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Abstract

While robots that follow hard-coded instructions have been widely applied in the real
world, learning intelligent robots that can autonomously accomplish different tasks
in unstructured environments with unforeseen variations remains a key challenge.
Inspired by the recent success of foundation models in different domains, robotic
learning has been going through a paradigm shift from learning specialist robots
on narrow task distributions to learning generalist robots on large-scale multi-
task data, which enables broader generalization across different dimensions like
embodiments, skills and scenarios.

In this thesis, we formulate generalist robot learning as a Contextual Markov
Decision Process, and investigate two problem settings of generalization across
embodiments and skills under this unified framework (Chapter 2). We propose four
novel methods to tackle the following three challenges under these two problem
settings: model pretraining, inference efficiency and efficient adaptation.

In Part II of the thesis, we focus on the first problem setting of cross-embodiment
control. In chapter 6, we propose ModuMorph, a Transformer-based universal
controller that better models how the optimal policy conditions on the robot
morphology via contextual modulation, to improve pretraining. In Chapter 7,
we improve inference efficiency of generalist robots via knowledge decoupling, i.e.,
decoupling the knowledge required to solve different tasks and only activating
a compact specialist policy to solve each specific task at test time. We realize
knowledge decoupling via the hierarchical architecture of Hypernetworks (HNs),
networks that generate the parameters of a base network, and investigate how to
successfully train HNs via policy distillation. HyperDistill, our proposed method that
combines these two key components, achieves similar performance as ModuMorph,
while significantly accelerating inference by two orders of magnitude.

In Part 11T of the thesis, we focus on cross-skill control by following language
instructions. In Chapter 8, we extend the knowledge decoupling principle to Vision-
Language-Action (VLA) models, the mainstream approach for language-conditioned
control that suffers from high inference cost. We propose HyperVLA to generate
a compact policy via an HN that conditions on task context, and investigate
several key algorithm design choices to improve the performance of HyperVLA. It
achieves similar and even better performance compared to some SOTA VLAs, while



significantly improving inference efficiency by two orders of magnitude. Finally in
Chapter 9, we investigate how to adapt a pretrained VLA to a new domain with
many different tasks in a sample- and computation-efficient way. To achieve these
goals, we propose HyperLoRA, which utilizes the strong expressive power of HNs
and the parameter-efficient fine-tuning method LoRA to generate task-conditioned
LoRA parameters, and significantly outperforms task-agnostic LoRA fine-tuning.

In summary, the contributions in this thesis significantly improve model pre-
training, inference efficiency and adaptation performance for learning generalist
robots. We hope the key ideas developed in this thesis, such as the knowledge
decoupling principle and utilizing HNs as a key building block in learning generalist
agents, will be utilized more frequently in the future to help build more versatile
and efficient foundation models for robotics and other domains.
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1.1 From Specialist to Generalist Robots

Robots have significantly improved production efficiency and promoted economic
growth in the past few decades. However, most robots used nowadays are not
intelligent. They can only precisely and repeatedly execute a sequence of fixed
actions ag, aq, - -+ ,ar by following hard-coded programs. This open-loop control
fashion significantly limits their application to highly controlled environments like
factories, while failing to work in a changing world with unforeseen variations [Billard
and Kragic, 2019, Kroemer et al., 2021]. Moreover, robotic programming requires
extensive human expertise and trial and error, and the programming complexity
of some dexterous tasks is even beyond the scope of human experts.

To tackle these challenges, robotic learning aims to automatically learn how
to solve different tasks from data. Instead of outputting fix actions regardless of

the environment state, robotic learning aims to learn a closed-loop control policy
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7(a|s) that can adaptively choose which action a to take conditioned on the current
environment state s. The policy is usually trained with either imitation learning
(IL) [Pomerleau, 1988] by imitating the behaviors of an expert demonstrator, or
reinforcement learning (RL) [Sutton et al., 1998] by interacting with the environment
to search for the optimal control policy via trial and error. This learning-based
approach has achieved promising progress beyond the scope of robots that can only
follow hard-coded instructions, such as in-hand dexterous manipulation [OpenAl
et al., 2019], locomotion of quadrupedal robots in diverse terrains [Lee et al., 2020],
etc. However, these robots are still specialists that are usually trained on a relatively

narrow task distribution from scratch, which are limited in:

1. Generalization. A specialist robot can only solve a narrow set of tasks that
it is trained on, while failing to generalize to related but unseen tasks, which
significantly limits its application to controlled environments with only small
variations. For example, a robot arm may fail to manipulate an object if the
shape and size of the object changes, and a quadrupedal robot may fail in

locomotion if one of its legs is broken.

2. Sample efficiency. It requires a significant amount of data collection, either
by human experts for IL or by the robot itself for RL, to train a specialist
robot for each task from scratch. Given the high cost of collecting robotic

data, training a specialist robot for each task to solve is not scalable.

Inspired by the great success of foundation models in domains like natural
language processing (NLP) [Devlin et al., 2019, Brown et al., 2020, Raffel et al.,
2020, Touvron et al., 2023, Team et al., 2023, Liu et al., 2024] and computer vision
(CV) [Dosovitskiy et al., 2021, Caron et al., 2021, Radford et al., 2021, Kirillov
et al., 2023, Zhai et al., 2023, Oquab et al., 2024] in recent years, robotic learning
has also been going through a paradigm shift from training specialist robots on
a narrow task distribution to training generalist robots on large-scale multi-task
robotic data, which provides a promising solution to the generalization and sample

efficiency challenges as discussed above. First, by training on a broad and diverse
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task distribution, the emergent generalization ability of foundation models [Wei
et al., 2022] as observed in NLP and CV may also promote task generalization
in robotics. Second, learning a generalist robot enables knowledge sharing across
related tasks, thus significantly improves sample efficiency compared to training
a specialist robot on each separate task from scratch.

Specifically, instead of learning a specialist policy 7(a|s) that can only generalize
across different states within a specific task, we now learn a generalist policy
m(als, c) to solve different tasks by further conditioning the policy on task context
c. After trained on a wide range of tasks, the generalist policy learns to generalize
in not only the state space but also the task space, so that it can better solve
a new task with unseen task context at test time either in a zero-shot fashion

or via few-shot adaptation.

Dimensions of Generalization

A generalist robot is expected to generalize well along many different dimensions in
the task context, such as skills (goals), scenarios and embodiments. For example,
consider deploying a household robot in your home. For skill generalization, we hope
the robot can accomplish many different tasks like cooking, laundry, room cleaning,
etc., instead of having to buy many different robots to do each job separately. For
scenario generalization, the robot is expected to work in different houses with diverse
layouts and visual appearance with little tuning, so that it can be easily deployed
at scale. For embodiment generalization, as there will be many different types of
household robots working in the future, the controller is expected to transfer well
across different robot embodiments, instead of having to collect a large amount of

new data to train a separate controller for each robot design.

1.2 Challenges in Learning Generalist Robots

While learning a generalist policy can significantly improve task generalization

and sample efficiency, it also introduces new challenges as the task space, data
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size and model size all significantly scale up. We highlight three key challenges

that motivate the works in this thesis as below:

1. Pretraining. How to pretrain a generalist policy to accommodate the diverse
behaviors required to solve different tasks is nontrivial. For example, the
optimal locomotion strategy may be very different when the embodiment
of the robot slightly changes, like running with or without a tail. A slight
difference in language instructions may lead a household robot to behave
in totally different ways, like “clean bedroom” and “clean kitchen”. How
to parameterize m(als,c) with the correct inductive bias to better model
the complicated dependency between task context and the correspondingly

optimal behaviors is thus a critical question.

2. Inference efficiency. Generalist robots usually have millions or billions of
parameters to provide sufficient model capacity for learning from large-scale
multi-task data, which introduces significantly higher inference cost compared
to specialist robots that usually have moderate size. For example, many
existing robotic foundation models are too large to support high-frequency
control, and can only operate at a low frequency around 10 Hz even equipped
with powerful GPUs [Brohan et al., 2023, Zitkovich et al., 2023, Kim et al.,
2024]. How to improve inference efficiency of generalist robots is critical to
enable high-frequency dexterous control, and reduce energy, memory and

computational cost of robotic hardware.

3. Adaptation to downstream tasks. While generalist robots show promising
generalization to unseen tasks, they still require further fine-tuning to be
proficient in downstream tasks from a new domain. For example, after trained
on data collected from different houses, a household robot may still need
further fine-tuning on data collected from a new house before it can work
there reliably. How to efficiently adapt a generalist robot to new domains is

thus important for scalable deployment.
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Zero-shot generalization

Pre-training Inference

Few-shot adaptation
Pre-training — Fine-tuning ———  Inference

Figure 1.1: The relationship between the three stages of pretraining, fine-tuning and
inference (deployment) for zero-shot generalization or few-shot adaptation.

Figure 1.1 shows the relationship between these three stages under two different
settings. For zero-shot generalization, we directly deploy the pretrained generalist
policy on a robot for inference. This is suitable for cases where the test tasks are
drawn from the same distribution as the training tasks. For few-shot adaptation,
we first pretrain a generalist policy, then fine-tune it with a small amount of data
from the downstream task(s), and finally deploy the fine-tuned policy on a robot
to accomplish the task(s). This further fine-tuning process is usually necessary
when there is a distribution shift between the training and test tasks, such as
asking the robot to master a new skill or work in a new scenario that is very

different from those seen during training.

1.3 Contributions

This thesis aims to tackle the aforementioned challenges to learn generalist robots
that can learn better and more efficiently across tasks. We investigate two specific
problem settings, corresponding to two different dimensions of task generalization
we care about as introduced before.

First, we investigate cross-embodiment generalization, where we aim to learn a
universal policy to generalize across robots with different embodiments (morpholo-
gies). We will also call this setting as universal morphology control interchangeably
in the thesis. As many robots with different embodiments are deployed in the real
world, learning a universal morphology controller across them can not only improve

data efficiency by pretraining on a much larger multi-robot dataset and sharing
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knowledge across robots, but also enable better generalization or more efficient
adaptation to new robots with different embodiments to come in the future.

Second, we investigate generalization across skills (goals) specified by language
instructions, where we aim to learn a generalist robot that can perform different
skills to achieve different goals by following human instructions. This is a very
practical problem setting which reflects how generalist robots will interact with
and assist human in the future. Models learned under this setting are usually
called Vision-Language-Action (VLA) models [Zitkovich et al., 2023], as they
take visual observations and language instructions as input, and output robotic
actions for control.

Given the grid expanded by the two problem settings and the three technical
challenges as introduced before, Table 1.1 summarizes the works included in the

thesis, showing which challenge they aim to solve under which problem setting.

Pretraining Inference efficiency Adaptation

Embodiment generalization ModuMorph HyperDistill
Skill generalization HyperVLA HyperLoRA

Table 1.1: Summary of the contributions of the thesis. Each method aims to tackle a
specific challenge under a specific problem setting. Most methods contain “Hyper” in
their names, which is the abbreviation of “Hypernetworks” [Ha et al., 2017], a hierarchical
neural architecture that we will frequently use with different motivations.

Thesis Structure

The thesis consists of four main parts:

Part I: Foundations This part provides relevant background on the works

to present in the thesis.

o Chapter 2 introduces how to formulate robotic control as Markov Decision
Process (MDP) and multi-task robotic control as Contextual MDP (CMDP)
respectively, and how to solve them with RL or IL. Then we formally formulate
the two problem settings to investigate by defining the task context of CMDP

in different ways.
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o Chapter 3 introduces neural architectures that will be frequently used in
the following chapters, especially Hypernetworks (HNs) [Ha et al., 2017],
a hierarchical neural architecture that is frequently used in our works for

different purposes.

o Chapter 4 reviews related work on the first problem setting of cross-

embodiment control.

o Chapter 5 reviews related work on VLAs for the second problem setting of

language-conditioned cross-skill control.

Part II: Generalization across Embodiments This part focuses on the cross-
embodiment setting of learning a universal policy that can generalize across different
robot morphologies, while the task distribution is relatively narrow, like locomotion
on different terrains. The two works included in this part tackle the pretraining

and inference efficiency challenges respectively.

e Chapter 6 introduces ModuMorph, which better models the complicated
dependency between a robot’s morphology and its optimal control policy via
contextual modulation, and leads to better locomotion performance on both
seen and unseen robots in different terrains. This work was published at

ICML 2023 [Xiong et al., 2023].

o Chapter 7 introduces HyperDistill, which significantly improves inference
efficiency of universal morphology controllers by a novel technique called know!-
edge decoupling. It works by learning a generalist model with high capacity at
training time, but only generating and activating a compact specialist model
at test time for efficient inference on a specific embodiment. We parameterize
the model as an HN, as its hierarchical architecture provides a natural way
to decouple the knowledge required to control different embodiments. We
further train this HN via policy distillation to tackle the instability issue when
directly training the HN with RL. This work was published at ICML 2024
[Xiong et al., 2024b)].



8 1.8. Contributions

Part III: Generalization across Skills This parts focuses on generalization
across skills (goals) by following different language instructions, while the robots
to control have the same or very similar morphology, like accomplishing different
manipulation tasks with robot arms. The two works included in this part aim to

tackle the inference efficiency and adaptation challenges respectively.

o Chapter 8 introduces HyperVLA, which applies the knowledge decoupling
principle to VLAs to improve their inference efficiency. Unlike most existing
monolithic VLAs that need to activate the whole model at inference time,
HyperVLA generates a compact task-specific policy when encountering a new
task, and then only activates this compact policy to solve the task, which
significantly reduces inference cost. This work is currently under review [Xiong

et al., 2025].

o Chapter 9 introduces HyperLoRA, which investigates how to efficiently
adapt an pretrained VLA model to multiple tasks from a new domain with
HN-generated LoRA fine-tuning. This work was published at NeurIPS 2024
Adaptive Foundation Models Workshop [Xiong et al., 2024a].

Part IV: Discussion We conclude the thesis with a reflection on the works

presented, and a discussion of open questions on learning generalist robots.



Part 1

Foundations
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This chapter formally formulates the two problem settings that will be in-
vestigated in the thesis. We start by formulating robotic control as a Markov
Decision Process (MDP), and introducing how it can be solved with reinforcement
learning (RL) or imitation learning (IL) (Section 2.1). Then we introduce how to
formulate multi-task robotic control as a contextual MDP, an extended version of a
standard MDP with task context (Section 2.2). By specifying the task context in
different ways, we formulate cross-embodiment generalization as solving a CMDP
with multi-task RL in Section 2.2.1, and cross-skill generalization as solving a

CMDP with multi-task IL in Section 2.2.2.

11
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2.1 Robotic Control as Markov Decision Process

Controlling a robot to solve a specific task can be formulated as a Markov Decision
Process (MDP) [Bellman, 1957], expressed as a tuple M = (S, A, R, T, po,v, H),

where
o § is the state space;
o A is the action space;
e R:S8x AxS — Ris the reward function, with r, = R(s;, at, s;11) for step ¢;

e P:Sx A— P(S) is the transition probability function, with P(s:1|s:, a:)

as the probability of transition to s;; if taking action a; in state s;;
e po: P(S) is the initial state distribution;
e v €[0,1] is the discounting factor; and

e H is the maximal horizon length of the task. In principle H can be infinite,
which further requires v to be smaller than 1 to avoid infinite accumulated
rewards. In practice we set H as a finite number, as robotic control needs to

be finished within a limited amount of time.

The robot starts from an initial state so ~ pg. At each step ¢, the robot samples
an action a; from the action distribution generated by a control policy m(als),
executes a;, and gets a reward r;. The environment then transits to the next
state s;,1 following the transition probability function. This process will iterate
until a terminal state is reached or the timestep reaches the maximal horizon
length H. A whole trajectory 7 = (so, ag, ro, S1,a1,71, - -, Sg) is called an episode.
The discounted rewards accumulated over an episode is called the return, which

is defined as R(7) = L' ~tr:.
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Policy Learning The learning objective is to maximize the policy’s expected
return, i.e., J(m) = E.,.pr [R(7)]. As the state space is usually too large to
enumerate the optimal action distribution for every possible state, the policy is

parameterized as a neural network 6 to generalize across the state space.

Partial Observability Sometimes the agent can only have access to an ob-
servation o; instead of the full state s; at each step, which is known as partial
observable MDP (POMDP) [Spaan, 2012]. For example, in vision-based robotic
control, the policy does not know the full state of the environment, and has to
make decisions based on the image observations alone. To learn under partial
observability, the policy usually conditions on a sequence of historical observations
instead of just the current observation to better infer the hidden state, i.e., we

learn 7(as|oo.) instead of 7(a|oy).

2.1.1 Reinforcement Learning for Robotic Control

Reinforcement learning (RL) [Sutton et al., 1998] learns to maximize expected
returns by interacting with the environment via trial and error. The collected expe-

rience can be used to learn different things, which lead to different RL algorithms.

Value-Based Methods

Value-based methods learn the value functions w.r.t. a policy 7, i.e., the expected
return to get if you start from a specific state or state-action pair, then act by

following 7 afterwards. The value function of a state s is defined as
V™(s) = E;ur [R(T)]50 = 5] (2.1)
Similarly, the value function of a state-action pair (s, a) is defined as

Q™ (s,a) = Ewr [R(T)|S0 = 8,00 = al . (2.2)
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Based on the definition of returns, the value functions follow a recursive property

called Bellman equations, i.e.,

V7(s1) = Erp [re + 7V (5011)] (2.3)

Q" (s¢,a1) = Er p [re + 7Q" (5041, Grq1)] - (2.4)

A critic, parameterized as a neural network ¢, is usually learned to estimate the
value functions. For example, to learn the state value functions, the critic is usually

trained by minimizing the mean square error (MSE) loss w.r.t. a target value, i.e.,
2
LYF(VE) = B | (Vi) = Vi) (2.5)

The target value can be specified in different ways. On one hand, we can estimate

! . . .
(=Y., which is an unbiased

it with the reward-to-go from sy, i.e., V9% = Y271y
estimation of the value function but has high variance due to the stochasticity in
action selection and transition dynamics. On the other hand, we can estimate the

V;target = r, + »)/Vqs(stJrl)’ where ‘7 is a

target value with Bellman equation, i.e.,
stop gradient operation that leads to semi-gradient update, and the delta value
d =71+ YV (se41) — V(s¢) is called the temporal difference (TD) error. This has
lower variance as only one step of empirical reward is used for estimation, but has
higher bias in the estimation of V' (s;11). To reach a good trade-off between variance
and bias, n-step return Gg") =7+ Y1+ Y g + *y”%(an), and a
weighted sum of n-step returns with n varying from 1 to the horizon length are
usually used to further stabilize RL training [Sutton, 1988, Schulman et al., 2015b].

Given a learned value function, we can either directly choose the action with the
maximal state-action value at each step without explicitly learning a policy if the
action space is discrete like in Deep Q Network (DQN) [Mnih et al., 2015], or con-

currently learn both a value function and a policy like in Deep Deterministic Policy

Gradient (DDPG) [Lillicrap et al., 2019] and actor-critic methods [Mnih et al., 2016].
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Policy Gradient Methods

Policy gradient methods directly optimize the policy m by maximizing the expected
return J(m) with gradient ascent. According to the policy gradient theorem [Sutton
et al., 1999], the policy gradient can be computed as
H-1
VoJ(mg) = Err [Vologmg(T)R(T)] = Erore L_ZO Vi log W@(at|8t)R<T>1 . (2.6)
As the action taken at each step has no influence on the rewards collected from
previous steps, we can further write it as

H-1
Vod(mg) = Erre [Z Vylog ﬂg(at|8t)Rt] , (2.7)

t=0

where R, = SHZ A0y, is the reward-to-go from state s,.

As [, po(x)Vologpe(z) = [, Vops(z) = Vo [, pe(z) = Vol = 0 for any prob-
ability distribution p, we have E,, ., [Vglogmy (as|s:) b(s:)] = 0. Based on this
nice property, we can subtract any function b that only depends on s; from R, to
further reduce variance in gradient estimation, where b(s;) is called a baseline.
The state value function V(s;) is usually used as the baseline function, and
A" (s,a;) = E [f%t - V(st)] = Q(s¢, at) — V(s¢) represents how much more return we
can get by always choosing action a; at s; compared to sampling from m(-|s;), which
is known as the advantage function. In this way, the policy gradient can be written as

H-1
VoJ(m9) = Err LZ; Vo log mg(ag|si) A" (s¢, a4)| - (2.8)
So intuitively, policy gradient works by increasing (decreasing) the log-probability

of state-action pairs with positive (negative) advantages proportionally.

Trust-Region Methods and Proximal Policy Optimization

Policy gradient methods are sensitive to the choice of the learning rate. If the
learning rate is too high, the action distribution may change dramatically which
makes policy learning unstable. If the learning rate is too low, the policy will

improve too slowly which harms sample efficiency.
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Trust region methods [Schulman et al., 2015a] instead maximize a surrogate

7 (at]st)

objective function E | 2 (at‘St)AW(aﬂst) subject to a constraint on the KL diver-
old

gence between my and my_ ., i.e., the trust region. Instead of solving this complicated

old ?
constrained optimization problem, Proximal Policy Optimization (PPO) [Schulman
et al., 2017] optimizes a clipped surrogate objective which achieves both simplicity

and strong performance empirically, i.e.,
LEP(9) = E [min(ry(0) Ay, clip(r(0),1 — €, 1 4 €))A{] , (2.9)

where 7,(0) = % is the action probability ratio between the updated policy
and the policy before update, € is a hyperparamter that controls the clipping ratio.
Intuitively, if the advantage of a state-action pair is positive, PPO will increase
its probability unless the action probability ratio exceeds 1 + €. In contrast, if
the advantage of a state-action pair is negative, PPO will decrease its probability
unless the action probability ratio is below 1 — €. In general, this clipped objective
maintains the simplicity of policy gradient update while constraining the updated
policy to be not too different from the old policy.

In this thesis, we adopt PPO when learning with RL due to its simplicity,

scalability and strong performance.

2.1.2 Imitation Learning for Robotic Control

Different from RL methods that learn the optimal control policy by interacting
with the environment, imitation learning (IL) [Pomerleau, 1988, Ng and Russell,
2000] assumes access to a set of expert trajectories that show how to optimally
solve the task, and train a policy to imitate the expert’s behaviors.

In this thesis, we adopt Behavior Cloning (BC), a very simple yet effec-
tive IL method that directly predicts the expert actions by supervised learn-
ing. Given a set of expert demonstrations D = {7|i = 1,..., N}, where 7° =
(sg,aé, e ,53{_1,@%_1,3%> is the i-th expert trajectory of states and the corre-

sponding actions at each step, N is the total number of demonstrations. The
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objective function of BC is to maximize the log-likelihood of the expert action

under the policy’s action distribution, i.e.,
LPC(0) = E (g upy~p |~ log m(ai|s})] - (2.10)
Similarly, we can also train a deterministic policy by minimizing the MSE loss.

Compounding Error and Action Chunking

A key challenge in IL is compounding error / covariate shift, i.e., an error in
action prediction of each step may lead to a next state outside the training state
distribution, and the policy does not know how to act properly in this out-of-
distribution state. Even small prediction errors will accumulate quadratically over
time [Ross et al., 2011], which leads the policy to fail.

Action chunking [Chi et al., 2023, Zhao et al., 2023b] provides a simple yet
effective solution to alleviate this issue. Instead of only predicting the action for
the current step, action chunking predicts K steps of actions as my(as.s4x|S¢), which

introduces several key advantages:

1. It reduces the effective task horizon, i.e., the number of times that the policy
is called, by K times. As the compounding error grows quadratically with the

effective horizon length, a shorter horizon will lead to less compounding error.

2. It encourages the policy to predict action sequences with temporal consistency

and smoothness, instead of minimizing myopic single-step prediction error.

However, the control process will change from closed-loop to open-loop when
executing each action chunk. So action chunking is actually reducing compounding
error at the cost of higher feedback error in open-loop control. We thus hypothesize
that its empirical effectiveness may be highly attributed to the fact that prediction
error on a long action sequence can be significantly reduced with expressive model
architectures like Transformer [Zhao et al., 2023b] and learning objectives like
diffusion [Chi et al., 2023], which is easier than improving generalization to out-

of-distribution states.
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Action chunking can be used together with action ensemble to further improve
prediction accuracy and action smoothness, i.e., the policy makes different predic-
tions of a; from step t — K to t, and the final action to execute at step t will be

a weighted sum over all these predictions [Zhao et al., 2023b].

Multi-Modal Action Distribution

Another key challenge in BC is the multi-modality in action distribution, i.e., the
demonstrations may illustrate multiple different optimal actions to take at some
states, such as avoiding an obstacle in front by turning either left or right. However,
the policy will learn to go ahead instead, as this is the action that can minimize
the BC loss but is not reasonable for task solving.

Common approaches to handle multi-modal action distributions include:

1. Discretize the actions into bins, and learn a categorical action distribution

where multi-modal distribution can be easily modeled [Brohan et al., 2023].

2. Use variational autoencoder (VAE) [Kingma and Welling, 2022] to model the

latent variables that determine the variations in actions [Zhao et al., 2023b].

3. Use diffusion-based methods that can naturally model multi-modal distribu-

tions [Chi et al., 2023, Ze et al., 2024].

2.2 Multi-Task Robotic Control as Contextual
MDP

In this section, we extend the MDP formulation of robotic control as introduced in
the last section to a Contextual MDP (CMDP) [Hallak et al., 2015] formulation for
multi-task robotic control. For clarity, we will use superscript k to represent the

index of a task, and subscript t to represent the timestep within an episode.

A CMDP is defined as a tuple (C,S, A, R, T, po,7, H), where
« C is the task context space, with ¢* representing the context of task k;

« S is the state space, with s¥ representing the state at step ¢ in task k;
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A is the action space, with a¥ representing the action at step ¢ in task k;

R:S8 x Ax S8 x C — Ris the reward function, with ¥ = R(s}, af, s, c*);

P:S8xAxS8xC — P(S) is the transition probability function, with
P(sf,|sy,af,c") as the probability of transition to sy, ; if taking action a} in

state s¥ and task context c*;

po : C — P(S) is the initial state distribution of different tasks;

v is the discounting factor; and

H is the maximal horizon length of all tasks.

Compared to MDP, the key difference is the additional term of task context ¢, and
the reward function, transition probability function and initial state distribution
will all further condition on it.

Each unique task context ¢ specifies a different task which can be formulated
as an MDP. In other words, a CMDP can be seen as a set of MDPs, where the
difference between the MDPs is determined by their task context. With this CMDP
formulation, we can easily investigate different generalization dimensions by defining
the context space C in different ways. As shown in Figure 2.1, for generalization
across skills (goals), embodiments, and scenarios as discussed in Section 1.1, the
goal context mainly influences the reward function of the corresponding MDP, while
the embodiment and scenario context mainly influence the transition dynamics
of the MDP. From an RL perspective, both embodiment and scenario context
belong to the environment that the agent interacts with, and we split them apart
mainly for practical purpose, as the embodiment context specifies which robot to
control, while the scenario context specifies all the external factors that influence
environment dynamics beyond the robot itself.

