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Abstract

A long-standing goal in the field of Artificial Intelligence (AI) is to create autonomous
agents capable of making a sequence of decisions to interact with the world. When
interacting with its environment, an agent will encounter new situations that it has not
previously encountered and for which we cannot provide an explicit representation of the
environment. In this case, the agent must learn about its environment through interaction
allowing trial and error – a problem well modeled by the field of Reinforcement Learning
(RL). A long-standing goal in reinforcement learning is to create an agent capable of
solving a diverse set of learning problems (i.e., broad generalization), and also learn quickly
from few samples (i.e., rapid adaptation). While RL has made remarkable progress in
generalization across diverse applications, from Go to nuclear fusion control, it remains
sample-inefficient and slow to adapt.

In this thesis, we explore meta-reinforcement learning (meta-RL) as a solution to these
challenges. In meta-RL, an agent is directly trained to rapidly adapt over a distribution
of tasks. Still, generalization over a broad task distribution in meta-RL remains a
significant hurdle. To address this, in Chapter 4, we propose the use of hypernetworks, i.e.,
neural networks that generate the weights and biases for other neural networks. In order
to train hypernetworks stably, we introduce a novel initialization scheme that enables
hypernetworks to improve generalization performance. We explore the implications of
hypernetworks further in Chapter 5. We also show that, surprisingly, when used with
our hypernetworks, simple end-to-end objectives can outperform more complex ones.
We then explore the role of sequence models in meta-RL in Chapter 6. We specifically
investigate sequence models that are permutation-invariant with respect to historical
transitions. This inductive bias is theoretically sufficient for representing the optimal
policy and can ameliorate gradient decay. However, we find that introducing controlled
permutation variance improves architectural robustness and allows for the representation
of sub-optimal policies, which can serve as stepping stones to the optimal solution. Finally,
we consider how these methods might differ in practice, by considering an application of
meta-supervised learning to protein fitness prediction in Chapter 7.

In summary, this thesis provides representations that critically improve the capabilities
of meta-RL agents. We show that such agents can be trained with hypernetworks, but
that doing so requires stable initialization. We show that end-to-end objectives provide
effective supervision, but only when using hypernetworks. And, we show that permutation
invariance is useful, but only when carefully combined with permutation variance as well.
By integrating these insights, we offer a path forward for RL agents capable of both rapid
adaptation and broad generalization, advancing a long-standing goal in the field of AI.
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A long-standing goal in the field of Artificial Intelligence (AI) is the development of

agents that can interact with the world autonomously. When doing so, agents will

encounter novel problems that necessitate learning from interaction to devise new

solutions. This problem is often formalized by the field of Reinforcement Learning

(RL), in which agents act to maximize future expected discounted reward [Sutton

et al., 1999]. To function autonomously, these agents must be able to both generalize

broadly over a diverse set of RL problems, and adapt rapidly to new RL problems, or

tasks, by learning.

While significant progress has enabled RL to tackle a broad range of problems, such

as mastering the game of Go [Silver et al., 2016] and solving all 57 Atari games to

1



super-human performance [Badia et al., 2020], these algorithms remain remarkably

sample-inefficient. For example, solving all Atari games required 90 billion frames,

which amounts to 48 years playing at a rate of 60 frames per second. While AI systems

may be able to play games rendered much faster and in parallel, the slow speed of

learning still becomes a major impediment to solving these problems in the physical

world, which cannot be rendered faster. However, meta-RL offers a solution: One

way to obtain more efficient RL algorithms is to learn to make more efficient RL

algorithms.

1.1 Learning to learn quickly

Meta-reinforcement learning (meta-RL) considers a family of machine learning (ML)

methods that learn to reinforcement learn. That is, meta-RL methods use sample-

inefficient ML to learn sample-efficient RL algorithms, or components thereof. As

such, meta-RL is a special case of meta-learning [Vanschoren, 2018, Hospedales et al.,

2020, Huisman et al., 2021], with the property that the learned algorithm is an RL

algorithm. Meta-RL has been investigated as a machine learning problem for a

significant period of time [Schmidhuber, 1987, Schmidhuber et al., 1997, Thrun and

Pratt, 1998, Schmidhuber, 2007].

Meta-RL has the potential to overcome some limitations of existing human-designed

RL algorithms. There has been significant progress in deep RL over the last several

years, with success stories such as mastering the game of Go [Silver et al., 2016],

stratospheric balloon navigation [Bellemare et al., 2020], and robot locomotion in

challenging terrain [Miki et al., 2022]. Still, RL remains highly sample inefficient,

which limits its real-world applications. Meta-RL can produce (components of) RL

algorithms that are much more sample efficient than existing RL methods, or even

provide solutions to previously intractable problems.

2



1.2 Example application

Consider, as a conceptual example, the task of automated cooking with a robot chef.

When such a robot is deployed in an individual’s kitchen, it must learn a kitchen-

specific policy, since each kitchen has a different layout and appliances. This challenge

is compounded by the fact that not all items needed for cooking are in plain sight; pots

might be tucked away in cabinets, spices could be stored on high shelves, and utensils

might be hidden in drawers. Therefore, the robot needs not only to understand the

general layout but also remember where specific items are once discovered. Training

the robot directly in a new kitchen from scratch is too time consuming and potentially

dangerous due to random behavior early in training. One alternative is to pre-train the

robot in a single training kitchen and then fine-tune it in the new kitchen. However,

this approach does not take into account the subsequent fine-tuning procedure. In

contrast, meta-RL would train the robot on a distribution of training kitchens such

that it can adapt to any new kitchen in that distribution. This may entail learning

some parameters to enable better fine-tuning, or learning the entire RL algorithm that

will be deployed in the new kitchen. A robot trained this way can both make better

use of the data collected and also collect better data, e.g., by focusing on the unusual

or challenging features of the new kitchen. This meta-learning procedure requires

more samples than the simple fine-tuning approach, but it only needs to occur once,

and the resulting adaptation procedure can be significantly more sample efficient when

deployed in the new test kitchen.

This example illustrates how, in general, meta-RL may be particularly useful when

the need for efficient adaptation is frequent, so the cost of meta-training is relatively

small. This includes, but is not limited to, safety-critical RL domains, where efficient

data collection is necessary and exploration of novel behaviors is prohibitively costly

or dangerous. In many cases, a large investment of sample-inefficient learning upfront
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(either with oversight, in a laboratory, or in simulation) is worthwhile to enable

subsequent improved adaptation behavior.

1.3 Challenges

The promise of improved sample efficiency comes with several costs. Notably, meta-

learning requires significantly more data than standard learning, as it trains an

entire learning algorithm (often across multiple tasks). While meta-RL can enable

sample-efficient learning at deployment, it does so at the expense of increased sam-

ple complexity during meta-training. For this reason, meta-RL is only applicable

when upfront data collection is relatively cheap, or adaptation during deployment is

prohibitively expensive. For example, this trade-off is justifiable when a simulator

is available for meta-training or when frequent and efficient adaptation is required

after meta-training. While this limitation is restrictive, it is not significantly more

restrictive than the standard use case for reinforcement learning. Importantly, the

methods proposed in this thesis maintain or improve the efficiency of meta-training,

while also improving the speed of adaptation afterward.

Additionally, meta-learning fits a learning algorithm to meta-training data, which

may reduce its ability to generalize to other data. A learning algorithm that does not

generalize to a broad array of learning problems would defeat our goal of producing

autonomous agents. Fortunately, this problem decreases as we increase the amount

of computation and data used during meta-training. Thus, by increasing the scale

of meta-training, we can produce agents that generalize broadly and adapt rapidly.

While generalizing over a broad distribution of problems for meta-training, comes

with its own set of challenges, this thesis makes significant advances in enabling such

generalization over a diverse meta-training distribution.
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1.4 Representations in Meta-Reinforcement Learn-
ing

In this thesis we tackle the problem of meta-RL, with a specific focus on representations

that enable generalization when learning to learn rapidly. We consider the setting

requiring the fastest adaptation, where performance is measured from the very first

attempt at a problem, i.e., zero-shot. In this setting, an agent is directly trained

to rapidly adapt over a distribution of tasks. Still, generalization over a broad

task distribution in meta-RL remains a significant hurdle. This thesis tackles this

problem, and others, using hypernetworks [Ha et al., 2017] in conjunction with other

representations, to improve zero-shot meta-RL algorithms.

We begin by noting the difficulty of training a representation to generalize across the

task distribution. On one hand, learning a separate policy for each task is feasible

but does not solve the generalization problem. On the other hand, training a single

policy across many tasks can create significant representation challenges. Despite

this, most existing meta-RL algorithms train a single policy that differs between tasks

only in terms of an input vector representing the task [Humplik et al., 2019, Duan

et al., 2016, Wang et al., 2016, Zintgraf et al., 2021b]. In contrast, hypernetworks are

a promising path forward since they replicate the ability to produce separate policies

while also allowing for generalization across tasks. However, evidence from supervised

learning suggests hypernetwork performance is highly sensitive to the initialization

[Chang et al., 2020]. In Chapter 4, we 1) show that hypernetwork initialization is also

a critical factor in meta-RL, and that naive initializations yield poor performance;

2) propose a novel hypernetwork initialization scheme that matches or exceeds the

performance of a state-of-the-art approach proposed for supervised settings, as well as

being simpler and more general; and 3) use this method to show that hypernetworks

can improve performance in meta-RL by evaluating on multiple simulated robotics
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benchmarks. In this work, we primarily aim to improve the performance of meta-RL

methods that use an objective to explicitly infer the task.

In contrast to such objectives, meta-RL may train the sequence model, not to infer

the task, but rather train the sequence model end-to-end on the return achieved by

the meta-RL agent [Wang et al., 2016, Duan et al., 2016]. Recent work suggests that

end-to-end learning in conjunction with an off-the-shelf sequential model, such as a

recurrent network, is a surprisingly strong baseline [Ni et al., 2022]. However, such

claims have been controversial due to limited supporting evidence, particularly in

the face of prior work establishing precisely the opposite. In Chapter 5, we conduct

an empirical investigation. While we likewise find that a recurrent network can

achieve strong performance, we demonstrate that the use of hypernetworks is crucial

to maximizing their potential. Surprisingly, when combined with hypernetworks, the

recurrent baselines that are far simpler than existing specialized methods actually

achieve the strongest performance of all methods evaluated.

In addition to specialized objectives, specialized sequence models have been proposed

to take advantage of the structure present in the meta-RL problem. Specifically,

many methods use sequence models that are permutation-invariant with respect to

historical transitions [Rakelly et al., 2019, Korshunova et al., 2020, Raileanu et al., 2020,

Imagawa et al., 2022]. This inductive bias is theoretically sufficient for representing

the optimal policy and can ameliorate gradient decay. However, in Chapter 6, we

find that introducing controlled permutation variance actually improves architectural

robustness and allows for the representation of sub-optimal policies, which can serve

as stepping stones to the optimal solution. Thus, we propose a novel sequence model

to carefully combine both permutation invariant and permutation variant components.

By combining this insight with hypernetworks, along with our improvements to the

initialization and supervision, we arrive at a representation that significantly advances
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the capabilities of generalization and adaptation in zero-shot meta-RL.

While this representation advances the capabilities of meta-RL agents, we note that

methodologies may need to vary significantly in practice. For example, real-world ap-

plications might leverage large pre-trained models for transfer, incorporate fine-tuning

at test time, or use meta-supervised learning rather than meta-reinforcement learning.

We explore such practicalities by investigating meta-learning applied to the domain

of protein design in Chapter 7. While practical limitations imposed by the applica-

tion necessitate the use of meta-supervised learning rather than meta-reinforcement

learning, protein engineering remains a preferable choice due to the availability of an

accepted public benchmark, the ability to train without the challenges of bridging

the simulation-to-reality gap, the lack of existing meta-learning solutions, and the

far-reaching implications for the physical sciences of any improvement achieved. Fur-

thermore, the focus on protein design was reinforced by the constraints of a research

internship, which provided the necessary collaboration and computation. Combined

with our research on meta-RL agents, this thesis offers both comprehensive improve-

ments to the capabilities of meta-RL agents and practical insights into considerations

that arise in real-world applications.

1.5 Thesis Structure and Contributions

This thesis is structured as follows:

• Chapter 1, i.e., this chapter, explains the motivation and goals behind meta-RL.

We present several challenges entailed by meta-RL and discuss how this thesis

makes progress on the most critical challenge facing the field. Finally, this

chapter outlines the research in the following portion of this thesis. The content

of this chapter is based on Beck et al. [2025b], published at Foundations and

Trends in Machine Learning.
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• Chapter 2 introduces the problem setting and formalism for RL and meta-RL.

In this chapter, we give the technical background required to understand RL

and meta-RL. We describe the Markov Decision Process (MDP), and then define

meta-RL in terms of a distribution of MDPs. We define some terminology

including the inner-loop, outer-loop, meta-training, meta-testing, and meta-

parameters. We walk through some example algorithms and categorize meta-RL

based on the number of episodes available for adaptation. Finally, we draw

connections to related fields, devoting the majority of this chapter to exploring

connections with meta-supervised learning. The content of this chapter is based

on Beck et al. [2025b], published at Foundations and Trends in Machine Learning.

• Chapter 3 categorizes the two main types of algorithms used to solve the zero-shot

meta-RL problem and presents related literature. We break up existing methods

into the categories of black-box and task-inference meta-RL. We describe each

in terms of the parameters they adapt, their inner-loop representations, their

respective outer-loop algorithms, and their associated trade-offs. We conclude

with a discussion on works towards exploration in meta-RL. The content of this

chapter is based on Beck et al. [2025b], published at Foundations and Trends in

Machine Learning.

• Chapter 4 presents the first methodological contribution, by investigating the

use of hypernetworks, in conjunction with novel initialization methods, for broad

task distributions. We find naive initializations for Hypernetworks yield poor

performance, and we propose a novel initialization scheme that matches or

exceeds the performance of a state-of-the-art approach, as well as being simpler

and more general. The content of this chapter is based on Beck et al. [2022],

published at The 6th Conference on Robot Learning.

• Chapter 5 presents findings on the use of different objectives in conjunction with
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the hypernetwork representation. While many specialized methods have been

proposed for meta-RL, we conduct an empirical investigation to compare the

end-to-end objectives with the more specialized methods. Surprisingly, even after

we further improve the specialized methods, we find the end-to-end baseline to

be both more performant and easier to implement. Moreover, we show the use of

hypernetworks to be critical to enabling the superior performance of end-to-end

methods. The content of this chapter is based on Beck et al. [2023b], published

at The 37th Conference on Neural Information Processing Systems.

• Chapter 6 investigates the sequence model that is used to summarize learning

experience before being passed to the hypernetwork. We specifically investigate

sequence models that are permutation-invariant with respect to historical transi-

tions. While permutation invariance is sufficient for representing the optimal

policy in principle, we find surprising benefits from introducing controlled per-

mutation variance. Not only does integration of permutation variance improve

architectural robustness, but we find that it also allows for the representation of

sub-optimal policies, which can serve as stepping stones on the path to learning

the optimal policy. The content of this chapter is based on Beck et al. [2024a],

published at The First Reinforcement Learning Conference.

• Chapter 7 explores meta-supervised learning applied to the task of protein fitness

prediction. In this setting, existing methods use large protein language models

(PLMs) that are typically pre-trained on general protein sequence modeling tasks

and then fine-tuned for protein fitness prediction. When no task data is available,

the models make strong assumptions about the correlation between the protein

sequence likelihood and fitness scores. In contrast, we propose meta-learning

over a distribution of standard fitness prediction tasks, and demonstrate positive

transfer to unseen fitness prediction tasks. The content of this chapter is based

9



on Beck et al. [2025a], published at The Thirteenth International Conference on

Learning Representations.

• Finally, in Chapter 8, we conclude with a discussion of the advances in represen-

tation proposed in this work that critically improve the capabilities of meta-RL

agents, and we engage in a reflection on open problems in the field.

We hope that by integrating the insights provided, we offer a path forward for building

RL agents capable of both rapid adaptation and broad generalization, advancing a

long-standing goal in the field of Artificial Intelligence.
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Meta-RL can be broadly described as learning part or all of an RL algorithm. In this

chapter we define and formalize meta-RL. To do so, we start by defining RL. We define

some terminology including the inner-loop, outer-loop, meta-training, meta-testing,

and meta-parameters. We walk through some example algorithms and categorize

meta-RL based on the number of episodes available for adaptation. Finally, we draw

connections to related fields.

2.1 Reinforcement learning

An RL algorithm learns a policy to take actions in a Markov decision process (MDP),

also referred to as the agent’s environment. An MDP is defined by a tuple M =
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⟨S,A, P, P0, R, γ, T ⟩, where S is the set of states, A the set of actions, P (st+1|st, at) :

S×A×S → R+ the probability of transitioning from state st to state st+1 after taking

action at, P0(s0) : S → R+ is a distribution over initial states, R(st, at) : S ×A → R

is a reward function, γ ∈ [0, 1] is a discount factor, and T is the horizon. We

give the definitions assuming a finite horizon for simplicity, though many of the

algorithms we consider also work in the infinite horizon setting. A policy is a function

π(a|s) : S ×A → R+ that maps states to action probabilities. The interaction of the

policy with the MDP takes place in episodes, which start from initial states sampled

from P0 followed by T transitions between states where the actions are sampled from

the policy π and states from the dynamics P . After the T transitions, a new episode

begins starting from a freshly sampled initial state. The reward for each transition is

defined by the reward function rt = R(st, at). This defines a distribution over episodes

P (τ) = P0(s0)
T∏
t=0

π(at|st)P (st+1|st, at). (2.1)

Sometimes we refer to the data τ = {st, at, rt, st+1}Tt=0 collected during an episode as

a trajectory.

The objective of RL is to learn a policy that maximizes the expected discounted return

within an episode,

J(π) = Eτ∼P (τ)

[
T∑
t=0

γtrt

]
, (2.2)

where rt are the rewards along the trajectory τ . In the process of optimizing this

objective, multiple episodes are gathered. If H episodes have been gathered, then

D = {τh}H−1
h=0 is all of the data collected in the MDP. An RL algorithm is a function

that maps the data to a policy. This includes choosing the policies used for data

collection during training. These intermediate policies are not necessarily greedy with

respect to the RL objective but may take exploratory actions instead. In this survey,

we mostly consider parameterized policies with parameters ϕ ∈ Φ. Therefore, we define
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an RL algorithm as the function ϕ = f(D), which maps data to policy parameters. In

practice, the data may include a variable number of episodes of variable length.

2.2 Meta-RL definition

RL algorithms are traditionally designed, engineered, and tested by humans. The

idea of meta-RL is instead to learn (parts of) an algorithm f using machine learning.

Where RL learns a policy, meta-RL learns the RL algorithm f that outputs the policy.

This does not remove all of the human effort from the process, but shifts it from

directly designing and implementing the RL algorithms into developing the training

environments and parameterizations required for learning them in a data-driven way.

Due to this bi-level structure, the algorithm for learning f is often referred to as

the outer-loop, while the learned f is called the inner-loop. Since the inner-loop and

outer-loop both perform learning, we refer to the inner-loop as performing adaptation

and the outer-loop as performing meta-training, for the sake of clarity. The learned

inner-loop, that is, the function f , is assessed during meta-testing. We want to meta-

learn an RL algorithm, or an inner-loop, that can adapt quickly to a new MDP. This

meta-training requires access to a set of training MDPs. These MDPs, also known as

tasks, come from a distribution denoted p(M). In principle, the task distribution can

be supported by any set of tasks. However, in practice, it is common for S and A to

be shared between all of the tasks and the tasks to only differ in the reward R(s, a)

function, the dynamics P (s′|s, a), and initial state distributions P0(s0). Meta-training

proceeds by sampling a task from the task distribution, running the inner-loop on it,

and optimizing the algorithm to improve the policies it produces. The interaction

of the inner-loop with the task, during which the adaptation happens, is called a

meta-episode, lifetime, or trial and is illustrated in Figure 2.1. A trial can consist of

multiple episodes. After an episode ends, a new one begins with the initial state of

the new episode sampled from the initial state distribution P0(s0).
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Figure 2.1: Meta-training consists of trials (or meta-episodes), each broken up into
multiple episodes from a single task (MDP). In this example, each trial consists of
two episodes (H = 2).

Parameterization We generally parameterize the inner-loop fθ with meta-parameters

θ, and learn these parameters in the outer loop to maximize a meta-RL objective.

Hence, fθ outputs the parameters of πϕ: ϕ = fθ(D). Note that while D contains

multiple trajectories, these can be flattened into in a single meta-trajectory that

contains multiple episodes of interaction, and so it is common to use the same symbol

as in RL, τ , but refer to it as a meta-trajectory. Thus, we can write ϕ = fθ(τ), where

τ is implied to cross the boundaries between episodes. We refer to the policy πϕ as

the base policy. Some meta-RL algorithms use fθ to map τ to ϕ at every MDP step,

while others do so less frequently.

Meta-RL objective In standard RL, a Markov policy suffices to maximize the RL

objective given by Equation 2.2. In contrast, in meta-RL, the inner-loop is an entire

RL algorithm that outputs parameters of policies as a function of the meta-trajectory.

The performance of a meta-RL algorithm is measured in terms of the returns achieved

by the policies πϕ produced by the inner-loop during a meta-episode on tasks M

drawn from the task distribution. Formally, the meta-RL objective is:

J (θ) = EM∼p(M)

[
Eτ

[
G(τ)

∣∣∣∣π(·;ϕ = fθ(τ)),M
]]

, (2.3)

where G(τ) =
∑T

t=0 γ
trt is the discounted return in the MDP M along the meta-

trajectory τ .
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Note that the return, G, sums reward from the very first time step. Depending on

the application, slightly different objectives are considered. For some applications, we

can afford a free exploration or adaptation period, during which the performance of

the policies produced by the inner-loop is not important as long as the final policy

found by the inner-loop solves the task. The episodes during this phase can be used

by the inner-loop for freely exploring the task. The number of such “free” episodes, in

the meta-episode, is called the shot. For applications that require rapid adaptation,

such as those considered by this thesis, a free exploration period is not possible and

correspondingly the agent must maximize the expected return from the first timestep

it interacts with the environment. Thus, this thesis considers the zero-shot setting.

The meta-RL objective defined by Equation 2.3 is evaluated in expectation over

samples from the task distribution, p(M). During meta-training, samples are taken

from p(M), generally without assuming access to the true distribution. This results in

a generalization problem in meta-testing, as testing tasks may not match the training

tasks. This problem is made worse when the meta-testing task distribution does not

share support with the training task distribution. Such out-of-distribution cases are

often studied in meta-RL.

2.3 Exploration and Bayesian RL

In Reinforcement Learning, there is an exploration-exploitation trade-off, where the

agent must balance taking exploratory actions to learn about the new task while

exploiting what it already knows to achieve high rewards. For example, the agent

may need to explore to gather information during the first few episodes in order to

know how to solve the task in later episodes. However, in doing so, the agent may be

sacrificing short-term rewards, which presents a trade-off.

In general, when the number of episodes available to the inner loop is large, more
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exploration is optimal, as sacrificing short-term rewards to learn a better policy for

higher later returns pays dividends. In contrast, when the number of episodes is

small, the agent must exploit more to obtain any reward it can, before time runs out.

For the adaptation to be sample-efficient, the exploration must be efficient as well.

Meta-RL can be seen as a way of learning to make this trade-off in a way that is

optimal with respect to Equation 2.3, for a particular distribution of tasks. Solutions

to this dilemma are reviewed in Section 3.3.

Another field of study concerned with optimal exploration is Bayesian RL [Duff and

Barto, 2002, Ghadirzadeh et al., 2021]. The problem setting defining meta-RL, posed

by Equation 2.3, can additionally be viewed as a special case of a partially observable

Markov decision process (POMDP) [Duan et al., 2016, Humplik et al., 2019]. In

particular, Bayesian RL solves this POMDP by explicitly maintaining a posterior over

tasks and updating it using Bayesian inference. The Bayesian framework provides

a convenient method for incorporating prior knowledge and explicitly maintaining

uncertainty. Using this framework, a new MDP can be constructed, where the state

includes the posterior over POMDP hidden states, or equivalently, the MDP state

and a posterior over tasks. In this case, the resulting MDP is called a Bayes-adaptive

Markov decision process (BAMDP). This construction allows learning a Markovian

policy to solve the meta-RL problem and therefore explores optimally. However,

since Bayesian RL methods must explicitly model and update a distribution over

MDPs, they are tractable only in simple domains without strong approximations. For

example, even scalable Bayesian RL methods may be limited to discrete-space MDPs

[Guez et al., 2013]. Instead of engineering approximations for the Bayesian posterior,

meta-RL methods may learn to model these components as needed. Moreover, most

meta-RL methods only require sample access to the prior instead of the prior being

explicitly known, so the meta-RL agent may learn to implicitly model the prior

over tasks from samples. Still, many meta-RL methods explicitly attempt to infer
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Figure 2.2: RL2 in the problem setting (left) and conceptually (right). The inner-loop
algorithm is implemented by an RNN parameterized by the meta-parameters θ. The
RNN takes as input the states, actions, and rewards from the environment. The RNN
hidden state ϕi defines the task parameters at each timestep, which are passed as
input to the MLP policy. The hidden state is not reset during a trial and instead
carries over across episode boundaries. The outer-loop is a standard RL algorithm.

a posterior distribution over tasks, inspired by Bayesian RL [Zintgraf et al., 2020],

which are reviewed in Section 3.2.

2.4 Example algorithm

We now describe a canonical meta-RL algorithm that optimize the objective given by

Equation 2.3: Fast RL via Slow RL (RL2), which uses a history dependent policy [Duan

et al., 2016, Wang et al., 2016]. Many meta-RL algorithms build on concepts and

techniques similar to those used in RL2, which makes it an excellent entry point to

meta-RL.

RL2, structures its inner-loop, fθ, to approximate a general function of history. In

this case, the inner-loop fθ and policy πϕ, can be viewed together as a single object,

forming a history-dependent policy. When considering the objects together as a

history-dependent policy, we indicate this using the notation, πθ(a|s, ϕ), to emphasize

that the inner-loop parameters are folded inside the policy, with ϕ representing a

summary statistic of history. History-dependent policies can, in fact, solve a more
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general class of problems, called a Partially Observable Markov Decision Process

(POMDP), and the formal problem setting defining meta-RL can be viewed as a

special case of a partially observable Markov decision process (POMDP) [Duan et al.,

2016, Humplik et al., 2019]. While such history-dependent policies do not take into

account all of the specific structure of the meta-RL problem beyond that of a more

general POMDP, they are sufficient for solving the meta-RL problem.

RL2 is dependent on the entire history of its interaction with the environment and is

trained on tasks from the task distribution end-to-end with RL. This history includes

all of the states, actions, and rewards the policy encounters during a meta-episode.

This results in learning an adaptive policy that changes its behavior as it gathers

more information about the environment. The history dependent policy is generally

represented as a recurrent neural network (RNN). While in this example we focus on

RNNs, any history dependent policy could be used.

Concretely, RL2 treats the meta-episode as a single continuous sequence, during which

the RNN hidden state is not reset, even if the trial spans multiple episodes in the

underlying MDP. The meta-parameters θ are the parameters of the RNN and other

neural networks used in processing the inputs and outputs of fθ. The task parameters

ϕ are the ephemeral hidden states of the RNN, which may change after every timestep.

The operation of the algorithm is illustrated in Figure 2.2.

RL2 directly approximates the optimal policy of the meta-RL objective, given by

equation 2.3. This policy, known as Bayes-optimal, is the best policy for the task

distribution. Bayes-optimal policies always choose actions that maximize the expected

return under uncertainty about the MDP identity, and thus represent the fastest class

of adaptation.
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2.5 Related Fields

There are many fields closely related to meta-RL, which we briefly discuss in order

to situate meta-RL as an area of study. One such field is few-shot learning Wang

et al. [2020b]. Few-shot learning considers the aim of rapid adaptation, whereas meta-

RL specifically requires a task-distribution for learning to perform rapid adaptation.

AutoRL considers methods for adapting to new MDPs automatically, but generally

targets the many-shot setting (not the few-shot setting considered here) and also

includes non-learned algorithms for adapting to new MDPs Parker-Holder et al. [2022].

Generalization in RL is another field, which includes meta-RL methods, but also

includes both non-learned algorithms and problems that do not require adaptation,

i.e., problems where a single policy can perform optimally without specialization to

the given task Kirk et al. [2023]. Finally, continual RL can be seen as an extension

of the meta-RL problem setting, where the tasks cannot be sampled independently

from p(M), but are generated sequentially according to some stochastic process.

Continual learning can therefore be viewed as a more difficult version of meta-RL,

but meta-RL can also be used as a solution to continual RL, if we assume access to

independent samples from a distribution over stochastic processes [Vuorio et al., 2018,

Ritter et al., 2018a, Javed and White, 2019]. Of all the related machine learning fields,

meta-supervised learning (meta-SL) and multi-task RL, are the most closely related.

Meta-Supervised Learning There are many points of similarity between meta-RL

and meta-SL research. Like meta-RL, meta-SL considers a distribution of tasks.

However, whereas the tasks in meta-RL are defined by MDPs, the tasks in meta-SL

are defined by fixed datasets. Some algorithms have been proposed as methods for

both meta-SL and meta-RL [Finn et al., 2017, Mishra et al., 2018]. Moreover, many

algorithmic choices have analogues in both settings. For example, in the few-shot

setting, the use of attention over prior states in meta-RL [Ritter et al., 2018b, Fortunato
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et al., 2019, Team et al., 2023], has analogues in the kernel-based methods of supervised

meta-SL [Santoro et al., 2016, Vinyals et al., 2016, Sung et al., 2018]. Additionally,

in the many-shot setting, meta-learning optimizers and objective functions has been

covered in both meta-RL [Houthooft et al., 2018, Kirsch et al., 2019, Oh et al., 2020,

Bechtle et al., 2021, Lu et al., 2022, Lan et al., 2023] and meta-SL [Andrychowicz

et al., 2016, Li and Malik, 2017, Bechtle et al., 2021]. Finally, imitation learning is

considered a closely related pursuit to RL, since both consider sequential decision

making problems.

In addition to similarities in the problem settings and methods, meta-RL and meta-SL

have some key differences. In particular, meta-SL generally considers fixed datasets

while meta-RL does not. In meta-RL, the adapted policy is responsible for collecting

more data, which is fed back into the dataset for adaptation. This introduces a

problem of data collection for adaptation to the given task. Moreover, since the

meta-RL agent must adapt quickly, this requires that the agent also explores quickly.

