Article

Discovering state-of-the-art reinforcement
learning algorithms

https://doi.org/10.1038/s41586-025-09761-x

Received: 11 December 2024

Accepted: 15 October 2025

Published online: 22 October 2025

Open access

M Check for updates

Junhyuk Oh'?¥, Gregory Farquhar'?, lurii Kemaev'?, Dan A. Calian'?, Matteo Hessel',
Luisa Zintgraf', Satinder Singh', Hado van Hasselt' & David Silver'™

Humans and other animals use powerful reinforcement learning (RL) mechanisms
that have been discovered by evolution over many generations of trial and error.

By contrast, artificial agents typically learn using handcrafted learning rules. Despite
decades of interest, the goal of autonomously discovering powerful RL algorithms
has proven to be elusive' . Here we show that it is possible for machines to discover a
state-of-the-art RL rule that outperforms manually designed rules. This was achieved

by meta-learning from the cumulative experiences of a population of agents across
alarge number of complex environments. Specifically, our method discovers the

RL rule by which the agent’s policy and predictions are updated. In our large-scale
experiments, the discovered rule surpassed all existing rules on the well-established
Ataribenchmark and outperformed a number of state-of-the-art RL algorithms on
challenging benchmarks that it had not seen during discovery. Our findings suggest
that the RL algorithms required for advanced artificial intelligence may soon be
automatically discovered from the experiences of agents, rather than manually

designed.

The primary goal of artificial intelligence is to design agents that, like
humans, can predict and actin complex environments to achieve goals.
Many of the most successful agents are based onreinforcement learning
(RL),inwhich agentslearn by interacting with environments. Decades
ofresearchhave produced ever more efficient RL algorithms, resulting
in numerous landmarks in artificial intelligence, including the mas-
tery of complex competitive games suchas Go’, chess®, StarCraft’ and
Minecraft®, the invention of new mathematical tools", or the control
of complex physical systems™.

Unlike humans, whose learning mechanism has been naturally dis-
covered by biological evolution, RL algorithms are typically manually
designed. Thisis usually slow and laborious, and limited by reliance on
human knowledge and intuition. Although anumber of attempts have
beenmade to automatically discover learning algorithms' ¢, none have
provento be sufficiently efficient and general toreplace hand-designed
RL systems.

In this work, we introduce an autonomous method for discovering
RL rules solely through the experience of many generations of agents
interacting with various environments (Fig. 1a). The discovered RL
rule achieves state-of-the-art performance ona variety of challenging
RL benchmarks. The success of our method contrasts previous work
in two dimensions. First, whereas previous methods searched over
narrow spaces of RLrules (for example, hyperparameters™™ or policy
loss™®), our method allows the agent to explore a far more expressive
space of potential RL rules. Second, whereas previous work focused on
meta-learning in simple environments (for example, grid-worlds*%),
our method meta-learns in complex and diverse environments at a
much larger scale.

Tochooseageneral space of discovery, we observe that the essential
component of standard RL algorithmsis arule thatupdates one or more

predictions, as well as the policy itself, towards targets that are func-
tions of quantities such as future rewards and future predictions. Exam-
ples of RL rules based on different targetsinclude temporal-difference
learning'®, Q-learning”, proximal policy optimization (PPO)™8, auxiliary
tasks”, successor features?® and distributional RL%. In each case, the
choice of target determines the nature of the predictions, for example,
whether they become value functions, models or successor features.

In our framework, an RL rule is represented by a meta-network that
determines the targets towards which the agent should move its pre-
dictions and policy (Fig. 1c). This allows the system to discover useful
predictions without pre-defined semantics, as well as how they are used.
The system may in principle rediscover past RL rules, but the flexible
functional form also allows the agent to invent new RL rules that may
be specifically adapted to environments of interest.

Duringthe discovery process, we instantiate a population of agents,
eachofwhichinteracts withits owninstance of an environment taken
from a diverse set of challenging tasks. Each agent’s parameters are
updatedaccordingtothe currentRL rule. We then use the meta-gradient
method® to incrementally improve the RL rule such that it could lead
to better-performing agents.

Our large-scale empirical results show that our discovered RL rule,
which we call DiscoRL, surpasses all existing RL rules on the environ-
mentsinwhichit was meta-learned. Notably, this includes Atari games?,
arguably the most established and informative of RL benchmarks.
Furthermore, DiscoRL achieved state-of-the-art performance ona
number of other challenging benchmarks, such as ProcGen?, that it
had never been exposed to during discovery. We also show that the per-
formance and generality of DiscoRL improves further as more diverse
and complex environments are used in discovery. Finally, our analysis
shows that DiscoRL has discovered unique prediction semantics that
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Fig.1|DiscoveringanRL rule fromapopulationofagents. a, Discovery.
Multiple agents, interacting with various environments, are trained in parallel
accordingtothelearningrule, defined by the meta-network. Inthe meantime,
the meta-networkis optimized toimprove the agents’ collective performances.
b, Agentarchitecture. An agent produces the following outputs: (1) a policy (),
(2) an observation-conditioned prediction vector (y), (3) action-conditioned
predictionvectors(z), (4) action values (q) and (5) anauxiliary policy prediction (p).
Thesemantics of yand zare determined by the meta-network. ¢, Meta-network
architecture. A trajectory of the agent’s outputsis givenasinputto the

are distinct from existing RL concepts such as value functions. To the
best of our knowledge, this is the empirical evidence that surpassing
manually designed RL algorithms in terms of both generality and effi-
ciency is finally within reach.

Discovery method

Our discovery approachinvolves two types of optimization: agent opti-
mization and meta-optimization. Agent parameters are optimized by
updatingtheir policies and predictions towards the targets produced
by theRL rule. Meanwhile, the meta-parameters of the RL rule are opti-
mized by updating its targets to maximize the cumulative rewards of
the agents.