By defining C as the space of different morphologies, we get the universal
morphology control setting that will be investigated in Part II. By defining C as
the space of different language instructions, we get the generalization across skills

setting that will be investigated in Part III. We do not explicitly define the scenario
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Figure 2.1: How different task context of a CMDP influences the reward function or
dynamics of the corresponding MDP.

context, as it includes all remaining environmental factors that can have an influence
on the environment dynamics, which are hard to fully represent in numerical format.
Instead, we expect the generalist policy to learn how to infer and adapt to different
scenario context from its observations and interactions with the environment, and
evaluate its scenario generalization ability in both problem settings. For universal
morphology control, different scenarios correspond to changing terrains that the
robot needs to locomote on. For skill generalization, the policy is evaluated in
scenarios that are not identical to those seen during training, such as different
environment background, object layouts and appearance, etc.

Intuitively, we can also see a CMDP as an MDP with an extended state
space § x C, where the state features corresponding to C cannot change within
an episode. Consequently, to learn a generalist policy to solve a CMDP, it is
natural to further condition the policy on the task context, i.e., learning my(als, ¢)
instead of my(al|s). A key focus of this thesis will be how to condition 7y on ¢
to better represent the complicated dependency between the task context and

the corresponding optimal behaviors.
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2.2.1 Multi-Task Reinforcement Learning for Cross-Embodiment
Control

In this subsection, we formally formulate cross-embodiment control as solving a
CMDP with multi-task RL.

We consider the problem setting of learning a universal policy to control a
set of robots with different morphologies for locomotion, as locomotion is a basic
skill required by legged robots that may appear in different shapes and hardware
configurations. Learning a universal morphology controller can significantly improve
learning efficiency on both existing robots and new ones to be designed in the future.
As shown in Figure 2.2, different morphologies can be seen as topology trees with
different structures. By specifying the task context as the robot morphology, we

can formulate cross-embodiment control as a CMDP as follows:

« The task context c¢* represents morphology information of robot &, such as the
size and mass of each limb and its initial position relative to its parent node,

and an adjacency matrix that defines the topology of the morphology tree;

o The state sF represents sensor inputs from robot k at step ¢, such as the

position and velocity of each limb (node) of the robot;

o The action af is defined as the actuation force that is applied to each joint
(the red circles as shown in Figure 2.2) that connects a limb to its parent limb

in robot k£ at step t;

« The reward rF is defined as the moving distance of robot & in the desired

locomotion direction from step t to t + 1;

o The transition probability function is deterministic, i.e., conditioned on the
robot’s current state and action, its next state is deterministic based on

rigid-body dynamics;

e 7 is set to 1 to maximize the overall locomotion distance within an episode;

and
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Figure 2.2: Two examples (2-leg cheetah and 4-leg ant) of how to convert a robot’s
morphology into a topology tree. For each example, the left image shows the robot in
simulation; the middle plot shows its morphology, with orange rectangles representing
limbs and red circles representing joints; the right plot shows the topology tree, with tree
nodes representing limbs and edges representing joints, and the robot’s torso is defined as
the tree root represented by a square.

e po and H follow their default definitions.

The Modular Design Space Assumption

As different morphologies have different number of limbs and joints, the dimensions
of state and action space will be different across robots (tasks). However, we
assume that all the robots are drawn from a modular design space [Gupta et al.,
2021], i.e., each robot can be seen as a morphology tree over a set of nodes (limbs),
and the node-level state and action space are consistent across different nodes in
different robots. Based on this assumption, we have s¥ = {s/"|li = 1,..., Ny} and
ab = {aj")i = 1,..., Ny}, where Ny is the number of nodes in robot k, and dim(s}")
and dim(a,’f l) are fixed for any k, ¢ and t. The consistency of state and action
dimensions at the node level makes it possible to parameterize the universal policy

as a Graph Neural Network (GNN) [Wu et al., 2020] or Transformer to model node

interactions, which we will discuss in Section 4.1.2.

Learning Objectives

Given a set of K different robots, we aim to learn a universal policy 7 (a¥|s¥, ¢*) to

maximize the average return over all the training morphologies, i.e.,

J(0) = e S (2.11)

In addition to good training performance, we also expect the learned policy to

generalize well to unseen test morphologies in a zero-shot manner.
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We adopt RL instead of IL for cross-embodiment control for the following reasons:

1. It is hard for human to provide expert demonstrations on how different

morphologies locomote.

2. We can easily generate different morphologies, simulate their locomotion
behaviors in different terrains in high fidelity via rigid-body simulators like

Mujoco [Todorov et al., 2012].

2.2.2 Multi-Task Imitation Learning for Cross-Skill Control

In this subsection, we formally formulate cross-skill control as solving a CMDP
with multi-task IL.

Consider the problem of learning a generalist policy that controls a robot
arm to accomplish different manipulation tasks by following language instructions
from human. By specifying the task context as the language instruction, we can

formulate cross-skill control as a CMDP as follows:
 The task context c¢* represents the language instruction of task k;

e The full state of the environment is not observable to the robot. Instead,
the robot receives image observations o; collected by cameras from different
views. o; can also include further inputs like joint states, tactile sensors, depth
images, etc. In this thesis, we focus on image observations alone for simplicity,

while other input modalities can be easily added without loss of generality;

o The action space of a robot arm can be defined in different ways, and we adopt
end-effector position deltas as the action space in the thesis. Specifically, the
action af is a 7D vector including delta in position (3D) and orientation (3D),

and gripper open/close (1D);

o The transition probability function is complicated, including both deterministic
parts like the movement of the robot arm, and nondeterministic parts like

human interventions by moving the object in the scene;
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e The reward function and discounting factor are not needed given that we are

solving an IL problem; and
e po and H follow their default definitions.

As scenario variations mainly influence the visual observations, we expect the
generalist policy to also learn a robust visual representation for scenario gener-

alization during pretraining.

Learning Objectives

Given a set of multi-task demonstrations D = {(I*, {o},ai})]i = 1,..., N}, where
[" is the language instruction of the i-th demonstration, and {0}, a}} is the expert
trajectory of observation-action pairs of the i-th demonstration, we aim to learn
a generalist policy mg(a¢|og+,!) to minimize the BC loss (Equation 2.10) on D.
The learned policy is expected to master the skills that have been seen during
training, and generalize to unseen but relevant skills either in a zero-shot fashion
or via fast adaptation.

We adopt 1L instead of RL for cross-skill control for the following reasons:

1. Unlike locomotion tasks that can be simulated in high fidelity with rigid-
body physics, simulating manipulation tasks requires modeling complicated
interactions between robots and a broad range of different objects, which is
much more challenging especially for deformable objects like clothes, while

RL training on real robots is costly and even dangerous.

2. In recent years, collecting real-robot demonstrations for manipulation tasks
has become much easier and more scalable thanks to the development of many
low-cost teleoperation platforms [Mandlekar et al., 2018, Zhao et al., 2023b,
Fu et al., 2024, Wu et al., 2024b], and many large-scale manipulation datasets
[O'Neill et al., 2024, Khazatsky et al., 2024] have been proposed which make

it possible to pretrain generalist robots for manipulation via IL.
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This chapter introduces necessary background on the neural architectures that
will be frequently used in the works to present in the thesis. We first introduce
Transformer (TF) [Vaswani et al., 2017] in Section 3.1, which is widely used as the
building blocks of different models we propose. Then we introduce Hypernetworks
(HNs) [Ha et al., 2017] in Section 3.2, a hierarchical neural architecture that we

will adopt to achieve different goals in the thesis.

3.1 Transformer

Transformer has achieved great success in recent years, especially in foundation
models, as it provides a very flexible and scalable way to learn from large-scale
data in different domains.

To learn a TF on the data from a specific domain, the first key question is

how to tokenize the data, as TF requires a sequence of token embeddings with the

25
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Figure 3.1: The overview of a TF layer. Image credit to Dosovitskiy et al. [2021].

same dimension as its inputs. Tokenization provides a flexible way to integrate
multi-modality data as TF inputs. For NLP which TF is originally proposed for,
tokenization is straightforward by treating each (sub-)word as a token. For images,
a common practice is to divide an image into image patches with the same size,
and treat each patch as a token [Dosovitskiy et al., 2021]. For numerical features,
we can either treat each scalar feature dimension as a token or treat the whole
feature vector as a token. The tokens then go through a linear projection layer to
get fixed-dimension token embeddings as the inputs to TF.

Figure 3.1 shows the architecture of a TF layer. The key building block is
an attention layer, which requires three input vectors from token i, i.e., a query
q;, a key k; both of dimension dj, and a value vector v; of dimension d,. The
three vectors of all the input tokens are stacked into matrices @), K,V, and the
attention module updates the token embeddings as

Attention(Q, K, V') = softma (QKT)V
neion( /), £, = max\—7m——)V,
Vdy

i.e., the dot product of g; and k; determines how much attention token ¢ pays to
token j to update its token embedding. Usually multiple attention heads are trained

independently to learn different interactions between tokens. The attention block is
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followed by a 2-layer multi-layer perceptron (MLP) with residual connections to
further update the embedding of each token. Several TF layers can be stacked to
further improve model capacity. Note that the TF layer is agnostic to the order of
the input tokens, which is not desirable for domains like NLP where token order
may encode useful information. Thus positional encoding (PE) is usually added to
the token embeddings or attention matrices to make TF be aware of token order.

Output heads are usually added to the final TF layer for prediction. By defining
the loss function over different tokens, TF can flexibly support different learning
objectives. For example, GPT-1 defines the next-token prediction loss over the last
token in the current text [Radford et al., 2018], while Vision Transformer (ViT) de-

fines the image classification loss over a held-out class token [Dosovitskiy et al., 2021].

3.2 Hypernetworks

A hypernetwork (HN) [Ha et al., 2017] is a network that generates the parameters
of a base network ¢ conditioned on some context c, i.e., § = HNy(c), where ¢ are
the HN parameters to learn. This hierarchical architecture offers a powerful tool
for multi-task robotic control, as we can generate different policies for different
tasks conditioned on their task context, instead of using a single policy to solve
different tasks. Please see Figure 3.2 for a comparison between the high-level
architectures of a monolithic policy and an HN-based policy, and refer to Chauhan
et al. [2024b] for a more detailed review of HNs.

An HN typically consists of a context encoder f and several output heads
(parameterized as linear layers) that take the context embedding e = f(c) as input,
and output flattened parameters of different blocks in the base network. For example,
to generate the parameters of a linear layer y = Wax + b, the HN needs two output
heads to generate W and b respectively, i.e., W = hy(e), b = hy(e). If W is a
M x N matrix, and the context embedding dimension is F, then Ay is a linear
layer with input dimension E and output dimension M x N, while h; is a linear

layer with input dimension F and output dimension N. As the whole parameter
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Figure 3.2: Comparison between the high-level architecture of a monolithic policy (left)
and an HN-based policy (right). The learnable parameters that are shared across tasks
are in green, while the HN-generated task-specific parameters are in blue.

generation process is differentiable, we can directly backpropagate from the loss
function defined over the base network outputs to the HN to update ¢.

Note that TF and HN are not mutually exclusive. HN focuses on the high-level
architecture of a model, like monolithic or hierarchical, while TF is a specific neural
module to build up a model. In the thesis, we will frequently use TF as the building

block of both the HN and the generated base network.

Scaling up to Larger Base Networks If the base network to generated by
an HN has N parameters, and the context embedding dimension of the HN is F|
then the number of learnable parameters in the HN output heads will be £ x N.
This makes it hard to scale up the size of the base network, as the model size of
the HN will be further increased by E times. To tackle this challenge, a common
solution is to generate the base parameters in a block-wise or chunk-wise fashion
[Brock et al., 2018, Mahabadi et al., 2021, Chauhan et al., 2024a] by reusing the
output heads, instead of generating all the base parameters at once. For example,
if the base parameters are divided into M chunks, then the size of the HN output
head will be divided by M. The same HN output head is called for M times
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by conditioning on both the context embedding and the chunk ID to generate

different base parameters for each chunk.

3.2.1 Advantages of Hypernetworks

In this subsection, we discuss about some key advantages of using HNs for multi-
task learning, which motivate us to adopt it as a key building block in the works
to present in the thesis.

In general, multi-task learning aims to learn a function y = f(x,¢) to generalize
across different task context c¢. A common approach is to encode the task context ¢
with an embedding function e, then concatenate the context embedding with the
input features for prediction, i.e., y = ¢ (z, e(c¢)), which we name as embedding-based
methods. Alternatively, we have HN-based methods that learn y = g(x;6.), where
0. = h(c) is the parameters of function g generated by the HN h.

Galanti and Wolf [2020] theoretically investigate the function approximation
capacity of these two approaches, and prove that under certain conditions and
when letting the functions e and h be as large as we wish, g can be smaller than
q by orders of magnitude to reach the same level of function approximation error.
They further show that under some further common assumptions on the function
to be approximated, the overall number of trainable parameters in an HN is much
smaller than that of embedding-based methods.

Jayakumar et al. [2020] propose a framework of multiplicative interactions (MI)
to unify different neural architectures that model the interactions between & and
c. Specifically, a MI layer is defined as f(x,c) = c!Wzx + U + Vx + b, where
W is a 3D weight tensor, U, V are 2D weight matrices and b is a vector. Many
commonly used architectures for modeling task conditioning, such as HNs, attention
layers and gating functions, can be seen as different ways to parameterize these
learnable parameters in a MI layer. By setting W/ ='W+ V and ¥ = c'U + b
as HN-generated parameters, we have f(x,c) = W'z + b’, which follows the
same format as a linear layer generated by HN as discussed before. They show

that multiplicative interactions enlarge the hypothesis space of vanilla MLPs, and
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offer a more expressive inductive bias and neural building block to solve some
problem types like multi-task learning.

While these two works mainly focus on theoretical analysis and only experiment
on toy examples and relatively simple tasks, many other works have empirically
validated the effectiveness of HNs on more practical and larger-scale problems in
different domains, such as multi-task learning [Zhang et al., 2019, Yu et al., 2019,
Mahabadi et al., 2021, Navon et al., 2021, Sarafian et al., 2021}, meta learning
[Rusu et al., 2019, Peng et al., 2021, Beck et al., 2023a,b, Rezaei-Shoshtari et al.,
2023, Sendera et al., 2023], continual learning [von Oswald et al., 2020, Huang et al.,
2021}, multi-agent learning [Shamsian et al., 2021, Tessera et al., 2025], etc.

In summary, HNs provide a more expressive and flexible way to model task
conditioning. Compared to embedding-based methods that force hard parameter
sharing across tasks and only condition on the task context via the model input, HNs
enable soft parameter sharing, i.e., each task can have a different set of parameters,
while knowledge transfer is maintained via the HN shared across all the tasks.

In addition to this well-established advantage of HNs for modeling task condition-
ing, we further propose another key advantage of HNs called knowledge decoupling,
i.e., the ability to decouple the optimal policies to solve different tasks in the
parameter space, which can be utilized to significantly improve inference efficiency

of a generalist model and will be discussed in more details in Chapter 7 and 8.

3.2.2 Challenges of Hypernetworks

Despite its advantages as discussed in the previous subsection, training an HN also

introduces new challenges that need to be solved to fully realize its learning potential.

Network Optimization

Successful training of neural networks heavily depends on the proper setup of
many optimization choices, such as network initialization [Glorot and Bengio, 2010,
He et al., 2015], normalization layers [loffe and Szegedy, 2015, Ba et al., 2016]

and gradient transformations [Kingma and Ba, 2014, Loshchilov and Hutter, 2019].
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However, these methods are mainly tailored for training monolithic models, and may
not fit the different optimization dynamics of HNs with hierarchical architectures.
For example, initializing an HN with commonly used Xavier or Kaiming initializers
will lead to extremely large parameter range in the base network and harm the
learning performance. Chang et al. [2020] and Beck et al. [2023a] investigate
how to initialize HNs properly so that the base network is initialized in the same
way as a monolithic network. However, many other optimization choices in HN
training remain underexplored, which may be crucial for stabilizing HN training

and improving its learning performance.
Task Generalization and Overfitting

While HNs provide a more expressive neural architecture to model task conditioning,
they also increase the chance of overfitting, as a small change in the task context
could lead to a very different base policy if the learning process of the HN is not
properly regularized. It is thus important to improve task generalization of HNs
by applying techniques such as data augmentation, dropout and weight decay to

the task space [Chauhan et al., 2024a,b].

We believe that more research into these key challenges will further improve the
performance of HNs, and we will also propose some solutions to these challenges
in the works to present in the thesis, which we find to be critical for improving

the performance of HNs under our problem settings.



32



Literature Review on Cross-Embodiment
Control

Contents
4.1 Main Approaches for Cross-Embodiment Control . . . 34
4.1.1 Robotic Control with Parametric Variations . . . . . . . 34
4.1.2 Morphology-Conditioned Control . . . . . . . ... ... 36
4.1.3 Morphology-Agnostic Control . . . . . . ... ... ... 40
4.2 Other Related Fields . ... ... ... .......... 41
4.2.1 Cross-Domain Transfer Learning . . . . .. .. .. ... 41
4.2.2  Morphology Design and Control . . . . ... ... ... 43

This chapter reviews related work for the first problem setting considered in
the thesis, i.e., learning a universal controller that can generalize across different
embodiments. We fist review main approaches for cross-embodiment control in
Section 4.1, then review literature from other related fields in Section 4.2, including
cross-domain transfer learning and morphology design. In addition to the literature
reviewed in this chapter, we will discuss about some further related work in Part

IT that is relevant to the research topic in Chapter 6 and 7 respectively.
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4.1 Main Approaches for Cross-Embodiment Con-
trol

In this section, we review literature that learns a universal policy to generalize
across robot embodiments, including: (1) Generalization across robots with the same
topology but different kinematics or dynamics parameters, which is an easier setting
with consistent state and action space across robots, but provides an important
cornerstone towards our goal of universal morphology control. (2) Morphology-
aware methods that explicitly condition policy learning on the robot morphology,
which focus on exactly the same problem setting as ours. (3) Morphology-agnostic
methods that learn a cross-embodiment policy without explicitly conditioning

on the robot morphology.

4.1.1 Robotic Control with Parametric Variations

We start from the simplest case of learning a universal policy that can generalize
across robots with the same topology but parametric variations. From a CMDP
perspective, this setting defines the task context as different kinematics and dynamics
parameters of the robot, such as the size, mass, density of its limbs, armature and
damping coefficients, etc. Generalization to parametric variations is desirable

for two main reasons:

1. Due to the high sample complexity of RL algorithms, training a RL controller
on real robots is too expensive or even dangerous. Instead, existing works
mainly follow a sim-to-real transfer [Zhao et al., 2020b] paradigm, i.e., first
train a controller in simulation, then deploy it on real-world robots. However,
as we can’t perfectly simulate the real-world robot and environment, we must
learn a policy that can automatically handle this sim-to-real gap [Peng et al.,

2018] by generalizing across parametric variations.

2. The hardware parameters may change dynamically during deployment, e.g.,
the motor voltage will gradually decrease as the power runs out. Thus the

controller must adapt to such changes during deployment.
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One solution is to learn a policy that is invariant to such variations, i.e., generalize
across different context parameters without explicitly conditioning on the context.
Domain randomization (DR) [Tobin et al., 2017, Peng et al., 2018, Muratore et al.,
2021] is a commonly used approach which trains a policy over a distribution of
tasks with random task configurations to achieve invariance to the variations.

However, DR may not be suitable in many cases where invariance to parametric
variations is hard to learn, e.g., learning an policy that can lift both light and heavy
objects with the same force. Instead, it may make more sense to adaptively adjust
the control policy based on the parametric variations.

When the task context is known in prior, such as changing the size and mass
of the robot, we can learn an adaptive policy by conditioning it not only on the
state, but also on the context parameters [Chen et al., 2018].

However, when the parametric variations are unknown or hard to measure
directly, such as the friction between the robot’s feet and the floor, we need to first
infer the task context based on historical trajectories with a context encoder, wich
is usually parameterized as a recurrent neural network (RNN) or Transformer, then
condition the policy on the inferred task context [Yu et al., 2017, Clavera et al.,
2019, OpenAl et al., 2019, Schoettler et al., 2020, Zhao et al., 2021b, Kumar et al.,
2021, Feng et al., 2023, Beck et al., 2023a,b, Ji et al., 2023, Yu et al., 2023]. This is
very similar to how we train a policy to solve a POMDP as discussed in Section
2.1, as intuitively we can see the unknown task context as the unobserved part of
an augmented state. More formally, meta-RL [Beck et al., 2025] and Bayesian RL
[Duff, 2002, Zintgraf et al., 2020] methods are designed for learning a generalist
policy across a distribution of MDPs with unknown task context. They trade-
off exploration, which infers the unknown task context, and exploitation, which
adapts the policy behaviors based on the agent’s current belief about the task
context to maximize returns. Intuitively, the model learned by these methods
can be decomposed into two components, a context encoder that infers the task
context from the agent’s interaction history with the environment, and a multi-task

policy that adapts its behaviors conditioned on the current inferred task context.
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Moreover, as training the context encoder together with the context-conditioned
policy end-to-end may be hard, many works propose auxiliary losses to help train
the context encoder [Zintgraf et al., 2020, Kumar et al., 2021, Liu et al., 2021b],

such as minimizing a reconstruction error on predicting future states, etc.

4.1.2 Morphology-Conditioned Control

Compared to generalization across parametric variations with the same robot
morphology, generalization across different morphologies introduces several new chal-

lenges:

1. The state and action space dimensions are inconsistent across morphologies

(tasks).

2. While each state feature dimension has the same physical meaning across
different robots with the same topology, this does not hold across robots
with different morphologies. For example, the first feature in the state vector
may represent the x position of the torso for one robot, but represent the
x position of a front leg for another robot. In other words, there is not a
consistent order of limbs across different morphologies, and the policy needs

to be order-invariant to tackle this issue.

3. The diversity between the optimal control policies for different morphologies

may be significantly larger than that of robots only with parametric variations.

In this subsection, we review literature that aims to tackle these challenges by

learning a universal policy which explicitly conditions on the morphology context.
MLP-Based Methods

We start from the simplest idea of learning an MLP-based controller, which is
usually sufficient to generalize across robots with only parametric variations, but
fails to tackle the above challenges for universal morphology control.

To learn an MLP policy for the state and action space defined over a morphology

tree, we first need some way to order the limbs, so that we can concatenate their
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node-wise states and actions into 1D vectors as the MLP’s input and output. As
the morphology of a robot has a tree structure, the limbs in each robot are usually
ordered by some tree traversal methods like depth-first search [Gupta et al., 2022].

To handle the variable number of limbs across different robots, it is common to
assume a maximal limb number N,,.., and zero-pad the state and action vectors
to this maximal length so that the state and action dimensions are aligned across
different robots. To condition the policy on the morphology context, the node-wise

ki

context features ¢ are concatenated with the state features sf " as node-wise input

[Gupta et al., 2022], where k and i are robot index and limb index respectively. So

the final input to the multi-robot MLP policy is 2F = [xf’l, xf’2, . ,xf’N‘“, 0,...,0],

where z}"" = [s}"", o]

, and Ny is the number of limbs in robot k.

A key limitation of MLP-based methods for universal morphology control is
that it is not invariant to the order of limbs across robots, i.e., the same set of
MLP parameters is used to process the i-th limb’s features of all the robots, though
these limbs may have very different physical meanings across robots. This may

explain why MLP-based methods perform poorly for universal morphology control

as reported in previous work [Wang et al., 2018, Gupta et al., 2022].

GNN-Based Methods

NerveNet [Wang et al., 2018] utilizes the fact that the morphology of a robot
is a graph (tree), and uses GNNs [Kipf and Welling, 2017, Gilmer et al., 2017,
Hamilton et al., 2017, Velickovi¢ et al., 2018, Seo et al., 2018] as the controller to
handle morphology graphs with arbitrary sizes. It achieves similar single-robot
performance as MLPs, and significantly outperforms MLPs for multi-robot training
and transfers better to unseen morphologies.

Huang et al. [2020] further utilize the fact that the morphology graph actually
follows a tree structure. Thus instead of doing message passing across neighborhood
as in standard GNNs, they propose a tree-structured network called Shared Modular
Policy (SMP), which first aggregates morphology information into a root node with a

bottom-up module, then propagates control signals from the root to subtrees with a



38 4.1. Main Approaches for Cross-Embodiment Control

top-down module. SMP achieves much better training and zero-shot generalization

performance compared to MLP-based methods.

Transformer-Based Methods

While NerveNet and SMP build their computational graph identical to the mor-
phology graph, Kurin et al. [2021] show that the benefits introduced by GNN’s
structural inductive bias may be outweighed by the difficulty of message passing
between distant nodes on the graph [Li et al., 2018], e.g., they show that building a
computational graph with all nodes connected to a virtual root node can achieve
similar or even slightly better performance compared to building the computational
graph based on physical connections. Consequently, they propose Amorpheus, a
Transformer-based policy to enable immediate interactions between any node pairs,
which achieves better performance than SMP and NerveNet.

However, while Transformers achieve better performance than GNNs for universal
morphology control, they ignore the structural information which may be helpful for
learning. Consequently, Hong et al. [2022] propose Structure-aWAre Transformer
(SWAT), which uses Amorpheus as the backbone, and further introduces traversal-
based positional encoding (PE) and graph-based relational embedding (RE) to
encode morphology information. SWAT outperforms Amorpheus in both training
and zero-shot generalization performance on the multi-robot benchmark as proposed
in Huang et al. [2020], which validates the importance of distinguishing between
limbs that play different roles in different robots. Interestingly, they show that
when trained on multiple morphology types, Amorpheus controls a humanoid
robot by jumping forward, as this is how other robot types (such as hopper)
move forward and such knowledge hinders humanoid to learn its optimal control
policy. On the other hand, SWAT correctly controls humanoid by walking forward,
thanks to the structural encoding which helps maintain structure-specific behaviors
when necessary.

Similar to SWAT, MetaMorph [Gupta et al., 2022] is also a Transformer-based

method. It builds upon the insight that robot morphology is just another modality



4. Literature Review on Cross-Embodiment Control 39

on which we can condition the output of a Transformer. In addition to PE,
they add node-wise context features as additional node inputs to better learn a
morphology-conditioned controller. Furthermore, instead of uniformly sampling
training morphologies, they propose a dynamic replay buffer balancing scheme,
which prioritizes the morphologies that have relatively lower training performance,
so that the training process won’t be dominated by the robots that are easier to
control. They experiment on a benchmark called UNIMAL [Gupta et al., 2021]
with 100 training and test robots respectively, and achieve better training and
generalization performance than baselines like Amorpheus [Kurin et al., 2021].

Dong et al. [2022] investigate universal morphology control on robots with
high Degree of Freedom (DoF). They propose a hierarchical architecture called
Synergy-Oriented LeARning (SOLAR), which groups actuators into synergies by
an unsupervised learning method, and learns a synergy action to control multiple
actuators in synchrony to reduce action dimensions. SOLAR builds upon Amorpheus
and achieves better training and generalization performance, especially on the
morphologies with higher DoF'.

More recent works further pretrain on a larger distribution of morphologies to
enable broader generalization [Bohlinger et al., 2025, Liu et al., 2025b], improve
representation learning of morphology context to better encode the different roles
of the limbs in different robots [Hao et al., 2024, Li et al., 2024a, Luo et al.,
2025], and introduce recurrence into the policy to better encode unobserved context

information [Engwegen et al., 2025, Liu et al., 2025b].

Generalization across both Morphologies and Goals

All the methods reviewed so far can only generalize across different morphologies
to achieve a single goal, like maximizing locomotion distance. To enable broader
generalization across both morphologies and goals, Devin et al. [2017] decom-
pose the control policy into a robot-specific module and a goal-specific module.
Such decomposition enables combinatorial generalization to novel robot-goal pairs.