Fast exploration and the resulting challenges are unique to meta-RL.

Multi-Task RL Multi-task RL, like meta-RL, considers a distribution of MDPs, and

can enable learning similar behaviors, such as meta-reasoning, when learning to plan

[Budd et al., 2024]. However, whereas a meta-RL agent must identify the MDP that

it encounters, in multi-task RL, the agent has access to a ground-truth representation

of the task. While some solutions from multi-task RL, such as PopArt [Hessel et al.,

2019], are immediately applicable to meta-RL [Grigsby et al., 2024], differences in

evaluation also prevent some methods from being applicable. For example, multi-task

RL is often evaluated over a finite set of discrete tasks, whereas meta-RL agents

often encounter new tasks at test time [Yu et al., 2020, Teh et al., 2017]. This allows

multi-task methods to train separate networks for each task [Teh et al., 2017], whereas

such approaches are not immediately applicable in meta-RL.
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Generally, multi-task RL can be seen as an easier version of meta-RL, in the sense

that the MDP representation is known, so there is no need to learn it from data, nor

to explore to get data for adaptation. In fact, an entire category of meta-RL methods

tries to explicitly infer the MDP identity in order to reduce the meta-RL problem to

the easier multi-task RL problem, which is discussed in Chapter 3. However, there

can also be cases in which meta-RL is possible and multi-task RL is not. Since

generalization to different tasks in multi-task RL occurs without conditioning on

data at test time, it is always zero-shot generalization. Such generalization may

not be possible, in practice, if the task representation is not sufficiently informative.

For example, if the task is represented as a one-hot categorical vector, then it may

be impossible to generalize to categories not seen during training. However, while

multi-task RL would fail, meta-learning may still be viable in this case, if a more

informative representation of the task can be inferred from data, or if additional

learning at test time can compensate for sparsity in the training distribution.
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In this chapter, we discuss zero-shot adaptation, where the agent meta-learns across

multiple tasks and, at meta-test time, must adapt to a new, but related, task as

quickly as possible.

As a concrete example, recall the robot chef learning to cook in home kitchens. Training

a new policy to cook in each user’s home using reinforcement learning from scratch
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would require many samples in each kitchen, which can be wasteful as general cooking

knowledge (e.g., how to use a stove) transfers across kitchens. Wasting many data

samples in the homes of customers who purchased a robot may be unacceptable,

particularly if every action the robot takes risks damaging the kitchen. Meta-RL can

automatically learn a procedure, from data, for adapting to the differences that arise

in new kitchens (e.g., the location of the cutlery). During meta-training, the robot

may train in many different kitchens in simulation or a setting with human oversight

and safety precautions. Then, during meta-testing, the robot is sold to a customer

and deployed in a new kitchen, where it must quickly learn to cook in it, making as

few mistakes as possible. However, training such an agent with meta-RL involves

unique challenges and design choices.

In particular, here we summarize the literature in terms of the parameterization of

the inner loop. We categorize by the type of inner loop, since the majority of research

considers different inner-loop parameterizations. We also consider exploration, since

learning exploration is unique to meta-RL compared to meta-SL, as discussed in

Chapter 2.

Meta-parameterization In this section, we first discuss two common categories of

methods in the zero-shot setting. Methods in these categories are further classified

in Table 3.1. Recall that meta-RL itself learns a learning algorithm fθ. This places

unique demands on fθ and suggests particular representations for this function. We

call this design choice the meta-parameterization, with the most common ones being

the following:

• Black box methods impose little to no structure on fθ. We review these in

Section 3.1.

• Task inference methods structure fθ to explicitly infer the unknown task. We

review these in Section 3.2.
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Black Box
RL2-Like Heess et al. [2015], Duan et al. [2016], Wang et al. [2016]

Adapt Policy Using
Context Vector

Duan et al. [2016], Wang et al. [2016], Zintgraf et al. [2019], Humplik et al. [2019],
Zintgraf et al. [2020], Fakoor et al. [2020], Liu et al. [2021]

Inner-Loop with
Hebbian Learning

Miconi et al. [2018, 2019], Najarro and Risi [2020], Chalvidal et al. [2022], Rohani
et al. [2022]

Inner-Loop with
Attention

Oh et al. [2016], Ritter et al. [2018a], Mishra et al. [2018], Fortunato et al. [2019],
Ritter et al. [2021], Melo [2022], Xu et al. [2022], Team et al. [2023], Elawady et al.

[2024]

Task Inference

Multi-task pre-training Humplik et al. [2019], Kamienny et al. [2020], Raileanu et al. [2020], Peng et al.
[2021], Liu et al. [2021]

Without privileged
information

Guo et al. [2018], Rakelly et al. [2019], Zintgraf et al. [2020], Fu et al. [2021],
Zhang et al. [2021], Luo et al. [2022]

Permutation invariance Rakelly et al. [2019], Raileanu et al. [2020], Korshunova et al. [2020], Imagawa et al.
[2022]

Adapt Policy Using
Hypernetworks Peng et al. [2021]

Table 3.1: Representative examples of zero-shot meta-RL research categorized by
method. The majority of methods fall into one of two clusters, black box or task
inference. These categories determine how the inner-loop is parameterized. Within
each cluster, we further categorize the methods. Explanations of these methods can
be found in Sections 3.1, and 3.2, respectively.

Note that other parameterizations are possible in other settings. For example, in the

few-shot setting and many-shot setting, in which the agent is allowed “free” episodes

just for exploration, gradient-based methods (or parameterized policy-gradient methods)

build in the computation of a policy gradient into the inner-loop itself [Beck et al.,

2023a]. These methods compute a gradient through this adaptation process, to learn

a model initialization that can be adapted to new tasks with a few policy gradient

updates [Finn et al., 2017, Li et al., 2017, Vuorio et al., 2019]. Such methods generalize

better than black-box methods in principle (although not necessarily in practice

[Xiong et al., 2021, Beck et al., 2025a]). However, the required computation of such

meta-gradients is computationally expensive, the meta-gradients are subject to issues

of bias and variance [Vuorio et al., 2021], and to get a sufficiently precise estimate of

the policy gradient at deployment generally requires too much data to be competitive

in the zero-shot setting [Zintgraf et al., 2020]. Also, note that black box methods

and task-inference methods are sometimes referred to collectively as context-based

methods [Rakelly et al., 2019].
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Along with the parameterization of the inner-loop, related design choices include the

representation of the base policy and the choice of the outer-loop algorithm. Each

method must additionally specify which base policy parameters are adapted by the

inner-loop, and which are meta-parameters. We call this design choice the adapted

policy parameters. For each of the three types of meta-parameterizations in this

section, we discuss the inner-loop, the outer-loop, and the adapted policy parameters.

Exploration While all these methods are distinct, they also share some challenges.

One such challenge is that of exploration, the process of collecting data for adaptation.

In zero-shot learning, exploration determines how an agent takes actions during

its few shots. Subsequently, an agent must decide how to adapt the base policy

using this collected data. For the adaptation to be sample efficient, the exploration

must be efficient as well. Specifically, the exploration must target differences in the

task distribution (e.g., different locations of cutlery). In Section 3.3, we discuss the

process of exploration, along with ways to add structure to support it. While all

zero-shot methods must learn to explore an unknown MDP, there is an especially tight

relationship between exploration methods and task inference methods. In general,

exploration may be used to enable better task inference, and conversely, task inference

may be used to enable better exploration. One particular way in which task inference

may be used to enable better exploration is by quantifying uncertainty about the task,

and then choosing actions based on that quantification. This method may be used in

order to learn optimal exploration.

3.1 Black Box Methods

Black box methods represent the inner-loop, fθ, as a sequence model to process data for

learning. Learning in the inner-loop occurs solely in the activations of this sequence

model, a phenomenon sometimes called in-context learning [Brown et al., 2020, Moeini
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et al., 2025]. Meta-learning fθ is a way to explicitly elicit the phenomenon of in-

context learning in a sequence model. In principle, black-box methods can learn

any arbitrary learning procedure, since they represent fθ with a neural network as a

universal function approximator. Since fθ represents an arbitrary function of history,

the modified policy can represent an arbitrary history-dependent policy. As discussed

in Chapter 2, such a policy is sufficient for learning an optimal policy for a POMDP,

and thus for the meta-RL problem as well. Recall the RL2 algorithm [Duan et al.,

2016] from Section 2.4. In this case, fθ is represented by a recurrent neural network,

whose outputs are an input vector to the base policy. While the use of a recurrent

network to output a context vector is common, black box methods may also structure

the base policy and inner-loop in other ways. In this section we survey black box

methods. We begin by discussing architectures that are designed for different amounts

of diversity in the task distribution. Each of these architectures has different adapted

policy parameters. Then, we discuss distinct ways to structure the inner-loop and

alternative outer-loop algorithms. Finally, we conclude with a discussion of the

trade-offs associated with black box methods.

3.1.1 Adapted policy parameters

On one hand, some task distributions may require little adaptation for each task. For

example, if a navigation task varies only by goal location, then it may be that not

many policy parameters need to be adapted. Many black box methods have been

applied to such task distributions [Wang et al., 2016, Humplik et al., 2019, Zintgraf

et al., 2020]. In such a setting, it is sufficient to only adapt a vector, used as an

input to the base policy, instead of all parameters of the base policy [Duan et al.,

2016, Wang et al., 2016, Zintgraf et al., 2019, Humplik et al., 2019, Zintgraf et al.,

2020, Fakoor et al., 2020, Liu et al., 2021]. This vector, ϕ, is called a context vector.

The context is produced by a recurrent neural network, or any other network that
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πθ(a|s,φ)

s φ

πφ(a|s)

s

φ

Figure 3.1: Illustration of black box meta-RL with hypernetwork (left) and with a
context vector (right). When the inner-loop is a recurrent neural network, generating all
the parameters of the policy, including its weights and biases, results in a hypernetwork.
Alternatively, the RNN can output a context vector on which the policy is conditioned.

conditions on history, such as a transformer or memory-augmented network. Using

a recurrent neural network, the inner-loop can be written fθ(D) = rnnθ(D). Recall

that we can also flatten our data from multiple episodes to write this in terms of the

meta-trajectory, fθ(τ) = rnnθ(τ). In this case, the inner-loop (fθ) and base policy

(πθ(a|s, ϕ)) together, can also be seen as a single object, forming a history-dependent

policy. This is a common architecture for zero-shot adaptation methods [Duan et al.,

2016, Wang et al., 2016, Humplik et al., 2019, Zintgraf et al., 2020, Fakoor et al., 2020,

Liu et al., 2021].

On the other hand, some task distributions may require significant differences in

behavior between the optimal policies. By conditioning a policy on a context vector,

all of the weights and biases of π must generalize between all tasks. However, when

significantly distinct policies are required for different tasks, forcing base policy param-

eters to be shared may impede adaptation, as we will see in Chapter 4. Alternatively,

there may be no context vector, but the inner-loop may adapt the weights and biases

of the base policy, directly. The weights and biases here are the task parameters, ϕ,

output by the inner-loop. In this cases, using one network to map all data in the

trial, D, to weights and biases of another network defines a hypernetwork [Ha et al.,
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2017]. The architecture can be written as πϕ(a|s), where ϕ = hθ(rnnθ(τ)), h is a

hypernetwork, and ϕ are the weights and biases of the policy. See Figure 3.1 for an

illustration.

3.1.2 Inner-loop representation

While many black box methods simply use recurrent neural networks as the inner-loop

representation, [Heess et al., 2015, Duan et al., 2016, Wang et al., 2016, Fakoor

et al., 2020], alternative representations have also been investigated. Some of these

representations are biologically inspired [Bellec et al., 2018, Miconi et al., 2018]. One

of the most common biologically inspired representations leverages Hebbian learning

[Miconi et al., 2018, 2019, Najarro and Risi, 2020, Chalvidal et al., 2022, Rohani et al.,

2022]. Hebbian learning [Hebb, 1949] is a biologically inspired method in which weight

updates are a function of the associated activations in the previous and next layers.

The update to the weight (wk
i,j) from the ith activation in layer k (xk

i ), to the jth

activation in layer k + 1 (xk+1
j ) generally has the form

wk
i,j := wk

i,j + α(axk
i x

k+1
j + bxk

i + cxk+1
j + d),

where α is a learning rate and α, a, b, c, d are all meta-learned parameters of the

inner-loop learned in θ. While Hebbian learning is one of the most common biologically

inspired representations, most methods aligned with recent machine learning literature

use some form of attention [Graves et al., 2014, Vaswani et al., 2017] to parameterize

the inner-loop [Oh et al., 2016, Ritter et al., 2018a, Mishra et al., 2018, Fortunato

et al., 2019, Ritter et al., 2021, Wang et al., 2021, Emukpere et al., 2021, Melo, 2022,

Xu et al., 2022, Team et al., 2023, Elawady et al., 2024].

Attention can be thought of as a soft form of a key-value lookup in a dictionary.

Specifically, it is a mechanism for combining different vectors based on the similarity

of their associated key vectors to a given query vector. Given a query vector, q, a
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... ...

softmax

Figure 3.2: Attention over past recurrent states in the inner-loop of black box
methods. One approach is to use the current hidden state as a query in attention over
past recurrent states. The keys (K) and values (V ) are all linear projections of the
past recurrent states. The output, ϕ, is a a convex combination of the projected hidden
states (V ), where the combination is specified by this weight vector (w), computed
from the similarity between the keys (K) and query (q). Components in green are
optional. In order to provide long-term context to the RNN, the output from attention
over past hidden states, V Tw, can be passed as an input to the RNN at the next
timestep. Additionally, the output, ϕ, can be V Tw, h, or a concatenation of both.
Passing the RNN state, h, as an output, with V Tw as an input, allows multiple steps
of attention to be integrated into the final output.
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matrix, V , where each row is one of n value vectors over which to attend, and a matrix

K, where each row is one of n key vectors, then attention can be written

Attention(q,K, V ) =
i=n∑
i=0

wi(q,Ki)Vi

where w ∈ ∆n is a weight vector defining the convex combination of value vectors

[Graves et al., 2014]. Generally, attention computes the weights as w = softmax(Kq),

leading to an attention mechanism that simplifies to

Attention(q,K, V ) = V T softmax(Kq) = (softmax(qTKT )V )T .

Additionally, computing multiple queries, with each as a row vector in Q, we can write

this as

Attention(Q,K, V ) = softmax(QKT )V.

Some methods combine attention with convolution [Mishra et al., 2018], or use

attention over past recurrent states [Ritter et al., 2018a, Fortunato et al., 2019, Team

et al., 2023, Oh et al., 2016], while others use self-attention alone [Ritter et al., 2021,

Wang et al., 2021, Team et al., 2023]. For example, to attend to past recurrent states,

q may be a function of the current hidden state of a recurrent network, while K and V

may be (two different linear projections of) all prior hidden states computed over D.

A generalization of such methods can be seen in Figure 3.2. In contrast, self-attention

models Q, K, and V all as linear projections of the inputs in D first, then as linear

projections of the previous attention layer, for multiple attention layers in a row.

Attention mechanisms seem to aid in generalization to novel tasks outside of the

distribution, p(M), [Fortunato et al., 2019, Melo, 2022] and self-attention may be

useful for complex planning [Ritter et al., 2021]. Still, attention is computationally

expensive: whereas recurrent networks use O(1) memory and compute per timestep,

attention generally requires O(t2) memory and compute per timestep t, which may

cross many episodes. While fast approximations of attention exist [Katharopoulos
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et al., 2020], solutions in meta-RL often simply maintain only memory of a fixed

number of the most recent transitions [Mishra et al., 2018, Fortunato et al., 2019].

Nonetheless, both transformers, which use self-attention, and recurrent neural networks

can still struggle to meta-learn simple inductive biases, particularly for complex task

distributions generated by simple underlying rules in low-dimensional spaces [Kumar

et al., 2020, Chan et al., 2022].

3.1.3 Outer-loop algorithms

While many black box methods use on-policy algorithms in the outer-loop [Duan

et al., 2016, Wang et al., 2016, Zintgraf et al., 2020], it is straightforward to use

off-policy algorithms [Rakelly et al., 2019, Fakoor et al., 2020, Liu et al., 2021], which

bring increased sample efficiency to RL. For discrete actions, it is also straightforward

to use Q-learning [Fakoor et al., 2020, Liu et al., 2021, Zhang and Kan, 2022], in

which case the inner-loop must change as well. In this case, the inner-loop estimates

Q-values instead of directly parameterizing a policy. The policy can then act greedily

with respect to these Q-values at meta-test time. This approach can be thought of

as modifying recurrent Q-networks [Hausknecht and Stone, 2015] to fit the meta-

RL setting, which compares favorably compared to other state-of-the-art meta-RL

methods [Fakoor et al., 2020].

3.1.4 Black box trade-offs

Recall that there exist meta-parameterizations for the few-shot setting and many-shot

setting that are not applicable in the zero-shot setting. Here, we briefly compare to

the common approach that is applicable in the few-shot setting, but not the zero-shot

setting, called parameterized policy-gradient methods, or PPG methods, for short.

PPG methods build in the computation of a policy gradient into the inner-loop itself

to learn a model initialization that can be adapted to new tasks with a few policy
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gradient updates [Beck et al., 2023a]. We draw this comparison to highlight some of

the failure modes of black box methods that we will address in this thesis.

One key benefit of black box methods is that they can rapidly alter their policies

in response to new information, whereas PPG methods generally require multiple

episodes of experience to get a sufficiently precise inner-loop gradient estimate. For

example, consider an agent that must learn which objects in a kitchen are hot at

meta-test time. While estimating a policy gradient, a PPG method may touch a hot

stove multiple times before learning not to. In contrast, a black box method may

produce an adaptation procedure that never touches a hot surface more than once.

Black box methods can learn such responsive adaptation procedures because they

represent the inner-loop as an arbitrary function that maps from the cumulative task

experience to the next action.

However, black-box methods also present a trade-off. While black-box methods can

tightly fit their assumptions about adaptation to a narrow distribution of data, p(M),

increasing specialization, they often struggle to generalize outside of p(M) [Wang

et al., 2016, Finn and Levine, 2018, Fortunato et al., 2019, Xiong et al., 2021]. Consider

the robot chef: while it may learn to not touch hot surfaces, it is unlikely a black box

robot chef will learn a completely new skill, such as how to use a stove, if it has never

seen a stove during meta-training. In contrast, a PPG method could still learn such a

skill at meta-test time with sufficient data. For this reason, it is critical to increase

the generalization abilities of black box methods. One way to do so is by increasing

the breadth of set of meta-training tasks, which we will consider in Chapter 4.

Additionally, there exist trade-offs in outer-loop optimization challenges between

PPG and black box methods, providing insight into how to further improve black

box methods. On one hand, PPG methods often estimate a meta-gradient, which

is difficult to compute [Al-Shedivat et al., 2018], especially for long horizons [Wu
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et al., 2018]. On the other hand, black box methods do not have the structure of

optimization methods build into them, so they can be harder to train from scratch,

and have associated outer-loop optimization challenges even for short horizons. Black

box methods generally make use of recurrent neural networks, which can suffer from

vanishing and exploding gradients [Pascanu et al., 2013]. Moreover, the optimization

of recurrent neural networks can be especially difficult in reinforcement learning [Beck

et al., 2020], while transformers can be even more problematic to train [Parisotto

et al., 2020, Melo, 2022]. While large transformers have shown some notable success

in meta-RL, such solutions require the use of curriculum learning and distillation to

train stably [Team et al., 2023]. Thus, there also exists significant room to improve

the representations of sequence modelling in black box methods, which will be the

topic of Chapter 6.

3.2 Task Inference Methods

Closely related to black box methods are task inference methods, which often share the

same parameterization as black box methods and thus can be considered a subset of

them. However, parameterizations of the inner-loop may be specific to task inference

methods [Rakelly et al., 2019, Korshunova et al., 2020, Zintgraf et al., 2020], which

generally train the inner-loop to perform a different function by optimizing a different

objective.

Task inference methods generally aim to identify the MDP, or task, to which the agent

must adapt, in the inner-loop. In meta-RL, the agent must repeatedly adapt to an

unknown MDP whose representation is not given as input to the inner-loop. While

the agent ultimately acts to maximize reward, the entire purpose of the inner-loop

can be described as identifying the task. The agent’s belief about what it should do

can be represented as a distribution over tasks. This posterior distribution constitutes

a sufficient statistic, or information state [Subramanian et al., 2022], for the meta-RL
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problem [Humplik et al., 2019, Beck et al., 2023a]. Since we already know the form

of this sufficient statistic, the inner-loop can model it directly, instead of learning a

mapping from history to action end-to-end. Task inference is the process of inferring

this posterior distribution over tasks, conditional on what the agent has seen so far.

Consider the case where the agent has uniquely identified the task. Then, at this

point, the agent knows the MDP and could in fact use classical planning techniques,

such as value iteration, to compute the optimal policy directly. In this scenario, no

further learning or data collection is required. More practically, if the task distribution

is reasonably small and finite, we can avoid even having to explicitly plan, by learning

a mapping from the task to the optimal policy directly, during meta-training. In

fact, training a policy over a distribution of tasks, with the policy conditioned on the

true task, can be taken as the definition of multi-task RL [Yu et al., 2020]. In the

multi-task case, a mapping is learned from a known task to a policy. In meta-RL the

only difference is that the task is not known. Thus task inference can be seen as an

attempt to move a meta-learning problem into the easier multi-task setting.

When uncertainty remains in the distribution, instead of mapping a task to a base

policy, task inference methods generally map a task distribution, given the current

data, to a base policy. This can be seen as learning a policy conditioned on a (partially)

inferred task. In this case, learning becomes the process of reducing uncertainty about

the task. The agent must collect data that enables it to identify the task. That is,

the agent must explore to reduce uncertainty in the posterior given by task inference.

Task inference is therefore a useful way to frame exploration, and many task inference

methods are framed as tools for exploration, which we discuss in Section 3.3.

In this section we discuss two methods for task inference that use supervised learning

but also require assumptions about the information available for meta-training. We

then discuss alternative methods without such assumptions, and how the inner-loops
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are usually represented. Finally, we conclude with a discussion of the trade-offs

concerning task inference methods. Table 3.1 summarizes these categories and task

inference methods.

3.2.1 Task inference with privileged information

A straightforward method for inferring the task is to add a supervised loss so that a

black box fθ predicts some estimate of the task, ĉM, given some known representation

of the task, cM [Humplik et al., 2019]. For example, a recurrent network may predict

the task representation conditional on all data collected so far. Recall that ϕ, the

task parameters, are the adapted policy parameters output by the inner-loop. Most

commonly, ϕ is passed directly to the policy as an input vector: πθ(a|s, ϕ). In task

inference, the vector ϕ is generally the predicted task estimate: πθ(a|s, ϕ = ĉM).

For computing the supervised loss, this task representation must be known during

meta-training, and so constitutes a form of privileged information. The representation

may, for instance, be a one-hot representation of a task index, if the task distribution

is discrete and finite. Or, it may be some parameters defining the MDP. For example,

if kitchens differ in the location of the stove and refrigerator, the task representation,

cM, could be a vector of all these coordinates. In this case, fθ would predict these

coordinates. Commonly, the task-inference objective, denoted here as Jinfer, is given

by the maximum likelihood estimate:

Jinfer(θ) = EM[ED|π[log pθ(cM)]].

When passing the task to the policy, there are a few important representation choices.

First, instead of conditioning the policy on the task representation directly, we can

pass a representation with more information about task uncertainty. This can be

accomplished, for instance, by passing to the policy the penultimate layer when

predicting ĉM [Humplik et al., 2019]. Then the task parameters, ϕ, passed to the
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policy, are trained by inferring ĉM, but only after a subsequent linear transformation:

ĉM = Lθ(ϕ). This hidden layer may contain more information than ĉM, and ĉM

can always be computed from it by the policy. Second, it can be useful to add a

stop-gradient to ϕ before passing it to the policy [Humplik et al., 2019, Zintgraf et al.,

2021b], to prevent conflicting gradients.

3.2.2 Task inference with multi-task training

Some research uses the multi-task setting to improve task inference with privileged

information [Humplik et al., 2019, Kamienny et al., 2020, Raileanu et al., 2020, Liu

et al., 2021, Peng et al., 2021]. The task representation may contain little task-specific

information (e.g., if it is one-hot representation) or task-specific information that

is irrelevant to the policy (e.g the amount of oxygen in the kitchen). For example,

consider the more concrete task of navigation to a goal on the perimeter of a circle. In

this case, if the task representation is one-hot, it may be useful to instead have access

to the (xgoal, ygoal) coordinates of the goal. Additionally, if the task representation

contains the location of an additional irrelevant object, (xgoal, ygoal, xobject, yobject),

then if may be useful to instead have access to a more parsimonious task descriptor,

(xgoal, ygoal), that contains the goal location alone. In general, the entire MDP does

not need to be uniquely identified. The agent only needs to identify the variations

between MDPs that occur in the task distribution, p(M). Even more specifically, the

agent only needs to identify the subset of those variations that change the optimal

policy.

To address uninformative and irrelevant task information, representations can be

learned by pre-training in the multi-task setting [Humplik et al., 2019, Liu et al.,

2021]. Let gθ(cM) be a function that encodes the task representation. First an

informed policy, πmulti
θ (a|s, gθ(cM)), can be trained. This is the multi-task phase, and

enables the learning of gθ. Since this representation, gθ(cM), is learned end-to-end,
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Figure 3.3: Illustration of normal meta-RL (left), task inference using privileged
information (middle), task inference using multi-task training (right). Solid arrows
represent forward propagation, and dashed arrows represent backpropagation. Task
inference with privileged information uses a true task representation, c, and then
backpropagates that inference to train ϕ. Task inference with multi-task training
learns an encoding of the task, g(c), to maximize the return of an informed policy,
πmulti, then uses inference of this learned encoding to train ϕ.

it contains the information relevant for solving the task. For example, gθ could

transform cM from (xgoal, ygoal, xobject, yobject) to (xgoal, ygoal). Often, an information

bottleneck [Alemi et al., 2017] is used to ensure it contains only this information

[Humplik et al., 2019, Liu et al., 2021]. After this, the inner-loop can infer the

learned representation, gθ(cM), from the meta-trajectory, which we write as ĝθ(D) (see

Figure 3.3). For example, in the circle navigation task, after learning the coordinate

representation, (xgoal, ygoal), the inferred ĝθ could be represented by the inferred

coordinates, (x̂goal, ŷgoal). Alternatively, the informed multi-task RL may be performed

concurrently with the meta-RL [Kamienny et al., 2020].

For example, the informed policy regularization algorithm (IMPORT) [Kamienny

et al., 2020] follows the simultaneous-training paradigm. In this case, the auxiliary

inference objective is given by

Jinfer(θ) = EM[ED|π[(gθ(cM)− ĝθ(D))2]].

This inference objective forces the encoding of g and ĝ to look similar. While

optimizing this objective, the algorithm also optimizes the normal meta-learning

objective (see Equation 2.3) but with the policy conditioned on the inferred task
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representation: πθ(a|s, ĝθ(D)). Additionally, IMPORT simultaneously optimizes the

meta-RL objective but with the multi-task policy conditioned on the learned task

representation: πmulti
θ (a|s, gθ(cM)).

Some task distributions even allow for significant shared behavior between the informed

multi-task agent and the uninformed meta-RL agent. This sharing is generally possible

when little exploration is needed for the meta-RL policy to identify the task. In this

case instead of only inferring the privileged task information, the meta-RL agent may

imitate the multi-task agent through distillation [Weihs et al., 2021, Nguyen et al.,

2022], or by direct parameter sharing of policy layers [Kamienny et al., 2020, Peng

et al., 2021]. For instance, in the IMPORT algorithm, πθ and πmulti
θ share parameters

by using the same components of the meta-parameters vector, θ. In this case, the entire

policy is shared, such that π = πmulti. Moreover, in Chapter 5 we will demonstrate that

when the multi-task and meta-RL policies are computed sequentially, the pre-trained

multi-task agent may still be used as an initialization for the meta-RL agent.

In contrast, when task distributions require taking sufficiently many exploratory

actions to identify the task, sharing policies becomes less feasible. For example, in the

circle navigation task, the informed multi-task policy, with access to the goal, never

needs to explore, whereas the primary behavior of the meta-RL policy is exploration

around the circumference of the circle. If one were to reuse the multi-task policy

conditioned on the inferred goal, πθ = πmulti
θ (a|s, x̂goal, ŷgoal), as the meta-RL policy,

then the inference would not have sufficient data to be accurate. The initial inferred

goal location, for example, may be (0, 0), which is not in the training distribution

of the multi-task agent. In this case, the behavior of the multi-task agent would be

undefined. However, sharing some parameters, simultaneously training the shared

policy on inferred representation [Kamienny et al., 2020], or fine-tuning the shared

policy as an initialization for the meta-RL policy (Chapter 5), can solve this issue.
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For example, if training the shared policy simultaneously with known and inferred

goal locations, (xgoal, ygoal) and (x̂goal, ŷgoal), the agent can learn to execute exploratory

behavior whenever the inferred task is (0, 0), or has high uncertainty in the posterior

distribution.

3.2.3 Task inference without privileged information

Other task inference methods do not rely on privileged information in the form of

the known task representation. If the algorithm is allowed to know whether two

trajectories were generated by the same task, then one option is to use this label as a

learning signal for the encoder [Fu et al., 2021, Mu et al., 2022, Choshen and Tamar,

2023, Guo et al., 2018, Luo et al., 2022]. More commonly, the representation can be (a

sample from) a latent variable parameterizing a learned reward function or transition

function [Zhou et al., 2019, Zintgraf et al., 2020, Zhang et al., 2021, Zintgraf et al.,

2021b, He et al., 2022]. These methods use only information already observable and

train fθ(D) to represent a task distribution, given trajectories in D.

For example, Zintgraf et al. [2020] propose to learn the task parameters, ϕ, as a

latent variable parameterizing the reward and transition function. In this case, the

latent is trained in a self-supervised manner by reconstructing trajectories. This is

accomplished using only observable information by predicting rewards and next states

for each transition, given each ϕt:

Jinfer(θ) = EM[ED|π[
HT∑
t=0

log pθ(D|ϕt)]],

= EM[ED|π[
HT∑
t=0

∑
s,a,r,s′∈D

[log pθ(s
′|s, a, ϕt) + log pθ(r|s, a, ϕt)]]].

