planner [48]. MPPI works by scoring proposed action sequences and then updating the action-

sequence distribution to assign higher probability to better-scoring sequences. Standard MPPI scores a

candidate action sequence with a �xed-depth return estimate such as Q̂π
3 (a). We propose to score each

candidate with optimal horizon weights. Finding the optimal horizon weights for a candidate action

sequence can be done relatively cheaply with a gradient-based optimizer, since the search space is just

the simplex over H dimensions, and the objective is di�erentiable and cheap to evaluate.

Algorithm 4.1 gives pseudocode for MPPI planning with per-sequence horizon-weight optimization.

Algorithm 4.1 Simpli�ed MPPI with per-sequence horizon-weight optimization

1. Initialize the action-sequence distribution N (µa, σ
2
a) over trajectories of length H.

2. For each MPPI iteration:
(a) Sample candidate action sequences a(n) from the current distribution.
(b) For each candidate action sequence a(n):

i. Estimate Q̂π
τ

(
a(n)

)
for all τ ∈ {1, . . . ,H} and Σ̂

(
a(n)

)
.

ii. Find optimal horizon weights for this candidate using a gradient-based opti-
mizer:

w(n),∗ ∈ arg max
w∈∆H

[
Q̂π

w

(
a(n)

)
− β

√
w⊤Σ̂

(
a(n)

)
w

]
.

iii. Score the candidate with the optimized horizon weights,

S(n) = Q̂π
w(n),∗

(
a(n)

)
− β

√(
w(n),∗

)⊤
Σ̂
(
a(n)

)
w(n),∗.

(c) Use the scores S(n) to weight each candidate.
(d) Update the action-sequence distribution mean and variance toward better-scoring candidates.

3. Execute the �rst action of the best or mean action sequence.

4.8. Sanity Check
We present a preliminary test of the proposed method. We trained the E�cientTDMPC agent on the

reacher-hard task from DMC, and took a checkpoint of the agent's components after 50k environment

steps. We then ran the proposed planner with per-sequence horizon-weight optimization on the learned

model. Figure 4.1 shows the horizon weights throughout the MPPI iterations.

Figure 4.1: Horizon weights (color) throughout the MPPI iterations (y-axis) for each depth (x-axis),
evaluated on a single reacher-hard state from a checkpoint at 50k environment steps.

We make several observations:
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1. The horizon weights are not concentrated on a single depth, but rather spread out across multiple

depths to reduce variance, as expected.

2. In early planning the horizon weights are mostly concentrated on the shorter horizons, but as the

planner iterates, it focuses on deeper planning. This is also expected, since the planner is able to

�nd better action sequences as it iterates, which makes deeper planning more e�ective.

Summary: Joint optimization of action sequence and planning horizon

We propose a direction for future work on a framework for uncertainty-aware model-based re-

inforcement learning in which the planning horizon is treated as a decision variable that can be

optimized. By jointly optimizing the action sequence and a weighted combination of planning hori-

zons, the planner can �nd better tradeo�s between expected return and uncertainty. The proposed

framework can be applied to any MPC-based planner that uses a learned model or value function

to bootstrap the objective. The proposed method requires a small change to the planner used in

E�cientTDMPC, but may lead to signi�cant performance improvements. The proposed solution

aims to �nd the optimal planning depth for a given situation, instead of using the same planning

depth for all situations. This includes di�erent planning depths for di�erent tasks, states, actions,

points in training, and iterations of the planner.
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Discussion and Conclusion

5.1. Discussion
This section discusses the results of the thesis and the insights that can be drawn from them in terms

of the research questions. How should we change the model-based planner objective in TD-MPC-style

agents to increase their sample e�ciency? To what extent does this thesis provide insights on the

general use of learned models by reinforcement learning agents to �nd actions that lead to high future

reward?

5.1.1. Performance of E�cientTDMPC
One of the main results of this thesis is the sample e�ciency that E�cientTDMPC was able to achieve

on three well-known benchmarks for continuous control. E�cientTDMPC signi�cantly outperformed

the strong baseline BMPC on all three benchmarks by a large margin while using the same wall-clock

time. Furthermore, the highest UTD setting of E�cientTDMPC has become the new state of the art

on HumanoidBench-Hard and DMC hard, while matching the state of the art on DMC easy. It is also

the only method to reach state-of-the-art performance on all three benchmarks. This is a strong result

that demonstrates the e�ectiveness of the modi�cations proposed in this thesis.

5.1.2. E�ects of individual contributions
While the performance of the �nal proposed system is strong, it is valuable to understand the contri-

butions and interactions of the individual modi�cations that were made. The three main contributions

proposed in this thesis were the dynamics ensemble, depth aggregation, and uncertainty-aware planning.

Additionally, E�cientTDMPC made some auxiliary modi�cations, such as reducing the reanalyze com-

pute and updating the replay bu�er more frequently. Lastly, E�cientTDMPC showed that it bene�ts

from higher UTD settings. The thesis contained experiments that ablate the individual e�ects of these

modi�cations. Experiments on the individual e�ects of the dynamics ensemble and depth aggregation

showed that while these components were more likely to have contributed rather than harmed perfor-

mance, the number of seeds was not su�cient to conclude a statistically signi�cant performance gain.

Despite this, the �nal version of E�cientTDMPC did show signi�cant improvements, even when tested

on DMC with UTD 1. In this case the only modi�cations that were active were the dynamics ensem-

ble, depth aggregation, and the auxiliary modi�cations. Furthermore, in this setting E�cientTDMPC

bene�ted signi�cantly more from higher UTD settings than the baseline. These improvements seen

in this setting can be explained in one of the following ways. The �rst option is that the dynamics

32
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ensemble and depth aggregation may have had some positive e�ect, but the number of seeds of the

individual experiments was not su�cient to show a signi�cant e�ect. The �nal experiments used more

tasks and seeds, revealing statistically signi�cant improvements all along. The second option is that

one of the auxiliary modi�cations is responsible for the improvements. Our experiments do show that

the reduced reanalyze compute, which is an auxiliary modi�cation, actually improved performance

weakly on HumanoidBench. While this seems counterintuitive, it may be responsible for a part of the

improvements. The third option is that the modi�cations interacted positively with one another to

yield more statistically signi�cant improvements. It is unclear which of these options is the true expla-

nation for the improvements. Uncertainty-aware planning, also named the pessimistic reanalyze, did

show signi�cant improvements on HumanoidBench, and is likely responsible for a large portion of the