However, it can not zero-shot generalize to robots or goals that do not exist in
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the training set. Furuta et al. [2023] propose morphology-goal graph by treating
observations, actions and goals in a unified graph representation. Specifically, they
treat the goal conditions as extra nodes in the morphology graph, which is able to
cover a wide range of common goals such as locomotion, reaching, manipulation
and twisting. They propose a new benchmark called MxT-Bench, which includes
more diverse morphologies and goals compared to previous ones [Huang et al.,
2020, Gupta et al., 2022], and show better training and generalization performance

compared to baseline methods.

4.1.3 Morphology-Agnostic Control

Unlike morphology-conditioned methods, morphology-agnostic methods learn a
universal policy without explicitly conditioning on the morphology context.

One way to achieve this goal is to find invariant state and action spaces across
different morphologies. For example, although different robot arms may have
different DoF and size, the action space for the end-effector is usually identical,
i.e., 3D position + 3D rotation + 1D gripper open/close, and the actions of the
arm joints can be analytically derived by inverse kinematics. Utilizing such prior
knowledge in robotics, many VLAs can generalize across different robot arms in a
morphology-agnostic way [O’Neill et al., 2024, Ghosh et al., 2024, Kim et al., 2024]
(see Chapter 5 for a more detailed review of VLAs). However, it is only applicable
to the problem settings where an aligned action space exists, but cannot work in
the more complicated setting of locomotion with different morphologies.

Another line of works does not require manual alignment of action space, but
utilizes the strong sequence-to-sequence generation ability of Transformer to map
from observations to actions by tokenizing everything [Reed et al., 2022, Trabucco
et al., 2022, Wang et al., 2024a, Yang et al., 2024, Doshi et al., 2024]. They can
flexibly generalize across manipulation, navigation and locomotion tasks by using
different token blocks for different embodiments and goals. The irrelevant token
blocks are masked out when solving a specific task, while the TF backbone is

shared across all the tasks to facilitate knowledge transfer. These approaches utilize
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tokenization as a flexible and unified interface to train on data collected from a
broad range of morphologies, but at the cost of losing potentially useful structural
information in the morphology context, and cannot zero-shot generalize to a new

embodiment which the policy does not know how to tokenize.

4.2 Other Related Fields

This section reviews literature in two fields related to universal morphology control.
First, we review cross-domain transfer learning, which investigates how to efficiently
transfer skills from a source robot to a target robot, which is different from universal
morphology control that aims to learn a universal policy that can generalize across
many different morphologies. Second, we review literature on morphology design
and control, where we need to jointly learn both the optimal morphology design

and its corresponding control policy to solve a specific task.

4.2.1 Cross-Domain Transfer Learning

In addition to learning a universal controller with generalization ability, another
way to accelerate learning on a new robot is to transfer the knowledge from an
expert source robot to a target robot. This transfer learning [Taylor and Stone,
2009, Zhu et al., 2023] paradigm is called cross-domain transfer (imitation) learning
in literature, where different domains correspond to different morphologies under
our problem setting. The learning objective is to utilize expert behaviors from the
source robot to accelerate the target robot’s learning on a specific task.

In addition to the source robot’s demonstration data on the target task we want
to solve, these methods usually also require trajectories on some proxy tasks from
both the source and target robots to learn the correspondence between the two
robots. We categorize the literature in this field according to what kind of data

on the proxy tasks is required to enable knowledge transfer.
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Data on Proxy Tasks with Time Alignment This line of work uses the
skills learned by both agents on some proxy tasks to learn an invariant feature
space, which is then used to transfer other skills from the source robot to the target
robot [Gupta et al., 2017, Hu and Montana, 2019]. Specifically, a state encoder
is learned for each robot, which maps the state vector to an embedding in the
shared invariant space. The encoders are trained to minimize the distance between
the embeddings of time-aligned state pairs of the two robots in the shared feature
space. Consequently, time-aligned data on some proxy tasks is required for encoder
training. When transferring the skill to learn, the embedding distance between the
two robots in the invariant feature space is used as a shaping reward to accelerate

the learning process of the target robot on the target task.

Data on Proxy Tasks without Time Alignment As it is expensive or even
impossible to acquire time-aligned data on proxy tasks, this line of work aims to
relax the time alignment assumption by aligning the trajectory distribution instead
of state pairs on the proxy tasks [Kim et al., 2020, Zhang et al., 2021, Watahiki
et al., 2022]. To compensate for the loss of temporal correspondence information in
the data, these methods propose additional objectives to regularize the distribution
matching process, such as using cycle consistency [Zhu et al., 2017].

While the aforementioned methods optimize for distribution matching at the
state level, Hejna et al. [2020] and Shankar et al. [2022] learn cross-morphology
correspondence at a skill level, motivated by the assumption that robots with
different morphologies use similar high-level skill sequences to solve similar tasks,
while the low-level primitive actions that constitute a skill may not be well aligned

between morphologies.

No Proxy Tasks While all previously mentioned methods require data on some
proxy tasks to learn the state and action correspondence between morphologies,
Fickinger et al. [2022] directly align and compare states between morphologies based
on optimal transport [Villani et al., 2009] to enable cross-morphology transfer with

a single demonstration from the source robot on the target task.
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Other Approaches In addition to transferring from a fixed source robot, Liu et al.
[2022] gradually evolve the morphology of the source robot to match the morphology
of the target robot, which forms a curriculum with only slight morphology change

at each step to accelerate the transfer learning process.

4.2.2 Morphology Design and Control

All the literature reviewed so far assumes a set of pre-given morphologies on which
a universal controller is trained. However, in many real-world problems, we do
not know what morphologies are suitable to solve a task in prior, and need to
jointly design a good morphology and learn its control policy. This joint design and
control problem can be seen as a bi-level optimization [Colson et al., 2007] problem,
consisting of an outer-loop searching for the optimal design, and an inner-loop

learning the optimal controller for a specific design, i.e.,

M = argmﬁXJ(M, ™),

subject to  my = arg max Iy (m),

where M and 7, are the morphology design and its corresponding controller re-
spectively. A key challenge here is learning efficiency, as the inner-loop optimization
itself is a time-consuming RL problem, and the outer-loop involves searching in a
combinatorial design space. A lot of efforts have been put into accelerating this
joint process, and we categorize the literature in this field based on whether they

mainly accelerate the inner-loop or the outer-loop.

Inner-Loop Acceleration Instead of training a controller for each morphology
from scratch, knowledge sharing across morphologies is the main idea to accelerate
inner-loop optimization, which shares a similar motivation as universal morphology
control. Schaff et al. [2019], Luck et al. [2020], Belmonte-Baeza et al. [2022] train a
universal controller on a distribution of designs to quickly evaluate the performance
of a new design. However, these methods can only tune the hardware parameters of

a robot, while the robot morphology needs to be fixed. To enable designs of different
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morphologies, Wang et al. [2019] use GNNs as the controller, which accelerates
inner-loop optimization on new morphologies by reusing the GNN parameters across
different morphology graphs. Pathak et al. [2019] propose to assemble a set of
identical modules into a more complex morphology, so morphology design turns
into how to determine the assembling action of each module in each time step,

which can be learned jointly with the motor actions by RL.

Outer-Loop Acceleration Evolution algorithms [Sims, 1994, Wang et al., 2019]
are commonly adopted for the outer-loop optimization, which are known to suffer
from low sample efficiency. Liao et al. [2019] utilize Bayesian Optimization [Shahriari
et al., 2015] to improve searching efficiency in the design space, but can only search
for hardware parameters of a fixed morphology. Yuan et al. [2022] and Wang et al.
[2023] formulate the joint design and control problem as a unified RL problem,
which is significantly more efficient than non-differentiable evolution algorithms.
Zhao et al. [2020a] propose a graph grammar to express possible robot morphologies,
which turns robot design into the combination of a sequence of grammar rules.
They introduce a heuristic-based method to efficiently search in the combinatorial

design spaces built upon their graph grammars.

Task-Agnostic Morphology Design All the methods reviewed so far aim
to find the optimal morphology design for a specific task, which requires a huge
amount of reward labeling during the learning process. 111 et al. [2021] use evolution
algorithms to search for a set of morphologies suitable for an environment in a
task-agnostic way. A population of robots are controlled by randomly sampled
action primitives, and an information-theoretic objective [Barber and Agakov, 2003]
is used to rank the robots by their ability to reach diverse states in the environment
and the causality of their actions. They show that the evolved morphologies can
achieve similar performance on downstream tasks compared to those found with

task-specific rewards [Wang et al., 2019].
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This chapter reviews related work for the second problem setting considered in
the thesis, i.e., learning a generalist policy to perform different skills or accomplish
different goals. The idea of learning a goal-conditioned generalist policy to solve
different tasks has been extensively explored long before the era of foundation
models. Similar to how a generalist policy across dynamics and kinetics variations is
learned as introduced in Chapter 4.1.1, a generalist policy across skills/goals can be
learned by explicitly conditioning on known task context information [Schaul et al.,
2015, Andrychowicz et al., 2017, Yu et al., 2020b, Yang et al., 2020, Kalashnikov
et al., 2022], such as the goal position of an object to move, and inferring unknown
task context from interaction history with the environment [Duan et al., 2016,

Zintgraf et al., 2020, Beck et al., 2023a, Chen et al., 2022, Qi et al., 2023, Liang
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et al., 2024a, Memmel et al., 2024], such as the shape and mass of an object which
are unknown to the policy. But most of these works can only generalize within a
limited task distribution, e.g., picking up objects with different shapes, solve simple
short-horizon tasks in structured environments, such as table-top manipulation
without distractor objects, or require privilege information in simulation during
policy training, which limit their scalability to real-world scenarios that are more
unstructured and require broader generalization. Only with the recent emergence
of foundation models, it has become possible to learn a generalist robot that can
interact more naturally with people by following language instructions and work in
unstructured real-world environments by utilizing the strong generalization ability
of LLMs and VLMs. In this thesis, we specifically focus on VLA models, as they
take language instructions (L) and visual observations (V) as inputs to predict robot
actions (A), which perfectly match the need of language-conditioned generalization
across skills in our problem setting.

We review VLAs from the following perspectives: In Section 5.1, we first take
the Robotics Transformer (RT) model series [Brohan et al., 2023, Zitkovich et al.,
2023, O'Neill et al., 2024, Belkhale et al., 2024, Gu et al., 2024] as an illustrative
example to show how some key ideas in VLAs are gradually developed. Then in
Section 5.2, we discuss about key design choices in VLA pretraining, which lays the
foundation for Part III of the thesis. In Section 5.3 and 5.4, we review literature
for VLA inference acceleration and fine-tuning, which are closely related to the
works to present in Chapter 8 and 9 respectively.

Note that the main goal of this section is to highlight the key ideas in the
development of VLA models, instead of providing an exhaustive survey, given that
this is a rapidly evolving research area with a large volume of recent publications.
Please see Ma et al. [2025], Din et al. [2025], Kawaharazuka et al. [2025], Zhong

et al. [2025a] for more detailed reviews on VLAs.
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5.1 RT Model Series as an Illustrative Example

In this section, we take the RT model series as an example to illustrate the
development of some key ideas in VLAs.

Inspired by the great success of foundation models in domains like NLP and
CV, RT-1 [Brohan et al., 2023] is a pioneering VLA that validates the effectiveness
of pretraining high-capacity models on large-scale robotic data to achieve strong
generalization across a diverse range of robotic tasks. RT-1 uses EfficientNet [Tan
and Le, 2019] as the visual encoder, adds FiLM layers [Perez et al., 2018] to it
for language conditioning, and applies a Transformer on the features extracted by
the EfficientNet to predict discretized action tokens. It is trained on about 130k
demonstrations of more than 700 different skills.

While RT-1 is trained from scratch on robotic data alone, RT-2 [Brohan et al.,
2023] investigates if we can build VLAs upon existing language and vision backbones
to utilize their strong generalization ability learned from web-scale data, which is
significantly larger than the scale of the robotic data used to train RT-1. RT-2
uses existing Vision Language Models (VLMs) [Chen et al., 2024, Driess et al.,
2023] as the backbone, and co-fine-tunes them with both the robotic data from
RT-1 and the VLMs’ original training data. It performs similarly as RT-1 on
seen tasks, while generalizing much better to unseen tasks, which validates the
effectiveness of transferring the knowledge from existing VLMs for broader task
generalization. Please see Figure 5.1 for a comparison between the high-level
architectures of RT-1 and RT-2.

Due to the high cost of collecting robotic data, instead of learning with the
data collected by a single type of robot, O’Neill et al. [2024] propose the Open
X-Embodiment (OXE) dataset which integrate a set of robotic datasets collected
by different robots from different affiliations. They train RT-1 and RT-2 on this
significantly expanded dataset and observe promising performance improvement
and skill transfer across embodiments, which validates the effectiveness of learning

from cross-embodiment robotic datasets.



48 5.1. RT Model Series as an Illustrative Example

Discrete
- Action
Instruction
RT-1-X
Images
FILM EfficientNet  Transformer
Discrete
Instruction Action
|mage RT'2'X
VIiT LLM De-Tokenizer

Figure 5.1: Comparison between the high-level architectures of RT-1 and RT-2. Image
credit to O'Neill et al. [2024].

All the RT models introduced so far are trained to directly predict primitive ac-
tions from high-level language instructions and image observations in an end-to-end
fashion, which lack intermediate representations that may facilitate generalization,
especially given that the size of robotic datasets collected nowadays is still much
smaller than the size of datasets used for LLM and VLM training. To tackle this
challenge, RT-H [Belkhale et al., 2024] uses low-level language instructions that are
more transferable across tasks as an intermediate layer between high-level command
and primitive actions, and RT-Trajectory [Gu et al., 2024] uses robot trajectories
as the intermediate representation on which the policy conditions, both achieving
better generalization performance especially on unseen tasks.

Based on this overview of the RT model series, we learn three key lessons

for training a better VLA:
1. Scale up the training data.

2. Scale up the model capacity and utilize existing language and vision foundation

models as the backbone.

3. Design effective intermediate representations to facilitate generalization, at

least before we can collect a huge enough robotic dataset such that the benefits
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of learning from data outweigh the benefits of introducing human-designed

inductive bias [Sutton, 2019].

These key points serve as a high-level guidance that motivates many of the VLAs

that we will broadly review in the next section.

5.2 Pretraining
In this section, we review some key design choices in VLA pretraining.

5.2.1 Action Tokenization and Generation

Although the research community has reached a consensus on standard practices
for tokenizing language and visual inputs, robotic action is a new modality raised
with the recent emergence of VLAs, and different approaches have been explored
for action tokenization.

As actions are multi-dimension continuous values in their original format, the
most straightforward approach is to just predict their numerical values with an
MLP action head attached to the output layer of the policy network. This approach
has achieved some promising results [Figure, 2024, Kim et al., 2025], but may not
well handle multi-modal action distributions as discussed in Section 2.1.2.

To handle multi-modal action distributions, many VLAs have adopted diffusion
[Sohl-Dickstein et al., 2015, Ho et al., 2020] or flow matching [Lipman et al., 2023]
for action generation [Black et al., 2025b, Ghosh et al., 2024, Liu et al., 2025¢].
This is usually achieved by separately learning an action expert that conditions
its action denoising process on the output from a TF policy backbone which
processes language and visual inputs.

To align with the next token prediction paradigm of most existing foundation
models, another popular action tokenization approach is to discretize each dimension
of a continuous action vector into action bins and treat each separate bin as a
token [Brohan et al., 2023]. Then action prediction can be seen as generating a

sequence of action tokens in an autoregressive way trained with cross-entropy loss.
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Further improvements have been proposed to compensate for the precision loss in
discretization [Shafiullah et al., 2022], and compress the generated action token

sequence via discrete cosine transform [Pertsch et al., 2025].

5.2.2 Intermediate Representations and Model Hierarchy

As discussed in the previous section, fully end-to-end learning that directly maps
from language and visual inputs to action outputs is still very hard due to the limited
amount of robotic data we have nowadays, and it could be beneficial to learn some
intermediate representations that facilitate generalization. On one hand, language
instructions may be too semantically different to learn shareable knowledge across
tasks. For example, “pick coke can” and “close drawer” look very different, but they
both contain a more fine-grained skill of moving close to some goal objects that
transfers better across tasks [Belkhale et al., 2024]. On the other hand, raw actions
can be very different across robot embodiments which may hinder knowledge transfer
when training on a cross-embodiment dataset [O’Neill et al., 2024]. For example, a
gripper and a dexterous hand have very different action spaces, but they may look
more similar if we compare their behaviors from a more abstract level like the robot
trajectory [Gu et al., 2024]. Thus learning a proper middle-level representation can
serve as a bridge between high-level language task specification and low-level raw
actions, i.e., instead of directly learning a monolithic VLA as m(a|og., (), we can learn
both a high-level policy Thign(c/|0o., [) that generates some middle-level context
representation ¢4 based on the language instruction and the observations, and a
low-level policy Ty (a|0g., ™) that predicts the raw actions based on the current
middle-level context and observations. Please see Figure 5.2 for an overview of the
high-level architecture of a hierarchical VLA. This hierarchical VLA architecture
also provides a natural way for inference acceleration, as we will discuss later.
We categorize existing works in this direction according to what intermediate
representations they learn [Zhong et al., 2025a]. A straightforward idea is to
decompose the high-level instruction into a sequence of more fine-grained instructions

by utilizing the strong reasoning and planning ability of existing LLMs and VLMs
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Figure 5.2: The overall architecture of a hierarchical VLA. We use dashed and solid
lines to show the data flow for the high-level and low-level policy respectively to highlight
that they can operate at different frequency. The box for low-level policy is smaller as it
usually has a smaller size than the high-level policy.

[Ichter et al., 2023, Driess et al., 2023, Huang et al., 2023b, Mu et al., 2023, Black
et al., 2025a, Shi et al., 2025b], which is especially important for solving long-
horizon tasks that require task decomposition. While natural language may be
ambiguous for (sub-)goal specification, formal language like linear temporal logic
(LTL) provides unambiguous target representation for instruction grounding [Liu
et al., 2023b, Pan et al., 2023]. Extending LTL from relatively simple benchmarks
[Vaezipoor et al., 2021, Qiu et al., 2023, Jackermeier and Abate, 2025] to VLA
application in real-world scenarios is a promising direction for future work, while
some key challenges remain to be solved, such as how to decompose diverse high-level
instructions, e.g., “clean bedroom”, into a set of atomic propositions that (1) are
generalizable across tasks; and (2) can be accurately and efficiently labeled based
on high-dimensional image observations. Sub-goals can be generated not only in
language format, but also in the pixel space. The visual sub-goal can be specified
by either an image [Black et al., 2024, Ni et al., 2024, Zhao et al., 2025, Zhang
et al., 2025¢], or a video [Bharadhwaj et al., 2024, Hu et al., 2025b, Gao et al., 2025,
Zhang et al., 2025a] upon which an inverse dynamics model is trained for action
prediction. Another main body of works generate intermediate representations that

can provide more guidance on where or how to interact with the environment, such
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as keypoint [Huang et al., 2025b, Pan et al., 2025], bounding box [Stone et al.,
2023, Deng et al., 2025, Zhong et al., 2025b], robot trajectory [Huang et al., 2023a,
Gu et al., 2024, Li et al., 2025b, Xu et al., 2025b], etc. Learning latent actions as
the intermediate representation has also been investigated to better mitigate the
embodiment gaps between different robots and utilize the huge amount of actionless
videos from the Internet [NVIDIA et al., 2025, Bu et al., 2025a,c, Ye et al., 2025].

However, learning intermediate representations also introduces new challenges
compared to end-to-end learning. First, the pretraining process is usually divided
into several stages, and the prediction error in each stage will accumulate and
influence the performance of the subsequent stages. Second, the learning objectives
between different stages may not be well aligned. Finally, some intermediate
representations, such as goal images and videos, are time-consuming to generate,
which introduce additional inference latency to the model. So as the size of
robotic datasets increases, directly learning from data may gradually outperform
introducing human-designed intermediate representations according to the “bitter
lesson” [Sutton, 2019], while high-level task decomposition that has little interference

with low-level control may still be necessary and helpful.

5.2.3 Scaling up Training Data

Motivated by the great success of pretraining on web-scale data in NLP and CV and
the recently promising results of scaling up robotic datasets [Brohan et al., 2023,
Walke et al., 2023, O'Neill et al., 2024], a greater effort has been put into collecting
robotic data in even larger scale [Khazatsky et al., 2024, Black et al., 2025b, Bu
et al., 2025a, NVIDIA et al., 2025]. Furthermore, it has been found that improving
task diversity and data quality [Lin et al., 2025, Shi et al., 2025¢, Xing et al., 2025]
is more important than simply increasing the absolute number of demonstrations,
which provides valuable guidance on how to scale up data collection in the future.

However, given the high cost of collecting real-world robotic demonstrations,
another research focus is how to utilize other data sources for generalist policy

learning, such as simulated and synthetic data, human videos and web data. As
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Figure 5.3: Data pyramid of different data sources for training generalist robots. The
data quantity decreases from bottom to top, while the data quality, i.e., alignment with
the target robot in embodiment, task and environment, increases. Image credit to NVIDIA
et al. [2025].

shown in Figure 5.3, a data pyramid is usually used to show the trade-off between
data quantity and quality of these different data sources. At the top level is real-
world robotic data that best aligns with the robot embodiment and environment
that will be seen during deployment. At the middle level, synthetic data can be
generated in a cheaper way at a larger scale by either high-fidelity simulation
[James et al., 2020, Gu et al., 2023, Nasiriany et al., 2024, Wang et al., 2024c] or
trajectory generation by augmenting existing real-world demonstrations [Mandlekar
et al., 2023, Jiang et al., 2024, NVIDIA et al., 2025]. However, synthetic data
generated in this way has sim-to-real gap, may suffer from hallucination in neural
generation, and is hard to generate for complicated tasks like folding clothes. At
the bottom level, human videos and web data [Goyal et al., 2017, Damen et al.,
2022, Grauman et al., 2022, 2024| provide the richest source of data that can help
learn visual representation and world dynamics, but they are usually actionless and

have significant domain gap to robotic control in embodiment, camera view, etc.
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To learn from videos without action labels, common approaches include pretraining
visual representations from videos for downstream control tasks [Nair et al., 2023,
Wu et al., 2024a, Cheang et al., 2024], semantic matching [Sikchi et al., 2024],
and learning latent actions as pseudo action labels for videos as discussed before
[INVIDIA et al., 2025, Bu et al., 2025a,c, Ye et al., 2025].

In addition to scaling up data size, another important dimension to expand is to
collect and learn from robotic data with more input modalities [Zhen et al., 2024,
Bi et al., 2025b, Hao et al., 2025, Huang et al., 2025a, Yu et al., 2025], such as 3D
point cloud, tactile, force feedback, etc., which provide valuable information beyond

the scope of visual inputs alone, especially for contact-rich tasks.

5.3 Inference Efficiency

While robotic foundation models significantly improve task generalization and perfor-
mance compared to conventional specialist models, they also introduce significantly
higher inference cost due to their huge model size, which is a key bottleneck for
deployment on real robots with constrained computational resources and battery
life, and hinders dexterous manipulation that requires high-frequency operations.

To accelerate VLA inference efficiency, we can either reduce the amount of
time/computation required for each model forward pass, or reduce the frequency
of model calling.

To reduce the computation involved in each model calling, a straightforward way
is to reduce the model size of VLAs by using smaller backbone models [Belkhale
and Sadigh, 2024, Wen et al., 2025, Shukor et al., 2025]. Another idea is to early
exit from an intermediate layer of a huge VLA if the layer output is sufficient for
action prediction [Yue et al., 2024]. For VL As that predict discrete action tokens in
an autoregressive way, inference can be accelerated by action sequence compression
[Pertsch et al., 2025] and converting from autoregressive action generation to
parallel generation [Kim et al., 2025, Song et al., 2025].

To reduce the frequency of model calling, a common approach is to adopt action

chunking [Zhao et al., 2023b, Ghosh et al., 2024, Black et al., 2025b] as introduced



5. Literature Review on Cross-Skill Control 55

in Section 2.1.2 to predict K steps of actions at each inference step for execution,
so that the VLA can be called only every K environment steps. Instead of training
a monolithic model that infers at a fixed frequency, hierarchical (dual-system)
VLAs [Bu et al., 2025b, Figure, 2024, Han et al., 2024, Shentu et al., 2024, Zhang
et al., 2025b, NVIDIA et al., 2025, Cui et al., 2025, Zhou et al., 2025] learn both a
high-level planner that generates a latent goal, and a low-level policy that conditions
on this latent goal to generate per-step actions. The high-level planner has a larger
model size to solve complicated reasoning and planning tasks and works at a low
frequency, while the low-level controller has a smaller model size and works at a
high frequency. This asynchronous mechanism reduces the overall inference cost,
and resembles System I and II thinking in human brains [Kahneman, 2011].

In Chapter 8, we will propose an HN-based inference acceleration method that
is orthogonal to the acceleration methods as reviewed above, which can be easily

combined with them for further acceleration of VLA inference.

5.4 Downstream Fine-Tuning

While VLAs show promising zero-shot generalization performance, they still require
further fine-tuning to achieve satisfying performance on downstream tasks for
deployment in real world. To reduce the cost and difficulty of deployment, the
fine-tuning process should be both sample- and computation-efficient.

Similar to LLMs and VLMs, VLAs also show strong few-shot adaptation ability
to new tasks by utilizing their strong prior knowledge learned from large-scale
pretraining. It has been widely shown that VLAs can fast adapt to a new task
by just fine-tuning on a moderate amount of demonstrations collected from it,
significantly outperforming learning from scratch on the new task with the same
amount of data, which demonstrates the importance of large-scale pretraining [Ghosh
et al., 2024, Black et al., 2025b, Kim et al., 2024, Liu et al., 2025¢|. Instead of
fine-tuning the whole VLA which is computationally expensive, parameter-efficient
fine-tuning methods like LoRA [Hu et al., 2022] have been shown to achieve similar

fine-tuning performance while being significantly more efficient [Kim et al., 2024].
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Kim et al. [2025] systematically investigate some key design choices in VLA fine-
tuning, including action decoding schemes, action representations and learning
objectives, and show that fine-tuning with a proper combination of these choices
can significantly outperform fine-tuning with the same recipe as pretraining.
While supervised fine-tuning (SFT) as introduced above has achieved promising
progress, its performance is limited by the quality of human demonstrations. On the
contrary, RL fine-tuning (RFT) provides the opportunity to let a VLA continuously
improve its performance by learning from its own experience [Hu et al., 2025a, Chen
et al., 2025, Guo et al., 2025, Liu et al., 2025a, Lu et al., 2025]. However, RFT also
introduces new challenges. First, unlike in simulation, environment reset and reward
specification are hard when running RL on real robots, which explains why most
works in this direction only fine-tune on simulation tasks. Second, collecting data
on real robots in large scale is expensive and even dangerous, which requires RFT
to be sample-efficient and safety-constrained. Finally, reward design for complicated
tasks is a tedious work, which may be even harder and more time-consuming than
collecting demonstrations for SE'T, thus requires further automation. Tackling these

challenges is important for realizing the full potential of RF'T in robotics.
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In this chapter and the next, we will investigate the first problem setting of
cross-embodiment control, i.e., learning a universal locomotion policy that can
both perform well on a set of training robots, and zero-shot generalize to unseen
morphologies via multi-task RL.