An extension of this algorithm has even been proposed with a hierarchical latent vari-

able to accommodate the additional structure in distributions of POMDPs [Akuzawa

et al., 2021].
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3.2.4 Inner-loop representation

Generally, task inference is implemented by adding an additional loss function, and

not by any particular meta-parameterization of fθ. While task inference methods do

not require a particular meta-parameterization, most implementations use a “black

box,” such as a recurrent neural network [Humplik et al., 2019, Zintgraf et al., 2020,

Kamienny et al., 2020, Liu et al., 2021, Zintgraf et al., 2021c]. Since many task

inference methods infer a latent variable, it is also common for fθ to explicitly model

this distribution using a variational information bottleneck [Humplik et al., 2019,

Rakelly et al., 2019, Zintgraf et al., 2020, Liu et al., 2021, Zintgraf et al., 2021c].

In this case, the variational distribution defining the latent variable is conditioned on

D. We write this as qθ(z|D). This variational distribution has its own parameters

inferred from the dataset, such as a mean, µθ(D), and a covariance matrix diag(σθ(D)).

First, the task representation is reconstructed, e.g., with a linear projection of samples

from qθ: ĉM = Lc
θ(z ∼ qθ). Then, the inference is trained by maximizing Jinfer, also

called the reconstruction loss, over samples from the variational distribution:

Jinfer(θ) = EM[ED|π[pθ(cM|ĉM)]],

along with a KL-Divergence to a prior,

Jprior(θ) = EM[ED|π[D(qθ(z)||pθ(z)]].

Once the task inference is trained, the parameters passed to the policy, ϕ, must be

chosen. One option is to represent ϕ as a projection of the full distribution of the latent

variable, e.g., its mean and variance, in order to capture uncertainty about the task

[Zintgraf et al., 2020, Imagawa et al., 2022]. This can be written πθ(a|s, ϕ = Lϕ
θ (µ, σ)).

Combining this representation of the latent distribution with the Jinfer for trajectory

reconstruction above, we arrive at a canonical method, variational Bayes-Adaptive

Deep RL (VariBAD) [Zintgraf et al., 2021b]. This method is depicted in Figure 3.4.
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(a) TI with IB

IB

(b) VariBAD [Zintgraf et al., 2021b]

IB

Figure 3.4: Task inference with an information bottleneck (IB) (a), task inference
with an IB and without privileged information, as in Zintgraf et al. [2021b] (b). In
either case, the parameters of a latent distribution are passed to the policy. When
using privileged information, the task representation, c, is reconstructed from samples
of this distribution; otherwise, the set of trajectories, D, is reconstructed.

Alternatively, it is possible for the policy to condition on samples from the information

bottleneck (i.e., πθ(a|s, ϕ ∼ qθ)), instead of conditioning on the parameters of the

information bottleneck directly [Rakelly et al., 2019]. In this case, the task inference

can be trained entirely from the actor and critic loss given by the meta-learning

objective, rather than a distinct task inference objective. Rakelly et al. [2019], Wen

et al. [2022] use such probabilistic embeddings for actor-critic RL, as introduced by

the PEARL method [Rakelly et al., 2019].

Several methods also make use of the exchangeability, or permutation invariance,

of the transitions implied by the Markov property in task inference [Rakelly et al.,

2019, Korshunova et al., 2020, Raileanu et al., 2020, Imagawa et al., 2022]. PEARL

specifically models the task distribution conditioned on D as a product of individual

distributions conditioned on each transition in D:

ϕ ∼ qθ(z|D) ∝
∏

s,a,r,s′∈D

qθ(z|s, a, r, s′).

While it is not necessary to model this permutation invariance, standard sequence
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models are sensitive to the ordering of their inputs, which can can be detrimental

to learning when the order does not matter [Beck et al., 2020]. For this reason,

it may be useful to embed the structure of permutation invariance into the task

inference model as an inductive bias. Specifically, PEARL uses a product of Gaussians,

qθ(z|s, a, r, s′) = N (z;µθ(s, a, r, s
′), diag(σθ(s, a, r, s

′))), which has a simple closed form

for the joint mean and covariance. However, other methods forgo the product entirely,

and use more general permutation invariant representations, such as neural processes

[Garnelo et al., 2018b, Wang and van Hoof, 2022] and transformers [Vaswani et al.,

2017].

Finally, the use of hypernetworks in the inner-loop is an open question in meta-RL,

which we explore ine Chapter 4. It is possible to use a neural network to map an

inferred task to the weights and biases of a base network: πhθ(ĉM)(a|s). In this case, the

mapping is a hypernetwork, and it can be trained end-to-end with the meta-learning

objective, although this has not been explored prior to this thesis. One method, FLAP

does evaluate hypernetworks in a similar setting [Peng et al., 2021]. However, FLAP

learns to explicitly infer a set of expert weights trained in the multi-task setting, but

never trains in the meta-RL setting, which constrains the adaptation process. (For

example, FLAP cannot learn to explore to reduce uncertainty.) Still, using expert

weights from the multi-task setting as explicit targets for additional supervision is

explored in Chapter 5.

3.2.5 Task inference trade-offs

Task inference methods present trade-offs in comparison to other methods, which

motivate the work of this thesis. First, we consider the comparison to PPG methods

then we consider the comparison to black box methods. In comparison to PPG

methods, task inference methods can adapt faster, but are less capable of broad

generalization. PPG methods are unlikely to recover an algorithm as efficient as task
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inference, and so are not generally applicable to the zero-shot setting considered here,

as discussed in Section 3.1. For distributions where task inference is possible, fitting

such a method to the task distribution enables faster adaptation. However, PPG

methods generalize well to novel tasks because of the additional structure of the policy

gradient hard coded into their inner-loop. In the case where a novel task cannot be

represented using the task representations learned during meta-training, task inference

methods fail [Rimon et al., 2022]. This comparison underscores the need for methods

to improve the generalization capabilities of task-inference methods, as we propose in

Chapter 4.

In comparison to black box methods, task inference methods impose more structure.

On the one hand, task inference methods often add additional supervision through the

use of privileged information [Humplik et al., 2019, Kamienny et al., 2020, Liu et al.,

2021] or the use of self-supervision [Zintgraf et al., 2020, 2021c], which may make

meta-training more stable and efficient [Humplik et al., 2019, Zintgraf et al., 2020].

This is particularly useful since recurrent policies, often used in task inference and

black box methods, are difficult to train in RL [Beck et al., 2020]. On the other hand,

task inference methods tend to be more complicated to implement and training the

inner-loop to accomplish any objective that is not Equation 2.3 may be suboptimal

with respect to that meta-RL objective over the given task distribution. Thus, if we can

find black box methods that train as stably and efficiently as task inference methods,

this would represent a significant improvement to meta-RL methods. Surprisingly, in

Chapter 5, we show precisely that this is achievable using novel methods presented in

this thesis.

3.3 Exploration and Meta-Exploration

Exploration is the process by which an agent collects data for learning. In standard

RL, exploration should work for any MDP and may consist of random on-policy
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Figure 3.5: Illustration of “free” exploration in first K episodes (yellow), followed by
not free exploration (gray), followed by exploitation (white). An agent (A) is trying
to identify how to get to a goal location (X). The agent has K shots, or free episodes
to explore. (In the zero-shot setting, K = 0 and there are no free episodes.) Since, K
episodes may not be enough, in the (K + 1)th episode, the agent is still exploring the
map to find the goal, and is penalized for this. In the remaining two episodes, the
agent has learned to navigate to the goal optimally, once the goal has been found, and
no longer needs to explore.

exploration, epsilon-greedy strategies, or methods to find novel states. In meta-RL,

this type of exploration still occurs in the outer-loop, which is called meta-exploration.

However, there additionally exists exploration in the inner-loop, referred to as just

exploration, which is where we begin our discussion. This inner-loop exploration is

specific to the distribution of MDPs, p(M). To enable sample efficient adaptation, the

meta-RL agent uses knowledge about the task distribution to explore efficiently. For

instance, instead of taking random actions, the robot chef may open every cabinet to

learn about the location of food items and utensils when first entering a new kitchen.

This exploration is targeted and used to provide informative trajectories in D that

enable zero-shot adaptation to the MDP within the task distribution.

Recall that in the few-shot adaptation setting, on each trial, the agent is placed into

a new task and is allowed to interact with it for a few episodes (i.e., its few shots

K), before being evaluated on solving the task in the next few episodes (i.e., over

the H − K episodes in Equation 2.3). An illustration can be seen in Figure 3.5.

Intuitively, the agent must explore to gather information during the first few shots
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Sub-topic Papers
End-to-end
components

Stadie et al. [2018], Garcia and Thomas [2019],
Boutilier et al. [2020]

Posterior
sampling

Gupta et al. [2018], Rakelly et al. [2019], Kveton
et al. [2021], Simchowitz et al. [2021]

Task Inference
Zhou et al. [2019], Gurumurthy et al. [2020], Wang

et al. [2020a], Liu et al. [2021], Fu et al. [2021],
Zhang et al. [2021]

Meta-
exploration Zintgraf et al. [2021c], Grewal et al. [2021]

Table 3.2: zero-shot meta-RL research categorized by exploration method as described
in Section 3.3. End-to-End methods learn to explore implicitly, by directly maximizing
the meta-RL objective. Posterior sampling maintains a distribution over possible tasks
and acts optimally with respect to samples from this distribution. Task inference
guides exploration in order to enable better inference of the task. Meta-exploration
concerns exploration in the outer-loop.

that enables it to best solve the task in later episodes. More generally, there is an

exploration-exploitation trade-off, where the agent must balance taking exploratory

actions to learn about the new task (potentially even beyond the initial few shots)

with exploiting what it already knows to achieve high rewards. It is always optimal

to explore in the first K episodes, since no reward is given to the agent. However,

exploration is often still needed past the first K episodes. This is especially true in the

zero-shot problem setting of this thesis, where K = 0. However, the optimal amount

of exploration in the remaining episodes depends on the size of the evaluation period,

H −K in general, and H in the zero-shot setting: When the evaluation period is long,

more exploration is optimal, as sacrificing short-term rewards to learn a better policy

for higher later returns pays dividends, while when the evaluation period is small, the

agent must exploit more to obtain any reward it can, before time runs out. In this

section, we survey approaches that navigate this trade-off. Table 3.2 summarizes these

categories.
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End-to-end optimization Perhaps the simplest approach is to learn to explore

and exploit end-to-end by directly maximizing the meta-RL objective (Equation 2.3)

as done by black box meta-RL approaches [Duan et al., 2016, Wang et al., 2016,

Mishra et al., 2018, Stadie et al., 2018, Boutilier et al., 2020]. Approaches in this

category implicitly learn to explore, as they directly optimize the meta-RL objective

whose maximization requires exploration. More specifically, the returns in the later

episodes
∑

τ∈DK:H
R(τ) can only be maximized if the policy appropriately explores in

the early episodes, so maximizing the meta-RL objective can yield optimal exploration

in principle. However, when more complicated exploration strategies are required,

learning exploration this way can be extremely sample inefficient. One issue is that

learning to exploit in the later episodes requires already having explored in the early

episodes, but exploration relies on good exploitation to provide reward signal [Liu

et al., 2021]. For example, in the robot chef task, the robot can only learn to cook (i.e.,

exploit) when it has already found all of the ingredients, but it is only incentivized

to find the ingredients (i.e., explore) if doing so results in a cooked meal. Hence, it

is can be challenging to learn to exploit without already having learned to explore

and vice-versa, and consequently, end-to-end methods may struggle to learn tasks

requiring sophisticated exploration in a sample-efficient manner, compared to methods

with more structure, discussed later in this section.

One method that learns exploration end-to-end also modifies the reward to encourage

exploration. E-RL2 [Stadie et al., 2018] is an end-to-end method that sets all rewards

in the first K episodes to zero in the outer-loop. While ignoring these rewards does

introduce sparsity, it may be helpful when myopically maximizing an immediate,

dense reward prevents exploration needed for a longer-term reward. In general, many

methods add more structure over end-to-end optimization of the meta-RL objective.
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Algorithm 1 PEARL Inner-Loop
1: Sample task M ∼ p(M)
2: Initialize empty meta-trajectory, τ
3: for each shot k = 0, ..., H − 1 do
4: Sample ϕ ∼ qθ(z|τ)
5: Roll out πθ(a|s, ϕ) to collect trajectory more data
6: Update τ with new data
7: end for

Posterior sampling To circumvent the challenge of implicitly learning to explore,

Rakelly et al. [2019] propose meta-RL methods that explore via posterior sampling

[Strens, 2000, Osband et al., 2013], an extension of Thompson sampling [Thompson,

1933] to MDPs. The inner-loop of this method, PEARL, is described in Algorithm 1.

When the agent is placed in a new task, the general idea is to maintain a distribution

over what the identity of the task is, and then to iteratively refine this distribution by

interacting with the task until it roughly becomes a point mass on the true identity.

Posterior sampling achieves this by sampling an estimate of the task identity from

the distribution on each episode, and acting as if the estimated task identity were

the true task identity for the episode. Then, the observations from the episode are

used to update the distribution either with black box methods [Rakelly et al., 2019]

or directly via gradient descent [Gupta et al., 2018].

Posterior sampling does, however, also have a drawback. First, since the policy

employed is always conditioned on a sampled task, all of the exploration in such a

method is executed by a policy that assumes it knows the task it is in. This means

that the same policy is used for both exploration and exploitation. This can lead to

suboptimal exploration in terms of Equation 2.3. Consider a robot chef that has to

find a stove along a curved kitchen counter. Optimally exploring, the chef walks along

the perimeter of the counter until it finds the stove. If the chef must be reset to its

initial position, e.g., to charge its battery at the end of an episode, then the robot

resumes exploration where it last left off. In contrast, a chef using posterior sampling,
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Figure 3.6: Exploration for a robot chef (green) finding a stove (red) along a circular
counter. The first two rows compare optimal exploration and posterior sampling. The
third row shows excessive exploration (blue) when irrelevant information is available
in the sampled MDP.

in each episode, simply walks to a different point along the counter that it has not yet

checked, repeating this process until it finds the stove. For this reason, it is generally

not suitable to zero-shot exploration setting, and has been shown empirically to not

be competitive in that setting [Zintgraf et al., 2021b].

This comparison is depicted in Figure 3.6. Other methods for exploration in meta-RL

exist that add structure to exploration without this limitation.

Task inference There is often a tight relationship between task inference methods

and exploration. Since task inference methods explicitly represent the inferred task,

or the posterior over the task distribution, they can directly represent the exploration

conducted so far, without having to learn this representation via its effect on down-

stream rewards. Such a representation can enable more effective learning of rapid

exploration strategies [Zintgraf et al., 2020, Humplik et al., 2019].

Additionally, task inference methods can enable better meta-exploration strategies.
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Specifically, these methods often add an intrinsic reward to gather information that

removes uncertainty from the task distribution. In other words, these methods train

the policy to explore states that facilitate task prediction. For example, these intrinsic

rewards generally incentivize improvement in transition predictions (i.e., in adapting

the dynamics and reward function) [Zhou et al., 2019] or incentivize information gain

over the task distribution [Fu et al., 2021, Liu et al., 2021, Zhang et al., 2021]. The

idea is that recovering the task is sufficient to learn the optimal policy, and hence

achieve high returns in the later episodes. However, these rewards can incentivize

more exploration than necessary, and these methods often require free episodes for

a separate exploration policy [Zhou et al., 2019, Gurumurthy et al., 2020, Liu et al.,

2021, Fu et al., 2021], limiting their applicability in the zero-shot setting. Thus, in

this thesis we focus on the effect of task inference on representation. However, we

briefly discuss connections to meta-exploration, which we summarize next.

Meta-exploration Finally, in meta-RL, there is still the process of acquiring data

for the outer-loop learning, just as in standard RL. This is called meta-exploration,

since it must explore the space of exploration strategies. While meta-exploration can

be considered exploration in the outer-loop, both loops share data, and exploration

methods may affect both loops, so the distinction may be blurry. Often, sufficient meta-

exploration occurs simply as a result of the exploration of the standard RL algorithm

in the outer-loop. However, a common method to specifically address meta-exploration

is the addition of an intrinsic reward. In fact, the addition of any task inference reward,

discussed in the previous paragraph, can be considered meta-exploration. This is

particularly apparent when considering that this intrinsic reward can be used to train

a policy exclusively for off-policy data collection during meta-training. In addition to

task inference methods, other methods exist for including intrinsic rewards to improve

meta-exploration.
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Alternatively, intrinsic rewards for meta-exploration can be added that function

similarly to those in standard RL. For example, using random network distillation

(RND) [Burda et al., 2019], a reward may add an incentive for novelty [Zintgraf et al.,

2021c]. In this case, the novelty is measured in the joint space of the state and task

representation, instead of just in the state representation, as in standard RL. For

example, HyperX [Zintgraf et al., 2021c], a method that build off of the VariBAD

method discussed earlier, adds the reward,

rhyper(ϕ, s) = ||f(ϕ, s)− h(ϕ, s)||,

where ϕ = Lθ(µ, σ) represents a projection of the task distribution, as in VariBAD; f

represents the predictor network in RND; and h represents the random prior network

in RND. This reward can be seen as a more general exploration methods for POMDPs

[Yin et al., 2021] applied to the meta-RL problem setting.
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4.1 Introduction

As we have seen in Chapters 2 and 3, meta-RL aims to improve sample efficiency of

adaptation to novel tasks by generalizing over a distribution of related tasks. While
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such an approach can enable rapid adaptation, such generalization over the task

distribution has proven difficult in practice. In fact, even in the easier multi-task RL

setting (see Chapter 2), methods often fail to outperform a degenerate solution that

simply trains a separate policy for each task [Yu et al., 2020].

One promising way to improve generalization is with a hypernetwork, a neural network

that produces the parameters for another network, called the base network [Ha et al.,

2017]. In multi-task RL, using a hypernetwork that conditions on the task ID to

generate task-specific parameters can replicate the separate policies of the degenerate

solution, while also allowing generalization across tasks. Furthermore, unlike the

degenerate solution, hypernetworks can also be applied to meta-RL, where task IDs

are not provided and test tasks may be novel, by conditioning them on the output of

a task encoder, using task inference methods, discussed in Chapter 3.

However, hypernetworks come with their own challenges. Since hypernetworks gen-

erate base network parameters, the initialization of parameters in the hypernetwork

determines the initialization of the base network it produces. Evidence suggests

hypernetwork performance is highly sensitive to the initialization scheme in supervised

learning [Chang et al., 2020]. However, to our knowledge this question has not been

considered in meta-RL. In this chapter, we show that hypernetwork initialization is

also a critical factor in meta-RL, and that naive initializations yield poor performance.

Furthermore, we propose two novel initialization schemes: Bias-HyperInit and Weight-

HyperInit. Both produce strong results, with the former matching or exceeding the

performance of the state-of-the-art hypernetwork initialization method designed for

supervised learning [Chang et al., 2020]. Moreover, both proposed methods are simpler

and more general than this existing method, in that they may be applied to arbitrary

base network architectures and target base network initializations without additional

derivation. Using Bias-HyperInit, we present results that substantially improve a
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Figure 4.1: Naive initializations such as Kaiming [He et al., 2015] fail for hypernet-
works, whereas our proposed Bias-HyperInit does not and matches the state of the
art, HFI [Chang et al., 2020] (claims 1, 2). Adding hypernetworks with the proposed
Bias-HyperInit significantly improves the state-of-the-art meta-RL method, VariBAD
[Zintgraf et al., 2021b] (claim 3).

state-of-the-art method on a range of meta-RL benchmarks.

Applying hypernetworks to meta-RL, we make the following contributions (examples

in Figure 4.1):

1. We empirically demonstrate that initialization is a critical factor in the perfor-

mance of hypernetworks in meta-RL, and that naive initializations fail to learn

reliably;

2. We propose a novel hypernetwork initialization scheme that matches or exceeds

the performance of a state-of-the-art approach proposed for supervised settings,

as well as being simpler and more general; and

3. We use this method to show that hypernetworks can improve a state-of-the-art

method on a range of meta-RL benchmarks (grid-world [Zintgraf et al., 2021b],

MuJoCo [Todorov et al., 2012], and Meta-World [Yu et al., 2020]).
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4.2 Related Work

Meta-RL. Despite the advantages of hypernetworks [Ha et al., 2017], they remain

relatively unexplored in meta-RL. We use hypernetworks to arbitrarily update a

policy’s parameters at every time-step, whereas all prior work we are aware of restrict

this procedure in some way. Many procedures in few-shot meta-RL build off of

MAML [Finn et al., 2017] to adapt the parameters of a policy network using a

policy gradient [Finn et al., 2017, Vuorio et al., 2019, Li et al., 2017]. Such methods

require the estimation of a policy gradient, which reduces sample-efficiency when

faster adaptation is possible, as in our benchmarks [Zintgraf et al., 2021b]. Most

meta-learning procedures capable of zero-shot adaption use a sequence model (such as

an RNN or attention) that can represent an arbitrary update function [Zintgraf et al.,

2021b, Mishra et al., 2018, Duan et al., 2016]. These methods generally update a set

of activations on which a fixed policy is then conditioned, whereas hypernetworks

update all policy parameters. We include a state-of-the-art method from this class

in our evaluations [Zintgraf et al., 2021b]. There are also unsupervised methods in

zero-shot meta-RL for weight updates [Najarro and Risi, 2020, Miconi et al., 2018]

but none can produce a fully general learning procedure since they make use of

local and unsupervised heuristics. Sarafian et al. [2021] use hypernetworks in the

context of meta-RL, but the policy network, not the hypernetwork, is conditioned

on the RNN used for adaptation, preventing the hypernetwork from representing a

general learning procedure. Finally, FLAP [Peng et al., 2021] learns to infer a set of

weights trained in the multi-task setting; however since the adaptation procedure is

not trained on a meta-RL objective, it is constrained. For example, FLAP cannot

learn to explore to reduce uncertainty. Finally, Xian et al. [2021] use hypernetworks to

predict model dynamics then use model predictive control. However, this model still

requires planning to make use of an uncertain model, whereas model-free RL learns a

57



policy that explores optimally in order to attain data for adaptation. Using a general

procedure trained to arbitrarily modify the weights of a model-free policy has never

been tried in RL, to the best of our knowledge.

Hypernetworks. Hypernetworks, or similar architectures, have been used in super-

vised learning (SL), multi-task RL, and meta-SL. Hypernetworks have been used in

the supervised learning literature for sequence modelling [Ha et al., 2017], as well as

in continual learning and image classification [Chang et al., 2020], where it was shown

that the hypernetwork initialization scheme was crucial for performance. Similar

models have also been used in multi-task RL and meta-SL, but not meta-RL. For

instance, in multi-task RL, Yu et al. [2019] use a network conditioned on a task

encoding to produce the weights and biases for every other layer in another network

conditioned on state. In meta-SL, there have also been attempts to use one network

to adapt weights of another, both as a general function of the dataset [Rusu et al.,

2019, Munkhdalai and Yu, 2017, Przewiezlikowski et al., 2022], conditioned on an

embedding adapted by gradient descent [Zhao et al., 2020], and by adding deltas

in a way framed as learning to optimize [Ravi and Larochelle, 2017, Li and Malik,

2017]. The abundance of representations in meta-SL suggest there is a similarly large

space of representation-based methods to explore in meta-RL. Our work – getting

hypernetworks to work in practice for meta-RL – can be seen as a first step towards

applying all of these methods in meta-RL.

4.3 Background

4.3.1 Architecture and Task Inference

We consider meta-RL agents capable of adaptation at every time-step, and adaptation

within one episode is required to solve some of our benchmarks. In such methods

[Zintgraf et al., 2021b, Mishra et al., 2018, Duan et al., 2016], the history is generally
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summarized by a function, g, into an embedding that represents relevant task informa-

tion. We write this embedding as e = g(τ), and call g the task encoder. The policy,

represented as a multi-layer perceptron, then conditions on this task embedding as

an input, instead of on the history directly, which we write as πθ(a|s, ϕ = e), or just

πθ(a|s, e). We call this the standard architecture, shown in Figure 4.2.

In this chapter, we primarily build upon VariBAD [Zintgraf et al., 2021b], which can

be seen as an instance of the standard architecture where the task encoder is the mean

and variance from a recurrent variational auto-encoder (VAE) [Kingma and Welling,

2013] trained using a self-supervised loss. In other words, the task is inferred as a

latent variable optimized for reconstructing a meta-episode. See Chapter 3 or Zintgraf

et al. [2021b] for details. Additionally, we evaluate the addition of hypernetworks to

RL2 [Duan et al., 2016] on the most challenging benchmark. (See Section 4.5.2.) In

RL2, the task encoder is a recurrent neural network trained end-to-end on Equation

2.3.

4.3.2 Hypernetwork Initialization

Chang et al. [2020] show that applying existing initialization methods for neural net-

works to hypernetworks produces unstable base network initializations with exploding

or vanishing activations. Furthermore, they empirically demonstrate a reduction in

training stability for Kaiming initialization [He et al., 2015]. We corroborate this

failure for Kaiming initialization on meta-RL, as well as for Orthogonal initialization

[Saxe et al., 2014] and Normc initialization [Dhariwal et al., 2017], which we collectively

refer to as default initializations.

As a solution, Chang et al. [2020] propose the first initialization designed for hypernet-

works and show it to be effective in supervised learning. Their approach is based on

Kaiming initialization, which samples network parameters such that the activations of

the network at each layer maintain the same variance as in the previous layer. Chang
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et al. [2020] extend this variance analysis to hypernetworks [Ha et al., 2017]. They

propose two methods: Hyperfan-in (HFI) sets the variance of the initial parameter

distribution of the hypernetwork to maintain constant variance of activations in the

base network in the forward pass, and hyperfan-out (HFO) does the same for the

backward pass. Since these are equally competitive, and produce state-of-the-art

results, we include HFI as a baseline for comparison. However, this variance analysis

is involved and requires modification for specific use cases depending on the activation

function and whether or not the network produces weights or biases in the base

network. This motivates the need for a simpler and more general initialization method,

which we propose in this chapter.

4.4 Methods

In this section we introduce our proposed architecture using hypernetworks and our

proposed hypernetwork initialization. At a high level, the hypernetwork conditions on a

task representation to generate all of the parameters for a base policy. The initialization

provides a simple and general way to sample parameters for this hypernetwork at the

start of training.

4.4.1 Hypernetworks and Task Inference

We propose the use of hypernetworks in meta-RL, instead of the standard architecture

described earlier. In this setting, we use a hypernetwork to arbitrarily adapt the

parameters of the base policy. We still use a task encoder, e = g(τ), but instead of

conditioning a policy on these activations, we use a hypernetwork, hθ, to generate

policy parameters, ϕ = hθ(e). These parameters, i.e., weights and biases, are then

used directly for the base network, which we write: πϕ(a|s). This is also depicted in

Figure 4.2.

In this case, the hypernetwork can arbitrarily adapt all the the parameters of π based on
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Figure 4.2: A standard architecture (left) and hypernetwork model (right). The
standard architecture computes a task encoding, e, that is passed as an input to the
policy network. The hypernetwork, in contrast, conditions on the task encoding to
produce weights and biases, ϕ, for the base network.

history. In comparison, in the standard architecture, the shared fixed parameters of the

base network (θ) are still required to generalize between all of the tasks. Since training

separate policies for each task often performs better than state-of-the-art methods for

generalizing across all tasks [Yu et al., 2020], this motivates the ability to produce base

policies with no or few shared parameters. Hypernetworks allow for shared parameters

when possible, but also provide the ability to have no shared parameters in the base

policy when diverse policies are necessary and little generalization between tasks is

possible.

In fact, hypernetworks are capable of replicating the training of separate policies

for each task under certain conditions. To see this, consider the case where the

hypernetwork is linear and has no bias. Then, the hypernetwork consists only of a

weight matrix, W . (That is, θ = W .) If this hypernetwork conditions on a one-hot

task ID for task i: e = 1i, then the parameters selected by this hypernetwork, ϕ are a

separate set of parameters for each task: ϕi = h(e) = W1i. In other words, training

individual networks for each task is equivalent to training a hypernetwork when that

hypernetwork is: 1) linear, 2) has no a bias, and 3) is conditioned on a one-hot task

ID.
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However, we can relax these assumptions and still retain the ability to produce distinct

parameters, while also enabling generalization. If we add a bias, we reintroduce shared

parameters in the hypernetwork, but they can still produce separate base networks

for each task when little transfer between the policies is required. If we relax the

one-hot assumption, the network is still capable of producing a one-hot encoding when

the tasks are discrete and the task embedding is sufficiently large. Relaxing these

restrictions allows for both generalization and the application of hypernetworks to

meta-RL.

4.4.2 Hypernetwork Initialization

Default initialization methods fail for hypernetworks. However, given that hyper-

networks generalize training separate networks for each task, it must be possible to

initialize them as if each of the corresponding base networks were initialized indepen-

dently, from some given initialization function, f , known to train reliably. Using this

insight, we propose and evaluate two initialization schemes for the hypernetwork. We

propose one where (under some assumptions) each base network is independently ini-

tialized from f . We also propose one where (under no assumptions) all base networks

share an initialization sampled from f .

Our first method is Weight-HyperInit. Let W and b be the weights and bias in the last

layer of our hypernetwork, h(e), respectively. (These parameters are both contained

in θ.) We define this weight-only initialization as follows:

W:,i := ϕi ∼ f(ϕ) ∀i, b := 0,

where f is an arbitrary initialization scheme for the base network specifying a distri-

bution over a vector of parameters, ϕ, and W:,i is the i-th column of W .

Weight-HyperInit reproduces any given initialization for each base network (πϕ), under

the assumptions that e = 1i and the hypernetwork is linear. In this case, each column
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of W is simply a sample from the base scheme, one of which is selected for each task

via the one-hot encoding. For example, given the task embedding e = 13, the following

base network initialization ϕinit is produced:

ϕinit = We+ b =


ϕ1
1 ϕ2

1 ϕ3
1 . . .

ϕ1
2 ϕ2

2 ϕ3
2 . . .

ϕ1
3 ϕ2

3 ϕ3
3 . . .

...
...

... . . .



0
0
1
0
...

+ 0 = ϕ3. (4.1)

Moreover, in the case that there is also no bias, it is also equivalent to training separate

networks for each task. Although these assumptions are not met for meta-RL, and

so do not hold for our experiments, we find this is still an improvement over default

neural network initialization schemes.

Additionally, we propose Bias-HyperInit. This bias-only initialization is defined as

follows:

Wi,j := 0 ∀i, j, b := ϕshared ∼ f(ϕ).

Bias-HyperInit achieves an arbitrary initialization for the base network without any

assumptions, by setting the parameters for any task to be the same at initialization.

