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What Model Does MuZero Learn?
Jinke Hea,*, Thomas M. Moerlandb, Joery A. de Vriesa and Frans A. Oliehoeka

aDelft University of Technology
bLeiden University

Abstract. Model-based reinforcement learning (MBRL) has drawn
considerable interest in recent years, given its promise to improve
sample efficiency. Moreover, when using deep-learned models, it is
possible to learn compact and generalizable models from data. In
this work, we study MuZero, a state-of-the-art deep model-based re-
inforcement learning algorithm that distinguishes itself from existing
algorithms by learning a value-equivalent model. Despite MuZero’s
success and impact in the field of MBRL, existing literature has
not thoroughly addressed why MuZero performs so well in prac-
tice. Specifically, there is a lack of in-depth investigation into the
value-equivalent model learned by MuZero and its effectiveness in
model-based credit assignment and policy improvement, which is
vital for achieving sample efficiency in MBRL. To fill this gap, we
explore two fundamental questions through our empirical analysis:
1) to what extent does MuZero achieve its learning objective of a
value-equivalent model, and 2) how useful are these models for pol-
icy improvement? Among various other insights, we conclude that
MuZero’s learned model cannot effectively generalize to evaluate un-
seen policies. This limitation constrains the extent to which we can
additionally improve the current policy by planning with the model.

1 Introduction

In recent years, deep reinforcement learning (DRL) [9, 48] has
achieved remarkable progress, finding applications in a variety of
real-world problems such as video compression [33], chip design
[35], inventory management [32] and plasma control for nuclear fu-
sion [7]. However, despite these advancements, sample inefficiency
remains a significant obstacle that limits the broader applicability of
deep reinforcement learning in practical settings.

Model-based reinforcement learning (MBRL) [37] addresses sam-
ple inefficiency in DRL by learning predictive models of the environ-
ment. In the typical RL cycle, an agent interacts with the environment
(acting) and uses the collected data to refine its policy (learning). Ac-
cordingly, MBRL methods fall into two non-mutually exclusive cat-
egories [51]: (1) those that use the learned model to improve acting
and (2) those that use the learned model to improve learning.

One notable example of the first category is model-based ex-
ploration. In environments where rewards are sparse, shallow ex-
ploration techniques such as epsilon-greedy exploration often fail.
Model-based exploration addresses this by not only allowing the
agent to use model prediction errors or model uncertainty as intrin-
sic learning signals, but also enabling more effective exploration of
"interesting" regions of the environment by "planning to explore"
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[39, 22, 43, 40, 42, 3, 31]. In addition, decision-time planning meth-
ods such as Monte Carlo Tree Search (MCTS) [4] compute local
policies online by planning with the model. A representative class
of methods that use MCTS for decision-time planning is AlphaZero
[47, 44, 46], which defeated a human Go world champion for the first
time in human history.

The other class of MBRL methods aims to improve the agent’s
policy and value functions without consuming additional data
through model-based credit assignment. At a high level, these meth-
ods generate synthetic data through the learned model to simulate
potential outcomes of specific actions or policies. This synthetic
data is then used to update the agent’s value estimates and im-
prove the policy with a policy improvement operator. Notably, the
DYNA architecture [48] treats synthetic data as real data, integrating
it into model-free learning algorithms, whereas the Dreamer methods
[20, 18, 19] use synthetic data exclusively for policy computation. In
addition to using synthetic data directly, AlphaZero employs MCTS
to compute a refined local policy and improved value estimates,
which then serve as better learning targets for policy and value func-
tions in replacement of model-free targets. Furthermore, van Has-
selt et al. [51] advocate for backward planning, which assigns credits
to hypothetical states through a learned inverse model. They argue
that planning backward for credit assignment can be more robust to
model errors than planning forward, as updating fictional states can
be less harmful than updating real states with fictional values.

Model-based exploration and credit assignment improve the data
efficiency of RL methods by collecting more useful data and extract-
ing more information from it. Beyond these two categories, learning
a predictive model of the environment can also serve as an auxiliary
task for representation learning [23, 25]. In addition, in model-free
planning, differentiable computation graphs that resemble the struc-
ture of planning with a model (i.e., implicit models) have been found
useful as architectural priors for value and policy functions, demon-
strating improved performance in combinatorial planning domains
while trained via model-free losses [38, 49, 8, 15, 16].

