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A hallmark of human intelligence is the ability to plan by predicting the future. Equip-

ping artificial agents with such capability is essential for many fields, especially when the

agents have to interact with a dynamic, uncertain environment. This thesis explores how to

integrate visual forecasting models into embodied agents. Firstly, we introduce how to per-

form efficient planning based on trajectory forecasting. Specifically, we developed a drone

agent to play catch in a simulated environment. The policy realizes efficient planning by

using a model-predictive controller (MPC) with a learnable action sampler. The goal is to

forecast the trajectory of the object of interest and plan accordingly. Secondly, we present

how to achieve an effective interactive visual navigation, in which the agent has to accom-

plish tasks by changing the environment. We propose a Neural Interaction Engine (NIE) to

enable action-centric object state anticipation. The agent decides based on the predicted

one-step forward and action-dependent object state with the NIE, allowing it to solve tasks

more effectively. Finally, we utilize visual forecasting to adapt agents to unexpected action

drifts. To this end, we introduce Action Adaptive Policy (AAP) to enable agents to adapt

to unseen drifts at inference. The key idea is to learn and leverage an action-impact em-

bedding using visual forecasting formulation. In this way, the agent learns how to encode

the action-impact embedding on-the-fly to adapt to unseen drifts. The experimental results

show that our approach consistently performs better across unseen drifts and even works

well when some actions are disabled at inference.
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Chapter 1

INTRODUCTION

Learning an embodied agent to interact with an environment only with visual obser-

vations is challenging, especially for promptly accomplishing a task in an interactive scene

with unexpected action outcomes. Learning a dynamics model of the agent and the envi-

ronment via visual observations could be the first step to tackling the challenge. With the

learned dynamics model, the agent can roll out possible future states for planning. Then,

with enough future rollouts, the agent gains reasonable confidence to prepare for incoming

situations. Moreover, the agent can even learn a policy to solve the a defined task in the

learned dynamics model [77, 79, 81, 82]. Thus, learning a high-fidelity dynamics model for

Embodied AI has been an active research regime [47, 64, 119, 152, 252] for decades.

On the other side, learning a model-free policy to drive an embodied agent from visual

observations has presented impressive results [8, 42, 45, 54] recently. Although many works

[78, 128, 139, 178, 179] show that the model-free policy usually performs better than the

model-based policy, it is notorious for the generalization challenge [50, 98, 165, 213, 238, 248],

the sample inefficiency issue [10, 41, 60, 71, 118, 147], and the robustness problem [10, 50,

141, 163, 170]. Moreover, a single target task often needs high-quality reward signals to

learn a satisfying policy. From this perspective, this thesis devotes to marrying the planning

through the visual dynamics model approach with the model-free policy learning framework

to overcome the mentioned challenges. Specifically, we aim to bring advantages from each

other to develop our policy network and learning objectives. As shown in Fig. 1.1, we aim to

learn a policy that can forecast future states and decide whose impact will allow the agent

to achieve its goal more efficiently, effectively, and robustly. In this thesis, our key idea is to

forecast the future via the visual dynamics model, then incorporate the information about

future rollouts to modulate the planning process in the model-free policy network.

Many past works [51, 56, 79, 81, 82, 91, 115, 147, 165] share the same goal with us.
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Move

Target

Figure 1.1: Visual Forecasting for Interactive Embodied Agent. Our key idea is to

first perform visual forecasting via the dynamics model and then modulate the planning

process in the model-free policy network via future information. Our framework has several

characteristics: (1) Efficiency, the agent can select the most efficient route (e.g., orange

color) to the target, (2) Effectiveness, the agent avoids the route passing the other side of

the sofa because it can not move the clustered objects away, nor bypass them (e.g., red

color). Instead, the agent recognizes it can push the chair to the free space behind the

sofa, so it creates a new route in this way to solve the task (e.g., green color), and (3)

Robustness, the agent can adapt the policy to the unexpected action outcomes according to

the observed state-changes (e.g., orange color).

However, they generally (1) develop the agent in relatively simple and unrealistic environ-

ments [77, 79, 81, 115, 147, 165] or (2) concentrate on either learning a dynamics model

[51, 56, 131] only or a policy network [129, 207] solely and further apply a hand-crafted
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policy network/dynamics model to evaluate the learned dynamics model/policy network.

In this context, it remains unclear how to learn the dynamics model and then perform plan-

ning simultaneously and accordingly to solve an embodiment task in a realistic environment.

Therefore, this thesis focuses on:

• Learning a visual dynamics model to foresee the future states to enable efficient planning;

• Equipping the model-free policy with the forecasting results for effective decision-making;

• Learning an adaptable policy network with an action-dependent future prediction to

robustly solve a task with unexpected situations at inference.

As shown in Fig. 1.1, when the task for the agent is to pick up the computer on the table,

our agent can make multiple plans based on the agent’s and the environment’s future states.

It then selects a plan to accomplish the task. Note that our future predictions are associated

with available actions in the action space. For instance, if the agent can move the chair, there

should be an option where the agent moves the chair out of the way to find a direct route

to avoid the water on the ground. Therefore, our framework has several characteristics: (1)

Efficiency, the agent can select the most efficient route (e.g., orange color) to the target.

Although the agent has to move on the water (i.e., environmental conditions change), it

prevents manipulating the chair to save energy; (2) Effectiveness, the agent avoids the route

passing the other side of the sofa because it can not move the clustered objects away, nor

bypass them (e.g., red color). Instead, the agent recognizes it can push the chair to the

free space behind the sofa, so it creates a new route in this way to solve the task (e.g.,

green color); (3) Robustness, if the agent has to navigate through the water on the ground,

it can adapt the policy to the unexpected action outcomes according to the observed state-

changes (e.g., orange color)1. In contrast to prior works, we evaluate our framework in

physics-enabled and visually rich AI2-THOR [106] and Habitat [197] environments.

To outfit the embodied agents with visual forecasting capability, we need to understand

(1) the current advancement of visual forecasting models, (2) how to benefit a policy with

1This state-changes formulation is based on the visual forecasting formulation. Please find Chap. 4 for
more details.
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forecasting results, and (3) how to tailor an embodied agent for some interested tasks. In the

following sections, we first discuss several research directions only focusing on forecasting the

future by passive visual input and point out why it is essential to have visual forecasting for

an embodied agent (i.e., active data) in Sec. 1.1. Further, we present the primary difference

between traditional planning frameworks with forecasting and our approach in Sec. 1.2.

Then, we introduce our three studied problems to showcase how to develop a more efficient,

effective, and robust policy with visual forecasting in Sec. 1.3. Finally, we outline the thesis

overview in Sec. 1.4.

1.1 Visual Forecasting for Policy Learning

Over the years, various methods have been proposed for the problem of visual forecasting

[6, 55, 96, 142, 143, 162, 164, 208, 209, 210, 239] or event/action/pose anticipation in videos

[29, 66, 114, 192, 206, 240, 242]. However, these works focus on future prediction only on

passive data (i.e., images or videos) and seldom apply the prediction for later planning. It

is because they typically evaluate the model on a passive dataset without an agent who can

actively interact with an environment. For example, among the works, the direct evaluation

protocol heavily relies on predicting predefined event/action categories [134, 192, 240, 242],

forecasting labeled pedestrian/human body/objects trajectories [96, 105, 143, 164, 171], or

anticipating the timestamp when an event will happen [27, 196, 240]. On the contrary,

an embodied agent can move in the environment, interact with the environment, and even

change the environment. These interactions between the agent and the environment matter

since future observations depend on the current plan. Likewise, the current observations

are the results led by decision-making that happened in the past. Because of this active and

feedback interaction between the agent and its visual observations, the agent’s goal is not

only to make a single correct prediction but also to make a sequence of predictions causally

to accomplish a given task. In this vein, we believe that the visual forecasting ability can

benefit the embodied agents to solve tasks more reliably.
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1.2 Planning with Forecasting

In many fields, several approaches [18, 84, 95, 129, 144, 155, 172, 181, 207] have been

proposed to perform planning based on future state rollouts. Nonetheless, these works

engage in planning with perfect information. For instance, the agent state is captured

by precise sensors in real-time [172, 207], and the agent’s dynamic model is well-defined

[144, 181]. In this way, the planner can obtain precise future states effortlessly. The emphasis

becomes how to sample future information just enough or how to implement it in a real-

world scenario [57, 129, 144, 155]. However, assuming that perfect sensors and dynamics

models of the agent and environment are always available is unrealistic. For example,

during the deployment stage, the sensors may encounter noise or even break [111, 146], the

environment may exist in unseen and uncommon conditions [187, 214, 236], or the model

of the interacting objects may be unavailable. Therefore, developing a planning algorithm

based on perfect future state prediction is far from enough to successfully and responsibly

deploy an embodied agent to the real world. In this regard, we are interested in embedding

the visual forecasting model into an embodied policy, where (1) the policy only receives

visual observations and a necessary task prompt (i.e., object type for Object Navigation)

rather than perfect information so that (2) the agent can make a future prediction on-the-fly

and adjust its plan accordingly and simultaneously.