Agent network

Much RL research considers what predictions an agent should make
(for example, values), and what loss function should be used to learn
those predictions (for example, temporal-difference (TD) learning)
and improve the policy (for example, policy gradient). Instead of
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meta-network, together with rewards and episode terminationindicators from
the environment (omitted for simplicity in the figure). Using this information,
the meta-network produces targets for all of the agent’s predictions from the
currentand future time steps. The agentisupdated to minimize the prediction
errorswithrespectto their targets. LSTM, long short-term memory. d, Meta-
optimization. The meta-parameters of the meta-network are updated by taking
ameta-gradient step calculated from backpropagation through the agent’s
update process (8, > 8,), where the meta-objective is to maximize the collective
returns of the agentsin their environments.

hand-crafting them, we define an expressive space of predictions
without pre-defined semantics and meta-learn what the agent needs
to optimize by representing it using a meta-network. It is desirable to
maintain the ability to represent key ideas in existing RL algorithms,
while supporting a large space of novel algorithmic possibilities.

To this end, we let the agent, parameterized by 6, output two types
of predictionsinaddition to a policy (m): an observation-conditioned
vector prediction y(s) € R"of arbitrary size n and an action-conditioned
vector prediction z(s, a) € R™ of arbitrary size m, where sand a are
anobservationand anaction, respectively (Fig.1b). The form of these
predictions stems from the fundamental distinction between pre-
diction and control'. For example, value functions are commonly
divided into state-value functions v(s) (for prediction) and action-
value functions q(s, a) (for control), and many other concepts inRL,
such as rewards and successor features, also have an observation-
conditioned version and an action-conditioned version. There-
fore, the functional form of the predictions (y, z) is general enough
to represent, but is not restricted to, many existing fundamental
conceptsinRL.
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Inaddition to the predictions to be discovered, in most of our experi-
ments the agent makes predictions with pre-defined semantics. Spe-
cifically, the agent produces an action-value function q(s, a) and an
action-conditional auxiliary policy prediction p(s, a)%. This encourages
the discovery process to focus on discovering new concepts through
yandz.

Meta-network

Alarge proportion of modern RL rules use the forward view of RL*.
In this view, the RL rule receives a trajectory from time step ttot +n,
and uses this information to update the agent’s predictions or policy.
They typically update the predictions or policy towards bootstrapped
targets, that is, towards future predictions.

Correspondingly, our RL rule uses a meta-network (Fig. 1c) as a
function that determines targets towards which the agent should
move its predictions and policy. To produce targets at time step ¢,
the meta-network receives as input a trajectory of the agent’s pre-
dictions and policy as well as rewards and episode termination from
timestepttot+ n.lItusesastandard long short-term memory?* to pro-
cesstheseinputs, although other architectures may be used (Extended
DataFig. 3).

The choice of inputs and outputs to the meta-network maintains
certain desirable properties of handcrafted RL rules. First, the meta-
network can deal with any observation and with discrete action spaces
of anysize. Thisis possible because the meta-network does notreceive
the observation directly as input, but only indirectly via predictions.
Inaddition, it processes action-specific inputs and outputs by sharing
weights across action dimensions. As aresult it can generalize to radi-
cally different environments. Second, the meta-network is agnostic
to the design of the agent network, as it sees only the output of the
agent network. As long as the agent network produces the required
formofoutputs (m,y, z), the discovered RL rule can generalize to arbi-
trary agent architectures or sizes. Third, the search space defined by
the meta-network includes the important algorithmic idea of boot-
strapping. Fourth, as the meta-network processes both policy and
predictions together, it can not only meta-learn auxiliary tasks® but
alsodirectly use predictions to update the policy (for example, to pro-
vide a baseline for variance reduction). Finally, outputting targets is
strictly more expressive than outputting a scalar loss function, as it
includes semi-gradient methods such as Q-learning in the search space.
While building on these properties of standard RL algorithms, the rich
parametric neural network allows the discovered rule to implement
algorithms with potentially much greater efficiency and contextual
nuance.

Agent optimization

Theagent’s parameters (0) are updated to minimize the distance from
its predictions and policy to the targets from the meta-network. The
agent’s loss function can be expressed as:

L(8) =By g_n ID(ft, T4(5)) + D(F, Y5(5)) + D2, Zy(5, @) + Ly, ]

where s and a are distributed according to the policy m,, and D(p, q)
isadistance function between p and q. We chose the Kullback-Leibler
divergence as the distance function, as it is sufficiently general and
has previously been found to make meta-optimization easier’. Here Ty,
Yo Zoand t, ¥, Z are the outputs of the agent network and the
meta-network, respectively, with a softmax function applied to nor-
malize each vector.

Theauxiliary loss L,,, is used for predictions with pre-defined seman-
tics: action values (q) and auxiliary policy predictions (p) as follows:
L. =D@, qs(s, @)) + D(P, pe(s, @)), whereqis an action-value target from
Retrace® projected to a two-hot vector®, and p = my(s’) is the policy
atthe one-step future state. To be consistent with the rest of losses, we
use the Kullback-Leibler divergence as the distance function D.
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Meta-optimization

Our goal is to discover an RL rule, represented by the meta-network
with meta-parameters 7, that allows agents to maximize rewards in a
variety of training environments. This discovery objective /() and its
meta-gradient V,/(n) can be expressed as:

J() =EEqJ(0)], Vi J (1) = EEolV, 0%/ (0)],

where £ indicates an environment sampled from a distribution and 8
denotes agent parametersinduced by aninitial parameter distribution
and their evolution over the course of learning with the RL rule.
J(@ =E[Y, y'r,], where yis the discount factor and r, is the reward at
step¢,isthe expected discounted sum of rewards, whichis the typical
RL objective. The meta-parameters are optimized using gradient ascent
following the above equations.