This encourages parameter sharing between base networks at the beginning of training,

where possible, but also allows for separate base network parameters to be learned,

if necessary. Under any set of assumptions, the base network is initialised to the

following:

ϕinit = Wx+ b =


0 0 0 . . .
0 0 0 . . .
0 0 0 . . .
...

...
... . . .



x1

x2

x3

x4
...

+ ϕshared = ϕshared, (4.2)

where x is the final hidden layer of the hypernetwork. (X = e in the case of a linear

hypernetwork.)
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Both methods initialize only W and b, which define the head of the network. All other

layers in h may be initialized by any default initialization scheme. All such choices

are detailed in supplementary materials.

4.4.3 Baselines

VariBAD. VariBAD [Zintgraf et al., 2020, 2021b] is a task-inference method making

use of variational inference to avoid the requirement of privileged information. See

Section 4.3.1 and Chapter 2 for details.

RL2. RL2 [Duan et al., 2016, Wang et al., 2016] is a black-box method that structures

that inner-loop as a recurrent neural network to arbitrarily condition on history. See

Section 4.3.1 and Chapter 2 for details.

FiLM. FiLM [Perez et al., 2018] is a convenient baseline situated between hyper-

networks and the standard architecture. In FiLM, the hypernetwork generates biases

for each layer, but only point-wise scales the activations instead of generating weight

matrices. In this case, the base network has its own weights. Bias-HyperInit can easily

be adapted to FiLM; details presented in supplementary materials.

HFI. HFI [Chang et al., 2020] is a state-of-the-art initialization method developed

in the supervised learning setting. While we do compare to HFI, our methods are

simpler and more general. Specifically, our methods work with arbitrary base network

target initialization (as opposed to being tied to Kaiming) and our methods work

with arbitrary base network architectures (without additional variance analysis).

Moreover, our approach is straightforward to apply to additional methods, which

we show by applying it to FiLM. Finally, although both HFI and Weight-HyperInit

do make assumptions about the input to the hypernetwork, our strongest method,

Bias-HyperInit, does not.
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4.5 Experiments

In this section, we compare our hypernetwork architecture and initialization methods

to baselines on 2D navigation [Zintgraf et al., 2021b], MuJoCo [Yu et al., 2020], ML1

[Yu et al., 2020], and ML10 [Yu et al., 2020] benchmarks. MuJoCo is a common

meta-RL benchmark [Finn et al., 2017], as are toy 2D navigation tasks [Finn et al.,

2017, Zintgraf et al., 2021b, Humplik et al., 2019, Rakelly et al., 2019]. These two

benchmarks allow us to demonstrate that hypernetworks with default initialization

methods fail to learn, whereas our proposed methods learn reliably. ML1 and ML10

are benchmarks in Meta-World [Yu et al., 2020]. These two benchmarks have greater

room for improvement with state-of-the-art methods [Zintgraf et al., 2021b], which

allow us to demonstrate improvement over the baseline architectures. Finally, we use

two MuJoCo environments to investigate the performance of hypernetworks against

standard architectures in terms of the number of parameters in the model overall.

Throughout our evaluation, we use two-tailed t-tests with p = 0.05 to determine signif-

icance. Details on model tuning and implementation are presented in supplementary

materials.

4.5.1 Navigation and MuJoCo

Here we evaluate on the grid-world variant from Zintgraf et al. [2021b] as our 2D

navigation task and MuJoCo [Todorov et al., 2012]. Note Grid-World and Cheetah-

Dir contain twenty-four and two non-parametric tasks respectively, while the other

MuJoCo environments have parametric variation between the tasks.

In Table 4.1 we see that default initializations frequently fail to learn while Bias-

HyperInit learns reliably. Specifically, Kaiming and Normc initializations used with

hypernetworks achieve far lower returns than all other methods. Orthogonal initializa-

tion is more competitive, however it is still significantly outperformed by Bias-HyperInit
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Table 4.1: Comparison of return on grid-world and MuJoCo tasks over five random
seeds (mean ± standard error). Entries in bold have insignificant difference from the
highest-performing result. HyperInit is abbreviated as HI.

Method Grid-World Cheetah-Dir Walker Ant-Dir Humanoid

Standard 35.5± 0.4 2104± 87 1828± 38 1167± 16 1842± 233

Kaiming 32.1± 1.2 378± 169 331± 37 253± 86 266± 23
Normc 32.2± 0.5 356± 134 357± 60 264±106 249± 18
Orthogonal 34.9± 0.5 1379± 310 1687± 98 1127± 93 1126± 76
HFI 36.8± 0.2 2218± 80 1618±130 1370± 9 1323± 57

Weight-HI 36.1± 0.5 2066± 119 1748± 57 1346± 7 1048± 21
Bias-HI 36.7± 0.2 2300± 32 1994± 67 1328± 23 1678± 162

in every environment.

We also compare hypernetworks with Bias-HyperInit to the standard architecture

and Bias-HyperInit to HFI. We see that Bias-HyperInit matches or exceeds the

performance of HFI, with a significant improvement in Walker. Hypernetworks with

Bias-HyperInit also significantly outperform the standard architecture on grid-world

and Ant-Dir. In fact, Bias-HyperInit is not significantly outperformed by any other

method. However, the standard architecture, HFI, and Bias-HyperInit all achieve

near optimal performance, motivating an evaluation on Meta-World, on which the

standard architecture has greater room for improvement [Zintgraf et al., 2021b].

4.5.2 ML1 and ML10

Here we evaluate on the more challenging Meta-World ML1 and ML10 benchmarks

[Yu et al., 2020]. ML1 and ML10 have one and ten non-parametric training tasks

respectively (e.g. pushing a ball or opening a window). ML10 additionally has five

distinct test tasks. Within each task, there exists parametric variation, such variation

in the goal location. Note that we only test on the Pick-Place task from ML1, since

VariBAD already achieves a 100% success rate on all other tasks [Zintgraf et al.,

2021b].
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In Table 4.2 we see significant improvement from hypernetworks with Bias-HyperInit

over the standard architecture, as well as the efficacy of Bias-HyperInit on FiLM.

On Pick-Place, Bias-HyperInit outperforms the standard architecture with a 9-fold

increase in test success percentage. Additionally, Bias-HyperInit improves the FiLM

architecture and exceeds the performance of HFI. On ML10, hypernetworks with both

Bias-HyperInit and HFI yield a 2-fold increase in test success percentage compared

to the standard architecture. Finally, we evaluated Bias-HyperInit when applied to

RL2 on ML10, finding a 2-fold increase over both HFI and the standard architecture.

Taken together, these results demonstrate a clear improvement from the application

of hypernetworks with Bias-HyperInit, regardless of the baseline method that they

are applied to.

Table 4.2: Comparison of meta-test success percentage on the Pick-Place ML1 task
(ten seeds) and ML10 (three seeds). On more challenging domains, Bias-HyperInit
significantly outperforms the standard architecture, with up to a 9-fold increase in
test success percentage.

Method Pick-Place ML10
VariBAD VariBAD RL2

Standard 4.4± 2.41 10.2 ± 3.0 7.2 ± 5.0

FiLM Normc 5.5± 4.8 — —
Bias-HyperInit 34.2±15.9 — —

Hypernetwork HFI 25.5±14.5 28.4 ± 6.0 7.1 ± 2.4
Bias-HyperInit 42.9±16.3 23.9 ± 6.2 14.2 ± 7.2

4.5.3 Scaling

Because hypernetworks learn a mapping from a task embedding to the parameters

of a base network, they require significantly more parameters in the entire model

than a standard architecture with the equivalent base network. For a fair comparison,

we evaluate return over both a range of base network sizes and total number of
1Zintgraf et al. [2021b] report a success percentage of 29% for Pick-Place; however, we were not

able to replicate this result.
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Figure 4.3: Performance of standard and hypernetwork models over a range of base
policy architecture sizes on Cheetah-Dir and Walker. Architectures are presented in
supplementary materials.

parameters in the model on the Cheetah-Dir and Walker tasks (Figure 4.3). We find

that hypernetworks consistently match or outperform the standard architectures with

the equivalent base network size. We also find that hypernetworks likewise outperform

standard architectures for equivalent number of parameters in the entire model, i.e.,

for a given value on the x-axis, when the total number of parameters in the model is

sufficiently large. Just as the performance of the standard architecture deteriorates

when the number of parameters becomes excessively large, we anticipate that the

performance of hypernetworks would likewise degrade beyond some threshold. While

we were unable to validate this hypothesis due to computational limitations, we expect

the performance curve to exhibit a similar shape, but shifted to the right along the

x-axis. However, even if performance does eventually decline, the maximum achieved

by hypernetworks already exceeds that of the standard architectures. Because the

hypernetwork curve is both vertically higher and shifted to the right, improved returns

can be achieved simply by increasing the total number of model parameters.
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4.6 Conclusion

While we significantly improve the performance of meta-RL agents, we first consider

some limitations before summarizing our key contributions. While our proposed

methods are general, we cannot guarantee an improvement for all meta-RL methods.

To mitigate this limitation, we build on top of VariBAD, which is state of the art,

and additionally evaluate our method applied to RL2 on ML10. Furthermore, as in

any empirical study, there is no guarantee that our results hold on real robots or

other meta-RL benchmarks. However, we have tested on seven standard meta-RL

environments in total, including Meta-World, which was proposed specifically for

addressing robotic agents in the real world. As much as is possible from simulated

meta-RL experiments, these results give us confidence in a significant improvement

over previously established methods.

In summary, we used hypernetworks to improve a state-of-the-art method in meta-

RL, evaluating over a range of benchmarks. In doing so, we demonstrated that

hypernetworks are a promising path forward for meta-RL. Moreover, we showed that

the initialization of the hypernetwork is crucial, as default initialization methods

fail. To overcome this difficulty, we presented two novel initialization methods:

Bias-HyperInit and Weight-HyperInit. Bias-HyperInit matched or exceeded the

performance of existing methods from the supervised learning setting, while also being

simpler and more general – applying to arbitrary base network initializations, base

network architectures, and also improving FiLM. Using Bias-HyperInit, we showed

that hypernetwork performance improves substantially over standard architectures.

Finally, we demonstrated that hypernetworks outperform the standard architecture

for equivalently sized base policies, and outperform it at any size given sufficiently

many parameters in the entire model. Thus, hypernetworks not only outperform the

standard architecture, but also scale preferentially in terms of the overall number of
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parameters.

While the work in this chapter significantly improves the performance of meta-RL

agents, it also enables future research on the application of hypernetworks in the field.

For example, this work opens the path both for future research extending meta-SL

methods using hypernetworks [Rusu et al., 2019, Ravi and Larochelle, 2017] and for

applying multi-task RL methods with separate parameters for each task [Teh et al.,

2017, Parisotto et al., 2016, Misra et al., 2016] to meta-RL.
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5.1 Introduction

In Chapter 4, we investigated the use of initialization methods for hypernetworks

in meta-RL, primarily in conjunction with task-inference methods. While we also
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briefly investigated black-box methods, and saw that hypernetworks may improve

performance for such methods, the use of black-box methods was not investigated

extensively.

In this chapter, we compare task-inference methods and black-box methods when used

with hypernetworks in meta-RL. As discussed in Chapter 3, any sequential model

such as a recurrent neural network (RNN), can be deployed to learn this mapping

end-to-end [Duan et al., 2016, Wang et al., 2016]. Such methods are also called

black-box, and the recurrent version is a canonical example of a black box method. In

contrast, much prior work as focused on task-inference methods that are specialized

for meta-RL. A meta-RL algorithm learns to reinforcement learn over a distribution

of MDPs, or tasks. By explicitly learning to infer the task, many methods have shown

improved performance relative to the recurrent baseline [Humplik et al., 2019, Zintgraf

et al., 2020, Kamienny et al., 2020, Liu et al., 2021, Beck et al., 2022].

Recent work has shown the simpler recurrent methods to be a competitive baseline rel-

ative to task-inference methods [Ni et al., 2022]. However, such claims are contentious,

as the supporting experiments compare only to one task-inference method designed

for meta-RL, the experiments provide additional compute to the recurrent baseline,

and the results still show similar or inferior performance to more complicated methods

on the majority of difficult domains. In particular, they consider two toy domains and

four challenging domains, with RNNs significantly outperformed on two of the four

challenging domains, and superior to the single task-inference baseline on only one.

In this chapter, we conduct a far more extensive empirical investigation with stronger

and carefully designed baselines in meta-RL specifically. In addition, we afford equal

computation in terms of number of samples for hyper-parameter tuning to all existing

baselines. We present the key insight that the use of a hypernetwork architecture

[Ha et al., 2017] is crucial to maximizing the potential of recurrent networks. For
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(a) Walker (b) Cheetah-Dir

Figure 5.1: In some environments, recurrent neural networks fail to learn meta-RL
tasks, whereas recurrent hypernetworks achieve strong performance.

an illustration of the potential magnitude of improvement, see Figure 5.1. Notably,

recurrent hypernetworks have never been evaluated in meta-RL, let alone shown to

outperform contemporary task-inference methods. We additionally provide preliminary

evidence that the robust performance hypernetworks achieve such is in part due to how

they condition on the current state and history. Finally, our results establish recurrent

hypernetworks as an exceedingly strong method on meta-RL benchmarks that is also

far simpler than alternatives, providing significant ease of use for practitioners in

meta-RL.

5.2 Related Work

Recurrent Meta-RL. Many meta-RL methods structure the learned RL algorithm

as a black box using a neural network as a general purpose sequence model [Duan

et al., 2016, Wang et al., 2016, Mishra et al., 2018, Fortunato et al., 2019, Ritter et al.,

2021, Wang et al., 2021, Ni et al., 2022]. While any sequence model can be used,

often the model is structured as an RNN [Duan et al., 2016, Wang et al., 2016, Ni

et al., 2022]. Such models [Duan et al., 2016, Wang et al., 2016] are commonly used

as simple meta-RL baselines.
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One study has shown RNNs to be a competitive baseline in meta-RL [Ni et al.,

2022]; however, the scope of the study was broader than meta-RL and the evidence

specific to meta-RL is inconclusive. First, the study evaluates only a single specialized

meta-RL method [Zintgraf et al., 2020], which was, but is not currently, state-of-

the-art [Beck et al., 2022]. Second, the experiments use results or hyperparameters

from the original papers, while affording extra computation to tune the RNNs on

each benchmark, including dimensions that were not tuned for the other baselines.

This computation includes tuning architecture choices, the context length, the RL

algorithm used, and the inputs [Ni et al., 2022]. And third, the study does not show

particularly strong performance of recurrent methods relative to the chosen specialized

baseline. On the MuJoCo domains, the recurrent baseline outperforms the specialized

method on only one of these four domains, performs similarly on another, and is

significantly outperformed on the other remaining two [Ni et al., 2022]. In contrast,

our work compares against four specialized baselines; affords equal computation to all

methods, defaulting to hyper-parameters that favor existing task-inference methods

for parameters that are not tuned; and still establishes recurrent hypernetworks as

the strongest method evaluated.

Task Inference Meta-RL. In addition to recurrent meta-RL methods, task-

inference methods [Humplik et al., 2019, Zintgraf et al., 2020, Kamienny et al.,

2020, Liu et al., 2021, Beck et al., 2022] and policy-gradient methods [Yoon et al.,

2018, Finn et al., 2017, Vuorio et al., 2019, Zintgraf et al., 2019] constitute a significant

bulk of existing work. We exclude the latter methods from comparison since the

estimation of a policy gradient in policy-gradient approaches requires more data than

in our benchmarks [Zintgraf et al., 2019, Beck et al., 2023a]. Task inference methods

are a strong baseline for our benchmark, but are generally more complicated than

recurrent meta-RL methods. For example, such methods typically add a task inference
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objective [Humplik et al., 2019], and may also add a variational inference component

[Zintgraf et al., 2021b], or pre-training of embeddings with privileged information

[Liu et al., 2021]. In this chapter, we ablate each of these components to create the

strongest task-inference baselines possible. In the end, we find the more complicated

task inference methods are still inferior to the recurrent baseline with hypernetworks.

Hypernetworks. A hypernetwork [Ha et al., 2017] is a neural networks that produces

the parameters (weights and biases) for another neural network, called the base network.

Hypernetworks have been used in supervised learning (SL) [Ha et al., 2017, Chang

et al., 2020], Meta-SL [Rusu et al., 2019, Munkhdalai and Yu, 2017, Przewiezlikowski

et al., 2022], multi-task RL [Xiong et al., 2023, 2024], and meta-RL [Beck et al., 2022,

Xian et al., 2021, Peng et al., 2021, Sarafian et al., 2021]. While these networks are

complicated, and can fail to work out-of-the-box, simple initialization methods can be

sufficient to enable stable learning, as we have seen [Beck et al., 2022, Chang et al.,

2020]. In meta-RL, no prior work to this thesis has investigated training a hypernetwork

end-to-end to arbitrarily modify the weights of a policy. However, this appears to be

an oversight, since the results in Chapter 4 suggest that hypernetworks are particularly

useful in preventing interference between different tasks and enable greater returns as

the the number of parameters increases. Until this thesis, recurrent hypernetworks

had never been evaluated in meta-RL, and until this chapter, recurrent hypernetworks

had not been shown to outperform contemporary task-inference methods.

5.3 Methods

5.3.1 Recurrent Methods

Recurrent methods are perhaps the simplest and most common meta-RL baseline.

Recurrent methods use an RNN to encode history and train all meta-parameters

end-to-end on Equation 2.3. These methods are depicted in Figure 5.2. Note that the
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(a) RNN (b) RNN+HN

s

Figure 5.2: The standard RNN policy (a) and the RNN policy with a hypernetwork
(b).

combination of a hypernetwork with recurrent networks (RNN+HN below) has never

been evaluated in meta-RL prior to this thesis, but we will show that the combination

actually achieves the strongest results.

RNN. Our first recurrent baseline is the simplest and is equivalent to RL2 [Duan

et al., 2016] and L2RL [Wang et al., 2016]. In this case πθ(a|ϕ = fθ(τ)), where f is a

recurrent network, π is a feed-forward network, and f and π each use distinct subsets

of the meta-parameters, θ.

RNN+HN. Our second recurrent model is the recurrent hypernet and achieves the

strongest results. Here, the recurrent network produces the weights and biases for the

policy directly: πϕ(a|s). The state must be passed as input again to this policy for the

feed-forward policy to condition on an input, and we follow the initialization method

for hypernetworks, Bias-HyperInit, proposed in Chapter 4. In this initialization, the

hypernetwork’s final linear layer is initialized with a zero weight matrix and a non-zero

bias, so that the hypernetwork produces the same base-network parameters for any

trajectory at the start of training.
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(a) TI Naive

IB

TI

(b) TI

TI
IB

Figure 5.3: Task-inference baselines. Naive task-inference (a), additional multi-task
pre-training (b).

5.3.2 Task-Inference Methods

Task-inference methods constitute the main category of meta-RL methods capable

of adaptation as quickly as recurrent (i.e., black-box) methods [Humplik et al., 2019,

Zintgraf et al., 2020, Kamienny et al., 2020, Liu et al., 2021, Beck et al., 2022]. These

methods train the inner-loop not end-to-end but rather to identify the task, within

the given task distribution. One perspective on these methods is that they attempt

to shift the problem from the more difficult meta-RL setting to the easier multi-task

setting by learning to explicitly infer the task. Here we define relevant task-inference

methods used as baselines (Figures 5.3 and 5.4). For additional ablations, summary,

and details on the method selection process, see the appendix. Results in the appendix

include combinations of end-to-end supervision with task-inference supervision and

task-inference methods that use experts trained in the multi-task setting as explicit

targets for inference, similar to [Peng et al., 2021].

TI Naive. The inner-loop of a meta-RL method must take in the trajectory, τ , and

produce the policy parameters, ϕ. In task inference methods, the inner-loop addition-

ally produces an estimate of the current task, ĉM, given a known task representation,

cM. While it is possible to represent ϕ as ĉM directly, i.e., pass ĉM to the policy,
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it is common to compute ϕ from an intermediate layer of the network that predicts

ĉM, which contains more information about the belief state [Humplik et al., 2019,

Zintgraf et al., 2020]. It is also common to use an information bottleneck to remove

information not useful for task inference from the trajectory [Humplik et al., 2019,

Zintgraf et al., 2020]. Following Zintgraf et al. [2020], we condition ϕ on the mean

and variance of the bottleneck layer in order to explicitly condition the policy on task

uncertainty for more efficient exploration (Figure 5.3). Putting these together, we can

write a task inference method as follows:

µ = P µ(RNN(τ))

σ = P σ(RNN(τ))

IB = N (z;µ, σ)

ĉM = P c(z ∼ IB)

ϕ = ReLU(P ϕ⊥(µ, σ))

Jinfer(θ) = EM[Eτ |π[−||cM − ĉM||22]]

Jprior(θ) = EM[Eτ |π[D(IB||N (z;µ = 0, σ = I))]],

where P c, P ϕ, P µ, and P σ are all linear projections, ⊥ represents a stop-gradient,

P ϕ⊥(µ, σ) is the matrix multiplication of P ϕ with stop-gradient of a concatenation

of (µ, σ), and D is the KL-divergence. Here, Jinfer + Jprior constitutes the evidence

lower bound from Zintgraf et al. [2020] and is used to train IB, whereas all other

parameters (P ϕ and π(·|ϕ)) are trained via Equation 2.3.

TI. As presented, the TI Naive baseline may suffer from a known issue where the

given task representation contains too little or too much information. When too little

information is present, the policy may miss information crucial to the task. When too

much information is present, the policy may be presented with the difficult problem

of separating the useful information from irrelevant task features. Toward this end, it
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(a) TI++HN

s
IB

s TI

(b) VI+HN

IB s VI

Figure 5.4: Task-inference baselines. Task inference with additional parameter reuse
and hypernetwork (a), the competitive task-inference algorithm with hypernetworks
from Chapter 4 (b).

is possible to pre-train the task representation end-to-end using an additional policy

[Humplik et al., 2019, Kamienny et al., 2020, Liu et al., 2021]. Our TI baseline

(Figure 5.3) is the same as TI Naive, except that an additional multi-task policy, π′,

is pre-trained to learn a representation of the task, gθ(cM). Given a linear projection,

P g:

ĝ = P g(z ∼ IB)

Jmulti(θ) = EM∼p(M)[Eτ [R(τ)|π′
θ(·|gθ(cM)),M]

Jinfer(θ) = EM[Eτ |π(·|ϕ)[−||gθ(cM)− ĝ||22]].

For a fair comparison, training of the multi-task policy, π′, occurs at the expense

of training the meta-learned policy π, with the total number of samples remaining

constant. Instead of fully training the multi-task policy, we experiment with different

amounts of pre-training in the appendix, finding significant benefits already from less

than 5% of total training allocation for the pre-training.

TI++HN. The TI++HN baseline is the same as TI, with three additions that we

found to strengthen task inference (Figure 5.4). The first two additions (++) are

novel and are 1) initializing the parameters of the meta-policy, π, to that of the pre-

trained multi-task policy, π′, to encourage transfer and 2) training of the task-inference
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(Jinfer) over trajectories from the initial multi-task training phase in addition to the

meta-learning phase, since the former tend to be more informative and simply provide

extra data. The third addition (HN) uses a hypernetwork to condition the policy on ϕ.

We write this as πϕ(·|s) to show that ϕ represents the weights and biases of π, just as

in the recurrent baseline. The output of the hypernetwork is ϕ, and the input to the

hypernetwork is a the projection of µ and σ, ϕ = h(ReLU(P ϕ⊥(µ, σ))). When using

a hypernetwork with the first two additions (++), the parameters of the hypernetwork

for the meta-learned policy are initialized to the parameters of hypernetwork for the

multi-task policy, instead of sharing policy parameters directly.

VI+HN. While task-inference methods rely on known task representations, it is

also possible to design methods that can infer the MDP more directly. This can

be done by inferring transitions and rewards in full trajectories, since the transition

function and reward function collectively define the MDP. In particular, such a method,

called VariBAD, is proposed by Zintgraf et al. [2020], and extended with the use

of hypernetworks, as in Chapter 4. Here, we call this method VI+HN, and it is a

contemporary task-inference method (Figure 5.4). Precisely, this model reconstructs

full trajectories including future transitions for meta-episodes, τ0:T , instead of task

embeddings, from τ , the current trajectory:

Jinfer(θ) = EM[Eτ |π(·|ϕ)[−||τ0:T − τ̂0:T ||22]].

See Appendix B.1 for ablations with VI alone.

5.4 Experiments

In this section we compare recurrent hypernetworks (RNN+HN) to task inference

baselines. We evaluate over three simple navigation domains [Zintgraf et al., 2020,

Humplik et al., 2019, Rakelly et al., 2019], designed to test learning of exploration and

memory, in addition to four more difficult tasks using MuJoCo [Todorov et al., 2012],
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(a) Grid-World (b) Grid Show (c) Grid Dense

Figure 5.5: Evaluation on grid-world benchmarks. RNN+HN and TI++HN improve
return. RNN+HN achieves the greatest asymptotic return and sample efficiency.

and one task testing long-term memory from visual observations in MineCraft [Beck

et al., 2020]. Results show meta-episode return, optimized over five learning rates and

averaged over three seeds (four in MineCraft), with a 68% confidence interval using

bootstrapping. Additional details and results on Meta-World [Yu et al., 2020] are

available in the appendix. Our experiments demonstrate that while our task inference

methods are strong baselines, RNN+HN is able to outperform them and achieve the

highest returns.

5.4.1 Grid-Worlds

Navigation tasks are a common benchmark in meta-RL [Zintgraf et al., 2020, Humplik

et al., 2019, Rakelly et al., 2019]. Here we evaluate on the grid-world variant from

Zintgraf et al. [2020], in addition to two of our own variants. The first environment,

Grid-World, consists of a five by five grid with a goal location in one of the grid cells.

The agent starts in the bottom left corner of the grid, and then must navigate to

a goal location, which is held constant throughout the meta-episode. (Details are

in the appendix.) This environment is useful for testing how well a meta-learning

algorithm learns to efficiently explore in the gridworld as it searches for the goal.

Additionally, our Grid-World Show environment was designed to be relatively harder

for end-to-end methods, in order to provide a challenge for our proposed method.

In this environment, the goal position is visible to the agent at the first timestep
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of each episode. Task inference methods will directly encourage the storage of this

information in memory, whereas the end-to-end recurrent methods must learn to store

this information through its effect on the policy. In contrast, our Grid-World Dense

environment provides dense rewards and may be easier for end-to-end methods. In

this environment, the agent receives and observes a reward equal to the Manhattan

distance to the goal location. Instead of inferring the task explicitly, the agent can

simply move up or to the right until the reward stops increasing.

Surprisingly, on all three grid-worlds, RNN+HN achieves both the greatest asymptotic

return and greatest sample efficiency (Figure 5.5). The recurrent hypernetwork achieves

the fastest learning on Gridworld Show, despite the environment being specifically

designed to be harder for end-to-end methods. TI++HN dominates all other task-

inference baselines on these grid-worlds, suggesting that it is a relatively strong

task-inference method. Collectively, these grid-worlds demonstrate that end-to-end

learning with hypernetworks can learn to store the task in memory and to explore

optimally with this information directly from return, just as well as task-inference

methods.

5.4.2 MuJoCo

Here we evaluate baselines on more challenging domains. We evaluate on all four

MuJoCo variants proposed by Zintgraf et al. [2020], which is known to be a common

and more challenging meta-RL benchmark involving distributions of tasks requiring

legged locomotion [Zintgraf et al., 2020, Humplik et al., 2019, Rakelly et al., 2019, Beck

et al., 2023a]. Ant-Dir and Cheetah-Dir both involve non-parametric task variation,

whereas Cheetah-Vel and Walker include parametric variation of the target velocity

and physics coefficients respectively. For environment details, see the appendix. We

expect Walker in particular to be difficult for end-to-end methods since it has the

largest space of tasks with the dynamics defined by 65 different parameters. Assuming
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(a) Walker (b) Cheetah-Vel

(c) Cheetah-Dir (d) Ant-Dir

Figure 5.6: Models evaluated on MuJoCo benchmark. RNN+HN matches returns
on Walker and Cheetah-Vel, and exceeds returns on Cheetah-Dir and Ant-Dir.

the values of these parameters are important for the optimal policy, task inference

methods may learn the optimal policy faster.

On Cheetah-Dir and Ant-Dir, RNN+HN achieves greater returns than all other

baselines by a wide margin (Figure 5.6). On Cheetah-Vel, all methods achieve fairly

similar results, with RNN+HN still achieving the greatest asymptotic return by a

small margin. As expected, RNN+HN does not outperform task inference on Walker.

For Walker, only TI outperforms RNN+HN in terms of efficiency, and only TI Naive

outperforms RNN+HN in terms of asymptotic return; however, the effect size is small

and both TI and TI Naive have among the worst performance on Cheetah-Dir and the

grid-worlds. Still, RNN+HN achieves similar performance on Walker, which is notable

in a high dimensional task space. And, RNN+HN achieves greater returns overall.
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Figure 5.7: Results on ML10 show that RNN+HN is able to match the performance
of the more complicated VI+HN method, though results are not definitive on this
environment.

5.4.3 Meta-World

We additionally evaluate on the Meta-World (ML10) [Yu et al., 2020] environment and

show RNN+HN is able to match the performance of the more complicated VI+HN

method (Figure 5.7). Meta-World is a meta-RL benchmark for robotic manipulation.

There are 10 non-parametric training tasks and 5 distinct non-parametric test tasks,

ranging from pushing a ball to opening a window. Additionally, there is non-parametric

variation, e.g. of the goal location, within each task. In this environment, the variance

of returns and the computation requirements for training are dramatically greater, so

the evidence is not strong is any direction. However, we include the results here since

ML10 is a standard benchmark, and to elaborate on the results from Chapter 4, since

those results were not statistically significant.

Here, we find that the final return of RNN+HN is higher than VI+HN. RNN+HN has

a final average test success percent of 17.22, compared to 13.87 for VI+HN. However,

the variance is still too large to draw firm conclusions. Additionally, we find that the

learning curves for RNN+HN and VI+HN overlap consistently throughout training,

and the confidence interval for RNN+HN lies almost entirely within that of VI+HN.

While these results are not sufficient to conclusively show superiority on ML10, we do
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Figure 5.8: RNN+HN outperforms VI+HN on MC-LS (MineCraft) environment.

show superiority on many other environments. Additionally, these results do show

RNN+HN to match the performance of VI+HN. Matching existing task-inference

baselines on ML10 is significant, since it demonstrates that complicated task-inference

methods are not necessary to be competitive.