1.3 Policy Learning with Visual Forecasting:
More Efficiently, More Effectively, and More Robustly

Predicting the future state of both agent and the surrounding environment before making

a plan is essential. It becomes more crucial when the task has to be solved swiftly. For

example, to catch a ball, a catcher agent has to adjust its velocity based on the ball’s

trajectory prediction. Without the trajectory prediction, the agent might move too far due

to its movement inertia and fail the task. Likewise, the agent can better accomplish an

interactive task if it can foresee the environment state-changes after an interaction. For

instance, to push in a chair, a mobile manipulator agent can execute a precise amount of

force in an accurate direction once it understands the outcome of that action. This way,
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the agent can solve the task involving agent-environment interactions more effectively. Last

but not least, the agent can adapt to unexpected situations if it can calibrate its belief

about the effects of actions. Taking navigation as an example, the agent would assume it

will move forward by 0.2m with a MOVE action. However, because the agent moves on a

carpet with much larger friction than a regular wood floor, the actual movements become

0.1m. Therefore, this navigation agent should adapt its belief based on recent observations

(e.g., moving on a carpet and the friction becomes more significant). Then, according to

the updated belief (i.e., after applying MOVE, how far will the agent move?), the policy could

choose the action leading the agent to a better state. In short, we argue that integrating

the capability of applying visual forecasting for planning into an agent is the key to solving

interactive embodiment tasks in three ways: more efficient planning, more effective decision-

making, and more robust deployments.

In conclusion, we focus on bridging visual forecasting and model-free policy learning.

In this way, the policy network can dynamically calibrate its plan according to the most

recent forecasting results. Meanwhile, the visual forecasting model can also produce action-

aware future predictions based on the plan sketched in the policy. Furthermore, the model

framework is flexible, where the visual forecasting model and the policy network can be

learned independently or trained end-to-end. Finally, we alleviate the perfect information

assumption, where we learn the visual forecasting model via past experiences in the same

episode led by the policy network.

1.4 Thesis Overview

In the following chapters, I will introduce my first project with the idea of visual forecasting

for efficient planning (Visual Reaction) in Chapter 2. Then, I will share my second project

using visual forecasting for effective interactive visual navigation, the Neural Interaction

Engine, in Chapter 3. Furthermore, I will present my third work about robustly adapting

a policy to unexpected action outcomes with the formulation of visual forecasting and the

design of order-invariant policy in Chapter 4. Finally, I will summarize this thesis and share

some thoughts regarding future directions in Chapter 5.
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Publication

Portion of the thesis has been (or will be) appeared in the following publications:

⋄ “Visual Reaction: Learning to Play Catch with Your Drone”

Kuo-Hao Zeng, Roozbeh Mottaghi, Luca Weihs, and Ali Farhadi (CVPR 2020)

⋄ “Pushing it out of the Way: Interactive Visual Navigation”

Kuo-Hao Zeng, Luca Weihs, Ali Farhadi, and Roozbeh Mottaghi (CVPR 2021)

⋄ “Moving Forward by Moving Backward: Embedding Action Impact over Action Seman-

tics”

Kuo-Hao Zeng, Roozbeh Mottaghi, Luca Weihs, and Ali Farhadi (ICLR 2023, Oral)

http://prior.allenai.org/projects/visual-reaction
http://prior.allenai.org/projects/interactive-visual-navigation
https://openreview.net/forum?id=vmjctNUSWI
https://openreview.net/forum?id=vmjctNUSWI
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Chapter 2

VISUAL REACTION: VISUAL FORECASTING FOR EFFICIENT
PLANNING

In this chapter, we address the problem of visual reaction: the task of interacting with

dynamic environments where the changes in the environment are not necessarily caused by

the agent itself. Visual reaction entails predicting the future changes in a visual environment

and planning accordingly. We study the problem of visual reaction in the context of playing

catch with a drone in visually rich synthetic environments. This is a challenging problem

since the agent is required to learn (1) how objects with different physical properties and

shapes move, (2) what sequence of actions should be taken according to the prediction, (3)

how to adjust the actions based on the visual feedback from the dynamic environment (e.g.,

when objects bouncing off a wall), and (4) how to reason and act with an unexpected state

change in a timely manner. We propose a new dataset for this task, which includes 30K

throws of 20 types of objects in different directions with different forces. Our results show

that our model that integrates a forecaster with a planner outperforms a set of strong base-

lines that are based on tracking as well as pure model-based and model-free RL baselines.

The code and dataset are available at prior.allenai.org/projects/visual-reaction.

2.1 Introduction

One of the key aspects of human cognition is the ability to interact and react in a visual

environment. When we play tennis, we can predict how the ball moves and where it is

supposed to hit the ground so we move the tennis racket accordingly. Or consider the

scenario in which someone tosses the car keys in your direction and you quickly reposition

your hands to catch them. These capabilities in humans start to develop during infancy

and they are at the core of the cognition system [22, 37].

Visual reaction requires predicting the future followed by planning accordingly. The

future prediction problem has received a lot of attention in the computer vision community.

prior.allenai.org/projects/visual-reaction
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The work in this domain can be divided into two major categories. The first category

considers predicting future actions of people or trajectories of cars (e.g., [26, 105, 114, 211]).

Typically, there are multiple correct solutions in these scenarios, and the outcome depends

on the intention of the people. The second category is future prediction based on the physics

of the scene (e.g., [117, 143, 218, 247]). The works in this category are mostly limited

to learning from passive observation of images and videos, and there is no interaction or

feedback involved during the prediction process.

In this capter, we tackle the problem of visual reaction: the task of predicting the future

movements of objects in a dynamic environment and planning accordingly. The interaction

enables us to make decisions on the fly and receive feedback from the environment to

update our belief about the future movements. This is in contrast to passive approaches

that perform prediction given pre-recorded images or videos. We study this problem in the

context of playing catch with a drone, where the goal is to catch a thrown object using only

visual ego-centric observations (Figure 4.1). Compared to the previous approaches, we not

only need to predict future movements of the objects, but also to infer a minimal set of

actions for the drone to catch the object in a timely manner.

This problem exhibits various challenges. First, objects have different weights, shapes

and materials, which makes their trajectories different. Second, the trajectories vary based

on the magnitude and angle of the force used for throwing. Third, the objects might collide

with the wall or other structures in the scene, and suddenly change their trajectory. Fourth,

the drone movements are not deterministic so the same action might result in different

movements. Finally, the agent has limited time to reason and react to the dynamically

evolving scene to catch the object before it hits the ground.

Our proposed solution is an adaptation of the model-based Reinforcement Learning

paradigm. More specifically, we propose a forecasting network that rolls out the future tra-

jectory of the thrown object from visual observation. We integrate the forecasting network

with a model-based planner to estimate the best sequence of drone actions for catching the

object. The planner is able to roll out sequences of actions for the drone using the dynamics

model and an action sampler to select the best action at each time step. In other words,

we learn a policy using the rollout of both object and agent movements.
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Ball at t = 0

Ball at t = 1

Forecasted Ball
Positions

Current Ball Position

Ball at t = 0 Ball at t = 1 Current Ball Position

Agent's View

Figure 2.1: Visual Reaction: Visual Forecasting for Efficient Planning. Our goal is

to train an agent that can visually react with an interactive scene. In the studied task, the

environment can evolve independently of the agent. There is a launcher in the scene that

throws an object with different force magnitudes and in different angles. The drone learns

to predict the trajectory of the object from ego-centric observations and move to a position

that can catch the object. The trajectory of the thrown objects varies according to their

weight and shape and also the magnitude and angle of the force used for throwing.

We perform our experiments in AI2-THOR [106], a near-photo-realistic interactive en-

vironment which models physics of objects and scenes (object weights, friction, collision,

etc). Our experiments show that the proposed model outperforms baselines that are based

on tracking (current state estimation as opposed to forecasting) and also pure model-free

and model-based baselines. We provide an ablation study of our model and show how the
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performance varies with the number of rollouts and also the length of the planning horizon.

Furthermore, we show how the model performs for object categories unseen during training.

