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ABSTRACT

Efficient Scaling Embodied Al: Systems, Models, and Empirical Laws

Qinjie Lin

Embodied artificial intelligence is undergoing a paradigm shift from single-task systems to
general-purpose agents, a transition demanding unprecedented scale. The economics of real-
world learning present the obstacle to this goal, creating a critical need for efficiency in both
the underlying computational infrastructure and the learning models. This thesis confronts these
efficiency challenges through a dual strategy of systematic infrastructure engineering and efficient
modeling strategies. We introduce EMS®, a sky computing framework to automate large-scale
learning pipelines across heterogeneous resources, and RoboFlow, a containerization system that
modularizes workflows to ensure reproducibility. On the modeling front, we develop efficient
models, including a Markov game formulation for safe, collision-free navigation and the Switch
Trajectory Transformer, which uses a Mixture-of-Experts (MoE) architecture for computationally
efficient multi-task learning. Finally, we establish empirical scaling laws for LLM-driven embodied
agents to guide resource-efficient research. Together, this work provides an economically viable
blueprint to efficient scaling decision-making in embodied Al, paving the way for agents that can

operate safely and efficiently in complex, human-centric environments.
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Productivity of EMS® in a robotics daily routine pipeline. We run the pipeline every 1
hour from 1:00 pm to 10:00 pm and report the pipeline duration in (a), the cost in (b),
and evaluation rewards in (c). The blue line and bar represent EMS®, implemented
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single-cloud EMS, implemented by EMS® only enabling AWS batch service. The orange
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EMS® requires less time and cost than the other methods.

Scalibility and reproducibility of EMS® in a robotics daily routine pipeline. We run
different number of pipelines every hour and report averaged duration in (a), averaged
cost in (b), averaged evaluation rewards in (c). The blue line and bar represents EMS®,
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instance hours of jobs in (b) with increasing job numbers. We also report single job time
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Kubernetes Batch job and the brown line represents Ray Job. The computing environment

of Kubernetes Batch job and Ray Job is set up with mounted data volumes.
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different configurations (4,16,64). The score of bipedal and turtlebot is normalized reward
and the score of the robot arm is normalized path cost. We also report the number of code
lines for adapting naive implementation into EMS® and the time duration in hours of 64

pipeline execution.

Performance of the pipeline management layer in EMS®. In (a), we report the data
preprocessing duration of pipelines running on different time frames. In (b), we also
report the evaluation score and deployment score of the trained models in pipelines. (c)
illustrates the experiment setting of (b), where the evaluation cloud and deployment cloud
is different. From left to right in (d), they are Four Rooms, Door Keys, Simple Crossing

and Lava Crossing, Dynamics Obstacle Avoidance.

An overview of RoboFlow. The robot development pipeline consists of 4 modules
interacting with a centralized data engine. The data engine manages the large-scale dataset,
and publishes data from robot. The data preprocess module encodes raw input to data that
algorithm development module can easily parse. The algorithms development module
develops customized control policy. The back testing module tests the policy in various

environments. The application adaption module deploys the learned policy in real world.

The architecture of RoboFlow. RoboFlow provides a graphical user interface for developers
to access all containerized modules. These modules interact with the data engine through
shared storage and DDS topics. The data engine consists of large-scale datasets and

model data stored in the shared folder, simulation containers and robots connected to the

RoboFlow system through DDS topics.

A grocery robot navigating in a retail scenario. Such robots must operate in a dynamic

environment due to humans activities. Image source: https://vosizneias.com/.
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Network Architecture of Protagonist and Adversary. Conv represents convolution layer
followed by its dimension and kernel size. Dense represents fully-connected layer with its

dimension.

The 3 Adversarial Paradigms: Chasing, Blocking and Crossing. The blue cube represents
the protagonist, the black ones represents adversaries. The red circle denoting protagonist’s

goal location. The trajectories of adversaries present different attacking strategies.

Protagonists’ reward curves for collision avoidance policy learning. The learning curves of
Discrete, Linear, Sigmoid path-following policy learning strategy converge around the

reward 20.

The trajectory plots of 6 robots that are equally divided into two groups trying to reach the
opposite positions. The interval between two adjacent footprints is 1s. ORCA moves

extremely slow inferred by dense points in a trajectory but almost following the optimal
path. CADRL moves fast while traveling longest. Some redundant trajectories shaped in
circles are observed using DRLMACA. Our method achieves the best balance between

time and travelling distance.

Performance metrics in non-adversarial scenario. We see that all methods achieve high

success rate, but our methods performs better on extra time and extra distance.

Performance metrics in adversarial scenarios. Our method performs the best in all four

metrics while DRLMACA has abnormal behaviours when confronting adversarial agents.

A real-world deployment. We deploy our collision avoidance policy on turtlebot3. The
red arrows represent the moving directions of the robot. The result shows that when two
pedestrians try to maliciously block the robot, our trained collision avoidance policy still

find a collision-free path for the robot.

Switch Trajectory Transformer Architecture. Switch transformer models contain

action transformer, dynamics transformer and return transformer. Task id, returns,

13

55

56

59

60

61

62

63



3.10

3.11

3.12

states are fed into embedding layer and consequently in to the action transformer.
The model predicts the following action and then provides it to the dynamics
model for predicting the next state. The return transformer uses this information

and predicts return; this process is repeated until the designed horizon length.

Training, planning, and action planner in the SwitchTT: (A) Represents the action
transformer model training process. Here we diagram three task tokens being
routed across different experts. At first, trajectories in the collected episodes
are transformed into trajectory representation by adding task id and calculating
return-to-go. Then it is fed as a token into a switch transformer model, which
replaces the dense feed-forward network (FFN) layer present in the transformer
with a sparse Switch FFN layer. The switch layer returns the output of selected
experts multiplied by the router gate value. (B) is the planning process. Firstly
all visited state, return-to-go, action and task id are stacked into a sequence
{i, Ry, S0, G, ... Ry, s }. Then the sequence is fed into switch transformer models
to generate predicted four pairs of {ay, 411, Ry11}. Stack again and generate only
one pair until the designed length. Then this generates values of different chosen
actions at the first generation. (C) The action planner. The planner is performed at
each timestep as described in B. At each timestep, the highest column value action

is sampled and executed to the environment.

Overview of return-to-go transformer. Instead of predicting the expectation value
of trajectory, return-to-go transformer discretise the reward and predicts the value

distribution of the trajectory.

The left panel shows evaluation of Switch TT across 10 tasks. DT and TT train
transformer models with FFN layer on the combined 10-task datasets. SwitchTT
train transformer models with Switch layer on the same dataset. SwitchTT

provides an improvement over 3 baseline methods across 80% of tasks. The right
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panel reports average reward of 10-task learning. We train offline models on the
10-task dataset, evaluate the performance on ten tasks, and report the average

reward of 10 tasks in 10-task learning. 79

The effect of Switch Layer for multi-task learning. We plot the reward mean
baseline methods in three multi-task learning settings. n-task learning in the
table means trained datasets contain trajectories of n tasks. TT-DV stands for the
Trajectory Transformer but is enhanced with a distributional value estimator. BC

and DT-switch trains transformer models with switch layers. 80

Comparison of time cost and performance between dense layer (FFN) and switch
layers. Subfigure a, b, ¢ plots the training loss of action model return-to-go model,
dynamics model. Subfigure d plots the reward performance of DT and DT-Switch

on three tasks. 81

Overview of the three models. We train three models in the training phase. The
Decision Transformer model is trained to predict action given past trajectory. The
Dynamics Transformer model is trained to predict state given past states and past
actions. The Reward Transformer model is trained to predict return-to-go of the

past states and actions. 83

[lustration of Imagined Trajectories using Tree-based Planner. This illustrates
two scenarios in the planning phase. Both panels show the agent’s global view
and imagined trajectories based on candidate actions at one time. The text below
each global-view picture shows the timestep number and optimal action based
on the imagined trajectories. The text below each local-view picture shows the
current trajectory’s timestep number, next action, and RTG value. The left panel

shows that the value estimator, which only predicts the expectation of return-to-go
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value. The right panel shows the distributional value estimator’s evaluation. The

distributional estimator performs better than other estimators.

[llustration of Imagined Trajectories using Dynamics Transformer. The left grid
shows the agent executes action in the Fourrooms environment. The right three
panels shows the imagined trajectory, starting from the true observation from the

environment and predicting the next observation according to the action.

The training loss and evaluation reward in sparse-reward and continuous reward setting.

The upper figures show the training loss and evaluation reward in a sparse-reward setting,
while the lower figures show the continuous-reward setting. We report the training loss of
each iteration in the training phase in (a) and (c). We also calculate the episode reward,

averaging 1000 episode rewards over ten different seeds.

Comparison of train loss, validation loss, evaluation reward between different
model architectures. The blue line represents the MoEs-based Decision
Transformer, and the yellow line represents the transformer-based Decision
Transformer. The training loss is collected during each iteration in the training
phase of the gym-mini-grid four rooms task. The validation loss and evaluation
reward are collected every epoch when training the model. In these figures,
the MoEs-based one converges to a lower train loss than the other on the same
collected dataset. But MoEs-based model shows a higher validation loss on the
same validation dataset. It also has a lower evaluation reward on the four rooms

task.

Pearson correlation heatmap between LiveBench 08-31-2024 and EAI tasks.
Strongest alignments are observed between GSMS8K and AS, and HumanEval and

TM. Descripency found between two simulations.
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Just a few capability dimensions explain most variability on a diverse range of standard
LM benchmarks. We find that (a) the benchmark-model matrix is low-dimensional with
the top 3 PCs explaining ~ 97% of the variance and (b) the PCs are interpretable: PC-1,
PC-2, and PC-3 emphasize LMs’ general, instruction-following, mathematical reasoning

capabilities, respectively. 99

The extracted PC measures linearly correlate with log-compute within each model family.

The linearity generally holds for various model families. 100

Scaling curves of action sequencing on Virtualhome and Behavior. We compare
three scaling laws: (a) Model Size, (b) Training FLOPs, and (c) our proposed

Observational scaling law. Each plot shows the training data (< 405 parameters,
blue circles), the held-out test data (> 408 parameters, red crosses), and the fitted
sigmoid curve. The reported Mean Squared Error (MSE) on the train and test sets
shows that the observational scaling law consistently achieves the lowest test MSE,
indicating its superior ability to extrapolate performance to larger, more capable

models. 101

Correlation heatmap between EAI task metrics (x-axis) and base LLM benchmarks
from the OpenLLM Leaderboard (y-axis). Dark purple cells indicate positive
correlation, and light yellow cells indicate negative correlation. The plot
reveals that different EAI tasks and environments draw on different foundational
capabilities, such as mathematical reasoning (MATH Lvl 5) for Virtualhome and

instruction following (IFEval) for Behavior. 102

Comparison of observational scaling laws for standard generation (Base Model)
versus structured decoding (Model with Decoder Masking) on the Virtualhome
goal interpretation task. The plots show performance on action sequencing and

goal interpretation tasks on Virtualhome. 104
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Comparison of observational scaling laws for standard generation (Base Model)
versus structured decoding (Model with Decoder Masking) on the Virtualhome
goal interpretation task. The plots show performance on four different F1 metrics
as a function of model scale. While overall performance is comparable, structured
decoding significantly degrades scaling performance on granular sub-tasks,

particularly for Edge F1, suggesting that output constraints can hinder the learning

of complex relational structures. 104
The extracted PC measures linearly correlate with log-compute within each model

family. The linearity generally holds for various model families. 105

The extracted PC measures linearly correlate with log-compute within each model

family. The linearity generally holds for various model families. 106

Comparison of observational scaling laws for standard generation (Base Model)
versus structured decoding (Model with Decoder Masking) on the Virtualhome

Action Sequencing task. 107
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CHAPTER 1

Introduction

Embodied artificial intelligence is undergoing a paradigm shift from a ’one-model-per-task’
approach towards the pursuit of general intelligence. For example, a robot that performs a single,
repetitive task is a machine; a robot that understands the abstract concept of ’opening’ and can
interact with novel doors and containers exhibits general intelligence. This transition mirrors the
recent revolution in natural language processing, where a single foundation model like ChatGPT
OpenAl (2025) replaced specialized models for sentiment analysis, translation, summarization,
etc. For robotics, scalability enables this same leap. It allows for the development of a unified
world model that can be taught thousands of skills, rather than building a new system for each one.
The field currently operates in a pre-foundation model era, where knowledge gained from one task
remains siloed and does not accelerate learning on the next. Existing work Black et al.; Brohan et al.
(2023); Li et al. (2024); Ichter et al. (2023); Ahn et al. (2022); Kim et al. (2024) shows promise in
pursuing general intelligence, but the field is still on its way, and a successful general embodied Al
has not yet been created.

Reaching this goal requires overcoming the fundamental economics of real-world learning.
Unlike learning from static web datasets, each data point for an embodied agent incurs a direct time
cost from real-time interaction and a financial cost from hardware operation and maintenance. For
example, a million interactions in real-world can take weeks or months to collect, whereas a million
data points from the web can be processed in minutes. This economic reality makes data efficiency
a primary objective. An effective approach requires not only sample-efficient models but also an
infrastructure designed as a ’data flywheel’, where every experience from a fleet of robots is used to

continuously refine a central world model and redeploy the improved intelligence. Realizing this
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data flywheel, in turn, depends on both efficient infrastructure for massive-scale computation and
modeling design for general intelligence.

This thesis builds the efficient infrastructure and models required to power this data flywheel.
Our contribution is threefold. First, we engineer the computational backbone, introducing systems
like Roboflow Lin et al. (2022b) and EMS®Lin et al. (2023) to manage the complex data and training
loops at scale. Second, we develop efficient models designed for this infrastructure, demonstrating
their effectiveness in settings like mobile robot navigation Ye et al. (2020) and multi-task learning Lin
et al. (2022a). Finally, we establish general predictive scaling laws for LLM-driven embodied agents,
enabling more efficient model development by providing a principled way to forecast performance
and guide investment in more complex decision-making architectures.

The value of this integrated approach is twofold. First, it addresses the true system-level
bottleneck in robotic learning. A data-efficient model is ineffective if the infrastructure cannot
process its experiences and redeploy improvements in a timely manner. Conversely, a rapid
data pipeline is wasted on a model that is too sample-inefficient to learn from the data or too
computationally heavy for on-device inference. Our co-design methodology resolves this issue.
Second, by presenting a solution that considers the end-to-end process—from physical interaction to
data processing to model updates—this work provides a blueprint for economic viability. It moves
beyond isolated algorithmic improvements to offer a template for engineering a complete, scalable
system, establishing a practical path from research to real-world application.

This dissertation is organized by our core contributions. Chapter 2 presents our systems for
scalable experimentation: EMS®and RoboFlow. Chapter 3 details our models for safe navigation
and efficient multi-task learning. Chapter 4 establishes scaling laws for LLM-driven agents. Finally,

Chapter 5 concludes with a summary of contributions and an outlook on future research.
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CHAPTER 2

Systematic Infrastructure Engineering

This chapter details the design and implementation of the foundational infrastructure required to
enable large-scale, reproducible research in embodied Al. We first introduce EMS®, a sky computing
framework designed to automate the management of complex, long-running training pipelines across
heterogeneous compute resources, from on-premise GPUs to public cloud instances. EMS®provides
the backbone for the ’data flywheel” by efficiently orchestrating data collection, model training,
and evaluation at scale. Complementing this, we present RoboFlow, a containerization system
that modularizes research workflows. By encapsulating code, dependencies, and configurations,
RoboFlow ensures that experiments are reproducible, and easily shareable, addressing a critical
bottleneck in collaborative and long-term research projects. Together, these systems provide
the robust, scalable, and reproducible infrastructure upon which the subsequent model-centric

contributions are built.

2.1. EMS®: A Massive Computational Experiment Management System towards Data-driven

Robotics

We propose EMS®, a cloud-enabled massive computational experiment management sys-
tem supporting high-throughput computational robotics research. Compared to existing systems,
EMS® features a sky-based pipeline orchestrator which allows us to exploit heterogeneous comput-
ing environments painlessly (e.g., on-premise clusters, public clouds, edge devices) to optimally
deploy large-scale computational jobs (e.g., with more than millions of computational hours) in an
integrated fashion. Cornerstoned on this sky-based pipeline orchestrator, this paper introduces three
abstraction layers of the EMS® software architecture: (i) Configuration management layer focusing

on automatically enumerating experimental configurations; (ii) Dependency management layer
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focusing on managing the complex task dependencies within each experimental configuration; (iii)
Computation management layer focusing on optimally executing the computational tasks using the
given computing resource. Such an architectural design greatly increases the scalability and repro-
ducibility of data-driven robotics research leading to much-improved productivity. To demonstrate
this point, we compare EMS® with more traditional approaches on an offline reinforcement learning
problem for training mobile robots. Our results show that EMS® outperforms more traditional
approaches in two magnitudes of orders (in terms of experimental high throughput and cost) with
only several lines of code change. We also exploit EMS® to develop mobile robot, robot arm, and

bipedal applications, demonstrating its applicability to numerous robot applications 2.

2.1.1. Introduction

We are witnessing the emergence of massive computation as a fundamental strategy in modern
robotics research. For example, OpenAl uses 6,144 CPU cores and 8 GPUs to train a robot hand
manipulation policyAndrychowicz et al. (2020) for about 50 hours, and Deepmind takes 340 million
training steps to train AlphaGoSilver et al. (2016), with 50 GPUs for about 500 hours. More
examples include not only traditional hardware robots such as legged locomotionHwangbo et al.
(2019); Bouman et al. (2020); Gangapurwala et al. (2021); Tsounis et al. (2020); Heess et al. (2017);
Tan et al. (2018); Xie et al. (2021); Nachum et al. (2019); Peng et al. (2020), manipulationGu
et al. (2017); Pinto and Gupta (2016); Mahler et al. (2016); Nagabandi et al. (2020); Stengel-Eskin
et al. (2022); Strudel et al. (2020); Lee et al. (2017); Bateux et al. (2018); Florence et al. (2022);
Mees and Burgard, and navigationKahn et al. (2018); Shacklett et al. (2021); Houston et al. (2020);
Surmann et al. (2020); Ye et al. (2020); Fang et al. (2019); Savinov et al. (2018); Gupta et al. (2017);
Lyu et al. (2022), but also software robots like conversational agentsFloridi and Chiriatti (2020);
Devlin et al. (2018); Radford et al. (2018); Liu et al. (2019); Sanh et al. (2019) and game AlBerner

et al. (2019); Mnih et al. (2013); Team (2019); Mathieu et al. (2021); Jiang et al. (2018). Though

1Project Website: sites.google.com/view/project-emsr
“Documentation: github.com/emsr-project/emsr_examples
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these research fields are seemingly diversified, they address the same scientific question: “Which
configuration is optimal for a given utility?” A principled approach that systematically answers this
question is massive computational experimentsMonajemi et al. (2016), which complements two
other important scientific methods for modern robotics research: mathematical analysis and physical
experimentation. Compared to massive computational experiments, mathematical analysis can not
be conducted in many realistic settings since it generally requires stylized simplification of formal
models, while physical experimentation is not applicable on larger scales due to its expensiveness in
time and budget. To implement the massive computation strategy, the most crucial step is to develop
an experiment management system Monajemi et al. (2016).

Though some general-purpose experiment management systems have been developedMonajemi
et al. (2016); cod; pyw, they are not directly applicable to modern robotics research due to the
challenge that a sophisticated intelligent robot pipeline generally requires the usage of heterogeneous
computational resources ranging from edge devices, on-premise deployment, public cloud, etc.
In contrast, most existing systems are cluster or cloud-specific. To illustrate the multi-cloud
nature of data-driven robotics applications, we consider an example of developing a reinforcement
learning-based retail navigation robot. In this application, data collection should be run in an edge
robot network, the decision model could be deployed on some public cloud (e.g., AWS, GCP, Azure),
while the very intensive data storage has better to be on some on-premise cluster due to the budget
concern. In this scenario, developers need to repeatedly transfer data between different components
in the pipeline. More sky-based pipelines are illustrated in Figure 2.1.

To handle the above challenge, we propose EMS®(Experiment Management System for Robots),
a cloud-enable massive computational experiment management system for robotics research (See
Figure 2.2 for more details). Unlike most existing experiment management systemsJoshi (2020a,b);
Bisong (2019b,a); Moritz et al. (2018); Meng et al. (2016); Lin et al. (2022b); Richie-Halford and
Rokem (2018) which are specific to a particular cloud or cluster environment, EMS® supports a

full-fledged orchestration of sky-based experiment pipelines, enabling different clouds or clusters
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Figure 2.1. Examples of EMS®on robotics experiments. (a) shows bipedal training tasks
on public cloud computation, (b) illustrates motion planning tasks of a robot arm, on a
private cluster, (c) demonstrates collision avoidance performance of turtlebot, using onboard
computation. These show sky-features of robot pipelines. (d) shows traditional pipeline and
improved pipeline in EMS®. Tt consists of training 64 policies, testing the trained policies,
and deploying the best policy on turtlebot. Specifically, the cluster can afford parallel training
for a maximum of 16 policies within 20 minutes and the other 48 are scheduled on aws or the
same cluster. The testing tasks are both scheduled on the cluster and deployments are on
turtlebot’s onboard computation in 20 minutes.

to run various stages of a robotics research pipeline. In particular, the system provides a highly
sophisticated abstraction of the underlying computation platforms such that researchers only need to

change one line of code to run the experiment across different computation environments, without
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Figure 2.2. An overview of EMS®. EMS® enables sky-based pipeline orchestration. It
consists of three layers: (i) Computation management layer abstracting clouds computing and
selecting cloud on which various jobs are supposed to run on; (ii) Dependency management
layer managing complex dependency in the pipeline; (iii) Configuration management layer
automatically enumerating experimental configurations.

worrying about the data transfer and cloud service interface. In addition, EMS® automatically
optimizes resource allocation according to given time and budget constraints.