This chapter proposes ModuMorph, a hierarchical Transformer-based model that

59
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improves cross-embodiment pretraining via contextual modulation. We start by
analyzing the limitations of existing methods in modeling morphology conditioning,
and propose to tackle this challenge via contextual modulation in Section 6.1. In
Section 6.2, we give a background introduction on MetaMorph [Gupta et al., 2022],
the baseline method that we will improve upon in this chapter. Our methodology
is introduced in Section 6.3. We present the experimental setup and results in
Section 6.4 and 6.5 respectively, and end this chapter with a review of related

work and discussion on future work.

6.1 Introduction

As introduced in Section 4.1.2, Transformer-based methods [Kurin et al., 2021, Gupta
et al., 2022, Hong et al., 2022] have achieved state-of-the-art (SOTA) performance for
universal morphology control, as they provide a natural and expressive approach to
model the interactions between arbitrary number of limbs in different morphologies.

However, little attention has been paid to how to effectively utilize the morphol-
ogy context in the control policy. While previous work proposes to concatenate
morphology context to the node-wise state vector as an additional input to the
policy network [Gupta et al., 2022], or add a morphology-aware positional encoding
(PE) to the node embedding [Gupta et al., 2022, Hong et al., 2022, in effect they are
equivalent to just adding a context-conditioned bias term to the node embedding
layer in the network. This may lack sufficient model capacity to represent the
diverse policies required to control different morphologies, as supported by both
theoretical [Galanti and Wolf, 2020, Jayakumar et al., 2020] and empirical evidence
[Sarafian et al., 2021, Ben-Iwhiwhu et al., 2022, Beck et al., 2023a, Rezaei-Shoshtari
et al., 2023] from previous work in multi-task RL and meta-RL.

To better utilize task context for morphology control, we propose a hierarchical
policy architecture consisting of a base controller, and a context modulator that
regulates the control policy according to the characteristics of different morphologies.
We name our method as ModuMorph to highlight its architecture novelty in

contextual modulation. Specifically, ModuMorph includes two submodules. First,
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we modulate network parameters in the base controller with HNs. Conditioned on
the morphology context, HN can generate different policy parameters for different
robots, which helps improve behavior diversity across morphologies. Second, we
modulate the attention weight matrices in the TF layers of the base controller with
morphology context alone, which introduces a structure-aware inductive bias on
how different limbs in a robot should attend to each other to update their behaviors.

In principle, the proposed contextual modulator can be incorporated into any
TF-based architectures for morphology control, while the HN module can also
work with GNN-based architectures. Specifically, we use MetaMorph [Gupta et al.,
2022], a SOTA TF-based method at the time when this work was conducted,
as the backbone algorithm for experiments due to its superior performance and
efficient implementation. Our experiments on a challenging morphology control
benchmark called UNIMAL (UNIversal aniMAL) [Gupta et al., 2021], which includes
hundreds of diverse morphologies, show that using contextual modulation improves
not only the learning performance on training morphologies, but also the zero-
shot generalization performance on unseen test morphologies, which validates the

effectiveness of our method.

6.2 Background

MetaMorph [Gupta et al., 2022] is a TF-based method for universal morphology
control (Figure 6.1). It concatenates time-variant proprioceptive state sf * and

ki as the input vector of node i in robot k.

time-invariant morphology context ¢
The node input first goes through an embedding layer shared across all nodes to
get node embedding €’, where robot index & and time index ¢ are omitted for
simplicity. Then the node embeddings are updated by a TF encoder. The key,
query and value inputs to each TF layer are all determined by the node embedding,
ie., k' = Wie',q' = W,e',v' = W,e', where Wy, W,, W, are learnable weight
matrices. After TF encoding, if there are globally exteroceptive observations, such

as a height map of the agent’s surroundings in a changing terrain, they are processed

by an MLP and concatenated to the node embedding. Incorporating exteroceptive
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Figure 6.1: The framework of MetaMorph [Gupta et al., 2022]. On this two-leg robot
for example, its nodes are ordered by depth-first tree search, with the torso node as the
tree root. MetaMorph concatenates proprioceptive observations and morphology context
as node inputs, processes them with a shared embedding layer, a TF encoder and a shared
decoder sequentially. Exteroceptive observations are concatenated as decoder inputs if
needed.

observations is essential to enable the agent to take different actions in different
environmental conditions. Finally, the concatenated features go through an MLP
decoder shared across all nodes to generate the actions for each node.

In MetaMorph, the morphology context c* is only utilized as an additional
node input, which is equivalent to adding a context-conditioned bias to the node
embedding, as ¢* remains unchanged on each robot. However, the optimal control
policy can significantly vary across robots. Simply adding context-conditioned
bias terms to the node embeddings while sharing all the other model parameters
thus may not have sufficient expressive power to represent the diverse policies
required for different morphologies [Galanti and Wolf, 2020, Ben-Iwhiwhu et al.,
2022, Beck et al., 2023a]. To tackle this limitation, we propose two contextual
modulation approaches to learn more diverse context-conditioned policies across
different morphologies in Section 6.3.

MetaMorph also adds a learned positional encoding (PE) to the node embedding,

. k
ie. e

t = Encoder(sf ' #) 4 PE’, where PE' is a learnable vector that is shared
across all the nodes with index i across different morphologies. Although PE is a
common way to inject positional information back into TF as introduced before, we
find that it actually provides little help in universal morphology control and thus omit

it in Figure 6.1 for simplicity. We analyze why it does not work in Appendix A.3.
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6.3 Universal Morphology Control via Contextual
Modulation

In this section, we introduce two novel approaches to modulate the controller with
morphology context. The framework of our proposed method is shown in Figure
6.2, which includes a base controller that generally follows the same architecture
as MetaMorph, and a context network that modulates the base controller in two
ways: (1) Instead of using shared embedding layer and decoder across all nodes, we
generate node-wise embedding and decoder parameters with an HN conditioned
on the morphology context. (2) The node embedding in the base controller is only
used to generate the value input to the TF encoder, while the key and query are
conditioned on the morphology context to generate a fixed attention matrix. We

call these two approaches hypernetworks (HN) and fixed attention (FA) respectively.

6.3.1 Learning Morphology-Conditioned Policy Parameters

While GNN and TF-based controllers enable generalization across different mor-
phologies, they also introduce a structural constraint that all nodes, both within
a single robot and across different morphologies, have to share the same modular
control policy. This hard parameter sharing mechanism [Ruder, 2017] may limit
the behavior diversity across different nodes and the controller’s model capacity
to learn the optimal policy, as we usually expect different limbs to follow different
control strategies based on their roles in the morphology. There is even evidence
from neuroscience that the muscles in human body are controlled by different types
of motor neurons based on their identities [Stifani, 2014].

Consequently, we hypothesize that instead of learning parameters shared across
all nodes, learning morphology-conditioned node-wise parameters may improve
behavior diversity and learning performance. We first conduct a proof-of-concept ex-
periment to validate our hypothesis, then show how to generate context-conditioned

parameters for each node in a scalable way via HN modulation.
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Figure 6.2: The hierarchical framework of ModuMorph. The morphology context
modulates the base controller in two ways: (1) Generating context-conditioned embedding
and decoder parameters via HNs. We use dotted edges to highlight that these two modules
are not shared across different nodes and morphologies as in MetaMorph. (2) Generating
morphology-conditioned attention matrices by using context embeddings as the key and
query inputs to the TF encoder. Note that we use two separate context encoders for these
two submodules, but show only a single shared context encoder in this figure for ease of
illustration.
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Figure 6.3: Single-robot learning curves averaged over 20 robots. We train with three
different models: (1) MetaMorph with no modification; (2) MetaMorph with node-wise
input embedding layer; and (3) MetaMorph with node-wise decoder layers. The shaded
area of each curve represents the standard deviation of the return across the 20 robots.

A Proof-of-Concept Experiment

We design a motivating experiment to show that enabling behavior diversity across
nodes via learning node-wise parameters can improve training performance.

We train a MetaMorph model on a single robot. However, instead of learning a
single embedding layer shared across all the nodes, we learn a separate embedding
layer for each node. Similarly, we train another MetaMorph variant with node-wise
decoder. We randomly sample 20 morphologies from the UNIMAL benchmark
and run single-robot training on each of them for 10M steps. As shown in Figure
6.3, the node-wise embedding and node-wise decoder variants both outperform
MetaMorph, which validates that enabling behavior diversity across different nodes

in a robot is helpful.
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However, the approach used in our proof-of-concept experiment is impractical for
two reasons: (1) It cannot generalize to new morphologies unseen during training;
(2) Learning separate parameters for each node is not scalable, as the number of
parameters to learn grows linearly with the number of morphologies. Consequently,
we next introduce HN modulation to enable behavior diversity while maintaining

generalization and scalability of the learned model.

Morphology-Conditioned Parameter Generation via Hypernetworks

Learning separate parameters for each node has generalization and scalability issues,
as it does not utilize the contextual similarity between nodes. Intuitively, if two
nodes play similar roles in two different morphologies, e.g., they are both the left
thigh in their robots, then we may expect them to also have similar node-wise
parameters. As the morphology context of each node can provide rich information
about the similarities between nodes, we propose to generate node-wise parameters
via a morphology-conditioned HN, i.e., %" = HN,(c*?), where 0% is the node-wise
parameters of node ¢ in robot k, and HN is the morphology-conditioned HN shared
across all nodes. Generating node-wise parameters via HN is scalable, as we only
need to additionally learn one set of HN parameters ¢ regardless of the number
of morphologies, and generalizable, as we can directly feed new node context on
unseen morphologies into the HN to generate the corresponding control parameters.

To better illustrate how HN-generated parameters work, we take the node
embedding layer as an example. In MetaMorph, the embedding layer consists
of a single set of weights W and bias b shared across all the nodes, i.e., ef "t =
Wx,’f 4+ b, where a:f * and e,if * are the node input and node embedding of node i
in robot k at timestep ¢. For our HN approach, however, the embedding layer’s
parameters are different across nodes, i.e., ef’i = W’”xf 4 bR where Whi =
HNyy (c®%) and 6% = HN,(c**) are node-wise weights and bias generated by HN
conditioned on the node context.

In practice, we only generate the parameters of the embedding layer and the

decoder in the base network with HN. The TF encoder is still shared across all
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morphologies, as there are too many weight matrices in a TF layer to efficiently

generate them via HN.

6.3.2 Morphology-Conditioned Fixed Attention

The attention matrix plays an important role in TF as it determines how different
nodes attend to each other to update their node embeddings.

Existing methods use the node embedding in the base controller as the key
and query inputs to generate the attention weights, which change dynamically at
every timestep due to the time-variant proprioceptive state. However, determining
attention weights in such a dynamic way may not well reflect how different nodes
interact. Instead, it may be the case that the attention of one node to the others
should depend solely on the robot morphology. For example, when you want to
grasp an object within your reach, you pay more attention to the state of your
arm than your leg to determine the movement of your hand. And whether you are
standing or sitting, which changes the proprioceptive observations of body parts,
has little influence on this attention strategy for grasping.

Consequently, we hypothesize that it may be beneficial to incorporate such
intuition as an inductive bias into the controller architecture, i.e., different nodes
should attend to each other in a static way, and the attention weights should be
learned from the morphology context alone. To realize this inductive bias, we pass
the node context through a context encoder, and use the context embedding as the
key and query to modulate the TF in the base controller, while the node embedding
in the base network is only used as the value input (Figure 6.2). For each robot,
as the morphology context remains unchanged, the attention matrix will be fixed

to reflect the structural relationships between nodes.

6.3.3 Computational Cost

HN learning will increase computational cost during training. However, there is no
additional cost during deployment, as we can generate node-wise parameters with

HN on each robot in advance. On the other hand, except for context encoding, FA
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Figure 6.4: Example morphologies from the UNIMAL benchmark. Image credit to
Gupta et al. [2021].

will introduce no additional computation during training, as it just changes the
query and key inputs to the TF. Furthermore, FA could even reduce the computation
during evaluation, as we need to compute the FA weights only once for each robot
and then can reuse it afterwards. See Appendix A.1 for more implementation

details of our contextual modulation method.

6.4 Experimental Setup

Environments We experiment on the UNIMAL benchmark as used in MetaMorph
[Gupta et al., 2022] for a fair comparison, which includes 100 training robots and
100 test robots with diverse morphologies (Figure 6.4) [Gupta et al., 2021].

We consider five different environments from Gupta et al. [2021] for our ex-
periments (Figure 6.5): (1) Flat terrain (FT): maximize locomotion distance on a
flat floor; (2) Incline: maximize locomotion distance on an incline of 10 degrees;
(3) Exploration: maximize the number of distinct grids visited on a flat arena
discretized into grids; (4) Variable terrain (VT): maximize locomotion distance on
a variable terrain with three different terrain types. For each episode, a new terrain
is generated by randomly sampling a sequence of terrain types and interleaving
them with flat terrain. (5) Obstacles: maximize locomotion distance on a flat
terrain with randomly positioned obstacles. The first three environments only
require proprioceptive observations and morphology context as model input, while

the last two require height map information surrounding the robot as additional
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Figure 6.5: The five environments used for experiments. From left to right: Flat terrain
(FT), Incline, Exploration, Variable terrain (VT), Obstacles. Image credit to Gupta et al.
2021, 2022].

exteroceptive observation input to the controller, so that the agent can perceive

and react to different terrains or obstacles in its way.

Baselines We consider both multi-robot (MR) and single-robot (SR) baselines.
For MR training, we use MetaMorph [Gupta et al., 2022] as the baseline.
However, we notice two issues in the MetaMorph code and thus implement a
modified version to eliminate these issues. We name the modified version as
MetaMorph*, and build our modulation modules upon it. In general, MetaMorph*
achieves similar or even better performance compared to MetaMorph in most
environments, and we report the results of both for a fair comparison. See Appendix
A.3 for more details on the difference between MetaMorph and MetaMorph*.
For SR training, we train an MLP policy on each robot, and consider two
different training budgets for different purposes. First, we do SR training with the
same per-robot budget as in MR training, which is named as SR-fair and used to
compare the sample efficiency of MR and SR learning. Second, We do SR training
for 10M steps on each robot till convergence, which is named as SR-10M and used as
a performance upper bound. We choose to use an MLP of 3 hidden layers, each with

256 hidden units by performing a grid search over the layer number and hidden size.

Ablations As we propose two different approaches for contextual modulation,
we ablate by adding only HN or FA to the MetaMorph* baseline, and compare
them with the full version of adding both to MetaMorph*.

Training Setup We train for 100M steps in FT, Incline, and Exploration, and
200M steps in VT and Obstacles, as they are more challenging to solve due to variable

terrains. We run three random seeds for each method in each environment, and
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report the average performance and standard deviation. Following the same setup
as in MetaMorph, we use PPO [Schulman et al., 2017] as the optimization algorithm.
Similar to previous work [Dossa et al., 2021, Sun et al., 2022], we notice that the early
stopping threshold has a significant influence on PPO performance (see Appendix
A.2). We thus tune this hyperparameter over the candidate set of {0.03,0.05} for
each method in each environment. All the remaining hyperparameters follow the

same setup as in MetaMorph for a fair comparison.

Evaluation Setup We evaluate zero-shot generalization to unseen robots under
two settings with increasing difficulties. First, we test on new robots that have the
same topology as the training ones but differ in kinematics or dynamics parameters.
For each parameter to test, we create 4 variants of each training robot by randomly
changing the value of the corresponding parameter on all the limbs. Second,
we evaluate zero-shot generalization to new morphologies which have different
topology graphs compared to those seen during training. The robots used for
both settings are adopted from Gupta et al. [2022] for a fair comparison. For
each robot, we collect 64 episodes with randomly sampled initial states. We use
the average episodic return over the test morphologies to measure the policy’s

zero-shot generalization performance.

6.5 Results
6.5.1 Training Results

As shown in Figure 6.6, all MR methods significantly outperform SR-fair, illustrating
the advantage of Multi-task RL in sample efficiency. However, there is still a
clear performance gap between the two MR baselines and SR-10M. Our method
significantly reduces this gap (even outperforms SR-10M in Exploration), and
consistently outperforms the two MR baselines in all the five environments w.r.t.
both learning efficiency and final performance. Compared to MetaMorph*, which
our method builds upon, contextual modulation improves the final performance

by 19%, 53%, 48%, 31% and 29% in each environment respectively. Although
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Figure 6.6: The training curves of different methods in each environment. Each curve
represents the average return over the 100 training robots attained by each method during
training. The shaded area of each curve represents the standard deviation across three
random seeds.

MetaMorph outperforms MetaMorph™ in VT and Obstacles, our method still
consistently outperforms MetaMorph in these two environments.

Ablation results show that both FA and HN contribute to the effectiveness of
our method. FA consistently improves upon MetaMorph* in all the environments,
and seems to be more effective in the three environments with unchanged terrain
(VT, Incline and Exploration). On the other hand, HN helps in three of the
five environments, and contributes more in the two environments with changing
terrains (VT and Obstacles). Next we give some more detailed analysis on the

two submodules of our method.

Fixed Attention FA introduces a strong inductive bias that how each node
attends to the others should be solely determined by the morphology, and is proved
to be effective in all the five environments. However, in environments with changing
terrains, the robot may need to adopt different gaits in different terrains. While in

principle this can be realized by taking terrain information as additional decoder
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input, an alternative idea is to further condition the attention weights on the terrain
information, so that the nodes can attend to each other with dynamic terrain-
conditioned weights to realize different gaits. We thus tried adding the height map
as an additional input to compute attention weights, but got results even worse than
the MetaMorph* baseline. The reason might be that the robot can already adapt
to different terrains by taking the height map as decoder input, so the attention
module only needs to model node interactions, while using terrain info as attention
inputs may introduce further optimization challenges. Nevertheless, it remains an
interesting open question whether learning performance can be further improved

by properly incorporating terrain information into attention computation.

Hypernetworks HN provides more significant improvement in the more chal-
lenging environments of VT and Obstacles with variable terrains. This may imply
that behavior diversity across nodes is more important in environments that require
complicated locomotion skills, while in easier terrains, the benefits of HN may be
outweighed by its optimization challenges. Moreover, adding HN harms learning
performance in the Exploration environment. The training statistics show that
the HN variant has a much higher error in value prediction compared to the other
methods in Exploration, which may be the reason for its worse performance. Value
prediction is particularly hard in Exploration, as the value depends on not only
the robot’s current state, but also the robot’s visitation history in the arena, which
is not accessible to the robot. We hypothesize that this problem is more severe

when using the more complex HN architecture.

6.5.2 Zero-Shot Generalization to Kinematics and Dynam-
ics Variations

As shown in Figure 6.7, our method consistently outperforms the baselines, with
an average improvement ratio of 26%, 50%, 43%, 28%, 30% in each environment
compared to MetaMorph*, which validates that our method not only enables better
multi-robot training, but also generalizes better to unseen robots with parametric

variations. However, we also notice that zero-shot generalization to kinematics
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Figure 6.7: Zero-shot generalization performance of different methods to kinematics
and dynamics variations. The rows correspond to the 5 environments, and the columns
correspond to parametric variations in 6 different morphology context parameters. Each
bar represents the average return over the 400 test robots attained by each method. The
error bar of each method represents the standard deviation across three random seeds.

variation (especially joint angles) is much harder, as is also reported in Gupta
et al. [2022]. This is mainly because that changes in joint angles may significantly
influence the feasible actions and the gait for locomotion, and how to tackle this

challenge is an interesting direction for future work.

6.5.3 Zero-Shot Generalization to Unseen Morphologies

Table 6.1 shows the zero-shot generalization performance to unseen morphologies
of different methods in each environment, which generally follows the same trend
as during training, i.e., the model with higher training scores also performs better
on unseen morphologies. Specifically, our method outperforms MetaMorph* by

18%, 29%, 24%, 27% and 37% in each environment respectively. This implies that
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Figure 6.8: The example morphology and its morphology tree. Some limbs are connected
to their parents via two joints, represented by the two edges between nodes. The sphere
node in the left figure is the torso of the robot and also the root of the morphology tree.

our contextual modulation method can indeed better model the dependence of the
control policy on the robot morphology, instead of simply overfitting to the training
morphologies via its more complicated architecture designs. However, the large
variance in the return across different seeds does imply that improving zero-shot

generalization on unseen morphologies is still an open problem for future work.

Environment MetaMorph MetaMorph* FA HN FA+HN
FT 1384 + 62 1266 £105 1439 £27 1259+ 112 1490 4+ 59
Incline 27 + 32 312 + 136 468 £ 58 312+97 403 £ 66
Exploration 1941 1941 22 +2 164+ 3 23+3
VT 752 4+ 62 767 + 23 860 £ 112 900+24 9714122
Obstacles 866 + 30 829 £+ 50 937 £+ 46 969 +£47 1133 +12

Table 6.1: Zero-shot generalization performance of different methods to test morphologies
with unseen topology graphs. Each score represents the mean and standard deviation of
the average return over the 100 test robots attained by each method across three random
seeds. The best method in each environment is marked in Bold. The methods that are
not statistically significantly different from the best method are marked by underline
based on Welch’s t-test with a significance level of 0.05 [Colas et al., 2019].

6.5.4 Qualitative Analysis

In general, both our method and the baselines can control different robots for
locomotion. However, ModuMorph generates smoother and more stable locomotion
behaviors, thus performs better overall. We conduct a detailed qualitative analysis
in the FT environment to illustrate the difference in the locomotion behaviors

learned by different methods.
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Figure 6.9: Visualization of the locomotion trajectories learned by MetaMorph* and
our method on the example robot.

We experiment on an example morphology as shown in Figure 6.8, and compare
the locomotion learned by MetaMorph* and our method in Figure 6.9. For
MetaMorph*, the robot moves forward by kicking the ground with its front limb.
However, the front limb does not fully stretch out, thus provides limited forward
force and makes the body unstable. In 1000 timesteps, the robot falls twice and only
achieves a return of 1375 in its best trial. By contrast, our method learns a policy
that fully stretches out the front limb to provide stronger forward force, and better
coordinates the movement of the front and back limbs. The robot runs more stably
without any failure during evaluation, and achieves a much higher return of 4612.

In addition to behavior visualization, we further analyze the correlation between
the action sequences taken by different limbs as an indicator of behavior synergies.
Intuitively, if the behavior of two limbs are better coordinated, we expect their action
sequences to have a higher correlation coefficient in absolute value. Figure 6.10
shows the correlation matrix between different action dimensions on the example
morphology. For our method, joint 2 (which controls the front limb 2) is much
better synchronized with joints 3 and 4 (which control limbs 3 and 4 in the back).
This reflects how the periodic gait of our method in Figure 6.10 emerges.

In the VT environment, MetaMorph* has an average action correlation of 0.24
across all training morphologies, while our method has 0.29. This higher correlation
indicates a better synergy between limbs, which may help explain why our method

shows more fluent and stable locomotion skills.
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Figure 6.10: The correlation matrix of different action dimensions on the example
morphology.

6.6 Related Work

In addition to the related work on morphology-aware methods for universal mor-
phology control that we have introduced in Section 4.1.2; we further review related
work that applies contextual modulation to RL in other domains.

The optimal policy for a task usually critically depends on the task context that
defines the task’s characteristics. Consequently, conditioning the policy on the task
context can significantly improve its training performance and generalization ability
over a distribution of tasks compared to context-agnostic learning [Benjamins et al.,
2023]. To learn a context-conditioned policy, an importance design choice is the
architecture used to incorporate the task context into the policy, which reflects our
inductive bias on the task structure. Instead of simply concatenating the context
features to the state features, which is limited in model capacity [Galanti and Wolf,
2020], different architectures have been proposed to modulate the policy via task
context, such as feature-wise multiplication [Ben-Iwhiwhu et al., 2022, Benjamins
et al., 2023], a routing network that determines how to combine different skill
modules for a specific task [Yang et al., 2020, Sodhani et al., 2021, Ponti et al.,
2022], and HNs [Yu et al., 2019, Peng et al., 2021, Sarafian et al., 2021, Beck et al.,

2023a, Rezaei-Shoshtari et al., 2023]. Our work shares a similar motivation as these
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methods, but focuses on a more challenging domain of universal morphology control

where different tasks do not share the same state and action space.

6.7 Conclusion and Future Work

In this chapter, we investigated how to better pretrain a universal control policy for
different robot morphologies. To better model the dependency of the control policy
on the robot morphology, we proposed a hierarchical architecture to modulate
the base controller with morphology context, which includes an HN module
that generates morphology-conditioned policy parameters, and a morphology-
dependent fixed attention module to modulate the TF layers in the base controller.
Experimental results validated the effectiveness of our method on both multiple
training robots and unseen test morphologies.

For future work, an interesting direction is how to learn better context repre-
sentation for modulation. In this work, we directly used the original node context
features provided in the benchmark as the modulator input, and a simple MLP as
the context encoder. How to design better context features, such as utilizing node
connectivity information, and how to design better context encoding architectures
are both interesting topics to investigate. Another potential direction is how to
improve zero-shot generalization performance on unseen robots, as there is still a
large gap between the current generalization results and the optimal performance
we can achieve by directly training on the test robots. Finally, while we focus on
the problem setting of learning a universal controller over a set of pre-given robot
morphologies, an interesting direction for future work is to apply our method to
the closely related problem setting of jointly optimizing the morphology design
and its control policy [Schaff et al., 2019, Wang et al., 2019, Yuan et al., 2022]
as introduced in Section 4.2.2.

Before ending this chapter, we want to highlight a very interesting observation
from the results reported in Figure 6.6: Although MLP-based methods cannot
generalize well across morphologies, they achieve the best performance on each

single robot if given a sufficiently large training budget (see the results of SR-10M),
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and have much smaller model size and higher inference efficiency compared to TF-
based methods. So an interesting follow-up question is that if we can combine the
advantages of MLP- and TF-based methods into a single model, which motivates

the idea that we will explore in the next chapter.
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This chapter proposes HyperDistill, an HN-generated MLP policy for universal
morphology control that enjoys both good generalization performance as Modu-
Morph and high inference efficiency. The key novelty of this chapter is the proposal
of a general principle called knowledge decoupling for inference acceleration, which
we will utilize not only for universal morphology control in this chapter, but also

for cross-skill generalization in the next chapter.
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7.1 Introduction

Based on the evidence from the previous chapter and related work [Wang et al.,
2018, Gupta et al., 2022], MLP- and TF-based methods have different advantages
for universal morphology control. On one hand, a compact MLP policy is usually
sufficient to achieve good performance on a single robot, but generalizes poorly to
other robots. On the other hand, a TF policy achieves SOTA multi-robot training
and generalization performance, but has significantly higher memory, computation,
and energy costs than MLP, all of which are key considerations when deploying the
policy on real-world robots with constrained hardware [Hutter et al., 2016, Zhao
et al., 2021a, Brohan et al., 2023, Leal et al., 2024]. For example, ModuMorph
requires about 40M FLOPs for a single inference step on a robot with just 10 limbs,
more than 100 times that of a single-robot MLP policy with similar performance,
and this efficiency gap increases proportionally with the number of limbs. So a
natural question arises: Can we learn a universal policy with the strong performance
of TF but the inference efficiency of MLP?