Toestimate the meta-gradient, we instantiate a population of agents
that learn according to the meta-networkin a set of sampled environ-
ments. To ensure this approximationis close to the true distribution of
interest, we use a large number of complex environments taken from
challenging benchmarks, in contrast to previous work that focused ona
smallnumber of simple environments. As aresult the discovery process
surfaces diverse RL challenges, such as the sparsity of rewards, the task
horizon, and the partial observability or stochasticity of environments.

Each agent’s parameters are periodically reset to encourage the
update rule to make fast learning progress within a limited agent life-
time. As in previous work on meta-gradient RL', the meta-gradient
termV,J(n) can be divided into two gradient terms by the chain rule:
V,0andV,J(0). Thefirst term canbe understood asagradient over the
agent update procedure”, whereas the second term s the gradient of
the standard RL objective. To estimate the first term, we iteratively
update the agent multiple times and backpropagate through the entire
update procedure, as illustrated in Fig. 1d. To make it tractable, we
backpropagate over 20 agent updates using a sliding window. Finally, to
estimate the second term, we use the advantage actor-critic method?®.
To estimate the advantage, we train a meta-value function, which is a
value function used only for discovery.

Empirical result

We implemented our discovery method with a large population of
agentsinaset of complex environments. We call the discovered RL rule
DiscoRL.Inevaluation, the aggregated performance was measured by
the interquartile mean (IQM) of normalized scores for benchmarks
that consist of multiple tasks, which has proven to be a statistically
reliable metric®.

Atari

The Atari benchmark?, one of the most studied benchmarks in the
history of RL, consists of 57 Atari 2600 games. They require com-
plex strategies, planning and long-term credit assignment, making
it non-trivial for Al agents to master. Hundreds of RL algorithms have
been evaluated on thisbenchmark over the past decade, whichinclude
MuZero® and Dreamer™.

To see how strong the rule can be when discovered directly from this
benchmark, we meta-trained anRL rule, Disco57, and evaluated it on the
same 57 games (Fig. 2a). In this evaluation, we used a network architec-
ture that hasanumber of parameters comparable to the number used
by MuZero. Thisisalarger network than the one used during discovery;
the discovered RLrule must therefore generalize to this setting. Disco57
achieved an1QM o0f13.86, outperforming all existing RL rules®'%1**° on
the Ataribenchmark, with a substantially higher wall-clock efficiency
compared with the state-of-the-art MuZero (Extended Data Fig. 4).
This shows that our method can automatically discover a strong RL
rule from such challenging environments.
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Fig.2|Evaluation of DiscoRL. a-f, Performance of DiscoRL compared to human-
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isdiscovered from Atari, ProcGen and DMLab-30 benchmarks. The shaded
areas show 95% confidence intervals. The dashed lines represent manually
designed RL rules such as MuZero®, efficient memory-based exploration
agent (MEME)*°, Dreamer', self-tuning actor-critic algorithm (STACX)",
importance-weighted actor-learner architecture (IMPALA)*, deep Q-network
(DQN)*, phasic policy gradient (PPG)¥, proximal policy optimization (PPO)*,
and Rainbow®.
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Generalization
We further investigated the generality of Disco57 by evaluating it on
avariety of held-out benchmarks that it was never exposed to during
discovery. These benchmarksinclude unseen observation and action
spaces, diverse environment dynamics, various reward structures and
unseen agent network architectures. Meta-training hyperparameters
were tuned on only training environments (that is, Atari) to prevent
the rule from being implicitly optimized for held-out benchmarks.
Theresult on the ProcGen*benchmark (Fig. 2b and Extended Data
Table 2), which consists of 16 procedurally generated two-dimensional
games, shows that Disco57 outperformed all existing published meth-
ods, includingMuZero®and PPO', even though it had never interacted
with ProcGen environments during discovery. In addition, Disco57
achieved acompetitive performance on Crafter® (Fig. 2d and Extended
DataTable 5), where the agent needs to learn awide spectrum of abili-
ties to survive. Disco57 reached the third place on the leaderboard of
NetHack NeurIPS 2021 Challenge® (Fig. 2e and Extended Data Table 4),
where more than 40 teams participated. Unlike the top submitted
agents in the competition®, Disco57 did not use any domain-specific
knowledge for defining subtasks or reward shaping. For a fair compari-
son, we trained an agent with the importance weighted actor-learner
architecture (IMPALA) algorithm** using the same settings as Disco57.
IMPALA’s performance was much weaker, suggesting that Disco57
has discovered a more efficient RL rule than standard approaches. In
addition to environments, Disco57 turned out to be robust to arange
of agent-specific settings such as network size, replay ratio and hyper-
parameters in evaluation (Extended Data Fig. 1).

Complex and diverse environments

To understand the importance of complex and diverse environments
for discovery, we further scaled up meta-learning with additional envi-
ronments. Specifically, we discovered another rule, Discol03, using a
more diverse set of 103 environments consisting of the Atari, ProcGen
and DMLab-30*benchmarks. This rule performs similarly on the Atari
benchmark while improving scores on every other seen and unseen
benchmarkinFig.2.In particular, Discol03 reached human-level per-
formance on Crafterand neared MuZero’s state-of-the-art performance
on Sokoban®. These results show that the more complex and diverse
the set of environments used for discovery, the stronger and more
general thediscovered rule becomes, even on held-out environments
that were not seen during discovery. Discovering Discol03 required no
changes to the discovery method compared with Disco57 other than
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without the auxiliary prediction (p). ‘Small agents’ uses asmaller agent
network during discovery. ‘Without prediction’ is meta-learned without
learned predictions (y, z). ‘Without value’is meta-learned without the value
function (q). ‘Toy environments’ is meta-learned from 57 grid-world tasks
instead of Atari games.

the set of environments. This shows that the discovery process itself
isrobust, scalable and general.