The EMS® architecture consists of three abstraction layers, shown in Figure 2.2. (i) A sky-
based computation layer providing a unified and easy-to-use API for submitting, monitoring, and
canceling massive-scale computational jobs. This layer abstracts out the implementation details
of all computing resources to free higher-level layers from the perceived complexity of using
different cloud services. (ii) A dependency management layer using a DAG (directed acyclic
graph) representation to orchestrate a task pipeline within an experiment. This layer features a
sophisticated version controller which allows us to best reuse results from previous experiments.
(i11) A configuration management layer providing a unified configuration programming interface
to manage and optimize the schedule of massive amount of computational experiments. Such a

layered design makes computational robotics research more efficient and scalable.
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The rest of the paper is organized as follows. Section 2.1.2 introduces work related to cloud
robotics and experiment management system. Section 2.1.3 illustrates EMS®architecture and
discusses some implementation detail. Section 2.1.4 demonstrates experimental results on the

improved productivity, reproducibility, and scalability of EMS®.

2.1.2. Related Work

This section summarizes related work on experiment management system and cloud robotics system.

Experiment management system. An experiment management system Monajemi et al. (2019)
is a software stack that automates the process of experimental job management, output harvesting,
data analysis, reporting, and publication of code and data. Some general-purpose experiment
management systems include ClsterJobMonajemi et al. (2016), codalabcod, pywrenpyw, Kubernetes
batchkub (b), and AWS batchaws (c). They facilitate researchers to conduct million-CPU-hour
experiments in a painless and reproducible way. The most relevant works to this paper are the
machine-learning pipeline management systems Xin et al. (2021). Such systems fall into two
categories: (i) machine learning pipeline management service from a cloud provider, like AWS
sagemakerJoshi (2020a), Microsoft Azure MLJoshi (2020b), and GCP MLopsBisong (2019b).
(i1) automatic installation packages on general bare-metal servers, including Ray JobMoritz et al.
(2018), KubeflowBisong (2019a), TensorFlow Extended (TFX)Baylor et al. (2017), MLlibMeng
et al. (2016), MetaFLowArisdakessian et al. (2020), and ScikitLearnGarreta et al. (2017). Though
significant progress has been made, these systems are not designed for robotics research which
requires heterogeneous computational resources. To bridge this gap, EMS® resorts to a sky-based
pipeline orchestration framework.

Cloud robotics system. A cloud robotics system uses cloud resources to enable greater memory,
computational power, and interconnectivity for robotics applications. Early works focus on facilitating
the seamless integration of robot and edge devices into both on-premises clusters and public cloud

services Saha and Dasgupta (2018); Kehoe et al. (2015); Goldberg and Kehoe (2013); Shakya et al.
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(2020); Liu and Xu (2019). Specifically, DAvinCiArumugam et al. (2010) implements a software
framework on the Hadoop cluster to scale robotic development and RoboFlowLin et al. (2022b)
is a cloud-based workflow management system orchestrating the pipelines on Kubernetes cluster.
FetchCorefet and Formantfor robotics build web-based robot management systems, automating
monitoring and controlling robotics. To leverage the power of public clouds, RoboEarthWaibel
et al. (2011) and RapyutaHunziker et al. (2013) propose a system architecture, enabling robots to
delegate their intense computational tasks to the Amazon cloud service. FogRosLiang et al. (2021);
Ichnowski et al. (2022) automates robotics deployment on public cloud and SmartCloudStauffer
(2022) facilitates robot interactions with public cloud services. HondaNishimiya and Imai (2021)
proposes a serverless architecture for service robot management systems on AWS and Robomakeraws
(b) provides a cloud-based simulation service for scaling robotic applications. Most of these systems

focus on robot deployment. In contrast, EMS® focuses on massive experiment management.

2.1.3. System Architecture and Implementation

The EMS® architecture consists of thee abstraction layers: (i) a computation management layer
expressing sky-based computation, (ii) a dependency management layer providing sky-based pipeline
orchestration, and (iii) a configuration management layer enumerating experimental configurations.

EMS® uses sky computing for pipelines orchestration In particular, it exploits an intercloud
broker to optimally mediate multi-cloud computing by abstracting away the deployment details
of the underlying clouds. This is different from the two related types of multi-cloud solutions.
One is partitioned multi-cloud enabling different corporate teams to run their workloads on
different clouds or on-premise clusters. The other is portable multi-cloud enabling the same
application to run on multiple clouds. Examples include many third-party cloud applications (e.g.
Confluentcon, Databricksllijason (2020), SnowflakeDageville et al. (2016), Trifactatri ), uniform low
interface across multiple clouds (e.g. KubernetesSayfan (2017), Google Anthosant, Azure ARCazu,

AWS Outpostsaws (a)), and previous sky computing providing uniform infrastructure-as-a-service



28

for applicationsKeahey et al. (2009); Monteiro et al. (2014). In contrast to these works, sky
computing provides a set of uniform high-level APIs for different cloud services so that users can
split the experiment pipelines across different clouds. In addition, the intercloud broker enables
selecting different clouds for job execution while optimizing customized metrics (such as price or
performance). To conduct sky-based pipeline orchestration, EMS® implements an intercloud broker
in the computation abstraction layer as described in Section 2.1.3.1.

2.1.3.1. Computation Management Layer. The computation layer features an intercloud broker
that hides all the implementation details of the multi-cloud computation. As shown in Figure 2.3,
the input of the intercloud broker is a set of computational jobs. It parses the job list and submits
the jobs to cloud services (e.g. AWS batch) or cluster services (e.g. Kubernetes, Ray Cluster) for
execution. After job submission, it monitors the job output and provides execution feedback to
the parent process. We describe each job as a Python dataclass object whose attributes include
job name, job resource demand like CPU number, GPU number, memory size, and job executed

commands, target cloud name.
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Figure 2.3. The computation layer architecture. The intercloud broker consists of the
middle two panels. It creates an interface for jobs and clouds. It takes job descriptions as
input and executes jobs on target clouds.

The intercloud broker consists of the following components (1) Job APIs: Job APIs provide a
set of unified interfaces for developers to submit jobs to clouds, monitor and log running jobs on
clouds, and cancel submitted jobs on clouds. Available APIs are shown in Table 2.1. (2) Optimizer:
Given developers’ submitted job descriptions, the optimizer generates optimal execution plans

including moving data to a different region and selecting the suitable service providers. For example,
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if developers specify a job on AWS batch, the optimizer determines AWS batch instance types,
number of instances, and regions of the instances. (3) Cloud Service Catalog: This catalog is a list
of open service interfaces, provided by cloud or cluster vendors. The service in this catalog can be
a third-party library like boto3Garnaat (2018), or a command line like Azure CLI. (4) Executor:
The executor creates required resources and executes commands on the resources allocated by the
optimizer. (5) Data Orchestration: Data orchestration manages the data related to jobs, like code
folder, raw data, and generated model data. If computation jobs are launched on the same region
as the data, then it mounts the data-related storage to the instance, executing jobs. If they are in
different regions, it copies the related data to the job region before launching jobs. (6) Logger:
Loggers keep pulling jobs output from clouds. It provides real-time job execution status for the

parent process.
Table 2.1. Description of job APIs.

Job APIs Description

submit_job() Submit jobs to clouds. The resource requirement, execution command
lines, conda environment, and related data storage are specified in the
job. json.

status_job() List job status on the clouds. Status can be submitted, running, canceled,
failed, or succeeded.

cancel_job() Cancel jobs on the clouds.

watch_job()  Pull job output from clouds and print the content.

Built upon the computation management layer, the dependency management layer orchestrates
task pipelines within one experiment. The architecture is illustrated in Figure 2.4. Specifically, this
layer takes a pipeline description as input, generates a version number and job description for each
task in the pipeline, and then submits the job description in both sequential and parallel order.

To perform these functions, the dependency management layer consists of four major components:
(1) DAG Representation: We use a directed acyclic graph (DAG) to represent the execution
dependency between tasks. Each task in the pipelines describes the computation requirement,
source file directory paths, dependency tasks, and input arguments. (2) Pipeline Orchestrator:

Given a DAG representation, the pipeline orchestrator generates job descriptions for each task and
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Figure 2.4. The dependency management layer, managing a turtlebot pipeline. Rectangles
represent tasks and trapezoids represent version seed generated from the version controller.

determines the execution order of the task. It also detects the last modification time of the related
data files in each task. If the detected time is later than the last task execution time, it submits the job
for execution, otherwise, it keeps the previous results. (3) Version Controller: Version Controller
tracks every pipeline experiment metadata like code, data, timing information, and pipeline results.
Given a DAG representation, the version controller generates a version number for each task in the
pipeline. This version number changes if pipeline name or task name or task dependency changes.
The version number is used as a directory name, which is created for saving all relevant information
about the task.

2.1.3.2. Configuration Management Layer. Built upon the dependency management layer, the
configuration management layer features a flexible programming interface for users to specify the
whole configuration space for massive computational experiments. It specifies the set of computa-
tional jobs (along with their resource sharing constraints) serving as the input to the computation
management layer. It is also responsible for harvesting the results from all the executed experiments
for downstream analytics. Specifically, there are heterogeneous categories of configurations like
hyperparameters for models, resource directory paths, and settings for the dependency management
layer and computation management layer, etc. To manage massive computational experiments,
we need to frequently modify and automatically generate the configurations. We implement a

configuration manager to handle this task.
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Figure 2.5. The configuration management layer, managing a turtlebot pipeline. Given
pipeline representation and search space of configurations, the algorithm module suggests
configurations to pipelines, and the analyzer module finds the configuration with the best
metric.

As shown in Figure 2.5, the configuration manage layer consists of three components. (i) The
configuration component provides a flexible programming interface for users to describe the search
space. Like hyperparameters of models (batch size or learning rate). Given configuration space and
pipeline, algorithm, and analyzer component together automates the process of running pipelines.
(i1) The algorithm component generates and schedules configurations for pipelines according to the
given search space. (iii) The analyzer component aims at finding the best configurations for the
pipelines.
2.1.3.3. System Implementation

The implementation of the computation layer, the dependency management layer, and the
configuration management layer comprises 92% in Python, 5% in Rust, and 3% in Shell scripts.
Specifically, the computation layer abstracts three clouds, including AWS batch service, Ray Cluster
service, and Kubernetes Cluster Service. We set up Ray Cluster and Kubernetes Cluster on two
on-premise clusters and connect them with real robots. To access cloud service and cluster service,
we use AWS Boto3 library, Kubernetes command lines, and Ray Job/Core APIs. For transferring
data between different clouds, we use network filesystems like AWS EFS and SSHFS to mount data
from different clouds. Then, for the dependency management layer, we exploit Python Hashlib to
manage tasks in pipelines. To perform scalable configuration searching, we exploit Ray library to

run, monitor, and analyze pipelines.
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2.1.4. Experimental Results

We exploit EMS® to develop an offline reinforcement learning(RL) pipeline for training mobile
robot navigation policy and demonstrate its productivity, scalability, and reproducibility. Also, we
develop three realistic robotics applications to demonstrate that EMS® is applicable to numerous
intelligent robots. In particular, we aim to answer the following questions: (1) How well does
EMS® improve productivity and scalability upon an evaluation baseline? (2) What advantages do
the computation layer, dependency management layer, and configuration management layer provide
for EMS®? (3) Is it difficult to connect EMS® ’s applicability to robotics?

2.1.4.1. Experiment Setting. We train a decision transformerChen et al. (2021) based robot
agent in the Four Rooms environment of Gym MinigridChevalier-Boisvert et al. (2018), where
the agent navigates in a maze composed of four rooms interconnected by four gaps in the walls.
We implement the problem using a four-task pipeline. Firstly, a data acquisition task that applies
PPOSchulman et al. (2017) to interact with the Four Rooms environment to collect data. Secondly,
a data preprocessing task which transforms collected data (represented by state, action, reward)
into a trajectory representation. Thirdly, a model training task that trains a decision transformer
model using one hyperparameter set (experiment seed, head number, and embedding size) of the
transformer model. Fourthly, an evaluation task that evaluates the trained model in the Four Rooms
environments over 100 goals and reports accumulated rewards of the model in each goal. More
details are referred to in the original paperChen et al. (2021). We implement EMS® on four cloud
computing environments: the AWS Batch computing, a Kubernetes cluster, a Ray cluster, and
a robot cluster. To make consistent benchmarks, we deploy all these environments on the AWS
EC2 p3.8xlarge (Ubuntu 20.04) instances®. To simulate a multi-cloud setting, we deploy the four

computing clusters in four different AWS VPCs and connect them through AWS site-to-site VPN.

3We also use the same instance for AWS Batch job submission
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2.1.4.2. Overall Performance. We run a robotics daily routine pipeline on three systems (Naive,
Single-cloud EMS, EMSR) and compare their productivity, scalability, and reproducibility. Specifi-
cally, Naive runs decision transformer’s original code from Chen et al. (2021) on one AWS EC2
p3.8xlarge instance. Single cloud-EMS runs the robotic pipeline in the subsection2.1.4.1 using
EMS® but only enabling AWS batch computing. EMSR is the full-fledged implementation of EMS®.
We use these systems to run 16 pipelines at the beginning of every hour from 1:00 pm to 10:00
pm. Each pipeline conducts model training with different hyperparameters (experiment seed, head
number, and embedding size) using 1 GPU, and reports the averaged time duration, money cost, and
evaluation reward of pipelines every hour. In addition, we use three systems to repeatedly run the
pipeline at 2:00 pm multiple times (8, 16, 24, 32) within one hour and report the averaged time
duration and money cost, evaluation reward of pipelines.

We collect 3 evaluation metrics: (i) We measure productivity by total output and total_input
where total_input is the averaged money cost and duration time of running pipelines, and total_output
is averaged evaluation reward of running pipelines. Given the same total output, less total_input
means more productivity. (ii) We measure scalability by money cost and duration time of different
pipeline frequency, which is the total number of pipeline runs within one hour. (iii) We measure
reproducibility by the evaluation reward of running pipelines. Moreover, the money cost on
simulated on-premise devices is considered free and not counted towards instance hours®.

We reports producitivity in Figure 2.6, and reports scalibility and reproducibility in Figure 2.7.
We highlight three key findings: (1) EMS® improves the productivity of naive approach and single
cloud-based system due to its sky-based architecture. Single-cloud EMS’s cost is lower than Naive
since its version controller in the dependency manage layer enables reducing duration by recycling
the data preprocessing (2) EMS® has the highest scalability due to its sky-based computation layer
optimizes the cost by scheduling pipeline on an on-premise device (3) EMS® reproduces the pipeline
results with different number of pipeline runs.

“In reality, there is a tiny cost on maintaining the on-premise cluster, but this detail does not change the main conclusion
drawn from these experiments.
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Figure 2.6. Productivity of EMS® in a robotics daily routine pipeline. We run the pipeline
every 1 hour from 1:00 pm to 10:00 pm and report the pipeline duration in (a), the cost in (b),
and evaluation rewards in (c). The blue line and bar represent EMS®, implemented on an
on-premise cluster and AWS batch service. The green line and bar represent single-cloud
EMS, implemented by EMS® only enabling AWS batch service. The orange line and bar
represent the naive pipeline, implemented on one EC2 instance. As expected, EMS® requires
less time and cost than the other methods.
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Figure 2.7. Scalibility and reproducibility of EMS® in a robotics daily routine pipeline. We
run different number of pipelines every hour and report averaged duration in (a), averaged
cost in (b), averaged evaluation rewards in (c). The blue line and bar represents EMS®,
implemented on an on-premise cluster and AWS batch service. The green line and bar
represents single-cloud EMS, implemented on EMS® only enabling AWS batch service. As
expected, EMS® requires less time and cost for running the same number of pipelines than

the others. Also, EMS® reproduces the model performance by running the pipeline multiple
times.

2.1.4.3. Performance Gain from Each of the Abstraction Layers. Computation layer. A key
benefit of the sky-based computation layer is to allow EMS® to scale jobs while maintaining low
time duration and money cost. In Figure 2.8a and Figure 2.8b, we evaluate this ability on parallel
workloads of empty jobs, where each job requests 1 CPU hour. Compared with 3 existing job
management systems (AWS-Batch, Kubernetes-Batch, Ray-Job), we observe that the total time

duration of EMS® near-perfectly stays the same when the total number of jobs increases. This is
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due to the sky-based computation leveraging public computing for parallel-jobs scheduling. Since
Kubernetes-batch and Ray-job are deployed on an EC2 instance with only 96 CPU cores to schedule
the job, the time increases linearly with respect to the number of jobs. In Figure 2.8b, we observe that
the instance hours of the computation layer are lower than the others. This is due to the sophisticated

data orchestrator reducing the time of resource transfer.
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Figure 2.8. Scalability of computation layer in EMS®. We report total time duration in
(a) and total instance hours of jobs in (b) with increasing job numbers. We also report
single job time duration with increasing data size of jobs in (c). The blue line represents
the computation layer, the red line represents the AWS Batch computing, the purple line
represents the Kubernetes Batch job and the brown line represents Ray Job. The computing
environment of Kubernetes Batch job and Ray Job is set up with mounted data volumes.

Another benefit of the computation layer is the ability to scale the dataset size of a job while
maintaining a low time duration. In Figure 2.8c, we see that EMS®’s job duration almost stays the
same even dataset size of the job increases. Compared to Ray-job, it outperforms in two magnitudes
of order. The data orchestrator utilizes a networked file system to mount the source file to the jobs
and this reduces the total data transfer time.

Dependency management layer. To evaluate the performance of the dependency layer, we track
the data preprocessing time of the pipeline experiment from Section 2.1.4.2 and compare it with
Naive. In Figure 2.10a, we observe that the time of EMS® stays almost the same with the dataset
size increases while Naive increases linearly. This is because the version controller of EMS® tracks
preprocessed results from the previous pipeline runs and the new pipeline only spends time on the

newly arrived data from the data collection task.
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Figure 2.10. Performance of the pipeline management layer in EMS®. In (a), we report
the data preprocessing duration of pipelines running on different time frames. In (b), we
also report the evaluation score and deployment score of the trained models in pipelines. (c)
illustrates the experiment setting of (b), where the evaluation cloud and deployment cloud is
different. From left to right in (d), they are Four Rooms, Door Keys, Simple Crossing and
Lava Crossing, Dynamics Obstacle Avoidance.

Also, the dependency management layer brings EMS® the ability to schedule sky-based pipeline
as demonstrated in Figure 2.10b, allowing us to evaluate models on one cloud (VPC1) and deploy

the models on another cloud (VPC2).
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Configuration management layer. The configuration management layer is important for
hyperparameter search in many data-driven workloads.We run the same pipeline in Section 2.1.4.2
for five different tasks, as shown in Figure 2.10d. Specifically, for each task, we search configuration
among 1, 8, 16, 32, and 64 sets of hyperparameters, which are head number, layer number, embedding
size, activation functions, batch size, and experiment seeds for the decision transformer model. For
each set, we report the best model evaluation reward among the hyperparameters. We report the
average evaluation reward and variance of the performance on 100 goals in Table 2.2 and observe

that a larger amount of hyperparameters delivers better-performed models.

Table 2.2. Best evaluation score of decision transformer models in different hyperparameter

number.
Number Four Rooms Door Keys Simple Crossing Lava Crossing Dynamic Obstacles
1 0.460 £0.03 0.892 +£0.08 0.789 +0.28 0.798 £0.01 0.654 +0.11
8 0.481+0.05 0.934 +£0.05 0.820+0.12 0.855£0.02 0.685 +0.09
16 0.520 +£0.03 0.954 £0.07 0.824 +0.11 0.909 +£0.03 0.720 +0.12
32 0.523 £0.02 0.953 £0.08 0.850 = 0.10 0.920 £0.03 0.719 £ 0.08
64 0.524 +£0.03 0.960 +0.02 0.888 +0.12 0.920£0.02 0.722+0.10

2.1.4.4. Case Studies. We exploited EMS® to develop three data-driven robotics applications. (i)
Developing collision avoidance policy of turtlebot robot. This pipeline consists of training collision
avoidance policy in Stage simulation Vaughan (2008) with PPO, testing in stage, and deployment on
a real robot Amsters and Slaets (2019). (ii) Developing motion planning policy of a 7-dof robot
arm in OpenRave simulation. This pipeline consists of collecting datasets in OpenRave Diankov
(2010) with BIT* Gammell et al. (2020), training NEXT Chen et al. (2019) motion plan policy, and
testing in simulation. (iii) Developing a bipedal walking policy. We model Flame robot Solomon
et al. (2013); Hobbelen et al. (2008) in pybullet Erwin and Yunfei (2016), train walking policy using
PPO, and testing policy in pybullet. The details of these implementation are referred to in paper
Ye et al. (2020); Long et al. (2018); Gammell et al. (2020); Liang et al. (2017). Specifically, the
naive implementation of these applications can only leverage computation on a AWS EC2 instance
of p3.8xlarge and EMS® integration can leverage AWS batch computation to run pipelines. Each

running pipeline of them has one configuration and requires resource of one p3.8xlarge instance.
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In the experiment, we run 4,16,64 pipelines with different configurations(seed, batch size. and
learning rate) and report average score, total execution time and code line number in Figure 2.9.
As shown in subfigure 2.9a, the average score is higher with more configuration of pipelines,
which justifies the importance of massive computation in EMS®. Also, subfigure 2.9b shows that
adapting existing robotic applications EMS® only requires a few of code lines, which implies that
EMS® is applicable to numerous intelligent robotics applications. Then we compare the time cost
of EMS® with naive implementation and demonstrate the less time cost of EMS® than the naive

with the same pipeline workloads.