In this chapter, we get the best of both worlds by utilizing HNs. Our key intuition
is that, compared to monolithic TF that needs to activate the whole model during
inference, the hierarchical architecture of HN provides a natural way to decouple
inter-task knowledge about how to generalize across tasks which is encoded by the
context-conditioned HN, and intra-task knowledge about how to solve a specific
task which is encoded by the base network generated for the corresponding task
context, which we call the knowledge decoupling hypothesis. In other words, HNs
can learn a generalist policy at training time, but only activate a compact specialist
policy that is sufficient to solve a specific task at test time for efficient inference.

Under the problem setting of universal morphology control, a morphology-
conditioned HN can provide sufficient model capacity to accommodate inter-robot
knowledge, while a compact generated MLP policy is sufficient to control a single
robot with good performance. By contrast, TF encodes both kinds of knowledge
with a single large model, which introduces high inference redundancy when

deployed on a specific robot.
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Specifically, suppose we have trained a set of compact single-robot MLP policies
{m}, each with good performance on a different robot k. Motivated by the intuition
that the optimal control policy of a robot critically depends on its morphology [Gupta
et al., 2022, Xiong et al., 2023], we train an HN that takes the morphology context
c* of robot k as input to predict the corresponding MLP policy parameters 7. For
each robot, as the morphology context c* is constant, the HN-generated parameters
are also fixed. Consequently, we only need to call it once before deployment to
generate the base MLP, while the HN itself is not needed for policy execution. This
yields a universal policy that works like an MLP at inference time but still has
the potential to achieve good performance on both training and unseen test robots
as long as the HN can generalize well across morphologies.

While training such an HN policy via RL is a straightforward option, empirically
we find that it is unstable and significantly underperforms a universal TF policy.
Instead, we adopt a policy distillation (PD) approach by distilling a universal
TF teacher policy into an HN student policy via behavior cloning (BC). While
it is not hard to distill a student policy to match the teacher’s performance on
the training task(s) [Parisotto et al., 2015, Rusu et al., 2015, Czarnecki et al.,
2019], a key challenge in our problem setting is to maintain the teacher policy’s
zero-shot generalization performance after distillation. We identify several critical
algorithmic choices in PD that influence the generalization performance of the
student policy to unseen tasks: (1) The choice of the teacher(s); (2) Architecture
alignment between the teacher and the student; (3) The number of tasks on which
to collect training data for PD; and (4) Regularization in task space. We believe
that these algorithmic choices could serve as general guidelines for improving task
generalization of PD in other domains as well.

We name our approach as HyperDistill to highlight its two key components:
(1) The HN architecture to achieve both good performance and efficient inference
via knowledge decoupling; and (2) Training via policy distillation to successfully
learn such an HN policy. We experiment on the same UNIMAL benchmark [Gupta

et al., 2021] as in the previous chapter. HyperDistill achieves similar performance as
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ModuMorph on both training and unseen test robots, while significantly reducing
the model size by 6-14 times, and computational cost by 67-160 times in different
environments at inference time. The experimental results strongly support our
knowledge decoupling hypothesis, which could serve as a general principle to

improve inference efficiency in other domains.

7.2 Limitations of Existing Architectures

In this section, we analyze the limitations of two representative architectures
for universal morphology control: TF, which achieves SOTA performance but is
expensive to run at inference time, and MLP, which runs efficiently and achieves
good performance on each single robot but performs poorly in the multi-robot
setting. We first highlight a knowledge decoupling issue that exists in both TF

and MLP, then discuss the lack of order-invariance in MLP.

Knowledge Decoupling Intuitively, knowledge learned by a universal policy
can be decomposed into two parts: inter-task knowledge for generalization across
robots, and intra-task knowledge about how to control a specific robot. Since both
TF and MLP use a single set of parameters to encode both kinds of knowledge,
they cannot decouple them from each other. Consequently, at inference time, there
may be a lot of redundant knowledge in the policy that is irrelevant to solving the
current task, which harms efficiency. It also explains why MLP can perform well
on a single robot but not under the multi-robot setting, as the model capacity of
a compact MLP is sufficient to accommodate task-specific knowledge of a single
robot, but not enough to encode both inter-task and intra-task knowledge under
a multi-robot setting. The same conclusion also holds for TF when compressing
a large TF into a smaller one, as we confirm experimentally in Section 7.4. In
summary, due to lack of knowledge decoupling, TF and MLP have to trade off

between performance and efficiency at inference time.
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Order-Invariance Issue with MLP A further issue with MLP is that it is
not invariant to the order of limbs across robots. TF is order-invariant, as all the
limbs across different robots share the same set of parameters. By contrast, in a
multi-robot MLP, only the limbs with the same index across different robots share
the same subset of parameters in the input and output layers, so how we order the
limbs influences the policy output. As we do not have a consistent way to order
the limbs across different morphologies, multi-robot MLP can overfit to spurious

patterns in the manually chosen limb indexing method, harming generalization.

7.3 HyperDistill

This section introduces HyperDistill, which achieves both good performance and
high efficiency at inference time. In Section 7.3.1, we introduce an HN-generated
MLP policy to tackle the limitations of existing methods as discussed in the previous
section. In Section 7.3.2, we discuss why and how we train this HN via policy

distillation, and analyze some of its critical algorithmic designs.

7.3.1 HyperDistill Architecture

To tackle the limitations of TF and MLP, we introduce an HN that takes mor-
phology context as input to generate an MLP base policy for each robot. First,
it supports knowledge decoupling, as the morphology-conditioned HN encodes
inter-task knowledge, while the base MLP encodes intra-task knowledge. The
expensive HN is called only once to generate a task-specific base policy for each
new robot, while the much smaller base network is sufficient to efficiently control
the robot. Second, the base MLP generated by the HN is order-invariant, as the
parameters associated with each limb no longer depend on the limb index, but
only condition on the limb’s context representation.

The overall architecture of HyperDistill is shown in Figure 7.1. To handle
variable number of limbs across robots, we generate limb-wise parameters for the
input and output layers of the base MLP, as the subset of parameters corresponding

to each limb still has fixed dimension based on the modular space assumption in
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Figure 7.1: The architecture of HyperDistill. Different colors highlight the correspon-
dence between the parameters in the base network and the context embedding they
condition on via HN. We only show one hidden layer in the base MLP for ease of
illustration. More hidden layers can be easily added in a similar way.

Section 2.2.1. For simplicity, we only use the limb index ¢ for subscript, and omit
the robot index k and timestep t. For the input layer of the base MLP, we have
hO) = o (3, Witz + b*), where W™ = HN¥.(e;), bi* = HN}"(e;), o is the activation
function, x; is the input features of limb ¢ to the base MLP, and e; = f(¢;) is the
context embedding of limb 7 generated by the context encoder f. As the whole
policy conditions on the morphology context through HN, we no longer need to
concatenate context features ¢; to the network input, so we have x; = s;. Similarly,
for the output layer, we have a; = WAL + 5t where W' = HNyY (e;), and
beut = HN9™(e;). For the hidden layers with fixed dimensions, we first aggregate the
context embedding of different limbs using the mean to get a context embedding
for the whole morphology as e, = % >; €, then pass e, through HN output heads
to generate the hidden layer parameters, i.e., ht) = & (W(l)h(l) + b(l)), where

W® = HN{(e,), and b® = HN}"(e,).
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Context Representation Learning

The quality of the HN-generated policy critically depends on the quality of the
learned context embedding, e.g., if e; of different limbs are too similar, the policy will
generate similar actions across different limbs, which is unlikely to be a good policy.

The context representation should be both discriminative to encode the diverse
behaviors of different limbs, and generalizable to unseen robots. We adopt two
approaches to achieve this goal. First, we apply some simple transformations to the
context features ¢; to make them more discriminative across limbs (see Appendix
B.1). Second, we use a TF as the context encoder to enrich each limb’s context
representation by interacting with other limbs in the robot, e.g., if two limbs in two
different morphologies have the same hardware configurations, then we cannot tell
them apart based on their own context features alone, but the TF context encoder
can learn a distinguishable representation by further encoding global morphology
information. Since the TF context encoder is also a part of the HN, it is not needed

at inference time, unlike a TF policy that uses TF as the controller.

7.3.2 Training HyperDistill via Policy Distillation

In principle, we can train a universal HN policy from scratch via RL. However,
empirically we find that the RL training process is unstable and the learned
policy significantly underperforms a TF policy, possibly because both HN and RL
are known to be unstable during learning, and combining them together further
exacerbates the optimization challenges.

Instead, we adopt policy distillation (PD) [Parisotto et al., 2015, Rusu et al.,
2015] by first training a universal TF policy, then distilling it into an HN policy via
BC, which replaces RL training with more stable supervised learning to alleviate
the optimization challenge. Moreover, as BC empirically requires much less time to
train than RL, we can reuse the same pretrained teacher policy for more efficient
evaluation of different algorithmic choices in PD.

Given a set of training robots and a universal TF policy trained on them as the

teacher 77, we first collect expert trajectories on each training robot with 77 to
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generate a training dataset BY for PD. Then we train an HN student policy 7 by
minimizing the KL-divergence between the action distributions generated by the

teacher and student on transitions randomly sampled from the buffer:
LPP = B, or [KL(r" (a5, o) lIn(als, )] (71)

While more sophisticated loss functions [Czarnecki et al., 2019] have been proposed
to facilitate PD by collecting online data with the student, empirically we find
that this simple BC loss is sufficient to learn a student policy that matches the
teacher’s performance on the training robots, without having to collect further
samples with the student.

However, we also want the student to zero-shot generalize as well as the teacher
on unseen test robots. While several prior works evaluate zero-shot generalization
of a student policy to unseen tasks in different problem settings [Chen et al., 2022,
Furuta et al., 2023, Wan et al., 2023], none of them systematically investigate
how different algorithmic choices in PD influence the student’s generalization
performance. In this work, we highlight four key factors that may influence the

generalization gap between the teacher and student policies in PD.

The Choice of PD Teacher(s) Theoretically, we can either train a universal TF
teacher on multiple robots, or train multiple single-robot MLP policies on different
morphologies as the teachers [Furuta et al., 2023]. While the average performance
of the single-robot MLPs is similar to or even better than that of a universal TF
on the training robots as shown in the previous chapter, we hypothesize that the
student policy distilled from a universal teacher policy generalizes better to unseen
robots. Intuitively, as the single-robot teacher policies are trained via RL separately,
they can be dramatically different from each other, which may exacerbate the

discontinuity of the distilled policy in the parameter space and harm generalization.



7. HyperDistill: Distilling Morphology-Conditioned Hypernetworks for Efficient
Universal Morphology Control 87

Student-Teacher Architecture Alignment We hypothesize that the generaliza-
tion gap between teacher and student is smaller when their neural architectures are
more aligned [Hao et al., 2023]. Intuitively, the inductive bias introduced by a more
aligned architecture helps the student extrapolate to unseen task context and state
in a more consistent way with the teacher, which helps reduce the generalization gap.

However, as we are trying to distill from a TF to an HN, there is an unavoidable
mismatch between the teacher and student architectures. The two algorithmic
choices discussed next may help compensate for the generalization gap caused

by this architecture misalignment.

Number of Tasks for Distillation Training To better align the teacher and
student policies’ behaviors on unseen tasks, a natural idea is to train the student
policy on the teacher’s demonstrations collected from more tasks, so that the
PD training data better covers the task space. This is different from training
the teacher policy on more tasks, which is an effective but orthogonal way to
improve task generalization. Our approach does not require modifying the teacher’s
training process. Instead, it simply requires collecting data from more tasks with
the pretrained universal teacher, which introduces little computational overhead.
For clarity, we use “training robots” to denote the robots on which we train
the teacher policy, and “PD robots” to denote the robots on which we collect
expert trajectories for PD. Advanced methods like curriculum learning [Dennis
et al., 2020, Narvekar et al., 2020, Wan et al., 2023] could be utilized to get a
more robust task distribution to further mitigate generalization gap, which is an

interesting direction for future work.

Regularization in Task Space Regularization is a common approach to reduce
overfitting and improve generalization [Cobbe et al., 2019]. We consider it to be
especially important for HyperDistill, as HN may be more prone to overfitting than
other architectures. In prior work, morphology context is usually just used as an
additional policy input [Gupta et al., 2022], while in HyperDistill, it is used as

HN input to generate the whole control policy. As we only have a few hundred
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different robots for PD, which is much less than the number of parameters in
the HN, there is a high chance of overfitting. To reduce overfitting, we apply
dropout to the context embedding e; and e,,. This can be seen as regularization
in task space, which encourages the HN to learn an ensemble of different MLP
policies that can all work well on the same robot. It can also be seen as domain
randomization [Tobin et al., 2017] by making the generated policy more robust to
changes in morphology context. We leave it for future work to investigate other

regularization methods like weight decay.

7.4 Experiments
Our experiments aim to answer the following questions:

1. Can HyperDistill achieve good performance on both training and unseen
test robots? How does it compare to other methods w.r.t. performance and

efficiency at inference time? (Section 7.4.2)

2. How do different algorithmic and architecture choices in HyperDistill influence

its training and generalization performance? (Section 7.4.3)

7.4.1 Experimental Setup

We experiment on the UNIMAL benchmark [Gupta et al., 2021] built upon
the Mujoco simulator [Todorov et al., 2012], which includes 100 training robots
and 100 test robots with diverse morphologies, while new morphologies can be
easily generated via mutation operations supported by the UNIMAL design space.
Following the setup of Gupta et al. [2022], we consider three different environments
with increasing difficulties: (1) Flat terrain (FT): maximize locomotion distance on
a flat floor; (2) Variable terrain (VT): maximize locomotion distance on a variable
terrain randomly reset for each episode; and (3) Obstacle: maximize locomotion

distance on a flat terrain while avoiding randomly positioned obstacles.
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Teacher Policy For each environment, we train a universal TF policy on the 100
training robots as the teacher policy. We adopt ModuMorph as the TF teacher, as
it achieves SOTA performance on the UNIMAL benchmark as introduced in the
previous chapter. Note that although ModuMorph also adopts HNs, it uses HNs
to better model the diverse behaviors across limbs, but is still a large TF-based
model with high inference cost. By contrast, HyperDistill utilizes HNs to enable
knowledge decoupling for efficient inference, which provides a novel perspective on
the role of HNs. Furthermore, as we show in Section 7.4.2, ModuMorph can be
compressed to a much smaller size without much performance loss, but only when

equipped with these HN-generated layers, while a standard TF cannot.

Data Collection for Distillation To collect data for policy distillation, we
first generate an augmented robot set of 1,000 PD robots by mutating the 100
training robots. See Appendix B.2.1 for how we do the mutation. Then we collect
8,000 transitions from each PD robot, forming a multi-robot dataset with 8M

transitions for policy distillation.

Baselines We compare HyperDistill with the following architectures as the

student policy:

1. ModuMorph (oracle): A ModuMorph student with the same architecture
as the teacher. It serves as a performance upper bound on how well the

student can perform without architecture misalignment.

2. TF (compressed): A standard TF, i.e., MetaMorph [Gupta et al., 2022],
with a similar number of parameters as the base MLP in HyperDistill. It is
used to validate that monolithic TF cannot achieve both good performance

and high efficiency like HyperDistill due to lack of knowledge decoupling.

3. ModuMorph (compressed): A compact ModuMorph student with a similar
number of parameters as the base MLP in HyperDistill. As it adopts HNs

to generate some layers, we expect it to have better knowledge decoupling
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Figure 7.2: The performance of different methods on the training robots in each
environment. Each curve represents the average return over the 100 training robots
attained by each method w.r.t. to the step number of policy distillation. The error bar at
each evaluation checkpoint represents the standard error across three random seeds.

ability than monolithic TF, but may still be less efficient than HyperDistill

due to the attention blocks.

4. Multi-robot MLP: A multi-robot MLP with the same architecture as
the base MLP in HyperDistill, which is used to validate the advantages of

HyperDistill over vanilla MLP as discussed in Section 7.3.1.

Finally, we also compare with training an HN policy via RL (HN-RL) to show

the importance of policy distillation.

Distillation Setup The distillation process runs for 150 epochs, with a batch size
of 5120. We use the Adam [Kingma and Ba, 2014] optimizer with a learning rate
of 0.0003, and clip the gradient norm to 0.5. We run three random seeds for each
method in each environment, and report the average performance with standard
error. For HyperDistill, we apply dropout to context embedding with p = 0.1. See

Appendix B.2.3 for the size of each student model in each environment.

7.4.2 Main Results

Figures 7.2 and 7.3 illustrate how different methods perform on the training and
test robots during the distillation process. Table 7.1 compares the model size and

FLOPs of different methods at inference time.
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Figure 7.3: The performance of different methods on the test robots in each environment.
Each curve represents the average return over the 100 test robots attained by each method
w.r.t. to the step number of policy distillation. The error bar at each evaluation checkpoint
represents the standard error across three random seeds.

Task Method Model size FLOPs
Abs.  Rel.  Abs. Rel.
ModuMorph (oracle) 1.73 M 140 3986 M 160.8
FT TF (compressed) 0.14M 11 339M 13.7
ModuMorph (compressed) 0.15M 1.2 178 M 7.2
Multi-robot MLP 023M 19 046M 19
HyperDistill 0.12M 1 0.25M 1
ModuMorph (oracle) 1.9TM 6.6 40.33M 67.2
VT TF (compressed) 031M 1.0 551M 92
ModuMorph (compressed) 039M 1.3 226 M 3.8
Multi-robot MLP 041M 14 082M 14
HyperDistill 0.30M 1 0.60M 1
ModuMorph (oracle) 202M 6.7 4043 M 674
TF (compressed) 032M 1.0 5H561M 93
Obstacle
ModuMorph (compressed) 044 M 1.5 235M 3.9
Multi-robot MLP 041M 14 082M 14
HyperDistill 0.30M 1 0.60M 1

Table 7.1: Model size and FLOPs of different methods at inference time. Abs. denotes
the absolute value, and Rel. denotes the relative value w.r.t. HyperDistill. See Appendix
B.2.2 for how we compute the FLOPs, and B.3 for more analysis on the results in this
table.

HyperDistill achieves performance similar to ModuMorph (oracle), matching
the teacher’s performance on both the training and test robots in all the three
environments, while reducing model size by 6-14 times, FLOPs by 67-160 times

in different environments. The inference cost of calling the HN in HyperDistill is
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similar to that of calling ModuMorph, thus HN calling only introduces marginally
computational overhead when deployed on a new robot.

TF (compressed) cannot match the performance of HyperDistill in all the three
environments, as standard TF needs to trade off between performance and efficiency
due to a lack of knowledge decoupling.

As expected, ModuMorph (compressed) consistently outperforms TF (com-
pressed), as it generates some layers of the TF via HNs, which enables better
knowledge decoupling. However, it still lags behind HyperDistill w.r.t. both
generalization performance and efficiency, as the knowledge encoded in the attention
blocks still cannot be decoupled. This result further indicates that, in contrast
to previous work [Kurin et al., 2021, Gupta et al., 2022, Xiong et al., 2023],
we may not need complicated attention modules to achieve good performance
for universal morphology control. In addition, the performance gap between
ModuMorph (compressed) and HyperDistill is larger in FT than in VT and Obstacle,
possibly because for the latter two environments, ModuMorph has more layers in
the HN-generated decoder, which makes it more similar to HyperDistill.

HyperDistill also significantly outperforms multi-robot MLP, which validates the
importance of the HN. Moreover, the performance gap between multi-robot MLP
and other methods is much larger on the test robots than on the training ones, which
may be overfitting due to the order-invariance issue of MLP discussed in Section 7.2.

HN-RL performs poorly on both training and test robots, which reflects the
optimization difficulty of combining HN and RL, and validates the importance

of training via PD.

7.4.3 Ablation Studies

In this subsection, we investigate how generalization performance of the student
policy is influenced by (1) The algorithmic choices in PD; and (2) Context repre-
sentation learning in the HN. To save computation, we run PD for only 50 epochs
as most methods can already converge within this budget, and experiment only

in the FT experiment unless otherwise stated.
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Figure 7.4: The student’s learning curves under different teacher choices. In the figure
legend, “X — Y” means that we distill from teacher X into student Y. Each curve
represents the average return over the training (left) or test (right) robots attained by
each method w.r.t. to the step number of policy distillation. The error bars represent the
standard error across three random seeds.

Algorithmic Choices in Policy Distillation

The Choice of PD Teacher(s) We train (1) A universal TF teacher on all the
training robots; and (2) A set of single-robot MLP teachers on each training robot.
Then we collect 80,000 transitions from each training robot with the teacher(s) to get
BT. We experiment with both HyperDistill and TF (oracle) to ensure that the PD
choice applies to different student architectures. Figure 7.4 shows how the student
policies perform on the training and test robots with different teacher choices. As
expected, when using single-robot MLP teachers, although the student policies
perform well on the training robots, they generalize much worse than the students

distilled from a universal TF teacher, which validates our hypothesis in Section 7.3.2.

Student-Teacher Architecture Alignment Now we re-examine the results
in Figure 7.4 from a different perspective. When using a universal TF teacher,
the TF student has a more aligned architecture and achieves better generalization
performance than HyperDistill. When using single-robot MLP teachers, while both
students generalize much worse, HyperDistill has a more aligned architecture (as
its base MLP has the same architecture as the teachers), and generalizes better

than the TF student. Moreover, for the same teacher, both students achieve similar
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Figure 7.5: Final generalization performance of HyperDistill and TF (oracle) w.r.t. the
number of PD robots in different environments. Each curve represents how the average
return over the test robots attained by each method after policy distillation changes w.r.t.
to the number of PD robots. The error bars represent the standard error across three
random seeds.

performance on the training robots regardless of their architectures, indicating that
the generalization gap is not caused by the difference in model capacity of different

student models, but is more likely the consequence of architecture misalignment.

Number of Distillation Training Tasks To validate our hypothesis that
collecting distillation data from more robots can improve the student’s task general-
ization, we experiment with 100, 500, and 1,000 PD robots. For a fair comparison,
the number of transitions collected from each robot decreases proportionally so
that the total data size remains unchanged. As shown in Figure 7.5, HyperDistill’s
generalization performance increases by 6%, 15% and 13% in the three environments
as the number of PD robots increases from 100 to 1,000. There is no significant
improvement in the TF student’s generalization performance due to a ceiling effect

and its better aligned architecture with the TF teacher.

Regularization in Task Space As shown in Figure 7.6, compared to not
using dropout, applying dropout to the context embedding improves generalization
performance by 8.5%, while applying dropout to the base MLP does not provide
significant improvement, which agrees with our intuition that regularization may be

more important in task space than in state space to enable better task generalization.
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Figure 7.6: Learning curves of HyperDistill in FT with different ways of incorporating
dropout regularization. The error bars represent the standard error across three random
seeds.
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Figure 7.7: How context representation learning in HyperDistill influences generalization
performance in FT. Left: context feature transformation. Right: architecture of the
context encoder. The error bars represent the standard error across three random seeds.

Context Representation Learning

Context Feature Transformation As shown in Figure 7.7 (left), conducting
feature transformations (see Appendix B.1) to improve feature discrimination plays

an important role in improving performance.

Architecture of Context Encoder As shown in Figure 7.7 (right), for different
choices of the context encoder in the HN, GNN performs the worst, possibly due to
the over-smoothing issue of GNN [Chen et al., 2020] which harms discrimination of
the context embedding. While the MLLP context encoder does not consider node

interaction, it still achieves quite good performance in FT. We thus further compare
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Figure 7.8: How TF and MLP context encoder influence HyperDistill’s generalization
performance in the VT (left) and Obstacle (right) environments. The error bars represent
the standard error across three random seeds.

MLP and TF context encoder in the other two more challenging environments
(Figure 7.8), and find that the TF context encoder performs better, which validates

the benefits of modeling node interaction for context representation learning.

7.5 Discussion

In this section, we re-examine our knowledge decoupling hypothesis to see if it is
supported by experimental results. First, HyperDistill achieves similar performance
as TF but runs much more efficiently at inference time, which validates the efficiency
benefits provided by knowledge decoupling. Second, as expected, due to the lack of
knowledge decoupling, when we compress a universal TF policy, the compressed TF
does not have sufficient model capacity to accommodate both inter-task and intra-
task knowledge, as evidenced by its worse performance in our experiments. The
knowledge decoupling hypothesis further suggests that if we compress a universal
TF into a single-robot TF, it should outperform a compressed universal TF on
that specific robot, as we relieve it of the burden of distilling inter-task knowledge.
To validate this idea, we conduct a proof-of-concept experiment in the Obstacle
environment. We randomly sample 10 training robots and distill the universal TF
teacher into a single-robot TF with the same architecture as TF (compressed) for

each robot. As expected, the compressed single-robot TFs achieve an average return
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of 2345, outperforming the compressed universal TF with an average return of 2115,
but at the cost of losing the generalization ability to other robots.

In summary, vanilla TF needs to trade off between performance and efficiency at
inference time, while HyperDistill can enjoy both thanks to knowledge decoupling.
It resembles related ideas explored in other fields, such as mixtures-of-experts (MoE)
[Riquelme et al., 2021, Shen et al., 2023| that learn a large model with high capacity
while sparsely activating sub-modules for different tasks to improve inference
efficiency. There is also evidence from neuroscience that although the human
brain contains billions of neurons, it is still power-efficient because it activates only
a small fraction of neurons simultaneously to solve a given task [Barth and Poulet,
2012]. Consequently, we believe that our knowledge decoupling hypothesis could

serve as a general principle to improve inference efficiency in other domains as well.

7.6 Related Work

In addition to related work on universal morphology control that has been reviewed
in Section 4.1.2; in this section we further review related work on (1) HNs for

inference acceleration; and (2) Policy distillation.

Hypernetworks for Efficient Inference In the context of multi-task RL, HNs
provide a powerful way to model the complex dependency between task context and
the optimal control policy for the task [Galanti and Wolf, 2020, Sarafian et al., 2021],
and has been widely adopted in multi-task RL and meta-RL [Yu et al., 2019, Peng
et al., 2021, Beck et al., 2023a,b, Rezaei-Shoshtari et al., 2023]. While these works
mainly utilize the expressive power of HNs to improve task performance, we focus
more on utilizing HN’s knowledge decoupling ability to improve inference efficiency.
This idea has been explored to generate compact base networks for few-shot image
classification [Zhmoginov et al., 2022], tabular data prediction [Bonet et al., 2024,
Mueller et al., 2025] and federated learning [Shamsian et al., 2021]. In general,

utilizing HN for inference acceleration still does not receive much attention from the
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research community yet, and we are the first to make this idea work for multi-task

robotic control to the best of our knowledge.

Policy Distillation Distillation [Buciluundefined et al., 2006, Hinton et al., 2015]
transfers knowledge from a teacher model or multiple teacher models to a student
model. In the context of RL, it has been used to compress the policy network
[Rusu et al., 2015], accelerate learning on a new task [Parisotto et al., 2015], and
facilitate policy learning [Lee et al., 2020, Chen et al., 2022, Wan et al., 2023, Xu
et al., 2025a]. However, less attention is paid to measuring and minimizing the
generalization gap between the teacher and the student. Igl et al. [2021] distill
a teacher policy into a student with identical architecture, which is used as an
intermediate step to improve task generalization of a policy trained via RL. Chen
et al. [2022] and Wan et al. [2023] investigate generalization of a distilled policy
to unseen objects in robotic manipulation. However, as the teacher has access
to privileged information while the student does not under their setting, there is
always a performance gap between the teacher and the student, and this gap is
larger on the test tasks than that on the training tasks, which indicates a further
generalization gap. Most similar to our work is Furuta et al. [2023], which distills
multiple single-robot MLP teachers into a TF student for universal morphology
control to avoid the difficulty in directly training a universal TF policy via RL. But
they only show the advantage of using TF as the student architecture, but do not
compare with a universal TF teacher to measure generalization gap. Furthermore,
the TF student policy they learn still has efficiency issue during deployment. To the
best of our knowledge, we are the first to systematically investigate how to mitigate

generalization gap in policy distillation via proper algorithmic choices.