5.4.4 MineCraft

We additionally evaluate on the MC-LS environment from Beck et al. [2020], designed

to test long-term memory from visual observations in MineCraft. Here, the agent

navigates through a series of 16 rooms. In each room, the agent navigates left or

right around a column, depending on whether the column is made of diamond or

iron. Discrete actions allow for a finite set of observations. Correct behavior can be

computed from the observation and receives a reward of 0.1. At the end, the agent

moves right or left depending on a signal (red or green) that defines the task and is

shown before the first room. Correct and incorrect behavior receives a reward of 4 and

-3, respectively. We allow the agent to adapt over two consecutive episodes, forming a

single meta-episode.

On MC-LS we compare RNN+HN to VI+HN alone, given a limited compute budget

and since VI+HN is a a competitive task-inference baseline, as seen in Chapter 4.

Additionally, we add an extra seed (four in total) and a linear learning rate decay due

to high variance in the environment. In Figure 5.8, we see that RNN+HN significantly
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outperforms VI+HN. While VI+HN learns to navigate through all rooms, it does

not reliably learn the correct long-term memory behavior. In contrast, RNN+HN is

able to adapt reliably within two episodes, and one seed even learns to adapt reliably

within a single episode. While further work is needed to learn the optimal policy,

these experiments demonstrate that RNN+HN outperforms VI+HN, even on more

challenging domains.

5.5 Discussion

Here we investigate why the recurrent hypernetworks have such robust performance

on meta-RL benchmarks. First, we observe that the state processing differs between

the RNN and RNN+HN baselines. In particular, RNN conditions on the current state

only through its dependence on ϕ, whereas hypernetworks pass in the state again to

the policy. Thus, we investigate whether the difference in inputs alone could be the

cause of the improvement in performance. To this end, we introduce a new ablation

to test the effect of just passing in the state again. Details are below. Second, we

inspect how sensitivity to latent variables encoding the trajectory affects performance.

5.5.1 State Conditioning

Hypernetworks condition on the current state both through ϕ, which contains infor-

mation about trajectory, including the current state, and by directly conditioning

(a) RNN+S

s

(b) RNN+HN

s

Figure 5.9: The RNN+S policy (a) and the RNN policy with a hypernetwork (b).
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(a) Grid (b) Grid Show (c) Grid Dense

Figure 5.10: RNN+HN matches or exceeds RNN+S and RNN, but RNN+S is also
strong on grid-worlds.

on the state. Since the hypernetwork conditions on state twice, we test to see the

effect of conditioning on the state twice without hypernetworks. We call this ablation

RNN+S, which we write as πθ(a|s, ϕ) (Figure 5.9). In an empirical evaluation, we

see that while RNN+S does perform favorably relative to RNN alone, RNN+HN

still outperforms RNN+S (Figures 5.10 and 5.11). In particular, RNN+HN achieves

similar returns to RNN+S on Ant-Dir and Cheetah-Vel, and outperforms RNN+S on

all other environments, in terms of asymptotic return and sample efficiency. Taken

together, we see that the advantage of RNN+HN comes both from the ability to

re-condition on state directly and from the hypernetwork architecture. These results

confirm that to achieve the strongest performance, re-conditioning on state directly is

not sufficient, and that the hypernetwork architecture itself is still critical.

5.5.2 Trajectory Conditioning

We also investigate how the hypernetworks condition on the trajectory. In particular,

we investigate the sensitivity of the output of the network to an intermediate latent

representation of the trajectory. For this purpose, we chose to measure the gradient

norm of the first hidden layer of the hypernetwork on the Walker environment. We

perform this investigation both with the initialization method designed for hypernet-

works that we used throughout our experiments, Bias-HyperInit, and with Kaiming

initialization [He et al., 2015], not designed for hypernetworks. We add Kaiming
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(a) Walker (b) Cheetah-Vel

(c) Cheetah-Dir (d) Ant-Dir

Figure 5.11: RNN+HN matches or exceeds RNN+S on MuJoCo tasks. RNN alone
is a weak baseline.

initialization, since Bias-HyperInit ignores trajectories at the start of training. First,

we confirm the finding that Bias-HyperInit is crucial for performance (Figure 5.12).

Second, we see the two models that performs worst, RNN and RNN+HN Kaiming,

also have the greatest norm. Moreover, we find that both RNN+HN and RNN+S start

with a low gradient norm and then further decrease this norm throughout training,

whereas the RNN model increases this norm. We hypothesize that a low norm, i.e.,

low sensitivity to the latent variable, is crucial for stable training and that the RNN

model increases this norm to remain sensitive to the state, since the state is only

encoded in the latent for this model.
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(a) Walker Return (b) Walker Latent Gradient Norm

Figure 5.12: Returns (a) and Gradient norms on Walker (b). The RNN method
must increase this norm to condition on state, whereas others do not. Lower gradient
norms seem important to performance.

5.6 Conclusion

Here, we consider limitations and then conclude the chapter. As an empirical study of

meta-RL, we cannot guarantee that recurrent hypernetworks will improve over every

baseline nor on every environment. However, we mitigate this issue by comparing

to many baselines and performing many ablations. In particular, we compare to a

contemporary task-inference method (VI+HN), design our own baseline which we show

to be stronger than others on all grid-worlds (TI++HN), and also include standard

methods (TI and TI Naive), in addition to further ablations in the appendix. In

as much as an empirical study can, we believe our study demonstrates a significant

improvement of the RNN+HN method over existing baselines.

In this chapter, we establish recurrent hypernetworks as a surprisingly strong method in

meta-RL. While much effort has gone into designing specialized task-inference methods

for meta-RL, we present the surprising result that the simpler recurrent methods can

be easily adapted to outperform the task-inference methods. By combining recurrent

methods with the hypernetwork architecture, we achieve a new strong baseline in meta-

RL that is both robust and easy to implement. In comparison to existing evidence, we

provide much stronger empirical results, afford equivalent computation for tuning to all
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baselines, and establish recurrent hypernetworks as a strong method. We additionally

show that passing the state variable to the policy is a crucial component of this method.

Finally, we presented gradient analysis suggesting lower latent gradient norms to play

an important role in the performance of meta-RL methods. Since the gradient analysis

is preliminary and investigates state and latent variables in isolation, future work

could investigate the interaction between these variables. Future work could also

analyze the interaction between hypernetworks and other sequence models, such as

transformers. We hope these insights, along with a simple and robust method, open

the way for the broader use of sample-efficient learning in meta-RL and beyond.
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6.1 Introduction

In Chapter 4 we saw that hypernetworks can be leveraged to drastically improve

returns in zero-shot meta-RL, and in Chapter 5 we saw that, when using hypernetworks,

end-to-end supervision is superior. In this chapter, we investigate inductive biases built

into the sequence model in meta-RL that summarizes data input to the hypernetwork.

Recall that in order to condition on data from new tasks, end-to-end methods can

use a generic sequence model, such as a recurrent neural network (RNN) [Duan et al.,

2016, Wang et al., 2016]. These methods are referred to as black-box methods, as

discussed in Chapter 2.

By contrast, task-inference methods, surveyed in Chapter 2, typically infer an explicit

posterior over tasks, given data collected from a new task. To do so, they generally use

distinct objectives and distinct sequence models, designed to enable inference of the

unknown task. In particular, it is common to use sequence models that are invariant

to the order of their inputs, which we refer to as permutation invariant aggregation.

Due to the Markov property, the true posterior over tasks does not depend on this

order.

While many task inference methods have been developed for meta-RL, recent work

has shown black-box methods to be more effective in practice [Ni et al., 2022], which

is corroborated in Chapter 5. However, these results focus primarily on demonstrating

the superiority of the end-to-end objective used in black-box methods over the task-

inference objective, and do not investigate the effect of the particular sequence model.

This leaves an open question: When using an end-to-end objective, is it still worth

using permutation invariant sequence models?

In this chapter, we answer in the affirmative. We show that permutation invariant

sequence models still confer an advantage in a number of domains, even when trained
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end-to-end. However, we also find, surprisingly, that there are domains where depen-

dence on the permutation remains useful. Specifically, we find sequence models with

a permutation variant component to be less sensitive to choices in the permutation

invariant component, and we find permutation variance useful when there exist per-

mutation variant suboptimal policies. We extensively investigate the conditions under

which each type of sequence model is useful, conduct analysis to support our conclu-

sions, and propose a simple sequence model, called Split Aggregator, or SplAgger,

adapted and simplified from the literature on partial observability [Beck et al., 2020].

SplAgger, depicted in Figure 6.1c, uses both permutation invariant and permutation

variant components to achieve the best of both worlds and high returns in all domains

evaluated.

6.2 Related Work

End-to-End Meta-RL The problem setting defined by meta-RL can be viewed

as a particular type of partially observable Markov decision process (POMDP) [Beck

et al., 2023a]. From the theory of POMDPs, we know that the optimal policy for

POMDPs, and thus meta-RL, can be represented as an arbitrary function of history

[Subramanian et al., 2022]. Inspired by this, one category of meta-RL methods, called

black-box methods, train general purpose sequence models end-to-end on the meta-RL

objective [Duan et al., 2016, Wang et al., 2016, Ni et al., 2022, Team et al., 2023, Beck

et al., 2023b]. Recently, it has been shown that these methods are a strong baseline in

meta-RL [Ni et al., 2022]. Moreover, if hypernetworks [Ha et al., 2017] are used, these

methods have superior performance to task inference methods, as seen in Chapter 5.

We build off of these results, using end-to-end trained hypernetworks, following the

methods developed in Chapters 4 and 5. However, in contrast to the prior chapters,

we provide strong evidence that specialized sequence models, still trained end-to-end,

can provide a strong advantage.
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Sequence Models in Meta-RL Task-inference methods explicitly attempt to infer

a posterior distribution over the identify of the task. Following directly from the

Markov property, it can be shown that this posterior does not depend on the order

of the data on which the agent conditions. While generic sequence models, such as

RNNs, may model permutation invariance, they must learn to do so. In order to

incorporate this inductive bias directly, methods generally modify the sequence model

to be permutation invariant [Rakelly et al., 2019, Galashov et al., 2019, Raileanu

et al., 2020, Wang and van Hoof, 2022, Imagawa et al., 2022]. One popular method,

called probabilistic embeddings for actor-critic RL, or PEARL [Rakelly et al., 2019],

incorporates permutation invariance into the probability density function of a stochastic

latent variable summarizing history. Specifically, the density function, modelled as a

product over individual transitions in the data, is permutation invariant. We compare

to this style of aggregation in our experiments. Another approach uses commutative

operators applied across the data [Imagawa et al., 2022, Wang and van Hoof, 2022,

Galashov et al., 2019]. Generally, these can be viewed as (conditional) Neural Processes

(CNP) [Garnelo et al., 2018b,a], and so we compare to this style of aggregation as

well. Yet another approach uses attention, self-attention, or transformers [Mishra

et al., 2018, Fortunato et al., 2019, Nguyen and Grover, 2022]. Attention is inherently

permutation invariant. Still, attention is computationally expensive: whereas both

commutative aggregation and recurrent networks use O(1) memory and compute per

timestep, attention generally requires O(t2) memory and compute per timestep t, for

autoregressive inference. While fast approximations of attention exist [Katharopoulos

et al., 2020], the computational requirements are significantly larger. Additionally, our

limited experimentation shows they have difficulty learning on our domains (see the

appendix for details). Thus, we limit our solutions to constant memory and compute,

in line with sequence models designed to quickly handle long contexts [Garnelo et al.,

2018b, Beck et al., 2020]. Finally, we compare to Aggregated Memory for RL, or
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AMRL [Beck et al., 2020]. While AMRL was originally proposed as a method for

POMDPs, it was evaluated in meta-RL problem settings. Our method proposes a

simplification to AMRL that is vital in practice. Details of AMRL are covered in

Section 6.4.

In-Context Learning The methods we investigate in this chapter can be seen

as performing in-context learning. Learning that occurs after training and within

the activations of a sequence model is called in-context learning [Brown et al., 2020].

Black box and task inference methods both perform in-context learning. In part due

to the popularity of large language models [Devlin et al., 2019, Brown et al., 2020,

Chowdhery et al., 2022], in-context learning has gained significant traction recently,

including in decision-making applications [Raparthy et al., 2023, Lee et al., 2024]

and reinforcement learning (RL) [Kirsch et al., 2022]. While other meta-RL methods

exist that do not use sequence models for in-context learning, such as parameterized

policy gradient methods, they generally require more samples to adapt to novel tasks,

including those used in our benchmarks [Zintgraf et al., 2021b, Beck et al., 2023a].

In-context learning promises to address the sample inefficiency still impeding progress

in reinforcement learning. Learning to perform in-context RL is the problem studied

in meta-RL.

6.3 Background

6.3.1 Notation

Recall that τ is a sequence forming a trajectory of states, actions, rewards, and next

states. Here, τ may span multiple episodes within a single MDP, since multiple

episodes of interaction may be necessary for learning. Collectively, we refer to these

episodes as a meta-episode, and use the same symbol, τ , to refer to it. We can see
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τ as a trajectory of transitions, τ0, τ1, ..., τt, where τt is shorthand for the transition,

(st, at, rt, st+1). We use this notation for transitions throughout this chapter.

6.3.2 Permutation Invariance

Task inference methods in meta-RL explicitly infer a posterior over tasks. In meta-RL,

the optimal policy can be computed from both the current state, st, and this posterior,

P (M|τ). Following Bayes’s rule and the Markov property, this posterior distribution,

for a trajectory of length T , can be written in a form that is independent of the order

of historical transitions.

Proposition 1 (Permutation Invariance of the Posterior) Let M denote a task

(MDP), drawn from a prior distribution P (M), and let τ be a trajectory, defined as

above, generated under a task M and policy π.

P (M|τ) (6.1)

=
P (τ |M)P (M)

P (τ)
// Bayes’s Rule (6.2)

∝ P (τ |M)P (M) (6.3)

= P (τ1, τ2, ..., τT |M)P (M) (6.4)

= P (M)
t=T∏
t=1

P (τt|τ1, τ2, ..., τt−1,M) (6.5)

= P (M)
t=T∏
t=1

P (τt|st,M) // Markov Property (6.6)

= P (M)
t=T∏
t=1

P (st, at, rt, st+1|st,M) (6.7)

= P (M)
t=T∏
t=1

P (at, rt, st+1|st,M) (6.8)

In this expression, the posterior, P (M|τ), does not depend on the order of the

transitions, τ1, .., τt. While it is possible to learn each factor, P (at, rt, st+1|st,M), as

a function of each individual transition, τt, this form is not particularly amenable to
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(a) Hypernetwork (b) AMRL (c) SplAgger

Figure 6.1: The hypernetwork from Chapter 5 is depicted in 6.1a, the AMRL model
from Beck et al. [2020] is depicted in 6.1b, and SplAgger is depicted in 6.1c. The
angled line indicates a split connection that divides the neurons in half. The red arrow
indicates a modified gradient computation in the backward pass. A hypernetwork is
indicated by h. SplAgger makes use of the hypernetwork architecture combined with
the AMRL sequence model. The hypernetwork architecture is necessary for performant
end-to-end training. Critically, SplAgger also removes the gradient modification from
AMRL which we show to be deleterious to performance.

inference, since it requires marginalizing over all MDPs at test time. Still, it is possible

to incorporate the permutation invariant structure into the sequence model directly.

Generally this is done through the use of a permutation invariant binary operator,
⊕

,

such as a mean or a sum [Garnelo et al., 2018b,a, Galashov et al., 2019, Imagawa et al.,

2022, Wang and van Hoof, 2022], applied over the sequence of inputs. For a given

sequence of encoded inputs, e1..., et, we write the resulting aggregated representation,

g(e1, ..., et):

g(e1, ..., et) = e1
⊕

e2
⊕

...
⊕

et. (6.9)

The benefit of using these operators, in addition to permutation invariance, is that the

sequence can be computed recursively, since g(e1, ..., et) = g(e1, ..., et−1)
⊕

et. This

means that the sequence at all points in time can be compressed into O(1) memory

and each new timestep can be computed in O(1) time. Still, as we will demonstrate

in practice, permutation invariance can be beneficial in some environments and

detrimental in others.
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6.3.3 AMRL

AMRL, depicted in Figure 6.1, is a method for POMDPs that combines both per-

mutation variant and permutation invariant components [Beck et al., 2020]. While

AMRL uses permutation invariant aggregators, the encoded inputs to the aggregators

themselves are a function of history:

et = RNNθ(τ1, ..., τt). (6.10)

Additionally, the neurons of each encoded input are split in half before aggregation,

into et,1/2 and et,2/2. The first half of the neurons are aggregated, while the second

half skip the aggregation. The complete sequence model is defined as

fθ(τ) = concatenate(et,1/2; gθ(e1,2/2, ..., et,2/2)). (6.11)

Here, the RNN is able to handle short permutation variant sequence, which can then

be integrated without respect to order by the permutation invariant aggregation over

longer periods of time. Since we split the neurons before aggregation, we call this

process split aggregation.

Additionally, AMRL modifies each Jacobian, dg
dei,2/2

∀i, when computing the chain rule

in the backward pass. Specifically, it overwrites the true Jacobian with the identity

matrix, I. This is called passing the gradient straight through, or an ST gradient

modification. Since the sum aggregator actually has I as the true Jacobian, this can be

seen as replacing the gradient with that of a sum. For the average and max aggregators,

the Jacobian is already similar to I. Specifically, the average has a Jacobian that is

I/t, and the max has an expected Jacobian that is I/t, under mild assumptions. Thus,

the modification can be seen as a rescaling of the gradient that does not diminish

with time. Beck et al. [2020] hypothesize that the ST modification has no negative

impacts while also preventing gradient decay.
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6.4 Methods: SplAgger

Here we present our model, Split Aggregator, or SplAgger. As motivation, we first

present a preview of our experimental results. In Figure 6.2, we experiment with the

permutation invariant model using a point-wise maximum aggregator, as suggested in

AMRL, and a permutation variant model, the RNN. Permutation variance improves

performance on the some domains (Figure 6.2a), but decreases performance on others

(Figure 6.2b). Moreover, when we add the ST gradient modification, performance

decreases severely. These result motivate the need for our model, SplAgger, which

achieves the highest returns in both domains.

SplAgger uses the same split aggregation as in AMRL, but without the ST gradient

modification. Simplifying AMRL by removing this gradient modification is key to

its performance. While the ST modification does prevent one type of gradient decay,

permutation invariant aggregators already address the relevant type of gradient decay.

Moreover, the ST aggregator causes both the explosion of other gradients and a

severe decrease in performance. We show that this is the case in Sections 6.5 and 6.6,

motivating the need for SplAgger. Additionally, SplAgger uses a different architecture

for the policy than in AMRL. Our previous results show that the hypernetwork

[Ha et al., 2017] architecture is critical in unlocking the performance of end-to-end

objectives and enabling black box methods to outperform task inference methods.

Thus, the main idea behind SplAgger is to add AMRL to hypernetworks trained

end-to-end but remove the ST gradient modification. SplAgger is the combination of

these components and is depicted in Figure 6.1c.

6.5 Experiments

In this section we evaluate SplAgger on several domains. First, we evaluate on two

standard meta-RL benchmarks in Section 6.5.1, to make sure that the aggregation

101



(a) MC-LS (b) Planning Game

Figure 6.2: A preview of later results. The permutation invariance of the max
aggregator improves returns relative the RNN on the MC-LS environment [Beck et al.,
2020], but decreases returns on the Planning Game [Ritter et al., 2021]. Additionally,
the ST gradient decreases the returns of the max aggregation. These results motivate
SplAgger, which achieves the highest returns. (Results are reported with a 68%
confidence interval, computed through bootstrapping with 1,000 iterations across three
seeds, consistent with all plots presented.)

method does not harm performance on environments without large demands on the

sequence models. Second, we evaluate on two prior meta-RL benchmarks designed

to test sequence models in mazes in Section 6.5.2. We additionally evaluate on three

environments design to systematically test different components of SplAgger in Section

6.5.3.

On the four primary benchmark environments, we compare to four baselines. Hy-

perparamter tuning is detailed in the appendix. Since prior results demonstrate the

need for hypernetworks when training end-to-end (Chapter 5), all baselines have been

evaluated using hypernetworks, with design choices detailed in the appendix. We

additionally present negative results on a novel initialization method in the appendix.

The baselines evaluated primarily differ in their choice of aggregation function, g, and

encoding of inputs, et. The baselines are described below.

RNN. The RNN baseline can be written f(τ) = et = RNN(τ1, ..., τt). Here there

is no aggregation function, g, and the baseline uses a standard gated recurrent unit

[Cho et al., 2014], as in Zintgraf et al. [2021b] and Beck et al. [2023b].
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CNP. The conditional neural process (CNP) consists of permutation invariant

aggregation without any additional components [Garnelo et al., 2018a]. Specifically,

f(τ) = g(e1, ..., et). Here, et is a linear encoding of τt. We use the mean operator for

g, as suggested by Garnelo et al. [2018a].

AMRL. AMRL [Beck et al., 2020] uses an RNN to encode et in addition to per-

mutation invariant aggregation, and is described in Section 6.3. For AMRL, we use

the pointwise maximum aggregator in our experiments, both to match the aggregator

used in SplAgger, and because that aggregator was found to be strongest by Beck

et al. [2020].

PEARL. The PEARL baseline uses the aggregation method from the PEARL

algorithm [Rakelly et al., 2019], which incorporates permutation invariance into the

probability density function of a stochastic latent variable summarizing history. The

density function is modelled as a product over individual transitions in the data. We

can write this as f(τ) = g(e1, ..., et) = z ∼ α
∏t=T

t=1 N (z;µt = et,1/2, σ
2
t = diag(et,2/2)),

where et is a linear encoding of τt and α is a normalizing constant. To compare

the effects of aggregation in isolation, our PEARL baseline only implements the

aggregation method used in PEARL, and leaves the rest of the algorithmic choices

the same as in SplAgger. Additional design choices and hyperparameters for PEARL

are presented in the appendix.

6.5.1 MuJoCo Benchmarks

The first two environments for benchmarking are variants of MuJoCo proposed by

Zintgraf et al. [2021b], and both involve legged locomotion. While these environments

have no great demands on memory, they are common meta-RL benchmarks [Humplik

et al., 2019, Rakelly et al., 2019, Zintgraf et al., 2021b, Beck et al., 2022, 2023b]
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Figure 6.3: Depictions of the Planning Game, T-LS, T-Maze Agreement, and T-Maze
Latent environments used in Sections 6.5.2 and 6.5.3.

(a) Cheetah-Dir (b) Walker

Figure 6.4: Results on MuJoCo benchmarks. SplAgger achieves the same or better
results on both domains. PEARL achieves significantly lower return on Cheetah-Dir.

that enable us to evaluate what effect SplAgger has on standard RL tasks. See the

appendix for details on the environments.

Results are shown in Figure 6.4. SplAgger achieves the greatest return, though the

improvement is modest. Training the PEARL baseline on this domain is unstable and

PEARL receives significantly lower returns. On Walker, we see similar performance

across all methods. Overall, SplAgger achieves similar or greater returns compared to

other baselines. This demonstrates that our method, designed to improve environments

with difficult demands on memory, also does not decrease performance on domains

with limited memory requirements.
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(a) T-LS (b) MC-LS

Figure 6.5: Results on memory benchmarks. SplAgger achieves the highest returns
on both domains, indicating the fastest learning. The standard RNN is not able to
learn on either domain within the allotted number of frames.

6.5.2 Memory Benchmarks

We additionally conduct tests on two environments, T-LS and MC-LS, proposed by

Beck et al. [2020]. Both of these environments were designed to test long-term memory,

and we use the latter in Chapter 5. The T-LS environment is depicted in Figure 6.3b.

The MC-LS environment is designed to challenge an agent’s long-term memory based

on visual cues from Minecraft. Environment details can be found in the appendix.

Results in Figure 6.5 show that SplAgger achieves the highest sample efficiency on

both environments. The RNN and PEARL are not able to learn the optimal policy

within the allotted number of frames. The reasons for the failure of the RNN are

discussed in Section 6.6, while potential reasons for the failure of PEARL are analyzed

in the appendix. While CNP is able to learn optimally, it requires significantly more

frames on T-LS. AMRL achieves similar performance. Both AMRL and CNP are

similar to our method, SplAgger. However, AMRL differs in its gradient estimation

and CNP differs in its use of mean aggregator, instead of max, and its lack of an

RNN. To fully understand the contribution of each, we systematically modify these

components in isolation, in the next section.
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6.5.3 Alternative Aggregation

In this section we introduce modifications of SplAgger, and three new environments

designed to test these modifications. Since the existing baselines differ in their choice of

aggregation function, g, encoding of inputs, et, and use of the ST gradient modification,

we systematically test these differences here. The most relevant additional baselines

are described below, with the rest detailed in the appendix.

SplAgger-noSplit. SplAgger-noSplit removes the split aggregation from SplAgger,

but still uses max aggregation and an RNN to encode et. Comparing to this method

allows us to validate the use of the split aggregation in SplAgger.

SplAgger-noRNN. SplAgger-noRNN removes the RNN from SplAgger in order

to test the effects of removing permutation variant components. Since this obviates

the need for the split connection, that component is removed as well. Without these

components, this method is equivalent to just computing a maximum over linear

encodings of each transition, τt.

AMRL-noRNN. AMRL-noRNN removes the RNN and split connection from

AMRL. Without these components, this method is equivalent computing a maximum

over linear encodings of each transition, τt, along with the ST gradient modification.

SplAgger-avg. SplAgger-avg replaces the max operator in SplAgger with an average,

in order to test the effects of alternative permutation invariant operators. SplAgger

with other operators (avgmax, softmax, wsoftmax) that interpolate between the

average and max are evaluated as well, with details in the appendix.

Planning Game. First, we evaluate on the Planning Game Ritter et al. [2021], in

order to evaluate the need for permutation variant components and how to combine
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them with permutation invariant components. This environment tests an agents

ability to discover and remember multiple pieces of information required for subsequent

navigation. The Planning Game is useful for evaluation here due to the existence of

both a permutation invariant optimal policy and permutation invariant suboptimal

policy. The environment is depicted in Figure 6.3a and detailed in the appendix.

On this domain, we evaluate methods that modify how the RNN is combined with the

permutation invariant aggregation. Results in Figure 6.6a show that SplAgger and

RNN learn the fastest in this domain. Both AMRL and SplAgger without the split

connection learn a suboptimal policy. This demonstrates the detrimental effects of the

AMRL gradient modification and the benefit of the split aggregation, which motivates

SplAgger. We also see that AMRL without an RNN fails to learn any reasonable

policy, achieving near zero reward. Since the only difference between this and SplAgger

without an RNN is the use of the ST gradient modification, this shows strong evidence

of the detrimental effects of the gradient modification in AMRL. We analyze the causes

in Section 6.6. While both SplAgger with an RNN and SplAgger without an RNN

outperform the sub-optimal exploration policy eventually, and achieve similar returns

ultimately, SplAgger with an RNN learns faster initially. We discuss this further in

Section 6.6.

T-Maze Agreement. Second, we evaluate on T-Maze Agreement in order to

investigate the specific permutation invariant operator,
⊕

. In this environment, the

agent receives two binary signals: one at the beginning of the maze and one in the

middle. The agent must open a door depending on whether the signals agree or

disagree. This environment is depicted in Figure 6.3c. While the max aggregation can

easily identify the support of the state distribution in the data [Beck et al., 2020], and

thus easily identify which signals have been seen in each state, the average aggregation

must learn to adjust the representation of all states to interpret the average. Thus, we
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(a) Planning Game (b) T-Maze Agreement (c) T-Maze Latent

Figure 6.6: SplAgger achieves returns that are equal to or higher than other
methods. The Planning Game shows the importance of incorporating RNNs, either
in isolation or with split aggregation, and the failure of gradient modification as in
AMRL. Combining the RNN and permutation invariant aggregation, without the split
connection (SplAgger-noSplit), decreases performance of each. The T-Maze Agreement
domain shows the max operator to be beneficial, enabling performance even greater
than the RNN when used with SplAgger. The T-Maze Latent environment shows
that SplAgger is able to make the max aggregator performant, even in environments
where the computing the average alone is superior. Note that each legend shows the
additional methods introduced for that experiment, while the legend at the top shows
methods from prior experiments.

hypothesize that this environment is easier for max aggregation and harder for mean

aggregation.

On this domain, we evaluate methods that modify the specific permutation invariant

operators. Results in Figure 6.6b show that SplAgger achieves the highest returns,

demonstrating the superiority of max aggregation in this environment. While the

RNN and average variant of SplAgger are able to learn, they require more frames, as

expected. The avgmax, softmax, and wsoftmax all learn almost as quickly as SplAgger.

Thus, we see that SplAgger is fairly robust to the choice of operator in this domain,

as long as it computes some information about the maximum.

T-Maze Latent. Finally, we evaluate on T-Maze Latent, which also modifies the

T-Maze environment in order to investigate the specific permutation invariant operator.

In this environment, the agent receives an indicator at every timestep. This indicator

is either drawn from {0, 1} with a 50% chance of 1 or a 70% chance of 1, depending on
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the task. This environment is depicted in Figure 6.3d. The average aggregator should

quickly reveal the latent variable, as the variance of the mean decreases, whereas the

max aggregator should have a more difficult time counting the occurrence of indicators

in different states. Thus, we hypothesize that this environment should be harder for

max aggregation methods and easier for average aggregation.

On this domain, as on T-Maze Agreement, we evaluate methods that modify the

specific permutation invariant operators. Results in Figure 6.6c show that, surprisingly,

all operators used with SplAgger learn at approximately the same rate. We hypothesize

that here, SplAgger is able to fall back upon leveraging the RNN. Since the environment

was designed to be more difficult for the max operator, we predict that there may be a

difference between the operators when the RNN and skip connection of SplAgger are

not used. To test this hypothesis, we conduct two additional experiments. We test both

SplAgger without an RNN, but still with the default max operator (SplAgger-noRNN),

and SplAgger without an RNN but with the average operator (SplAgger-noRNN-avg).

Since the removal of the RNN obviates the need for the split aggregation, the split

aggregation is removed as well. We see that, as predicted, the method with the average

operator performs better than the method with the max operator, when the RNN and

split connection are removed. This demonstrates that the combination of the RNN

and split aggregation make SplAgger remarkably robust to different environments,

and justifies both our aggregation method and the max operator.