Unlike tabular methods that learn the dynamics and reward for
each state-action pair, deep model-based RL (DMBRL) approaches
typically learn a state representation, on top of which dynamics and
reward functions are estimated. However, determining what relevant
information to include in these state representations and how to ef-
fectively learn them remains challenging. Namely, not all features of
the observations are relevant [30], and missing relevant features may
lead to history dependence [34]. A prevalent approach within DM-
BRL for learning these state representations is to model the next ob-
servation [26, 17, 18, 19, 20]. However, accurately predicting high-
dimensional observations, such as images, requires considerable ef-
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fort in designing and training high-capacity neural networks with ef-
fective inductive biases [26]. This challenge has long been a barrier
for MBRL methods, as the efficacy of model-based policy optimiza-
tion strongly depends on the quality of these representations. More-
over, this approach often wastes significant representational power
and training resources on encoding task-irrelevant information within
the state representations, causing inefficiency in learning.

One approach to addressing this challenge is the development of
value-equivalent models [45, 12, 13, 14, 8, 49, 38]. These models are
specifically trained to predict the (multi-step) Bellman update, fo-
cusing solely on value-relevant aspects of the task dynamics without
needing to reconstruct any observation. MuZero [41], a well-known
MBRL algorithm, exemplifies this approach by achieving state-of-
the-art performance in Atari games [2] and superhuman performance
in the game of Go, Chess, and Shogi.

MuZero inherits much of its structure from its predecessor, Alp-
haZero, which uses MCTS guided by both a learned policy network
and a learned value network to make decisions and generate learning
targets. However, MuZero distinguishes itself by integrating a model
learned jointly with the value and policy networks, contrasting Al-
phaZero’s use of a ground-truth model for simulation and search.
Importantly, MuZero’s model is not trained to predict the next state
or observation, but instead focuses on predicting task-relevant quan-
tities such as future rewards, policies, and values. This approach of
learning implicit models sets MuZero apart from traditional MBRL
algorithms and promises a shift towards more efficient model learn-
ing. Despite MuZero’s empirical success and its considerable impact
on MBRL [1, 24, 33, 52], a recent study by [6] shows that MuZero’s
dynamics model can diverge significantly from real transitions, high-
lighting a gap in our understanding of how these models function
and their efficacy in model-based credit assignment and planning.
This discrepancy underscores the necessity for a detailed investiga-
tion into the capabilities and limitations of value-equivalent models
within MuZero, which motivates this work.

The most relevant study in this direction is by [21], who studied
the role of planning in MuZero’s learning. They found that planning
primarily boosts the policy network’s learning by generating more in-
formative data and constructing better training targets. Surprisingly,
their findings also reveal that, in most domains, planning at evalu-
ation time does not significantly improve performance compared to
using the policy network alone, even with large search budgets. One
explanation is that the policy network has converged to the optimal
policy, rendering planning less useful. Furthermore, Danihelka et al.
[5] show that improving MuZero’s planning enables strong perfor-
mance even with extremely small search budgets (n = 2, or n = 4)
in Go. This raises the question, what is the contribution of MuZero’s
learned model.

In this study, we aim to bridge the gap in our understanding of
MuZero’s learned model by exploring two fundamental questions:

1. To what extent does MuZero learn a value-equivalent model?
2. To what extent does MuZero learn a model that supports effective

policy improvement (through planning)?

Learning a truly value-equivalent model is essential for model-based
credit assignment, which directly influences the potential for im-
proving existing policies through model-based planning. The more
effectively we can improve existing policies through planning with
the learned model, the greater the sample efficiency achieved by an
MBRL method. As such, addressing these questions can help us bet-
ter understand MuZero’s empirical success and inform the design of
future algorithms or extensions.