2.2 Related Work

2.2.1 Future prediction & Forecasting.

Various works explore future prediction and forecasting from visual data. Several au-

thors consider the problem of predicting the future trajectories of objects from individual

[142, 162, 208, 209, 210, 239] and multiple sequential [6, 105, 229] images. Unlike these

works, we control an agent that interacts with the environment which causes its observa-

tion and viewpoint to change over time. A number of approaches explore prediction from

ego-centric views. [157] predict a plausible set of ego-motion trajectories. [171] propose

an Inverse Reinforcement Learning approach to predict the behavior of a person wearing

a camera. [206] learn visual representation from unlabelled video and use the representa-

tion for forecasting objects that appear in an ego-centric video. [116] predict the future

trajectories of interacting objects in a driving scenario. Our agent also forecasts the future

trajectory based on ego-centric views of objects, but the prediction is based on physical

laws (as opposed to peoples intentions). The problem of predicting future actions or the 3D

pose of humans has been explored by [29, 66, 114, 192]. Also, [26, 132, 188, 204, 205, 231]

propose methods for generating future frames. Our task is different from the mentioned

approaches as they use pre-recorded videos or images during training and inference, while

we have an interactive setting. Methods such as [62] and [47] consider future prediction in

interactive settings. However, [62] is based on a static third-person camera and [47] predicts

the effect of agent actions and does not consider the physics of the scene.

2.2.2 Planning.

There is a large body of work (e.g., [33, 72, 80, 88, 148, 166, 186, 198, 215]) that involves a

model-based planner. Our approach is similar to these approaches as we integrate the fore-

caster with a model-based planner. The work of [23] shares similarities with our approach.

The authors propose learning a compact latent state-space model of the environment and
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its dynamics; from this model an Imagination-Augmented Agent [166] learns to produce in-

formative rollouts in the latent space which improve its policy. We instead consider visually

complex scenarios in 3D so learning a compact generative model is not as straightforward.

Also, [215] adopts a model-based planner for the task of vision and language navigation.

They roll out the future states of the agent to form a model ensemble with model-free RL.

Our task is quite different. Moreover, we consider the rollouts for both the agent and the

moving object, which makes the problem more challenging.

2.2.3 Object catching in robotics.

The problem of catching objects has been studied in the robotics community. Quadrocopters

have been used for juggling a ball [144], throwing and catching a ball [172], playing table

tennis [184], and catching a flying ball [191]. [103] consider the problem of catching in-flight

objects with uneven shapes. These approaches have one or multiple of the following issues:

they use multiple external cameras and landmarks to localize the ball, bypass the vision

problem by attaching a distinctive marker to the ball, use the same environment for training

and testing, or assume a stationary agent. We acknowledge that experiments on real robots

involve complexities such as dealing with air resistance and mechanical constraints that are

less accurately modeled in our setting.

2.2.4 Visual navigation.

There are various works that address the problem of visual navigation towards a static target

using deep reinforcement learning or imitation learning (e.g., [76, 136, 176, 232, 250]). Our

problem can be considered as an extension of these works since our target is moving and

our agent has a limited amount of time to reach the target. Our work is also different from

drone navigation (e.g., [69, 174]) since we tackle the visual reaction problem.

2.2.5 Object tracking.

Our approach is different from object tracking (e.g., [17, 39, 59, 149, 193]) as we forecast

the future object trajectories as opposed to the current location. Also, tracking methods
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typically provide only the location of the object of interest in video frames and do not

provide any mechanism for an agent to take actions.

2.3 Task definition

Our goal is to learn a policy to catch a thrown object using an agent that moves in 3D space.

There is a launcher in the environment that throws objects in the air with different forces

in different directions. The agent needs to predict the future trajectory of the object from

the past observations (three consecutive RGB images) and take actions at each timestep

to intercept the object. An episode is successful if the agent catches the object, i.e. the

object lies within the agent’s top-mounted basket, before the object reaches the ground.

The trajectories of objects vary depending on their physical properties (e.g., weight, shape,

and material). The object might also collide with walls, structures, or other objects, and

suddenly change its trajectory.

For each episode, the agent and the launcher start at a random position in the envi-

ronment (more details in Sec. 2.5). The agent must act quickly to reach the object in a

short time before the object hits the floor or goes to rest. This necessitates the use of a

forecaster module that should be integrated with the policy of the agent. We consider 20

different object categories, including alarm clock, apple, basketball, book, bowl, bread, candle,

cup, glass bottle, lettuce, mug, newspaper, salt shaker, soap bottle, statue, tissue box, toaster,

toilet paper, vase and watering can. The statistics about these 20 objects are shown in the

Fig. 2.2, including the mass, average acceleration along the trajectories, bounciness, drag,

and angular drag. Drag is the tendency of an object to slow down due to friction.

The model receives ego-centric RGB images from a camera that is mounted on top of the

drone agent as input, and outputs an action adt = (∆vx ,∆vy ,∆vz) ∈ [−25m/s2, 25m/s2]3

for each timestep t, where, for example, ∆vx shows acceleration, in meters, along the x-

axis. The movement of the agent is not deterministic due to the time dependent integration

scheme of the physics engine. In the following, we denote the agent and object state by

sd = [d, vd, ad, ϕ, θ] and so = [o, vo, ao], respectively. d, vd and ad denote the position,

velocity and acceleration of the drone and o, vo and ao denote those of the object. ϕ and θ

specify the orientation of the agent camera, which can rotate independently from the agent.
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Figure 2.2: More dataset statistics. We provide the statistics for the 20 types of objects

in our dataset. We illustrate the average velocity along the trajectories and the number of

collisions with walls or other structures in the scene, the mass, average acceleration along

the trajectories, bounciness, drag, and angular drag.
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2.4 Model

2.4.1 Model Overview

Our model has two main components: a forecaster and a model-predictive planner, as illus-

trated in Fig. 2.3. The forecaster receives the visual observations it−2:t and the estimated

agent state sdt at time t, and predicts the current state sot of the thrown object. The

forecaster further uses the predicted object state (i.e., position, velocity and acceleration)

to forecast H steps of object states sot+1:t+H in the future. The model-predictive planner is

responsible for generating the best action for the agent such that it intercepts the thrown

object. The model-predictive planner receives the future trajectory of the object from the

forecaster and also the current estimate of the agent state as input and outputs the best

action accordingly. The model-predictive planner includes an action sampler whose goal is

to sample N sequences of actions given the current estimate of the agent state, the predicted

object trajectory, and the intermediate representation rt produced by the visual encoder

in the forecaster. The action sampler samples actions according to a policy network that

is learned. The second component of the model-predictive planner consists of a physics

model and a model-predictive controller (MPC). The physics model follows Newton Motion

Equation to estimate the next state of the agent (i.e., position and velocity at the next

timestep) given the current state and action (that is generated by the action sampler). Our

approach builds on related joint model-based and model-free RL ideas. However, instead

of an ensemble of model-free and model-based RL for better decision making [215, 113],

or using the dynamics model as a data augmentor/imaginer [166, 60] to help the training

of model-free RL, we explicitly employ model-free RL to train an action sampler for the

model-predictive planner.

In the following, we begin by introducing our forecaster, as shown in Fig. ??(a), along

with its training strategy. We then describe how we integrate the forecaster with the model-

predictive planner, as presented in Fig. 2.3 and Fig. ??(b). Finally, we explain how we utilize

model-free RL to learn the action sampler used in our planner, Fig. ??(b).
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Figure 2.3: Model overview. Our model includes two main parts: Forecaster and Planner.

The visual encoding of the frames, object state, agent state and action are denoted by r,

so, sd, and a, respectively. t denotes the timestep, and H is the planning horizon.

2.4.2 Forecaster

The purpose of the forecaster is to predict the current object state sot , which includes the

position ot ∈ R3, the velocity vot ∈ R3, and the acceleration aot ∈ R3, and then, based on the

prediction, forecast future object positions ot+1:t+H from the most recent three consecutive

images it−2:t. The reason for forecasting H timesteps in the future is to enable the planner

to employ MPC to select the best action for the task. Note that if the agent does not catch

the object in the next timestep, we query the forecaster again to predict the trajectory of

the object ot+2:t+H+1 for the next H steps. Forecaster also produces the intermediate visual

representation rt ∈ R256, which is used by the action sampler. The details are illustrated in

Fig. 2.4. We define the positions, velocity, and acceleration in the agent’s coordinate frame

at its starting position.

The three consecutive frames it−2:t are passed through a convolutional neural network

(CNN). The features of the images and the current estimate of the agent state sdt are

combined using an MLP, resulting in an embedding rt. Then, the current state of the
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Figure 2.4: Model architecture of the forecaster. The forecaster receives images and

an estimate of the agent state sdt as input and outputs the estimates for the current state

sot , including ot, vot , and aot . Then it forecasts future positions of the object ot+1:t+H by

discretized Newton Motion Equation. Forecasting is repeated every timestep if the object

has not been caught.

object sot is obtained from rt through three separate MLPs. The NME, which follows the

discretized Newton’s Motion Equation (ot+1 = ot + vt × ∆t, vt+1 = vt + at × ∆t) receives

the predicted state of the object to calculate the future positions ot+1:t+H . We take the

derivative of NME and back-propagate the gradients through it in the training phase. Note

that NME itself is not learned.