7.7 Conclusion and Future Work

In this chapter, we achieved both good performance and high efficiency at inference
time for universal morphology control via knowledge decoupling, which is realized

by utilizing the hierarchical architecture of HNs. While training an HN via RL is
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hard, we took a policy distillation approach, and systematically investigated how
some key algorithmic choices influence task generalization of the HN student. Our
proposed method, HyperDistill, matches the performance of the SOTA universal
TF teacher on both training and test robots, while significantly reducing memory
and computational cost, which supports our hypothesis that decoupling inter-task
and intra-task knowledge can improve inference efficiency.

Given the wide application of TF in foundation models and their extremely high
inference cost [OpenAl et al., 2024, Brohan et al., 2023, Zitkovich et al., 2023, O'Neill
et al., 2024], knowledge decoupling could serve as a general principle to reduce
the inference cost of TF in other domains as well. However, a potential limitation
when extending our method to other domains is the additional cost introduced by
the HN. This is not an issue for universal morphology control, as the morphology
context remains unchanged for each robot. So we only need to call the HN once
before deployment while the whole HN can be discarded afterwards. However, if
task context changes over time, such as controlling a robot to solve different tasks
by following language instructions, the HN can not be discarded and needs to be
called whenever a new instruction is given. This requires additional space to save
the HN parameters, and the HN will be called more frequently. In the next chapter,
we will investigate how to extend the knowledge decoupling principle to the more

challenging setting of language-conditioned cross-skill control with visual inputs.
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In this chapter and the next, we will investigate the second problem setting
of cross-skill control, i.e., learning a language-conditioned manipulation policy via
imitation learning to achieve good performance on both tasks that have been seen

during pretraining, and unseen tasks in a zero-shot fashion or via efficient fine-tuning.
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In this chapter, we extend the knowledge decoupling principle as proposed in the
previous chapter to the setting of learning VLAs for cross-skill control, as inference
efficiency is a key bottleneck of existing VLAs due to their extremely huge size
(Section 8.1). Unlike existing monolithic VLAs that activate the whole model during
both training and inference (Section 8.2.1), we propose a novel HN-based VLA
that activates only a small task-specific policy during inference, while retaining
the high model capacity needed to accommodate diverse multi-task behaviors
during pretraining (Section 8.2.2). Successfully training such an HN-based VLA
is nontrivial, so we further propose several key algorithm design features that
improve its performance, including properly utilizing the prior knowledge from
existing vision foundation models, HN normalization and action generation strategy
(Section 8.2.3). Compared to existing monolithic VL As, HyperVLA achieves a
similar or even higher success rate during evaluation, while significantly reducing

inference costs (Section 8.3).

8.1 Introduction

As introduced in Chapter 5, Vision-Language-Action (VLA) models have achieved
promising progress towards learning a generalist robot by following this general
recipe: (1) Use existing VLM models with strong generalization performance as
the backbone; (2) Post-train it on large-scale robotic datasets to achieve strong
zero-shot generalization performance on robotic tasks; and (3) Further fine-tune on
downstream tasks with a small number of task-specific data if needed to achieve
better performance.

However, one key drawback of VLAs is their extremely high inference cost, e.g.,
OpenVLA [Kim et al., 2024], a SOTA VLA model, has more than 7B parameters and
can only infer at 6 Hz even when equipped with an NVIDIA 4090 GPU. Such a high
inference cost not only consumes significant memory, computation, and battery, but
also makes it hard to solve dexterous tasks that require high-frequency manipulation.

By contrast, conventional methods for robotic learning from before the era of

foundation models typically learn compact models that are much smaller than
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VLAs. Although such models cannot generalize across a diverse set of tasks, they
can perform well on the specific task they are trained on given sufficient training
data [Yu et al., 2020b, Kim et al., 2024]. In other words, the minimal model
required to solve a specific task can be much smaller than a VLA with millions
or billions of parameters. So a natural question arises: Can we learn a generalist
policy that combines the best of both worlds: the strong generalization ability of
VLAs, and the efficient inference of single-task policies? To achieve this, we need
to learn a generalist policy with high model capacity to accommodate the diverse
behaviors in multi-task data at training time, but only activate a small part of
it at test time to keep inference efficient.

In this chapter, we realize this goal via HNs by extending the knowledge
decoupling principle as proposed in the previous chapter to the more challenging
setting of VLA for skill generalization. The hierarchical architecture of HN provides
a natural way to decouple the skills required to solve different tasks, so that we can
learn an HN with high model capacity at training time, but only activate a compact
base network generated by the HN to solve a specific task efficiently at test time.

Specifically, we learn an HN-based VLA that generates policy parameters
conditioned on task context, which includes both the language instruction and the
initial image of the episode (Figure 8.1). We find it helpful to include the initial
image in the task context, as it contains context information about the environment
that the robot is working in, which helps the policy generalize better across different
scenarios. At training time, we train an HN with high model capacity to capture the
complex mapping from the task context to the corresponding policy parameters 7.
At inference time, the large HN is called at a low frequency only at the beginning
of each episode, while the compact generated policy is called at every timestep
to process image observations and output action predictions, which significantly
reduces inference cost compared to existing monolithic VLAs that activate the
entire model at every timestep during inference.

However, HNs are known to be hard to optimize [Chang et al., 2020, Beck et al.,

2023a, Xiong et al., 2024b], and training an HN with millions of parameters on
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Figure 8.1: Comparison between the high-level framework of monolithic VLA (left)
and HN-based VLA (right). We use orange to represent parameters activated during
training, and blue to represent parameters activated at every timestep during inference.
The monolithic VLA activates the whole model during both training and inference and is
thus colored both orange and blue. By contrast, an HN-based VLA calls the HN at a
low frequency only when the instruction changes at test time, and calls a compact base
network at every timestep for action prediction.

large-scale robotic data further aggravates this issue. We thus introduce several key

algorithm design features that help stabilize and improve HN learning:

1. Vision backbone. While in principle we can generate the whole base policy

with HN, empirically we find it important to use existing vision foundation
models as the backbone to improve generalization, as training an HN from
scratch on robotic data alone is prone to overfitting due to the relatively small

data size of existing robotic datasets.

HN normalization. Successful training of neural networks heavily depends
on the proper setup of many optimization choices, which are mainly tailored
for training monolithic models and may not work well with the different
optimization dynamics of HNs [Chang et al., 2020, Beck et al., 2023a, Auddy
et al., 2024]. We thus investigate how parameter updates in HN training
differ from standard training, and propose a simple yet effective solution
by normalizing the context embedding in HNs, such that the base network
parameters can be updated with similar dynamics as directly training the

base network.
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3. Action generation strategy. Unlike most existing VLAs that predict
actions via autoregression [Brohan et al., 2023, Zitkovich et al., 2023] or
diffusion [Chi et al., 2023, Ghosh et al., 2024], we find that simply learning a
deterministic linear action head with MSE loss performs better when training

an HN-based VLA and further accelerates inference.

We name our method as HyperVLA, an HN-based VLA learned with the above
algorithm design features. We train HyperVLA on the Open X-Embodiment (OXE)
dataset [O’Neill et al., 2024], and evaluate on the SIMPLER [Li et al., 2025a]
and LIBERO [Liu et al., 2023a] benchmark. Compared to existing monolithic
VLAs, HyperVLA achieves a similar or higher success rate during evaluation and
fine-tuning, while significantly improving inference efficiency by only activating a
compact HN-generated policy at every timestep during inference, which validates
the effectiveness of utilizing HNs for inference acceleration of VLLAs. Notably,
compared to OpenVLA [Kim et al., 2024], a SOTA VLA with the best performance
among the baselines, HyperVLA reduces the number of activated parameters at

test time by 90x, and accelerates inference by 120x.

8.2 HyperVLA

This section introduces the motivation, architecture, and algorithm design of
HyperVLA. In Section 8.2.1, we analyze why existing monolithic VL As have high
inference costs and how an HN-based VLA can tackle this challenge via knowledge
decoupling. Then in Section 8.2.2 we introduce the architecture of HyperVLA.
Finally, in Section 8.2.3, we propose several key algorithm design features to

stabilize HyperVLA training and improve its performance.

8.2.1 From Monolithic to HN-Based VLA

Existing VLAs usually have millions or billions of parameters. While such a high
model capacity is necessary to accommodate diverse behaviors in multi-task data

at training time, it introduces significant computational redundancy at test time
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as the minimal model size required to solve a specific task is often much smaller
than the size of a large VLA [Yu et al., 2020b, Kim et al., 2024].

Consequently, there is a significant space for inference acceleration if we can
only activate a small part of a huge VLA that is sufficient to solve the task at
hand. However, existing VLAs with monolithic architectures need to activate
the whole model during both training and inference, thus cannot decouple the
different skills required for solving different tasks from each other in the parameter
space [Xiong et al., 2024b].

In this work, we tackle this challenge by learning an HN-based VLA, as the
hierarchical architecture of HN provide a natural way to decouple inter-task and
intra-task knowledge as introduced in the previous chapter. Intuitively, the HN
part encodes inter-task knowledge about how to map from different task context
to the corresponding policy parameters, while the generated base network encodes
intra-task knowledge about how to solve a specific task. At training time, the whole
HN is activated to ensure sufficient model capacity to accommodate the diverse
behaviors in large-scale multi-task data. However, at test time, we only need to call
the HN once at the beginning of each episode to generate a compact task-specific

policy that is used for the remainder of the episode to solve the task.

8.2.2 The Architecture of HyperVLA
The Base Policy

We formulate the base policy as a Vision Transformer (ViT) [Dosovitskiy et al.,
2021], which takes the image observation o, as input to predict the robot’s action a;.
Unlike existing VLAs, we do not feed the language instruction [ into the base policy
as it is already indirectly conditioned on the instruction via the HN that generated
its parameters. The base policy consists of the following blocks in sequence (we

omit the time index ¢ for simplicity):

1. An image encoder, formulated as a ViT, encodes the image observation o into

a sequence of token embeddings {e[™*°} for the image patches;
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2. A linear projection layer maps {e;"*°} into a lower dimension for more efficient

inference, represented as {el"™};

3. A policy head 6P formulated as a small TF, takes {e”} and an action

token €t as inputs, and updates their token embeddings;

act

4. An action head takes the updated action token embedding e** as input to

predict the robot’s action a.

The Hypernetwork

The HN consists of a context encoder parameterized as a TF with high model
capacity, and linear output heads to generate base policy parameters. The context

encoder takes in three inputs:

1. Pretrained token embeddings of the language instruction generated by a frozen

T5 encoder [Raffel et al., 2020].

2. The class token generated by feeding the initial image of the episode into a
frozen DINOv2 encoder [Oquab et al., 2024]. We find it helpful to condition
the HN on the initial image, as the robot may see the same instruction in
different scenarios, and a compact base policy may not have enough model
capacity to generalize across scenarios with diverse visual appearance. By
conditioning policy generation further on the initial image, the HN with high
model capacity takes the responsibility of generalizing across both instructions
and scenarios, while the generated base policy only needs to solve a specific
task in a specific scenario. Moreover, we only use the class token outputted by
DINOv2 as HN input and discard the image patch tokens to avoid overfitting
in the HN.

3. A learnable task context token that integrates task context information.

The TF context encoder updates the embeddings of these tokens via self-attention,
and the updated embedding of the context token is fed into the HN output heads

to generate base policy parameters.
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8.2.3 Algorithm Design Features

HNs are known to be unstable and hard to optimize [Chang et al., 2020, Beck et al.,
2023a, Xiong et al., 2024b], and scaling them up to millions of parameters further
aggravates this issue. In this subsection, we introduce several key algorithm design

features that help stabilize Hyper VLA training and improve its performance.

Vision Backbone

While in principle we can generate the whole base policy by HN, empirically we find
that training a large HN from scratch on robotic data alone is prone to overfitting
due to the relatively small data size of existing robotic datasets. Instead, we
use existing vision foundation models as the image encoder in the base network
to improve generalization. Our method is agnostic to the choice of the vision
encoder, and empirically we find that DINOv2 [Oquab et al., 2024] achieves the
best performance and thus adopt it in HyperVLA.

Similar to previous work [Kim et al., 2024], we find it helpful to fine-tune
this vision backbone instead of keeping it frozen when training on robotic data.
Furthermore, we find it important to use a smaller learning rate for fine-tuning the
vision backbone than for HN training, because DINOv?2 is already well pretrained and

only needs to be fine-tuned at a conservative rate to better align with robotic data.

Context Embedding Normalization

Successful training of neural networks heavily depends on the proper setup of
many optimization choices, such as network initialization, normalization layers and
gradient transformations. However, these methods are mainly tailored for training
monolithic models, and may need to be re-designed to fit the different optimization
dynamics of HNs. For example, Chang et al. [2020] and Beck et al. [2023a] investigate
how to initialize HNs properly so that the base network is initialized in the same
way as commonly used initializers, an approach we adopt as well.

However, a proper initialization can only provide a good starting point for HN

training, but has no direct effect on the parameter update process during training.
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So in this work, we further investigate how parameter updates in HN training differ
from standard neural network training, and propose a simple yet effective solution by
normalizing the context embedding in HNs, such that the base network parameters
can be updated with similar dynamics as directly training the base network.

For simplicity, we use an SGD optimizer in our derivation below. In standard

oL

- 5o-» Where

neural network training, each parameter 6; is updated by Af;, = —«
L is the loss function and « is the learning rate.

Now we generate 6 with an HN. Let us denote the output head of the HN as ¢,
and the context embedding input to the output head as e, then we have 6; = 3=, e;;;.

We omit the bias term as it has the same gradient as the base parameter. According

oL _ 0L 90; _ 0L,
0p;j 00 0¢i; 00, 1

to the chain rule, we have and the parameter update in the

HN is A¢i; = —a- %ej‘ Then the parameter update in the base network is:
A = (ej + Aej) (i + Ddig) — D €jbig, (8.1)
J J
= Z ejA¢ij + Aej@j + AejA@j, (82)
J

~ Y ejA¢;;j + Aejdy;,  (Omit the multiplication of two delta terms) (8.3)
J

oL
v J

If we assume that both ¢;; and Ae; are i.i.d. and follow a Gaussian distribution with
zero mean, then E {Zj Aejqﬁij} = 0. Accordingly, we have Af; ~ —a - ( i e?) : g—i,
which indicates that when learning with HNs, the update on the base network param-
eters is scaled by a factor of 3=, 612 compared to directly optimizing the base network.
In HyperVLA, as the context embedding e is the output of a TF context encoder
with layer normalization as its final layer, we have E {eﬂ =1land E { y eﬂ =d,,
where d, is the dimension of e. Consequently, to keep the scale of parameter update
in the base network unchanged, we can simply divide the context embedding by v/d.
before feeding it into the output head so that E { j eﬂ = 1 after normalization.
The derivation is different for more complex optimizers like Adam, which makes

it much harder to theoretically keep the update scale unchanged like with the SGD

optimizer. However, empirically we find that the same normalization operation



112 8.2. HyperVLA

| pick | | coke | | can l ‘ Initial image‘ | Context token

Transformer context encoder ]
I
y ¥
Output Output Output
Head 1 Head 2 Head 3
Hypernetwork
N 25 P TN Base policy
~ = Y s L I
. : Proj- | . | : .
DINOv2 . —| ection —> —>: Policy |
——— | ™\ head | — V-
I I I ( \
(o1 ~———/ | | Linear |
> F—>—=—] action > a,
N/ | head )
N —— =
| Instruction token | | Context token | | Image token | | Action token |

Figure 8.2: The framework of HyperVLA. The trainable parameters are marked as
green blocks, while the HN-generated parameters are marked as light grey blocks with
dashed edges.

of dividing the context embedding by +/d. before feeding it into the HN output

head still works well in practice.

Action Generation Strategy

As introduced in Section 5.2.1, existing VLAs usually predict discretized actions
autoregressively [Brohan et al., 2023, Zitkovich et al., 2023, Kim et al., 2024], which
requires multiple runs of a huge TF model to generate different action dimensions
sequentially, or learn a diffusion action head [Chi et al., 2023] that must be iteratively
called to denoise actions [Ghosh et al., 2024], both of which are time-consuming at
training and test time. Instead, we find that training a simple linear action head
with an MSE loss outperforms these more complicated action generation strategies
in HyperVLA, while further reducing training and inference cost. This also agrees
with the findings from some recent work [Figure, 2024, Kim et al., 2025].

The overall framework of HyperVLA, which combines all these algorithm design

features, is shown in Figure 8.2.
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8.3 Experiments

Our experiments aim to answer the following questions:

—_

. Can HyperVLA achieve similar zero-shot generalization performance on both

seen and unseen tasks as existing monolithic VLAs? (Section 8.3.2)

2. Can HyperVLA adapt to new tasks by fine-tuning only on a small amount of

demonstrations, especially for long-horizon tasks? (Section 8.3.3)

3. How does HyperVLA compare to monolithic VLAs w.r.t. inference efficiency?

(Section 8.3.4)

4. How do different algorithm designs in HyperVLA influence its performance?

(Section 8.3.5)

8.3.1 Experimental Setup

Baselines We compare HyperVLA with the following monolithic VL As as base-
lines: (1) RT-1-X [O’Neill et al., 2024]: uses EfficientNet [Tan and Le, 2019] as
the vision backbone, and conditions on the language instruction via FiLM [Perez
et al., 2018]. Each action dimension is discretized and predicted autoregressively.
It has roughly 35M parameters in total. (2) Octo [Ghosh et al., 2024]: uses Th
[Raffel et al., 2020] as the language backbone and learns the visual encoder on
robotic data alone. It predicts actions via policy diffusion [Chi et al., 2023]. Tt
has roughly 200M parameters in total. (3) OpenVLA [Kim et al., 2024]: uses
SigLIP [Zhai et al., 2023] and DINOv2 [Oquab et al., 2024] as the vision backbones,
and Llama 2 [Touvron et al., 2023] as the language backbone. Llama 2 is further
fine-tuned on robotic data to predict action tokens autoregressively like RT-1-X.
It has about 7.6B parameters in total. All the baselines are trained on the Open
X-Embodiment (OXE) dataset [O’Neill et al., 2024], which contains demonstrations
collected from different robot embodiments.

We choose these models as the baselines as they are all trained on the OXE

dataset and have the same input and output space for the model, which makes it
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easier to control variates and focus only on the influence of changing the model
architecture from monolithic to HN-based. Many later VLAs are trained on larger
and different datasets, which makes it hard to tell apart whether the performance
difference is caused by the data or the introduction of HN. Nevertheless, future
work can easily apply our HN-based architecture to other VLAs by adopting their

original training recipe for a fair comparison.

Hyperparameters of HyperVLA In the base network, we use DINOv2 [Oquab
et al., 2024] as the image encoder. The policy head is a TF with 4 layers, each
with 4 attention heads. Its token embedding dimension and hidden layer dimension
are set to 64 and 128 respectively. The base network takes only the current image
observation as input, and predicts an action chunk of 4 steps. During evaluation,
we further apply action ensemble to improve prediction accuracy.

For the HN, we adopt T5 [Raffel et al., 2020] as the instruction encoder and
DINOv2 as the initial image encoder, and freeze them during training. We learn
a TF context encoder with 6 layers, with an embedding dimension of 128, MLP
hidden dimension of 512 and 4 attention heads for each layer. The output heads are

linear layers that map the context embedding to the parameters of the base network.

Training For a fair comparison with the baselines, we also train HyperVLA
on the OXE dataset. We train HyperVLA for 100k steps with a batch size 256.
To stabilize the performance of the learned model, we apply exponential moving
average to the model parameters with a smoothing factor of 0.999, and use the
smoothed parameters instead of the latest parameters in the model checkpoints
for evaluation. We optimize with AdamW [Loshchilov and Hutter, 2019], with a
weight decay coefficient of 0.05 on HN output heads. Following the setup in Octo
[Ghosh et al., 2024], we set the peak learning rate as 3e-4, and apply learning rate
warmup for 2k steps, then anneal it with an inverse square root schedule. The
learning rate for the DINOv2 image encoder in the base network shares the same
schedule, but uses a much lower peak value of 3e-5. To enable better generalization,

we augment both the language instruction by rephrasing, and the image observation
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by image augmentation as done in Octo. Other training hyperparameters follow

the same setup as in Octo.

8.3.2 Zero-Shot Generalization Results

Robot Task suite # Instruction Seen during training # Demonstration in OXE # Eval
Google pick 13 6 seen, 7 unseen ~600 per seen object 150
Robg(;)tl move 30 Yes 40 to 100 per instruction 180
close drawer 3 Yes > 2000 per instruction 180
spoon on towel 1 Yes 1 60
. carrot on plate 1 Yes 332 60
WidowX stack cube 1 No 0 60
eggplant in basket 1 No 0 60

Table 8.1: Summary of evaluation tasks in SIMPLER.

To evaluate zero-shot generalization performance, We evaluate on the SIMPLER
benchmark [Li et al., 2025a], which reproduces some tasks from the OXE dataset
in simulation and is specifically design to align with real-world evaluation results,
so that different VLAs can be compared in a reproducible way. SIMPLER includes
two commonly used robot arms, Google Robot and WidowX, and defines a set
of different tasks for each robot. For Google Robot, we evaluate on: (1) pick:
pick up an object from the table; (2) move: move a source target object to a goal
object, with another distractor object on the table; and (3) close drawer: close
top/middle/bottom drawer of the table. For WidowX, we evaluate on: (1) spoon on
towel: put the spoon on the towel; (2) carrot on plate: put the carrot in the plate;
(3) stack cube: stack the green cube on the yellow cube; and (4) eggplant in basket:
put the eggplant into the yellow basket. As shown in Table 8.1, SIMPLER evaluates
on both tasks that have been seen during training with different demonstration
number ranging from 1 to more than 2,000, and unseen tasks with new instructions.
For seen tasks, generalization across parametric variations is evaluated, such as
object layout, position and orientation. For unseen tasks, generalization across
instructions is evaluated. For each task suite in SIMPLER, we evaluate each method
on multiple episodes with the same sequence of randomly sampled instructions and

initial states to fairly evaluate the generalization performance of different methods.
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Table 8.2 and Table 8.3 compare the evaluation success rates of different methods
on Google Robot tasks and WidowX tasks respectively. Among the baselines,
OpenVLA performs the best overall, as it builds upon strong language and vision
foundation models which facilitate generalization, but at the expense of a higher
inference cost. Our method achieves similar performance as OpenVLA on most task

sets, while significantly outperforming all baselines on the picking task set.

Task set pick move  close drawer Average
ID or OOD ID + OOD ID ID
RT-1-X 29 46 65 47
Octo 7 26 31 21
OpenVLA 10 72 54 45
HyperVLA (Ours) 584+3 73+£1 58 7 63+ 3

Table 8.2: Evaluation success rates of different methods on Google Robot tasks of
SIMPLER. Each column represents a task set which contains multiple different instructions,
and we report the average success rate over the whole task set. The “ID or OOD” row
represents if the task set is in-distribution (ID) or out-of-distribution (OOD). For our
method, we report the performance mean and standard error averaged over 5 random
seeds. For the baselines, we cannot report the confidence interval, as only a single model
checkpoint is publicly available for each baseline method.

Task set spoon on towel carrot on plate stack cube eggplant in basket Average
ID or OOD ID ID 00D OOD
RT-1-X 10 12 0 0 6
Octo 5 1 0 45 13
OpenVLA 25 18 34 65 36
HyperVLA (Ours) 48 +3 21+5 39+8 52413 40+5

Table 8.3: Evaluation success rates of different methods on WidowX tasks of SIMPLER.

8.3.3 Few-Shot Adaptation Results

To evaluate few-shot adaptation performance of HyperVLA, we evaluate on the
LIBERO benchmark [Liu et al., 2023a], which is commonly used to evaluate
data-efficient fine-tuning of VLAs. Following previous work, we evaluate on
four task suites from LIBERO, each containing 10 tasks (instructions) with 50

demonstrations for each task:
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1. LIBERO-Spatial evaluates generalization to different layouts of the same

set of objects.

2. LIBERO-Object evaluates generalization to different object types with the

same scene layout.

3. LIBERO-Goal evaluates generalization to different goals (instructions) with

the same set of objects and layout.

4. LIBERO-Long evaluates performance on long-horizon tasks with diverse

objects, layouts, and tasks.

For a fair comparison, we preprocess the demonstrations in the same way as
OpenVLA. We fine-tune HyperVLA on LIBERO-Spatial, LIBERO-Object, LIBERO-
Goal for 10k steps, and LIBERO-Long for 60k steps as long-horizon tasks are harder
to solve. All the other hyperparameters are set in the same way as for pretraining.

As shown in Table 8.4, our method significantly outperforms Octo and OpenVLA
on all the task suites after fine-tuning, which validates the effectiveness of our method
for few-shot adaptation to unseen tasks. The significant advantage of our method
on LIBERO-Long further validates that our method can also solve complicated

long-horizon tasks by only activating a compact base policy at inference time.

| LIBERO-Spatial | LIBERO-Object | LIBERO-Goal | LIBERO-Long | Average

Octo 79 86 85 51 75
OpenVLA 85 88 79 54 7
HyperVLA 95 94 92 74 89

Table 8.4: Evaluation success rate of different methods on LIBERO after fine-tuning.
We report the average success rate over all the 10 tasks of each task suite. We evaluate on
each task for 50 episodes. The results of the baselines are taken from Kim et al. [2024].

8.3.4 Inference Efficiency

Table 8.5 compares the number of parameters activated during training and inference,
the inference speed and FLOPs of different methods. For the number of activated

parameters at inference time, we exclude the parameters that are only activated
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once at the beginning of each episode, as their computational costs are negligible
compared to the overall inference cost in the whole episode, which include the
instruction encoder in all the methods and the HN in our method. Moreover, the

inference cost of HN calling in Hyper VLA is at a similar level as the baseline models.

# Params activated # Params activated Time per
. . . FLOPs
per training step per inference step inference step (ms)
RT-1-X 35M 35M 88 -
Octo 200M 100M 96 5.6 x 101°
OpenVLA 7.6B 7.6B 482 4.0 x 1012
HyperVLA | 86M (shared) + 216M (HN) | 86M (shared) + 0.1M (generated) 4 4.7 x 10'°

Table 8.5: Number of parameters activated per step during training and test, inference
speed and FLOPs of different methods. Time per inference step is measured by running
each model on an NVIDIA L4 GPU. We were unable to measure the FLOPs of RT-1-X
as its model checkpoint is wrapped up.