HumanoidBench improvements. We �nd that while pessimistic reanalyze is a tool that can signi�cantly

improve performance, it should not always be used, since it can also hurt performance on some tasks. It

is important to note that the implementation of uncertainty-aware planning also required the use of a

dynamics ensemble in order to estimate the uncertainty of the dynamics. For this reason, the dynamics

ensemble may be crucial to the performance of E�cientTDMPC, perhaps not by reducing the error of

the return estimates, but by enabling better uncertainty-aware planning. However, the thesis contains

no experiments that ablate the e�ect of the dynamics ensemble on uncertainty-aware planning, so no

de�nitive conclusions can be drawn on this.

5.1.3. Pessimism and Safety
Another important metric besides sample e�ciency is the safety of the method interacting with the

environment. This is especially important for real-world applications, where unsafe interactions can

lead to damage to the system or its surroundings. One of the main contributions of this thesis is

uncertainty-aware planning, which has been shown to signi�cantly increase the sample e�ciency of the

method. In addition, it allows us to control the extent to which the agent seeks out states that are

uncertain and new. Uncertainty-aware planning is therefore also a tool to control the agent's desire to

take risks and explore new states and actions, which is an important component of the safety of the

method.

5.1.4. Computational Cost and Hardware E�ects
Another important metric of any reinforcement learning method is the computational cost. Especially in

more realistic applications, modeling the world and planning with it can be computationally expensive,

and the computational cost may be a bottleneck for the method. The ideas proposed in this thesis

generally increase the computational cost of the method, since they require more model and value

function evaluations. This is a large drawback. However, this thesis also provides an insight that saves

compute, which allows the proposed E�cientTDMPC to have the same wall-clock training time as the

baseline. This insight is that planning compute during acting in the environment should not be the

same as planning compute during reanalyze, that is, when refreshing policy targets. Our experiments

show that reducing the number of planning particles during reanalyze can actually increase performance,

while reducing the number of reanalyze FLOPS by 8x. Our intuitive explanation for this is that the

original planner was designed to act in the environment. When acting in the environment, we want

to take actions that try to exploit the errors in our estimates, because this is how we collect new data

to get those errors �xed. For this reason, expensive planning is justi�ed, since it better exploits those

errors. However, when we do reanalyze planning, we are de�ning the actions that we want our policy to

follow. We do not want our policy to take exploitative actions, since this will destabilize value functions.

As a result, the method may even bene�t from cheaper reanalyze planning. Despite saving compute on

reanalyze, our method does still require more FLOPS than the baseline, primarily due to the planning

compute when acting in the environment. We predict that our wall-clock training time is equal in the
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UTD 1 case due to two reasons. First, our implementation di�ers from that of the baseline, and it

may be more optimized. Second, we test on a larger A100 GPU, whereas the baseline was tested on a

slightly smaller RTX 3090 GPU. It may be that our extra FLOPS saturate the larger GPU better and

are therefore not converted to extra wall-clock time.

5.1.5. Broader Impact
The broader goal of this thesis is to gain insights that extend into more realistic physical intelligence

systems. Such a setting deals with more complicated environments that have high-dimensional observa-

tions and only partially observable states. As stated in the introduction, to do reinforcement learning

in such environments, one ongoing plan is to pretrain a world model and policy via imitation, and then

�ne-tune them with reinforcement learning. The question becomes: to what extent will the insights

from this thesis extend to such systems? While a de�nitive answer to this question will require experi-

ments that are left to future work, we can speculate on properties that will limit the transferability of

the insights, as well as which insights may be relevant for such realistic systems. One big bottleneck that

limits the transferability of the insights in this thesis to such a setting is that the TD-MPC framework

trains a value-equivalent world model. This means that the latent state does not describe the full ob-

servation, but rather only what matters for the task, and the dynamics are trained to predict the value

accurately, not just the dynamics. While this is a powerful concept, it does not align well with the idea

of pretrained world models. Pretrained world models should, by de�nition, model the full environment.

While this does not limit the transferability of the ideas in this thesis, it may limit the extent to which

the empirical bene�ts of the ideas in this thesis transfer to such a setting. For example, the dynamics

ensemble may be less e�ective when the dynamics are pretrained. Without further experimentation, it

is unclear to what extent the validity of the insights in this thesis will transfer to more realistic physical

intelligence systems.

5.1.6. Future work
Future work should �rst strengthen the causal evidence for the individual components of E�cientTDMPC.

In particular, more seeds and broader factorial ablations are needed to separate the e�ects of the dynam-

ics ensemble, depth aggregation, uncertainty-aware planning, reduced reanalyze compute, replay-bu�er

updates, and higher UTD settings. This would clarify whether the gains of the full method are caused

by speci�c components, by interactions between them, or by auxiliary implementation changes. Future

work should also experiment more with the dynamics ensemble. Dynamics ensembles have been shown

to be very e�ective in other model-based RL works, but E�cientTDMPC has been the �rst work to

apply them to value-equivalent world models. Further experiments should be done to understand the

e�ects of the dynamics ensemble on value-equivalent world models. Second, the e�ect of the dynamics

ensemble on uncertainty-aware planning should be studied. The aim of this would be to understand

whether the uncertainty-aware planning signi�cantly bene�ts from uncertainty estimates that take the

uncertainty in the dynamics into account, or whether the uncertainty from the value head disagreement

is su�cient. Another important direction is to evaluate the method on a broader set of environments.

The current experiments already show that pessimism is bene�cial on HumanoidBench but can hurt on

DMC, which suggests that the value of uncertainty-aware planning may be strongly domain dependent.

Testing more benchmarks would help identify which task properties make pessimism or higher UTD

ratios useful. An extension of this is moving towards benchmarks and baselines that deal with more

realistic scenarios. Future work should see to what extent the ideas proposed in this thesis hold up

under these di�erent conditions. Lastly, Chapter 4 has proposed a detailed direction for future work

that solves problems with the existing horizon aggregation idea, while combining it into a uni�ed frame-

work with uncertainty-aware planning. The idea is to jointly optimize a convex combination of planning

horizons, as well as the action sequence, in order to maximize an uncertainty-aware planning objective.