6.6 Analysis

In this section we analyze different sequential models to gain insights into their

performance. We investigate why RNNs remain useful in some cases, even when

permutation invariance should be sufficient, and why AMRL performs poorly in our

experiments. Specifically, we find permutation variance to be useful when there exist

permutation variant suboptimal policies that form a useful stepping stone for learning
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optimal policies later. Additionally, we find that both AMRL and SplAgger prevent

certain types of gradient decay, but AMRL also causes other gradients to explode.

6.6.1 Learning Suboptimal Policies

While sensitivity to permutation is not required to learn optimal policies in meta-RL,

we find that the RNN surprisingly improves sample efficiency on the Planning Game.

As discussed in Section 6.5, the Planning Game has a permutation variant suboptimal

policy. This policy re-explores all states after every goal is reached. To do this, the

agent must remember where it is in a sequence of exploratory actions, and then restart

the sequence when a new goal is found. We examine rollouts to confirm that SplAgger

first learns this suboptimal policy. While SplAgger without an RNN can surpass

the suboptimal policy eventually, it also achieves achieves lower returns throughout

training compared to an RNN, since the RNN learns the suboptimal policy faster.

Thus, RNNs can achieve higher returns sooner, when there is a permutation variant

suboptimal policy that can act as a stepping stone for learning the optimal policy. We

hypothesize that the reason SplAgger without an RNN cannot learn the suboptimal

policy is that the max aggregation can record that a goal has been reached, but cannot

identify when that goal was reached, or that it was just reached.

To confirm this, we perform an additional experiment, in which the agent receives

no observation of the state, creating partial observability. All it observes is whether

it is currently at the goal state. Hence, there is no way for it to distinguish which

MDP it is in, and the problem can no longer be modelled as a distribution of MDPs.

In this case, the observations are not Markov and permutation invariant aggregation

no longer suffices for decision making. Still, the optimal policy in this environment

requires the same strategy as the suboptimal policy in the Planning Game: explore

every state until the goal is reached. When the agent reaches a goal, the goal location

is reset, and the agent must restart exploration. Figure 6.7 shows that the RNN is able
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Figure 6.7: Here we show results on a modified Planning Game. If no observation is
given to the agent, an RNN is required to learn the proper exploration strategy. This
is the same exploration as required by the easier sub-optimal policy in the original
Planning Game.

to learn this policy, while SplAgger without an RNN is not. This shows how, even in

a distribution of MDPs, where the Markov property holds in each MDP, permutation

variance can improve sample efficiency, due to the presence of non-Markov policies

that are suboptimal but faster to learn.

6.6.2 Gradient Decay

Finally, we investigate the gradients of our sequence models to explain why, in

some domains, SplAgger works, while AMRL [Beck et al., 2020] does not. AMRL

demonstrates the benefit of its gradient modification by measuring the average gradient

of the memory with respect to the encoding of the initial transition, || dft
dτ0

||2. AMRL

shows that this quantity decays over time for normal sequence models, but not for

AMRL, due to the gradient modification. AMRL methods overwrite this gradient to

set it equal to the identity.1 We depict these gradients at initialization in Figure 6.8a,

evaluating over three model initializations.

While AMRL prevents gradient decay, it also causes gradient explosion, with respect
1Beck et al. [2020] also note that the signal-to-noise ratio can also affect performance. However

we can only recreate this result by setting the bias in all models to zero, and find it less predictive
than the gradients regardless.
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to the model parameters, ||dft
dθ
||2. Since the number of inputs grows over time, and the

norm of the gradients for each input does not shrink, the gradients with respect to

the parameters grows. We depict this phenomenon in Figure 6.8b. For an input, we

sample noise uniformly over [−1, 1], and replicate this sample for every dimension in

the input to the sequence model.

From these two gradients, it is not clear why SplAgger performs better than an

RNN, so we propose two alternative metrics for evaluation. In Figure 6.8c, we plot

the gradient of the inputs, over time (t), holding the output time (T) fixed: ||dfT
dτt

||2.

This value is roughly constant for all models, except for the RNN. For an RNN, it

grows as t approaches T , implying that, for a fixed output, the inputs become less

sensitive backward in time. In other words, by privileging recent transitions, the

gradients are not permutation invariant. The gradients are not equal for all inputs, for

a given output. In addition to this metric, we can measure the permutation variance

directly. In Figure 6.8d, we compute the mean difference between encodings of different

permutations of inputs at initialization. We also normalize the encodings, to have unit

magnitude first. We see that the RNN is the most permutation variant, and sequence

models without any RNN, such as SplAgger without an RNN, are the least. Critically,

models like SplAgger that perform best are not the most or least permutation variant,

but rather have some components of each.

6.7 Conclusion

To conclude, we first consider some limitations of this chapter and then summarize our

key findings. While our proposed method, SplAgger, improves the performance in all

domains evaluated, we cannot guarantee improvement in all environments. In contrast

to our work in Chapter 5, which moved our methods away from the meta-RL specific

objectives and in the direction of more general methodology, the work in this chapter

proposes a sequence model with a highly specific structure. To mitigate this limitation,
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(a) Gradient w.r.t. Initial Transition (b) Gradient w.r.t. Parameters

(c) Final Gradient w.r.t. All Transitions (d) Encoding Permutation Difference

Figure 6.8: An empirical analysis of gradients in SplAgger, AMRL, and RNNs. In
6.8a we see that the gradient of the output of the sequence model with respect to the
initial input decreases over time. AMRL modifies the gradients to prevent this, but
at the cost of exploding gradients with respect to the parameters, depicted in 6.8b.
We find that poor performance of the RNN is rather due to earlier inputs having a
smaller gradient, when considering the final output of the sequence model. depicted in
6.8c. Finally, models that are the least permutation variant do not necessarily perform
better; the highest performing model, SplAgger, has an intermediate difference, but
has components that are both permutation variant and permutation invariant. This
is shown in 6.8d.

we evaluate in standard control domains, more complex memory domains, and custom

domains designed to test the specific structure to ensure robustness to architectural

choices. Indeed, we find that precisely by combining permutation variant and invariant

components, we are able to achieve dominant performance. That said, even if the

specific sequence model proposed, in the form of SplAgger, is surpassed in the future,

we believe two key contributions in this chapter remain: We show previously accepted

gradient approximations to be detrimental in practice, and we show that, despite
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permutation invariance being sufficient in theory for the optimal policy, permutation

variance is useful for suboptimal policies on the path to the optimal policy. For the

latter reason, whether or not in the specific form of SplAgger, we have demonstrated

that any solution to the meta-RL problem can benefit from permutation variant and

invariant components. We hope and believe that this insight will pave the way for

future improvements in the sequence modeling for meta-reinforcement learning.

In this chapter we have shown how permutation invariance can be critical when

learning to reinforcement learn. We have, for the first time, confirmed this advantage

even without the use of task inference objectives. Surprisingly, we also demonstrate

that permutation variance can still be useful, both to learn sub-optimal non-Markovian

policies early on, and to make the sequence model more robust to the choice of specific

aggregation function. Using these insights, we presented SplAgger, making use of split

aggregation to achieve the best of both methods. Moreover, we have shown that in

several domains, popular existing methods fail, and discussed reasons for the failure

of each. We analyzed how the gradient modification in AMRL causes gradients with

respect to the parameters to explode, and measured different types of gradient decay

and permutation variance in RNNs. We hope that these insights, in addition to our

methodological contributions, pave the way for representations in future meta-RL

agents.
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7.1 Introduction

In the previous chapters we have seen methods improving the representations of meta-

RL algorithms. In this chapter, we apply meta-learning to zero-shot and few-shot

protein fitness prediction, across a broad distribution of both proteins and associated

properties, in order to examine how meta-learning methods function in practice. The

application to protein design was required by the constraints of a research internship,

which provided the necessary collaboration and computation. The problem is highly

suitable as an application due to the existence of a recognized public benchmark,

the ability to train without simulation and the associated simulation-to-reality gap,

the lack of existing meta-learning solutions, and the significant implications for the

physical sciences of any advancements. However, notably, this chapter departs from

the previous chapters in that it examines meta-supervised learning, as opposed to

meta-reinforcement learning. This shift itself is a practical limitation imposed by

the application. While RL has been applied as a framework for protein design

[Angermueller et al., 2020], doing so required on the order of hundreds or thousands of

samples, rather than the limited data (0-shot, 16-shot, and 128-shot) setting considered

here. While meta-RL could be used to address this sample inefficiency in principle, it

is not practically applicable in our setting. Since each task in our task distribution

can be uniquely identified from any data, the optimal design for each protein can be

inferred immediately. With only (up to) 121 tasks, a policy could easily memorize the

solutions rather than learn to explore the design space of a protein. Thus, this chapter

focuses on a sub-problem of protein design, known as protein fitness prediction.

The accurate prediction of the functional and biophysical properties of proteins, such

as stability or binding affinity, is a critical challenge in the physical sciences with

far-reaching implications for drug discovery, medical research and agriculture. Protein

design seeks to optimize one, or a collection of these properties, referred to as fitness.
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While protein fitness can be measured in vitro, the process is laborious and time-

consuming. Consequently, machine learning models have emerged as a powerful tool

to predict fitness directly from amino acid sequences in silico. However, due to the

complex, high-dimensional relationship between protein sequences and fitness, and

the limited availability of high-quality data, accurate fitness prediction is a challenge.

Proteins can be encoded as sequences of characters representing amino acids, making

protein language models (PLMs) effective for modeling them [Madani et al., 2020,

Rives et al., 2021, Rao et al., 2021, Lin et al., 2022, Notin et al., 2023, Truong Jr

and Bepler, 2024]. By predicting masked amino acids, or subsequent amino acids,

over known proteins at scale, PLMs can capture much of the structure and resultant

properties deriving from the amino acid sequence. While PLMs are not directly trained

to predict fitness, they are trained to model the likelihood of naturally occurring

proteins, which has been found to correlate strongly with their fitness [Truong Jr

and Bepler, 2024]. In practice, large PLMs are fine-tuned on downstream protein

fitness data for regression. While highly effective, PLMs provide limited utility given

severely limited data, or no data. With limited data, learning the correct regression is

difficult, even with informative pre-trained representations. With no data, it must be

assumed that protein fitness is solely a function of protein likelihood [Truong Jr and

Bepler, 2024, Hawkins-Hooker et al., 2024], and for masked language models, it is also

assumed that each amino acid contributes independently to fitness [Meier et al., 2021,

Notin et al., 2024].

While limited or no data may be available for specific protein fitness prediction tasks,

there are often other tasks that can serve as a valuable source of guidance. For

example, rather than assuming that fitness is solely a function of protein likelihood,

when no data is available for a given task, we can use data from other tasks to learn

the relationship between PLM embeddings and fitness. Due to advances in high-
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Figure 7.1: An overview of meta-learning for protein fitness prediction.
PLMs are trained over massive quantities of unlabeled data. Using meta-learning, we
also train over a smaller quantity of labelled fitness data. Using this extra data is
critical given limited data for fine-tuning at test time.

throughput assays, such as deep mutational scanning [Fowler and Fields, 2014], data

from other tasks is available to learn this relationship. One example is ProteinGym

[Notin et al., 2024], which compiles over one hundred distinct fitness prediction tasks.

Training over such a distribution of related tasks, to reason about new tasks, is a type

of meta-learning [Huisman et al., 2021, Hospedales et al., 2021, Beck et al., 2023a].

To address the challenge of limited data in protein fitness prediction, we propose

Metalic, integrating in-context meta-learning, protein language models, and fine-tuning.

Metalic builds on top of PLM embeddings and fine-tuning methods, but additionally,

unlike baseline methods, adds a meta-learning phase over other protein prediction

tasks. While some PLMs use in-context data [Rao et al., 2021, Notin et al., 2022, 2023,

Truong Jr and Bepler, 2024], these methods do not meta-learn how to use their limited

context for protein fitness prediction. The meta-learning phase is depicted in Figure 7.1,

and is critical to learning the relationship between PLM embeddings and fitness, given

the limited fitness data available in each task at test time. While some meta-learning

methods combine in-context learning and fine-tuning [Rusu et al., 2018, Vuorio et al.,

2019], they do so by using computationally expensive higher-order gradients to account

119



for fine-tuning during meta-learning. Crucially, Metalic leverages in-context meta-

learning, and then subsequent fine-tuning, without accounting for fine-tuning during

meta-learning. This novel combination is particularly computationally efficient, and

enables Metalic to outperform more complicated methods for meta-learning.

We present Metalic, an in-context meta-learning approach to tackle the problem of

protein fitness prediction in low-data settings, and make the following contributions:

• We introduce a method that efficiently combines in-context meta-learning with

PLMs and fine-tuning for protein fitness prediction.

• We advance state-of-the-art (SOTA) for zero-shot protein fitness prediction on the

ProteinGym benchmark [Notin et al., 2024].

• We attain strong performance for few-shot fitness prediction with 18 times fewer

parameters.

• We ablate each component of our method to demonstrate the contributions of each

part and underscore their necessity.

• We empirically validate the superiority of our method to alternative forms of

meta-learning.

7.2 Related Work

Meta-Supervised Learning Meta-learning aims to create a sample-efficient learn-

ing algorithm by training over a distribution of tasks. The goal is to learn algorithms

such that they can rapidly adapt to new tasks during inference. In the supervised

setting, each task is defined by a dataset, rather than by an MDP. This inference-time

adaptation is often called the inner loop, for which there are two primary forms found

in the literature: gradient-based meta-learning [Finn et al., 2017, Zintgraf et al., 2019]
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and in-context (or black-box) meta-learning [Mishra et al., 2017, Nguyen and Grover,

2022].

Gradient-based and in-context algorithms differ both in their computational efficiency

and capacity for out-of-distribution generalization. Gradient-based approaches explic-

itly adapt model parameters within in the inner loop using standard gradient-based

learning. Commonly, a parameter initialization is learned that can be adapted to new

tasks with only a few gradient steps [Finn et al., 2017, Zintgraf et al., 2019, Vuorio

et al., 2019]. However, this comes with considerable computational overhead – due

to meta-gradients when differentiating the inner loop – which makes gradient-based

meta-learning less suitable for large models. Alternatively, in-context meta-learning

adapts by conditioning a sequence model on a task-specific dataset in context. These

methods condition on the data points over which gradient-based approaches would

train [Santoro et al., 2016, Mishra et al., 2017, Beck et al., 2024a, 2023b]. Such methods

are typically more sample- and compute-efficient than gradient-based methods, but

perform worse on out-of-distribution tasks given the lack of explicit gradient-based

learning in the inner loop [Beck et al., 2023a]. Rather than training for in-context

learning, the in-context learning of pre-trained large language models can also be used

to perform meta-learning [Coda-Forno et al., 2023]; however, this lacks generalization

guarantees and requires fitting all tasks in context simultaneously, which is not possible

for the size of our data (Section 7.4.1).

In Metalic, we only train for in-context meta-learning, but find this is still compatible

with task-specific fine-tuning. In the meta-reinforcement learning setting, this combi-

nation has been shown to be possible by increasing task-specific data for fine-tuning

[Xiong et al., 2021]. In contrast, we evaluate in the supervised setting and do not

give increased data at inference time. While prior work has combined gradient-based

and in-context meta-learning [Rusu et al., 2018, Vuorio et al., 2019], these works
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compute expensive meta-gradients to learn how to account for fine-tuning. Despite not

explicitly meta-learning gradient-based adaptation, we find in-context meta-learning

alone provides a strong foundation for subsequent fine-tuning and that both aspects

are critical for high performance.

Likelihood-Based Fitness Prediction with PLMs Leveraging pre-trained PLMs

is standard practice in protein fitness prediction [Rives et al., 2021, Notin et al., 2023,

Rao et al., 2021, Truong Jr and Bepler, 2024]. In the few-shot setting, PLMs intended

for sequence generation are repurposed by fine-tuning for protein fitness prediction

[Rives et al., 2021]. In the zero-shot setting, it is assumed that the fitness correlates

with the likelihood of the proteins associated sequence of amino acids, as predicted

by a PLM [Meier et al., 2021, Truong Jr and Bepler, 2024]. Furthermore, if using a

masked PLM, it is often assumed that each amino acid contributes independently to

the fitness [Meier et al., 2021]. In this work, we likewise leverage PLMs for protein

fitness prediction. However, in contrast, we make use of additional data in the form

of additional fitness prediction tasks on other proteins. Specifically, we meta-learn

how to use a PLM for protein fitness prediction, rather than relying on assumptions.

Only after meta-learning, do we fine-tune our model, as depicted in Figure 7.1. Meta-

learning across tasks lets us avoid restrictive model constraints and achieve SOTA

performance. We will show that in-context meta-learning is necessary to achieve

strong results in low-data settings.

In-Context PLMs We build upon existing PLMs that make use of in-context data

for protein fitness prediction [Notin et al., 2022, Truong Jr and Bepler, 2024, Notin

et al., 2023, Rao et al., 2021]. However, these methods do not meta-learn how to make

use of their context. These methods either learn to use the context only for protein

language modelling, and then assume that the likelihood from the generative model

correlates with fitness [Truong Jr and Bepler, 2024, Notin et al., 2022, Rao et al.,
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Figure 7.2: An overview of Metalic. Meta-training our model over many protein
prediction tasks enables in-context learning (a). Fine-tuning the in-context learning
on the support set requires sub-sampling smaller support and query sets, and enables
generalization at test time (b).

2021], or they use the context for protein fitness prediction, but not by meta-learning

over protein tasks [Notin et al., 2023]. Of these ProteinNPT [Notin et al., 2023] is the

most related to our method, since we use the same attention architecture to condition

on fitness information about related proteins in-context, and it uses gradient steps to

fine-tune to the target task. In comparison, our method meta-learns over many tasks

how to make use of the fitness information, which we find to be critical (Section 7.4).

Additionally, our method is the first to use the aforementioned procedure to allow

fine-tuning and in-context conditioning on the very same context at inference time.

7.3 Methods

7.3.1 Problem Setting

We consider a fitness prediction task, T , to be defined by a dataset of the form

DT = {(xi, yi≡fT (xi))}Ni=1, where xi is a sequence of amino acids, and yi ∈ R is the

associated scalar fitness value assigned by the (unknown) underlying fitness function
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fT . In the few-shot setting, the task-specific data is typically split into non-overlapping

support and query sets: D(S)
T = {(x(S)

i , y
(S)
i )}N(S)

i=1 and D(Q)
T = {(x(Q)

i , y
(Q)
i )}N(Q)

i=1 such

that D(S)
T ∩ D(Q)

T = ∅, with support and query set sizes, N (S) and N (Q), respectively.

The support set provides data for task-specific adaptation, and the query set provides

data for evaluating the adapted performance. The size of the support set is called the

shot. Note, even with an empty support set (zero-shot), the model can still adapt to

the task using information from the query set, i.e., related sequences without fitness

scores.

Meta-learning for protein fitness prediction requires not just a single task, but multiple

tasks, D = D1, . . .DT over which to learn. The full dataset of tasks, D, can be seen

as defining a distribution of tasks which can be split into training and test tasks in

the usual way. Concretely, for meta-learning in-context, the goal is to learn a function

with parameters θ conditioned on the full support set and unlabelled inputs from

query set, fθ({x(Q)
i }N(Q)

i=1 ,D(S)
T ). In our case, rather than directly predicting fitness

values, we instead follow prior works that use a preference-based objective to rank the

query set in order of fitness [Krause et al., 2022, Brookes et al., 2023, Hawkins-Hooker

et al., 2024].

7.3.2 Metalic

Architecture Our work leverages the ProteinNPT architecture proposed by [Notin

et al., 2023] as an in-context PLM for fitness prediction. Here we briefly summarize

the key elements, but defer the reader to the appendix and the original paper for full

details. The architecture, along with the data we use for meta-leaning, are illustrated

in Figure 7.2a. A detailed illustration is give in the appendix.

Protein sequences in both the support and query set are converted to per-residue

embeddings using a pre-trained PLM; in our case we take the third layer of ESM2-

8M [Lin et al., 2022]. Fitness scores in the support set are projected to match the
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dimensionality of the residue embeddings using a linear layer, while the query set fitness

embeddings share a single learned embedding. The protein sequence embeddings and

fitness embeddings are then concatenated along the sequence dimension. Optionally,

zero-shot fitness predictions from an auxiliary PLM can be embedded and concatenated

in the same way, which we explore in Section 7.4.3. This tensor is then processed

via axial attention blocks [Ho et al., 2019], each of which applies self-attention

separately along and across the sequences. Axial attention reduces the computational

complexity of self-attention from O(K2L2) to O(K2 +L2), where K is the shot and L

is the length of a protein. Finally, a multi-layer perceptron conditions on the fitness

embedding and mean-pooled sequence embedding to predict each query value, i.e.,

{v(Q)
i }N(Q)

i=1 = fθ({x(Q)
i }N(Q)

i=1 ,D(S)
T ), which is then used to rank the proteins by fitness.

Meta-Training Following prior works that use a preference-based objective [Krause

et al., 2022, Brookes et al., 2023, Hawkins-Hooker et al., 2024], we reframe the relative

score prediction of two sequences as binary classification, predicting whether sequence

x
(Q)
i has a higher fitness than x

(Q)
j :

p
(
y
(Q)
i > y

(Q)
j

)
= σ

(
v
(Q)
i − v

(Q)
j

)
, (7.1)

where σ is a sigmoid function and the dependency of the query values on θ has

been dropped for brevity. This classifier is optimized with respect to every pairwise

comparison between sequences in the query set corresponding to the loss function:

L(θ,D(Q)
T ,D(S)

T ) = −
N(Q)∑
i=1

N(Q)∑
j=1
j ̸=i

I
(
y
(Q)
i > y

(Q)
j

)
log σ

(
v
(Q)
i − v

(Q)
j

)
, (7.2)

where I is an indicator function. Intuitively, this is optimising N (Q) × (N (Q) − 1)

binary classification problems. Note that we only compute the loss over the query set

to avoid encouraging memorization of the support set. Adapting this to meta-learning

(Figure 7.2a), the objective becomes to find the parameterization that minimizes the

125



loss across the task distribution,

J (θ,D) = −ET ∼p(T )E(D(S)
T ,D(Q)

T )∼p(D(S)
T ,D(Q)

T |DT )
L(θ,D(Q)

T ,D(S)
T ), (7.3)

where p(T ) is a uniform distribution over tasks, and (D(S)
T ,D(Q)

T ) are sampled uniformly

and without replacement as disjoint subsets of DT .

Fine-Tuning Metalic uses fine-tuning, during inference, in order to enable general-

ization, without having to account for fine-tuning during meta-training. This process

is depicted in Figure 7.2b.

The combination of in-context learning and fine-tuning creates a unique problem.

Since fine-tuning occurs at inference time, labels for the query set, {y(Q)
i }N(Q)

i=1 , are

not available for training. While labels for the support set, {y(S)i }N(S)

i=1 , are available,

propagating gradients from the support set would encourage memorization of the

support set, since the labels are also passed as input in-context. While prior methods

that combine in-context and gradient-based meta-learning [Rusu et al., 2018, Vuorio

et al., 2019] would encounter this issue, this problem is exacerbated for Metalic.

Whereas prior methods compress inputs to a representation with a constant number

of dimensions, Metalic uses self-attention, which scales with the number of inputs,

allowing them to be stored without compression. Moreover, whereas prior methods

use meta-gradients that could adjust the gradient update procedure so as to be useful

for generalization and not memorization, Metalic does not take into account the

fine-tuning process during meta-training.

We address the issue of memorization by sub-sampling from the support set. The

fine-tuning procedure is the same as during meta-training, with the exception that the

support set is sub-sampled. In order to compute updates on a single support set, the

support set is sub-sampled into multiple smaller support and query sets, D(S′)
T ⊆ D(S)

T

and D(Q′)
T ⊆ D(S)

T . Concretely, this corresponds to fine-tuning on unseen data using
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the objective:

J (θ,D(S)
T ) = −E

(D(S′)
T ,D(Q′)

T )∼p(D(S′)
T ,D(Q′)

T |D(S)
T )

L(θ,D(Q′)
T ,D(S′)

T ), (7.4)

where (D(S′)
T ,D(Q′)

T ) are sampled uniformly and without replacement as disjoint subsets

of D(S)
T . After fine-tuning, Metalic conditions on the complete support set, allowing

no data to go to waste.

Using Metalic’s unique combination of in-context meta-learning followed by fine-

tuning, we enable the generalization of extensive fine-tuning, while also precluding

expensive computation. If a typical gradient-based meta-learning method requires

O(m) meta-gradients and O(mn) regular gradients for meta-training, Metalic requires

no meta-gradients and O(m) regular gradients, constituting a linear reduction with

superior performance to efficient alternatives, as demonstrated in Section 7.4.6.

7.4 Experiments

In this section, we evaluate Metalic on fitness prediction tasks from the ProteinGym

benchmark [Notin et al., 2024]. We evaluate in the zero-shot setting with no support

data, and the few-shot setting with limited support data. To establish SOTA results

in the zero-shot setting, we first compare to the predictions provided by ProteinGym

for the baseline models. To establish strong performance in the few-shot setting, since

predictions are not provided, we train baselines from Hawkins-Hooker et al. [2024].

While Metalic does not achieve SOTA results in evaluations on proteins that have

multiple mutations (multi-mutant proteins), we demonstrate that the performance

grows as we add more meta-training tasks, providing a path forward for Metalic in

the multi-mutant setting in the future. We perform ablations of Metalic, to show the

benefits of meta-learning, in-context learning, and fine-tuning. Finally, we compare to

the gradient-based method, Reptile [Nichol et al., 2018], to show that taking account

of gradients during training is an unnecessary computational burden.
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7.4.1 Experimental Setup

In our experiments, we focus on ProteinGym deep mutational scans. Each task in

ProteinGym each measures one property on a set of proteins that all differ by one

amino acid, or multiple amino acids, from a reference wild-type protein. We have

121 single-mutant tasks and 68 multi-mutant tasks from ProteinGym. From these,

we evaluate over eight held-out single-mutant tasks, and five held-out multi-mutant

tasks, following Notin et al. [2023], Hawkins-Hooker et al. [2024]. This leaves 113

single-mutant and 68 multi-mutant tasks for training when evaluating single mutants

(Sections 7.4.2 and 7.4.3), and 121 single-mutant and 63 multi-mutant tasks for training

when evaluating multiple mutants (Section 7.4.4). All fitness values are standardized

by subtracting the mean and dividing by the standard deviation by task. Note that

there are additional tasks in ProteinGym we do not consider. Specifically, we do

not consider multi-mutant tasks that have overlapping proteins with single-mutant

tasks, to make evaluation more difficult. We also ignore additional tasks in which the

maximum protein length is > 750, to fit the backward pass on an Nvidia A100-80Gb

device.

We use a query set size of N (Q) = 100, and the size of the support set is determined

by our evaluation setting and is one of three sizes: N (S) = 0, 16, or 128. We also

use an additional set of 128 points just for early stopping of the fine-tuning process,

for all models, following the implementation of Hawkins-Hooker et al. [2024]. We

then evaluate remaining points in the task, with a maximum of 2,000 points total, by

dividing the data into multiple query sets. If the model can fit a larger query size, as in

non-meta-learning baselines, then we pass the remaining data as a single query set. If

the data is not divisible by the query set size, it is left out from evaluation. However, we

sample the support data over three independent samples, avoiding systemic exclusion.

All evaluation uses the Spearman rank correlation, in line with prior work [Notin et al.,
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2023, Truong Jr and Bepler, 2024, Hawkins-Hooker et al., 2024]. We compute the

Spearman correlation per task, and then average over tasks. For all evaluations of our

models, we compare over three seeds for training and report the mean and standard

deviation. Each context, consisting of a support and query set, consists of ≤ 171,000

tokens. We meta-train for 50,000 updates and fine-tune for 100. Fine-tuning uses the

same procedure, including an Adam optimizer and cosine learning rate scheduler, but

fine-tuning skips the learning rate warm-up, so the scheduling has little effect. Using

a single Nvidia A100-80Gb, training our model takes roughly 2 to 8 days per seed,

depending on support size and frequency of fine-tuned evaluation.

7.4.2 Zero-Shot

The first setting we evaluate is the zero-shot performance of our model, with no

support set for fine-tuning. In Table 7.1 we compare against predictions provided by

ProteinGym for each baseline to compute the zero-shot Spearman correlation (ρ). We

compare to provided predictions, on our data splits, to enable a fair comparison to

the strongest models available without retraining each baseline from scratch ourselves.

We include the best performing model, and notable models, as baselines. We find that

Metalic outperforms every reported baseline and is SOTA at zero-shot prediction.

Our method significantly outperforms strong baselines with many more parameters,

such as ESM1-v-650M. The 8 million parameter PLM used by our method, ESM2-8M,

without Metalic, achieves a score of only .121 ρ, demonstrating the large contribution

of our meta-learning procedure. The next strongest method after ours is VESPA

[Marquet et al., 2022]. VESPA optimizes PLM embeddings to predict a distinct set

of binary annotations from 9,594 proteins, and uses these features to predict protein

fitness by comparing to a reference wild-type embedding. Note, unlike our method,

VESPA relies on strong assumptions to generalize and is specific to the zero-shot

setting.
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Table 7.1: Spearman correlation in the zero-shot setting. Results are computed
using predictions provided by ProteinGym. Using a single PLM, in the zero-shot
setting, renders the baselines deterministic. For comparison, we report our best model,
and the mean and standard deviation, for quantifying the variation in meta-training.
Metalic achieves SOTA performance in either case.

Model Name Spearman Correlation
Metalic (max) .484
Metalic (mean) .482 ± .002
VESPA .464
TranceptEVE-Medium .457
ESM1-v-650M .437
Tranception-Medium .427
Progen2-Medium .419
ESM2-650M .399
MSA Transformer .398
ESM-IF1 .365
ESM2-8M .121

The strong performance of our method in the zero-shot setting can be attributed

to meta-learning. Since there is no data for fine-tuning, the zero-shot performance

increase over ESM2-8M derives entirely from our meta-training procedure. In this case,

other methods generally assume that the PLM likelihood of a mutation correlates with

fitness, whereas our model learns to make use of the information contained in PLM

embeddings to make predictions zero-shot. Moreover, our method still conditions on

an unlabeled query set, and the protein embeddings in that query set, which allow for

meta-learning a form of in-context unsupervised adaptation.

7.4.3 Fine-Tuning Results

In Table 7.2 we report Spearman correlation with a support set of size N (S) = 0, 16,

and 128, and we compare to baselines that we train and evaluate ourselves over three

random seeds. We re-train these methods using the models, following Hawkins-Hooker

et al. [2024], to provide a comparison over multiple seeds between these methods in a

range of practical low-data settings. All models use the same preference-based loss

function as Metalic, for a fair comparison, and none use ensembling.
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Table 7.2: Spearman correlation for the 0, 16, and 128-shot setting. Baseline
results are re-computed. Standard deviation is provided over three seeds. Metalic
matches or exceeds all baselines.