Through our empirical analysis, we find that MuZero’s learned
model is generally not accurate enough for policy evaluation, and
the accuracy of the model decreases as the policy to evaluate devi-
ates further from MuZero’s data collection policy. Consequently, this
limits the extent to which we can find a good policy via planning.
However, we find that MuZero’s incorporation of the policy prior
in MCTS alleviates this problem, which biases the search towards
actions where the model is more accurate. Based on these findings,
we speculate that the role of the model in MuZero may be similar
to that in model-free planning, providing a more powerful represen-
tation of value and policy functions, as the extent to which it can
support policy improvement is rather limited. Moreover, using the
policy prior indirectly takes model uncertainty into account during
planning, which results in a form of regularized policy optimization
with the learned model.

In Section 2, we introduce the essential background. Section 3
studies trained MuZero models in the policy evaluation setting (the
objective for which the models were trained). Section 4 extends the
analysis to the policy improvement setting (planning). Finally, Sec-
tion 5 discusses the limitations and outlook of this work.

2 Background

2.1 Markov Decision Processes

A Markov decision process (MDP) is a model that describes the
interaction between a decision-making agent and an environment.
Formally, an infinite-horizon discounted MDP is a 6-tuple M =
(S,A, T ,R, μ, γ) where S represents the state space of the environ-
ment and A denotes the set of actions that the agent can take. The ini-
tial state of the environment, s0, follows a distribution μ ∈ Δ(S). At
each time step t, the agent observes the environment state st and se-
lects an action at, causing the environment to transition to a new state
st+1 ∼ T (·|st, at) and return a numerical reward rt = R(st, at).
Given a stationary policy π : S → Δ(A), the value function V
measures the expected discounted sum of future rewards from a state
following π afterward, V π(s) = E[

∑∞
t=0 γ

trt|π, s0 = s], where
γ ∈ [0, 1) is the discount factor. In this work, we specifically focus
on environments with deterministic dynamics, where the next state
st+1 is solely determined by the current state st and action at with
probability 1: st+1 = T (st, at).

2.2 MuZero

MuZero [41] is a recent MBRL method that has achieved state-of-
the-art performance in Atari games and matched the superhuman
performance of AlphaZero [47] in Go, chess, and shogi.

Components Similar to other MBRL methods, MuZero learns a
deterministic world model that consists of a representation function
hθ and a dynamics function gθ . The representation function encodes
an environment state st into a latent state z0t = hθ(st). Here, the
subscript denotes the real time step at which the encoding occurs,
and the superscript denotes the number of time steps that have been
spent in the learned model since then. Given a latent state zkt and
an action at+k, the dynamics function predicts the next latent state
zk+1
t and the reward uk

t , (zk+1
t , uk

t ) = gθ(z
k
t , at+k). Apart from

the representation and dynamics functions, MuZero uses a prediction
function to predict the value and policy at a latent state, πk

t , v
k
t =

fθ(z
k
t ). For ease of notation, we split the prediction function into a

policy function πθ(z
k
t ) and a value function vθ(z

k
t ). To distinguish

between the policy function πθ and the MuZero policy πMuZero, which
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runs MCTS, we will refer to the former as the policy prior and the
latter as MuZero’s behavior policy.

Acting MuZero makes decisions by planning with the learned
model. At each time step t, MuZero encodes the environment state st
into a latent state z0t and uses it as the root node to perform MCTS.
As the result of the search, MuZero selects the action at by sampling
from a distribution that is constructed using the visit counts at the
root node and a temperature parameter T ∈ (0,∞):

πMuZero(a|st) =
N(z0t , a)

1/T

∑
b N(z0t , b)

1/T
(1)

MuZero’s planning differs from traditional MCTS methods like UCT
[27] in two key ways. First, rather than employing random rollouts
for leaf node value estimation, MuZero uses its learned value func-
tion vθ . Second, MuZero integrates the policy prior into its action
selection, guiding the simulation of actions at tree nodes:

argmax
a

[
Q(z, a) + c · πθ(a|z) ·

√∑
b N(z, b)

1 +N(z, a)

]
(2)

where c = c1 + log (
∑

b N(z,b)+c2+1

c2
) with c1 = 1.25 and c2 =

19652. Q and N are the estimated values and visit counts of actions.
MuZero inherits much of this search mechanism from AlphaZero,
including the use of policy prior and value functions. A recent study
by Grill et al. [11] shows that the use of policy prior in MCTS ef-
fectively makes the action visit distribution at the root node track the
solution of a local regularized policy optimization problem.