5.2. Conclusion 35

5.2. Conclusion
This thesis studied how learned models should be used by reinforcement-learning agents to select actions

that lead to high future reward. The broader motivation is that future physical-intelligence systems will

likely depend on learned world models, policy priors, and reinforcement learning. In such systems, the

agent will not act by directly knowing the true consequences of its actions. Instead, it will choose actions

by optimizing predictions made by learned models. This makes the reliability of the learned planning

objective a central problem. The thesis addressed this problem in a narrower setting: TD-MPC-style

agents for sample-e�cient continuous control. These agents learn a latent dynamics model and use it

inside an MPC planner. This can make action selection much stronger than directly sampling from

the policy, but it also introduces a failure mode. The planner optimizes a learned return estimate, not

the true environment return. If the learned dynamics, reward model, or value function contains errors,

a powerful planner may exploit those errors and select actions that look good under the model but

perform poorly in the environment. The main answer provided by this thesis is that the MPC objective

should not rely on a single learned prediction of the future. Instead, the planning objective should be

made more robust by aggregating information across multiple model-based estimates and by accounting

for uncertainty. E�cientTDMPC implements this idea by averaging return estimates across dynamics

heads and rollout depths, and by using disagreement-based pessimism during reanalyze. These changes

are designed to make the planner less sensitive to individual model errors and less likely to produce

over-optimistic policy targets from uncertain imagined trajectories.

Empirically, E�cientTDMPC achieves strong sample-e�ciency improvements over BMPC. On the

tested continuous-control benchmarks, E�cientTDMPC signi�cantly outperforms BMPC while main-

taining comparable wall-clock training time. At its strongest setting, it reaches a new state of the art

on HumanoidBench-Hard and DMC Hard, while matching state-of-the-art performance on DMC Easy.

It is also the only evaluated method among the baselines to have reached state-of-the-art-level perfor-

mance across all three benchmark groups. This indicates that improving the reliability of the learned

MPC objective can lead to substantial gains in sample-e�cient model-based reinforcement learning. At

the same time, the individual role of each component is not fully resolved. The clearest isolated result is

that uncertainty-aware planning through pessimistic reanalyze is able to yield signi�cant improvements

on HumanoidBench. Increasing the UTD ratio also provides a clear bene�t for E�cientTDMPC. How-

ever, the isolated e�ects of the dynamics ensemble and depth aggregation are less certain. The ablations

do not provide enough statistical evidence to conclude that either component independently improves

performance. Nevertheless, the full system produces signi�cant improvements, even when the scaled

UTD and pessimistic reanalyze are not active. This suggests that the gains may come from weaker

individual e�ects that become visible only when combined, from interactions between components, or

from auxiliary implementation changes such as reduced reanalyze compute and more frequent replay-

bu�er updates. Furthermore, the uncertainty-aware planning component depends on the dynamics

ensemble to estimate uncertainty in the dynamics, so the ensemble may be crucial to the performance

of E�cientTDMPC simply because it enables better uncertainty-aware planning.

Overall, the thesis supports the view that sample-e�cient model-based reinforcement learning depends

not only on learning better components, but also on using imperfect components more carefully when

planning. E�cientTDMPC shows that aggregating model-based return estimates and incorporating

uncertainty into planning can improve this objective and push the sample-e�ciency frontier on chal-

lenging continuous-control benchmarks. This provides evidence that planning objectives that aim to be

more robust to component errors are a promising direction for future reinforcement-learning systems,

especially in settings where interaction with the environment is expensive, risky, or slow.
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A.1. Implementation details

A.1.1. Hyperparameters
Table A.1 compares the �nal E�cientTDMPC / UTD4 con�guration used in the paper against base

BMPC. Entries in the E�cientTDMPC / UTD4 column are boldfaced when they di�er from BMPC.

Table A.1: E�cientTDMPC / UTD4 versus BMPC hyperparameters. Bold entries in the
E�cientTDMPC / UTD4 column denote values that di�er from BMPC.

Category Parameter
E�cientTDMPC

UTD4 BMPC

Architecture

Dynamics heads 4 1
Latent dim 512 512
MLP hidden dim 512 512
MLP layers 2 2
Encoder dim / layers 256 / 2 256 / 2
SimNorm dim 8 8
Value heads 2 2
Reward heads 1 1

Training

Batch size 256 256
Learning rate 3× 10−4 3× 10−4

Encoder LR scale 0.3 0.3
Grad clip norm 20 20
EMA τ 0.01 0.01
UTD schedule UTD4 UTD1
Model / Value / Policy
updates per env step

4 / 4 / 4 1 / 1 / 1

Reanalyze interval 2 10

Acting planner

(MPPI)

Horizon 6 3
Horizon aggregation mean �nal
Iterations 6 (+2 if |A| > 20) 6 (+2 if |A| > 20)
Samples 512 512
Elites 64 64
Policy trajectories 24 24
Temperature 0.5 0.5
Min / Max std 0.05 / 2.0 0.05 / 2.0

Reanalyze

planner (MPPI)

Horizon 3 3
Horizon aggregation �nal �nal
Iterations 6 (+2 if |A| > 20) 6 (+2 if |A| > 20)
Samples 64 512
Elites 8 64
Policy trajectories 3 24
Temperature 0.5 0.5
Min / Max std 0.05 / 2.0 0.05 / 2.0
Batch size 20 20
Pessimism coe�. β = 10 (0 on

DMC)
β=0

Policy
Log std bounds [−3, 1] [−3, 1]
Entropy coe� 10−4 10−4

Optimization distillation distillation

Discount
γmin / γmax 0.95 / 0.995 0.95 / 0.995
ρ 0.5 0.5
Value bins / range 101 / [−10, 10] 101 / [−10, 10]

Replay Bu�er update interval every step every episode

The table above should be read as the paper's �nal E�cientTDMPC / UTD4 con�guration against



A.1. Implementation details 41

the BMPC baseline rather than as a literal identity statement for every planner call. E�cientTDMPC

/ UTD4 uses 4 model, value, and policy updates per environment step and a reanalyze interval of 2,

compared with BMPC's UTD1 schedule and reanalyze interval of 10. The acting planner uses horizon

6 with mean aggregation, while the reanalyze planner is con�gured separately with horizon 3, terminal-

only aggregation, and the smaller 64 / 8 / 3 sample, elite, and policy budget shown above. In code,

both planners receive an additional two iterations automatically when the action dimension is greater

than 20. Reanalyze uses batch size 20 for both methods, applies the paper coe�cient β=10 on the

high-action-dimension tasks, and uses β=0 on DMC.