2.1.5. Conclusion

We propose EMS®, a cloud-enabled massive computational experiment management system
supporting massive data-driven robotic routine experiments. By exploiting it to develop an
offline reinforcement learning pipeline for mobile robot navigation, we demonstrate the scalability,
reproducibility, and productivity of EMS®. Then, we show that EMS® is applicable to numerous
data-driven robotics applications, through three realistic robot examples. Future works will consider
developing more sophisticated methods to optimize the cost of computation scheduling and integrate
EMS®with a robotic deployment system in a continuous integration and continuous delivery (CI/CD)

fashion.

2.2. RoboFlow: a Data-centric Workflow Management System for Developing Al-enhanced

Robots

We propose RoboFlow, a cloud-based workflow management system orchestrating the pipelines
of developing Al-enhanced robots. Unlike most traditional robotic development processes that are
essentially process-centric, RoboFlow is data-centric. This striking property makes it especially
suitable for developing Al-enhanced robots in which data play a central role. More specifically,

RoboFlow models the whole robotic development process into 4 building modules (1. data
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processing, 2. algorithmic development, 3. back testing and 4. application adaptation) interacting
with a centralized data engine. All these building modules are containerized and orchestrated under
a unified interfacing framework. Such an architectural design greatly increases the maintainability
and re-usability of all the building modules and enables us to develop them in a fully parallel
fashion. To demonstrate the efficacy of the developed system, we exploit it to develop two prototype
systems named “Egomobility” and “Egoplan”. Egomobility provides general-purpose navigation
functionalities for a wide variety of mobile robots and Egoplan solves path planning problems in
high dimensional continuous state and action spaces for robot arms. Our result shows that RoboFlow
can significantly streamline the whole development lifecycle and the same workflow is applicable to

numerous intelligent robotic applications.

2.2.1. Introduction

We propose RoboFlow, a cloud-based workflow management system for developing data-centric and
Al-enhanced robots. This work is done in the context that significant progresses have been made
in robotics development and a paradigm shift from process-centric development to data-centric
development is being witnessed, especially for learning robots. Specifically, traditional robot
development workflow Arumugam et al. (2010); Bouziane et al. (2017); Kato et al. (2018); Lei et al.
(2016); Dennis et al. (2016); Huang et al. (2020) is essentially process-centric, which emphasizes
more on designing, developing and integrating different “processing modules” interacting and
inter-operating with each other in a complex fashion. Such a process-centric robotic development
model, though natural for humans, is not suitable for developing modern Al-enhanced robotic
systems (aka., learning robots) that are essentially data-centric Finn et al. (2017); Gu et al. (2017);
Kretzschmar et al. (2016); Zeng et al. (2018); Ebert et al. (2018); Mahler et al. (2017). Some key
reasons are that the development processes of Al-enhanced robots generally involve managing
and interacting with massive amounts of data, and even after the systems have been deployed,

continuous modification and improvement are still needed when more data get acquired. Such
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an extra “data-centric” dimension of learning robots causes a dramatic increase in both coding
complexity and maintaining complexity of the traditional process-centric robotic development
workflow, thus a new data-centric robotic development workflow is crucially is needed. To bridge

this gap, we propose RoboFlow.

Figure 2.11. An overview of RoboFlow. The robot development pipeline consists of 4
modules interacting with a centralized data engine. The data engine manages the large-scale
dataset, and publishes data from robot. The data preprocess module encodes raw input to data
that algorithm development module can easily parse. The algorithms development module
develops customized control policy. The back testing module tests the policy in various
environments. The application adaption module deploys the learned policy in real world.

A high-level overview of RoboFlow is illustrated in Figure 2.11. In the most abstract fashion,
the RoboFlow system divides the whole pipeline of developing Al-enhanced robots into 4 building
modules (1. data processing, 2. algorithmic development, 3. back testing and 4. application
adaptation) interacting with a centralized data engine. Specifically, the data engine can be viewed as
an “oracle” that abstracts out all the data management details and is interacting (e.g., being queried
or manipulated) with all the 4 building modules in an asynchronous fashion. Centered around the
data engine, the 4 building modules follow an iterative spiral model. Unlike the classical spiral

modelBoehm (1988) for software development, these building blocks mainly interact with data
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engine, thus can be developed in a fully parallel fashion and each module could have different
“versions”. Such a data-centric design dramatically decreases the developing and maintaining
complexities, making it especially suitable for developing Al-enhanced robots. The framework in
Figure 2.11 is quite generic and described in a fully abstract way. To understand this framework
better, we put it in a concrete context of developing learning robots. From a learning perspective,
the data processing module transforms and encodes data into a state that other modules can easily
parse. The algorithm module represents the planning policy of the robots, which is in charge of
the robots’ actions. The back testing module evaluates the policy of the learning robot based on
large-scale collected or simulated data. The application adaptation module puts the developed policy
into real-world environments once the back testing meets a designed criterion. More details about
these modules will be provided in Section 3.

This paper has 3 major contributions: (i) we proposed a novel data-centric robot development
model which improves upon the traditional routines in terms of development flexibility and
maintainability. (ii)) We implement a first prototype system using containerization techniques
(specifically, Dockerdoc and Kubernetes kub (c)). (ii1) Using this system, we develop two platforms:
Egomobility and Egoplan. Egomobility exploits deep reinforcement learning to provide navigation
ability for turtlebot and Egoplan uses imitation learning to solve complex motion planning problems
for sawyer robots. These studies demonstrate the efficacy of RoboFlow in various intelligent robotics
applications. The rest of this paper is organized as below. Section 2 introduces related work.
Section 3 describes implementation of RoboFlow. Section 4 presents two platforms to showcase the

usefulness of RoboFlow.

2.2.2. Related Work

The two most relevant lines of work related to RoboFlow are the workflow management system
and data management engine for data-centric robot systems. For the workflow management system,

earlier robot development pipelines try to simplify the workflow of robotics development and reduce
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re-programming efforts. For example, Fetch roboticsRobotics launches a Workflow Builder which
allows customers to design, implement, and redesign their own workflows. But their available
tools are not designed for large-scale dataset processing. In the machine learning field, frameworks
like Kubeflowkub (a) and MLFlowMLF have been developed to manage the workflow of model
development but they are not designed for robot development. For the data management engine,
researchers in bioinformatics community developed system tools to manage data workflows in an
end-to-end fashionComeau et al. (2017); Backman and Girke (2016). Nevertheless, in robotics, few
works emphasize on the data-centric aspect of the development processes except some proposals
related to cyber-physical systems which view robots as data-gathering nodes Gil et al. (2007); Romer
et al. (2002); Yu et al. (2004); Abdelzaher et al. (2004); Remy and Blake (2011); Mohamed et al.
(2008); Gil et al. (2007). In recent work, Farzad et al. Khodadadi et al. (2015) proposed a cloud
framework aiming to facilitate the development of IoT applications. but it is not straightforward on

how to apply it to the more heavy-weighted data-centric robotic systems.

2.2.3. System Architecture and Software Implementation

The RoboFlow architecture builds upon the containerization and container orchestration techniques.
More specifically, a container platform (e.g., the Docker) packages applications so that they can
access a specific set of resources on a physical or virtual host. The main benefit, especially for
developers, is that containers isolate different applications and are elastic, i.e., come and go as
demanded by need. This is particularly useful for developing massive robotic systems in which
developers may contribute code in different programming languages and application frameworks. In
such scenarios, we could exploit a container platform to establish many containers to isolate and
manage all the developed applications. To manage containers at scale, we can utilize a container
orchestrate system (e.g., Kubernetes, Docker Swarm) to automate the deployment, management,
scaling, networking, and availability of all the containers. In the rest of this section, we describe the

system architecture and software implementation of the RoboFlow system.
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System Architecture. Figure 2.12 illustrates the system architecture of RoboFlow. It has
4 essential modules(1.Data Preprocess 2.Algorithm Development 3.Back Testing 4. Application
Adaptation) interacting with a centralized data engine. Each module is employed into a containerized
environment by bundling it together with all related configuration files, libraries and dependencies.
These module containers run isolated processes on the system, thus enabling RoboFlow to be
developed in a fully parallel fashion. In addition, any change in these module containers is recorded,
making version control easy to implement. These containers exploit DDS (Data Distribution
Service) to manage real-time communication between them and the data engine. DDS implements a
publish-subscribe pattern for sending and receiving data and each process running in RoboFlow are
considered as DDS nodes to communicate data with other process. Also, a networked filesystem
named Glusterfs is also ultilized for sharing large-scale files (e.g., large neural network models
or training datasets) between modules. Such integration of DDS and Glusterfs make RoboFlow
suitable for developing data-driven methods on robotics. RoboFlow also provides a web-based
frontend to ease developers to monitor, analyze, and manage the robotic development process.

Software Implementation. To implement RoboFlow, we wrap each module as a docker
image. For this, we specify the software environment (e.g., the operating system distribution and
pre-installed packages) of an image in a Dockerfile. The obtained module images are installed
with juypter lab and ROS2. Some modules may need additional packages. For example, the
algorithm development module is equipped with the deep learning libraries tensorflow and
pytorch, while the data engine image utilizes several robot simulators like Gazebo, Stage and
OpenRave.The successfully built images are stored in a cloud-based storage space named cargo,
which can be viewed as on-premise dockerhub of the RoboFlow system. During the run time, each
instance of a built image is deployed as a container and RoboFlow utilizes Kubernetes to deploy
and manage these containers. We exploit the React javascript library to implement a graphical
user interface (GUI). Through this GUI users can choose desired versions of the docker images and

allocate computational resources (e.g., CPUs or GPUs) to the container being created. Once such
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Figure 2.12. The architecture of RoboFlow. RoboFlow provides a graphical user interface
for developers to access all containerized modules. These modules interact with the data
engine through shared storage and DDS topics. The data engine consists of large-scale
datasets and model data stored in the shared folder, simulation containers and robots connected
to the RoboFlow system through DDS topics.

configuration information is submitted, it is turned into a YAML file which will be serialized and

deployed by Kubernetes.

2.2.4. Two Case Studies and Performance Evalaution

In this section, we exploit RoboFlow to develop two prototype systems named “Egomobility” and
“Egoplan”. Egomobility provides a general-purpose navigation platform for managing a wide variety
of mobile robots and Egoplan is a motion planning platform for robot arms. To demonstrate the
efficacy of RoboFlow, we also conduct some performance evaluations of the two case studies.
Case Study 1: The Egomobility platform for Mobile Robots. In this study, we exploit
RoboFlow to develop a mobile robot navigation platform named Egomobility, which is a data-centric
Al-enhanced robot system using data from a Stage simulator Vaughan (2008) as training data.

Within this environment, a mobile robot takes 3 raw laser frames and its velocity as input. Our goal
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is to train a reinforcement learning policy that outputs a velocity guiding the robot avoiding dynamic
obstacles. The deployment page of Egomobility is provided in °.

Case Study 2: The Egoplan Platform for Arm Robots. In this study, we exploit RoboFlow
to develop a robot arm motion planning Platform named EgoPlan. More specifically, we exploit
the NEXT (Neural Exploration-Exploitation Trees) algorithm proposed inChen et al. (2020) to
learn a motion plan policy for solving path planning problems in 7-dimensional state space and
7-dimensional action space. In each planning task, we simulate a robot arm and a shelf in the
openrave Diankov and Kuftner (2008) simulator in our data engine. Each level of the shelf is
horizontally divided into multiple bins. The task for the robot arm is to plan a collision-free path
from an initial pose to grab an object placed in a shelf. The main strategy is to exploit BIT* Gammell
et al. (2014) to solve the planning problem in a brutal force way but collect the data to learn a
smarter motion planning policy.

Performance Evaluation. Through the above two case studies, the benefit of RoboFlow for
managing a data-centric robotic system development pipeline is quite obvious: RoboFlow enables
developers to develop all the component modules in a fully-parallel fashion. For example, in
developing Egomobility, algorithm developers can join in the RoboFlow to develop the navigation
algorithm independently without interfering with each other. The developers for the application
adaptation module can simultaneously test many learned policies without the need of complex
communication processes. For a more quantitative comparative analysis, we let the same team of
developers to build the Egomobility and Egoplan platforms with and without using RoboFlow and
document. During the development lifecyle, we carefully record different progress metrics. We
observe at least 10 times improvement (3 months vs 1 week) in terms of development speed. One
thing that needs to be careful is that the same team-first developed these two platforms without
using RoboFlow and some significant experience has been acquired. However, even adjusted by this

confounding factor, all the members in the team agree that at least 5 times more productivity should

5Project site: https://sites.google.com/u.northwestern.edu/roboflow
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be achieved by using RoboFlow. In addition, due to the usage of sophisticated container-orchestration

techniques, the resulting systems developed by RoboFlow is much more reliable and maintainable.
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CHAPTER 3

Efficient Modeling Strategy

This chapter confronts the challenge of model efficiency. We first address the non-negotiable
requirement of safety in human-centric environments. In joint work with Guo Ye, we formulate the
problem of multi-agent navigation as a Markov game and utilize an adversarial training strategy
to improve the model’s performance. This approach develops a control policy that guarantees
collision-free operation, providing the safety assurances necessary to scale data collection beyond
controlled lab settings. Second, we tackle the problem of multi-task learning through the Switch
Trajectory Transformer. This model employs a Mixture-of-Experts (MoE) architecture to increase
model capacity without a proportional rise in computational cost. This design achieves high
performance on diverse tasks while maintaining the inference efficiency required for deployment on

resource-constrained robotic hardware.

3.1. Collision-free Navigation of Human-centered Robots via Markov Games

We exploit Markov games as a framework for collision-free navigation of human-centered robots.
Unlike the classical methods which formulate robot navigation as a single-agent Markov decision
process with a static environment, our framework of Markov games adopts a multi-agent formulation
with one primary agent representing the robot and the remaining auxiliary agents form a dynamic
or even competing environment. Such a framework allows us to develop a path-following type
adversarial training strategy to learn a robust decentralized collision avoidance policy. Through
thorough experiments on both simulated and real-world mobile robots, we show that the learnt policy

outperforms the state-of-the-art algorithms in both sample complexity and runtime robustness.
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3.1.1. Introduction

This paper studies the collision-free navigation problem of human-centered robots(Riener et al.,
2006; Lam et al., 2010). Such robots need to interact, assist and cooperate with humans. One
motivating example is grocery robots as shown in Figure 3.1, from which we see such robots must
operate in a dynamic environment due to humans activities. Collision-free navigation(Borenstein
and Koren, 1989; Van den Berg et al., 2008; Fox et al., 1997; Kretzschmar et al., 2016; Chiang
et al., 2019; Bharadhwaj et al., 2018; Jun et al., 2019) is a fundamental required capability of
human-centered robots.

The dynamic environment of human-centered robots brings difficulty for using traditional
trajectory-based methods(Francis et al., 2019; Sartoretti et al., 2019) or reinforcement learning based
methods which assume a static map (Chiang et al., 2019; Vasquez et al., 2014). More specifically,
these methods formulate the robot navigation problem as a single-agent Markov decision process,
then conduct either forward path planning (random tree search algorithms)(Faust et al., 2018; Chiang
et al., 2015) or backward policy search (e.g., policy gradient algorithms)(Tai et al., 2017, 2018;
Long et al., 2018, 2017) for collision-free navigation. They all assume the robot operating in a static
environment, which is unrealistic for human-centered robots.

To handle this challenge, we exploit Markov games (Littman, 2001; Wang and Sandholm, 2003;
Hu and Wellman, 2003; Casgrain et al., 2019) as a modeling framework for collision-free navigation.
Unlike traditional trajectory-based methods or reinforcement learning based methods, our framework
of Markov games adopts a multi-agent formulation with one primary agent representing the robot
and the remaining auxiliary agents form a dynamic or even competing environment. This framework
allows us to develop an adversarial training strategy to learn a robust decentralized collision
avoidance policy.

Under the multi-agent formulation(Chen et al., 2017; Bu et al., 2008; Hernandez-Leal et al.,
2017; Weinberg and Rosenschein, 2004; Raileanu et al., 2018), the primary agent representing robot

is called a protagonist. Our method spawn several auxiliary agents who attack the protagonist in
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Figure 3.1. A grocery robot navigating in a retail scenario. Such robots must operate in
a dynamic environment due to humans activities. Image source: https://vosizneias.
com/.

an adversarial way. These adversary agents get reward by resulting in protagonist not reaching
the goal. A major contribution of this paper is the development of a novel path-following policy
learning strategy for solving the Markov games. More specifically, all agents are modeled by a
Markov process but we allow the auxiliary agents to have a global view of the system state while the
primary agent (the robot) only have a local view. The Markov processes of the auxiliary agents are
centrally configurable and are parameterized by a set of aggressiveness parameters (e.g., moving
velocity, perception accuracy, etc.) that affect their capabilities being adversarial. By varying the
aggressiveness parameters from tight to more relaxed (i.e., the auxiliary agents become more and
more adversarial), the obtained parametric family of Markov decision processes form a regularization
path that can be used to robustly train the primary agent’s navigation policy using a path-following
algorithm (More details are provided in Section 3.1.4). The same idea has also been exploited
in developing the interior point method (Potra and Wright, 2000) in nonlinear optimization and
parametric simplex method in linear optimization (Pang et al., 2017).

We conduct thorough numerical simulations to demonstrate the efficacy of the proposed method.

We show that the learnt policy is simultaneously efficient in sample complexity and adaptive to
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complex human-centered environment. We also conduct a sensitivity analysis to demonstrate the
robustness of the proposed algorithm. In addition, we deploy the learnt policy on a real mobile robot
equipped with only one low cost 2D LIDAR and show that the trained agent is directly deployable to

complex environment.

3.1.2. Related work

This section summarizes some related work. Relevant literature includes Multi-agent collision-free
navigation, Markov games formulation of mobile robots and adversarial learning.

3.1.2.1. Multi-Agent Collision-free Navigation. There are two collision-free navigation paradigms
in multi-agent environments: the centralized approach vs decentralized approach. The centralized
approach (Snape et al., 2011; Bareiss and van den Berg, 2015) assumes each agent has perfect
knowledge of the other agents, which is unrealistic for human-centered robots since the primary
agent (the robot) obvious can not know the perfect state of every auxiliary agent (humans). In
contrast, the decentralized approach assumes the primary agent only has partial observation of the
rest. Thus is more relevant to our setting. Related works on decentralized collision-free navigation
methods include (Everett et al., 2018) and (Long et al., 2018). However, (Everett et al., 2018) only
considers auxiliary agents with stochastic or prefixed policies while (Long et al., 2018) assumes the
primary and auxiliary agents share the same policy. In contrast, our method models the auxiliary
agents using an adversarial setting which improves both sample complexity and policy robustness of
the primary agent.

3.1.2.2. Markov Games Formulation of Multi-agent Systems. Markov games are powerful at
modeling multi-agent systems (Weinberg and Rosenschein, 2004; Hernandez-Leal et al., 2017).
However, solving their equilibrium is nontrivial. To achieve tractable solution, one approach is to
constrain the problem into a two-agent zero-sum game to learn a stationary policy for both protagonist
and adversary (Pinto et al., 2017). Another approach is to exploit centralized actor-critic type

methods (Lowe et al., 2017). A third approach is to constrain all the agents can only communicate
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with their neighbors in a network setting (Zhang et al., 2018). None of these methods is readily
applicable to our setting where the protagonist (the robot) is decentralized while the remaining

agents are centralized.

3.1.3. Adversarial Learning

Motivated by the success of generative adversarial networks (Goodfellow et al., 2014), recent works
show that training an agent in an adversarial setting could lead to improved performance. For
example, in game environments, Trapit et al.(Bansal et al., 2017) and Adam et al.(Gleave et al.,
2019) applied 2 competeting agents (one protagonist and one opponent) in the training process and
obtained superior performance compared to the vanilla reinforcement learning methods. For driving
games, (Pan et al., 2019) showed that the protagonist works better in the presence of a risk-seeking
opponent. All these works exploit two-player zero-sum games. In contrast, we employ multi-agent
general-sum Markov games which are more challenging to solve and motivate the development of a

new path-following adversarial training strategy (More details are provided in Section 3.1.4).