Training The key difference between MuZero and many prior
works in MBRL lies in their approach to learning the model. In Fig-
ure 1, we illustrate the loss function of MuZero. Essentially, given a
segment of a real episode that starts from state st, MuZero unrolls its
model for K simulated time steps (below the dotted line) and com-
pares these to real experiences (above the dotted line). This compari-
son results in a loss consisting of three terms for each of the K steps.
The first term is the per-step reward prediction loss, with the target
being the real reward received. The second term is the policy pre-
diction loss, with the target being the action visit distribution of the
MCTS at the root node. The third term is the value prediction loss,
with the target being the discounted sum of n-step real rewards plus
a value estimation bootstrapped from MCTS n steps into the future
vtarget
t =

∑n−1
k=0 γkrt + γnvMCTSt . For simplicity, we omit the links

for value targets in Figure 1. All components of MuZero are trained
jointly end-to-end by minimizing the aggregated loss. In practice,
MuZero incorporates various additional techniques from the litera-
ture, such as prioritized experience replay, to improve training. It also
introduces a novel algorithm called ‘reanalyse’ to generate fresh tar-
gets from old trajectories by re-running MCTS on them using the lat-
est network. In our experiments, we followed the original paper and
used all the aforementioned techniques to train our MuZero agents.

2.3 The value equivalence principle

The value equivalence principle, introduced by Grimm et al. [12,
13, 14], is motivated by the consideration that the construction of
a model should take into account the final use of the model. It de-
fines the order-k value equivalence class Mk(Π,V) as the subset
of all models that can predict the correct k-step Bellman update for
any π ∈ Π and v ∈ V in a set of policies Π and functions V .
For k → ∞, an additional proper value equivalence class M∞(Π)
is defined, which excludes the set of functions from the specifica-
tion. In essence, a model in the proper value equivalence class must

Unrolling K=3 steps

Search

MuZero's Latent model�

Environment

Training signal

. . .

Search Search Search

. . .

representation function

dynamics function

prediction function

reward prediction

policy prediction

value prediction

Figure 1: An illustration of MuZero’s loss function.

have the true value function as the fixed point of the Bellman oper-
ators for all policies in this set. As such, these models can be seen
as the QΠ-irrelevance abstractions for the MDP [30]. Notably, the
largest proper value equivalence class that guarantees optimal plan-
ning is M∞(ΠDET), where ΠDET is the set of all deterministic poli-
cies. Moreover, Grimm et al. [13] show that a simplified version of
MuZero’s loss upper bounds the proper value equivalence loss, mak-
ing an explicit connection between the theory of value equivalence
principle and the strong empirical performance of MuZero.

3 Policy Evaluation Experiments

We are interested in the extent to which MuZero’s learned model sup-
ports additional policy improvement, which is crucial for MuZero’s
sample efficiency as an MBRL method. Our hypothesis is that, since
MuZero’s model is trained on data collected by previous policies, it
is not generally value equivalent for all policies, especially those that
have not been executed. As accurate policy evaluation is the basis
for effective policy improvement, this will limit the extent to which
MuZero can additionally improve its policy through planning. In this
section, we validate this hypothesis.

3.1 Training MuZero agents

For our empirical analysis, we used three fully observable determin-
istic environments, as MuZero was designed for this setting: Cart
Pole, a deterministic version of Lunar Lander, and Atari Breakout
[2]. We trained 30 MuZero agents with different random seeds for
Cart Pole and Lunar Lander, and 20 for Atari Breakout. For each
agent, we saved the model weights at different training steps. In the
figures below, we aggregate results from different seeds/agents and
report their means as well as the corresponding standard errors.

In Cart Pole and Lunar Lander, we extensively trained the MuZero
agents, for 100K and 1M steps. This way, we can conduct our anal-
ysis on the trained agents throughout their lifecycle of learning. For
Atari Breakout, we adopted the same setup as EfficientZero [52] but
extended the training from 100K steps to 500K steps.