A.1.2. Generating performance �gures
This section describes how we generate the performance �gures used in the paper, including per-task

learning curves, normalized learning curves, aggregate normalized learning curves, area under the curve

(AUC), and aggregate normalized AUC over the three benchmarks.

Per-task learning curves. For a task i with Ni seeds, let Ri,j,t denote the evaluation return of seed

j at evaluation step t. We compute the per-task mean return as

µ̂i,t =
1

Ni

Ni∑
j=1

Ri,j,t.

The across-seed standard deviation is

σ̂i,t =

√√√√ 1

Ni − 1

Ni∑
j=1

(Ri,j,t − µ̂i,t)
2
.

The standard error of the task mean is then

ŝi,t =
σ̂i,t√
Ni

.

Unless stated otherwise, shaded regions for per-task curves show the approximate 95% con�dence inter-

val

µ̂i,t ± 1.96ŝi,t.

Normalized learning curves. For aggregate comparisons across tasks, we normalize each task by

the �nal performance of BMPC on that task. Speci�cally, let ci denote the �nal mean BMPC return

on task i. The normalized mean return of method m on task i is

µ̃m
i,t =

µ̂m
i,t

ci
.

The corresponding normalized standard error is

s̃mi,t =
ŝmi,t
ci

.

In this calculation, the normalization constant ci is treated as �xed. This means that the plotted

con�dence intervals capture uncertainty from �nite seeds for the evaluated method, but do not include

uncertainty in the BMPC normalization constant itself.
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Aggregate normalized learning curves. For a benchmark with T tasks, we compute the aggregate

normalized mean return as the average over task-level normalized means:

µ̃m
t =

1

T

T∑
i=1

µ̃m
i,t.

To compute uncertainty, we view each task-level mean estimate as an independent Gaussian random

variable,

Xm
i,t ∼ N

(
µ̃m
i,t, (s̃

m
i,t)

2
)
,

where s̃mi,t is the standard error of the normalized task mean. The aggregate benchmark estimate is

Y m
t =

1

T

T∑
i=1

Xm
i,t.

Therefore,

E[Y m
t ] =

1

T

T∑
i=1

µ̃m
i,t,

and, assuming independence across task-level seed estimates,

Var(Y m
t ) =

1

T 2

T∑
i=1

(s̃mi,t)
2.

The aggregate standard error is therefore

s̃mt =
1

T

√√√√ T∑
i=1

(s̃mi,t)
2.

The shaded region for aggregate normalized curves shows

µ̃m
t ± 1.96s̃mt .

This interval represents the uncertainty in the mean value over all tasks.

Area under the curve. When computing the AUC of a learning curve, we �rst interpolate all

compared learning curves to a shared evaluation grid. We then compute the AUC using numerical

integration over this shared grid. This ensures that methods evaluated at di�erent checkpoints are

compared on the same set of environment-step values.

Aggregate normalized AUC over three benchmarks. To compute Figure 3.1, we �rst compute

the aggregate normalized learning curve separately for Easy DMC, Hard DMC, and HumanoidBench-

Hard. We then compute the AUC of each aggregate normalized learning curve. The �nal aggregate

normalized AUC is the average of these three benchmark-level AUC values. Lastly, we normalize this

quantity by the strongest compared baseline in the same metric (MRS.Q), which makes the value

directly interpretable relative to the best baseline aggregate.

A.1.3. Baseline details
We compare E�cientTDMPC against recent model-based and model-free baselines for continuous con-

trol. Whenever possible, we use o�cial result �les released by the authors. When o�cial results are
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not available for a speci�c benchmark setting, we run the o�cial implementation with the benchmark-

speci�c con�guration described below.

SAC. Soft Actor-Critic (SAC) is an o�-policy model-free actor-critic baseline. We use the SAC results

provided in the o�cial BMPC repository: https://github.com/wertyuilife2/bmpc.

DreamerV3. DreamerV3 is a latent world-model agent trained with imagination-based policy opti-

mization. We use the DreamerV3 results provided in the o�cial BMPC repository: https://github.

com/wertyuilife2/bmpc.

TD-MPC2. TD-MPC2 is the main TD-MPC-family baseline preceding BMPC, using latent dynamics,

value bootstrapping, and MPPI planning. We use the TD-MPC2 results provided in the o�cial BMPC

repository: https://github.com/wertyuilife2/bmpc.

BMPC. Bootstrapped Model Predictive Control (BMPC) is the primary baseline for our method.

E�cientTDMPC is built on top of BMPC. We use the o�cial BMPC implementation and released

result �les from: https://github.com/wertyuilife2/bmpc.

BOOM. BOOM is a model-based RL method that bootstraps an o�-policy policy using world-model

planning. We use the released BOOM result �les from the o�cial BOOM repository: https://github.

com/molumitu/BOOM_MBRL.

BRC. Bigger, Regularized, Categorical (BRC) is a strong model-free baseline based on high-capacity

categorical value functions. We use the released result �les from the o�cial BRC repository: https:

//github.com/naumix/BiggerRegularizedCategorical/tree/main/results.

SimBaV2. SimBaV2 is a strong model-free baseline based on hyperspherical normalization. For

DMC, we use the released result �les from the o�cial SimBaV2 repository: https://github.com/

DAVIAN-Robotics/SimbaV2/tree/master/results. For HumanoidBench-Hard, we run the o�cial

SimBaV2 implementation and set the action repeat to 1, matching the HumanoidBench protocol.