3.1.4. Methods

In this section, we formulate the collision-free navigation problem as a Markov game and describe
a path-following type strategy for solving it. Though our algorithmic framework is fully generic
and applicable to any human-centered robot, we describe the algorithm using a simple 2D Stage
simulation environment (Vaughan, 2008) with the hope of making the main idea more concrete to
accessible to the audience. All the agents in this simulator exploits a 2D LIDAR with laser scan
range 3.5m as sensing device. The maximum linear speed of the mobile robot in this simulator is
Im/s.

3.1.4.1. Collision-free Navigation Formulated as Markov Games. A human-centered robot
needs to navigate in an environment with the interference of one or more moving humans. This

scenario can be modeled as a multi-agent system with the robot as the primary agent (protagonist)
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and the humans as auxiliary agents (adversaries). Each agent is modeled by a Markov decision
process. We allow the adversaries to access the global state information of all other agents while the
protagonist to access only local information of its nearby agents. Each agent aims at maximizing its
accumulative reward under its own reward mechanism. These co-evolving and competitive agents

thus form a Markov game(Littman, 1994):
M - (S,Ol...ON,Al...AN,T,Rl...RN>.

Here N is the total number of agents with Agent 1 as the protagonist. .S denotes the states of all
agents. O7...0Op, Ay ... Ay are the sets observations and actions for each agent. A; is action of
Agent ¢ sampled from a stochastic policy 7; and the next state is generated by the state transition
function 7" : S x A; x ... x Ay — S. Ateach step, every agent gets a reward according to the state
and corresponding action 7; : S X A; X ... x Ay — R along with an observation of the system
state o; : S — O. While the adversarial agents 2, ..., /N have access to the global information S,
the protagonist only have access to partial information o; (More details are provided in Section
3.1.5). The objective for the i-th agent is to learn a policy that maximizes the cumulative discounted

rewards

3.1.1) R(i) = E{ivtr?))],

where v € (0, 1) is the discount factor and T,@

is the the reward received at the ¢-th step.

3.1.4.2. Path-following Policy Learning Strategy. The cumulative discounted reward of the
protagonist R(1) and those of the adversaries R(2),R(3)...,R(N) are coupled since these
adversary agents get reward by resulting in protagonist not reaching the goal. This forms a
general-sum Markov game and it is nontrivial to solve its equilibrium. To proceed, we propose a

path-following policy learning strategy. The main idea is to parameterize all the auxiliary agents by

a set of aggressiveness parameters that affect their capabilities being adversarial. By varying the
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aggressiveness parameters from tight to more relaxed, the auxiliary agents become more and more
adversarial. In another word, the environment of the protagonist shifts from being stochastic to more
adversarial. The obtained parametric family of Markov decision processes form a regularization
path that can be used to robustly train the primary agent’s navigation policy using a path-following
strategy.

More specifically, we consider the following set of aggressiveness parametrized of the auxiliary
agents: (i) Linear velocity: The mobile robot contains linear and angular speed vy, v,,, the latter
does not have notable influence to adversaries’ ability. Hence, we only consider the linear velocity
in the range v, € [0, 1.5]. (ii) Adversarial size: We model the shape of each auxiliary agent by a
square with width s € [0.1,0.4]. The larger size brings difficulty for the protagonist to conduct
collision avoidance. (iii) Perception accuracy: Each adversarial agent can access the positions
of other agents with an additive Gaussian noise with spheirical covariance matrix N (0, 1/p*T).
Here we set p> € [0.2,1000]. We parameterize the above agressiveness parameters using a
one-dimensional parameter 7 € [0, 1] to be monotone increasing functions v,(7), s(7) and o ()
such that v,(0) = 0,v,(1) = 1.5; s(0) = 0.1, s(1) = 0.4; p*(0) = 0.2, p*(1) = 1000. Once the
functions v,(+), s(+), p?(-) are fixed, the adversarial capabilities of the adversarial agents are indexed
by the parameter 7. Our path-follwing strategy is to train the policy of the protagonist along the
regularizaiton path by varying 7 from 0 to 1. For simplicity, we set the functions v(-), s(-), p*(+) to
be linear in this paper. More sophisticated parameterization paradigms are also possible.

To train the protagonist’s poicy along the path, we conduct reinforcement learning of the
protagonist in an environment with adversaries of minimum difficulty 7 = 0. We then increase
the aggressiveness level of the adversary agents to a higher level according to some pre-defined
updating rule and use the learnt policy from the previous step for initialization. The process keeps
going until reaching the hardest setting corresponding to 7 = 1 as Algorithm ?? shows.

The above path-follwoing algorithm requires an updating rule of the parameter 7. We consider

3 updating methods: (1) discrete, (i1) sigmoid and (iii) linear. Let I/ be the number of maximum
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Algorithm 1 Path-following Policy Learning

Input: Transition model 7" of the Markov game
1: Initialize 7 < 0; policies 7y, . . . , mx; max episodes F
2: for episode =1,...,F do
3: for m steps do

4 Each agent selects action a; ~ m;(0;)

5 Step forward s, r < T'(s,ay,...,ay)

6: Each agent collects trajectory (s, ', a,r)

7 Update ; using collected data

8 Update 7 using the updating rule

9

: return 7y

episodes and ¢ be the episode index. The discrete rule generates a path with only 3 values of
7 = 0,0.5,1, the sigmoid rule generates a path by varying 7 along a sigmoid-shaped curve
1/(1 + e=(=E/2), The linear rule generates a path by varying 7 along a linear line from O to 1.
3.1.4.3. Protagonist Setting. To train the protagonist, we use the same PPO algorithm (Schulman
et al., 2017) as described in (Long et al., 2018) with some minor adaptions (e.g., the input dimension
of the LIDAR has different dimensions). For the purpose of completeness, we briefly describe the
setups in this section to ease the audience.

Observation Space and Action Space: The observations of the protagonist contain laser
readings o, € R3*3% (Representing data from the 3 most recent frames of the LIDAR scan, each
of which is a 360-dimensional vector), current velocity o, € R? including both linear and angular
velocities and the target location’s relative polar coordinates o, € R? with respect to the agent’s
local coordinate system. Note that each value of the laser reading o, lies in between 0 to 3.5 which
is the range of laser beam.

Reward Setting: To navigate the agent, the reward function is the sum of 4 components:

r®(s® o®) = Tc(lt) + rf}t) +7® ).

Here rflt) = wy - (Hpgt*l) — Pyll2 — Hpgt) — P,ll2) guides the agent to move towards the goal.

P, = [pf,pi] € R? and p{) = [pZ, p¥] € R? are the current and goal positions of the protagonist.



55

Raw Laser Frames (3%360) Simulated Environment
»
-~ =
gl -
o . - ‘\_‘.__ : ‘
- GO L & : y \ E 1,'
l v ¥ ¥
1 1 Goal’s position Self velocity All agents’ states
Conv|32|5 I : : I I I
f N Og Oy P1 P2 P3 by
Conv|32]|3
Dense | 256
A I vy
* A 4 v A 4
[ Dense | 128 [ Dense | 128 ]
Vmean Vmean
Protagonist’s Network Adversaries’ Network

Figure 3.2. Network Architecture of Protagonist and Adversary. Conv represents convolu-
tion layer followed by its dimension and kernel size. Dense represents fully-connected layer
with its dimension.

We set the weight wy = 2.5. Reward for reaching the goal rét) =151if ||p§t) - ngz < 0.5. We set
r(®) = —15 if a collision happens and similarly r{") = w,, - [w®| if w® > 1.05 with w,, = —0.1 is
used to force the protagonist moving more smoothly.

Network Architecture: The network architecture is shown in Figure 3.2. The LIDAR data is
fed to two convolution layers and one 256-dimensional fully-connected (fc) layer. The processed
laser information is then concatenated with the other two observations o4 and o,. The concatenated
vector is fed into a 128-dimensional fully-connected layer to generate the mean of the velocity viean.
We then construct a Gaussian policy with vy,c., as the mean parameter and a variance parameter

Ugtq trained in the same way as in (Long et al., 2018). In addition to the policy network, the PPO

algorithm also involves a value network which is nearly the same except the last fully-connected
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(a) Chasing (b) Blocking (c) Crossing
Figure 3.3. The 3 Adversarial Paradigms: Chasing, Blocking and Crossing. The blue cube
represents the protagonist, the black ones represents adversaries. The red circle denoting

protagonist’s goal location. The trajectories of adversaries present different attacking
strategies.

layer outputs a value for judging the policy’s performance. More details can be found in (Long et al.,
2018).

Adversarial Setting: Unlike most multi-agent navigation methods which are either fully
centralized with all agents share the same policy (Van Den Berg et al., 2011) or fully decentralized
with all agents only have limited partial observations (Long et al., 2018; Chen et al., 2017), our
setting have all adversaries centralized but with different policies and the protagonist decentralized.
This allows us to fully harness the benefit of adversarial learning to obtain a more robust policy for the
protagonist. Since all adversaries are centralized, each one has an observation containing the position

(t) (®) (t)

information of all the agents: o) = [pi”...py,p?], where p;

p g = [p?, p!] € R? represents the

current position of the i-th agent. pgt) is the goal position of the protagonist. The observation o*)
is fed into a neural network with the same architecture as in Figure 3.2 but each adversary agent
independently trains the network parameters. Similarly, a Gaussian policy is constructed for each
adversary with the output action a) = [v;, v,,] € R? containing linear and angular velocities. To
further promote the diversity of the adversarial agents, we consider 3 adversarial paradigms shown
in Figure 3.3. These paradigms have different attacking strategies characterized by different reward
mechanisms. To train the protagonist, we simultaneously launch multiple instances of the adversarial

agents under different paradigms. The policy networks of the adversaries from the same paradigm
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share the same parameters. The protagonist is simultaneously trained in these instances using the
path-following strategy. We describe the 3 adversarial paradigms below.
Chasing: In this paradigm, 3 adversaries are chasing the protagonist and are rewarded when

catching it. The reward function of adversaries is:

rO (st W) = rét) +r®),

where 7\ = wg-(|Ip" " =p, 2= p{” —p, ||2) withw, = 2.5and r® = 15if collision with protagonist

happens. Itis easy to see that r((f) encourages an adversary to chase the protagonist and 7*) encourages
the collision. One thing to note is that if two adversaries collide, there is no punishment but will
terminate the current episode and all the adversaries will be relaunched at new random positions.

Blocking: This paradigm has 3 adversarial agents trying to prevent the protagonist from reaching

the goal position with the following reward function:
r®(s® o) = (T((jt) _ Tc(lf)) +r®),

where r"), () are the same as in the chasing section and r'}) = w, - (|[p{'™ — p,ll2 — Ip — p,l2)

with wg = 2.5 encourages the protagonist to move towards the goal p,. It is easy to see that the
component Tc(lt,) encourages the adversaries to block the protagonist away from the goal.

Crossing: This paradigm is exactly the same as the chasing paradigm except the goal position is
purposely put behind the 3 adversaries. The reason for designing this paradigm is that crossing is
the one of the most common scenarios encountered by a human-centered robot. Many traditional
approaches assume the humans follow social norms or reciprocal policy and should actively avoid

colliding robot. However, in real applications, there could be some curious huamans (e.g., a kid in

the grocery store) who tend to get close to the robot and that is the scenario we aim to model.
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3.1.5. Experiment

We present experimental results to demonstrate the efficacy of the proposed method. In particular,
we show that our method outperforms the existing state-of-the-art collision-free navigation methods
in both benign and adversarial environments. We also deploy our learnt policy to a physical robot
and demonstrate that the trained agent is directly applicable to real-world physical environment.
3.1.5.1. Computational Details. We conduct the multi-agent robots simulation in Stage (Vaughan,
2008) with the algorithm implemented in PyTorch(Paszke et al., 2017). The network architectures
are the same as shown in Figure 3.2. The maximum linear speed of the mobile robot during training
is 1m/s and the 2D LIDAR equipped on the robot senses 360 degree and 0-3.5m distance. We train
collision-free policy on a server with 2 Xeon 8168 CPUs (48 cores), 1TB memory and 4 Nvidia
GTX 2080 GPUs. The collision-free policy training takes 4 hours (about 2000 episodes) to converge
to a robust solution in all adversarial paradigms.

3.1.5.2. Experimental Design. Evaluation Metrics: We consider the following metrics adopted
from (Long et al., 2018): (1) Success rate: The proportion of trials that the protagonist successfully
reaches the target position without any collision. (ii) Extra time: The difference between the average
travel time of the protagonist over all testing cases and the lower bound of the travel time measured
by robot moving straightly toward goals without adversarial interference. (iii) Extra distance: The
difference between average travel distance over all testing cases and the travel distance measured by
the protagonist moving straightly towards the goal without adversarial interference. (iv) Average
speed: The average speed of the protagonist achieving goal.

Baseline Methods: We consider the following baseline methods: (i) ORCA (Van Den Berg
et al., 2011), a centralized method that have a central sever controlling all agents. (ii)) CADRL
(Everett et al., 2018), an agent-level decentralized method with each agent accesses precise state
information. The purpose of comparing with CADRL is to show that even with more crude input,
our method achieves higher performance. (iii) DRLMACA (Long et al., 2018), a fully decentralized

method in which a same policy is trained for all agents in several multi-agent environments.
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Figure 3.4. Protagonists’ reward curves for collision avoidance policy learning. The learning

curves of Discrete, Linear, Sigmoid path-following policy learning strategy converge around

the reward 20.
3.1.5.3. Policy Training. Figure 3.4 evaluates the influence of different updating rules of 7 (noted
as Discrete, Sigmoid and Linear) on policy training. We see two dramatic drop down of the blue
curve (discrete) corresponding to where adversaries change their aggressiveness intensity. Whenever
7 increase (.5 after each training epoch, it brings dramatic hardness to the environment. However,
after several episodes, the protagonist becomes accustomed to the new switch and converges by
the end. Unlike the bumpy curve from the discrete case, the other two reward curves change
more smoothly with the Linear’s reward slightly outperforms the sigmoid’s. The reason could be
the hardness of sigmoid starts increasing more rapidly than linear in the halftime which is more
challenging for the protagonist to adapt. At the end, no matter in which way, all three methods
converge to the same level.
3.1.5.4. Simulation Results. We compare our method with the baselines under both non-adversarial
Figure 3.5 and adversarial environments Figure 3.3. All agents have identical size and speed same
across different methods.

Non-adversarial Scenario: We place 6 robots in two groups facing each other. They’re required

to reach the positions their opposite agents located. We visualize the obtained trajectory plots in

Figure 3.5. As expected, all methods achieve high success rate in this non-adversarial scenario.
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2 W -2 W
(a) Our method (b) DRLMACA (c) CADRL (d) ORCA
Figure 3.5. The trajectory plots of 6 robots that are equally divided into two groups trying
to reach the opposite positions. The interval between two adjacent footprints is 1s. ORCA
moves extremely slow inferred by dense points in a trajectory but almost following the
optimal path. CADRL moves fast while traveling longest. Some redundant trajectories

shaped in circles are observed using DRLMACA. Our method achieves the best balance
between time and travelling distance.

However, the CADRL and ORCA exploit global information which is not needed by our method.
We observe that CADRL and ORCA chose completely opposite strategies for collision avoidance.
CADRL is more aggressive with very high speed but takes much longer distance to reach the goal. In
contrast, ORCA behaves extremely cautious and spend a large amount of time carefully calculating
the shortest path. DRLMACA and our method achieve a better comprise of these two extremes with
our method outperforms DRLMACA.

Also, from Figure 3.6, our method significantly outperforms the the remaining methods, with
higher speed, shorter time and distance. We also see a gradient pattern within our three updating
rules across all 4 histograms: the discrete performs best, followed by linear and sigmoid. It indicates
that sharp intensity change brings more robustness to mobile robot.

Adversarial Scenario: Having demonstrated the superior performance of our method in normal
setting, we now compare the policies learnt using our method with the three baselines in the
adversarial scenarios described in Figure 3.3. In these experiments, the protagonist is controlled by
each policy being compared while the adversaries are controlled by the adversarial policies obtained
from adversarial training described in Section 3.1.5-C.

We present the comparison results in Figure 3.7. It is easy to see that our method outperforms

all other baseline methods in the adversarial environments and behaves especially competitive in
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Figure 3.6. Performance metrics in non-adversarial scenario. We see that all methods
achieve high success rate, but our methods performs better on extra time and extra distance.

the chasing paradigm. This is due to the fact that the other baseline methods rarely consider the
scenario that the adversarial agents might move towards the protagnist from behind.

ORCA behaves badly as expected since its reciprocal assumption of t he adversarial agents is
violated. In contrast, CADRL handles the adversarial environment pretty well since the protagonist
has perfect knowledge of the adversaries’ intents. Compared to the non-adversarial scenario, CADRL
still achieves the highest speed but with a lower success rate. It’s worth noting that DRLMACA
has an abnormally high extra distance and travel time. It seems terribly frightened once the nearby
agents deliberately move towards it rather than actively moving away.
3.1.5.5. Real-World Experiments. To test the transferability of our trained policy to physical
robots in the real world, we deploy the policy trained using the Discrete updating rule on a mobile
robot platform Turtlebot3 waffle_pi. This robot is equipped with LDS-01, a 2D LIDAR sensing
360 degrees with 0.12 to 3.5 meter range and a scan rate of 300 £ 10 rpm. The robot is controlled
with the maximum speed 1m/s. The on-board computer of waffle pi is Raspberry Pi 3 with

Robot Operating System (ROS) installed. Our control policy samples actions at a rate of S0Hz.
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Figure 3.7. Performance metrics in adversarial scenarios. Our method performs the best in
all four metrics while DRLMACA has abnormal behaviours when confronting adversarial
agents.

In the real-world deployment, we first place the robot in an environment with dense pedestrians
randomly moving around, then test the policy when several humans try to block it from different
directions as shown in Figure 3.8. For the experiments, we randomly generate goal positions for the
robot. Using our the learnt policy, the robot navigates very smoothly in many challenging scenarios,

demonstrating the practical efficacy of our method.

3.1.6. Conclusion

We propose to learn robust collision-avoidance policies via Markov games by introducing multiple
auxiliary agents to model a competing environment. The experiments show that our path-following
adversarial policy learning strategy significantly improves the sample complexity and adaptivity
of the trained primary agent (i.e., the robot). Promising experimental results on a physical robot

also demonstrate that the superior performance of the learnt policy is generalized to new scenarios.
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Figure 3.8. A real-world deployment. We deploy our collision avoidance policy on
turtlebot3. The red arrows represent the moving directions of the robot. The result shows
that when two pedestrians try to maliciously block the robot, our trained collision avoidance
policy still find a collision-free path for the robot.

Future work will consider combining tree-based random search global planning algorithms with our

learnt policy to navigate robots in crowded scenarios.

3.2. Switch Trajectory Transformer with Distributional Value Approximation for Multi-Task

Reinforcement Learning

We propose SwitchTT, a multi-task extension to Trajectory Transformer but enhanced with two
striking features: (i) exploiting a sparsely activated model to reduce computation cost in multi-task
offline model learning and (ii) adopting a distributional trajectory value estimator that improves
policy performance, especially in sparse reward settings. These two enhancements make SwitchTT
suitable for solving multi-task offline reinforcement learning problems, where model capacity is
critical for absorbing the vast quantities of knowledge available in the multi-task dataset. More
specifically, SwitchTT exploits switch transformer model architecture for multi-task policy learning,
allowing us to improve model capacity without proportional computation cost. Also, SwitchTT
approximates the distribution rather than the expectation of trajectory value, mitigating the effects
of the Monte-Carlo Value estimator suffering from poor sample complexity, especially in the

sparse-reward setting. We evaluate our method using the suite of ten sparse-reward tasks from the
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Figure 3.9. Switch Trajectory Transformer Architecture. Switch transformer models
contain action transformer, dynamics transformer and return transformer. Task
id, returns, states are fed into embedding layer and consequently in to the action
transformer. The model predicts the following action and then provides it to the
dynamics model for predicting the next state. The return transformer uses this
information and predicts return; this process is repeated until the designed horizon
length.

gym-minigrid environment. We show an improvement of 10% over Trajectory Transformer across
10-task learning and obtain up to 90% increase in offline model training speed. Our results also
demonstrate the advantage of the switch transformer model for absorbing expert knowledge and the

importance of value distribution in evaluating the trajectory.

3.2.1. Introduction

This paper studies the problem of multi-task offline reinforcement learning (RL). We first define a
multi-task offline RL problem as learning a single policy that solves multiple tasks from previously
collected data without online interaction with the environment. For example, suppose we want
grocery robots to acquire a range of different behaviours (e.g. lift cans, pick up bowls and open
closet). In that case, it is more practical to learn an extensive repertoire of behaviours using all
previously collected datasets rather than learn each skill from scratch.

The large diversity of datasets collected in various tasks brings difficulty for traditional multi-task
offline RL methods (Yu et al., 2021b,a; Kalashnikov et al., 2021b). Specifically, these methods
emphasize transferring skill knowledge across related tasks and developing a sharing experience

across different tasks. Such a data-sharing strategy makes learnt multi-task policy sensitive to data
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distribution differences and relationships among tasks. The inherent conflict from task differences
can harm the policy of at least some of the tasks, particularly when model parameters are shared
among all tasks.