To further investigate the importance of using complex environ-
ments, we ran our discovery process on 57 grid-world tasks that are
extended from previous work?, using the same meta-learning settings
as for Disco57. The new rule had a significantly worse performance
(Fig.3c) onthe Ataribenchmark. This verifies our hypothesis about the
importance of meta-learning directly from complex and challenging
environments. While using such environments was crucial, there was
no need for a careful curation of the correct set of environments; we
simply used popular benchmarks from the literature.

Efficiency and scalability

To further understand the scalability and efficiency of our approach,
we evaluated multiple Disco57s over the course of discovery (Fig. 3a).
The best rule was discovered within approximately 600 million steps
per Atari game, which amounts to just 3 experiments across 57 Atari
games. Thisis arguably more efficient than the manual discovery of RL
rules, which typically requires many more experiments to be executed,
inaddition to the time of the human researchers.

Furthermore, DiscoRL performed better on the unseen ProcGen
benchmark as more Atari games were used for discovery (Fig. 3b), show-
ingthattheresultingRLrule scales well with the number and diversity of
environments used for discovery. Inother words, the performance of the
discoveredruleisafunction of data(thatis, environments) and compute.

Effect of discovering new predictions

To study the effect of the discovered semantics of predictions (y, z
in Fig. 1b), we compared different rules by varying the outputs of the
agent, withand without certaintypes of prediction. The resultin Fig.3c
shows that the use of avalue function markedly improves the discovery
process, which highlights the importance of this fundamental con-
cept of RL. However, the result in Fig. 3c also shows the importance of
discovering new prediction semantics (y and z) beyond pre-defined
predictions. Overall,increasing the scope of discovery compared with
previous work' ® was essential. In the following section, we provide
further analysis to uncover what semantics have been discovered.

Analysis

Qualitative analysis

We analysed the nature of the discovered rule, using Disco57 as a
case study (Fig. 4). Qualitatively, the discovered predictions spike in
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correlated with upcoming salient events. For example, they often precede
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b, Gradient analysis. Each contour shows where each prediction focuses
oninthe observationthrough agradient analysisin Beam Rider. The
predictions tend to focus more on enemies at a distance, whereas the
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advance of salient events such as receiving rewards or changes in the
entropy of the policy (Fig. 4a). We also investigated which features
of the observation cause the meta-learned predictions to respond
strongly, by measuring the gradient norm associated with each part
of the observation. The result in Fig. 4b shows that meta-learned
predictions tend to pay attention to objects that may be relevant
in the future, which is distinct from where the policy and the value
function pay attention to. These results indicate that DiscoRL has
learned to identify and predict salient events over a modest horizon,
and thus complements existing concepts such as the policy and value
function.

Information analysis

To confirmthe qualitative findings, we further investigated what infor-
mation is contained in the predictions. We first collected data from
the DiscoRL agent on 10 Atari games and trained a neural network to
predict quantities of interest from either the discovered predictions,
the policy or the value function. The results in Fig. 4c show that the
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discovered predictions contain greater information about upcom-
ing large rewards and the future policy entropy, compared with the
policy and value. This suggests that the discovered predictions may
capture unique task-relevant information that is not well captured by
the policy and value.

Emergence of bootstrapping

We also found evidence that DiscoRL uses abootstrapping mechanism.
When the meta-network’s prediction input at future time steps (z,,,) is
perturbed, it strongly affects the target Z, (Fig. 4d). This means that
the future predictions are used to construct targets for the current
predictions. This bootstrapping mechanism and the discovered predic-
tions turned out to be critical for performance (Fig. 4e). If theyand z
inputs tothe meta-network are set to zero when computing their targets
¥ and z (thus preventing bootstrapping), performance degrades sub-
stantially. Iftheyand zinputs are set to zero for computing all targets
including the policy target, the performance drops even further. This
shows the discovered predictions are heavily used to inform the policy
update, rather than just serving as auxiliary tasks.
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Previous work

Theideaof meta-learning, orlearningto learn, in artificial agents dates
back to the 1980s*, with proposals to train meta-learning systems
with backpropagation of gradients®. The core idea of using a slower
meta-learning process to meta-optimize afast learning or adaptation pro-
cess®* hasbeenstudied for numerous applicationsin various contexts,
including transfer learning®, continual learning*, multi-task learning®,
hyperparameter optimization** and automated machine learning®.

Early efforts to use meta-learning for RL agents comprised attempts
to meta-learninformation-seeking behaviours*¢. Many later works have
focused on meta-learning a small number of hyperparameters of an
existing RLalgorithm™™, Such approaches have produced promising
results but cannot markedly depart from the underlying handcrafted
algorithms. Another line of work has attempted to eschew inductive
biases by meta-learning entirely black-box algorithms implemented,
for example, as recurrent neural networks* or as a synaptic learning
rule*. Although conceptually appealing, these methods are prone to
overfit to tasks seen in meta-training®.

Theideaof representing knowledge using awider class of predictions
was first introduced in temporal-difference networks* but without
any meta-learning mechanism. A similar idea has been explored for
meta-learningauxiliary tasks?. Our work extends this idea to effectively
discover an entire loss function that the agent optimizes, covering a
much broaderrange of possible RL rules. Furthermore, unlike previous
work, thediscovered knowledge can generalize to unseen environments.