Figure 2 shows the online performance of MuZero agents at vari-
ous training steps, which make decisions by performing MCTS plan-
ning (Equation 1). For reference, we also plot the performance of the
policy prior of the same agent, which samples actions directly from
the policy network, at ∼ πθ(·|hθ(st)). Throughout training, plan-
ning enables MuZero to achieve a substantially better performance
than directly using the policy prior. It is important to note that the
improved performance may not only come from the learned model

J. He et al. / What Model Does MuZero Learn? 1601



Figure 2: Online performance of MuZero agents in Cart Pole (Left),
Lunar Lander (Middle) and Atari Breakout (Right).

but may also come from the value network, which is used to estimate
the value of leaf nodes in MuZero’s MCTS. In the following, we will
take a deeper look at how much the learned model contributes to this.

3.2 Evaluating the learned model

To assess MuZero’s learned model in the context of policy evalua-
tion, we will compare it to the ground-truth model. Through experi-
ments, we aim to answer questions in the format of how much value
prediction error should we expect when using MuZero’s learned
model to evaluate a policy π?

Considering that MuZero does not train or employ the model for
infinite-horizon rollouts, we impose a limit on the evaluation horizon
when assessing the value prediction error. For each state st, we define
the discounted sum of future rewards for taking an action sequence
(at, . . . , at+h−1) as:

vat:t+h−1(st) =

h−1∑

k=0

γkrt+k (3)

where rt+k = R(st+k, at+k) and st+k+1 = T (st+k, at+k), as-
suming the environment is deterministic. As mentioned in Section
2.2, MuZero predicts the value of this action sequence by first en-
coding the state into a latent state z0t = hθ(st) and then rolling out
the model from the latent state:

v̂at:t+h−1(st) =

h−1∑

k=0

γkuk
t (4)

where zk+1
t , uk

t = gθ(z
k
t , at+k). Then, we can define the value pre-

diction error of the learned model for the action sequence at:t+h−1.

Definition 1. The value prediction error of using the learned model
to evaluate the action sequence at:t+h−1 at state st is:

|vat:t+h−1(st)− v̂at:t+h−1(st)| (5)

As a stationary policy π : S → Δ(A) that operates in the original
environment defines a distribution over such action sequences:

Pr(at:t+h−1|st, π) =
h−1∏

k=0

π
(
at+k|st+k = T (st+k−1, at+k−1)

)

(6)
We can define the value prediction error for evaluating π.

Definition 2. The value prediction error of using the learned model
to evaluate a stationary policy π, which operates in the original en-
vironment, for horizon h is:

|vπh(st)− v̂πh(st)| =
∣∣∣∣E at:t+k−1

∼Pr(·|st,π)
[vat:t+h−1(st)− v̂at:t+h−1(st)]

∣∣∣∣
(7)

3.3 How accurately can MuZero’s learned model
predict the value of its own behavior policy?

As the model is trained on data collected by MuZero’s behavior pol-
icy πMuZero, we expect it to be at least accurate on this data collec-
tion policy. Therefore, we begin our investigation by examining the
model’s prediction performance on this policy. Due to the continuous
state spaces of our environments, it is not feasible to enumerate all
states and compute the error for each one of them. Instead, we sample
states from MuZero’s on-policy state distribution dπMuZero . For each
sampled state, we conduct the evaluation and aggregate the errors. To
facilitate tractable evaluation, at every state s, we use Monte Carlo
sampling to estimate both the true value vπ

MuZero

h (s) and the value
predicted by MuZero’s model v̂π

MuZero

h (s).

Figure 3: Value prediction error of using MuZero’s learned model to
evaluate its own behavior policy.

In Figure 3, we report the value prediction error (Y-axis) under
various evaluation horizons (lines) across different training steps (X-
axis). The maximum evaluation horizons are set to the number of
unrolling steps during training, which are {10, 10, 5} for Cart Pole,
Lunar Lander, and Atari Breakout, respectively. In all environments,
value predictions for short horizons are highly accurate, with errors
approaching zero. However, as the evaluation horizon increases, the
errors consistently grow larger. On the one hand, this is not surpris-
ing because learned models are known prone to accumulate errors
during long rollouts [29]. On the other hand, this shows that models
learned by MuZero cannot be fully value equivalent as they are not
even accurate enough to predict values for the policy that collects
the training data. Errors at different training steps are generally not
comparable due to the different state distributions, but the decreasing
errors observed at the end of training suggest the convergence of the
policy as a possible explanation.