Recent offline RL works like Decision Transformer (Chen et al., 2021), and Trajectory Transformer
(Janner et al., 2021b), abstracting RL as sequence modelling, demonstrate the capability of turning
large datasets into powerful decision-making engines. Such modelling design benefits multi-task
RL problem by serving a high-capacity model for handling task differences and absorbing vast
knowledge in the collected diverse dataset, and also makes it possible for multi-task RL methods to
adopt the associated advances (Fedus et al., 2021) in language modelling problem:s.

However, adopting such high-capacity sequential models for solving the multi-task RL problem
poses three significant algorithmic challenges. The first is high computation cost and tall model
capacity, which is critical for absorbing the vast knowledge available in a large heterogeneous dataset.
The second one is sharing the same policy parameters across different tasks causing degraded
performance over simple single-task training. The third is poor performance caused by the Monte
Carlo value estimator, especially in sparse reward settings. Monte Carlo estimator suffers from poor
sample complexity when online data collection is not allowed, and it is uninformative to guide the
beam-search-based planning procedure.

To handle these challenges, we propose SwitchTT (Switch Trajectory Transformer), a multi-task
extension to Trajectory Transformer but enhanced with two striking features. The high-level overview
of SwitchTT is illustrated in Figure 3.9. First, unlike Trajectory Transformer and other traditional
multi-task RL methods, reusing the same parameter for all input data, our method exploits a sparsely
activated model for multi-task offline model training, with the sparsity coming from selecting
different model parameters for each incoming example. Such a model allows us to perform efficient
computation in high-capacity neural networks and improve parameter sharing in multi-task learning.
Second, SwitchTT develops a trajectory-based distributional value estimator for learning the value

distribution of trajectory instead of expected value. Such a distributional estimator enables us to
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measure and utilize uncertainty around the reward, thus mitigating the effects of the Monte-Carlo
Value estimator suffering from poor sample complexity, especially in sparse-reward setting, leading
to better value estimate in an offline setting. We provide more details in Section 3.2.4.

This paper has two major contributions: (i) we exploit a sparsely activated model for multi-task
model learning, which reduces the computation cost and improves multi-task learning performance.
(i1) we develop a trajectory-based distributional value estimator to learn a better value estimator,
improving offline reinforcement learning performance. The rest of the paper is organized as below.
Section 3.2.3 introduces preliminaries. Section 3.2.4 describes the implementation of SwitchTT.
Section 3.2.5 presents detailed experiment results to demonstrate advantage of SwtichTT. Section

3.2.2 introduces the related works and Section 3.2.8 concludes the paper with more discussion.

3.2.2. Related Works

Transformer for Reinforcement Learning. Decision Transformer (Chen et al., 2021) model
Reinforcement Learning (RL) as a sequence modelling problem and matches or exceeds the
performance of state-of-the-art model-free offline RL baselines. Based on this promising result,
recent works draw upon the simplicity and scalability of the Transformer architecture to solve the
reinforcement learning problem. These works can be divided into two kinds of approaches. The
first is similar to Decision Transformer, which can be viewed as model-free RL at a high level.
This suite of frameworks (Shang and Ryoo, 2021; Yang and Nachum, 2021) model the conditional
distribution of actions given trajectory data. The other line of work (Janner et al., 2021a; Chen
et al., 2022; Hafner et al., 2019) is viewed as model-based RL at a high level, which not only
models the conditional distribution of action given trajectories but also model the state transition
over the trajectory. The latter approach is more reliable in solving long-horizon sparse-reward
tasks because the learned dynamics allow for future trajectories. The planning phase predicts the
cumulative reward over a long horizon. Our method lies in the second line of work, which learns the

state transition over trajectory data and utilizes the learned model to imagine the future trajectory.
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Different from trajectory transformer, learning the value estimation by temporal difference learning,
we improve the Monte Carlo value estimate by introducing distributional value learning. Instead of
estimating the expected value return, we model the value learning as a categorical distribution and
utilize the transformer to learn the distribution.

Model-based Offline Reinforcement Learning. Existing works have demonstrated the promise of
model-based RL for offline learning. A command approach for model-based offline RL focuses
on learning a dynamics model for uncertainty estimation and then optimizing the policy. For
example, Model-based Offline Reinforcement learning (MOReL) firstly learns a pessimistic MDP
from offline data using Gaussian dynamics model and then learns a policy for the learned MDP
(Kidambi et al., 2020); Model-based Offline Policy Optimization (MOPO) estimates learned model
error and penalizes rewards by such error to avoid distributional shift issues (Yu et al., 2020b);
Offline Reinforcement Learning from images with Latent Space Models (LOMPO) extends MOPO
to high-dimensional visual observation spaces (Rafailov et al., 2021). These approaches do not
directly use the learned model to plan action sequences. MuZero combines a tree-based search
with a learned model, using the learned model directly for policy and value improvement through
online planning (Schrittwieser et al., 2020). MuZero Unplugged (Schrittwieser et al., 2021) extends
MuZero to an offline-RL scenario and achieves state-of-the-art results. In contrast, our method
utilizes sequence modelling tools to model the distribution of trajectories in the offline dataset. Such
a high-capacity sequence model architecture provides a more reliable long-horizon predictor than a
conventional dynamics model. It mitigates the effect of accumulated predictive error over a long
horizon.

Multi-Task Reinforcement Learning. Multi-task Reinforcement Learning (RL) aims to learn a
single policy that efficiently solves multiple skills. Prior works have made promising result but still
face three major challenges, including optimization difficulties (Schaul et al., 2019; Hessel et al.,
2019; Yu et al., 2020a), effective weight sharing for learning shared representations (Teh et al., 2017;

Espeholt et al., 2018; Xu et al., 2020; D’Eramo et al., 2019; Sodhani et al., 2021; Stooke et al.,
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2021) and sharing data across different tasks (Eysenbach et al., 2020; Kalashnikov et al., 2021a; Yu
et al., 2021b). We study the challenge of effective weight sharing for learning shared representations
in the multi-task offline RL setting. Current works focus on learning shared representation across
different tasks, then apply traditional RL like computing policy gradient or learning value function
to solve multiple tasks. In contrast, we abstract the multi-task RL problem as a sequence modelling
problem and apply a high-capacity transformer model to solve the multi-task RL problem.
Transformer. Transformer (Vaswani et al., 2017) has been proposed as a novel model architecture
to handle sequential input data in machine translation tasks. Since then, transformer-base pretrained
language models like GPT-2/3 (Radford et al., 2019; Brown et al., 2020b), BERT (Devlin et al., 2018),
XLNet (Yang et al., 2019), RoBERTa (Liu et al., 2019), TS5 (Raffel et al., 2019), ALBERT (Lan et al.,
2019), BART (Lewis et al., 2019) have achieved tremendous success in NLP because of their ability
to learn language representations from large volumes of unlabeled text data and then transfer this
knowledge to downstream tasks. In light of the above works, researchers are tempted to investigate
the benefit of transformer models in improving reinforcement learning performance. The first line
of work applies the transformer model to represent the component in standard RL algorithms, such
as policy, models and value functions (Parisotto et al., 2020; Parisotto and Salakhutdinov, 2021).
Instead of this, the second line of work (Chen et al., 2021; Janner et al., 2021b) abstracts RL as a
sequence modelling problem and efficiently utilize the existing transformer framework widely used
in language modelling to solve the RL problem. Intuitively, the latter approach is more influential
since it can support the possibility that the advances in sequence models can directly be applied to
the RL problem without relying on the RL algorithm framework. Motivated by the second approach,
we model multi-task reinforcement learning problem as a multi-lingual task problem in Natural
Language fields, which allows us to draw upon existing advanced transformer frameworks (Fedus
et al., 2021; Lepikhin et al., 2020). Unlike previous works learning single task, our work makes

efficient use of a high-capacity model to acquire multiple tasks inside a single model.
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Mixture of Experts. The mixture-of-experts(MoEs) approach (Jordan and Jacobs, 1994; Jacobs
et al., 1991) was proposed more than two decades ago to divide the problem space into homogeneous
regions. Recent works on MoEs can be divided into two kinds of approaches. The first is to
propose different types of architecture such as SVMs (Collobert et al., 2002), Bayesian Methods
(Waterhouse et al., 1996) and Gaussian Processes (Tresp, 2001). While the above work considers
mixture-of-experts as the whole model, the second kind of work use mixture-of-expert as a part of
neural network. Recent work (Eigen et al., 2013) extends MoEs to use a gating network at each
layer in a multilayer network, forming a Deep Mixture of Experts. Based on this idea, Shazeer
(Shazeer et al., 2017) uses MoEs as a general-purpose neural network component and significantly
advances state-of-the-art results on public language modelling data sets. GShard (Lepikhin et al.,
2020) and Switch Transformer (Fedus et al., 2021) then adopt the MoEs into transformer model
architecture to scale the model size efficiently. This dramatically reshaped the landscape of natural
language processing research. It’s intuitive that the latter approach efficiently scales the model
capacity and improves model performance on complex problems since sub-problems in a complex
problem require different expert solvers. Inspired by this novel architecture, we extend the MoEs to
solve the problem of multi-task reinforcement learning. In our work, the MoEs layer consists of
several feed-forward sub-networks, and a trainable gating network. The gating network determines
a sparse combination of these experts to use for each task. The sub-networks here are considered as

policy experts to solve the multi-task problem.

3.2.3. Preliminaries

Offline Reinforcement Learning. Here, we define the essential reinforcement learning (RL)
concepts, following standard textbook definitions (Sutton and Barto, 2018). Reinforcement
learning addresses the problem of learning to control a dynamical system in a general sense. The
dynamical system is fully defined by a Markov decision process (MDP). The MDP is defined by

the tuple M = (S, A, r, P,7, po), where S is the state space, A is the continuous action space,
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r: S x A — R is the reward function and p, represents the initial state distribution. P(s’|s,a)
represents the transition probabilities, which specifies the probabilities of transition from the state
s to s’ under the action a. A trajectory is made up of a sequence of states, actions, and rewards:
7 = (80, 0,70, 51, 1,71, ..., ST, ap, 77). The return of a trajectory at timestep t, R, = >.7,_, ry is
the sum of future rewards from that timestep. The goal of RL is to find an optimal policy that
maximizes the expected return E[>7_, 7] in a MDP. Different than online RL, which involves
iteratively collecting experience by interacting with the environment, offline RL learns the optimal

/

policy on fixed limited dataset D = {(s;.a;.s},

rj)}é-vzl, consisting of trajectory rollouts of arbitrary
policies.

Multi-Task Reinforcement Learning. The goal of multi-task RL is to find a optimal policy
that maximizes expected return in multi-task Markov Decision Process (MDP), defined as M =
(S, A, {ri}¥,, P,v, po), where {r;} | is a finite set of task and others follow the definition in the
offline RL subsection. Each task ¢ represents a different reward function r; but shares the dynamics
P. In this work, we focus on multi-task offline RL setting, aiming to find a policy m(al|s) that
maximizes expected return over all the task: 7*(a|s) = argmax E; [y E, [T ri(sy, a4)], given a
dataset D = UY | D; where D; consists of experiences from task i.

Trajectory Transformer. Trajectory Transformer (Janner et al., 2021b) formulates offline RL as
generic sequence modeling problem. The core of this approach is to use a Transformer architecture
to model distributions over trajectories in the offline dataset and repurposing beam search as a
planning algorithm to find the optimal action. Specifically, Trajectory Transformer augments each
transition in the trajectory 7 with reward-to-go R, = > %_, ¥ ~'r,, then discretizes a trajectory
7 with N-dimension states and M-dimensional actions into sequence of length T'(N + M + 1):
7= (.88, . .,sN al,a?, ...,aM ry,..),t = 0..T . To model distribution over such trajectories,

they use a smaller-scale GPT (Radford et al., 2018) architecture, parameterized as ¢ and induced

conditional probabilities as P, maximising the following objective:
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T N N
(3.2.1) L(t) = Z Zlong 3t|st ' Tet) + logPo(st|ay, s¢, Ty) + Zlong(aHsf’, T<t))

t=0 =1 j=1

Then, beam search uses past trajectory as the input of the trained model and greedily selects the
predicted trajectory 7 with the highest reward. Other details of Trajectory Transformer are referred
to in the original paper (Janner et al., 2021b). In this work, we extend the trajectory transformer
with two enhanced features to solve multi-task RL. The first is to exploit switch transformer instead
of naive transformer architecture, and the second is to adopt a distributional value estimator to guide
the beam search. We refer to more details to Section 3.2.4.

Switch Transformer. Switch Transformer is a sparsely activated model designed to maximize
the parameter count of a Transformer model in a simple and computationally efficient way. The
critical difference is that instead of containing a single feed-forward neural network (FFN) in the
original transformer, each switch layer has multiple FENs known as an expert. More specifically, the
switch layer consists of a set of n “expert networks” Ej, - - -, EJ, and a “gating network” (G, whose
output is a sparse n-dimensional vector. The experts are themselves neural networks, each with
their parameters. This layer takes a token representation z as an input and then routes it to the best
determined top-k experts, selected from a set of £;(z);_,. The router variable IV, produces logits
h(z) = W, -  which are normalized via a softmax distribution over the available n experts at that

layer. The gate-value for expert ¢ is given by:

eh(m)i

The top-k gate values are selected for routing the token x. If 7 is the set of selected top-£ indices

then the output computation of the layer is the linearly weighted combination of each expert’s
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computation on the token by the gate value,
(3.2.3) y= sz(x)Ez(iﬂ)
€T

Instead of routing to k experts, we route input tokens to only a single expert. Switch Transformer
shows this simplification preserves model quality, reduces routing computation and performs better.
The benefit of the switch layer for solving reinforcement learning problems is two-fold: (1) Each
Expert is considered a task expert, such as lifting cans, picking up bowls, and opening a closet.
In this way, we can combine multiple expert knowledge inside a single policy to solve numerous
tasks. (2) The gating network is considered a switch strategy, which measures the confidence of

each expert and chooses the expert with the highest confidence to solve each task.

3.2.4. Method

This section presents SwitchTT in detail, a multi-task extension of the Trajectory Transformer. The
details of the method is illustrated in Figure 3.10. Following Trajectory Transformer, SwitchTT
model multi-task offline RL problem as sequence modelling problem and divides the algorithm
into three phases (data collection, offline model training and planning). Since our model and
planning strategy is nearly identical to the Trajectory Transformer, we briefly describe three phases
and emphasize the critical difference: the model architecture of the switch transformer model and
implementation of the distributional value estimator.

3.2.4.1. Data Collection. In the data collection phase, we collect a combined dataset D = U, D;
in task 1..V and transform the dataset into a sequential representation. Specifically, instead of using
certain-level expert policy to interact with the environment, we utilize the online RL algorithm PPO
(Schulman et al., 2017) to solve each task and collect the replay dataset D;. This adds exploratory
trajectory into the dataset and increases the diversity of trajectory inside the dataset. Here, we study
discrete RL tasks other than continuous tasks so it is unnecessary to discretize states and actions like

Trajectory Transformer(Janner et al., 2021a). Trajectories from different tasks are combined into a
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Figure 3.10. Training, planning, and action planner in the SwitchTT: (A) Represents
the action transformer model training process. Here we diagram three task tokens
being routed across different experts. At first, trajectories in the collected episodes
are transformed into trajectory representation by adding task id and calculating
return-to-go. Then it is fed as a token into a switch transformer model, which
replaces the dense feed-forward network (FFN) layer present in the transformer with
a sparse Switch FFN layer. The switch layer returns the output of selected experts
multiplied by the router gate value. (B) is the planning process. Firstly all visited state,
return-to-go, action and task id are stacked into a sequence {4, Ry, So, ag, ... Ry, St}
Then the sequence is fed into switch transformer models to generate predicted four
pairs of {ay, s¢+1, Ry11}. Stack again and generate only one pair until the designed
length. Then this generates values of different chosen actions at the first generation.
(C) The action planner. The planner is performed at each timestep as described in B.
At each timestep, the highest column value action is sampled and executed to the
environment.

single dataset D and each one is transformed into the trajectory representation following Decision
Transformer (Chen et al., 2021). Then we feed the model with the returns-to-go f{\t = Zf:t Ty.

This leads to the following trajectory representation of task 7:
(324) T = (Za R07 S0, 4o, ia R17 S1,A1, -y i? RT: ST, aT)-

At test time, we feed the target return and first state (g, o) into the model and then get the desired
action a, from the planning phase, depicted in the latter subsection. Here, IR, represents the desired
performance, usually the maximized cumulative reward of the task. s is the first observed state

from the environment. After executing the action, we receive (7, s1) from the environment and
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decrease the target return via equation R; = Ry — ry. Then we feed the current trajectory to the
model and repeat until the episode terminates.

3.2.4.2. Training Phase. In the training phase, we train offline models modelling the trajectory
distribution in the dataset D and use them for the planning phase. Instead of modelling the trajectory
inside a single model like Trajectory Transformer, we train three separate models: (i) decision
transformer ¢, modelling the conditional distribution of actions given returns-to-go and states. (ii)
dynamics transformer f, predicting state over past states and actions. (iii) return-to-go (RTG)
transformer ¢, a trajectory-based distributional value estimator, predicting value distribution of
state-action trajectory. Here, the training procedure of each transformer is referred to in Chen et al.
(2021). The training procedure of the three models is the same as the original Transformer model.
The objective of the Decision Transformer model is to minimize the cross-entropy loss between
predicted and true actions. We define the loss as a cross-entropy loss between predicted and true
states for the Dynamics Transformer model. We also use switch transformer model architecture
instead of transformer model and describe the distributional value estimator in detail.

We feed the last k timesteps into the decision transformer for a total of 4k tokens. For the
dynamics transformer and return-to-go transformer, we provide previous k timesteps into them but
only 3k tokens, including task id, state and actions. The output of the Dynamics Transformer is the
next-timestep state, and the output of the return-to-go transformer is the distribution of the input
trajectory’s future return.
3.2.4.3. Model Architecture. We utilize a switch transformer to learn the distribution of the
combined dataset. The model architecture is extended from GPT (Radford et al., 2018) model
architecture. But we replace the dense feed-forward network (FFN) layer present in the transformer
with a switch layer consisting of multiple FEN layers. Figure 3.10 illustrates the detail of the switch
layer in the transformer models. When each token passes through this layer, it first passes through a
router function and the router routes the token to a specific expert. Under the multi-task RL setting,

we consider each expert as a policy model, and the router routes the observation from a task to the
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highest-confidence expert. In our method, we implement a minor version of Switch Transformer

architecture, and the detail of the switch layer is depicted in Switch Transformer (Fedus et al., 2021).
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Figure 3.11. Overview of return-to-go transformer. Instead of predicting the
expectation value of trajectory, return-to-go transformer discretise the reward and
predicts the value distribution of the trajectory.

Trajectory-based Distributional Value Estimator. As shown in Figure 3.11, return-to-go trans-
former is a trajectory-based distributional value estimator that estimates the value distribution of the
state-action trajectory instead of the expected return. Here, we model the distribution using a discrete
distribution (categorical distribution) parameterized by N € N and Viin, Vinax € R. The support
of such distribution is the set of atoms {z; = Vjyn + 1Az : 0 < i < N}, Az = % and atom
2; probability is given by a parametric model ¢ : X — R, whose input is three-step state-action
trajectory x = {$y, as, St11, A1 1, Se12, G112} and output is the probability vector of atoms:

Then we project the value distribution learning onto a multiclass classification problem. Given
a sample trajectory 7, = {}/‘Z\j, Sj, };ﬁ from dataset, we label the trajectory as class ¢ =
LRH;), — Vinin) /2 z and use gradient descent to find parameter ¢ that minimize the cross-entropy
loss between labeled class and discrete value distribution. In the planning phase, the output value of

given trajectory x is the linearly weighted combination of each atoms’ probability:

N—

(3.2.6) Vo(z) =Y pl(x)z

[y

1=
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Unlike TT predicting returnto-go(RTG) after immediate rewards, we predict RTG given sequence
of (state, action), without relying on reward. This reduces RTG prediction error, which could be
accumulated by reward prediction error in the planning phase due to the fact that prediction of
RTG value can only depend on reward without state and action. Additionally, discretization is a
case of distributional value estimator and distributional value estimator can be extended to learning
continuous distribution.

The advantage of using distributional value learning is to learn a better value approximation.
While the Monte Carlo value estimate suffers from poor sample complexity, especially in sparse-
reward tasks, learning the distribution can preserve such effect. Specifically, with learned distribution
of RTG, we can ignore RTG with low probability and calculated RTG based on high-probability
value. Modeling distribution explicitly instead of only estimating the mean can lead to more
knowledge for the agent. Recent work’s results (Bellemare et al., 2017) show the usefulness of
modeling the RTG distribution, leading to a much faster and more stable learning of the agent. Also,
by leveraging the transformer model architecture, we learn the distribution in a simple self-supervised

manner instead of dynamic programming as in the Distributional RL work (Bellemare et al., 2017).
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Algorithm 2 SwitchTT Planner

Input: Transition model 7" of the Markov game

1: Initialize 7 = {}, A = {0(x)[i]}{_,

2: fori =1tocdo
3: Sample i action candidate a} = 0(z)]i]
4:  Initialize trajectory 7; = {x, a}}

5: for j =1to hdo

6: Predict state s}, = f(7;)
7: Imagine trajectory 7; = 7; U {a}_,, s’
8: Sample action a} = 6(x)|0]

9: Evaluate trajectory 7T [af] = V,(7;) with Eq. 3.2.6

10: return arg max,ec 4 7 [a]

3.2.4.4. Planning Phase. In the planning phase, we use beam search to generate optimal action with
the highest estimated value based on the imagined sequence. We summarize this phase as Switch
Planner and describe it in the Algorithm 2. The algorithm requires model (6, f, ¢) from training
phase, hyperparameter candidate number ¢ and horizon length £, current sequence x as input. Here,
c determines the number of imagined trajectory, h defines the horizon length of each imagined
trajectory, x is collected from past states, actions and rewards at timestep t: * = {R;, s;, a;}'_,. The

planning phase in Figure 3.10 uses candidate number ¢ = 4 and horizon length h = 3.