MRS.Q. MRS.Q is a recent model-free baseline that studies pessimism and search in model-based

reinforcement learning settings. We use the released result �les from the o�cial MRS.Q repository:

https://github.com/facebookresearch/MRSQ/tree/main/results.

PPO. Proximal Policy Optimization (PPO) is included as an additional model-free baseline on HumanoidBench-

Hard. We use the PPO results from the o�cial HumanoidBench codebase: https://github.com/

carlosferrazza/humanoid-bench.

A.1.4. UTD runtime comparison implementation details
We compare the wallclock time of E�cientTDMPC with di�erent UTD ratios against the o�cial BMPC

implementation. We compare the time it takes to train for 200k environment steps on a single NVIDIA

A100 GPU. We exclude compilation and evaluation time.

https://github.com/wertyuilife2/bmpc
https://github.com/wertyuilife2/bmpc
https://github.com/wertyuilife2/bmpc
https://github.com/wertyuilife2/bmpc
https://github.com/wertyuilife2/bmpc
https://github.com/molumitu/BOOM_MBRL
https://github.com/molumitu/BOOM_MBRL
https://github.com/naumix/BiggerRegularizedCategorical/tree/main/results
https://github.com/naumix/BiggerRegularizedCategorical/tree/main/results
https://github.com/DAVIAN-Robotics/SimbaV2/tree/master/results
https://github.com/DAVIAN-Robotics/SimbaV2/tree/master/results
https://github.com/facebookresearch/MRSQ/tree/main/results
https://github.com/carlosferrazza/humanoid-bench
https://github.com/carlosferrazza/humanoid-bench
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A.2. Per task results
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Figure A.1: Per-task results: Humanoid-Bench (300k decision steps / 600k environment steps).
Evaluation return on all 13 Humanoid-Bench tasks with all available baselines. The 7 tasks for which BOOM
has data are used for the aggregate in the main paper, but we include all 13 tasks here for completeness.
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A.2.2. Per-task learning curves Hard DMC
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Figure A.2: Per-task results: Hard DMC (300k decision steps / 600k environment steps).
Evaluation return on all 7 hard DMC tasks with all available baselines.
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A.2.3. Per-task learning curves Easy DMC
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Figure A.3: Per-task results: Easy DMC (100k decision steps). Evaluation return on all 21 easy
DMC tasks with all available baselines.



A.2. Per task results 47

A.2.4. Per-task component ablations
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Figure A.4: Per-task component ablations. Learning curves for the isolated component ablations on
quadruped-walk, reacher-hard, dog-stand, and humanoid-walk. Columns show the dynamics-ensemble,

replay-bu�er-update, and horizon-aggregation ablations; shaded regions denote 95% con�dence intervals over
available seeds.

A.2.5. Reduced reanalyze compute
We experiment with the e�ect of reduced reanalyze compute on E�cientTDMPC by using a con�gura-

tion that cuts the number of MPPI samples from 512 to 64, the number of elites from 64 to 8, and the

number of policy trajectories from 24 to 3. Because reducing the particle budget should be most harmful

in large action/search spaces, we ablate this change on HumanoidBench-Hard tasks with 61-dimensional

actions. Figure A.5 shows that decreasing the reanalyze budget does not degrade performance on any

of the 4 tasks ablated.
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Figure A.5: Reduced reanalyze compute does not degrade performance much. The per-task
planner and policy learning curves show that training BMPC with 8x fewer reanalyze particles does not

noticeably degrade performance on four HumanoidBench tasks with 61 action dimensions. The accompanying
compact aggregate summarizes the normalized planner performance over the same four tasks. Shaded regions

denote 95% con�dence intervals over available seeds.

A.2.6. HumanoidBench pessimism scope
E�cientTDMPC applies pessimism only during reanalyze. We ablate the e�ect of applying pessimism

when acting in the environment as well. On 4 tasks from HumanoidBench, we compare the reanalyze-

only pessimism setting against pessimism during all planning. We �nd that additionally applying

pessimism during acting does not improve performance. We use the same pessimism coe�cient β=10

for both conditions.
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Figure A.6: HumanoidBench pessimism scope. Left: per-task evaluation return versus environment
interactions on four HumanoidBench core tasks when pessimism is applied during reanalyze only versus during
training-time planning, evaluation-time planning, and reanalyze. Right: the normalized aggregate over the

same four tasks. Shaded regions denote 95% con�dence intervals over available seeds.
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A.3. Qualitative analysis

A.3.1. Planner cross-scoring quantities
We study the e�ect of averaging the planner objective over multiple ensemble members. On four

representative tasks, we take checkpoints of the agent and replay bu�er during training and run planning

on a subset of replay-bu�er states. We de�ne three estimates of return. The �rst uses a single value

head and a single dynamics head. The second averages over the two value heads and four dynamics

heads, which is the E�cientTDMPC acting planner objective. The third return estimate approximates

the true return by using a three-step rollout in the true environment simulator and then bootstraps

with the learned value heads.

We then plan using both the single-head return estimate and the ensemble-averaged return estimate. To

match the reduced-budget setting used by E�cientTDMPC reanalyze, these appendix experiments use

a six-iteration MPPI planner with 64 samples, eight elites, three policy trajectories, and temperature

0.5. We score the resulting action sequences under all 3 return estimates. For each action sequence

we compare its estimated return with the estimated return of the policy network, then extrapolate the

resulting three-step di�erence to a 500-step episode to obtain the ∆R quantity plotted in Figure A.7.

This ∆R value estimates how much the planner is predicted to outperform the mean policy action from

the same state. The plotted means average over 512 replay states, and the error bars show the standard

error across those states.
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Figure A.7: Ensemble averaging of return estimate reduces single-head planner exploitation.
The plotted ∆R quantity estimates how much each planner is predicted to outperform the policy action from

the same state. Bars show means over 512 replay states and error bars show standard errors over states.