3.4 How accurately can MuZero’s learned model
evaluate policies that are different from the
behavior policy?

To assess whether MuZero’s learned model effectively supports plan-
ning, we will investigate its capacity to generalize and accurately pre-
dict values beyond its own data collection policy. Our hypothesis is
that the model will exhibit increasing inaccuracies when evaluating
policies that differ significantly from the behavior policy, which is
responsible for collecting the training data.

To test this hypothesis, we conduct an experiment focusing
on the relationship between the value prediction error for an
action sequence |vat:t+h−1(st) − v̂at:t+h−1(st)| and the prob-
ability of the behavior policy selecting this action sequence
Pr(at:t+h−1|st, πMuZero). We again sample states from MuZero’s on-
policy state distribution dπMuZero and compute the probabilities and
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(a) Cart Pole

(b) Lunar Lander

(c) Atari Breakout

Figure 4: X-axis: action sequences sorted by their probabilities of being taken by the behavior policy (from unlikely to likely reading from
left to right). Y-axis: the probabilities (blue, from small to large) and the corresponding value prediction errors (yellow, from small to large).
Action sequences with higher probabilities to be taken by MuZero’s behavior policy correlate with lower value prediction errors by MuZero’s
learned model. This implies that the learned model is less accurate for policies that are different from the current data collection policy.

value prediction errors for all action sequences of length {8, 4, 4} for
Cart Pole, Lunar Lander and Breakout (limited by computation bud-
get). Considering that both probabilities and errors are real-valued
and non-uniformly distributed, we aggregate results as follows: first,
for each state, we rank action sequences by their probabilities of be-
ing chosen by MuZero’s behavior policy. Then, we compile statistics
for action sequences with the same ranks. Finally, we combine results
from different agents and report their means and standard errors.

In Figure 4, we present the results. Here, the X-axis represents the
action sequences that are sorted by their likelihood of being taken by
the current behavior policy, ranging from unlikely to likely. On the
Y-axis, we plot both the probabilities (blue) and the corresponding
value prediction errors (yellow). The results clearly show that, as the
likelihood of the behavior policy selecting the action sequence de-
creases, the value prediction error for that action sequence increases.
This trend is consistently observed across different environments and
training steps. Moreover, it seems to become more evident with more
training, possibly because the behavior policy becomes more deter-
ministic. This finding supports our hypothesis that the model is more
reliable in predicting values for the behavior policy, which collects
the training data. Consequently, evaluating a policy using MuZero’s
learned model may yield increasingly inaccurate results as the policy
to evaluate deviates further from the behavior policy.

3.5 How accurately can MuZero’s learned model from
one training step evaluate the behavior policy of
the same agent from another training step?

In our previous experiment, we investigated the generalization capa-
bility of the learned model in predicting values for policies that differ

from the behavior policy. We accomplished this by considering all
action sequences of length h at each state, possibly including actions
that are unlikely to be taken by any sensible policy. In this experi-
ment, we conduct a similar analysis but with a focus on more inter-
esting policies. Specifically, we assess the accuracy with which the
model at training step X (row) can evaluate the policy (of the same
agent) at training step Y (column). The idea is that if a model cannot
accurately evaluate high-performing future policies, planning with it
would not be effective in finding a good policy. For this experiment,
we set the evaluation horizon for each environment to the number
of unrolling steps during training. Results are aggregated over states
sampled from MuZero’s on-policy state distribution at training step
X (same per row as the model). Errors at different model steps (rows)
are not directly comparable due to the different state distributions.