3.2.5. Experiment

In this section, we present the experimental results of our method and compare them with baselines
methods in a multi-task setting. In particular, our experiment aims to answer the following question:
(i) How well does our method perform on multi-task learning? (2) Does switch transformer speed

up the training speeds of offline model learning. (3) Does switch transformer mitigate the effect of
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degrading performance of multi-task learning over single-task learning? (4) Does the distributional
value estimator improve multi-task performance?

3.2.5.1. Experiment Design. We evaluate our methods in 10 different tasks of the gym-mini-grid
environment, including FourRooms, DoorKey, KeyCorridor, and the other seven tasks. We choose
these tasks because they have sparse reward where by default, the agent only gets a positive reward
when reaching the designed goal. This problem is difficult for policy learning because reward must
be propagated from the beginning to the end of the episode when actions taken in the middle is
skipped over. Also, these tasks contain different requirements, so the policy should be trained
separately, although they have the same action and state space. For example, DoorKey is a simple
sparse-reward problem; the Fourroms is a long-term credit assignment problem and KeyCorridor
requires learning compositional tasks.

We compared our methods with Trajectory Transformer (TT), Decision Transformer (DT),
Behavior Cloning. Our motivation for choosing these methods are: Our methods extend from
Trajectory Transformer and are similar to Decision Trajectory, abstracting offline RL as a sequence
modelling problem. Imitation learning is similar to our methods since it also uses supervised loss
for training and planning from the trained models.
3.2.5.2. Performance in multi-task learning. Here, we firstly investigate the improvement of
SwitchTT over TT and DT in multi-task learning. We collect a dataset across ten different tasks
in a gym-mini-grid environment. The total amount of the dataset is 5 million timesteps combined
dataset, 500k timesteps for each task. Combining all the data, we train DT, TT and Switch TT
models and evaluate the trained models on the ten tasks. We report reward by running each task
across 100 scenarios over 10 seeds. Secondly, we study the effect of the switch layer for multi-task
learning. We compare SwitchTT with other baseline methods in three learning settings, 1-task
learning, 3-task learning and 10 task learning. We report the performance of TT, DT, BC, which use
the same model architecture and hyperparameters. For the beam width and planning horizon of TT,

we refer the same value as the Fourroms Experiment in paper(Janner et al., 2021a). DT-Switch and
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SwitchTT use the same model architecture and hyperparameters as TT, DT, BC, but replace the FFN
layer with the same model-size switch layer. We use a context length of k=30 in both experiments
in all trained transformer models. In the switch layer, we use the expert number of n=3 for 3-task

learning and n=8 for 10-task learning.
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Figure 3.12. The left panel shows evaluation of Switch TT across 10 tasks. DT
and TT train transformer models with FFN layer on the combined 10-task datasets.
SwitchTT train transformer models with Switch layer on the same dataset. SwitchTT
provides an improvement over 3 baseline methods across 80% of tasks. The right
panel reports average reward of 10-task learning. We train offline models on the
10-task dataset, evaluate the performance on ten tasks, and report the average reward
of 10 tasks in 10-task learning.

As shown in the left panel of Figure 3.12, SwitchTT outperforms DT, TT across 80% of tasks.
In particular, SwithchTT improves about 15% performance over other methods in the FourRooms,
DoorKey and Maze tasks, which require long-horizon planning ability. This highlights that the
transformer models with switch layers learn a better-matched trajectory distribution in the dataset
than FFN layers. Also, the distributional value estimator benefits SwitchTT by providing a more
accurate value for estimating the imagined trajectories.

The right panel of Figure 3.12 shows that SwitchTT achieves the best result in 10-task learning.

We observe that our methods improve about 10% over our base methods TT. These highlights switch
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layers improve the offline model learning, and also the distributional value estimator also learns a

better value in a sparse-reward setting.
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Figure 3.13. The effect of Switch Layer for multi-task learning. We plot the reward
mean baseline methods in three multi-task learning settings. n-task learning in the
table means trained datasets contain trajectories of n tasks. TT-DV stands for the
Trajectory Transformer but is enhanced with a distributional value estimator. BC
and DT-switch trains transformer models with switch layers.

We report the detail statics of Figure 3.13 in the appendix. Here, we highlight three key
findings from Figure 3.13: (1) SwitchTT outperforms other baseline methods in 10-task learning.
For the multi-task setting, SwitchTT can achieve the best results. (2) DT-Switch performs better
in 3 multi-task learnings than DT, cooperating with the Switch Layer in the transformer model.
DT-Switch improves the multi-task learning performance over DT using the FFN layer in the
transformer model. We conclude that such a switch layer mitigates the degrading performance of
multi-task learning over single-task learning. (3) TT-DV outperforms TT in 3 multi-task learning
settings. The distributional Value estimator improves the performance of the TT. We conclude
that our distributional value estimator provides better value estimation for TT and improves the
performance of TT. (4) KeyCorridor’s performance of method without using switcher layer improves
from adding more task, but the other two task performance decreases. This infers that sharing all
the same parameter among multi-task learning could improve the some single-task performance but
also hurt other single task performance.
3.2.5.3. Computation Cost of Model Learning. Here, we design experiments to compare the

computation cost of the Switch Transformer model with the baseline model in learning multi-task
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dataset. In particular, we use PPO to collect the multi-task dataset in 10 gym-mini-grid tasks
and train six models on the collected dataset. The six models are the Decision Transformer (DT)
Model and DT with switch layer (DT-Switch) models with three different size, large, medium and
small. Decision Transformer model is a torch-implemented mirror version of the GPT transformer
model. DT-Switch is the same model but replaces the FFN layer with the switch layer. The head,
layer, embedding size of small, medium, larger are (4, 4,64),(8,4,64) and (8,4, 128). The expert
number in the switch layer is 4. During the training process, we plot the training loss. We plot the

performance on three environments, 100 scenarios for each environment.
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Figure 3.14. Comparison of time cost and performance between dense layer (FFN)
and switch layers. Subfigure a, b, ¢ plots the training loss of action model return-to-
go model, dynamics model. Subfigure d plots the reward performance of DT and
DT-Switch on three tasks.

Figure 3.14.a, 3.14.b, 3.14.c shows that transformer models with switch layer always converge
to a lower train loss with faster speed. This means switch layers can reduce the computation cost,
including training time and parameter size for multi-task model learning. Also, Figure 3.14 shows
that DT-Switch outperforms DT on three tasks. This implies DT-switch mitigates the effect of
overfitting the models and also learns a better distribution of trajectories in the multi-task dataset.
This result demonstrates the advantage of such a sparsely activated layer in multi-task learning.

Effect of expert number. Table 3.1 compares the performance of different expert numbers in
10-task learning. Here we report the reward mean and variance in 3 difficult tasks, FourRooms,
DoorKey and KeyCorridor. The model with four experts in the switch layer performs better than

others. Notably, the model with higher expert numbers 16 performs worse than number 8. We

conclude that the model with four experts performs best in 10-task learning.
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Task N=1 N=2 N=4 N=8 N=16
FourRooms | 0.7056 £+ 0.10 | 0.7056 £ 0.10 | 0.7413 £ 0.12 | 0.8102 £ 0.11 | 0.6605 + 0.14
DoorKey | 0.8348 £0.12 | 0.8612 4 0.08 | 0.8667 = 0.11 | 0.9200 £ 0.12 | 0.8344 £ 0.12
KeyCorridor | 0.3882 £+ 0.08 | 0.4127 £ 0.15 | 0.4276 + 0.09 | 0.5940 £ 0.10 | 0.3182 + 0.11

Table 3.1. Effect of Expert numbers in a 10-task learning setting. We report the

reward mean and variance value across 10 different seeds in 10-task learning setting.

The N represents the expert number of switch layer in the switch transformer models.
3.2.5.4. Performance of Distributional Value Estimator. Effect of Atom Number Here, we
design experiments to compare the performance of different types of return-to-go transformer
models. First, we implement four return-to-go transformer models, which discretize the reward into

11 atoms, 31atoms, 51 atoms, 101 atoms. We train SwitchTT in 10-task setting and report reward

mean and variance of 3 tasks, FourRooms, DoorKey, KeyCorridor.

Atom N=11 N=31 N=51 N=101
FourRooms | 0.7742 £+ 0.07 | 0.8224 + 0.10 | 0.7704 £ 0.09 | 0.8102 4+ 0.08
DoorKey | 0.6863 £0.09 | 0.7457 £0.11 | 0.7583 £ 0.11 | 0.9200 =+ 0.12
KeyCorridor | 0.2295 £ 0.13 | 0.4122 +0.07 | 0.4568 +0.13 | 0.5940 =+ 0.09

Table 3.2. Effect of Atom Number in the distributional value estimator. We report
the reward mean and variance values across 10 different seeds in 10-task learning
setting. Atom number stands for the number of discretizing the reward.

In Table 3.2, we study the effect of atom number in our distributional value estimator. We
observe that the highest atom number has the highest performance in DoorKey and KeyCorridor
tasks, which rely on an accurate value estimator. Specifically, DoorKey and KeyCorridor tasks
need to consider move action and open door, pick keys, drop keys action while FourRooms task
only requires move action. We conclude that increasing the atom number in the distributional value
estimator improves the model performance in multi-task learning.

Improvement over baseline Figure 3.13 shows the performance comparison between TT and TT-
DV. We can see that the average performance of TT-DV in different multi-task settings outperforms TT.
We conclude that the distributional value estimator improves the trajectory transformer performance

by providing a more accurate value estimation of trajectories.
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3.2.6. Additional Details

3.2.6.1. Overview of Three models. In the training phase, we train three three models over the
dataset, shown in Figure 3.15. We feed the last K timesteps into Decision Transformer, for a total of
3K tokens. For the Dynamics Transformer and Reward Transformer, we feed last k timesteps into
them but only 2k tokens, including state and actions. The output of the Dynamics Transformer is

the next-timestep state and the output of reward transformer is distribution of reward-to-go value.
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Figure 3.15. Overview of the three models. We train three models in the training
phase. The Decision Transformer model is trained to predict action given past
trajectory. The Dynamics Transformer model is trained to predict state given past
states and past actions. The Reward Transformer model is trained to predict return-
to-go of the past states and actions.

3.2.6.2. Experimental Results.

The effect of Switch Layer for multi-task learning.
3.2.6.3. Comparison on RTG models. In this section, we investigate the performance of distribu-
tional value-estimator, comparing with the mean value-estimator. We train these distributional RTG
models and mean RTG models on the same dataset of minigrid fourrooms tasks. And implement
greedy planner with same dynamics transformer model to solve fourroom tasks.

From Figure 3.16, we can see that distributional RTG model can estimate more accurate RTG
value than the mean RTG models. This is due to the fact that learning distribution of RTG value
provide more accurate information about relationship between trajectory and RTG values.
3.2.6.4. Trajectory Imagination Using Dynamics transformer. In this section, we investigate
the performance of the Dynamics Transformer. We firstly train a dynamics model and then plan

the optimal action based on imagined trajectories with optimal RTG values. In the planning phase,



Method 1-task 3-task 10-task
SwitchTT | 0.780 4 0.11 | 0.795 £+ 0.08 | 0.810 £ 0.11
TT 0.766 £ 0.09 | 0.658 £0.09 | 0.686 £ 0.09
FourRooms TT-DV 0.806 £ 0.11 | 0.735 £ 0.09 | 0.747 £0.10
BC 0.563 = 0.15 | 0.543 = 0.15 | 0.494 £+ 0.12
DT 0.682+0.15 | 0.736 £0.09 | 0.706 £ 0.10
DT-Switch | 0.682 +0.15 | 0.740 & 0.14 | 0.741 £+ 0.12
SwitchTT | 0.899 £ 0.04 | 0.905 £ 0.07 | 0.920 £ 0.12
TT 0.882 +0.04 | 0.855 £ 0.07 | 0.754 £+ 0.08
DoorKey TT-DV 0.899 +0.04 | 0.828 £0.05 | 0.831 £0.12
BC 0.8254+0.08 | 0.728 =2 0.14 | 0.630 £ 0.08
DT 0.878 £ 0.06 | 0.861 £0.07 | 0.835 £ 0.12
DT-Switch | 0.870 & 0.06 | 0.885 £ 0.08 | 0.907 £ 0.11
SwitchTT | 0.540 4 0.08 | 0.580 4+ 0.10 | 0.594 £+ 0.10
TT 0.296 £+ 0.06 | 0.380 £ 0.08 | 0.404 £ 0.07
KeyCorridor TT-DV 0.335+0.08 | 0.410 £0.06 | 0.454 £+ 0.06
BC 0.284 +0.15 | 0.327 = 0.15 | 0.252 £ 0.11
DT 0.541 +£0.11 | 0.510 £0.08 | 0.388 £ 0.08
DT-Switch | 0.541 +0.11 | 0.548 +0.14 | 0.560 £ 0.09
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Table 3.3. The effect of Switch Layer for multi-task learning. The table reports
the detailed statics of Figure, including the reward mean and variance of baseline
methods in three multi-task learning settings. n-task learning in the table means
trained datasets contain trajectories of n tasks. TT-DV stands for the Trajectory
Transformer but is enhanced with a distributional value estimator. BC and DT-switch
trains transformer models with switch layers.

we imagine certain-horizon trajectories based on the candidate actions and choose the action with
optimal RTG values, which is evaluated on the imagined trajectory.

To demonstrate the performance of Dynamics Transformer, we visualize the imagined trajectory
using the tree-based planner with the configuration, where Candidate Number=1 and Plan Horizon=2.

As shown in the Figure 3.17, the Dynamics performs very well.

3.2.7. Evaluation on MoEs-based models

This section evaluates whether the MoEs layer can improve the episode reward. Here, we use
the trained Decision Transformer models with MoEs layers to interact with the gym-mini-grid
FourRooms environments and compared the performance. Also, we evaluate the models on the

modified continuous task. In the modified setting the agent gets positive reward when moving
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Figure 3.16. Illustration of Imagined Trajectories using Tree-based Planner. This
illustrates two scenarios in the planning phase. Both panels show the agent’s global
view and imagined trajectories based on candidate actions at one time. The text
below each global-view picture shows the timestep number and optimal action based
on the imagined trajectories. The text below each local-view picture shows the
current trajectory’s timestep number, next action, and RTG value. The left panel
shows that the value estimator, which only predicts the expectation of return-to-go
value. The right panel shows the distributional value estimator’s evaluation. The
distributional estimator performs better than other estimators.
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Figure 3.17. Illustration of Imagined Trajectories using Dynamics Transformer. The
left grid shows the agent executes action in the Fourrooms environment. The right
three panels shows the imagined trajectory, starting from the true observation from
the environment and predicting the next observation according to the action.
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Figure 3.18. The training loss and evaluation reward in sparse-reward and continuous reward
setting. The upper figures show the training loss and evaluation reward in a sparse-reward
setting, while the lower figures show the continuous-reward setting. We report the training
loss of each iteration in the training phase in (a) and (c). We also calculate the episode
reward, averaging 1000 episode rewards over ten different seeds.

closer to the goal instead of only getting reward when reaching the goal. This modification is a
strategy of reward shaping, which is an effective technique for incorporating domain knowledge into
reinforcement learning and simplifies the problem to facilitate the study of dataset collection. In
the evaluation phase, the desired target return is 1.0 in sparse-reward setting, and the desired target
return is 25.0 in continuous reward setting.

We plot the evaluation reward in Figure 3.18. The upper figures show that the performance

stay almost the same in sparse-reward setting even if the model has different training curves. This
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implies that better training loss on the offline dataset doesn’t lead to improved evaluation reward
in the sparse-reward setting. We assume this result is caused by the long-term and sparse-reward
feature in FourRooms task. The lower figures show that the MoEs integrated models have marginally
higher evaluation reward than the original GPT model. This implies that the MoEs with lower train
loss improve the evaluation reward in the continuous reward setting.

3.2.7.1. Overfitting on Dataset. This section investigates why the Decision Transformer (DT)
model with lower train loss can not lead to higher evaluation reward. This problem is posted in
the Section 3.2.7. Since DT models the conditional distribution of actions given returns-to-go and
states, lower train loss essentially is indicative that this distribution is learned well. For checking
generalization during training, we use techniques similar to supervised learning. Specifically, we
split the collected dataset into two parts: 80% for the training phase and 20% for the validation
phase. Then, we keep a validation dataset of trajectories and check the validation loss is decreasing
along with training loss. Meanwhile, we review the evaluation reward during the training phase.

Then we plot the training loss, validation loss and evaluation reward in the Figure 3.19

train_loss wvalid_loss evaluate_return

Figure 3.19. Comparison of train loss, validation loss, evaluation reward between
different model architectures. The blue line represents the MoEs-based Decision
Transformer, and the yellow line represents the transformer-based Decision Trans-
former. The training loss is collected during each iteration in the training phase of
the gym-mini-grid four rooms task. The validation loss and evaluation reward are
collected every epoch when training the model. In these figures, the MoEs-based
one converges to a lower train loss than the other on the same collected dataset. But
MoEs-based model shows a higher validation loss on the same validation dataset. It
also has a lower evaluation reward on the four rooms task.

From Figure 3.19, we can see that MoEs-based DT converges to lower training loss compared

with transformer-based DT since the model architecture is more complex and model size is more
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significant. But the validation loss increases when train loss decreases. Also, MoEs-based DT goes
to higher validation loss compared with transformer-based DT. This implies that the model overfits
the training phase dataset and can not generalize well in the evaluation phase. The overfitting causes
the model with lower train loss to perform worse in the evaluation phase. Also, from the subfigure
(b) and subfigure (c) in the Figure 3.19, we can conclude that the model with lower validation can
generalize better in the evaluation phase. To get higher validation loss and better performance in

learning the task, we decrease the training epochs and reduced the model size in our experiment.

3.2.8. Conclusion

We propose SwitchTT, seeking to solve multi-task reinforcement learning via an advanced transformer
model. Promising experimental results show that our method outperforms other offline RL methods.
Future work will consider combined advanced tree search algorithms like Monte-Carlo Tree Search

to improve the performance.
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CHAPTER 4

Scaling laws in Embodied Al

This chapter establishes a predictive science for the development of next-generation embodied
agents. As foundation models, particularly Large Language Models (LLMs), become central to high-
level reasoning and planning, it is critical to understand how their capabilities scale with resources.
We conduct a large-scale empirical study to derive scaling laws for LLM-driven decision-making in
embodied tasks. These laws provide a principled framework for forecasting model performance
based on factors like model size, data volume, and compute budget. By turning the art of model
scaling into a predictable engineering discipline, these findings guide future research and investment,

enabling the field to pursue more complex, generalist agents in a resource-efficient manner.

4.1. Observational Scaling Laws in LLM-based Embodied Decision Making

4.1.1. Abstract

We introduce an observational method to derive scaling laws for LLM performance in embodied
decision-making tasks, predicting complex skills and quantifying the effects of interventions on
LLMs. In contrast to conventional scaling research that trains multiple models from scratch at
different scales, our approach bypasses new model training and instead leverages performance data
from ~ 140 publicly available LL.Ms of various scales. The challenge is that these models vary
greatly in training efficiency and inherent capabilities — differences that are especially significant for
embodied decision-making tasks requiring complex reasoning and structured outputs. To address
this, we employ a generalized scaling law that represents model performance as a function of a low-
dimensional capability space. This approach accounts for inter-family differences by modeling how

efficiently each family’s training translates into useful capabilities. In our experiment, we first validate



90

our scaling law on the Embodied Agent Interface (EAI) benchmark across 125 LLMs, confirming a
predictive accuracy that represents at least a 50% improvement over traditional compute scaling laws.
We then find that an LLM’s decision-making ability is highly predictable—accurately forecasting the
performance of larger models using data from those as small as 40B parameters—which allows us
to quantify both the performance gap between simulation environments and the impact of structured

decoding.

4.1.2. Introduction

Large Language Models (LLMs) power embodied agents that interpret goals, plan actions, and
interact with dynamic environments. This progress presents a fundamental question: do classical
scaling laws, which link model size to performance on language benchmarks, hold true for embodied
tasks? These complex tasks demand structured action sequences and sequential decisions (Brohan
et al., 2023; Ahn et al., 2022), a clear departure from simple text generation. Answering this
question is critical to predict the capabilities of larger models and to guide the future development
of embodied Al

Prior work establishes systematic benchmarks to evaluate LLMs in embodied settings, measuring
capabilities like goal interpretation, subgoal decomposition, and action sequencing (Li et al., 2024).
These benchmarks reveal what current models can do, but they do not explain how performance
scales. A clear relationship between compute, such as training FLOPs, and downstream embodied
success remains unestablished. This disconnect is critical. Embodied tasks introduce challenges
like environmental interaction and the sim-to-real gap, which are absent from the pure language
domains where scaling laws are well-understood (Kaplan et al., 2020). The field currently lacks
predictive models for embodied Al performance as a function of model scale, leaving a fundamental
gap between capability evaluation and scaling science.