To train the forecaster, we provide the ground truth positions of the thrown object from

the environment and obtain the velocity and acceleration by taking the derivative of the

positions. We cast the position, velocity, and acceleration prediction as a regression problem

and use the L1 loss for optimization.

2.4.3 Model-predictive Planner

Given the forecasted trajectory of the thrown object, our goal is to control the flying agent

to catch the object. We integrate the model-predictive planner with model-free RL to

explicitly incorporate the output of the forecaster.

Our proposed model-predictive planner consists of a model-predictive controller (MPC)
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Figure 2.5: Model architecture of the model-predictive planner. The model-

predictive planner includes a Model-Predictive Controller (MPC) w/ a Physics model

and an action sampler. The action sampler generates N sequences adt:t+H−1
=

{(∆j
vx,i ,∆

j
vy,i ,∆

j
vz,i)

t+H−1
i=t }, where j = 1, ..., N , of actions at each timestep, and an opti-

mal action (∆v∗x ,∆v∗y ,∆v∗z ) is chosen such that it minimizes the distance between the agent

and the object at each timestep.

with a physics model, and an action sampler as illustrated in Fig. 2.5. We will describe

how we design the action sampler in Sec. 2.4.4. The action sampler produces a rollout of

future actions. The action is defined as the acceleration ad of the agent. We sample N

sequences of actions that are of length H from the action distribution. We denote these N

sequences by adt:t+H−1
. For each action in the N sequences, the physics model estimates the

next state of the agent sdt+1 given the current state sdt by using the discretized Newton’s

Motion Equation (dt+1 = dt + vdt × ∆t, vdt+1 = vdt + adt × ∆t). This results in N possible

trajectories dt+1:t+H for the agent. Given the forecasted object trajectories ot+1:t+H , the

MPC then selects the best sequence of actions a∗t:t+H−1 based on the defined objective. The

objective for MPC is to select a sequence of actions that minimizes the sum of the distances

between the agent and the object over H timesteps. We select the first action a∗t in the

sequence of actions, and the agent executes this action. We feed in the agent’s next state

s∗dt+1
for planning in the next timestep.

Active camera viewpoint. The agent is equipped with a camera that rotates. The angle

of the camera is denoted by ϕ and θ in the agent’s state vector sd. We use the estimated
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object and agent position at time t+ 1, ot+1 and d∗t+1, to compute the angle of the camera.

We calculate the relative position p ∈ (px, py, pz) between object and agent by o− d. Then,

we obtain the Euler angles along y-axis and x-axis by arctan px
pz

and arctan
py
pz

, respectively.

2.4.4 Action sampler

The actions can be sampled from a uniform distribution over the action space or a learned

policy network. We take the latter approach and train a policy network which is conditioned

on the forecasted object state, current agent state and visual representation. Model-based

approaches need to sample a large set of actions at each timestep to achieve a high level

of performance. To alleviate this issue, we parameterize our action sampler by a series

of MLPs that learns an action distribution given the current agent state, the forecasted

trajectory of the object ot+1:t+H and the visual representation rt of observation it − 2 : t

(refer to Sec. 2.4.2). This helps to better shape the action distribution, which may result in

requiring fewer samples and better performance.

To train our policy network, we utilize policy gradients with the actor-critic algorithm

[194]. To provide the reward signal for the policy gradient, we use the ‘success’ signal (if

the agent catches the object or not) as a reward. In practice, if the agent succeeds to

catch the object before it hits the ground or goes to rest, it would receive a reward of +1.

Furthermore, we also measure the distance between the agent trajectory and the object

trajectory as an additional reward signal (pointwise distance at each timestep). As a result,

the total reward for each episode is R = 1{episode success}− 0.01 ·
∑

t ||d∗t − o∗t ||2 where d∗t

and o∗t are the ground truth positions of the agent and object at time t.

2.5 Experiments

2.5.1 Environment

We use AI2-THOR [106], which is an interactive 3D indoor virtual environment with near

photo-realistic scenes. We use AI2-THOR v2.3.8, which implements physical properties

such as object materials, elasticity of various materials, object mass and includes a drone

agent. We add a launcher to the scenes that throws objects with random force magnitudes
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in random directions.

The trajectories of the objects vary according to their mass, shape, and material. Some-

times the objects collide with walls or other objects in the scene, which causes sudden

changes in the trajectory. Therefore, standard equations of motion are not sufficient to

estimate the trajectories, and learning from visual data is necessary. The statistics of the

average velocity and the number of collisions have been provided in Fig. 2.2.

The drone has a box on top to catch objects. The size of drone is 0.47m× 0.37m with a

height of 0.14m, and the box is 0.3m× 0.3m with a height of 0.2m. The drone is equipped

with a camera that is able to rotate. The maximum acceleration of the drone is 25m/s2

and the maximum velocity is 40m/s. However, we provide results for different maximum

acceleration of the drone. The action for the drone is specified by acceleration in x, y, and

z directions. The action space is continuous, but is capped by the maximum acceleration

and velocity.

2.5.2 Experiment settings

We use the living room scenes of AI2-THOR for our experiments (30 scenes in total). We

follow the common practice for AI2-THOR wherein the first 20 scenes are used for training,

the next 5 for validation, and the last 5 for testing. The drone and the launcher are assigned

a random position at the beginning of every episode. We set the horizontal relative distance

between the launcher and the drone to be 2 meters (any random position). We set the

height of the launcher to be 1.8 meters from the ground which is similar to the average

human height. The drone faces the launcher in the beginning of each episode so it observes

that an object is being thrown.

To throw the object, the launcher randomly selects a force between [40, 60] newtons,

an elevation angle between [45, 60] degree, and an azimuth angle between [−30, 30] degree

for each episode. The only input to our model at inference time is the ego-centric RGB

image from the drone. We use 20 categories of objects such as basketball, alarm clock,

and apple for our experiments. We observe different types of trajectories such as parabolic

motion, bouncing off the walls and collision with other objects, resulting in sharp changes
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Figure 2.6: Model details of the forecaster. Detailed architecture of the forecaster,

including layer type, number of parameters, and hidden feature dimensions.

in the direction. Note that each object category has different physical properties (mass,

bounciness, etc.) so the trajectories are quite different. We use the same objects for training

and testing. However, the scenes, the positions, the magnitude, and the angle of the throws

vary at test time. We also show an experiment, where we test the model on categories

unseen during training. We consider 20K trajectories during training, 5k for val and 5k for

test. The number of trajectories is uniform across all object categories.

2.5.3 Implementation Details

We train our model by first training the forecaster. Then we freeze the parameters of the

forecaster, and train the action sampler. An episode is successful if the agent catches the

object. We end an episode if the agent succeeds in catching the object, the object falls on

the ground, or the length of the episode exceeds 50 steps which is equal to 1 second. We use

SGD with initial learning rate of 10−1 for forecaster training and decrease it by a factor of

10 every 1.5×104 iterations. For the policy network, we employ Adam optimizer [104] with

a learning rate of 10−4. We evaluate the framework every 103 iterations on the validation

scenes and stop the training when the success rate saturates. We use MobileNet v2 [175],

which is an efficient and light-weight network as our CNN model. The forecaster outputs

the current object position, velocity, and acceleration. The action sampler provides a set
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of accelerations to the planner. They are all continuous numbers. Fig. 2.6 and Fig. 2.7

summarizes the details of the model architecture.

2.6 Baselines

2.6.1 Current Position Predictor (CPP).

This baseline predicts the current position of the object relative to the initial position of the

drone in the 3D space, ot, instead of forecasting the future trajectory. The model-predictive

planner receives this predicted position at each time-step and outputs the best action for

the drone accordingly. The prediction model is trained by an L1 loss with the same training

strategy used for our method.

2.6.2 CPP + Kalman filter.

We implement this baseline by introducing the prediction update through time to the Cur-

rent Position Predictor (CPP) baseline. We assume the change in the position of the object

is linear and follows the Markov assumption in a small time period. Thus, we add the

Kalman Filter [221] right after the output of the CPP. To get the transition probability, we
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average the displacements along the three dimensions over all the trajectories in the training

set. We set the process variance to the standard deviation of the average displacements,

and measurement variance to 3×10−2. Further, same as CPP, the model-predictive planner

receives this predicted position at each time-step as input and outputs the best action to

control the agent. This baseline is expected to be better than CPP, because the Kalman

Filter takes into account the possible transitions obtained from the training set so it further

smooths out the noisy estimations.