Recently, there have been growing interests in discovering general-
purpose RL rules* ¢, However, most of them were limited to small
agents and simple tasks, or the scope of discovery was limited to a
partial RL rule. Therefore, their rules were not extensively compared
with state-of-the-art rules on challenging benchmarks. In contrast, we
search over a larger space of rules, including entirely new predictions,
andscaleup toalarge number of complex environments for discovery. As
aresult, we demonstrate thatit is possible to discover ageneral-purpose
RLrulethat outperforms anumber of state-of-the-artrules on challeng-
ing benchmarks.

Conclusion

Enabling machines to discover learning algorithms for themselves is
one of the most promising ideas in artificial intelligence owing to its
potential for open-ended self-improvement. This work has taken a
step towards machine-designed RL algorithms that can compete with
and even outperform some of the best manually designed algorithms
in challenging environments. We also showed that the discovered
rule becomes stronger and more general as it gets exposed to more
diverse environments. This suggests that the design of RL algorithms
for advanced Al may in the future be led by machines that can scale
effectively with dataand compute.
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Methods

Meta-network

The meta-network maps a trajectory of agent outputs along with
relevant quantities fromthe environmentto targets: my:f, (sp), fo-(se),
Ay I by oo Sy (Sean) S (Stan)s Qeaps Tevy Bron = T, ¥, Z, where 1 repre-
sents meta-parameters, and f, = [Ty(s), Yo(S), Zo(S), qo(s)] is the agent
output with parameters 6. a, r and b are an action taken by the agent,
areward and an episode termination indicator, respectively. 6" is an
exponential moving average of parameters 6. This functional form
allows the meta-network to search over a strictly larger space of rules
compared with meta-learning a scalar loss function. This is further
discussed in Supplementary Information.

The meta-network processes the inputs by unrollingalongshort-term
memory (LSTM) backwardsin time asillustrated in Fig. 1c. This allows
it to take into account n-step future information to produce targets,
as in multi-step RL methods such as temporal-difference methods
TD(A)**. We found that this architecture is computationally more effi-
cientthanalternatives such as transformers, while achieving a similar
performance, as shown in Extended Data Fig. 3b.

The action-specific inputs and outputs are processed in the
meta-network using shared weights over the action dimension, and
an intermediate embedding is computed by averaging across it. This
allows the meta-network to process any number of actions. More details
about it can be found in Supplementary Information.

To allow the meta-network to discover a wider class of algorithms,
such as reward normalization, that require maintaining statistics over
an agent’s lifetime, we add an additional recurrent neural network.
This ‘meta-RNN’ is unrolled forward across agent updates (from 6,
to 0,,,), rather than across time steps in an episode. The core of the
meta-RNN is another LSTM module. For each of the agent updates,
the whole batch of trajectories is embedded into a single vector that
is passed to this LSTM. The meta-RNN can potentially capture the
learning dynamics throughout the agent’s lifetime, producing tar-
gets that are adaptive to the specific agent and the environment. The
meta-RNN slightly improved the overall performance, as shown in
Extended Data Fig. 3a. Further details are described in Supplementary
Information.

Meta-optimization stabilization

Anumber of challenges arise when we discover at alarge scale, mainly
because of unbalanced gradient signals coming from agents in different
environments and myopic gradients caused by long lifetimes of agents.
Weintroduce afew methods to alleviate these problems.

First, when estimating the advantage term in the advantage actor-
critic method to estimate V,J(6) in the meta-gradient, we normalize
the advantage term as follows: A = (A4 — u)/o, where A is a normalized
advantage and g and o are the exponentially moving average and stand-
ard deviation of advantages accumulated over the agent’s lifetime. We
found that this makes the scale of the advantage term balanced across
different environments. In addition, when aggregating the meta-
gradient from the population of agents, we take the average of the
meta-gradients overallagents after applying a separate Adam optimizer
to themeta-gradient calculated fromeachagent:p < n + % py ADAM(g),
where g; is the meta-gradient estimation from the ith agent in the
population. We found that this helps to normalize the magnitude of
the meta-gradients from each agent.

We add two meta-regularization losses (L., and L, ) to the meta-
objective J(n7) as follows: E;Egl J(0) = Len(0) — Ly, (0)] L (6) = —E 4
[H(y,(s)) + H(z4(s, a))] is an entropy regularization of predictions
yandz, where H(-) isthe entropy of the given categorical distribution.
We found that this helps prevent the predictions from converging
prematurely. Ly, (6) = Dy, (74-||ft) is the Kullback-Leibler divergence
between the policy of a target network with an exponential moving
average of the agent parameters (6") and the meta-network’s policy

target (ft). This prevents the meta-network from proposing excessively
aggressive updates that could lead to collapse.

It is noted that these methods are used only to stabilize meta-
optimization, and they do not determine how the agents are updated.
The meta-learned rule still solely determines how the agents are
updated.

Implementation details

We developed a framework that uses JAX library®**¢ and distributes
computation across tensor processing units (TPUs)¥ inspired by the
Podracer architectures®. In this framework, each agent is simulated
independently, with the meta-gradients of all agents being calculated
inparallel. The meta-parameters are updated synchronously by aggre-
gating meta-gradients across all agents. We used MixFlow-MG* to
minimize the computational cost of the runs.

For Disco57, we instantiate 128 agents by cycling through the 57 Atari
environmentsin lexicographic order. For Discol03, we instantiate 206
agents, with two copies of each environment from Atari, ProcGen and
DMLab-30. Disco57 was discovered using 1,024 TPUv3 cores for 64 hours,
and Discol03 was discovered using 2,048 TPUv3 cores for 60 hours.