We introduce an observational scaling approach to predict the performance of LLMs in

embodied tasks. Our method extends observational scaling laws (Ruan et al., 2024), which use a
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low-dimensional representation of a model’s capabilities to forecast success on complex downstream
tasks. This technique allows us to build predictive scaling models without the need for costly,
full-scale retraining, bridging the gap between embodied Al evaluation and scaling science.

Our work starts with the observation of general scaling laws across LM families that relate
downstream performance to training measures. We test if this relationship extends to complex
embodied skills. An agent’s success in goal interpretation, for example, understanding ”bring me
the red cup from the kitchen,” depends on core skills like natural language understanding and
commonsense reasoning. We posit that a model’s downstream performance is a function of a
low-dimensional space of such capabilities. Model families differ only in the efficiency with which
they convert training compute into these capabilities. This relationship implies a log-linear trend
from capabilities to downstream performance across all model families, and a log-linear trend from
training compute to capabilities within each specific family.

This observational approach provides key advantages. First, it enables the study of scaling
behavior without retraining models. Second, it combines models from heterogeneous families with
different scaling properties, such as LLaMA (Dubey et al., 2024; Touvron et al., 2023a,b), and
StarCoder (Lozhkov et al., 2024b,a). This allows an analysis of different scaling strategies and their
impact on downstream performance and algorithmic interventions.

We validate these scaling laws on the Embodied Agent Interface (EAI) benchmark using 125 open
LLMs from 28 model families. We demonstrate our method’s utility in three settings: predicting
emergent capabilities, quantifying simulation gaps, and measuring the effect of structured outputs.
First, we predict the performance of models larger than 40B parameters using data from models
smaller than 40B. Second, we use the scaling laws to quantify the performance gap between different
simulation environments. Third, we quantify the effect of structured outputs and find they degrade
the model’s decision-making performance.

Our contributions are twofold. First, we introduce an observational scaling framework that

unifies scaling laws for embodied tasks. This framework predicts decision-making performance as
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a function of model capabilities and scale. Second, using our framework on the EAI benchmark,
we quantify the performance degradation from structured outputs and measure the gap between
simulation environments.

The paper proceeds as follows. Section 2 reviews related work. Section 3 formulates our
problem. Section 4 presents our method and Section 5 details our experiments. We conclude in

Section 6.

4.1.3. Related Works

Embodied benchmarks such as VirtualHome, ALFRED, BEHAVIOR-1K, TEACh, and Habitat
evaluate whether agents can map goals and observations into machine-executable action—state
sequences that achieve task goals, enabling step- and goal-level verification of decision making
(Puig et al., 2018; Shridhar et al., 2020; Li et al., 2023; Padmakumar et al., 2022; Savva et al.,
2019). The Embodied Agent Interface (EAI) formalizes this setting by standardizing four LLM
decision-making modules (goal interpretation, subgoal decomposition, action sequencing, transition
modeling), specifying 1/O formats, and adding fine-grained error taxonomies that support modular,
diagnostic evaluation (Li et al., 2024). Building on these interfaces, researchers either (i) improve
LLM performance via prompting and planning—e.g., Chain-of-Thought and ReAct—or affordance-
grounded planning for robotics (SayCan), or (ii) extend toward VLA policies that couple vision,
language, and action for robot control (RT-2; OpenVLA) (Wei et al., 2022b; Yao et al., 2023;
Ichter et al., 2023; Zitkovich et al., 2023; 2; ?; ?; 2; 2, 2; 2, ?). Unlike work that augments
algorithms or expands tasks, our focus is to analyze scaling behavior of LLMs within EAI, linking
standardized upstream capabilities (reasoning, coding, math) to downstream embodied performance
via observational scaling principles (Ruan et al., 2024).

Scaling laws fall into two main categories: compute-based scaling laws and downstream
performance scaling laws. Standard scaling laws (Bahri et al., 2021; Henighan et al., 2020; Hernandez

et al., 2021; Hestness et al., 2017; Hoffmann et al., 2022; Kaplan et al., 2020; Muennighoff et al.,
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2024), which are compute-based scaling laws, are typically expressed as power-law relationships
between a model’s cross-entropy loss L and compute-scale measures. In this context, “compute
scale” refers to training resources such as the number of training FLOPs (C'), model parameters (IV),
and training tokens (D). Compute-based scaling laws characterize pretraining behavior within a
single model family, linking upstream performance to controllable quantities like training compute.
In contrast, downstream performance scaling laws (Abnar et al., 2021; Hernandez et al., 2021; Tay
et al., 2023; Caballero et al., 2022; Ghorbani et al., 2021; Henighan et al., 2020) analyze scaling
across model families, connecting benchmark results to compute-related metrics (e.g., model size
(Brown et al., 2020a)) or predicting its performance due to appearing rapid “emergence” (Ganguli
et al., 2022; Suzgun et al., 2022; Wei et al., 2022a). Specifically, Researchers (Finnveden, 2020;
Owen, 2024) have explored both linear and sigmoidal functional forms to extrapolate downstream
performance from pretraining loss or compute measures. Chen et al. (2024) introduced a two-stage
approach—first predicting pretraining loss from compute, then mapping that loss to downstream
performance—even when using models from different families with varying compute-efficiencies.
On the theory front, Arora and Goyal (2023) and Ruan et al. (2024) derive theories characterizing
how performance on complex skills of LMs can be derived as a composition of base skills. Drawing
from these downstream scaling insights including observation scaling laws (Ruan et al., 2024), we
aim to identify scaling patterns between embodied decision-making performance and conventional
benchmark metrics, emphasizing empirical observation rather than compute-driven modeling.
Corelation between benchmarks have been investigated in numerous works. Specifically,
extensive research has explored the relationship between the out-of-distribution performance and
in-distribution performance of machine learning models (Miller et al., 2021; Recht et al., 2018,
2019; Taori et al., 2020; Yadav and Bottou, 2019). In NLP and LM evaluations, Qiu et al. (2018)
and Torregrossa et al. (2020) found that multiple evaluation metrics for word embeddings are
highly correlated, while Liu et al. (2021) observed robust correlations across question-answering

benchmarks. Perlitz et al. (2023) and Polo et al. (2024) further noted that performance is strongly
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Figure 4.1. Pearson correlation heatmap between LiveBench 08-31-2024 and EAI
tasks. Strongest alignments are observed between GSM8K and AS, and HumanEval
and TM. Descripency found between two simulations.

correlated across samples of different LM benchmarks, enabling the design of more efficient
evaluation suites. Beyond empirical observations, studies have identified compact latent structures
driving performance across tasks. Ili¢ (2023) demonstrated that a single latent factor accounts for
85% of performance variance on the Open LLM Leaderboard (Beeching et al., 2023) and GLUE
benchmark (Wang et al., 2018). Burnell et al. (2023) similarly uncovered that three factors explain
82% of variation on the HELM benchmark (Liang et al., 2022). These findings align with cross-task
consistency seen elsewhere: for example, MixEval (Ni et al., 2024) combines diverse benchmark
queries and achieves a high ranking correlation (Pearson 0.96) with human-composed Chatbot
Arena (Chiang et al., 2024), demonstrating coherence between aggregated benchmarks and human
judgment. In Figure 4.1, our work observes benchmark correlations (the highest is 91.3%) between
LiveBench(White et al., 2025) and EAI, and finds the gap between simulations. This leads to

formulating simulation-aware scaling predictions based on benchmark performance.
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4.1.4. Problem Formulation

We formulate scaling laws within the Embodied Agent Interface (EAI) benchmark (Li et al., 2024).
Our objective is to determine if a smooth scaling relationship exists between general-purpose LLM
capabilities and the specialized skills of Goal Interpretation and Action Sequencing.

4.1.4.1. Embodied Agent Interface. EAI is a benchmark for embodied decision-making. It uses
Linear Temporal Logic (LTL) as a formal language to represent goals and plans, enabling a precise
evaluation of an agent’s ability to understand instructions and generate action sequences. For a
comprehensive overview of the framework’s formalisms, including its state representation and LTL
semantics, we refer the reader to the original EAI paper. In this work, we focus specifically on
evaluating the Goal Interpretation and Action Sequencing modules.

Goal Interpretation module G translates a natural language instruction /, into a formal LTL goal
g, given an initial state so. The Input-Output is G : (so,l,) — g¢. Its performance is measured by
an F set-matching score between the generated goal g and the ground truth.

Action Sequencing module () generates an action sequence @ to achieve a given LTL goal ¢
from a state sg. The Input-Output is Q) : (so, g) — a. It is evaluated on two metrics: Trajectory
Feasibility (whether the sequence @ is executable in a simulator) and Goal Satisfaction (whether
the resulting trajectory achieves g).
4.1.4.2. Problem formulation. Let £, be the normalized performance metric for a given model
m on a specific EAI evaluation task. We focus on key indicators of embodied competence, such as
the task_success_rate or execution_success_rate for the Action Sequencing module, and the
all_f1 score for the Goal Interpretation module.

Let C,, be the model’s m training compute in FLOPs, V,,, be parameter size, and D,,, be the
pretraining token size. Following Kaplan et al. (2020), we estimate C),, using the approximation
Cp = 6N, D,,. This allows us to connect the concrete properties of a model to its performance.

Recent studies (Finnveden, 2020; Owen, 2024) have found that a predictable scaling relationship

holds for models within a single architectural family (e.g., Llama, Gemma, or Qwen). They observe
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a sigmoidal relationship between training compute and task error, formally expressed using a

generalized linear model with a logistic link function (o~ 1):

(4.1.1) o (En) =~ Aplog(Ch) + puy.

Here, A\; and pi; are constants that are determined empirically.
Our primary goal is to generalize this relationship to better quantify the scaling laws of the
EAI benchmark, potentially finding a more universal framework that holds across different model

families. A successful generalization would allow for more robust performance forecasting.

4.1.5. Method: Observational Scaling Laws

Our work builds on the Obscaling (Ruan et al., 2024), a framework for creating a universal scaling
model for diverse language models, including those with unknown training compute. This approach
allows us to move beyond the family-specific limitations discussed previously and pursue a more
generalizable law.

Hypothesis 1 (Universal Performance Model) The core hypothesis is that we can predict a
model’s (m) performance on a complex task (measured by error £, € R) using a universal linear

model based on a latent low-dimensional capability vector S,,, € R¥:
(4.1.2) o Y (Ey,) ~B"S, +a.

Here, S,, is the capability vector for model m in a K -dimensional space, o is the logistic function,
3 € RX is a universal weight vector that maps capabilities to performance, and o € R is a scalar
bias.

Hypothesis 2 (Latent Capability Projection) Then, we hypothesize that a model’s latent

capability, S,,, is a linear projection of its benchmark performance vector, B,, € R?. To compute
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this capability vector, we apply a projection matrix v € R¥*7 such that
(4.1.3) Sm = 7B

We derive this matrix by applying Principal Component Analysis (PCA) to the performance vectors
of all models. The rows of  consist of the top K principal components, as exemplified in Figure 4.2b.

Hypothesis 3 (Log-linear Capability Scaling) Next, if we assume that within a specific model
family f, capability grows log-linearly with compute (Equation 4.1.4), then substituting this into

Equation 4.1.2 recovers the familiar family-specific scaling law (Equation 4.1.1):

(4.1.4) Sm =~ 071og(Cr,) + vy

(4.1.5) o N (En) =~ wylog(Cp) + by.

Here, 0; € R¥ is a family-specific vector, v; € R¥ is a bias vector, w; = 870, and by = BT v; + a.
Thus, Equation 4.1.5 is consistent with Equation 4.1.1

Fitting Observational Scaling Laws We begin with a set of LMs M, and four quantities for
each model m € M: its compute measure FLOPs C,,, its vector of benchmark scores B,,,, and its
performance on a complex task £,,. From this data, we estimate the scaling relationship through a
multi-stage procedure.

Firstly, we estimate the capability vectors .S,, via fitting PCA on B,,, and then find the universal
parameters $* and o by minimizing the squared error for the relationship defined in Equation 4.1.2:

(4.1.6) (h*, 8%, %) = argmin >_ |[(E.) — ho'BTS,, + a)|*
h.Ba mem

where 3 € RE, o € R are regression weights and bias. h € [0, 1] is the sigmoid scale and it results
in h* = 1 in most experiments. This defines a scalar capability score P, := (5*)T§m + o for any

model.
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Secondly, we determine the coefficients w} and b} for the scaling law described in Equation 4.1.5.
Specifically, we select a reference family (e.g. 1llama-2) f, and then fit another linear regression
using only the models from the reference family f:

4.1.7) (w},b}) = argmin Y || Py, — (wylog(Ch) + be)ll?,

wrby mef

This mapping allows us to convert any model’s capability score P, into an intuitive metric—the
f-equivalent FLOPs, C,, ;—by inverting the relation: log (C’m, f) := (P, — b})/w}. This provides

a single, compute-anchored axis for comparing all models.

4.1.6. Experiments

Our experimental evaluation proceeds in four stages. First, we verify the core assumptions underlying
our proposed observational scaling laws. Second, we validate the laws by fitting them to LLM
performance on the EAI benchmark. Third, we apply the validated laws to identify a ’simulation
gap” between distinct EAI environments. Finally, we demonstrate the practical utility of our findings
for model intervention by quantifying the performance impact of structured decoding.
Experimental setup We evaluate 124 open-source LLMs (listed in Tables 4.1 and 4.2) using the
llama-factory (Zheng et al., 2024) with vLLM backend (Kwon et al., 2023) for efficient inference.
We measure the target performance metric (£),,) on two tasks from the EAI benchmark (Li et al.,
2024): Action Sequencing (task and execution success rates) and Goal Interpretation (F1 score).
To establish a general capability measure (5), we gather scores from the OpenLLM Leaderboard
(Beeching et al., 2023) on benchmarks testing reasoning (e.g., BBH, MATH), instruction following
(IFEval), and expert knowledge (e.g., MMLU-PRO). We then apply Principal Component Analysis
(PCA) with K = 3 to these general scores to derive our final capability measure S.
4.1.6.1. Valiation of Assumption on Observation scaling laws. We validate two assumptions
including Hypothesis O and Hypothesis 1, since we use different metrics than the original paper

(Ruan et al., 2024).
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Figure 4.2. Just a few capability dimensions explain most variability on a diverse range of
standard LM benchmarks. We find that (a) the benchmark-model matrix is low-dimensional
with the top 3 PCs explaining ~ 97% of the variance and (b) the PCs are interpretable: PC-1,
PC-2, and PC-3 emphasize LMs’ general, instruction-following, mathematical reasoning
capabilities, respectively.

Hypothesis 0 and 1 posit that a low-dimensional latent variable can effectively represent model
performance. To extract this variable, we apply Principal Component Analysis (PCA with K = 5)
to the full suite of benchmark metrics (3). We define the resulting components as the “principal
capability” (PC) measures, S (see (Ruan et al., 2024) for additional details).

Our analysis validates this low-rank assumption. As shown in Figure 4.2a, the top three PCs
capture approximately 97% of the total variance, with the first PC alone accounting for nearly
70%. Furthermore, these PCs are highly interpretable (Figure 4.2b). PC-1 represents a ‘‘general
capability”’, PC-2 corresponds to “instruction following”, and PC-3 reflects “mathematical
reasoning”. This evidence indicates that the complex LM capabilities covered by our benchmarks
can be expressed as a linear combination of a few fundamental principal capabilities S.

Hypothesis 3 proposes a linear relationship between the principal capability measures (5) and
log-scale training compute (C'). We use the first principal component (PC-1) to represent a model’s
capability S. We estimate the training compute C' by collecting the model parameter count (/V) and
pretraining token size (D)) from technical reports and project pages, then approximating the training

FLOPs as C ~ 6N D.
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Figure 4.3. The extracted PC measures linearly correlate with log-compute within each
model family. The linearity generally holds for various model families.

Figure 4.3 validates this log-linear relationship within specific model families. We find a
strong correlation where the PC-1 measure scales linearly with log-training FLOPs, achieving an
R? > 0.89. This trend holds across diverse model architectures, including distilled models like
DeepSeek-R1 (A, 2025) and code-focused models like StarCoder2 (Lozhkov et al., 2024a). The
relationship also extends to lower-ranked components such as PC-2 and PC-3 (Figures 4.8 and
4.9). This empirical evidence supports our hypothesis in Equations 4.1.3 and 4.1.4, which state that
different model families convert compute into capabilities at varying efficiencies within a shared
capability space.
4.1.6.2. Validating observational scaling laws. Our objective is to validate that observational
scaling laws can predict the performance of large language models on unseen, higher-capability
models.

Experiment setup As a preprocessing step, we filter the dataset for data quality. We exclude
any model entry where: (1) the reported task performance is zero, as this often indicates a failure
(e.g. maximum token length | input token length) in the evaluation setup rather than a measure of
capability, or (2) a benchmark score is not available. To test the extrapolative capabilities of the
proposed scaling laws, we use a held-out test set. We partition the available models into a training
set and a test set based on parameter count. Train set contains models with fewer than 40 billion

parameters, and test set contains the other. Additionally, preprocessing transformations and scaling
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(c) Observational scaling law

Figure 4.4. Scaling curves of action sequencing on Virtualhome and Behavior. We
compare three scaling laws: (a) Model Size, (b) Training FLOPs, and (c) our proposed
Observational scaling law. Each plot shows the training data (< 4053 parameters,
blue circles), the held-out test data (> 408 parameters, red crosses), and the fitted
sigmoid curve. The reported Mean Squared Error (MSE) on the train and test sets
shows that the observational scaling law consistently achieves the lowest test MSE,
indicating its superior ability to extrapolate performance to larger, more capable
models.

law parameters (e.g., Equations 4.1.7 4.1.6) are fitted on the training data only. These transformations

are then applied to the test set to prevent information leakage and evaluate generalization.
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Correlation between Base LLM Benchmarks and EAI Task Performance
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EAIl Task Metrics
Simulation-Task Codes: V1: Virtualhome - Action Sequencing | B1: Behavior - Action Sequencing | V2: Virtualhome - Goal Interpretation | B2: Behavior - Goal Interpretation]
Metric IDs:
1: Task Success | 2: State Goal | 3: Relation Goal | 4: Action Goal | 5: Total Goal | 6: Execution Success | 7: Parsing | 8: Hallucination | 9: Predicate Arg | 10: Wrong Order|
11: Missing Step | 12: Affordance | 13: Additional Step | 14: Node F1 | 15: Edge F1 | 16: Action F1 | 17: All F1 | 18: Overall F1 | 19: State Goal F1 | 20: Relation Goal F1
21: State Hallucination Rate | 22: Object Hallucination Rate | 23: Format Error Rate | 24: Grammatically Valid Rate

Figure 4.5. Correlation heatmap between EAI task metrics (x-axis) and base LLM
benchmarks from the OpenLLM Leaderboard (y-axis). Dark purple cells indicate
positive correlation, and light yellow cells indicate negative correlation. The plot
reveals that different EAI tasks and environments draw on different foundational
capabilities, such as mathematical reasoning (MATH Lvl 5) for Virtualhome and
instruction following (IFEval) for Behavior.

Baselines: We compare the observational scaling law against two baselines, fitted by Eqa-
tion 4.1.1: (i)Model Size Scaling: A power-law fit based on the number of model parameters. (ii)
Training FLOPs Scaling: A power-law fit based on the estimated floating-point operations used for
training.

We present the results in Figure 4.4. Our method achieves the lowest Mean Squared Error (MSE)
on the held-out test set of models with > 405 parameters. For instance, on the Task Success Rate
(Behavior) metric, the observational law yields a test MSE of 1.3 x 10~ 3. This is more than an
order of magnitude better than both the Model Size baseline (6.5 x 10™2) and the Training FLOPs
baseline (5.6 x 1072). A similar trend holds for the Execution Success Rate (Behavior) task.
4.1.6.3. Quantifying scaling gap between simulations. Interpreting Scaling Law Coefficients
Following the validation in Section 4.1.6.2, we analyze the fitted regression coefficients from our
observational scaling law to understand the relative difficulty of the tasks.

We observe two key trends: (i) For both the Virtualhome and Behavior environments, the

regression weight (w}) for execution success rate is consistently larger than the weight for

task success rate. This is consistent with the logical constraint that a successful task execution
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is a stricter, and therefore more difficult, condition to satisfy than a plan that is merely executable.
(i) When comparing the two environments for the same task, Behavior exhibits a higher regression
weight (wj}) but a lower bias (b}) than Virtualhome. This suggests that the Behavior simulation
presents a higher initial barrier to effective performance (lower bias), but that performance scales
more steeply with increasing model capability (higher weight) once a baseline of competence is
achieved.