2.6.3 Model-free (A3C [138]).

Another baseline is model-free RL. We use A3C [138] as our model-free RL baseline. The

network architecture for A3C includes the same CNN and MLP used in our forecaster and

the action sampler. The network receives images it−2:t as input and directly outputs action

at for each time-step. We train A3C by 4 threads and use SharedAdam optimizer with the

learning rate of 7 × 10−4. We run the training for 8 × 104 iterations (≈ 12 millions frames

in total). In addition to using the the ‘success’ signal as the reward, we use the distance

between the drone and the object as another reward signal.

2.7 Ablations

We use the training loss described in Sec. 2.4.2 and the training strategy mentioned in

Sec. 2.5.3 for ablation studies.

2.7.1 Motion Equation (ME).

The forecaster predicts the position, velocity, and acceleration at the first time-step so we

can directly apply motion equation to forecast all future positions. However, since our

environment implements complex physical interactions, there are several different types of

trajectories (e.g., bouncing or collision). We evaluate if simply using the motion equation

is sufficient for capturing such complex behavior.
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2.7.2 Uniform Action Sampling (AS).

In this ablation study, we replace our action sampler with a sampler that samples actions

from a uniform distribution. This ablation shows the effectiveness of learning a sampler in

our model.

Table 2.1: Quantitative results. We report the success rate for the baselines and the

ablations of our model. N refers to the number of action sequences that the action sampler

provides. The model-free baseline does not have an action sequence sampling component so

we can provide only one number. The MPC upper bound is the case that model-predictive

planner uses perfect forecasting with uniform action sampler. Note that the MPC upper

bound must be done in the off-line mode since the perfect forecasting only available after

collecting the objects’ trajectory.

N = 100k N = 10k N = 1k N = 100 N = 10 Best

Curr. Pos. Predictor (CPP) 22.92±2.3 22.57±2.0 21.04±1.2 18.72±1.8 10.86±0.5 22.92±2.3

CPP + Kalman Filter 23.22±1.29 22.78±0.90 21.88±0.79 19.29±0.81 12.17±1.2 23.22±1.29

Model-free (A3C [138]) - - - - - 4.54±2.3

Ours, ME, uniform AS 6.12±0.7 6.11±0.7 6.00±0.5 5.99±0.5 5.12±1.0 6.12±0.7

Ours, uniform AS 26.01±1.3 25.47±1.3 23.61±1.5 20.65±0.93 10.58±1.1 26.01±1.3

Ours, full 29.34±0.9 29.26±1.4 29.12±0.8 29.14±0.8 24.72±1.6 29.34±0.9

MPC Upper bound 68.67±1.9 76.00±0.0 78.67±1.9 66.00±3.3 49.33±10.5 78.67±1.9

2.8 Results

In this section, we provide comparisons between our method and set of baselines that

are described below. We also provide an ablation study of our model. We will illustrate

qualitative examples of success and failure cases as well.

2.8.1 Quantitative results.

The results are summarized in Tab. 2.1 for all 20 objects and different number of action

sequences. We use success rate as our evaluation metric. Recall that the action sampler
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samples N sequences of future actions. We report results for five different values N =

10, 100, 1k, 10k, 100k. We set the horizon H to 3 for the forecaster and the planner. For

evaluation on the test set, we consider 5k episodes for each model. For Tab. 2.1, we repeat

the experiments 3 times and report the average.

As shown in the table, both the current position predictors (CPP) and the Kalman

Filter (CPP + Kalman Filter) baseline are outperformed by our model, which shows the

effectiveness of forecasting compared to estimating the current position. Our full method

outperforms the model-free baseline, which shows the model-based portion of the model

helps improving the performance. ‘Ours, ME, uniform AS’ is worse than the two other

variations of our method. This shows that simply applying motion equation and ignoring

complex physical interactions is insufficient and it confirms that learning from visual data

is necessary. We also show that sampling from a learned policy ‘Ours - full’ outperforms

‘Ours, uniform AS’, which samples from a uniform distribution. This justifies using a learned

action sampler and shows the effectiveness of the integration of model-free and model-based

learning by the model-predictive planner.

2.8.2 Qualitative results

Fig. 2.8 shows two sequences of catching the object and a failure case. The sequence is

shown from a third person’s view and the agent camera view (we only use the camera view

as the input to our model). The second row shows the drone is still able to catch the object

although there is a sudden change in the direction due to the collision of the object with the

ceiling. A supplementary video at https://youtu.be/iyAoPuHxvYs shows more success

and failure cases.

2.9 Analysis

2.9.1 Per-category results.

Tab. 2.2 shows the results for each category for ‘Ours - full’ and ‘Ours, uniform AS’. The

results show that our model performs better on relatively heavy objects. This is expected

since typically there is less variation in the trajectories of heavy objects.

https://youtu.be/iyAoPuHxvYs
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Figure 2.8: Qualitative Results. We show two successful sequences of catching objects

in the first two rows and a failure case in the third row. For instance, in the second row,

the object bounces off the ceiling, but the drone is still able to catch it.

2.9.2 Difficulty-based categorization.

Tab. 2.3 shows the performance achieved by ‘Ours - full’ and ‘Ours, uniform AS’ in terms of

difficulty of the trajectory. The difficulty is defined by how many times the object collides

with other structures before reaching the ground or being caught by the agent. We define

easy by no collision, medium by colliding once, and difficult by more than one collision.

The result shows that even though our model outperforms baselines significantly, it is still

not as effective for medium and difficult trajectories. It suggests that focusing on modeling

more complex physical interactions is important for future research.
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Table 2.2: Per category result. Our dataset includes 20 object categories. We provide

the success rate for each object category.

S

Ours, uniform AS 20.4 49.8 32.4 13.7 39.2 17.3 12.9 6.0 37.6 26.8

Ours, full 22.8 65.9 35.2 20.1 37.2 18.5 14.5 12.0 42.8 29.6

Ours, uniform AS 0.0 49.6 34.8 24.0 25.6 61.2 14.0 12.8 39.6 8.4

Ours, full 0.0 54.4 37.2 24.4 26.4 64.4 18.1 18.0 40.8 10.0

Table 2.3: Difficulty categorization. We show the categorization of the results for dif-

ferent levels of difficulty.

Easy Medium Difficult

Proportion 43% 33% 24%

Ours, uniform AS 46.4 18.4 1.2

Ours, full 51.9 20.7 1.6

2.9.3 Different mobility.

We evaluate how varying the mobility of the drone affects the performance (Tab. 2.4). We

define the mobility as the maximum acceleration of the drone. We re-train the model using

100%, 80%, 60%, 40%, 20% of the maximum acceleration. The results show that the larger

mobility results in better performance. This is expected since larger mobility increases the

chance of the drone to visit more locations in the environment.

2.9.4 Movement noise

Here, we evaluate the scenarios where the agent has more noisy movements. We perform

this by injecting a Gaussian noise to the drone’s movement after each action (Fig. 2.9). We

re-train the model using 0.01, 0.05, 0.1, and 0.15 of the standard deviation of the Gaussian

noise. As expected, the performance decreases with more noise.
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Table 2.4: Mobility results. We show the results using 100%, 80%, 60%, 40%, 20% of the

maximum acceleration.

100% 80% 60% 40% 20%

Ours, uniform AS 26.0 23.6 16.0 10.5 3.3

Ours, full 29.3 25.1 18.4 10.5 3.5
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Figure 2.9: Movement noise variation results. We show how the noise in the agent

movement affects the performance.

2.9.5 Results on unseen categories

We train the best model on 15 object categories and evaluate on the remaining categories1.

The success rate is 29.12 ± 0.9%. This shows that the model is rather robust to unseen

categories.

1We selected a subset of 5 objects as our held-out set such that they have different physical properties:
basketball, bowl, bread, candle, watering can. We trained our model on the rest of the objects: alarm clock,
apple, book, cup, glass bottle, lettuce, mug, newspaper, salt shaker, soap bottle, statue, tissue box, toaster,
toilet paper and vase.
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2.9.6 Results for the case that the camera is fixed

In Tab. 2.5, we provide the results for the case that the drone camera is fixed and does not

rotate. In this experiment, we set horizon H = 3 and number of action sequences N = 100k.

The performance degrades for the case that the camera does not rotate, which is expected.

Table 2.5: Camera orientation results. We show the results for the scenario that the

camera orientation does not change. GT corresponds to the case that we use the ground

truth camera orientation at train/test time. The ground truth camera orientation is ob-

tained via ground truth object’s position and drone’s position. Est denotes the case that

we use the predicted object and drone positions to calculate to estimate the camera angle.

Fixed denotes the case that the camera orientation is fixed.