Model Name n = 0 n = 16 n = 128
Metalic .482 ± .002 .484 ± .001 .552 ± .009
Metalic-AuxIF .498 ± .008 .500 ± .002 .556 ± .005
ESM1-v-650M .384 ± .000 .452 ± .000 .553 ± .000
ESM2-8M .105 ± .000 .226 ± .000 .406 ± .000
PoET .416 ± .003 .475 ± .026 .588 ± .006
ProteinNPT N/A .192 ± .003 .443 ± .003

We also train Metalic-AuxIF, which allows Metalic to condition on zero-shot predictions

from an additional PLM, as introduced in Section 7.3.2. We choose ESM-IF1 [Hsu

et al., 2022] as the auxiliary input, since it contains embeddings derived from inverse

folding that summarize protein structure. Note that Metalic-IF1 uses 170 million

parameters, whereas Metalic uses 36 million (including the ESM2-8M embedding), so

the auxiliary predictions significantly increases the total parameters.

Again, we find that Metalic has the strongest performance in the 0-shot and 16-shot

settings, and has comparably strong performance in the 128-shot setting, with 18

times fewer parameters. Moreover, Metalic also outperforms contemporary models,

such as PoET [Truong Jr and Bepler, 2024], that make use of additional evolutionary

information, in the form of multi-sequence alignment, and in-context learning. Note

that ESM2-8M and ProteinNPT are the worst performing methods in the few-shot

setting. This results suggests that the effectiveness of Metalic does not come from

the ESM2-8M embedding, nor the ProteinNPT architecture, but rather from the

meta-learning itself.

Additionally, we see that Metalic-AuxIF, improves results. This result is significant

because ESM2-8M and ESM-IF1, the two PLMs used by Metalic-AuxIF, are the worst

performing methods in the zero-shot setting (Table 7.1), with ESM2-8M also weak in

the few-shot setting. Thus, the effectiveness of Metalic-AuxIF comes entirely from
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meta-learning: We can learn how and when to rely on features from each of these

weak predictors of protein fitness, to combine them into a strong predictor.

Consistent with the motivation of meta-learning, results are strongest when the data

is most limited. Meta-learning adds an additional training stage to learn prior beliefs

and inductive biases from related data. The more limited, the more relying on prior

data is useful.

7.4.4 Multiple Mutants

Table 7.3a: Multi-mutant Spearman
correlation in the zero-shot setting.
Results are computed using predictions
provided by ProteinGym on tasks with
multiple mutations. Metalic is competi-
tive, but not better than all baselines, due
to lack of sufficient datasets with multiple
mutants.

Multiples

Model Name 0-Shot
Metalic (max) .450
Metalic (mean) .436 ± .011
Metalic-AuxIF (max) .548
Metalic-AuxIF (mean) .533 ± .012
ESM-IF1 .590
TranceptEVE-Medium .529
Tranception-Medium .513
MSA Transformer .503
VESPA .408
ESM2-650M .345
Progen2-Medium .305
ESM2-8M .289
ESM1-v-650M .279

Figure 7.3b: Multi-mutant Spearman
Correlation by Shot. Spearman correlation
for the 0, 16, and 128-shot, over three seeds,
sorted by zero-shot performance. For complete
results, including for Metalic-AuxIF, see the
appendix.
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In this section we evaluate Metalic on tasks where proteins have multiple mutations.

In Table 7.3a, we see that Metalic has strong performance, but does not outperform

all baselines. However, with auxiliary inverse folding predictions (Metalic-AuxIF),

Metalic is only outperformed by ESM-IF1 itself. These results indicate that ESM-IF1
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Table 7.4a: Multi-mutant Spearman
correlation by training data. Results
are computed on eight tasks with multi-
ple mutations with different amounts of
single- and multi-mutant training tasks.
We see performance of Metalic increases
with more data, giving a path to improve
results with future data collection. This
trends holds even when we add single-
mutant data, which is significantly differ-
ent from the multi-mutant test data.

Single- Multi- Multiples

Mutant Mutant n = 0
121 63 .436 ± .011
121 30 .417 ± .021
121 1 .383 ± .010
0 63 .376 ± .018
0 30 .307 ± .022
0 1 .047 ± .056

Figure 7.4b: Multi-mutant spearman
correlation by number of tasks. Metalic
with and without 121 additional single-mutant
training tasks. (With 121 single-mutant is the
default.) The performance of Metalic increases
with more data, giving a path to improve re-
sults.
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is particularly strong on the eight held-out evaluation tasks, and that we can recover

most of its performance by incorporating its predictions into our model. Note that

while ESM-IF1 is strong in the multi-mutant setting, it is among the worst performing

models in the single-mutant setting. In contrast, our method is strong in both settings,

since it can learn to leverage ESM-IF1 predictions when they are helpful, and ignore

them when they are not.

By comparing across all shot settings, we can see that Metalic is competitive in the

multi-mutant setting (Figure 7.3b), but no longer SOTA, which we hypothesize is due

to limited multi-mutant training data. In Table 7.4a and Figure 7.4b, we explore this

hypothesis. Specifically, we see the performance of Metalic increases as the amount of

training data, measured in tasks, increases. This trend holds true even when adding

single mutant tasks, which are significantly different from the testing data. Providing

more data is a path forward for strengthening the multi-mutant results.
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Table 7.5: Ablations in the 0 and 128-shot setting. Results show the importance
of fine-tuning, in-context learning, meta-training, and additional training tasks as an
augmentation.

Model Name n = 0 n = 128
Metalic .482 ± .002 .552 ± .009
Metalic-NoFT .482 ± .002 .488 ± .012
Metalic-NoPref .465 ± .011 .520 ± .006
Metalic-NoICL .441 ± .002 .529 ± .002
Metalic-NoMetaTrain -.046 ± .018 .346 ± .003

7.4.5 Ablations

Here we report ablations of Metalic, evaluating on single-mutants (Table 7.5). Spear-

man correlation is reported in the zero-shot and 128-shot settings. The results justify

all components of our method.

Most detrimental to performance is removing meta-training from Metalic (NoMeta-

Train). This ablation is identical to Metalic, with the exception that there is no

additional meta-learning stage over multiple protein landscapes. We see that without

meta-learning, the initial zero-shot predictions have near zero correlation with the

fitness and that the 128-shot predictions are critically impaired.

We also ablate the ability to attend to the rest of the proteins in context by turning off

the column attention in the axial attention layers (NoICL), we ablate the fine-tuning

stage of training (NoFT), and we ablate the preference loss by using mean squared

error instead (NoPref). Note that when we remove the fine-tuning, and have a non-zero

support size, we allow the early stopping data to be passed in-context, to not unfairly

advantage fine-tuning with additional data. Ablating in-context learning decreases

performance in both settings, indicating an ability to adapt in an unsupervised fashion

even from the query set alone. Ablating fine-tuning decreased performance in the

128-shot setting, indicating the need for fine-tuning for generalization to held-out data.

Ablating the preference-based loss decreased performance in both settings, in line
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Table 7.6: Comparison to Reptile. Reptile [Nichol et al., 2018] is a gradient-
based meta-learning method. Results are reported after 50,000 steps, with Metalic
additionally reported after 150,000 steps, to allow for an equal number of gradient
computations as the methods using Reptile. Results show that accounting for fine-
tuning during meta-training using Reptile is unnecessary.

Model Name Meta-Training Steps Total Gradient Computations n = 128
Metalic (150k) 150,000 150,000 .562 ± .004
Metalic-Reptile 50,000 150,000 .562 ± .004
Metalic (50k) 50,000 50,000 .552 ± .009
Reptile-3-100 50,000 150,000 .539 ± .001
Reptile-3-3 50,000 150,000 .499 ± .008

with recent literature [Krause et al., 2022, Brookes et al., 2023, Hawkins-Hooker et al.,

2024]. An additional ablation is given in the appendix.

7.4.6 Gradient-Based Meta-Learning

In this section, we compare Metalic to the same architecture but trained with Reptile

[Nichol et al., 2018], an efficient method for gradient-based meta-learning. Unlike

Metalic, Reptile does not use in-context learning and modifies the outer-loop during

meta-training to take into account the subsequent fine-tuning. While accounting

for the fine-tuning during meta-training comes with increased computational costs

and can increase bias and variance [Vuorio et al., 2021], Reptile provides a simplified

algorithm that can be run more efficiently. The primary differences between Reptile

and Metalic are that Reptile adjusts the meta-learning loss to account for fine-tuning

during meta-training, while Metalic performs in-context learning. Reptile details are

provided in the appendix.

Although Reptile is more compute-efficient than other gradient-based methods, it

still performs gradient updates in the inner loop during meta-training, making it

computationally expensive relative to Metalic. Our method uses 100 updates on the

support data for fine-tuning. Reptile uses inner-loop gradient updates during both

meta-training and fine-tuning. Due to compute limitations, we cannot use 100 steps
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for each forward pass of meta-training. Thus, we evaluate Reptile with 3 inner-loop

gradient steps during meta-training and 3 during fine-tuning, so that train and test

match (Reptile-3-3), and we evaluate Reptile with 3 inner-loop gradient steps during

meta-training and 100 during fine-tuning, so that test time matches our method

(Reptile-3-100). Note that even Reptile-3-3 uses three times more compute than

Metalic. Finally, we evaluate Reptile-3-100 with Metalic, to see whether they can

be used in conjunction (Metalic-Reptile). We train for 50,000 steps, and also report

Metalic after 150,000 steps, to match the number of gradient computations as the

Reptile models.

Results are reported in Table 7.6. We evaluate in the 128-shot setting. Note that

Reptile is not applicable in the zero-shot setting, as it requires some data for fine-tuning.

We observe that without controlling for the amount of computation, Metalic (50k)

outperforms both Reptile variants. We also observe that Metalic, in conjunction with

Reptile (Metalic-Reptile), outperforms Reptile and Metalic independently. However,

the improvement over Metalic is marginal, and the increased computation (by a factor

of 3) is large. Controlling for the total number of gradient computations, Metalic

(150k) achieves a Spearman correlation comparable to the combined Metalic-Reptile.

Thus, Reptile performs poorly in isolation, and, while Reptile can be used with Metalic,

the combination increases implementation complexity with no clear advantage. This

result is in line with previous work showing that accounting for gradient updates

during meta-training (in their case, without in-context learning) can be detrimental

when there are a limited number of tasks for meta-training or a limited amount of

data for the inner-loop [Gao and Sener, 2020, Triantafillou et al., 2020]. Collectively,

this evidence further justifies fine-tuning only after meta-training.
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(a) Untrained Attention (b) Half-Trained Attention (c) Trained Attention

Figure 7.5: Attention maps. We present axial attention maps over the query
set in the zero-shot setting. Each row shows attention to other proteins in context,
normalized to one by row, averaged over layers and mutation location. Attention at
step 1 (a) 25,0000 (b) and 50,000 (c). Each protein learns to pay attention to itself,
while still attending to other significant proteins in context.

7.5 Analysis

Here, we briefly investigate the in-context learning abilities of Metalic via attention

maps. In Section 7.4, we show that in-context learning is vital to Metalic by ablating

the attention between proteins and showing decreased performance. Notably, the in-

context learning was beneficial not only in the few-shot setting, but also in the zero-shot

setting. This suggests an interesting phenomenon: The emergence of unsupervised in-

context learning from the query set alone. To confirm this phenomenon, in Figure 7.5

we show the attention maps in the axial attention layers between proteins in the query

set. Over the course of training, we observe the emergence of bright vertical lines,

indicating some significantly informative proteins to which all others proteins attend.

Moreover, we observe no rows that are entirely dark off the diagonal entries. Thus, no

protein attends only to itself. Together, these results further corroborate the necessity

of in-context meta-learning.

7.6 Conclusion

In this chapter, we have demonstrated state-of-the-art results on a standard protein

fitness prediction benchmark in low-data settings. To do so, we proposed Metalic, which
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makes use of both in-context meta-learning and subsequent fine-tuning. Critically,

we have demonstrated the ability of meta-learning to take advantage of additional

data from other proteins fitness prediction tasks, while remaining computationally

tractable by deferring fine-tuning to test time alone. Unique within the meta-learning

literature, we show that in-context meta-learning provides a useful initialization for

further fine-tuning, and can make use of test time data for both fine-tuning and

in-context learning. Metalic additionally demonstrates the ability to learn from the

query set alone (zero-shot), performing unsupervised in-context learning.

While this chapter only addresses supervised protein fitness prediction as a sub-problem

of protein design, future work could leverage our pre-trained model to transfer the

problem setting back to that of meta-RL. While beyond the scope of this work, Metalic

could be leveraged as a world model in the meta-reinforcement learning setting, for

training a policy to optimally trade off exploration and exploitation when designing

novel proteins. Given its efficacy at leveraging additional data, we believe that meta-

learning in-context will play a crucial role in advancing protein fitness prediction, with

Metalic serving as a foundational step in that direction.
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8.1 Summary

While standard reinforcement learning algorithms have shown remarkable success at

solving a wide array of problems, these data-hungry algorithms are a far cry from

the rapid learning and adaptation humans are able to perform when encountering

unknown environments. In this thesis, we have explored the field of meta-reinforcement

learning, as a solution to enable rapid learning in our artificial agents. In meta-RL,

an agent directly learns how to learn, over a distribution of different MDPs, each

of which constitute a reinforcement learning problem. To ensure that our resultant

learning algorithms are capable of rapid adaptation, we have specifically focused on

the zero-shot problem setting, requiring the greatest speed of learning.
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Still, we have found that learning such an agent, over the task distribution required for

meta-training, presents its own challenges. Specifically, we discussed how training a

single policy over all tasks is generally more difficult than training individual networks

for each task independently. Inspired by the field of multi-task RL, in Chapter 4, we

propose the use of hypernetworks, so that individual networks can be produced for

each task when needed, but parameters can also be shared between the tasks when

possible. Hypernetworks not only extended the idea of training individual networks,

but also enabled that solution to be applicable to the field of meta-RL, where the task

is unknown.

While evaluating the use of hypernetworks, we found that they presented their own

difficulties. Specifically, we saw that hypernetworks were highly sensitive to their

initialization scheme. While standard initialization methods maintain statistical

properties of the layers of the hypernetwork, the properties do not hold at initialization

in the base networks produced by the hypernetwork. To address this challenge, we

propose a novel initialization method. The novel initialization method adjusts only

the final layer in the hypernetwork, in order to re-produce any given initialization for

the base network at the start of meta-training.

Using hypernetworks with proper initialization, we saw drastic improvements. We saw

that our initialization matched or exceeded the performance of existing initialization

methods for hypernetworks, while also being easier to extend and implement. We also

evaluated hypernetworks, regardless of initialization method, in meta-RL for the first

time, demonstrating their significant advantages. Moreover, we noted that when used

in meta-RL, the hypernetworks with proper initialization not only performed better

than conventional networks, but also enabled better scaling in terms of the overall

number of parameters, when evaluated with contemporary task-inference methods for

meta-RL.
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In Chapter 5, we moved beyond task inference methods and evaluated hypernetworks

with an end-to-end objective. This thesis is the first to evaluate hypernetworks that

can flexibly modify base networks in meta-RL as an arbitrary function of history. As

a first step, we improved the task-inference methods, by initializing the hypernetwork

with parameters trained in the multi-task setting, and training the task-inference

module itself over the multi-task data as well. Enabled by the use of hypernetworks,

we additionally improved task-inference methods by training the task-inference module

to infer the hypernetwork weights directly (see the appendix). Still, after all of these

improvements, we found hypernetworks trained on the simpler end-to-end objective

to match or exceed all alternatives.

In Chapter 6, we investigated the sequence models used to summarize history in meta-

RL. While we found end-to-end objectives to achieve better performance relative to

task-inference objectives, it still remained unknown whether end-to-end hypernetworks

could benefit from the inductive biases built into the meta-parameterizations of

standard task-inference methods. Specifically, we investigated the use of sequence

models that are permutation-invariant with respect to historical transitions, since

this inductive bias is theoretically sufficient for representing the optimal policy and

can ameliorate gradient decay. Surprisingly, despite theoretical guarantees, we find

that introducing controlled permutation variance improves architectural robustness

and allows for the representation of sub-optimal policies, which can serve as stepping

stones to the optimal solution.

Finally, in Chapter 7, we examined the applicable concerns that arise from meta-

learning in practice. Specifically, we investigated meta-learning in the context of protein

fitness prediction and validated an approach combining pre-trained language models,

end-to-end in-context learning, and fine-tuning. Our method demonstrated significant

improvements from meta-learning, while remaining computationally tractable by
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deferring fine-tuning to test time alone. Moreover, we showed that in-context meta-

learning provides a useful initialization for further fine-tuning, and can make use of

test-time data for both fine-tuning and in-context learning.

From application, to hypernetworks and initialization, to supervision, to sequence

modeling and permutation invariance, we covered a vast array of representations

in meta-RL and contributed a significant number of methodological insights. By

integrating these insights, we offer a path forward for building RL agents capable of

both rapid adaptation and broad generalization, advancing a long-standing goal in

the field of AI.

8.2 Open Problem: The Problem Problem

The meta-training task distribution plays an important role in meta-RL, as it deter-

mines what inductive bias we can learn from data, while the meta-RL algorithms

determine how well we can learn this inductive bias. Meta-RL can learn to collect infor-

mative data in the inner-loop, solving the exploration-exploitation trade-off discussed

in 2.3. However, the same dilemma still exists in the outer-loop for meta-exploration,

and exploration is constrained by the task distribution available for meta-training. The

task distribution should be both diverse enough so that the learned inductive bias can

generalize to a wide range of new tasks, and dense enough in the task space so as to

provide sufficient data to support learning an adaptation algorithm. However, existing

few-shot meta-RL methods are frequently meta-trained on narrow task distributions,

where different tasks are simply defined by varying a few parameters that specify the

reward function or environment dynamics [Duan et al., 2016, Finn et al., 2017, Rakelly

et al., 2019, Zintgraf et al., 2020], or they are meta-trained on fewer than 100 (highly

diverse) tasks [Yu et al., 2020].

This problem is largely due to insufficiencies with the benchmarks themselves. For
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example, some of benchmarks with the widest task distributions are private [Team

et al., 2023], or not designed to test adaptation in meta-RL [Küttler et al., 2020].

Moreover, some of these benchmarks simply need to be more densely populated with

tasks in order for few-shot adaptation to be learnable. For example, Meta-World

[Yu et al., 2020], used in this thesis, has benchmarks with 1, 10, or 45 discrete tasks;

however, meta-learning an algorithm that can reliably adapt to unseen meta-test tasks

may require tens of thousands of meta-training tasks [Kirsch et al., 2022]. Consequently,

it is clear that we need to design benchmarks that are diverse, in addition to having a

densely populated task distribution, to support learning agents capable of such broad

generalization.

One path forward for future benchmarks may be the use of automated environment

design. Notably, methods for automatic environment design have begun to be used in

meta-RL [Team et al., 2023], and large pre-trained models have begun to automatically

both suggest new tasks [Wang et al., 2023] and provide measures of success for given

tasks [Wang et al., 2024, Beck, 2025]. Whether manually or automatically designed,

new benchmarks are needed to better reflect the complex task distribution in real-world

problems, and promote the design of new methods that can generalize over these

broad and challenging tasks.

8.3 Closing Remarks

Meta-learning is an extremely general and powerful paradigm. We have already

seen meta-learning applied to protein fitness prediction in this thesis. The broad

applicability of meta-RL, specifically, can be seen in sub-fields as disparate robotic

locomotion to multi-agent RL. In robotics, the rapid adaptation learned by meta-RL

agents in simulation can enable them to quickly overcome novel terrains when deployed

in the real world [Song et al., 2020, Kumar et al., 2021]. In multi-agent RL, by viewing

other agents as (part of) the task, meta-RL is directly applicable [Zintgraf et al.,
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2021a, ab Abebe Tessera et al., 2024], with meta-RL even being used to provide

best-response policies for computing Stackelberg equilibria [Gerstgrasser and Parkes,

2022], a concept itself applied in areas as significant as autonomous vehicles [Cooper

et al., 2019].

Beyond broad application, meta-RL offers a promising path for future AI systems.

Since meta-RL scales with data and computation, it is a method likely to survive

and continue to scale with ever increasing computational capabilities. By trading

engineering effort and computation at deployment for computation during meta-

training, meta-RL is making a calculated bet on the future of hardware for automation.

This bet is in line with Rich Sutton’s “bitter lesson” [Sutton, 2019], and is one that

has historically paid off.

Finally, no matter the methodological path, learning is a necessary feature for, and a

hallmark of, capable autonomous agents. Thus, learning to learn, i.e., meta-learning,

will be a phenomenon of any future capable and general agent. For this reason,

insights from meta-RL should assist practitioners in developing and reasoning about

such systems. We hope that this thesis, by its improvements to the field of meta-

RL, contributes to such agents, enabling AI systems truly capable of both broad

generalization and rapid adaptation.
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A.1 Benchmark Details

We evaluate on grid-world [Zintgraf et al., 2021b], MuJoCo [Todorov et al., 2012],

and Meta-World [Yu et al., 2020]. For Meta-World1, we use version two of ML10 and

version one of Pick-Place (ML1). We use gridworld and MuJoCo environments from

the reference VariBAD implementation2. The number of episodes per meta-episode

are the same as in this implementation. Returns reported are summed across episodes

in the meta-episode.
1https://github.com/rlworkgroup/metaworld
2https://github.com/lmzintgraf/varibad
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A.2 Model Implementation

Network Architecture. For all experiments, we use a three-layer MLP network to

represent the base network, either learning the parameters directly or generating them

with a hypernetwork. Both of these networks are conditioned on a task embedding of

size 10 in all experiments. A range of architecture sizes were explored on Cheetah-Dir

and Walker MuJoCo tasks, which are detailed in Table A.1.

Table A.1: Policy (base) network architectures.

Size Layer widths

XS (64, 64, 32)
S (128, 64, 64)
M (128, 128, 64)
L (256, 128, 128)
XL (Default) (256, 256, 128)
XXL (1024, 512, 512)

Actor and Critic Networks. In the standard architecture, we use separate actor

and critic networks. In the hypernetwork model, there are separate heads on the

hypernetwork for the actor and critic parameters. Since all reported results use linear

hypernetworks, this is equivalent to using separate hypernetworks for the actor and

critic, conditioned on the same task embedding.

Choice of Base Network Initialization. Our proposed methods, Bias-HyperInit

and Weight-HyperInit, require a given initialization method for the base network,

which we denote f . We chose normc initialization [Dhariwal et al., 2017] for f , as it

is the default initialization in the reference VariBAD implementation. Note that, as

in VariBAD, the state and task encoders use Kaiming initialization with a uniform

distribution [He et al., 2015] (or orthogonal initialization in the RNN), and the head of

the critic (produced by the hypernetwork) also uses Kaiming. Additionally, the head

of the actor has a gain of 0.01 for categorical distributions (i.e., in gridworld), and 1
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for continuous distributions (as is standard for linear layers), as is default in VariBAD.

However, as this default was noticed after experiments, the actor and critic heads of

both HyperInit methods have a gain of
√
2, which is the default for ReLU activations.

A.3 Hyperparameter Tuning

Hyperparameters are identical to those in the reference VariBAD implementation,

other than the learning rate and network architecture.

For Cheetah-Dir and Walker, the models were tuned over the following set of learning

rates on three seeds: {3e−3, 1e−3, 3e−4, 1e−4, 3e−5}. Learning rates of 1e−3 and

1e−4 yielded the best performance for standard and hypernetwork models respectively,

over both domains. For the remainder of the MuJoCo tasks and grid-world, the

learning rate was tuned over a narrower range of learning rates. These ranges

were {3e−3, 1e−3, 3e−4} for the standard model and {3e−4, 1e−4, 3e−5} for the

hypernetwork. Again, we found that 1e−3 and 1e−4 yielded the best performance

across domains for the standard and hypernetwork models respectively. Given this, we

used these two tuned learning rates for further evaluation on Pick-Place. On ML10,

we again evaluate over the full range: {3e−3, 1e−3, 3e−4, 1e−4, 3e−5}.

The network sizes were tuned on Cheetah-Dir and Walker as well. The standard

and hypernetwork models were turned over all base network sizes in Table A.1, with

the exception of the XXL base model, which was included only to demonstrate the

performance of the standard model with an equal number of model parameters as the

XL hypernetwork architecture. For both hypernetworks and the standard network,

the XL size achieved the highest return (or not significantly different from the best)

on both tasks. We then used XL for the rest of the MuJoCo tasks and for Pick-Place

and ML10. Gridworld was tuned separately. For gridworld, we evaluated over M,

L, and XL for the standard architecture and XS, S, and M for the hypernetwork
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architecture. All models solved the domain and performed similarly. The results

reported on gridworld are therefore from the smallest evaluated architecture sizes, M

and XS respectively.

Additionally, on Cheetah-Dir and Walker we evaluated two-layer (rather than linear)

hypernetworks, with a hidden layer of width 16 or 32. (Note that the input size, i.e.,

the output from the task encoder, was kept constant at 10.) In both cases, for L and

XL base network sizes, adding an additional layer decreased or did not affect return.

A.4 Learning Curves

Figure A.1 presents learning curves for all remaining domains and models. These

results are summarized in the main body, but are reported here for completeness.

Note that reported metrics are computed over the last 1% of data for all curves, other

than ML10, which uses the last 10% of data.

A.5 Meta-World Training Performance

The Pick-Place and ML10 benchmarks have distinct train and test tasks. While we

present and discuss test performance in the main report, Table A.2 details the train

performance of the standard architecture and hypernetwork on these benchmarks. For

Pick-Place, we observe similar train and test performance. However, we found that

the ML10 train performance differed from test performance.

Table A.2: Meta-train success percentage on Meta-World benchmarks.

Method Pick-Place ML10

Standard 4.4± 2.1 33.8± 3.0

HFI 24.3±14.9 36.0± 2.3
Bias-HyperInit 45.3±17.3 32.0± 0.4

At meta-train time, the standard architecture and hypernetwork with Bias-HyperInit
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Figure A.1: Learning curves for all remaining domains. (68% confidence interval for
all plots.)

achieve nearly identical success rates on ML10. However, hypernetworks with Bias-

HyperInit and HFI achieve significantly greater success rates on test tasks (see main

report), suggesting that hypernetworks have improved generalization compared to
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standard models, which overfit to the train tasks.

A.6 Application to FiLM

When applied to FiLM [Perez et al., 2018], the Bias-HyperInit method becomes:

1. Sample parameters ϕ ∼ f , set W = 0, and set b to produce the bias parameters

in ϕ (as in Bias-HyperInit),

2. Set the weights of base network to those in ϕ (as required by FiLM),

3. Set the remaining elements of b to 1, thereby leaving the weight distribution

unchanged.

Note that Weight-HyperInit can also be adapted such that W produces distinct bias

parameters for each task and scalars of 1 for all tasks, but we do not test this since

Bias-HyperInit outperforms Weight-HyperInit.
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B.1 Additional Task-Inference Ablations

In order to select task-inference methods for ultimate comparison in the main body,

we evaluated those methods, in addition to further task-inference ablations, on the

Grid-World and Walker environments, and then selected the best performing methods.

From these results, we chose TI++HN (on Grid-World), and TI and TI Naive (on

Walker). See Figure B.1. We additionally chose to evaluate VI+HN in the main body,

as it is a prior strong method [Beck et al., 2022]. A table summarizing the components

in all methods can be seen in Table B.1. The additional ablations are depicted in

Figure B.2, with details given below:
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VI. This baseline, called VariBAD, is proposed in Zintgraf et al. [2020] and is the

same as VI+HN in the main body, but without the hypernetwork.

TI++. This baseline is the same as TI++HN in the main body, but without the

hypernetwork. The two additions over TI (denoted “++”) are re-use of the multi-task

policy parameters as an initialization for the meta-RL policy, and training of task

inference over trajectories from pre-training.

TI+HN. This baseline is the same as TI in the main body, but with the addition

of a hypernetwork.

BI++HN. Here, the base-network for the task is inferred (denoted “BI”), instead of

the task representation directly. This method is novel and is the same as TI++HN in

the main body, but task inference is trained to reconstruct the parameters for the base-

network produced by the multi-task hypernet, ϕ′, rather than the task representation

(cM or g):

ϕ̂′ = P ϕ′
(z ∼ IB)

Jinfer(θ) = EM[Eτ |π[−||ϕ′ − ϕ̂′||22]].

Note that while the performance of BI++HN is similar to that of TI++HN on Grid-

World, TI++HN was chosen as a representative baseline since it is more common to

existing methods and BI++HN requires significantly more compute.

B.2 Hyperparameter Tuning

We tune each baseline over five learning rates for the policy, [3e-3, 1e-3, 3e-4, 1e-4,

3e-5], for three seeds each. We use a learning rate for the task inference modules of

0.001, both since varying the learning rate seemed to have little effect (Figure B.3)
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(a) Grid-World (b) Walker

Figure B.1: TI++HN was chosen as a baseline given results from Grid-World (a).
TI and TI Naive were chosen as baselines given results from Walker (b).

Inference
Target

Policy Condi-
tions on State Hypernetwork

Inference Train-
ing in Multi-Task
Phase and Pa-
rameter Reuse

RNN None No No N/A
RNN+S None Yes No N/A
RNN+HN None Yes Yes N/A
TI Naive Given Yes No N/A
TI Learned Yes No No
TI++ Learned Yes No Yes
TI+HN Learned Yes Yes No
TI++HN Learned Yes Yes Yes
VI Transitions Yes No N/A
VI+HN Transitions Yes Yes N/A
BI++HN Base Net Yes Yes Yes

Table B.1: Summary of the components in each method

and to provide a fair comparison in terms of computation. Error bars report a 68%

confidence interval using bootstrapping.

Before being passed to the hypernetwork or to the policy, depending on the model,

the task (c or g) are projected down to size 25, as are the concatenation of (µ, σ).

This size was chosen to be in the range of the values used by [Zintgraf et al., 2020]

across environments, but a single value was chosen to be consistent. Additionally,

25 is sufficiently large for a one-hot representation of all discrete task distributions
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Figure B.2: Additional Task-inference baselines.

used. However, on Ant-Dir, the projection size is 10. For the state embedding size

(passed to the policy) we chose 256 and for the sizes of the MLP policy we chose

256, followed by 128. This corresponds to the "XL" model size in [Beck et al., 2022],

which was optimal or near optimal where reported. However, for the comparison of

RNN, RNN+S, and RNN+HN on Grid-World, these results are reported with a state

embedding size for the policy tuned over [5, 25, 125, 625]. For the state embedding

size passed to the trajectory encoder, we used 32 for all experiments, as the default

value in [Zintgraf et al., 2020]. And for all RNNs, we use a single GRU layer of size

256, as in Beck et al. [2022].