Correlation with Foundational LLM Capabilities To contextualize the skills required by our
EAI benchmarks, we compute the correlation between EAI task performance and scores from the
OpenLLM Leaderboard. We present the results in the heatmap in Figure 4.5. The analysis reveals
that task performance in different simulation environments is associated with distinct underlying
LLM capabilities. Specifically, Action Sequencing performance in Virtualhome shows a strong
positive correlation with mathematical reasoning benchmarks (MATH Lv1l 5). In contrast, the same
task in the Behavior environment correlates most strongly with instruction following capabilities
(IFEval). This suggests that Virtualhome may test a model’s logical planning and reasoning
abilities more heavily, while Behavior emphasizes the precise interpretation and execution of
commands. Furthermore, we note that specific error metrics within our benchmark, such as Missing
Step (VI1-11) and Affordance (V1-12), show weak to no correlation with any of the general
OpenLLM benchmarks. This indicates that standard LLM evaluations do not adequately measure a
model’s proficiency in these crucial aspects of embodied planning, highlighting a potential gap in
existing evaluation practices.
4.1.6.4. The Impact of Structured Decoding. In this section, we investigate the impact of enforcing
structured outputs on the performance of LLMs in EAI tasks. While compelling models to generate
plans in a specific format like JSON guarantees syntactic correctness and eliminates parsing failures,
it is unclear whether this constraint helps or hinders the model’s underlying reasoning and planning

capabilities.



104

Task Success Rate Execution Success Rate F1 Score
Virtualhome - Action Sequencing Virtualhome - Action Sequencing Virtualhome - Goal Interpretation

Models Models

Figure 4.6. Comparison of observational scaling laws for standard generation
(Base Model) versus structured decoding (Model with Decoder Masking) on the
Virtualhome goal interpretation task. The plots show performance on action
sequencing and goal interpretation tasks on Virtualhome.
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Figure 4.7. Comparison of observational scaling laws for standard generation
(Base Model) versus structured decoding (Model with Decoder Masking) on the
Virtualhome goal interpretation task. The plots show performance on four different
F1 metrics as a function of model scale. While overall performance is comparable,
structured decoding significantly degrades scaling performance on granular sub-tasks,
particularly for Edge F1, suggesting that output constraints can hinder the learning of
complex relational structures.

To quantify this trade-off, we designed a controlled experiment to measure performance
differences between standard and constrained decoding. Using vLLM (Kwon et al., 2023) as our
inference backend, we evaluated a suite of models on our EAI benchmarks under two conditions:
(1) with standard, unconstrained text generation, and (2) with structured decoding enabled via
Xgrammar(Dong et al., 2024) to enforce a strict JSON output schema. The performance in both
conditions was measured using the primary success metrics from our benchmark to isolate the effect
of the decoding constraint. We report results in Figures 4.7 4.10

A direct model-by-model comparison in Figure 4.6 reveals that the impact of structured decoding

is not uniform and can be difficult to predict. For instance, on the Action Sequencing task,
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the constraint improves the Task Success Rate for capable models like L1ama-3-70B, but it
harms the performance of others like Yi-1.5-6B. Similarly, for Goal Interpretation, structured
decoding hurts the performance of GPT-4 and Mixtral-8x7B, yet provides a notable benefit to
models such as Yi-1.5-34B and Phi-3-mini-128k.

As shown in Figure 4.7, our results for the Virtualhome goal interpretation task reveal that
forcing a structured output consistently hurts model performance. For the main Overall F1 score,
models with the output constraint always performed slightly worse than the regular models, even
though both improved at a similar rate as they scaled up. This performance gap was much larger
on more detailed sub-tasks. For example, on Edge classification F1, the regular model’s
performance improved more than four times faster than the constrained model’s (a scaling slope of
w=0.79 vs. w=0.19). This suggests that while structured decoding guarantees a clean output format,
these strict rules prevent the model from fully learning the complex relationships needed for the

planning task.

4.1.7. Additional Experimental Details

4.1.7.1. Experiment Model Information.

4.1.8. PC measures linearly correlated wit log-compute measures
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Figure 4.8. The extracted PC measures linearly correlate with log-compute within
each model family. The linearity generally holds for various model families.
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Figure 4.9. The extracted PC measures linearly correlate with log-compute within
each model family. The linearity generally holds for various model families.

4.1.9. Detail correlation value between OpenLLM leaderboard and EAI skills

4.1.9.1. Impact of Structuring output.

4.1.10. Conclusion

This paper presents an observational method for deriving scaling laws in embodied decision-making,
leveraging a large set of public LLMs to avoid costly training. Our generalized scaling law maps
performance to a low-dimensional capability space, effectively modeling diverse model families.
Validated on the EAI benchmark, our method shows high predictive accuracy, significantly improving
on traditional compute-based laws. This framework provides a cost-effective way to forecast model
performance, quantify the effects of interventions like structured decoding, and measure simulation
gaps. Future work can extend this approach to build a unified model of the simulation gap and to

quantify the effects of more complex LM interventions.
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Figure 4.10. Comparison of observational scaling laws for standard generation
(Base Model) versus structured decoding (Model with Decoder Masking) on the
Virtualhome Action Sequencing task.



Table 4.1. Model summary (part 1 of 3). Models sorted by family then name;
OpenLLM metric = non-NA ‘Average ‘.
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Model Family Size (B) Tokens (T) FLOPs (1E21) OpenLLM metric
Baichuan-7B Baichuan — 1.20 — No
Baichuan2-7B-Base Baichuan 7 2.60 109.20 No
Baichuan2-7B-Chat Baichuan 7 2.60 109.20 No
DeepSeek-V3 DeepSeek 684.5 14.80 60783.60 No
deepseek-coder-1.3b-base DeepSeek-Coder 1.3 2.00 15.60 No
deepseek-coder-1.3b-instruct DeepSeek-Coder 1.3 2.00 15.60 No
deepseek-coder-33b-base DeepSeek-Coder 33.3 2.00 396.00 No
deepseek-coder-33b-instruct DeepSeek-Coder  33.3 2.00 399.60 No
deepseek-coder-6.7b-base DeepSeek-Coder 6.7 2.00 80.40 No
deepseek-coder-6.7b-instruct DeepSeek-Coder 6.7 2.00 80.40 No
deepseek-coder-7b-base-v1.5 DeepSeek-Coder 6.9 2.00 82.80 No
deepseek-coder-7b-instruct-vl.5  DeepSeek-Coder 6.9 2.00 82.80 No
DeepSeek-R1 DeepSeek-R1 684.5 14.80 60783.60 No
DeepSeek-R1-Distill-Llama-70B  DeepSeek-R1 70.6 15.00 6354.00 Yes
DeepSeek-R1-Distill-Llama-8B ~ DeepSeek-R1 8 15.00 720.00 Yes
DeepSeek-R1-Distill-Qwen-1.5B  DeepSeek-R1 1.8 18.00 194.40 Yes
DeepSeek-R1-Distill-Qwen-14B  DeepSeek-R1 14.8 18.00 1598.40 Yes
DeepSeek-R1-Distill-Qwen-32B  DeepSeek-R1 32.8 18.00 3542.40 Yes
DeepSeek-R1-Distill-Qwen-7B DeepSeek-R1 7.6 18.00 820.80 Yes
EXAONE-3.5-32B-Instruct Exaone 32 6.50 1248.00 Yes
EXAONE-Deep-32B Exaone 32 6.50 1248.00 No
gpt-0ss-120b GPT-0OSS 120.4 — — No
gpt-0ss-20b GPT-0OSS 21.5 — — No
gemma-1.1-2b-it Gemma 25 3.00 45.00 Yes
gemma-1.1-7b-it Gemma 8.5 6.00 306.00 Yes
gemma-7b Gemma 8.5 6.00 252.00 Yes
gemma-7b-it Gemma 8.5 2.00 102.00 Yes
gemma-2-27b Gemma-2 27.2 13.00 2121.60 Yes
gemma-2-27b-it Gemma-2 27.2 13.00 2121.60 Yes
gemma-2-2b Gemma-2 2.6 2.00 31.20 Yes
gemma-2-2b-it Gemma-2 2.6 2.00 31.20 Yes
gemma-2-9b Gemma-2 9.2 8.00 441.60 Yes
gemma-2-9b-it Gemma-2 9.2 8.00 441.60 Yes
gemma-2b Gemma-2 2.5 6.00 72.00 Yes
gemma-2b-it Gemma-2 2.5 6.00 90.00 Yes
gemma-3-12b-it Gemma-3 12.2 12.00 878.40 No
gemma-3-12b-pt Gemma-3 12.2 12.00 878.40 No
gemma-3-27b-it Gemma-3 27.4 14.00 2301.60 No
gemma-3-4b-it Gemma-3 4.3 4.00 103.20 No
gemma-3-4b-pt Gemma-3 4.3 4.00 103.20 No
granite-3.1-2b-base Granite 2.5 12.00 180.00 Yes
granite-3.1-2b-instruct Granite 2.5 12.00 180.00 Yes
granite-3.1-8b-base Granite 8.2 12.00 590.40 Yes
granite-3.1-8b-instruct Granite 8.2 12.00 590.40 Yes
granite-3.2-2b-instruct Granite 2.5 12.00 180.00 Yes
granite-3.2-8b-instruct Granite 8.2 12.00 590.40 Yes
granite-3.3-2b-base Granite 2.5 12.00 180.00 No
granite-3.3-2b-instruct Granite 2.5 12.00 180.00 No
granite-3.3-8b-base Granite 8.2 12.00 590.40 No
granite-3.3-8b-instruct Granite 8.2 12.00 590.40 No




Table 4.2. Model summary (part 2 of 3). Models sorted by family then name;
OpenLLM metric = non-NA ‘Average ‘.
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Model Family Size (B) Tokens (T) FLOPs (1E21) OpenLLM metric
Kimi-K2-Instruct Kimi 1000 15.50 93000.00 No
Llama-4-Maverick-17B-128E-Instruct-FP8 Llama 401.6 22.00 53011.20 No
Llama-4-Scout-17B-16E-Instruct Llama 108.6 40.00 26064.00 No
llama3_8B_04-mini-2025-04-16 Llama — — — No
Llama-2-13b-hf Llama-2 13 2.00 156.00 Yes
Llama-2-70b-hf Llama-2 69 2.00 840.00 Yes
Llama-2-7b-hf Llama-2 6.7 2.00 84.00 Yes
Llama-3.1-70B Llama-3 70.6 15.00 6354.00 Yes
Llama-3.2-1B Llama-3 1.2 9.00 64.80 Yes
Llama-3.2-3B Llama-3 3.2 9.00 172.80 Yes
Llama-3.3-70B-Instruct Llama-3  70.6 15.00 6354.00 Yes
Meta-Llama-3-70B Llama-3  70.6 15.00 6300.00 Yes
Meta-Llama-3-70B-Instruct Llama-3 70.6 15.00 6354.00 Yes
Meta-Llama-3-8B Llama-3 8 15.00 720.00 Yes
Meta-Llama-3-8B-Instruct Llama-3 8 15.00 720.00 Yes
Mistral-7B-Instruct-v0.2 Mistral 7.2 — — Yes
Mixtral-8x7B-Instruct-v0.1 Mistral 46.7 — — Yes
Qwen-14B Qwen 14.2 3.00 252.00 No
Qwen-72B Qwen 72.3 3.00 1296.00 No
Qwen-7B Qwen 7.7 2.40 100.80 No
Qwenl.5-1.8B Qwenl.5 1.8 2.40 25.92 Yes
Qwenl.5-110B Qwenl.5 111.2 7.00 4670.40 Yes
Qwenl.5-14B Qwenl.5 14.2 4.00 336.00 Yes
Qwenl.5-32B Qwenl.5 32.5 4.00 768.00 Yes
Qwenl.5-4B Qwenl.5 4 2.40 57.60 Yes
Qwenl.5-72B Qwenl.5 72.3 3.00 1296.00 No
Qwenl.5-7B Qwenl.5 7.7 4.00 168.00 Yes
Qwen2.5-0.5B Qwen2.5 0.5 18.00 54.00 Yes
Qwen2.5-1.5B Qwen2.5 1.5 18.00 162.00 Yes
Qwen2.5-14B Qwen2.5 14.8 18.00 1598.40 Yes
Qwen2.5-32B Qwen2.5 32.8 18.00 3542.40 Yes
Qwen2.5-3B Qwen2.5 3.1 18.00 334.80 Yes
Qwen2.5-72B Qwen2.5 72.7 18.00 7851.60 Yes
Qwen2.5-7B Qwen2.5 7.6 18.00 820.80 Yes
Qwen3-0.6B Qwen3 0.8 36.00 172.80 No
Qwen3-1.7B Qwen3 2 36.00 432.00 No
Qwen3-14B Qwen3 14.8 36.00 3196.80 No
Qwen3-235B-A22B-Thinking-2507 Qwen3 235.1 36.00 50781.60 No
Qwen3-32B Qwen3 32.8 36.00 7084.80 No
Qwen3-4B Qwen3 4 36.00 864.00 No
Qwen3-8B Qwen3 8.2 36.00 1771.20 No
Yi-1.5-34B Yi 34.4 3.60 743.04 Yes
Yi-1.5-34B-Chat Yi 344 3.60 743.04 Yes
Yi-1.5-6B Yi 6.1 3.60 131.76 Yes
Yi-1.5-6B-Chat Yi 6.1 3.60 131.76 Yes
Yi-1.5-9B Yi 8.8 3.60 190.08 Yes
Yi-34B Yi 344 3.10 639.84 Yes
Yi-6B Yi 6.1 3.10 113.46 Yes
Yi-Coder-1.5B Yi 1.5 2.40 21.60 No
Yi-Coder-1.5B-Chat Yi 1.5 2.40 21.60 No




Table 4.3. Model summary (part 3 of 3). Models sorted by family then name;

OpenLLM metric = non-NA ‘Average ‘.
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Model Family Size (B) Tokens (T) FLOPs (1E21) OpenLLM metric
Yi-Coder-9B Yi 8.8 2.40 126.72 No
Yi-Coder-9B-Chat Yi 8.8 2.40 126.72 Yes
Falcon3-10B-Base falcon 10.3 14.00 865.20 Yes
Falcon3-7B-Base falcon 7.5 14.00 630.00 Yes
falcon-11B falcon 11.1 5.00 333.00 Yes
falcon-40b falcon 41.8 1.00 240.00 Yes
falcon-7b falcon 72 1.50 63.00 Yes
gpt-4.1-2025-04-14 gpt-4.1-2025-04-14 — — — No
gpt-4.1-mini-2025-04-14 gpt-4.1-mini-2025-04-14 — — — No
gpt-4.1-nano-2025-04-14 gpt-4.1-nano-2025-04-14 — — — No
04-mini-2025-04-16 04-mini-2025-04-16 — — — No
Phi-3-medium-128k-instruct  phi 14 4.80 403.20 Yes
Phi-3-medium-4k-instruct phi 14 4.80 403.20 Yes
Phi-3-mini-128k-instruct phi 3.8 4.90 111.72 Yes
Phi-3-mini-4k-instruct phi 3.8 4.90 111.72 Yes
phi-1.5 phi 1.4 0.15 1.17 Yes
phi-4 phi 14.7 9.80 864.36 Yes
starcoderbase starcoder 15.5 1.00 93.00 No
starcoderbase-1b starcoder 15.5 1.00 6.00 No
starcoderbase-3b starcoder 15.5 1.00 18.00 No
starcoderbase-7b starcoder 15.5 1.00 42.00 No
starcoder2-15b starcoder2 16 4.30 387.00 Yes
starcoder2-3b starcoder2 3 3.30 59.40 Yes
starcoder2-7b starcoder2 7.2 3.70 155.40 Yes

Table 4.4. Correlation between Base LLM Benchmarks and Virtualhome Action
Sequencing Task Performance. Bold values indicate strong correlations (|r| > 0.7),

italic values indicate moderate correlations (0.5 < |r| < 0.7).

MMLU-PRO

BBH MATHLVIS5

EAI Task Metrics GPQA MUSR IFEval
Task Success 0.525 0558 0.618
State Goal 0.554 0.564 0.589
Relation Goal 0.521 0.558 0.577
Action Goal 0.514 0531 0.622
Total Goal 0.552  0.571 0.608
Execution Success 0.507  0.532  0.648
Parsing 0480 0382 0.530
Hallucination 0.081 0.212 0.152
Predicate Arg -0.204 -0.085 -0.345
Wrong Order -0.369 -0.350 -0.016
Missing Step -0.360 -0.329 -0.386
Affordance -0.198 -0.102 -0.189
Additional Step -0.317 -0.286 0.112

0.714
0.706
0.707
0.704
0.725
0.701
0.535
0.217
-0.308
-0.485
-0.355
-0.199
-0.304

0.754
0.742
0.743
0.746
0.764
0.747
0.574
0.217
-0.382
-0.388
-0.380
-0.205
-0.277

0.782
0.761
0.783
0.779
0.792
0.773
0.496
0.227
-0.080
-0.417
-0.255
-0.122
-0.190




Table 4.5. Correlation between Base LLM Benchmarks and Behavior Action Se-
quencing Task Performance. Bold values indicate strong correlations (|| > 0.7),

italic values indicate moderate correlations (0.5 < |r| < 0.7).

EAI Task Metrics

GPQA MUSR [IFEval

MMLU-PRO

BBH MATHLVIS

Task Success
State Goal
Relation Goal
Total Goal
Execution Success
Parsing
Hallucination
Predicate Arg
Wrong Order
Missing Step
Additional Step

0.311
0.282
0.355
0.340
0.333
0.081
0.137
0.201
-0.171
-0.010
0.063

0.203
0.264
0.148
0.196
0.184
0.062
-0.035
0.016
-0.131
0.069
0.027

0.689
0.702
0.709
0.740
0.726
0.838
-0.187
-0.112
-0.816
-0.783
-0.515

0.601
0.613
0.526
0.578
0.587
0.307
0.120
0.256
-0.356
-0.229
-0.147

0.613

0.581

0.620
0.629
0.615
0.372
0.111

0.220
-0.469
-0.296
-0.180

0.604
0.649
0.510
0.589
0.574
0.295
0.225
0.247
-0.444
-0.254
-0.208

Table 4.6. Correlation between Base LLM Benchmarks and Virtualhome Goal
Interpretation Task Performance. Bold values indicate strong correlations (|| > 0.7),

italic values indicate moderate correlations (0.5 < |r| < 0.7).

EAI Task Metrics GPQA MUSR IFEval MMLU-PRO BBH MATHLvI5
Node F1 0495 0.237 0.087 0.372 0.459 0.136
Edge F1 0.531 0305 0.163 0.456 0.567 0.274
Action F1 0.339 0.175 0314 0.250 0.343 0.163
AllF1 0.554 0289 0.162 0.427 0.526 0.187

Table 4.7. Correlation between Base LLM Benchmarks and Behavior Goal Interpre-
tation Task Performance. Bold values indicate strong correlations (|| > 0.7), italic
values indicate moderate correlations (0.5 < |r| < 0.7).

EAI Task Metrics GPQA MUSR IFEval MMLU-PRO BBH MATHLVvIS
Overall F1 0.627 0.642 0484 0.821 0.742 0.761
State Goal F1 0.576  0.605  0.459 0.777 0.707 0.780
Relation Goal F1 0.646  0.652  0.500 0.837 0.765 0.727
State Hallucinati... 0.309  0.300 0.402 0.493 0.403 0.466
Object Hallucinat... 0325 0324  0.420 0.511 0.422 0.490
Format Error Rate 0.295 0.280 0419 0.473 0.384 0.460
Grammatically Val... -0.446 -0412 -0.515 -0.634 -0.518 -0.574
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CHAPTER 5

Conclusion

This thesis confronted a central challenge in the pursuit of general-purpose embodied intelligence:
the need for a practical and economically viable path to scale. We argued that the primary obstacle
is not only a single missing algorithm, but also a systemic one, rooted in the prohibitive costs of
real-world interaction and the lack of a cohesive methodology for managing large-scale research and
development. The core thesis of this work is that overcoming this requires a holistic solution that
co-designs the foundational infrastructure, the learning models, and the scientific principles that
guide their development.

To this end, we presented a three-pillar contribution. In Chapter 2, we constructed the foundational
infrastructure for scalable research with EMS®and RoboFlow, systems that automate and ensure the
reproducibility of large-scale experimentation. On this foundation, Chapter 3 introduced efficient
and safe models, including a Markov game formulation for guaranteed collision-free navigation and
the Switch Trajectory Transformer, which leverages a Mixture-of-Experts architecture to enable
multi-task learning without prohibitive computational costs. Finally, Chapter 4 established the
guiding principles for this new scale of research by deriving empirical scaling laws for LLM-driven
agents, transforming the development process from an art into a predictable engineering discipline.
These contributions are not independent; they form an integrated stack where the infrastructure
enables the development of the models, and the scaling laws provide the scientific map to guide that
development efficiently.

The broader impact of this work is a blueprint for the future of embodied Al research.
By demonstrating an end-to-end system that addresses bottlenecks in computation, data, and

predictability, this thesis provides a template for escaping the cycle of bespoke, one-off projects. It



113

helps shift the field’s focus from asking “can a robot perform a task?”” to “what is the most efficient
system to teach a robot thousands of tasks”

While this thesis provides a significant step forward, it also illuminates the path for future
work. The scaling laws presented here, while powerful, should be extended to new modalities and
more complex, long-horizon tasks. The data flywheel, now largely automated, can be made more
intelligent by developing algorithms for automatic curriculum generation and failure identification.

The ultimate goal remains a single, unified world model for robotics.
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