GT. Est. Fixed

Ours, uniform AS 54.7 26.0 18.6

Ours, full 59.3 29.3 20.2

2.9.7 Error of position, velocity and acceleration prediction.

The error of our method (L2 distance) for predicting position, velocity and acceleration are

0.644±0.389, 0.037±0.017, and 0.007±0.014, respectively. The error for the baseline CPP

for example is 0.686 ± 0.362, 0.148 ± 0.033, and 0.007 ± 0.013 for position, velocity and

acceleration, respectively. This comparison is performed for N = 100k.

2.9.8 Different horizon length

Here, we show how the performance changes with varying the horizon length H (Fig. 2.10).

We observe a performance decrease for horizons longer than 3. The reason is that the

learned forecaster has a small error and the error for each time-step accumulates. Thus,

training an effective model with longer horizons is challenging and we leave it for future

research.
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Figure 2.10: Result for different horizon lengths. We show how the performance

changes by varying H.

2.9.9 Visualization of forecasted trajectory

We visualize two examples of the forecasted trajectory in Figure 2.11. The examples demon-

strate that the drone is able to plan according to the future positions of the objects predicted

by the forecaster.

Tissue BoxBook

Ground Truth Trajectory Forecasted Trajectory H = 3 Drone Trajectory

Figure 2.11: Qualitative examples of the forecasting trajectory. The green color,

red color, and yellow color denote the ground truth object’s trajectory, forecasted object’s

trajectory, and drone’s moving trajectory, respectively.
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2.10 Conclusion

We address the problem of visual reaction in an interactive and dynamic environment in

the context of learning to play catch with a drone. This requies learning to forecast the

trajectory of the object and to estimate a sequence of actions to intercept the object before

it hits the ground. We propose a new dataset for this task, which is built upon the AI2-

THOR framework. We showed that the proposed solution outperforms various baselines

and ablations of the model including the variations that do not use forecasting, or do not

learn a policy based on the forecasting.
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Chapter 3

INTERACTIVE VISUAL NAVIGATION: VISUAL FORECASTING
FOR EFFECTIVE INTERACTION

We have observed significant progress in visual navigation for embodied agents. A com-

mon assumption in studying visual navigation is that the environments are static; this is a

limiting assumption. Intelligent navigation may involve interacting with the environment

beyond just moving forward/backward and turning left/right. Sometimes, the best way

to navigate is to push something out of the way. In this chapter, we study the problem

of interactive navigation where agents learn to change the environment to navigate more

efficiently to their goals. To this end, we introduce the Neural Interaction Engine (NIE) to

explicitly predict the change in the environment caused by the agent’s actions. By mod-

eling the changes while planning, we find that agents exhibit significant improvements in

their navigational capabilities. More specifically, we consider two downstream tasks in the

physics-enabled, visually rich, AI2-THOR environment: (1) reaching a target while the path

to the target is blocked (2) moving an object to a target location by pushing it. For both

tasks, agents equipped with an NIE significantly outperform agents without the understand-

ing of the effect of the actions indicating the benefits of our approach. The code and dataset

are available at prior.allenai.org/projects/interactive-visual-navigation.

3.1 Introduction

Embodied AI has witnessed remarkable progress over the past few years owing to advances in

learning algorithms, benchmarks, and standardized tasks. A popular task that has received

a considerable amount of attention is visual navigation [8, 16, 30, 177, 223, 250], where the

goal is to navigate towards a specific coordinate or object within an unseen environment.

One of the common implicit assumptions for these navigation methods is that the scene is

static, and the agent cannot interact with the objects to change their pose.

Consider the scenario that the path of the agent towards the target location is blocked

prior.allenai.org/projects/interactive-visual-navigation
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Figure 3.1: Interactive Visual Navigation: Visual Forecasting for Effective In-

teraction. Visual navigation may require interactions that go beyond moving forward or

backward, and turning left or right. For example, the agent in the top row needs to push the

chair out of its way to reach the target. Interactive navigation entails deeper understanding

of the outcome of agents actions on objects in the scene. In this chapter, we introduce Neu-

ral Interaction Engine (NIE) to explicitly predict the effect of actions on objects poses. By

integrating NIE with our policy network we show that we can perform long-horizon planning

while predicting the outcome of the actions. We evaluate NIE for visual navigation where

the path to the goal is obstructed, and moving objects to specific locations in the scene and

show major improvements over state of the art in these tasks.

by an obstacle (e.g., a chair) as shown in Fig. 3.1 (top). To reach the target, the agent has

to move the obstacle out of the way. Therefore, planning for reaching the target requires

not only understanding the outcome of agent actions but also the dynamics of agent-object

interactions. There are many factors such as object size, spatial relationship with other

objects in the scene, and reaction of the object to the applied forces, that influence the

outcome of the interaction with the object. Hence, long-horizon planning for navigation

conditioned on the object dynamics offers unique challenges that are often overlooked in

the recent navigation literature.

The first challenge is to learn whether an action affects the pose of an object or not.

Navigation actions (e.g., rotate right or move ahead) typically do not affect the position of

objects in the world coordinate frame while interaction actions (e.g., pushing an object) can

change the object pose. The objects move in the ego-centric view of the agent due to agent
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movements or interaction with objects. Learning how objects move as a result of camera

motion or interaction imposes the second challenge. Learning how to interact with objects

is another challenge. For example, the agent should learn that pushing an object against a

wall does not change its pose.

In this chapter, we propose a novel model for navigation while interacting with objects

within a scene that jointly plans a sequence of actions and predicts the changes in the scene

conditioned on those actions. More specifically, the model includes a Neural Interaction

Engine (NIE) module that predicts the affine transformation of objects from the perspective

of the agent conditioned on the actions. The goal is to learn if/how the actions affect the

pose of the objects. The NIE module receives gradients for not only the prediction of the

pose in the next frame but also the navigation policy.

We evaluate our model on two downstream tasks ObsNav and ObjPlace. The goal of

ObsNav is to reach a specific coordinates in a scene while the paths from the initial location

of the agent to the target are blocked by objects. The goal of ObjPlace is to push an object on

the floor while navigating so it reaches a target point. These are challenging tasks since the

agent requires an accurate understanding of the dynamics of the objects and their interaction

with other objects in the scene. We perform our experiments in 120 scenes of the physics-

enabled AI2-THOR [107] environment. Our experiments show significant improvement over

baselines that are not capable of explicitly predicting the effect of interactions showing the

merit of our NIE model.

3.2 Related Work

3.2.1 Action-conditioned learning of rigid body dynamics.

The goal of these works is to learn the dynamics of rigid body motion under the effect of

applied actions. Byravan and Fox [25] segment a point cloud into salient regions and pre-

dict the rigid body motion. Li et al. [123] learn to re-position and re-orient an object with

unknown physical properties. Several works [51, 52, 63, 241] have proposed formulations of

visual Model Predictive Control, where the central insight is that a predictive model of sen-

sory input is a powerful signal for learning to perform tasks. A number of other strategies
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for action-conditioned learning have been proposed, these include: learning latent physi-

cal properties of objects using visual observation of interactions with those objects [230],

learning forward and inverse scene dynamics from object interaction data [150], representing

scenes as object-centric graphs and learning to predict changes in object pose after applying

a push action [159], learning the dynamics of balls and walls in the game of billiards [65],

and modeling the dynamics of robot interactions by jointly estimating forward and inverse

models of dynamics [3]. In contrast to all of these approaches, we consider the more complex

mobile robot scenario, where we factorize the effect of robot motion and object motion.

3.2.2 Learning dynamics from perception.

The dynamics of objects can be inferred from images and videos alone without any inter-

action. [203] decompose frame-to-frame pixel motion into scene depth, 3D camera rotation

and translation, and a set of object regions with their corresponding 3D motion. [126] rea-

son about the underlying physical properties of objects that appear in a sequence of frames

and predict future motion of those objects. [99, 225] jointly train a perception module, an

object-based physics engine and a renderer to generate the future predictions. [28] pro-

pose Neural Physics Engine that outputs the future states of objects and their properties.

[217] also infers the physical state of objects from video input and predict their future tra-

jectories. [224] infer physical properties of objects such as mass and density from videos.

[142, 143, 241, 242] predict the dynamics of objects and their future trajectory. These ap-

proaches focus on simple scenarios (such as balls of uniform mass or a stack of cubes), no

agent action is considered or assume a static camera.

3.2.3 Visual navigation.

The tasks that we consider in this chapter involves visual navigation. Visual navigation has

been addressed in various papers in recent Embodied AI literature. Most works focus on

point navigation (PointNav) [8, 31, 177, 222] or object navigation (ObjectNav) [16, 30, 49,

223]. Our task is different since in these works only static scenes are considered.