The meta-value function used to calculate the meta-gradient is
updated using V-Trace**, with a discount factor of 0.997 and a TD(1)
coefficient of 0.95. The meta-value function and agent networks are
optimized using an Adam optimizer with a learning rate of 0.0003.
For meta-parameter updates, we use the Adam optimizer withalearning
rate of 0.001and gradient clipping of1.0. Each agent is updated based
on a batch of 96 trajectories with 29 time steps each. In each batch,
on-policy trajectories and trajectories sampled from the replay buffer
are mixed, with replay trajectories accounting for 90% of each batch.
At each meta-step, 48 trajectories are generated to calculate the
meta-gradient and update the meta-value function.

Eachagent’s parameters arereset after it has consumedits allocated
experience budget. When resetting, a new experience budget is sam-
pled from the categories (200 million, 100 million, 50 million, 20 mil-
lion) with aweightinversely proportional to the budget, such that the
same amount of total experienceis sampledineach category. This was
based on our observation that much of learning happens early in the
lifetime and demonstrated amarginalimprovementin our preliminary
small-scale investigation.

Hyperparameters and evaluation

For evaluation on held-out benchmarks, we only tuned the learning rate
from{0.0001, 0.0003, 0.0005}. The rest of the hyperparameters were
selected based on baseline algorithms from the literature.

The evaluation on Atari games (shown in Fig. 2a and Extended Data
Table 1) used a version of the IMPALA3* network with an increased
parameter count that matches the agent network size used by MuZero®.
Specifically, we used a network with 4 convolutional residual blocks
with 256,384,384 and 256 filters, a shared fully connected final layer
of 768 dimensions, and an LSTM-based action-conditional predictions
component that is composed of an LSTM with a1,024 hidden state
dimension and a1,024-dimensional fully connected layer. DMLab-30
evaluations (Fig. 2c and Extended Data Table 3) use the same action
spacediscretization and agent network architecture as used in IMPALA.
See Extended Data Table 6 for the list of hyperparameters. To verify
the statistical significance of our evaluations, we used two random
seeds for initialization on each environment from Atari, ProcGen and
DMLab, three seeds on Crafter and NetHack, and five seeds on Sokoban.

Analysis details

Forthe prediction analysisin Fig. 4c, we train multiple 3-layer percep-
trons (MLPs) with 128, 64 and 32 hidden units for each layer respectively.
The MLPs are trained to predict quantities such as future entropy and
rewards from the outputs of an agent that has been trained on differ-
ent Atari games using Disco57. We use 10 Atari games (Alien, Amidar,



Battle Zone, Frostbite, Gravitar, Qbert, Riverraid, Road Runner,
Robotank and Zaxxon). The values shown in Fig. 4c are R? scores for
future entropy and test accuracy for large-reward events using five-
fold cross-validation. Extended Data Fig. 2 provides an additional
prediction analysis for more quantities. For high-dimensional outputs
(y,z,z,), weused alarger 3-layer MLP with 256 hidden units each.
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Extended DataFig.1|Robustness of DiscoRL. The plots show the performance
of Disco57 and Mueslion Ms Pacman by varying agent settings. ‘Discovery’

and ‘Evaluation’ represent the setting used for discovery and evaluation,
respectively. (a) Each rule was evaluated on various agent network sizes.

(b) Eachrule was evaluated on various replay ratios, which define the

proportion of replay datain abatch compared to on-policy data. (c) Asweep
over optimisers (Adam or RMSProp), learning rates, weight decays, and
gradient clipping thresholds was evaluated (36 combinationsin total) and
ranked according to the final score.



- S L T ) <
> K X <;\
RN 0“0‘0‘9’"?11 ¢ o O ¢ O ¢ o &
o W S FEFT L LRSS SN S SN R D
N B I TSR M W
o & & S £ a“é“é“@%@%@%x@\" AR \\“\\“\\<‘ o S R MR M MR CRR RN S

| | | | | | | | | 1 1 | | |
0.54 0.51 0.46 0.54 0.47 0.46 0.38 0.28 0.37 0.65 0.51 0.45 0.58 0.47 0.45

)

-0 -0 -0 |0.04 -0

Features
%
&
1
o
w
~N
o
0
o

0.68 0.68 0.59 0.72 0.67 0.56 0.52 0.49 0.47 [0}y o/ /1 0.62 (©)7/:10.72 0.6

z(a) —0.72 [EANKE] [oX4) 0.96 -0 0.08/0.97 0.92 [y NeR:Y:H¥:V] 0.93 0.67‘[‘ .27 0.68 0.69 0.62 0.68 0.56 0.57 0.49 0.48 HeXA o/ 7/: 0.61 (0171 0.73 0.59

Extended DataFig.2|Detailed results for the regressionand classificationanalysis. Each cell represents the test score of one MLP model that has been
trained to predict some quantity (columns) given the agent’s outputs (rows).



Article

a b
10 10 +
8 - 8 —
= =
£ £
< 64 < 6 -
c [
o o
= =
[CE G 4+
— 1xLSTM
2 2 2xLSTM
— w/ meta-RNN 0.5x LSTM
o 4 w/o meta-RNN o4/ Transformer
T T T T T T
0 100 200 0o 100 200

Environment Steps (Millions)

Extended DataFig. 3 | Effect of meta-network architecture. (a) The x-axis
represents the number of environment steps in evaluation and the y-axis
thelQMon the Ataribenchmark. All methods are discovered from 16 randomly
selected Atarigames. The meta-RNN componentslightlyimproves performance.
Theshaded areas show 95% confidence intervals. (b) The x-axis represents

the number of environment steps in evaluation and the y-axis theIQM on the

Environment Steps (Millions)