At training time, HyperVLA activates both a shared DINOv2 image encoder
with 86M parameters and an HN with 216M parameters (100M for the frozen T5
encoder + 86M for the frozen DINOv2 encoder + 30M for the learned context
encoder). At test time, it only activates the shared DINOv2 backbone and a
generated base network with 0.1M parameters for each inference step, which leads
to a significant acceleration. Compared to OpenVLA, the baseline with the best
performance, HyperVLA reduces the model size at inference time by 90 times and
accelerates the inference speed by 120 times. Although RT-1-X and Octo have a
similar or smaller number of activated parameters during inference than HyperVLA,
their inference is still much slower, as they use either autoregression or a diffusion
policy to predict the action, both of which require more iterations over the model
parameters than the simple linear action head used in HyperVLA.

Based on the above results, we conclude that Hyper VLA not only achieves similar
or better performance compared to the baselines, but also significantly reduces
inference costs. Moreover, while our primary goal is to improve the inference
efficiency of VLAs, our method also significantly reduces computational costs during
training. Specifically, OpenVLA is trained on 64 A100 GPUs for 14 days [Kim et al.,
2024], while HyperVLA is only trained on 4 A5000 GPUs for 20 hours.



8. HyperVLA: Efficient Inference in Vision-Language-Action Models via
Hypernetworks 119

8.3.5 Ablation Studies

We run ablation studies by removing each of the algorithm design features proposed
in Section 8.2.3 from HyperVLA. The ablation results in Table 8.6 and 8.7 validate
that all the proposed designs contribute to the success of HyperVLA. Please see
Appendix C.1 for more ablation results on other design choices in HyperVLA,
especially that training a compact base policy alone cannot perform well, which

validates the importance of introducing HNs to ensure sufficient model capacity.

‘ pick  move close drawer  Avg

HyperVLA (Full) 83 T3£1 87 63 + 3

- Vision backbone 24 30 38 31
- HN normalization | 53+4 7144 48 +1 57+ 1
- Linear action head 49 H6 55 53

Table 8.6: Ablation results on how different algorithm designs in HyperVLA influence
its performance on Google Robot tasks. For full HyperVLA and the variant without HN
normalization, we report the standard error across five random seeds, as they perform
similarly and need to be compared with more random seeds. The other two variants have
large performance gap to full HyperVLA, thus are trained with only one seed to reduce
computational cost.

‘ spoon on towel carrot on plate stack cube eggplant in basket — Avg

HyperVLA (Full) 48 +3 21+5 39+8 52+ 13 40£5
- Vision backbone 21 0 0 0 5
- HN normalization 48 £ 3 27T+ 6 1943 31+9 31+4
- Linear action head 42 23 15 39 30

Table 8.7: Ablation results on how different algorithm designs in HyperVLA influence
its performance on WidowX tasks.

Vision Backbone When removing the DINOv2 backbone, we increase the number
of training steps to 600k for a fair comparison, as training the whole model from
scratch takes longer to converge. However, even with a larger training budget, it
still significantly underperforms HyperVLA, illustrating the importance of utilizing
the prior knowledge from vision foundation models. To reduce computational cost,
we only train this variant for one seed, but the performance gap is significant enough

to illustrate the importance of using vision foundation models as backbone.
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HN Normalization To ablate the importance of HN normalization, we do not
normalize the context embedding before feeding it into the HN output heads,
while keeping all the other configurations unchanged. Compared to HyperVLA, it
generally performs slightly worse on seen tasks, but significantly worse on the two
OOD WidowX tasks, which validates the importance of stabilizing HN learning

with context embedding normalization.

Action Generation Strategy We replace the linear action head in HyperVLA
with a diffusion action head like in Octo [Ghosh et al., 2024], and increase the
training budget to 400k steps. The diffusion-head variant underperforms Hyper-
VLA even with a larger training budget, which illustrates that a simple linear
action head trained with MSE loss is sufficient when training an HN-based VLA,
and also improves training efficiency compared to more complicated action head

designs like diffusion.

8.3.6 Qualitative Analysis

We qualitatively analyze the common failure patterns of different methods as follows:

The main failure reason of our method is inaccurate grasping of the object to
manipulate, e.g., the policy sometimes may close the gripper when the end-effector
is still slightly above the target object, which makes the robot fail to pick up the
object. In general, the action error of HyperVLA is small and may be mitigated
by integrating more camera views or further fine-tuning.

The OpenVLA baseline significantly underperforms our method on the picking
task of Google Robot, while performs similarly on the other tasks. Its main
failure reason is similar to HyperVLA due to inaccurate grasping. However, it also
makes some other obvious mistakes, such as the robot arm getting stuck in the
air, and not picking the target object up as expected after successfully grasping
it. We also find that the robot arm movement controlled by OpenVLA is less
smooth than HyperVLA, possibly due to its autoregressive way of predicting

discretized action tokens.
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For the other two weaker baselines RT-1-X and Octo, in addition to the grasping
error, they sometimes even can not correctly locate the object to manipulate, or
misunderstand the language instruction semantically, such as moving a wrong object
to a wrong target object in the moving tasks, possibly because they are not built

upon language and vision foundation models with strong generalization ability.

8.4 Related Work

In addition to related work on VLA pretraining and inference acceleration that has
been reviewed in Chapter 5, we further review related work on context-conditioned
policy generation in this section.

Faccio et al. [2023] and Di Ventura et al. [2025] adopt HNs to generate policies
that can achieve different amount of expected return in a single environment,
and achieve promising performance on relatively simple continuous control tasks.
Generating task-conditioned policies via HNs has been investigated in multi-task
and meta-RL [Yu et al., 2019, Sarafian et al., 2021, Beck et al., 2023a,b, Rezaei-
Shoshtari et al., 2023], but such work mainly focuses on learning lightweight models
on narrow task distributions, and do not use HNs for inference acceleration. Make-
An-Agent [Liang et al., 2024b] treats parameter generation as a denoising process
in the parameter space, and generates policy parameters via diffusion conditioned
on demonstration trajectories, while our method generates the policy via HNs
conditioned on the task context, thus can zero-shot generalize to a new task without
additional demonstration trajectories from the new task. Another key difference
is that Make-An-Agent treats parameter generation as a multi-stage denoising
process, while we treat parameter generation as a direct mapping from the task

context space to the parameter space.

8.5 Conclusion and Future Work

In this chapter, we analyzed why existing VL As have high inference cost due to

their monolithic architectures, and proposed an HN-based solution which decouples
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the skills required to solve different tasks at test time for inference acceleration. To
stabilize HN training and improve its performance, we further proposed several key
algorithm design features, including how to properly integrate vision backbones,
HN normalization, and a simple linear action head trained with MSE loss. Building
upon the knowledge decoupling principle and this algorithm design, we proposed Hy-
perVLA, which achieves performance similar to or even better than that of existing
monolithic VLAs, while significant improving both training and inference efficiency.

This work paves the first step towards many interesting directions for future

work on HN-based VLAs:

1. Due to hardware limitations, we only evaluate HyperVLA in simulation.
Sim2real gap [Tobin et al., 2017, Peng et al., 2018] is a key challenge in robotic
learning, thus a natural next step is to evaluate our method on real robots
to further validate (1) If HyperVLA can maintain similar performance as
monolithic VLLAs on real robots, as HNs may be more prone to overfitting
as discussed in Chapter 3.2.2 and transfer worse; and (2) If its significant
advantage in inference efficiency can be maintained, as deployment on real
robots will introduce many other latency factors other than model inference,

such as data acquisition, preprocessing and communication.

2. Scale up the HN model size and train on more recent and larger robotic
datasets [Khazatsky et al., 2024, NVIDIA et al., 2025] for further performance

improvement.

3. Scale up to more complicated tasks, like long-horizon tasks that require

high-level planning or memory of interaction history.

4. While HyperVLA significantly reduces the size of the policy head during
inference, the image encoder still uses vision foundation models as the
backbone, which becomes the main efficiency bottleneck now. Future work
could investigate how to further reduce the size of the image encoder, such as
distilling the large image encoder into an HN-generated one in an additional

training phase.
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While this chapter focused on utilizing HNs in the pretraining phase of VLAs to
improve inference efficiency, in the next chapter we will investigate how to utilize
HNs in the fine-tuning/post-training phase of VLAs to enable better few-shot

adaptation to tasks from a new domain.
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In this chapter, we shift our attention from VLA pretraining to VLA fine-

tuning, and

investigate how to utilize HNs to enable sample- and computation-

efficient adaptation of a pretrained VLA to a new domain with many different

tasks to solve. We propose to generate task-specific LoRA parameters via HNs

to better accommodate the different skills required to solve different tasks, and

empirically validate its effectiveness on a challenging benchmark containing 90

125
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tasks in different household scenarios.

9.1 Introduction

As introduced in Section 5.4, while VLAs have achieved promising zero-shot
generalization performance, they still require further fine-tuning to achieve satisfying
performance on downstream tasks for deployment in real world, especially on those
with domain gaps to the training tasks.

To reduce the cost and difficulty of deployment, the fine-tuning process should
be both sample- and computation-efficient, i.e., requiring the collection of only
a small amount of additional demonstrations on the new tasks and introducing
little computational overhead. As proven by many existing VLAs, the fine-tuning
process can be sample-efficient thanks to the strong prior knowledge encoded in
the pretrained VLAs [Ghosh et al., 2024, Black et al., 2025b, Kim et al., 2024, Liu
et al., 2025¢|. Computational efficiency can be improved by adopting parameter-
efficient fine-tuning (PEFT) methods like Low-Rank Adaptation (LoRA) [Hu et al.,
2022], instead of fine-tuning the whole VLA with millions or billions of parameters
[Kim et al., 2025, 2024].

However, existing methods mainly fine-tune only on a single or a small number
of downstream task(s), while in practice a generalist robot is more likely to be
deployed in an unseen environment to accomplish many different tasks. Thus in this
chapter, we investigate a more challenging setting of adapting a pretrained VLA
to a target domain with many different tasks in a parameter- and data-efficient
way, where the domain is defined as an environment in which a robot needs to
accomplish a set of different tasks. For example, consider learning an industrial
robot that can work in different factories (Figure 9.1). After pretraining a VLA
on data collected from source domains, we want to deploy it in factories that may
differ in the environments, tasks to complete, etc. Directly deploying the VLA in a
zero-shot fashion may not perform well due to the domain gap between the source
and target domains, and further adaptation is required before deployment. We want

the domain adaptation process to be both data-efficient to minimize the efforts for
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Source domains Target domains

Figure 9.1: A domain adaptation example of fine-tuning a pretrained industrial robot
to work in different factories.

collecting expert demonstrations in each new factory, and parameter-efficient to
reduce the computational cost and further improve data efficiency.

To achieve this goal, we introduce HyperLoRA, which generates task-specific
LoRA parameters for different tasks in the target domain with a task-conditioned
HN. Our method is both parameter-efficient with LoRA adaptation, and data-
efficient by sharing knowledge across different tasks in the target domain via the HN.
Experimental results on the LIBERO benchmark show that HyperLoRA significantly
improves the model’s performance on the training tasks from the target domain.
However, though HyperLoRA also shows some extent of zero-shot generalization to
unseen tasks from the target domain, task generalization in the new domain remains
challenging due to the limited number of tasks and demonstrations available for

VLA fine-tuning, which is an interesting direction for future work.

9.2 Background
9.2.1 Problem Formulation

Given a VLA pretrained on some source domains, this chapter investigates how to
efficiently adapt it to an unseen target domain with a set of different tasks Tiarget

to accomplish. The new domain may be different from the pretraining domains
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in scenarios, task set, robot embodiment, etc. Each task from the target domain
is specified by a sentence of language instruction.

For supervised fine-tuning, we assume access to a small amount of expert
demonstrations on a task subset Tgain C Trarget in the target domain. We want
to fine-tune the VLA with these demonstrations from the target domain via BC
to achieve not only better performance on the training tasks 7. compared to
zero-shot generalization, but also better generalization performance on unseen test

tasks Tiest = Trarget \ Tirain i the same domain.

9.2.2 Low-Rank Adaptation

Low-rank adaptation (LoRA) was first proposed for parameter-efficient fine-tuning
of large language models [Hu et al., 2022], and has recently been successfully applied
to VLAs as well [Kim et al., 2024]. Instead of fine-tuning all the parameters of a
large model, LoRA freezes the pretrained model weights and injects trainable rank
decomposition matrices into each layer of the model, which significantly reduces
the number of trainable parameters during fine-tuning with little performance
degradation. For a linear layer h = Wx with weight matrix W € R™*" LoRA
introduces two low-rank matrices Wygyn € R™*" and W, € R™", where r <

min(m, n) is the rank of LoRA matrices, and updates the layer output as
h =Wz + oW, Wgoum,

where « is a hyperparameter determining how much the additional term influences
the layer output. During fine-tuning, W is frozen and only W, and Wy, are

learned, which reduces the number of trainable parameters from m xn to (m+n) xr.

9.3 HyperLoRA
9.3.1 Motivation

To fine-tune a VLA on multiple different tasks with LoRA, a straightforward
approach is to learn a separate set of LoRA parameters for each training task in

the target domain, which we called single-task LoRA (ST-LoRA). However, doing
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so forfeits the chance to share knowledge across different tasks to facilitate the
data efficiency of domain adaptation. Furthermore, it is not clear which learnt
LoRA module should we use for an unseen task from the target domain. Finally,
the memory costs of saving the LoRA parameters grow linearly with the number
of tasks seen in the new domain.

To tackle these limitations, one solution is to learn a multi-task LoRA (MT-
LoRA) module on all the training tasks from the target domain, and apply the same
LoRA module to any new tasks. However, learning a single LoRA module that is
agnostic to task context may not be expressive enough to model the diverse skills
required to solve different tasks, and thus may harm domain adaptation performance.

Therefore, we propose to learn LoRA modules that explicitly condition on task
context. Such task conditioning can be modeled in different ways, such as feeding
task context as an additional input to LoRA (W gown specifically), feature-wise linear
modulation [Perez et al., 2018], and HN. In this work, we adopt the HN approach,
as it has high model capacity to encode the complicated dependency between task
context and control parameters, supported by both theoretical analysis [Galanti
and Wolf, 2020, Sarafian et al., 2021] and empirical evidence from previous work
[Yu et al., 2019, Peng et al., 2021, Beck et al., 2023a,b, Rezaei-Shoshtari et al.,

2023] and the previous chapters of the thesis.

9.3.2 Model Architecture

As shown in Figure 9.2, HyperLoRA generates task-specific LoRA parameters via a
context-conditioned HN. The TF context encoder in the HN takes two inputs:

1. Token embeddings of the language instruction from a frozen TH tokenizer

[Raffel et al., 2020].

2. Multiple learned layer index tokens, each corresponding to one TF layer in

the VLA model to fine-tune.

After context encoding, the embeddings of the layer index tokens go through a set of
shared HN output heads to generate the LoRA parameters in each layer of the VLA.
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Figure 9.2: The framework of HyperLoRA. For ease of illustration, we only show how
to generate LoRA parameters for a single weight matrix W in the VLA. The HN takes in
language instruction tokens and layer index tokens as input, and encodes them with a TF
context encoder. The context embeddings of the layer index tokens are passed into shared
output heads to generate the LoRA parameters for different layers in the VLA. Trainable
parameters are marked in , and HN-generated LoRA parameters are represented
by trapeziums bounded by dashed lines.

Unlike in HyperVLA where we only use a single context token as the input to
the HN context encoder, here we use multiple layer index tokens as the context
tokens to reduce the number of learnable parameters in the HN and improve
parameter efficiency. Specifically, although each LoRA block contains just two
low-rank matrices, generating LoRA blocks for all the matrices in a VLA still
introduces a considerable memory cost. To reduce the size of the HN, we utilize the
fact that most VLAs are built by stacking multiple layers of TF blocks with the
same architecture. By feeding the layer index of the VLA as an additional input to
the HN, we can reuse the same set of HN output heads to generate different LoRA
parameters for different layers in the VLA, instead of learning separate output
heads for each layer, which can reduce the size of HN by approximately N times,

where N is the number of TF layers in the VLA.
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9.4 Experiments
We conduct experiments to validate if HyperLoRA can:
1. Improve the performance of a VLA on the training tasks in the target domain?

2. Enable zero-shot generalization to unseen tasks from the target domain?

9.4.1 Experimental Setup

Pretrained VLA  We use Octo [Ghosh et al., 2024] as the pretrained VLA, as it
achieves a good trade-off between performance and computational cost, and was

a SOTA VLA at the time when this work was conducted.

Target Domain We use the LIBERO-90 task suite from the LIBERO benchmark
[Liu et al., 2023a] as the target domain, which contains three household environments
of kitchen, living room and study room. Each environment contains multiple scenes,
where each scene is defined as a specific layout of a set of commonly seen objects in the
corresponding environment. Multiple different tasks can be defined in each scene by
specifying different goals, such as moving different objects to different goal positions.
In this way, LIBERO-90 defines 90 different tasks in total. We hold out one task
from each scene to make a set of 20 test tasks in the target domain. The remaining
70 tasks are used as the training tasks from the target domain. 50 demonstrations
are provided for each task, leading to 3,500 demonstrations in total for VLA fine-
tuning. To evaluate data efficiency of different fine-tuning methods, we fine-tune

with different data budgets of 1, 5, 10, or 50 demonstrations per training task.

Baselines As discussed in Section 9.3.1, we compare HyperLoRA with (1) Multi-
task LoRA (MT-LoRA) to validate the importance of introducing HN to generate
task-conditioned LoRA parameters; and (2) Single-task LoRA (ST-LoRA) to see

if HyperLoRA improves sample efficiency via knowledge sharing across tasks.
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Training Hyperparameters During the fine-tuning process, we freeze the TF
parameters in Octo, add LoRA to the two MLP layers in each TF layer, and further
update all the parameters of the diffusion head.

For HyperLoRA, we fine-tune for 300k steps with a batch size of 32. We generate
LoRA modules with a rank of 4. For the TF context encoder, we use a two-layer
TF with 4 attention heads, and set the embedding dimension and MLP hidden
dimension as 128 and 256 respectively.

For MT-LoRA, the LoRA rank is increased to 48 so that it has a similar
number of trainable parameters as HyperLoRA. Other hyperparameters follow
the same setup as HyperLoRA.

For ST-LoRA, we fine-tune for 100k steps on each single training task. Other
hyperparameters follow the same setup as MT-LoRA. Due to the high computational
cost of running ST-LoRA on all the training tasks separately, we only train ST-
LoRA with the lowest data budget of 1 demo per task.

In total about 6M parameters are updated during domain adaptation for all the

methods considered, taking only about 3% of the parameters in Octo.

Evaluation We evaluate the fine-tuned model on both the training tasks with
parametric variations and unseen test tasks with new instructions in the target

domain. Each task is evaluated for 50 episodes.

9.4.2 Results
Comparison with MT-LoRA

As shown in Figure 9.3 and Table 9.1, HyperLoRA consistently outperforms MT-
LoRA on both the training and test tasks under different data budgets, validating the
importance of learning context-conditioned LoRA parameters for each task to achieve
better adaptation performance. Notably, HyperLoRA is about 10 times more sample-
efficient than MT-LoRA on the training tasks. Specifically, HyperLoRA achieves an
average success rate of 30% on the training tasks with only 1 demo per task, while

MT-LoRA achieves a similar success rate of 31% when fine-tuned with 10 demos per
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Figure 9.3: The average success rate of different methods over the training and test
tasks from the target domain with different number of demonstrations per task.

Task set Method # Demonstration per training task
1 5 10 50
Train MT-LoRA 21 24 31 45
HyperLoRA 30 42 49 68
Test MT-LoRA 1 1 0 4
HyperLoRA 5 6 3 12

Table 9.1: The average success rate of different methods over the training and test tasks
from the target domain with different data budgets for fine-tuning.

task. Similarly, HyperLoRA scores 42% on the training tasks with 5 demos per task,
matching MT-LoRA’s score of 45% when fine-tuned with all the 50 demos per task.

However, for both methods, the average success rate on the test tasks is much
lower than the success rate on the training tasks, which indicates a significant
generalization gap. We hypothesize this is because that only a small number of
training instructions have been seen during fine-tuning, thus the fine-tuned models
can not generalize well to out-of-distribution task instructions containing unseen

objects or skills. In general, adaptation to unseen tasks in a new domain is still hard,
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as we can only collect data from a limited number of tasks in the target domain,

which is not sufficient to enable good task generalization of the fine-tuned model.

Comparison with ST-LoRA

When fine-tuned with only 1 demo from each training task, ST-LoRA achieves
an average success rate of 32.5% on all the training tasks, which is similar to
HyperLoRA’s average success rate of 33.6% under the same data budget. We
further train ST-LoRA on a subset of 8 training tasks separately with a sample
budget of 50 demonstrations per task, and find that its average success rate is
also similar to that of HyperLoRA under the same sample budget. These results
indicates that although HyperLoRA enables knowledge sharing across tasks, it
does not lead to significant performance improvement compared to ST-LoRA as

hypothesized in Section 9.3.1. We list several potential reasons as below:

1. Task interference in multi-task learning [Ruder, 2017, Yu et al., 2020a, Liu
et al., 2021a, Kurin et al., 2022] may hinder HyperLoRA from learning the
optimal LoRA parameters for each task, which counteracts the benefits of

knowledge sharing.

2. Knowledge sharing across the fine-tuning tasks may provide marginal help
given that the pretrained VLA has already encoded strong prior knowledge

for fast adaptation to a new task.

3. HyperLoRA and ST-LoRA are not compared under a fair computational
budget. Specifically, ST-LoRA runs for TM steps in total on all the training
tasks, which is more than 20 times larger than the budget of 300k steps for
HyperLoRA fine-tuning. The conclusion may be different if we fine-tune for

longer until each method converges.

As discussed in Section 9.3.1, another potential benefit of HyperLoRA compared
to ST-LoRA is the zero-shot generalization ability to unseen tasks from the target

domain. However, given that HyperLoRA only achieves a low average success rate
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on the test tasks as shown in Table 9.1, this advantage is also negligible and may only
hold for unseen tasks that are very similar to the training tasks used for fine-tuning.

Nevertheless, HyperLoRA’s advantage in memory cost still holds. While ST-
LoRA needs to save a separate set of LoRA parameters for each task in the target
domain, HyperLoRA only needs to save a single set of HN parameters regardless of
the task number. In our experiments, as ST-LoRA learns a separate set of LoRA
modules that has a similar number of parameters as HyperLoRA for each training

task, the total memory cost of ST-LoRA is 70 times higher than that of HyperLoRA.

9.5 Related Work

In addition to related work on VLA fine-tuning that has been reviewed in Section
5.4, we further review related work on HN-generated PEFT methods in this section.

In the domain of NLP, Mahabadi et al. [2021] and Zhao et al. [2023a] utilize
HNs to generate the parameters of adapter [Houlsby et al., 2019], a commonly
used PEFT method, and show positive knowledge transfer across tasks when
fine-tuning on multiple tasks. Similarly, HyperPrompt [He et al., 2022] adopts
HNs to generate task-conditioned prompts for PEFT of language models. Kim
et al. [2023] further extends this idea to federated learning to generate different
adapter parameters for heterogeneous clients via HN, while Adhikari et al. [2025]
applies this idea to continual learning.

Most similar to our work is Hyper-Decision Transformer (HDT) [Xu et al.,
2023], which also utilizes HN to generate task-specific adapter parameters for
efficient adaptation in robotic control. However, HDT only considers state-based
robotic control in a relatively narrow task distribution, while we focus on a more
challenging setting of image-based control on a much broader task distribution

based on the recent progress in VLAs.
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9.6 Conclusion and Future Work

This chapter introduced HyperLoRA for efficient adaptation of VLAs to new domains
with many different tasks by learning to generate task-specific LoRA parameters
with an HN. HyperLoRA not only significantly improves model performance on
the training tasks in the new domain, but also shows some extent of zero-shot
generalization to unseen test tasks from the same domain.

Given the promising preliminary results of HyperLoRA, future work could focus

on:

1. Evaluate HyperLoRA on more target domains both in simulation [Yu et al.,

2020b, Mees et al., 2022] and on real robots.

2. Apply HyperLoRA to more recent VLASs to see if its advantage over vanilla
LoRA still holds when the pretrained VLA is scaled up [Kim et al., 2025],
as it is possible that the benefits introduced by HN’s higher model capacity
will become marginal when the expressive power of the VLA itself is strong

enough.

3. Further improve zero-shot generalization of HyperLoRA to unseen tasks in
the target domain, such as decomposing the high-level language instruction

into more fine-grained skills that transfer better between tasks.
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While we have discussed about future work directions for each specific work in
previous chapters, in this chapter we give a high-level reflection on the research

conducted in this thesis and propose some general directions for future work.

10.1 Unifying Cross-Embodiment and Cross-Skill
Control

In this thesis, we investigate generalization across embodiments and skills under
two separate problem settings. For embodiment generalization, we only consider
a fixed goal of maximizing locomotion distance. For skill generalization, we only
consider embodiment generalization over different robot arms that share the same
end-effector action space.

However, more recent work has made some initial efforts to unify these different

dimensions of generalization under a single problem setting, such as extending

139
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universal morphology control to a multi-goal setting by treating different goals
as additional nodes in a unified morphology-goal graph [Furuta et al., 2023], and
learning VL As on a broader range of diverse embodiments by training a unified TF
with different token blocks corresponding to each embodiment type [Yang et al.,
2024, Doshi et al., 2024, Zheng et al., 2025]. We believe this is a promising direction
for future work to learn a more powerful generalist policy by training on larger-scale
data, while one of the key challenges here is how to design a unified interface that
can flexibly support both different embodiments and goals, and integration of useful
domain knowledge into the model. Moreover, whether training on a broader task
distribution is beneficial or not is an empirical question that depends on many
factors, such as our data size (for IL) or interaction budget (for RL), the task
distribution we want to generalize to, etc. Intuitively, training on a larger task
distribution enables learning from a larger data source, but needs to deal with a
harder multi-task optimization problem with potentially more interference across
tasks. So it boils down to a trade-off of whether the benefits of knowledge transfer
across more tasks and data can outweigh the difficulty in optimization or not.
For example, as shown in Chapter 6 and 7, a specialist MLP model outperforms
a generalist TF model if we only care about the locomotion performance of a
specific robot, but this holds only if we have sufficient computational budget to
train these models with RL. On the other hand, for complicated manipulation
tasks where demonstrations are expensive to collect, even if we only care about
performance on a narrow distribution of downstream tasks, it has been proven by
many existing VLAs [Ghosh et al., 2024, Kim et al., 2024, Black et al., 2025b,a]
that it is crucial to first pretrain on a broad task distribution to learn a strong
and robust prior, and then fine-tune with a small amount of demonstrations on
the downstream tasks, as it is too expensive to collect a large enough number
of demonstrations on these tasks alone to learn a model with good performance.
As data scarcity will remain as a key bottleneck of robotic learning in the near

future, we expect that learning from a broader task distribution and designing
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algorithms that can better transfer knowledge across these richer but heterogeneous

data sources will be a trend in future work.

10.1.1 What is a Useful Embodiment Distribution?

To learn a generalist policy, a key question is what is the distribution of tasks that
we expect it to generalize to. For skill generalization, this question may be easy
to answer, as we just want the robot to do whatever human can do in different
environments. However, for embodiment generalization, the answer may not be
very clear. In principle, training on cross-embodiment data improves data efficiency
of learning on the training embodiments, and enables better generalization or more
efficient adaptation to a new embodiment that is similar to the training ones. So
given the huge morphology space of all possible robot embodiments, we need to
carefully choose the training embodiments, which have a huge influence on: (1)
Where and how we collect the training data; and (2) To what new embodiments
can we expect good generalization.