Our task is closer to existing tasks that consider navigation among movable obstacles [15,
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100, 137, 189, 190, 227, 228]. The difference with [189, 190] is that those works are not

learning-based and generalization to unseen scenes is not evaluated. Our task differs from

that of [228] in that our agent applies forces to objects with different magnitudes and

directions (as opposed to moving objects by colliding with them). Our approach also shows

significant improvements over the vanilla RL approaches used in [228].

3.3 Model

Task Goal 
Representation

Neural Interaction 
Engine

Policy 
Network

g

v

ra
a

Visual Encoder

Embedding

fi

Figure 3.2: Model overview. Our model includes three main parts: Visual Encoder,

Neural Interaction Engine, and Policy Network.

3.3.1 Model Overview

Our model has three main components: a visual encoder, Neural Interaction Engine, and a

policy network, as illustrated in Fig. 3.2. First, the visual encoder produces a representation

v from a visual observation i. The visual observation includes an RGB image captured by

a mounted camera and a depth image captured by a depth sensor. The visual encoder is a

convolutional neural network aiming to extract informative features from the given obser-

vation. Second, the NIE, which receives the same input observation i, extracts keypoints

po of an object o ∈ O, and predicts keypoint locations pa
o after applying each action a ∈ A.

Fig. 3.3 shows typical examples of pchair and pa
chair after applying Push, Pull, RightPush

and MoveAhead actions. More specifically, the NIE predicts affine transformation matrices
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Pull Right Push Move AheadPush

p

pa

Figure 3.3: Keypoint examples. The top row shows object keypoints po and bottom row

shows action-conditioned keypoints pa
o resulted from Push, Pull, RightPush and MoveAhead

actions. The keypoints are showon in red.

ma
o ∈ R4×4 corresponding to each object and each action. Then, we derive the pa

o by trans-

lating and rotating the po via ma
o in 3D space. Applying the affine transformation to the

keypoints preserves the rigid body constraint while moving keypoints of the same object.

The NIE summarizes both the extracted keypoints and the action-conditioned keypoints

into an action-conditioned state feature ra. In this way, the NIE provides possible outcomes

resulting from each action to the policy network. Finally, given a goal representations g,

the policy network utilizes both v and ra to generate an action a for the agent.

3.3.2 Neural Interaction Engine

The NIE operates by first extracting object keypoints p ∈ RO×(N×3), where N denotes

the number of keypoints, O denotes the observed objects, and each p ∈ R3 describes a

point in the three dimensional space, and then, based on these keypoints, predicting the

action-conditioned keypoints pa ∈ RO×|A|×(N×3) for each action a in the action space A.

The engine captures a summary of possible outcomes for each action and object. These

summaries are used by the policy network to sample an action a.
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Figure 3.4: Neural Interaction Engine. The inputs to the neural interaction engine

are action indices, object categories, visual representation v from the visual encoder, and

visual observation i, which includes an RGB image and a depth map. After encoding each

input modality, the engine uses an MLP to predict the affine transformation matrices to

translate and rotate keypoints p to pa corresponding to all objects and all actions. Then,

the engine encodes the average of keypoints into hidden features s as well as sa. Finally,

the engine utilizes a self-attention layer to summarize the hidden features into a semantic

action-conditioned state representation ra.

As shown in Fig. 3.4, the input to NIE includes the observation i, which includes an

RGB frame and a depth map, the visual representation v from the visual encoder, the

object category embedding, and the action index embedding. The observation is first passed

through a MaskRCNN [85] to obtain object segmentations. To extract the keypoints, we

heuristically detect 8 corner points in an object segment as the keypoints for this object (see

Sec. 3.5.2 for more details). We used a heuristic approach to find the keypoints, but any

other keypoint detection approach (e.g., [110, 195]) could be used instead. Further, using

the depth map and camera parameters of the agent, we back project the keypoints onto the

3-dimensional space.

To predict the outcome of each action, the NIE predicts affine transformation matrices

for each object and action, as shown in the Affine Transformation module in Fig. 3.4.

In practice, we first embed the keypoints p into hidden features and concatenate it with

the object category embedding as well as the action index embedding. Then, we use an

MLP to predict the affine transformation matrix m ∈ RO×|A|×4×4 for all objects O and all
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actions in the action space A. We translate and rotate the keypoints p according to m to

obtain pa. Since each ma
o ∈ m encodes the information associated with object category and

the action a, the predicted keypoints not only contain semantic meaning, but also carry

action-dependent information.

To encode keypoints and their corresponding action-conditioned keypoints, we first com-

pute the center (c and ca) of both p and pa by averaging the coordinates along each axis

(i.e, cx = 1
N

∑N
n=1 p

n
x, cy = 1

N

∑N
n=1 p

n
y , cz = 1

N

∑N
n=1 p

n
z ). Further, we employ a state

encoder to encode c and ca into hidden features (s and sa), as shown in the Encode module

in Fig. 3.4.

The hidden features s and sa are then concatenated with the object category embedding

to construct a semantic action-conditioned state representation r. Furthermore, we perform

Self-Attention [200] on r over the object category axis and an Average-Pooling layer to

obtain the action-conditioned state representation ra, as illustrated in the Attention module

in Fig. 3.4. The reason for this step is not only to make the action-conditioned representation

more compact, but also to directly associate it to each action.

Integrating NIE output into the Policy Network. We construct a global represen-

tation f by concatenating the goal representations g (e.g., target location encoding for the

point navigation task), visual representation v, and action-dependent state features ra. The

policy network takes f as the input and outputs a probability distribution over the action

space. The agent samples an action from this distribution to execute in the environment.

3.3.3 Learning Objective

To train the model to learn the affine transformation matrix, we use the pose of an object

before and after applying an action a in the environment to construct the ground truth affine

transformation matrix. Then, we apply this ground truth affine transformation matrix to

the keypoints p to obtain the ground truth action-conditioned keypoints ta. We cast the

learning as a regression problem and use L1 loss to optimize NIE. The agent can only pick

one action to execute at each timestamp. Hence it is not possible to obtain the ground truth

action-conditioned keypoints ta for all possible actions a ∈ A. The agent only observes few
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Figure 3.5: Training pipeline. The entire model is trained by LPPO and the Affine Trans-

formation module is trained by LNIE. However, the gradients backpropagated from LNIE

are only used to update the parameters corresponding to pa∗
O∗ , where O∗ are the observed

object categories and a∗ is the action taken by the agent. The tensors corresponding to pa∗
O∗

are highlighted in red.

objects among the object categories O, so we do not backpropagate the gradients back

to the object categories that are not observed. As a result, during the training stage (as

illustrated in Fig. 3.5), we only compute the loss for the executed action and backpropagate

the gradients only through the path corresponding to a∗, the action that is actually executed

by the agent and also the observed object categories O∗ ⊂ O:

LNIE = L1(pa∗
O∗ , ta

∗
O∗). (3.1)

Further, to learn the policy network, we employ the Proximal Policy Optimization

(PPO) [179] to perform an on-policy reinforcement learning, as illustrated in Fig. 3.5. The

overall learning objective is L = LPPO + αLNIE, where the α ≥ 0 is a hyperparameter

controlling the relative importance of the NIE loss.
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3.4 Experiments

To evaluate the effectiveness of the proposed Neural Interaction Engine, we evaluate it

on two downstream tasks. In the following, we first describe the two downstream tasks.

We then describe environment details and the datasets we have collected for training and

evaluating the proposed framework. Further, we provide the implementation details in

Sec. 3.5. In Sec. 3.6 and Sec. 3.7, we introduce our comparative baselines and variations of

our model. Finally, we present quantitative and qualitative results in Sec. 3.8.

3.4.1 Downstream tasks.

We consider two downstream tasks for our experiments:

• ObsNav – The goal of ObsNav is to move from a random starting location in a scene

to specific coordinates while the path to the target point is blocked by obstacles on

the floor. This is similar to PointNav [8] with the difference that the agent should

move objects out of the way to reach the target.

• ObjPlace – The second downstream task that we consider is ObjPlace. The goal is to

move an object on the floor from a random starting location to a specified coordinate

in a scene. This task requires successive application of a force to an object while

navigating towards the target point.

Successful completion of these tasks requires reasoning about the outcome of the agent

actions while performing long-horizon planning. Therefore, they are suitable testbeds to

evaluate our model.

3.4.2 Environment settings.

In this chapter, we perform experiments on AI2-iTHOR [107] v2.7.2, which provides fairly

accurate physical properties of objects. AI2-iTHOR is built using the Unity game engine

which enables the simulation of physical agent-object and object-object interactions. In this

environment, we consider actions A = { MoveAhead, RotateRight, RotateLeft, LookUp,
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Figure 3.6: Dataset examples. Top: five examples in ObsNav dataset, where the blue

boxes are obstacles and the yellow circle is the target position. Bottom: five examples in

ObjPlace dataset, where the red boxes are the object that should be displaced and the

yellow circle is the target place.