It is clear from Figure 5 that models at all training steps are most
accurate when evaluating policies at the same training steps, as the
error per row is smallest at the diagonal. This aligns with our ear-
lier finding: learned models are more accurate when assessing action
sequences with a higher selection likelihood by the current behavior
policy. Notably, we can see that using early models to evaluate fu-
ture policies results in large errors in Cart Pole and Lunar Lander.
This may have important implications for policy improvement: if the
model at the current training step cannot accurately evaluate a future
policy that performs better, then the extent to which we can improve
our current policy will be limited. Intuitively, if the model does not
know a high-performing policy is good, then a deeper search in the
model would not help us find the policy. This phenomenon is less
evident in Breakout, possibly because the evaluation horizon is too
short in this environment to allow for an observable difference in re-
wards across the policies (5 vs 10 in the other environments).

J. He et al. / What Model Does MuZero Learn? 1603



(a) Cart Pole (b) Lunar Lander (c) Atari Breakout

Figure 5: Cross model policy evaluation. We evaluate MuZero’s behavior policy at training step Y (column) with the learned model at training
step X (row) and measure the value prediction error. Results are aggregated over states sampled from MuZero’s on-policy state distribution at
training step X (same as the model).

4 Policy Improvement Experiments

Our policy evaluation experiments indicate that MuZero’s learned
model can become increasingly inaccurate when evaluating policies
differing from the data collection policy, particularly those unseen
during training. In this section, we investigate the natural follow-up
question, the question that we are most interested in: what is the ef-
fect of this on policy improvement through planning?

Intuitively, if the agent is given the ground-truth model and has
an infinite budget for planning, it can act optimally by exhaustively
searching with the model. In this case, sample efficiency is maxi-
mized because the agent does not need any sample from the environ-
ment to learn. However, in real-world scenarios, the planning budget
is always constrained, both during training and deployment. To im-
prove planning with these constraints, AlphaZero and MuZero em-
ploy a learned policy prior to guide the action simulation in MCTS.
If the policy prior is well-trained, it can greatly enhance planning,
but if not, it might diminish efficiency.

We evaluate planning using MuZero’s learned model both with
and without the guidance of the policy prior. In the latter case, we
replace the policy prior with a uniform prior, allowing for a form of
“free search”. To focus on evaluating the contribution of the learned
model, we modify MuZero’s MCTS by replacing the value network’s
predictions at leaf nodes with random rollouts in the model, a stan-
dard approach to estimating the value of a leaf node in MCTS. To
address the computational costs of long rollouts in neural models,
we restrict the planning horizon to {16, 128, 32} in Cart Pole, Lunar
Lander, and Atari Breakout. For comparison, we include the base-
lines of the policy prior and planning with the ground-truth model
using the same MCTS. The goal of this experiment is to answer two
questions: (a) How effectively does MuZero’s learned model support
free search? (b) To what extent can MuZero improve its policy by
planning with the learned model?

We present our results in Figure 7. In Cart Pole, MuZero’s learned
model exhibits some degree of support for free search (orange
dashed) after some training. However, it significantly underperforms
compared to free search with the ground-truth model (green dashed)
in terms of both planning efficiency and asymptotic performance.
In Lunar Lander and Atari Breakout, free search with the learned
model (orange dashed) fails completely. Consequently, the potential
for finding a good policy through planning with the learned model
will be effectively limited.

In Cart Pole and Lunar Lander, with enough MCTS simulations,
planning with the learned model improves performance over us-

ing the policy prior alone. However, compared to the ground-truth
model, it is evident that the extent to which we can improve upon
the policy prior via planning is still very limited. This is a clear sign
that the model error is restricting the extent to which we can further
improve the policy by planning. In Atari Breakout, while planning
with more simulations using the learned model improves the agent’s
performance, it cannot outperform the policy prior.

Interestingly, when comparing planning with the policy prior to
planning with the uniform prior, the learned model consistently
shows a larger gap compared to the ground-truth model except in
Atari Breakout. Furthermore, unlike the ground-truth model, the gap
for the learned model does not appear to diminish quickly with more
simulations, suggesting an additional role of the policy prior to accel-
erating MCTS. As shown in Figure 4, action sequences with higher
probabilities of being selected by the behavior policy tend to be more
accurately evaluated by the learned model. As the policy prior is di-
rectly learned to match the behavior policy, it is reasonable to assume
that the values of action sequences favored by the policy prior can
also be more accurately predicted by the learned model.