In this thesis, we adopt the UNIMAL benchmark [Gupta et al., 2022] as the
embodiment distribution for the problem setting of universal morphology control.
But this is mainly for research purpose, as (1) We need a scalable and systematical
approach to generate diverse morphologies for multi-robot training and evaluation;
and (2) It is better to use the same benchmark as in previous work for a fair
comparison. However, most morphologies in the UNIMAL benchmark, like those
shown in Figure 6.4, are rarely used in real robots. In other words, although
generalization across embodiments is a valuable question and the experimental
results on the UNIMAL benchmark validate the effectiveness of our methods, the
embodiment distribution defined by the benchmark may not fully align with the
cross-embodiment scenarios we really care about in the real world.

Consequently, to better reflect the problem settings that will be encountered in
real-world scenarios, future work on cross-embodiment control should focus more on

the embodiments that are commonly seen and used in real world, such as robot arms
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with grippers and dexterous hands for manipulation, quadruped robots, wheeled
robots and humanoids for locomotion and navigation, etc.

Furthermore, in addition to training on data collected from these commonly
used robot embodiments, human videos is another important data source with
a huge volume as introduced in Section 5.2.3. Designing methods to mitigate
the embodiment gap between human and robot to better utilize the abundant
human videos is an important direction for future work, and could borrow insights
from cross-domain transfer learning as introduced in Section 4.2.1. Many useful
representations can be learned from human videos at different levels, such as
pretrained visual representation [Nair et al., 2023, Wu et al., 2024a, Cheang et al.,
2024], reward and value function [Ma et al., 2023a,b], latent actions [Bruce et al.,
2024, NVIDIA et al., 2025, Bu et al., 2025a,c, Ye et al., 2025, Bi et al., 2025a], etc.

As a final remark, although we have discussed about the importance of bench-
marking on a more practical embodiment distribution that better aligns with
real-world robots from a problem-driven perspective, we also want to highlight the
value of a method-driven perspective for research that identifies the limitations of
existing methods under a specific problem setting to motivate new algorithms. For
example, although the UNIMAL benchmark itself may not perfectly reflect real-world
embodiment distribution, the key ideas we develop when tackling the challenges in
this benchmark, such as using HNs to learn more expressive multi-task policy and
the knowledge decoupling principle, have been proven very useful in the VLA setting.
In summary, research is an exploration process in the unknown space with high
uncertainty, and sometimes we need to do some less “useful” research in short term

to gain important insights that may help with long-term research just like in RL.

10.2 Towards Self-Improving Generalist Robots

Although great progress has been made for learning generalist robots in recent years,
their performance is still far from perfection for large-scale real-world deployment.
While fine-tuning enables better performance on downstream tasks, sometimes even

achieving a high enough success rate for real-world deployment on some specific
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tasks, it usually comes at the cost of losing the broad generalization ability of the
pretrained model due to catastrophic forgetting, which contradicts with our original
motivation of learning generalist robots. In general, existing robots mainly follow a
“train-(fine-tune)-deploy” paradigm by first learning on a fixed set of pretraining or
fine-tuning data, then deploying in the real world without further model update.
In contrast, humans can continually learn from experience to be more skilled at
different tasks during their lifetime. So we believe it is an important direction for
future work to learn self-improving generalist robots that can continually optimize
their policies with new experience accumulated during deployment.

To achieve this goal, we discuss about two promising directions for future

work as below:

Self-Correction during Task Execution The ability to correct mistakes when
solving a task may significantly improve a generalist robot’s performance, e.g., if
a robot arm fails to pick an object due to grasping on the object’s edge, it can
self-correct its behaviors by slightly adjusting the location to close its gripper so
that it can grasp the object’s body in the next trial.

However, most existing generalist robots cannot correct mistakes in such a way
as they are memoryless, i.e, if we input the same state/observation sequence to
the policy, it will still output the same action that leads to failure. Although some
VLAs have been claimed to show error recovery ability [Black et al., 2025b], they
work not by really updating the policy for correction, but because the mistaken
action takes the robot to a next state where the policy happens to know how to
act correctly. So this kind of “error recovery” ability is still limited.

Context-based meta-RL methods [Beck et al., 2025] may provide a promising
solution to this challenge, where the policy further conditions its behaviors on a
context encoding of the interaction history with the environment so far, so that the
policy can try new ways to fix its mistake by conditioning on a continually evolving
history context. Memory-based VLAs [Li et al., 2024b, Shi et al., 2025a] have

been explored to better solve long-horizon and temporally dependent tasks, which
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could also be adapted for self-correction. Instead of improving upon a single policy,
quality-diversity methods pretrain a set of qualitatively different policies that have
similar performance on the training tasks, then adaptively try out these policies
on a new task to find the most suitable one [Cully et al., 2015, Mouret and Clune,
2015, Margolis and Agrawal, 2023]. In other words, they self-improve by searching
in a a pre-given policy space, instead of in the parameter space of a given policy.

A key challenge here is how to collect training data with self-correction behaviors
to either learn the history context encoder or fill the memory buffer with relevant
transitions, as most exiting robotic datasets only contain successful demonstrations
from experts. Another key challenge is how to enable broad and robust self-correction
ability if the the robot encounters new failure modes that are out-of-distribution
[Mendonca et al., 2020, Xiong et al., 2021]. It is also interesting and important to
investigate how to utilize VLM’s strong prior knowledge about the world to provide

more guidance on self-correction instead of learning simply via trial and error.

Lifelong Self-Improvement In addition to intra-task self-correction, another
key desiderata of self-improving generalist robots is the ability to continually learn
from newly accumulated experience, no matter successful or failed, in a lifelong
fashion to achieve better performance on future tasks. As discussed before, fine-
tuning with IL or RL can improve performance on specific tasks, but sacrifices
generalization performance due to catastrophic forgetting. While we can co-fine-tune
with both pretraining and newly acquired data to achieve both better performance
and maintain generalization, this is usually time-consuming and computationally
expensive to run, and will involve privacy issue if the users want to keep the data
collected in their deployment scenarios private.

Lifelong learning methods [Parisi et al., 2019, Wang et al., 2024b] provide a
natural solution to this challenge, but how to scale these methods to a broader task
distribution that will be encountered by a generalist robot remains underexplored
[Liu et al., 2023a]. Learning task-specific LoRA modules [Liu et al., 2023c], i.e., the

single-task LoRA method we discussed in the HyperLoRA chapter, is another way
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to self-improve without catastrophic forgetting, but its scalability and generalization
remains a challenge as discussed in Chapter 9. From a model architecture perspective,
modular /hierarchical architectures like dual-system VLAs may be more suitable for
lifelong learning compared to monolithic architectures, as they can decompose the
functionality of different modules and only update task-relevant modules without
influencing the behaviors of other modules, such as learning a set of separate

skills modules without interference.

10.3 Hypernetworks in Foundation Models

In this thesis, we have frequently used HNs under two main motivations and achieved
promising results accordingly. First, we utilize the strong expressive power of HNs
to better model the complicated dependency between the task context and the
correspondingly optimal control policy, which significantly boosts model performance
as shown in ModuMorph and HyperLoRA. Second, compared to monolithic multi-
task policies that need to activate the whole model during inference, we utilize
the knowledge decoupling ability provided by HN’s hierarchical architecture to
enable both high model capacity during pretraining, and efficient inference by
only activating a compact HN-generated task-specific policy at test time, which
achieves similar performance and significantly higher inference efficiency compared
to monolithic models in HyperDistill and HyperVLA.

While HNs also introduce new challenges like more complicated optimization
and higher overfitting risks as discussed in Section 3.2.2; in principle we believe
these do not constitute fundamental limitations of HNs and can be better solved
if more research focuses on addressing these issues in the future. For example, we
have proposed how to alleviate optimization challenges in HNs via policy distillation
in HyperDistill and context normalization in HyperVLA, and how to improve task
generalization of the HN in HyperDistill.

Consequently, we believe HNs could serve as an important building block
in future robotic foundation models. In addition to their advantages in model

capacity and inference efficiency as investigated in this thesis, future work could
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further utilize other characteristics of HNs, such as their ability to measure model
uncertainty [Krueger et al., 2017, Ratzlaff and Fuxin, 2019, Chauhan et al., 2024b]
and reduce catastrophic forgetting in continual learning [von Oswald et al., 2020],
to learn better generalist robots.

Furthermore, while this thesis only utilizes HNs for robotic control, another
promising direction for future work is to further extend their application to
foundation models in other domains, especially for more efficient inference. For
example, HNs can be applied to VLMs for image generation or understanding,
where the language query serves as the task context to generate a compact base
network that only extracts query-relevant visual features from the image input. How
to scale HN learning to a even larger model size to match the performance of SOTA

foundation models in different domains remains an open question for future work.



Conclusion

This thesis investigated how to learn robots that can generalize across a broad
distribution of tasks and fast adapt to new tasks by training on large-scale multi-
task robotic data.

We started by formulating multi-task robotic control as a Contextual Markov
Decision Process in Chapter 2, which can be solved by learning a context-conditioned
policy via either RL or IL. By defining the task context in different ways, we
investigated two different dimensions of generalization in robotics: (1) Generalization
across robot embodiments, i.e., universal morphology control; and (2) Generalization
across skills specified by language instructions.

In Part II of the thesis, we focused on how to improve pretraining and inference
efficiency in cross-embodiment control. In chapter 6, we proposed ModuMorph,
a Transformer-based universal controller that better models the complicated de-
pendency between a robot’s morphology and its optimal behaviors via contex-
tual modulation, which includes: (1) Generating morphology-conditioned policy
parameters via HN; and (2) Fixed attention weights that solely condition on
the robot morphology. By better modeling how the policy conditions on the
morphology context, we achieved consistent performance improvement on both

training and test morphologies.
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In Chapter 7, we investigated if we can combine strong generalization of
Transformer and high efficiency of MLP in universal morphology control. We
proposed a key principle called knowledge decoupling, i.e., a generalist policy can
be significantly accelerated at inference time if it can decouple the knowledge
required to solve different tasks and only activate a specialist policy to solve
each specific task. We utilized HN’s hierarchical architecture to realize knowledge
decoupling, and designed a morphology-conditioned HN to generate a compact
MLP base policy to control each robot. We further investigated how to successfully
train this HN via policy distillation and improve its generalization to unseen
morphologies. HyperDistill, our proposed method that combines these two key
components, achieves similar performance as ModuMorph, while significantly
accelerating inference speed by two orders of magnitude, which validates the
power of knowledge decoupling.

In Part III of the thesis, we focused on cross-skill control of how to learn a VLA
that follows language instructions to solve different manipulation tasks. In Chapter
8, we applied the knowledge decoupling principle to VLAs, as inference efficiency is
a key bottleneck of existing VLAs. We proposed HyperVLA to generate a compact
policy via an HN that conditions on language instruction and image context, and
investigated several key algorithm design choices to improve the performance of
HyperVLA. It achieves similar and even better performance compared to SOTA
monolithic VLAs, while significantly improving inference efficiency by two orders of
magnitude, which again validates the effectiveness of knowledge decoupling.

Finally in Chapter 9, we investigated how to adapt a pretrained VLA to a
new domain with many different tasks in a sample- and computation-efficient
way. We proposed HyperLoRA, which utilizes the strong expressive power of HNs
again to generate task-conditioned LoRA parameters, and significantly outperforms
task-agnostic LoRA adaptation w.r.t. adaptation performance and sample efficiency.

In summary, the contributions in this thesis significantly improve model pre-
training, inference efficiency or adaptation performance when learning a generalist

robot that can generalize across a broad range of embodiments and skills. We
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hope the key ideas developed in this thesis, such as the knowledge decoupling
principle and utilizing HNs as a key building block in learning generalist robots,
could motivate more future work in these directions to help build more versatile

and efficient foundation models for robotics and other domains.
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A.1 Implementation Details

A.1.1 Architecture Details of Contextual Modulation

Intuitively, using GNN or TF as the context encoder to model node interactions may
learn better context representations. However, in practice we find that using simple
MLPs as the context encoder achieves similar or even better performance. The
reason might be that we have many fewer training samples for the context encoder,
which equals the number of robots we have for training, as the morphology context
does not change on a robot. So using models with high capacity may not be helpful
here and even lead to overfitting. Moreover, HNs are known to be hard to optimize

[Chang et al., 2020], and we find that using TF as the context encoder makes HN
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training unstable. Consequently, we just use MLPs as the context encoder shared
over different nodes. Specifically, we train two separate context encoders for HN
and FA respectively. The context encoder is a 2-layer MLP for HN, and a 3-layer
MLP for FA, both with 128 units in each hidden layer.

The HN output layer is implemented as a linear mapping from context encoding
to the parameters in the base network, with one independent output head for each
modulated layer in the base controller. We initialize it with the Bias-Hyperinit
method proposed by Beck et al. [2023a], i.e., the weights are set to 0, and the biases
are sampled from the same distribution that is used to initialize the modulated layer
in the base network. In this way, all the nodes share the same control parameters
just like MetaMorph at the beginning, and gradually develop node-wise diversity
while the HN weights are updated.

A.1.2 Proprioceptive and Context Features

We use the same proprioceptive and context features as in MetaMorph for a fair

comparison, which can be found in Appendix A.1 of Gupta et al. [2022].

A.2 PPO and Early Stopping

PPO [Schulman et al., 2017] is an on-policy RL algorithm that takes multiple steps
of update on the current data we have, while also trying not to exceed some trust
region boundary to avoid performance collapse. For a state-action pair (s,a), the
clipping objective function of PPO is defined as

ma(als)
7o, (als)

mo(als)

L(s,a,0;,0) = min
(5. ,65.) ( v (als)

A% (s, a), clip ( 1 —e 14 e) A" (s, a)) ,

where 7y, is the behavior policy used to collect on-policy data for policy update
in iteration k, my is the target policy we want to learn, A™ (s, a) is the advantage
function of 7y, , and € is a hyperparameter that constrains the updated policy to
not be too far away from the behavior policy.

In many RL libraries, one PPO iteration is implemented by first collecting N

steps of rollout data on M workers in parallel with 7, , then dividing the collected
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data into B batches and repeating minibatch update for 7" epochs. Consequently,
for one PPO iteration, we do T - B times of minibatch update.

However, the clipping objective function alone can not guarantee policy update
within the trust region. Early stopping is a solution to this problem by first
checking the approximate KL divergence between my and 7y, before each minibatch
update, and terminating the current update iteration if the divergence exceeds a

threshold value 0. The policies” KL divergence is approximated as Dgy, (7, ||mg) ~

> (s,a)eB 108 (?&Eﬁ;ﬁ), where B is the current data minibatch used for policy update.

The early stopping threshold ¢ is a critical hyperparameter in PPO, as it gives
a measurement of the range of the trust region we allow for policy update. We
tune it over the candidate set of {0.03,0.05}, and report the optimal value of §
for each method in each environment in Table A.1. We do not tune over a wider
range, as empirically we found that a even smaller value of § usually causes early

stopping to happen too early, while a larger value allows for a too large trust

region, both harming the learning performance.

Environment MetaMorph®* FA  HN FA+HN

FT 0.05 0.05 0.05 0.05
Incline 0.03 0.05 0.05 0.05
Exploration 0.03 0.03 0.03 0.03
VT 0.03 0.03 0.03 0.03
Obstacles 0.03 0.03 0.03 0.03

Table A.1: Optimal value of the early stopping threshold for each method in each
environment.

A.3 Analysis on MetaMorph

In this section, we introduce the issues found when reproducing MetaMorph results
with its source code, which motivates us to propose the MetaMorph* variant
as an alternative baseline.

The MetaMorph paper reports significant improvement in learning performance

by adding positional encoding (PE) to the node embedding. Specifically, MetaMorph
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adopts learned PE, i.e., the PE for each position is a vector that is learned
during training instead of hard-coded in advance. However, a robot morphology is
structured as a tree, which does not hold sequential information about each node by
nature. So MetaMorph first traverses each morphology tree via depth-first search
to turn it into a 1D sequence, then index each node by its position in the sequence.
One PE vector is learned for each position in the sequence, and the nodes with the
same index across different robots will share the same PE vector.

However, we found that in the source code of MetaMorph, PE is implemented as
e, = dropout(e; + PE;), where e; is the embedding of node i. To investigate which
operation actually contributes to the performance improvement, we experiment
with e} = dropout(e;) and e, = e; + PE; respectively, and surprisingly find that
the dropout operation is the main contributor here, while PE alone makes little

difference in training performance (Figure A.1).

A.3.1 Why PE Does Not Help?

Our hypothesis here is that PE has the benefit of enabling more diverse behaviors
across different nodes, but also has the drawback of adding the same PE vector
to nodes with different physical meanings across robots, i.e., PE is not consistent
across morphologies (Figure A.2 shows two sources of inconsistency in PE). And
when training on multiple robots, the drawback outweighs the benefit, so PE
provides no performance gain overall.

To validate this hypothesis, we investigate the effect of PE in single-task (ST)
training. If our hypothesis holds, we should observe better performance by using
PE compared to not, as there is no inconsistency issue on a single robot, while
the benefits of PE maintains. We experiment on 30 morphologies and show their
average learning curve in Figure A.3. As expected, PE indeed improves training
performance in ST training, which proves that using PE to distinguish between
different nodes in a single morphology is helpful. However, the inconsistency issue

breaks its effectiveness in the multi-morphology training setting.
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Figure A.1: The effect of PE and dropout on the performance of MetaMorph in the
FT environment. The shaded area in each curve represents the standard deviation across
three random seeds.

Based on the above analysis, we conclude that the PE implementation in
MetaMorph is not essential for good performance, thus decide to not include

it in MetaMorph*.

A.3.2 Why Dropout Helps?

It’s quite surprising that removing the dropout operation causes such a significant
performance drop in MetaMorph, as dropout is not believed to be a very useful
regularizer for on-policy RL algorithms [Liu et al., 2021¢]. Furthermore, the dropout

operation is implemented in an inconsistent way in MetaMorph, which introduces

mo(als)
7o, (als

significant noise to the action probability ratio r = 7 Specifically, if a dropout

mask m is applied to a state s during data collection, then the same mask should

mp(alsim)

-2 =20 to maintain
g, (als;m)

be used when s is sampled during policy update, i.e., r =

a consistent ratio computation. However, in the MetaMorph code, a different
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Figure A.2: Two sources of inconsistency in PE across morphologies. (1) The nodes
that play different roles in different morphologies may share the same PE, such as the two
nodes indexed by 2 in the left and middle robot. (2) There is no intrinsic order between
the children of a parent node in the robot morphology, so PE is sensitive to how we choose

which child node to expand first, such as the middle and right robot which have the same
morphology but totally different PE for each non-root node.
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Figure A.3: The effect of PE on single-task MetaMorph in the F'T environment.

dropout mask m’ is randomly sampled whenever s is used for policy update, i.e.,

1 __ mg(als;m’)

= —~  which introduces significant noise. For example, before the first
g, (als;m)

minibatch update in a PPO iteration, we expect r to be 1 for each state-action pair
in the minibatch, as my = my, before policy update. However, using inconsistent

dropout masks will make r unequal to 1 even before any policy update, which
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Figure A.4: Ratio distribution of each epoch during one PPO update iteration. Left:
MetaMorph; Right: MetaMorph without dropout. Lighter color represents earlier epoch
during one update iteration. There is a spike in the right of each subplot because we clip
the ratios to be within [0, 2].

does not make sense intuitively.

We thus look deeper into the training statistics of PPO to better understand
why this inconsistent dropout operation works, and notice that using dropout or not
causes a significant difference in the distribution shift of r during the learning process.
Figure A.4 shows how the distribution of r changes on each epoch during one PPO
update iteration. We can see that the inconsistent dropout operation somehow
maintains the distribution stable across epochs, while the distribution significantly
changes if learning without dropout. This implies that when learning without
dropout, the policy has very likely exceeded the trust region and thus performs worse.

A natural solution to restricting the distribution shift is the early stopping
method proposed in Appendix A.2. MetaMorph actually already uses early stopping
in its code, but the threshold is set to 0.2, which is too large and in practice seldom
triggers early stopping. We set it to a smaller value of 0.03 or 0.05, so that we can
achieve similar performance as MetaMorph without using the inconsistent dropout

operation, which is the second modification we make in MetaMorph*.
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B.1 Morphology Context Features and Transfor-
mations

For each robot, its morphology context includes the topology graph of the robot and
limb-wise context features. Limb-wise context features include: (1) The initially
relative position of the limb w.r.t. its parent node; (2) The initially geometric
orientation of the limb w.r.t. its parent node; (3) The mass and shape parameters
of the limb; and (4) Parameters about the joints that connect the limb to its parent
node, including joint type, joint range and axis, and motor gear [Gupta et al., 2022].

As discussed in Section 7.3.1, the context features need to be distinguishable
enough to learn a good morphology-conditioned HN. Among the original context

features, we find that the relative position feature does not provide sufficient
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discrimination, as different limbs, especially symmetric ones within a robot, can
have the same relative position to their parents, but actually locate in different
parts of the robot and play different roles. To solve this issue, we transform relative
position features into absolute position features to better distinguish different limbs’
positions in the morphology, which can be easily computed by following the path

from the torso (the root of the morphology tree) to each limb node. Experimental

results in Figure 7.7 validate the importance of this feature transformation.

B.2 Further Experimental Setup
B.2.1 Generation of PD Robots

We mutate the 100 training robots in the UNIMAL benchmark to get an augmented
set of 1000 PD robots, on which we collect expert data for policy distillation.
Specifically, for each training robot, we first uniformly sample a number m from
[1,2,3], then sequentially apply m mutation steps to the robot to get a new
morphology. See Gupta et al. [2021] for the set of feasible mutations allowed in
the UNIMAL benchmark. We generate 9 variants for each training robot, yielding
an augmented set of 1000 PD robots in total.

B.2.2 FLOPs Computation

We compute the FLOPs of a linear layer with input dimension M and output
dimension N as 2 x M x N [Hobbhahn and Sevilla, 2021]. Then the FLOPs of
an MLP or a TF can be analytically computed by recursively decomposing its
FLOPs into the summation of basic linear layers’ FLOPs. We omit the FLOPs
of other operations like activation functions, layer normalization, etc., as these
operations only have linear complexity, which is negligible compared to the quadratic

complexity of linear layers.

B.2.3 Architecture Details of Different Methods

Table B.1 shows the size of different architectures in each environment. For

ModuMorph (teacher) and ModuMorph (oracle), we use the same architecture
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hyperparameters as in ModuMorph. For the base MLP in HyperDistill, we fix the
hidden layer size to 256, and do a grid search over hidden layer number to find the
smallest base MLP that can achieve on-par performance with the teacher policy
in each environment. Then we set multi-robot MLP’s architecture identical to the
base MLP in HyperDistill. For ModuMorph (compressed) and TF (compressed),
we tune the number of attention layers, the number of attention heads, and the
dimension of the linear layer’s hidden dimension inside the attention module, so that
the compressed model has a similar number of parameters as HyperDistill’s base

MLP. The token embedding dimension is 128 for all different TF architectures.

Environment | Base MLP in HyperDistill
& Multi-robot MLP

# Layer Hidden size

ModuMorph (teacher)
& ModuMorph (oracle)
# Layer Head Hidden dim

ModuMorph (compressed) TF (compressed)

# Layer Head Hidden dim | # Layer Head Hidden dim

FT 2 256 5 2 1024 1 1 128 1 1 256
VT 3 256 5 2 1024 1 1 128 2 1 128
Obstacle 3 256 5 2 1024 1 1 128 2 1 128

Table B.1: The size of different models in each environment.

B.3 Further Analysis on Inference Efficiency

As shown in Table 7.1, HyperDistill’s efficiency advantage is more significant in
the F'T' environment, as in the other two environments, there is an additional high-
dimensional terrain information input to the policy, which needs to be processed by
a large MLP encoder. This adds a large constant to the model size and FLOPs of all
methods, and thus reduces the efficiency ratio of HyperDistill to the other methods.

Although multi-robot MLP and the base network of HyperDistill have the same
number of hidden layers and hidden units, the model size and FLOPs of multi-robot
MLP are still a bit larger than those of HyperDistill, as it needs to condition on
the morphology context by concatenating limb-wise context features to the policy
input, which introduces some additional cost.

In HyperDistill, generating the base MLP with HN takes 43M FLOPs in the FT
environment, and 65M FLOPs in the VT and Obstacle environment. The FLOPs
of generating the base MLP with HN is just slightly larger than the FLOPs of a

single inference step with a universal TF controller.
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C.1 Further Ablation Studies

We report further ablation results in Table C.1 and C.2 to validate the importance
of the following design choices in HyperVLA. To reduce computational cost, we
run each ablation experiment with only one seed, while the performance gap is

significant enough to draw conclusions with high confidence.

Smaller Learning Rate for DINOv2 Fine-Tuning To ablate the importance
of fine-tuning DINOv2 with a smaller learning rate as introduced in Section 8.2.3, we
increase the learning rate for DINOv2 by 10 times, and use the same learning rate of
0.0003 for both HN training and DINOv2 fine-tuning. This variant performs poorly,
which validates the importance of fine-tuning DINOv2 with a smaller learning

rate to maintain its strong prior knowledge.
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Fine-tuning versus Freezing DINOv2 To validate the importance of fine-
tuning DINOv2 in the base network, we ablate by freezing it while keeping the
remaining settings unchanged. This variant underperforms HyperVLA, which

validates the importance of fine-tuning DINOv2 during HyperVLA pretraining.

Choice of the Image Encoder As introduced in Section 8.2.3, HyperVLA can
support different image encoders, and empirically we find DINOv2 to perform best.
We ablate by using either CLIP [Radford et al., 2021] or SigL.IP [Zhai et al., 2023]
as the image encoder in the base network. As our code is implemented in JAX and
we can only find a PyTorch version of SigLLIP, our code does not support fine-tuning
SigLIP during training. The ablation results show that using fine-tuned DINOv2
outperforms fine-tuned CLIP, while frozen DINOv2 outperforms frozen SigLIP.

Importance of the HN We run this ablation experiment to validate that
inference acceleration can not be achieved by training a small base network alone, and
the HN in our method is essential to maintain high model capacity and achieve good
performance. We experiment by removing the HN in HyperVLA and train the base

network alone. This variant performs poorly, validating the importance of using HN.

‘ pick  move close drawer  Avg

HyperVLA (Full) 58+3 T73+1 58 + 7 63 + 3
Larger learning rate for DINOv2 3 13 17 11
Frozen DINOv2 56 47 58 54
Fine-tuned CLIP o8 61 29 29
Frozen SigL.IP 20 34 49 34
Train base net alone 5 11 12 9

Table C.1: Ablation results on how different algorithm designs in Hyper VLA influence
its performance on Google Robot tasks.
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‘ spoon on towel carrot on plate stack cube eggplant in basket  Avg

HyperVLA (Full) 48 +3 21 +5 39+8 52+ 13 40+5
Larger learning rate for DINOv2 0 0 0 0 0
Frozen DINOv2 18 40 0 3 15
Fine-tuned CLIP 63 30 13 0 27
Frozen SigLIP 3 0 0 0 1
Train base net alone 3 0 0 0 1

Table C.2: Ablation results on how different algorithm designs in Hyper VLA influence
its performance on WidowX tasks.
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