Ataribenchmark. Allmethods are discovered from16 randomly selected
Atarigames. Each curve corresponds to a different meta-network architecture,
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byatransformer. The choice of the meta-net architecture minimally affects
performance. The shaded areas show 95% confidenceintervals.
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Extended Data Table 1| Atari57 result

Random Human IMPALA STACX Muesli MuZero Dreamer Disco57 Disco103
Alien 228 7128 15962 31809 139409 135541 10977 322137 333105
Amidar 6 1720 1554 3719 21653 1061 3612 1384 14593
Assault 222 742 19148 19648 36963 29697 26010 34676 33546
Asterix 210 8503 300732 245617 316210 918628 441763 814458 773870
Asteroids 719 47389 108590 156096 484609 509953 348684 499430 490463
Atlantis 12850 29028 849967 848007 1363427 1136009 1553222 1112262 1083115
Bank Heist 14 753 1223 1329 1213 14176 1083 1219 1368
Battle Zone 2360 37188 20885 78359 414107 320641 419653 98764 94730
Beam Rider 364 16927 32463 62892 288870 319684 37073 215580 328418
Berzerk 124 2630 1852 1523 44478 19523 10557 74633 72922
Bowling 23 161 59 28 191 156 250 197 219
Boxing 0 12 99 100 99 100 100 99 99
Breakout 2 30 787 717 791 778 384 798 719
Centipede 2091 12017 11049 478347 869751 862737 554553 893158 899572
Chopper Command 811 7388 28255 846788 101289 494578 802698 967905 337167
Crazy Climber 10780 35829 136950 182617 175322 176172 193204 176195 173933
Defender 2874 18689 185203 344453 629482 544320 579875 640052 650392
Demon Attack 152 1971 132826 130741 129544 143846 142109 143656 143710
Double Dunk -19 -16 0 24 -3 24 24 23 23
Enduro 0 861 0 259 2362 2363 2166 2364 2373
Fishing Derby -92 -39 44 62 51 69 82 57 76
Freeway 0 30 0 18 33 34 34 33 16
Frostbite 65 4335 317 2522 301694 410173 41888 1652 1214
Gopher 258 2412 66782 87094 104441 121342 87600 125875 120536
Gravitar 173 3351 359 2746 11660 10926 12570 13722 10384
Hero 1027 30826 33730 35559 37161 37249 40677 31605 29031
Ice Hockey -1 1 3 19 25 40 57 31 40
Jamesbond 29 303 1632 26123 19319 32107 24010 35441 31636
Kangaroo 52 3035 1632 3182 14096 13928 12229 13603 13196
Krull 1598 2666 8147 10480 34221 50137 69858 62579 60703
Kung Fu Master 258 22736 43375 67823 134689 148533 154893 102679 89081
Montezuma Revenge 0 4753 0 0 2359 1450 1852 2559 400
Ms Pacman 307 6952 7342 12647 65278 79319 24079 101876 101290
Name This Game 2292 8049 21537 24616 105043 108133 77809 98867 103914
Phoenix 761 7243 210996 370270 805305 748424 316606 867704 841925
Pitfall -229 6464 -1 0 0 0 0 -1 0
Pong -21 15 21 21 20 21 20 20 20
Private Eye 25 69571 98 100 10323 7600 26432 27833 5598
Qbert 164 13455 351200 27264 157353 85926 201084 127630 133099
Riverraid 1338 17118 29608 47671 47323 172266 48080 67916 44260
Road Runner 12 7845 57121 62191 327025 554956 150402 311239 356701
Robotank 2 12 12 61 59 85 132 108 108
Seaquest 68 42055 1753 1744 815970 501236 356584 999994 999991
Skiing -17098 -4337 -10180 -10504 -18407 -30000 -29965 -29949 -30072
Solaris 1236 12327 2365 2326 3031 4401 5851 2314 2396
Space Invaders 148 1669 43595 34875 59602 31265 15005 64092 44213
Star Gunner 664 10250 200625 298448 214383 158608 408961 568369 564206
Surround -10 7 7 3 9 10 9 9 8
Tennis -24 -8 0 19 12 0 -3 23 23
Time Pilot 3568 5229 48481 49932 359105 413988 314947 411305 388002
Tutankham 11 168 292 101 252 318 395 230 347
Up N Down 533 11693 332546 315588 549190 606602 614065 640537 629513
Venture 0 1188 0 0 2104 866 0 1960 0
Video Pinball 0 17668 572898 441220 685436 921563 940631 877143 762964
Wizard Of Wor 564 4757 9157 47854 93291 103463 99136 100942 102435
Yars Revenge 3093 54577 84231 113651 557818 187731 675774 144298 201832
Zaxxon 32 9173 32935 56952 65325 106935 78443 36011 37081

Each algorithm was evaluated at 200 M environment steps. The best result for each game is shown in bold.



Extended Data Table 2 | ProcGen result

Random Human PPO PPG Dreamer MuZero Disco57 Disco103
Steps - - 50M 50M 50M 30M 50M 50M
Bigfish 0.00 40.00 10.92 31.26 7.67 30.80 34.61 35.80
Bossfight 0.50 13.00 10.47 11.46 11.16 11.88 12.53 12.65
Caveflyer 2.00 13.40 6.03 10.02 10.78 12.37 9.41 9.93
Chaser 0.50 14.20 4.48 8.57 521 4.34 12.83 13.26
Climber 1.00 12.60 7.59 10.24 11.77 9.35 11.74 12.37
Coinrun 5.00 10.00 7.93 8.98 9.87 9.90 9.93 9.95
Dodgeball 1.50 19.00 4.80 10.31 9.36 15.15 18.61 18.72
Fruitbot -0.50 27.20 20.28 24.32 7.64 8.64 26.41 27.84
Heist 2.00 10.00 2.25 3.77 6.86 3.04 3.53 5.56
Jumper 1.00 10.00 5.09 5.84 9.18 7.75 8.74 9.05
Leaper 1.50 10.00 5.90 8.76 8.34 9.83 9.91 9.89
Maze 4.00 10.00 4.97 7.06 8.93 7.48 9.16 9.52
Miner 1.50 20.00 7.56 9.08 6.07 16.67 18.52 21.48
Ninja 2.00 10.00 6.16 9.38 9.89 9.84 9.88 9.94
Plunder 3.00 30.00 11.16 13.44 24.26 13.26 7.04 7.44
Starpilot 1.50 35.00 17.00 21.57 25.64 41.36 41.42 44.07