As discussed in the main body, pre-training of the multi-task policy occurs at the

expense of the meta-RL policy training time, in order to ensure the same number of

samples for training each method. While selecting the time for pre-training does add

a hyperparameter that must be selected, we tune this once on Grid-World and then

transfer to all other environments, in order to afford as little additional computation as
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(a) Grid-World Pre-Train Time (b) Grid-World LR

Figure B.3: Training for 100 updates yielded optimal performance despite not fully
training the multi-task policy, Multi+HN (a). Varying the learning rate for task
inference module had little effect (b).

possible to these baselines. Note that while this cutoff affords some extra computation

to task inference methods, the recurrent hypernetwork method (RNN+HN), which we

show to be the strongest, does not require any such additional tuning.

On Grid-World, we find 100 PPO updates for training the multi-task policy to be

optimal. In this environment, each update consists of 960 frames. Interestingly, while

the multi-task policy (Multi+HN) requires approximately 500 updates to fully train,

training for 100 yielded optimal performance for TI++HN. (We saw similar results

for TI, not reported here, except that the random projection provided by 0 updates

already gave similar performance to 100.) Note that 100 updates is equivalent to only

20% of the total frames for training the multi-task policy, and it is only 2.4% of the

total frames for training the meta-RL policy. This suggests that very little amount

of computation is required to get a good task representation, and delaying the start

of meta-training significantly is generally not worthwhile. For MuJoCo experiments

in the main body, we use 563 updates, since that is the same percent of total frames

(2.4%) for Walker and Ant-Dir. This constituted 4.8% of total frames on Cheetah-Vel

and Cheetah-Dir, which transferred well on initial experiments.

For all other hyperparameters, we default to those in [Beck et al., 2022].

158



B.3 End-to-End and Task Inference Together

While it is possible to combine the end-to-end objective and task inference objective,

prior work suggests that interference from competing objectives may be detrimental

[Humplik et al., 2019]. Moreover, separating the training objectives can be practically

useful, as the combined objectives may require tuning of the relative weighting of

the two objectives. Still, we perform investigatory experiments on Grid-World. See

Figure B.4. We find that adding task-inference objectives to the end-to-end meta-RL

objective decreased return compared to the end-to-end objective alone (RNN+HN)

for every method tested. The same effect can be seen regardless of the architecture

(RNN+HN or RNN+S). Unsurprisingly, the performance of the combined end-to-end

and task-inference methods falls in between each type of method used independently.

Additionally, tuning the relative objective weighting had little effect. We experiment

with giving 10% (BI10p, TI10p) and 50% (BI50p) weighting to task inference methods,

but still observing the same decrease in return. In all these experiments, we use the

RNN architecture from the end-to-end RNN methods, meaning that we did not use

an information bottleneck, nor the linear encoding layer. In other words, the output

of the RNN passed to the policy, ϕ, was directly used as ĝ or ĉ and compared to the

respective label g or c.

B.4 Gridworld Details

Grid-World consists of a five by five grid with a goal location in one of the grid cells.

The agent starts in the bottom left corner of the grid, and then has 15 steps in an

episode to find the goal and remain there. The agent receives 1 reward for each

timestep at the goal and -0.1 reward for all other timesteps. The goal location is held

constant for each meta-episode, which consists of 4 regular episodes. In Grid-World

Show, the goal position is visible to the agent at the first timestep of each episode. In
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(a) Grid-World Combined Objectives (b) Tuning Combined Weighting

Figure B.4: Adding task inference objectives in combination with the end-to-end
meta-RL objective decreases performance relative to end-to-end alone, and results in
performance between the two types of methods (a). Varying the relative objective
weighting had little effect (b).

Grid-World Dense, the agent receives and observes a reward equal to the Manhattan

distance to the goal location.

B.5 MuJoCo Details

We evaluate on all four MuJoCo [Todorov et al., 2012] environments used by Zintgraf

et al. [2020]. All environments require legged locomotion. All episodes terminate

after 200 timesteps. Meta-episodes in Walker consist of two regular episodes, whereas

meta-episodes in the rest consist of one regular episode.

In Cheetah-Dir, the agent controls a robotic cheetah morphology by outputting a

control torque for each of six joints on the morphology. The task is to run forward or

backward with as large a velocity as possible. The agent observes the position, angle,

and velocity of each body part (17 dimensions in total) and is given a positive reward

for its velocity in the direction given by the task and a negative reward for control

costs (specifically, 5% of the magnitude of the action vector).

In Cheetah-Vel, the agent controls the same robot, but instead of the the positive

reward component for running on the selected direction, the agent receives a negative
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reward component equal to the absolute difference to a target velocity, which is

sampled uniformly from [0,3].

In And-Dir, the agent controls a robotic ant morphology by outputting a control

torque for each of eight joints on the morphology. The task is to run forward or

backward, with as large a velocity as possible. The observations are 27 dimensional in

this case, and the agent is given a positive reward for its velocity in the direction given

by the task and a negative reward for control costs (specifically, 5% of the magnitude

of the action vector). Additionally, the agent is given a negative contact reward (.05%

of the magnitude of the external forces on each joint) and a positive survival reward

(1 per timestep). Episodes in this environment additionally terminate if the body falls

outside of a predefined height.

In Walker, the agent controls a two-legged torso morphology and outputs a control

torque for each of six joints on the morphology. The observations are 17 dimensional

for this environment. The tasks are defined as uniform samples of 65 different physics

coefficients (e.g. body mass and friction) for the simulation. The agent is given a

positive reward for the forward velocity, a positive reward of one reward per timestep,

and a negative reward for the control costs (specifically, 0.1% of the magnitude of the

action vector). Episodes in this environment additionally terminate if the body falls

outside of a predefined height or rotation range.

B.6 Compute

Experiments were run on four to eight machines simultaneously each with eight GPUs,

ranging from NVIDIA GeForce GTX 1080Ti to NVIDIA RTX A5000. Each model

was tuned over five learning rates with three seeds per learning rate. Each experiment

took between 4 hours for grid-worlds and 3 days for MuJoCo experiments. In total,

there were approximately 360 experiments for MuJoCo and 270 for grid-worlds in the
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main results. With about 5 experiments on average per GPU, this constitutes roughly

5,400 GPU hours.
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C.1 Hyperparameter Tuning

We tune each baseline over five learning rates for the policy, [3e-3, 1e-3, 3e-4, 1e-4,

3e-5], for three seeds. (Results are reported with a 68% confidence interval, computed

through bootstrapping with 1,000 iterations across three seeds, consistent with all

plots presented.) Of the models evaluated, PEARL, and aggregators with the softmax

aggregation, each require an additional hyperparameter. PEARL require a weight
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(a) T-LS (b) Walker (c) T-LS

Figure C.1: Tuning the KL-divergence weight on PEARL, in C.1a and C.1b, and
tuning the softmax temperatures in Figure C.1c. For PEARL, the chosen weight, 1−6,
achieved the highest returns. Using a weight of 0 achieved a similar final returns,
suggesting the stochastic latent was not particularly useful in our experiments. We
chose 1−6 as it achieved the greatest average return throughout training, on both
environments. For the softmax aggregators, 0.1 was the best initialization for the
temperature.

on objective penalizing the KL-divergence to the prior. We tune this weight on the

T-LS and Walker environments, with a weight of 1−6 performing the best. In Figures

C.1a and C.1b, we display these results. Additionally, for softmax aggregators, we

tuned the initial temperature of the softmax function. The temperature is learnable,

however changes very slowly, and so is sensitive to initialization. This temperature

was tuned between 1.0 and 0.1 on T-LS, with 0.1 performing the best. Note that we

tuned the aggregators without using an RNN or SplAgger. This is depicted in Figure

C.1c.

For all other hyperparameters, we default to those in Beck et al. [2023b], with two

exceptions. First, on the Planning Game, we it necessary to set the exploration bonus

in the objective to zero in order to learn any systematic exploration. Second, Beck

et al. [2023b] projected the output of the RNN down to size 10 or 32, and then to size

10 or 25, depending on the environment, using a linear layer, before being passed to

the hypernetwork. For consistency, we leave this size as 24 and 25 for all models and

all experiments.
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C.2 PEARL Design Choices and Additional Exper-
iments

(a) T-LS (b) Cheetah-Dir (c) Walker

Figure C.2: PEARL using the VariBad-stlye supervized reconstruction from Zintgraf
et al. [2021b] to train the sequence model (PEARL-vari). PEARL-vari, increases
returns slightly on T-LS and Cheetah-Dir, but remains lower than SplAgger.

In addition to the experiments with PEARL in the main body, we present a preliminary

findings here. Out of all baselines, PEARL is the only method that requires a stochastic

latent variable. In the original paper, the stochastic latent variable is sampled once per

episode. However, this type of exploration requires multiple episodes for exploration,

and will necessarily fail on multiple of our benchmarks. Instead, we consider two

alternatives. In the experiments presented in the main body of the thesis, we sample

the stochastic latent at every state, and here, we additionally present experiments that

use the self-supervision provided by reconstructing rewards and transitions to train

the stochastic latent, as in Zintgraf et al. [2021b]. We use the default hyperparameters

presented by Zintgraf et al. [2021b]. While the results here are incomplete, and the

model is still far inferior to SplAgger, we did find some improvement, as shown in

Figure C.2.

C.3 Analysis of PEARL Aggregation Failure

Here, we investigate why PEARL’s aggregation performs worse than SplAgger, and

hypothesize that the poor performance has due to with modelling assumptions regard-

ing the variance of its latent variable. Unlike other methods, PEARL’s aggregation
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(a) PEARL Latent Variance
(Initialization)

(b) PEARL Latent Variance
(Trained)

Figure C.3: In C.3a, we see that the variance of PEARL decreases rapidly to zero
at initialization. In C.3b, we see the same phenomenon, but when PEARL is fully
trained.

method requires the use of a stochastic latent variable. We observe that the variance

of the aggregator decreases rapidly over time. In Figure C.3a and Figure C.3b, we

can see that both at initialization and after training, the variance decreases rapidly to

zero. Looking at the probability density function (PDF), we can see why.

Specifically, PEARL uses a product of Gaussians,

qθ(z|τ) ∝
t=T∏
t=1

N (z;µt(τt), diag(σ
2
t (τt))),

which has a closed form for the joint mean and covariance. From Bayesian conjugate

analysis, we know that the product of Gaussian PDFs is itself a Gaussian [Murphy,

2007]. The new Gaussian, qθ(z|τ) = N (z;µ′, diag(σ′)), has a new mean, µ′, which

itself is a weighted average of each individual µt. The respective weights are 1/σ2
t , and

the variance is 1
1/σ2

0+...+1/σ2
T
. Since the denominator in the variance of PEARL grows

monotonically, the variance must drop monotonically. In fact, assuming the variances

are approximately equivalent at initialization, then the variance should decrease like

1/t.

The fact that the variances decreases over time could create problems for learning.
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For example, if the agent were to collect contradictory evidence about the latent, then

the variance of the true posterior would increase. Well our domains do not present

contradictory evidence, many transitions in our domains are uninformative, and so

the sequence model would still need to learn to counteract the decreasing variance,

which may hinder learning. Future work could experiment with removing the latent

variable from PEARL, which would be equivalent to the weighted average aggregator

presented in Section C.6, or producing the variance of the latent variable using a

different permutation invariant function. Note that this pathology only applies to the

aggregation method used in PEARL, and may not be the most important factor to

consider in the off-policy setting in which the PEARL method originally evaluates

[Rakelly et al., 2019].

C.4 LSTM Invariant Initialization

(a) Planning Game (b) T-Maze Agreement

Figure C.4: Here we evaluate an LSTM model initialized to be permutation invariant.
The returns are far lower than SplAgger.

Finally, we experiment with using a sequence model that is initialized to be permutation

invariant, but that can easily learn to be permutation variant. In order to do this,

we use a long short-term memory unit (LSTM) [Hochreiter and Schmidhuber, 1997],

and adjust the initialization of the gates. Specifically, we adjust the gates to compute

a summation, before being normalized for the output. First, we set the weights of
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the input and forget gates to zero. Then, we adjust the bias of the input and forget

gates to outputs of 1− ϵ, for ϵ = 0.0001. This forces all inputs to be fully added to

the running sum and not forgotten. We additionally we set any weight connected

emanating from the recurrent state, in the cell and output gates, to zero. This forces

there to be do dependence on past states. We use an LSTM instead of a GRU so that

the input gate is not forced to be the compliment of the forget gate. Results were not

encouraging, and are depicted in Figure C.4.

C.5 Transformer Results

Figure C.5: The transformer model fails to learn and is significantly outperformed
by SplAgger on the T-LS domain.

As discussed in the main body, attention is inherently permutation invariant. Thus,

transformers without positional encodings are an obvious fit for this problem setting.

However, Attention is computationally expensive: whereas both commutative aggre-

gation and recurrent networks use O(1) memory and compute per timestep, attention

generally requires O(t2) memory and compute per timestep t. We therefore consider

it appropriate to limit our solutions to constant memory and compute, in line with

sequence models designed to quickly handle long contexts [Garnelo et al., 2018b, Beck

et al., 2020]. Still, the runtime was not entirely prohibitive on one experiment: T-LS.

Thus, we did run a Transformer model on T-LS, with results depicted in Figure C.5.
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The results show that the transformer did not learn in the allotted number of frames,

and was significantly outperformed by SplAgger.

C.6 Additional Weighted Average Aggregation Re-
sults

Figure C.6: The weighted average aggregator (wavg) performs worse than many
others, including the default, max, on T-Maze Agreement.

In addition to the softmax aggregator, which computes a weighted softmax of the inputs,

we experimented with a weighted average aggregator that does not use softmax. The

weights and aggregates are still predicted separately for each input, as with wsoftmax

aggregator, resulting in half the number of neurons output as are input. We chose to

evaluate this aggregator as it more closely resembles the aggregator in PEARL. In

fact, it is the same aggregation method if PEARL always output zero variance, and

thus did not train a stochastic latent variable. Our results, shown in figure C.6 show

this aggregation method to learn slightly faster than the average aggregator, but less

stable. It also performed worse than max, softmax, and wsoftmax.

C.7 Environment Details

Cheetah-Dir. In Cheetah-Dir [Zintgraf et al., 2021b], the agent outputs six different

torques in order to control a cheetah robot. The agent is rewarded for its velocity in
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either the forward or reverse direction, depending on the sampled task, and receives

a penalty for the magnitude of the torques. The agent receives a 17-dimensional

observation consisting of the position, angle, and velocity of each body part. Here,

the agent has one episode during which it can adapt to the task.

Walker. In Walker [Zintgraf et al., 2021b], the agent outputs six different torques

in order to control a two-legged torso morphology. The agent receives 17-dimensional

observations and receives a reward for running only in the forward direction. The

tasks are defined by random samples of 65 different physics coefficients, such as body

mass and friction, which collectively define the task. Here, the agent has two episodes

during which it can adapt to the task.

T-LS. In the T-LS environment [Beck et al., 2020], the agent inhabits a T-shaped

maze, called a T-Maze. The agent is shown a signal and then deterministically stepped

down a corridor of length 100. At the end of the corridor, that agent opens one of

two doors. If the door matches the signal, then the agent receives a reward of 4,

and if not, it receives a penalty of -3. In between the start and end of the corridor,

observations are augmented by a Bernoulli random variable. The agent adapts across

four sequential episodes, which together constitute a single meta-episode.

MC-LS. The MC-LS environment [Beck et al., 2020] is designed to challenge an

agent’s long-term memory based on visual cues from Minecraft. The task involves

navigating a sequence of 16 rooms. In each room, the agent must choose to go either

left or right around a central column. This decision is based on the column’s material:

diamond or iron. Discrete actions allow for a finite set of observations. When the

agent makes a decision in line with the observed material, it earns a reward of 0.1.

The final decision at the end of the sequence is dictated by a color signal (red or green)

presented at the beginning, which specifies the task. As in the T-Maze, the agent
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receives a high reward (4) for a correct final action and a significant penalty (-3) for

an incorrect one. The agent adapts across two sequential episodes, which together

constitute a single meta-episode.

Planning Game. The Planning Game, is adapted from Ritter et al. [2021]. In the

Planning Game [Ritter et al., 2021], the agent inhabits a 3× 3 grid that wraps around

each side. In this grid, the agent must navigate to a goal. The goal location, observed

by the agent, changes multiple times during a single episode. The MDP is not defined

by the goal location, shown to the agent, but rather by a changing transition function.

The state in each cell of the grid changes in each task. A task is thus defined by a

permutation of the 9 states. For instance, while the agent may be in the bottom right

of the grid in two different tasks, it observes a different state there in each task. The

states themselves are encoded by one-hot encodings. The agent must explore each

state once to learn where each state is on the grid. Once it has seen each state, then

it can immediately interpret the given goal instruction. Without knowing the state

locations, there is a suboptimal policy that does not require remembering each state,

namely, re-exploring the entire grid every time a goal is reached. Note the grid size in

our experiments is 3× 3, rather than the original 4× 4, to decrease the total number

of frames required for training.

C.8 Additional Baselines

SplAgger-noRNN-avg. This method replaces the max operator in SplAgger with

an average and removes the RNN. Since removal of the RNN obviates the need for split

aggregation, split aggregation is removed as well. This is equivalent to just computing

a mean operation over linear encodings of each transition, τt.

SplAgger-avgmax. This method replaces the max operator in SplAgger with an

average and a max operator. The avgmax aggregator averages half of the neurons and
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computes a maximum over the other half. This aggregation is evaluated as a way to

use both the average and max aggregation.

SplAgger-softmax. This method replaces the max operator in SplAgger with a

softmax operator. The softmax aggregator computes an average over the inputs

where the weights are determined by the softmax of the aggregates themselves. In

order to aggregate online, in O(1) memory, we store both the sum of the weighted

aggregates, i.e., n = e0exp(e0/η)+ ...+ etexp(et/η), and the sum of the weights seen so

far, i.e., d = exp(e0/η)+ ...+ exp(et/η), where η is a learnable temperature parameter.

The output is then the quotient of the weighted aggregates and the weights, n/d.

This aggregator interpolates between the average and max. The initialization of the

temperature is important, as it defines the interpolation, and is set to 0.1. Tuning

information is available in Appendix C.1.

SplAgger-wsoftmax. This method replaces the max operator in SplAgger with a

different softmax operator. This aggregator is the same as softmax, but the weights

are predicted separately from the weighted encodings. Half of the input neurons

are aggregated, and the other half are used to compute the logits for the softmax

weights. An additional version of this aggregator without the softmax is investigated

in Appendix C.6.
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D.1 Reptile Details

This section provides additional details on how Reptile [Nichol et al., 2018] works.

In order to account for fine-tuning during meta-training, gradient-based methods

generally compute a meta-gradient that requires the computation of higher order

derivatives, which can be computationally intractable for a large model. The costs can

be especially burdensome when many gradient steps are needed for out of distribution

adaptation. For this reason, Reptile avoids meta-gradients by changing optimization

during meta-training. Here, the new parameters are updated, not by gradient descent,
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but rather by moving toward the mean, after each theta is adapted to a task, θT , by

fine-tuning on that task. From time-step t to t + 1 of this outer-loop optimization

process, Reptile can be written:

θt+1 = θt + βEDT ∈D[θ
t
T − θt]. (D.1)

We had to choose several implementation details for Reptile. First, note that Reptile

sub-samples the support set during fine-tuning and has no distinct query set. In our

implementation, we sub-sample mini-batches of size 50 to match the query size of

Metalic for sub-sampling in the 128-shot setting. Reptile also has several options for

the outer loop optimization. We choose to use the batched version with a batch size

of 4 to match Metalic. Rather than using the direct update given in Equation (D.1),

we take the difference over the learning rate, (θtT − θt)/α as an approximation of a

gradient to be used with the Adam optimizer, as suggested by Nichol et al. [2018] and

validated in Appendix D.2.

D.2 Hyper-Parameters

Since we build upon the axial attention of ProteinNPT [Notin et al., 2023], we follow

their choice for most hyper-parameters, with a few exceptions. Most notably, in

our experiments, we use the third layer of ESM2 as an embedding for each protein,

given the strong performance and reduced number of parameters. Additionally, we

use a ranking loss from Hawkins-Hooker et al. [2024], and do not use the CNN or

additional inputs (such as zero-shot predictions) from ProteinNPT. We likewise found

conditioning on the wild-type unhelpful. The same set of hyper-parameters are used

for each setting: 0-shot, 16-shot, and 128-shot, and for multi-mutant results. We used

the same learning rate for fine-tuning Metalic as for meta-training. We found the

default ProteinNPT learning rate to be too large, and decreasing by a factor of 5 to
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be sufficient. Consistent with our baselines, we select hyper-parameters using the

single-mutant results and then use the same hyper-parameters for the multi-mutant

setting, following Hawkins-Hooker et al. [2024], Notin et al. [2023]. Complete details

on hyper-parameters used are available in Table D.1. We tuned relatively few of the

hyper-parameters of our method, and mostly tuned over a single seed. There is likely

room for improvement in the hyper-parameter selection of Metalic.

Table D.1: Hyper-Parameters for Metalic.

Hyper-
Parameter

Description Value

Training Steps The total number of training steps in
meta-training

50,000

Warm-Up Steps The number of training steps spent lin-
early warming up, preceding cosine de-
cay

5,000

Batch Size The number of contexts evaluated per
training step. Note that gradient ac-
cumulation is used for each context in
the batch, so this scales training time
linearly.

4

Weight Decay Weight decay applied to non-bias pa-
rameters only

5e-3

Learning Rate The learning rate for meta-training and
fine-tuning

6e-5

Min LR Fraction The minimum fraction of the LR main-
tained during the cosine decay in learn-
ing rate scheduling

1e-5

Adam Eps The epsilon value for the Adam opti-
mizer

1e-8

Adam Beta1 The beta1 value for the Adam optimizer 0.9
Adam Beta2 The beta2 value for the Adam optimizer 0.999
Gradient Clip
Value

The maximum norm allowed for the
gradient

1.0

ESM embed
model

The full name for the ESM2 model used esm_t6_8M_UR50D

ESM embed layer The layer from the ESM2 model used
as an embedding

3

Number Fine-
tune Steps

The number of gradient updates for fine-
tuning after meta-training

100

Num ProteinNPT
Layers

The number of layers using axial atten-
tion, as in ProteinNPT

5
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Hyper-
Parameter

Description Value

Condition on
Pooled Sequence

Whether each sequence is pooled or ig-
nored after axial attention

True

MLP Layer Sizes The number and size of fully connected
layers after axial attention

[768,768,768,768]

Embed Dim The embedding dimension for all inputs
including the protein sequences and fit-
ness values

768

Axial Forward
Embed Dim

The hidden size of the feed-forward
layer within the ProteinNPT layer

400

Attention Heads The number of heads in self-attention 4
Dropout Prob The probability of dropout during train-

ing and fine-tuning for layers other than
axial attention

0.0

Attention
Dropout

The probability of dropout during train-
ing and fine-tuning for axial attention
layers

0.1

Num Single Tasks The total number of single-mutant tasks
available. These tasks are included
for meta-training even when testing
on multi-mutants. Eight are held-out
for evaluation when evaluating single-
mutant performance.

121

Num Multiple
Tasks

The total number of multi-mutant tasks
available. These tasks are included
for meta-training even when testing
on single-mutants. Five are held-out
for evaluation when evaluating multi-
mutant performance.

68

Warm-up During
Fine-tuning

Whether or not to use the linear warm-
up from the learning rate scheduler dur-
ing fine-tuning.

False
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Table D.2: Reptile tuning results for the 128-shot setting. Results are trained over
10,000 steps for one seed each. The Adam optimizer performs the best. Both Adam,
with an outer-loop learning rate of 3e−5, and Equation (D.1), with β = 1, correspond
to the same scale in the outer loop.

Model Name Adam (3e−5) β = 1. β = .333 β = 3e−5

Reptile-3-3 .452 .420 .350 .091
Reptile-3-100 .472 .444 .396 .181
Metalic-Reptile .483 .476 .411 .190

For the majority of baselines no tuning was required, other than Reptile. For the

baselines, we used reference predictions for Table 7.1 and reference implementations for

Table 7.2, neither of which required tuning. For Reptile, the update in the outer-loop

can be uses as written in Equation (D.1), or (θtT − θt)/α can be interpreted as a

gradient for use with the Adam optimizer [Nichol et al., 2018]. We experiment with

both and find the use of the Adam optimizer to be superior in performance. All results

in the main body use the Adam optimizer for Reptile. In order to evaluate the method

without the Adam optimizer, we re-tune β in Equation (D.1), which is the outer-loop

learning rate. We leave the inner-loop learning rate, α, fixed at the learning rate for

Metalic, 3e−5, which uses the same learning rate for the inner- and outer-loop. Given

the increased computational cost of Reptile, we use a single seed over three learning

rates for 10,000 steps. We tune over the following learning rates (β): the learning

rate for Metalic, which is 3e−5; a learning rate of 1, which corresponds to the learning

rate of Metalic if you interpret (θtT − θt)/α as the gradient in a gradient-based update

[Nichol et al., 2018]; and a learning rate of 1
n
, where n is the number of inner-loop

updates (3 in this case), which corresponds to the learning rate of Metalic if you

interpret (θtT − θt)/(αn) as the gradient in a gradient-based update1. We found a

learning rate of 1 to perform best, in line with the outer loop learning rate of Metalic

and the interpretation of the gradient from Nichol et al. [2018]. For Adam, there is no
1The standard gradient update, θt+1 = θt + α∇, with ∇ = (θtT − θt)/(αn), gives θt+1 =

θt + α(θtT − θt)/(αn), which is the same update as Equation (D.1) with β = 1
n , omitting the

expectation for brevity.
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β, and we do not re-tune Adam’s outer-loop learning rate. When using Adam, the

gradient is interpreted as (θtT − θt)/α. The results of tuning the learning rate without

Adam, suggests a learning rate of 3e−5 with this gradient interpretation. Indeed, we

confirm that when using Adam with this learning rate, and this gradient interpretation,

it works better than using the alternative Reptile update rule with any learning rate.

Results of the optimizer and learning rate tuning are presented in table Table D.2.

Note that these results used an earlier set of hyper-parameters.

D.3 Augmentation Ablation

In this section we provide an additional ablation. Specifically, we ablate the augmen-

tation of single-mutant training data with multi-mutant data (NoAug). The result

is reported in Table D.3. Ablating the multi-mutant augmentation decreased perfor-

mance in the zero-shot setting, with comparable 128-shot performance, indicating the

benefit of additional meta-training data when fine-tuning data is most limited.

Table D.3: Augmentation Ablation in the 0 and 128-shot setting. Results
show the importance of augmenting with multi-mutant data in the zero-shot setting.

Model Name n = 0 n = 128

Metalic .482 ± .002 .552 ± .009
Metalic-NoAug .464 ± .011 .558 ± .002

D.4 Fine-Tuning Warm-Up

Metalic does not use a warm-up period for fine-tuning as it does for meta-training.

This decision was made since the warm-up normally occurs for 5,000 steps, but fine-

tuning only occurs for 100 steps. As a compromise, we evaluate a warm-up period

for fine-tuning, after taking a single gradient step with the full learning rate (Metalic-

FTWarmUp). We still see that not using a warm-up for fine-tuning is superior. Results

can be see in Table D.4.
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Table D.4: Spearman correlation with and without warm-up.

Model Name n = 128

Metalic .552 ± .009
Metalic-FTWarmUp .539 ± .007

D.5 More Multi-Mutant Results

In this section we present a table of additional results for tasks with multiple mutants,

including the Metalic-AuxIF models.

In Table D.6, we see the performance of Metalic increases as the amount of training data,

measured in tasks, increases, providing more data is a path forward for strengthening

the multi-mutant results. Here, we also see that the trend changes for Metalic-AuxIF,

since it performs better with more data, but only if that data is multi-mutant data.

This makes sense, since the auxiliary ESM-If1 predictions are most effective for

multi-mutants, and training on single-mutants could discourage relying on them.

Table D.5: Spearman correlation for the 0, 16, and 128-shot setting for multi-mutant
tasks.

Model Name n = 0 n = 16 n = 128

Metalic (Both) .436 ± .011 .484 ± .001 .670 ± .003
Metalic-AuxIF (Both) .480 ± .007 .500 ± .002 .693 ± .006
Metalic-AuxIF (MultiTrain) .533 ± .012 .577 ± .008 .692 ± .003
ESM1-v-650M .426 ± .000 .557 ± .000 .644 ± .000
ESM2-8M .368 ± .000 .484 ± .000 .596 ± .000
PoET .588 ± .014 .638 ± .001 .734 ± .006
ProteinNPT N/A .367 ± .003 .624 ± .003
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Table D.6: Multi-mutant Spearman correlation by training data. Results
are computed using predictions provided by ProteinGym on five tasks with multiple
mutations with different amounts of single- and multi-mutant training tasks. We
see performance of Metalic increases with more data, giving a path for future data
collection. We also see here that Metalic-AuxIF performs better when trained with
only multi-mutant data. This makes sense, since the augmented predictions are most
effective for multi-mutants, and training on single-mutants could discourage relying
on them. An asterisk (∗) represents the default training data regime for that method.

Single- Multi- Multiples

Model Name Mutant Tasks Mutant Tasks n = 0

Metalic (Both)∗ 121 63 .436 ± .011
Metalic (MultiTrain) 0 63 .376 ± .018
Metalic (MultiTrainHalf) 0 30 .307 ± .022
Metalic-AuxIF (Both) 121 63 .480 ± .007
Metalic-AuxIF (MultiTrain)∗ 0 63 .533 ± .012
Metalic-AuxIF (MultiTrainHalf) 0 30 .517 ± .021
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D.6 Detailed Architecture

Here, we present Figure D.1, which gives a more detailed version of the architecture

diagram.

Support set

Query set

ARVHGKKERLSTY 1.7
GSAQVKGHGKKV 0.0
GAEALERMFLSFP 0.0

… …
TTKTYFPHFDLSH 1.5
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GSAQVKGHGKKV 0.0
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… …
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Figure D.1: Detailed diagram of architecture. Note that fitness embeddings are
computed using a learned linear projection for the support set and a shared learned
embedding vector for the query set.
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