To verify this hypothesis, in Figure 6, we plot the learned model’s
value prediction error for MCTS’s simulated trajectories under the
guidance of the policy prior (blue) and uniform prior (orange) in
CartPole after 2000 training steps. Meanwhile, we also plot the total
variation TV[πθ, π̂] and KL divergence KL[πθ, π̂] between the policy
prior πθ and MCTS’s empirical visit distribution π̂ = 1+N(a)∑

b |A|+N(b)

at the root node. Clearly, the policy prior regularizes MCTS to visit
actions that are more favored by it, as suggested by the lower total
variation and KL divergence (blue, middle, and right), which results
in a smaller value prediction error (blue, left), when compared to
the uniform prior, which explores more out-of-the-box (orange, mid-
dle, and right) and incurs more value prediction errors (orange, left).
This suggests that apart from biasing the search, the policy prior may
also serve to prevent the search from exploring directions where the
learned model is less accurate.

Figure 6: Value prediction error of MCTS’s simulated trajectories us-
ing the learned model, total variation, and KL divergence (see text).

J. He et al. / What Model Does MuZero Learn?1604



(a) Cart Pole

(b) Lunar Lander

(c) Atari Breakout

Figure 7: MCTS planning with (i) MuZero’s learned model (orange) and (ii) the ground-truth model (green), under the guidance of (a) MuZero’s
policy prior (solid line) and (b) the uniform prior (dotted line)). The X and Y axes are the number of simulations per step and the return.

5 Discussion

Limitations In this study, we analyzed MuZero, one of the most
successful DMBRL methods that is grounded in the value equiva-
lence principle. The conclusions we draw can, therefore, not be di-
rectly generalized to other DMBRL methods, certainly not those that
employ other auxiliary loss functions on top, e.g., [10, 50, 52]. How-
ever, our analysis clearly shows that, despite its simplicity, using the
value equivalence principle does not imply that we learn models that
are actually value equivalent. Even when restricting the predictions
to its own behavior policy, MuZero’s learned model leads to predic-
tion errors that quickly grow with the horizon of prediction. As such,
our study does serve as a warning for other DMBRL methods that
aim to use value equivalence as their guiding principle.

Outlook We have demonstrated that MuZero’s model, trained with
a value-equivalence-based loss, struggles to generalize and predict
values accurately for unseen or unfamiliar policies. This raises the
question of how different losses for model learning would behave
and compare in our analysis, such as the reconstruction-based loss
[26, 18, 19, 20] and the temporal-consistency [50, 6, 52]. Specifi-
cally, we hypothesize that, while the value equivalence loss is the
most flexible loss as it does not directly impose requirements on state
representations, other losses may have an advantage for generaliza-
tion in low-data regimes due to a richer supervision signal. We con-
sider this potential trade-off between representation complexity and
generalization an exciting direction for future research.

6 Conclusion

In this work, we empirically studied the models learned by MuZero,
which are trained based on the value equivalence principle. Our anal-
ysis focused on two fundamental questions: (1) To what extent does
MuZero learn a value-equivalent model? and (2) To what extent does
the learned model support effective policy improvement by plan-
ning? We find that MuZero’s learned model cannot generally eval-
uate policies accurately, especially those that further deviate from
the data collection policy. Consequently, the failure of the model
to predict values for policies that are out of the training distribu-
tion prevents effective planning from scratch, which limits the extent
to which MuZero can additionally improve its policy via planning.
Moreover, we uncover that apart from accelerating the search as in
AlphaZero, the policy prior in MuZero serves another crucial func-
tion: it regularizes the search towards areas where the learned model
is more accurate, which effectively reduces the model error that is
accumulated into planning. From these findings, we speculate that
because MuZero’s model itself is limited in its ability for policy im-
provement, the empirical success of MuZero may be a result of the
model providing the algorithm with a more powerful representation
of the values and policies compared to single-lookahead methods like
deep Q-learning [36]. This implies a role for the model that is similar
to that in model-free planning but extends it with the policy prior to
make planning conservative [28].
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