We �nd that the action sequences maximized under the single-head return estimate are given a very

high return under that same single-head estimate, however, when evaluated under the real environment

dynamics, the return is much lower and often worse than the policy actions. In contrast, the action

sequences optimized under the ensemble-averaged return estimate are more modestly estimated to

outperform the policy actions under their own return estimate, but they are also more accurately

estimated to outperform the policy actions under the real environment dynamics. This suggests that

the ensemble-averaged return objective is more robust to model bias and prevents the planner from

exploiting errors in a single value and dynamics head.
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A.3.2. Latent trajectory gallery
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Figure A.8: Latent trajectory gallery on reacher-hard at 50k (four states). Blue denotes actions
from the optimistic planner (β = 0) and orange from the pessimistic planner (β = 10). The top row shows the
latent trajectory in PCA space, both for each head's predicted trajectory, the mean trajectory across heads,
and the true environment. The bottom row shows the estimated return of each trajectory at each depth.
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Figure A.9: Latent trajectory gallery on quadruped-walk at 50k (four states). Same as Figure A.8
but for quadruped-walk. Note that for some states the estimated value increases signi�cantly.
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Figure A.10: Latent trajectory gallery on dog-stand at 50k (four states). Same as Figure A.8 but
for dog-stand.

Across all three tasks, the state-level gallery makes the uncertainty e�ect concrete. Even when the

predicted return stays competitive, the pessimistic planner tends to keep the per-head rollout bundle

tighter than the optimistic planner, which matches the reduction in value disagreement highlighted in

the main paper.

A.3.3. Task visualization

Figure A.11: DMControl tasks visualization. Images of all the embodiments we control in the
DMControl tasks. The tasks include controlling them to run, walk, jump, balance, reach, and perform actions

like swing-up and spin, covering a diverse range of continuous control scenarios.
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Figure A.12: HumanoidBench locomotion suite visualization. Images of the Unitree robot we control
in the HumanoidBench locomotion suite. The tasks include running, walking, crawling, balancing, sitting,

reaching, and performing actions like walking on stairs or walking while avoiding collisions with poles, which
cover a diverse range of robotic locomotion scenarios.



B

Training a Value-Equivalent Dynamics

Ensemble

To the best of our knowledge, E�cientTDMPC is the �rst method to use a dynamics ensemble in the

context of value-equivalent world models. The paper uses this ensemble for trajectory sampling, which

provides both return estimates and a disagreement-based uncertainty signal. This appendix brie�y

describes how the ensemble is trained and gives an informal interpretation of why it may improve value-

equivalent prediction. The ensemble is trained with the same objectives as BMPC, but with multiple

dynamics heads instead of a single dynamics model. Each dynamics head predicts the next latent

state for the same replay-bu�er transition. The reward and value losses are then evaluated on rollouts

produced by the di�erent dynamics heads, and the resulting losses are averaged before updating the

shared components and prediction heads. This training procedure may improve robustness because the

reward and value heads must learn to produce accurate predictions under several types of dynamics

error. In a single-head model, the value-equivalent objective can adapt to the speci�c errors made by

one learned dynamics model. With an ensemble, the downstream reward and value heads are exposed

to multiple plausible latent transitions. This may make the learned return estimates less sensitive to

the error pattern of any one dynamics head. The ensemble may also encourage the shared encoder

to learn more stable latent representations. Since several dynamics heads must operate on the same

encoded states, the latent space is pressured to support multiple compatible transition models rather

than only one. This interpretation is informal, but it provides one possible explanation for why a

dynamics ensemble can be useful even when the world model is trained for value equivalence rather

than reconstruction.
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C

Additional Experimental Results

This appendix reports the numeric values underlying the additional result tables. AUC tables report

normalized area under the learning curve, and �nal-performance tables report the �nal return at the

benchmark budget. Task-level �nal-performance rows use raw �nal return, whereas aggregate �nal-

performance rows use normalized aggregate �nal return. Missing entries indicate method-task combi-

nations that are not available in the generated CSV. Aggregate entries are reported only when all tasks

needed for that aggregate are available for the method; otherwise, the aggregate is marked as unavail-

able. Higher values indicate better sample e�ciency or stronger �nal performance. The best-performing

method in each row is shown in bold, and the second-best method is shown in italics.

C.1. Comparison Against Baselines
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Table C.1: Easy DMC AUC comparison at 200k environment steps. At least three seeds were used per task.
Task rows report normalized AUC; the �nal row reports normalized AUC over the benchmark tasks.

Task or aggregate Ours BMPC TD-MPC2 DreamerV3 SAC SimBa-v2 MRS.Q BOOM BRC EZ-V2

cup-catch 0.149 0.150 0.150 0.133 0.149 0.156 0.151 � � 0.147
pendulum-swingup 0.150 0.145 0.135 0.127 0.027 0.148 0.064 � � 0.149

cartpole-swingup-sparse 0.331 0.123 0.042 0.168 0.007 0.255 0.086 � � 0.167
�nger-spin 0.105 0.146 0.146 0.060 0.119 0.116 0.098 � � 0.111
hopper-hop 0.154 0.075 0.041 0.015 0.000 0.123 0.044 � � 0.072
acrobot-swingup 0.217 0.135 0.136 0.079 0.005 0.083 0.042 � � 0.104
cartpole-swingup 0.150 0.144 0.146 0.130 0.144 0.152 0.153 � � 0.135
hopper-stand 0.158 0.075 0.018 0.035 0.003 0.101 0.053 � � 0.125

reacher-hard 0.130 0.126 0.100 0.145 0.030 0.158 0.089 � � 0.128
cartpole-balance 0.151 0.160 0.163 0.154 0.172 0.170 0.160 � � 0.138
cartpole-balance-sparse 0.150 0.151 0.152 0.150 0.126 0.122 0.152 � � 0.150
cheetah-run 0.142 0.133 0.136 0.085 0.098 0.149 0.153 � � 0.138
�nger-turn-easy 0.168 0.133 0.120 0.084 0.064 0.145 0.106 � � 0.059
�nger-turn-hard 0.153 0.087 0.122 0.052 0.019 0.129 0.058 � � 0.038
�sh-swim 0.080 0.113 0.159 0.079 0.058 0.318 0.212 � � �
quadruped-run 0.129 0.104 0.124 0.038 0.029 0.229 0.172 � � 0.097
quadruped-walk 0.104 0.108 0.143 0.011 0.023 0.198 0.159 � � 0.120
reacher-easy 0.143 0.135 0.153 0.148 0.095 0.149 0.129 � � 0.139
walker-run 0.150 0.144 0.139 0.057 0.073 0.135 0.115 � � 0.085
walker-stand 0.151 0.156 0.157 0.146 0.079 0.153 0.153 � � 0.145
walker-walk 0.149 0.150 0.150 0.108 0.121 0.150 0.149 � � 0.143
Normalized aggregate 0.153 0.128 0.125 0.095 0.069 0.159 0.119 � � �

Table C.2: Easy DMC �nal-performance comparison at 200k environment steps. At least three seeds were
used per task. Task rows report raw �nal return; the �nal row reports normalized �nal return over the

benchmark tasks.