Best result for each game shown in bold. The agents were trained and evaluated on 500 training levels.
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Extended Data Table 3 | DMLab-30 result

Random Human IMPALA Disco57 Disco103
Steps - - 1000M 300M 300M
Explore Goal Locations Large 3.10 194.50 83.10 36.86 96.62
Explore Goal Locations Small 7.70 267.50 209.40 208.78 224.11
Explore Object Locations Large 4.70 65.70 37.00 32.84 41.78
Explore Object Locations Small 3.60 74.50 57.80 56.08 64.89
Explore Object Rewards Few 2.10 77.70 39.80 30.11 37.99
Explore Object Rewards Many 2.40 106.70 58.70 48.50 55.28
Explore Obstructed Goals Large 2.60 119.50 39.50 5.84 39.46
Explore Obstructed Goals Small 6.80 206.00 135.20 78.18 162.72
Language Answer Quantitative Question -0.30 184.50 219.40 242 318.62
Language Execute Random Task -5.90 254.10 -49.90 -1.65 310.43
Language Select Described Object -0.10 389.50 324.60 600.19 605.19
Language Select Located Object 1.90 280.70 189.00 1.27 655.57
Lasertag One Opponent Large -0.20 12.70 -0.20 -0.01 -0.01
Lasertag One Opponent Small -0.10 18.60 -0.10 -0.00 -0.05
Lasertag Three Opponents Large -0.20 18.60 -0.10 0.45 7.27
Lasertag Three Opponents Small -0.10 31.50 19.10 27.42 34.95
Natlab Fixed Large Map 2.20 36.90 34.70 4117 55.05
Natlab Varying Map Randomized 7.30 42.40 36.10 37.02 38.97
Natlab Varying Map Regrowth 3.00 24.40 20.70 20.44 25.66
Psychlab Arbitrary Visuomotor Mapping 0.20 58.80 16.40 13.41 16.26
Psychlab Continuous Recognition 0.20 58.30 29.90 30.49 30.35
Psychlab Sequential Comparison 0.10 39.50 0.00 0.00 0.00
Psychlab Visual Search 0.10 78.50 0.00 0.00 0.00
Rooms Collect Good Objects Test 0.10 10.00 9.00 8.61 8.99
Rooms Exploit Deferred Effects Test 8.50 85.70 15.60 39.63 39.45
Rooms Keys Doors Puzzle 4.10 53.80 28.00 26.27 39.45
Rooms Select Nonmatching Object 0.30 65.90 7.30 5.68 6.13
Rooms Watermaze 4.10 54.00 26.90 19.89 31.46
Skymaze Irreversible Path Hard V2 0.10 100.00 13.60 0.00 0.05
Skymaze Irreversible Path Varied V2 14.40 100.00 45.10 43.58 68.17

Best result for each task shown in bold.



Extended Data Table 4 | NetHack result

Mean Score

Leaderboard 4th (“Team JustPaulsAl”)
Leaderboard 3rd (“Team Chaotic-Dwarven”)
Leaderboard 2nd (“Team KakaoBrain”)
Leaderbord Best (“Team RAPH?”)

586.06
956.73
2062.79
1350.81

IMPALA
Disco57
Disco103

188.95
938.10
1114.24

Comparison to top 4 submissions from the “Final (Neural)” leaderboard of the NetHack NeurlPS 2021 Challenge®. Note that median scores were used for ranking submissions on the

leaderboard, whereas we report mean scores to be consistent with other benchmarks.
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Extended Data Table 5 | Crafter result

Domain Return
Random 2.10
Human 14.30
PPO 4.20
Rainbow 5.00
Dreamer 11.70
Disco57 @1M 7.58
Disco57 @20M 1348
Disco103 @1M 6.59
Disco103 @20M 14.56

Dreamer, Rainbow, PPO, Disco57 @1M and Disco103 @1M all use the same data budget of 1M environment steps, while Disco57 @20 M and Disco103 @20 M use 20 M steps.



Extended Data Table 6 | Hyperparameters of agents in evaluation

Atari Crafter DMLab-30 NetHack Procgen Sokoban
Initial learning rate 0.0003 0.0003 0.0005 0.0001 0.0003 0.0003
End learning rate 0.0 0.0003 0 0.0 0.0 0.0
Learning rate schedule Cosine Constant Cosine Cosine Cosine Cosine
Learning rate warmup steps 5 x 108 0 108 107 108 0
Weight decay 0.1 0.3 0.01 0.03 0.1 0.1
Max abs update 1.0 1.0 1.0 0.3 1.0 1.0
Discount factor 0.997 0.997 0.99 0.997 0.997 0.997
Frame stacking 4 32 - 4 4 4
Batch size 96 24 96 96 192 96
TPU cores 16 8 8 16 8 8
Environment steps 2 x 108 5x 107 10° 2 x 108 2x 108 2 x 108
Replay buffer size 1760000 400000 220000 1760000 880000 880000
Replay ratio 0.95 0.99 0.9 0.95 0.9 0.9

Unroll length 29 29 100 29 29 29
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