Task or aggregate Ours BMPC TD-MPC2 DreamerV3 SAC SimBa-v2 MRS.Q BOOM BRC EZ-V2

cup-catch 983.7 980.9 976.6 866.2 968.1 983.7 966.2 � � 980.8
pendulum-swingup 837.0 841.4 824.5 733.1 267.9 839.0 443.1 � � 837.6
cartpole-swingup-sparse 842.4 370.9 308.2 614.9 54.80 779.3 342.3 � � 712.4
�nger-spin 699.6 982.4 974.4 508.7 807.2 788.6 710.3 � � 753.5
hopper-hop 331.9 233.7 166.6 51.17 0.00 221.3 117.5 � � 152.1
acrobot-swingup 403.5 242.3 296.3 177.7 3.13 192.5 138.5 � � 307.6

cartpole-swingup 876.6 875.5 871.9 795.6 842.0 880.4 860.5 � � 789.7
hopper-stand 900.5 872.0 261.5 313.9 46.10 749.5 448.9 � � 832.8
reacher-hard 882.8 860.5 870.9 866.6 197.2 936.8 627.9 � � 808.5
cartpole-balance 993.5 992.5 995.6 948.5 998.0 999.7 997.0 � � 933.0
cartpole-balance-sparse 1000.0 1000.0 1000.0 958.1 806.9 1000.0 1000.0 � � 998.5
cheetah-run 600.7 611.4 614.4 353.4 573.7 623.6 713.4 � � 659.2

�nger-turn-easy 935.1 797.2 768.0 542.2 100.5 831.0 583.8 � � 388.9
�nger-turn-hard 870.6 752.9 797.1 377.7 124.3 804.7 452.9 � � 239.7
�sh-swim 248.0 268.8 378.9 183.8 57.67 617.2 512.4 � � �
quadruped-run 842.1 578.9 759.0 69.47 76.63 880.1 800.7 � � 503.3
quadruped-walk 734.6 732.8 914.7 58.03 74.10 951.4 795.0 � � 893.8
reacher-easy 886.5 960.6 976.2 844.5 714.6 920.8 851.9 � � 900.7
walker-run 827.2 809.1 780.5 377.3 488.8 772.4 700.8 � � 553.8
walker-stand 986.3 980.6 977.7 931.3 738.7 980.9 979.8 � � 969.4
walker-walk 968.3 973.2 973.4 802.3 922.5 969.9 962.8 � � 965.2
Normalized aggregate 1.132 1.000 1.001 0.706 0.480 1.132 0.909 � � �

Table C.3: Hard DMC AUC comparison at 600k environment steps. At least three seeds were used per task.
Task rows report normalized AUC; the �nal row reports normalized AUC over the benchmark tasks.

Task or aggregate Ours BMPC TD-MPC2 DreamerV3 SAC SimBa-v2 MRS.Q BOOM BRC EZ-V2

humanoid-run 0.578 0.204 0.131 0.002 0.002 0.263 0.108 0.304 0.183 �
humanoid-stand 0.372 0.263 0.144 0.004 0.003 0.308 0.137 0.277 0.206 �
humanoid-walk 0.419 0.224 0.084 0.001 0.001 0.255 0.128 0.162 0.140 �
dog-trot 0.398 0.267 0.070 0.004 0.006 0.293 0.336 0.124 0.176 �
dog-walk 0.435 0.365 0.200 0.004 0.008 0.371 0.363 0.337 0.294 �
dog-run 0.381 0.316 0.131 0.005 0.011 0.301 0.388 0.349 0.215 �
dog-stand 0.495 0.435 0.328 0.018 0.028 0.480 0.466 0.416 0.393 �
Normalized aggregate 0.440 0.296 0.156 0.005 0.008 0.324 0.275 0.281 0.230 �
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Table C.4: Hard DMC �nal-performance comparison at 600k environment steps. At least three seeds were
used per task. Task rows report raw �nal return; the �nal row reports normalized �nal return over the

benchmark tasks.

Task or aggregate Ours BMPC TD-MPC2 DreamerV3 SAC SimBa-v2 MRS.Q BOOM BRC EZ-V2

humanoid-run 498.4 245.8 120.2 0.70 1.07 193.8 137.7 297.1 146.6 �
humanoid-stand 656.9 878.0 475.8 4.10 5.83 883.4 592.7 839.2 683.4 �
humanoid-walk 944.1 823.6 436.9 0.70 1.77 586.9 438.1 733.4 398.2 �
dog-trot 893.3 873.8 210.7 4.70 8.13 746.1 811.0 501.7 519.0 �
dog-walk 938.8 926.8 644.8 6.50 11.37 882.6 880.5 930.7 827.3 �
dog-run 509.7 459.6 172.9 0.00 9.70 427.7 510.8 505.9 309.7 �
dog-stand 965.0 956.6 691.1 21.70 74.43 954.6 954.2 795.8 941.0 �
Normalized aggregate 1.154 1.000 0.514 0.006 0.019 0.892 0.822 0.938 0.715 �

Table C.5: HumanoidBench-Hard AUC comparison at 1M environment steps. At least three seeds were used
per task. Task rows report normalized AUC; the �nal row reports normalized AUC over the benchmark tasks.

Task or aggregate Ours BMPC TD-MPC2 DreamerV3 SAC SimBa-v2 MRS.Q BOOM BRC EZ-V2 PPO

h1hand-walk 0.965 0.471 0.136 0.020 0.011 0.126 0.534 0.679 0.239 � 0.006
h1hand-stand 1.037 0.718 0.117 0.039 0.034 0.230 0.894 0.749 0.389 � 0.005
h1hand-run 4.505 0.707 0.162 0.045 0.047 0.276 2.443 1.327 0.613 � 0.038
h1hand-crawl 0.777 0.704 0.632 0.256 0.351 0.795 0.687 � 0.463 � 0.005
h1hand-hurdle 0.694 0.523 0.121 0.027 0.033 0.136 0.397 0.491 0.299 � 0.024
h1hand-maze 1.009 0.886 0.378 0.356 0.408 0.417 0.733 � 0.702 � 0.016
h1hand-sit-simple 1.119 0.734 0.511 0.035 0.129 0.958 1.062 0.881 0.740 � 0.006
h1hand-sit-hard 0.752 0.561 0.096 0.016 0.044 0.857 1.006 � 0.307 � 0.007
h1hand-slide 0.928 0.577 0.183 0.039 0.031 0.304 0.581 0.667 0.268 � 0.012
h1hand-stair 0.346 0.451 0.122 0.047 0.040 0.327 0.334 � 0.127 � 0.014
h1hand-pole 1.078 0.731 0.147 0.055 0.078 0.445 0.935 0.493 0.321 � 0.007
h1hand-balance-simple 1.368 0.445 0.063 0.039 0.090 0.480 1.095 � 0.254 � 0.016
h1hand-reach 0.323 0.545 0.516 0.124 0.203 0.729 0.399 � 0.463 � 0.001
Normalized aggregate 1.146 0.619 0.245 0.084 0.115 0.468 0.854 � 0.399 � 0.012

Table C.6: HumanoidBench-Hard �nal-performance comparison at 1M environment steps. At least three
seeds were used per task. Task rows report raw �nal return; the �nal row reports normalized �nal return over

the benchmark tasks.

Task or aggregate Ours BMPC TD-MPC2 DreamerV3 SAC SimBa-v2 MRS.Q BOOM BRC EZ-V2 PPO

h1hand-walk 921.3 757.0 234.1 19.49 12.54 357.8 812.1 900.0 442.1 � 5.36
h1hand-stand 938.9 805.8 192.7 40.94 38.08 638.4 923.4 908.7 621.5 � 5.36
h1hand-run 786.7 116.0 28.51 6.39 7.38 112.4 784.0 330.3 148.2 � 5.36
h1hand-crawl 927.8 921.2 896.8 255.8 459.2 955.6 860.6 � 533.2 � 5.36
h1hand-hurdle 220.3 179.4 38.89 6.22 7.84 92.95 128.5 184.8 91.57 � 5.36
h1hand-maze 325.2 279.6 133.4 112.8 139.6 147.4 294.9 � 312.4 � 5.36
h1hand-sit-simple 921.7 722.3 607.1 47.87 201.1 913.5 920.7 896.6 785.5 � 5.36
h1hand-sit-hard 605.8 600.2 139.2 15.37 58.16 718.1 861.0 � 489.2 � 5.36
h1hand-slide 580.1 357.4 78.83 20.63 18.23 282.4 337.3 471.3 186.7 � 5.36
h1hand-stair 192.6 316.2 43.11 16.19 17.39 339.3 188.5 � 51.21 � 5.36
h1hand-pole 805.2 605.8 98.70 47.81 86.89 561.3 833.9 688.4 410.3 � 5.36
h1hand-balance-simple 449.6 271.3 24.94 12.62 38.98 178.0 407.0 � 85.72 � 5.36
h1hand-reach 1978.4 4051.6 3610.5 863.9 1391.8 5320.5 2989.6 � 2870.9 � 5.36
Normalized aggregate 1.581 1.000 0.387 0.107 0.175 0.887 1.504 � 0.702 � 0.015



D

Later Contributions

This appendix contains two additional results that were obtained after the E�cientTDMPC was sub-

mitted to NeurIPS. They will be integrated into the camera-ready version of the E�cientTDMPC

paper.

D.1. Improved Component Ablations
This appendix presents newer component ablation results. The main di�erence is that the AUC is

plotted rather than the learning curves. Additionally, we found that the con�dence interval was under-

estimated in the original component ablation plots. The new component ablation results are shown in

Fig. D.1.
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Figure D.1: Direct normalized-AUC summary of the component ablations. For each task and seed,
we compute the area under the normalized learning curve over budget fraction, then average those seed-level
AUC values within each task and propagate the corresponding task-level standard errors through the mean
over tasks. Bars show aggregate mean normalized AUC and error bars show propagated 95% con�dence

intervals.

These results change the conclusion of the E�cientTDMPC paper to some extent. The plot indicates

that the individual components did make statistically signi�cant improvements by themselves already.

The dynamics ensemble especially yields signi�cant gains, which consistently increase with the number

of ensemble members. The bu�er update interval and multi-depth returns also yield weakly signi�cant

improvements. These new results do not change the rest of the conclusions, but they suggest that
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the �nal performance gains are less due to component interactions and more due to the individual

contributions themselves.

D.2. Novelty of Dynamics Ensembles in MuZero-style Value Equivalent World

Models
After additional literature review, to our knowledge, E�cientTDMPC is actually not just the �rst

method to introduce dynamics ensembles to the TD-MPC family, but in fact the �rst method to

introduce dynamics ensembles to any value-equivalent world model method. Together with the ablation

above, we therefore are the �rst to show that dynamics ensembles can improve the performance of value-

equivalent world models signi�cantly.



E

Software

The code for E�cientTDMPC and the experiments will be made available at https://github.com/

Thomasevers2517/EfficientTDMPC. The code will be released after the E�cientTDMPC paper is

accepted at NeurIPS.

The codebase also contains the source code for a tool developed during this thesis. In order to save

compute, this tool takes training and replay bu�er checkpoints, and is able to run the planner on the

spot. The tool is able to change all the hyperparameters and other details of the planner, and inspect

all the steps of the planning process. Furthermore, it is very easy to add new planner functionality

and test it on the existing checkpoints. The tool can be used in future work to test and understand

new ideas without requiring the compute infrastructure to run full training seeds with di�erent planner

implementations.
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