LookDown, Push, Pull, RightPush, LeftPush, END}, where MoveAhead moves the agent

ahead by 0.25 meters, RotateRight and RotateLeft change the agent’s azimuth angle

by ±90 degrees, LookUp and LookDown rotate the agent’s camera elevation angle by ±30

degrees, the Push, Pull, RightPush, as well as LeftPush let the agent push (along ±z

and ±x axis) the closest observed object by applying a force of 100 newtons. The agent

issues the END to indicate that it has completed an episode. Fig. 3.3 shows four typical

examples where the agent applies Push, Pull, RightPush, LeftPush actions. Finally, we

set the height and width of RGB and depth images to 224. Thereby, the ground truth

object segmentation used to learn the NIE is also of the same dimensions.

3.4.3 Data collection.

We use Kitchens, Living Rooms, Bedrooms, and Bathrooms for our experiments (120 scenes

in total). We follow the common practice for AI2-THOR wherein the first 20 scenes are used

for training, the next 5 for validation, and the last 5 for testing in each scene category. To

collect the datasets, we use 20 categories of objects, including alarm clock, apple, armchair,
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box, bread, chair, desk, dining table, dog bed, garbage can, laptop, lettuce, microwave, pillow,

pot, side table, sofa, stool, television and tomato. These objects are used as obstacles for

ObsNav and as objects that should be displaced in ObjPlace. These objects are spawned on

the floor for the downstream tasks. For each object category we have 5 different variations.

We randomly select the first 4 variations to collect the training and validation data and use

the 5th variation to collect the test data.

To generate the dataset for ObsNav, we utilize an undirected graph to compute the path

from the agent’s starting location to the target location. Then, we randomly spawn an

object to block the path. To ensure that there is no way that the agent can directly reach

the target location without moving an object, we repeat this process until there is no path

between the agent’s starting location (source node) and target location (end node). The

top row in Fig. 3.6 shows five examples in this dataset.

To generate the dataset for ObjPlace, we first create a yellow mark at a random location

on the floor in a scene to indicate the target location. We then spawn an object at another

random location, which is at least 2 meters away from the target location. In total, we

collect 10k training instances, 2.5k validation instances, and 2.5k testing instances for each

task. The bottom row in Fig. 3.6 shows five examples in this dataset.

3.5 Implementation Details

3.5.1 Learning details

In this chapter, we use the AllenAct [220] framework to conduct experiments. We train

our model using both LPPO and LNIE simultaneously. We set the α parameter introduced

in Sec. 3.3.3 to 3. We discuss the effect of α on the performance in Sec. 3.8. For Ob-

sNav/ObjPlace, an episode is successful if the agent invokes END while the agent/object

reaches a position within 0.2 meters of the target position. During the training stage, we

perform the on-policy reinforcement learning (PPO) with 80 processes simultaneously. We

use Adam with initial learning rate of 3 · 10−4 which decays linearly to 0 during training.

We set the standard RL reward discounting parameter γ to 0.99, λgae to 0.95, and number

of update steps to 30 for LPPO. The gradients ∆ are clipped to satisfy |∆| <= 0.5. We
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train the policy for 10 million steps and evaluate the model every 1 million steps.

During the training stage, we use the ground truth object mask provided by the envi-

ronment, while in the testing stage, we employ a pre-trained MaskRCNN [85] to extract

the segmentation. The number of output classes for both ground truth segmentation and

MaskRCNN is 21, including 20 used objects and a background class. We use [226] to pre-

train the MaskRCNN (ResNet-50 with FPN) on our training scenes with 8k images for 10

epochs.

3.5.2 Heuristic corner detector

Fig. 3.7 (a) shows our heuristic keypoints detector pipeline. More specifically, we first

use an object segmentation model to obtain the segmentation M corresponding to object

o = GarbageCan. Then, we apply a heuristic corner detector to detect 8 corner points.

Note that we use the ground truth segmentation of each object in the training stage, while

in the testing stage, we utilize a pretrained MaskRCNN (Sec. 3.5.3) to obtain the object

segmentation. Further we present the details of our heuristic corner detector in Fig. 3.7 (b),

where the 8 corner points are obtained by 8 different criteria and each of the points has to

be inside the segmentation M :

p1 = max
x, px,y∈M

px,y p2 = max
y, px,y∈M

px,y

p3 = min
x, px,y∈M

px,y p4 = min
y, px,y∈M

px,y

p5 = max
x+y, px,y∈M

px,y p6 = min
x+y, px,y∈M

px,y

p7 = max
x−y, px,y∈M

px,y p8 = min
x−y, px,y∈M

px,y,

where (x, y) is an image coordinate, and M denotes the object segmentation. Based on

this heuristic corner detector, we are able to get reliable keypoints from object segmentation.

More keypoint examples obtained by our heuristic keypoints detector are shown in Fig. 3.8.
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Figure 3.7: Keypoint detector details. (a) Heuristic keypoint detector pipeline. (b)

Heurisitc corner detector.

Figure 3.8: Keypoints examples. Examples keypoints obtained by our keypoint detector.

3.5.3 MaskRCNN results

We evaluate our pretrained MaskRCNN (ResNet-50 with FPN) on our testing scenes with

≈ 2k images. The checkpoint at the 10th epoch achieves 47.4AP and 64.3AP50. Fig. 3.9

shows qualitative results on 20 used objects in one of the testing scenes LivingRoom227.
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Alarm Clock Apple Arm Chair Box

Bread Chair Desk Dining Table

Dog Bed Garbage Can

Laptop Lettuce Microwave Pillow

Pot Side Table

Sofa Stool Television Tomato

Figure 3.9: MaskRCNN’s qualitative results on 20 used objects. We randomly

spawn 20 objects in the testing scene LivingRoom227 and apply the pretrained MaskRCNN

to obtain the segmentation results. The object prediction score is set to 0.5 and the seg-

mentation probability is set to 0.1.
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3.5.4 Model architecture.

Because the visual observation i includes an RGB image and a depth image, we employ two

different CNNs, with different input number of channels, in the Visual Encoder to handle

these two observations separately. After the CNNs extract features from both observations,

we use a linear layer to fuse the two features together. In both tasks, we provide the

observation from a GPS sensor to the policy network. The GPS’s observation is a coordinate

of the target position for ObsNav or the target place for ObjPlace. In addition to the GPS’s

observation, we employ a look-up embedding to encode the category of the target object

for ObjPlace. The Encode and MLP shown in Fig. 3.4 are a look-up embedding layer and

a multi-layer perceptron, respectively. The Self-Attention layer has three MLPs as well to

handle the key, query, and value embedding. Our policy network consists of a GRU state

encoder, a linear layer for the actor (policy), and a linear layer for the critic (value). Fig.3.10

and Fig. 3.11 summarize the details of the architecture for visual encoder, goal embedding,

policy network, and NIE model.
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24 → Linear-32 → Tanh
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Figure 3.10: Detailed architecture of the NIE model. We show model details and

hidden feature dimensions of the NIE model, including the Affine Transformation Module,

the Encode Module, and the Attention Module.
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224x224x3 → CNN-512

224x224x1 → CNN-512 → 1024 → Linear-512

1160 → GRU-512 (hidden: 512)

512 → Linear-1 512 → Linear-10
(Critic) (Actor)

2 (coordinate of target position or target place)
1 → Embedding-8 (*ObjPlace only) 

(See NIP details’ figure)

Figure 3.11: Detailed architecture of the visual encoder, goal embedding, and

policy network. We show model details and hidden feature dimensions of the visual

encoder, the goal embedding, and the policy network.

3.5.5 Reward shaping.

We consider a task successful if the agent invokes the END when the agent achieves the goal.

For ObsNav, the goal is to reach within a certain distance (0.2 meters) to the target location

and for ObjPlace, the object should have overlap with the yellow target mark. If the agent

succeeds in an episode, we provide a reward of +10. We find reward shaping [151] important

to learn the policy in the two studied tasks. We implement reward shaping for each task as

follows:

• ObsNav : Similar to [177], we implement the reward shaping based on geodesic distance.

We provide a reward to the agent after it takes an action based on the change in the geodesic

distance between the current agent position and the target position. If the agent takes an

action resulting in a decrease of the geodesic distance, the agent receives the decreased

amount as the reward. Otherwise, if the taken action causing an increase in the geodesic

distance, the agent receives the amount of increase as a penalty. There are obstacles blocking

the paths to the destination, so we also encourage the agent to take actions to move the

obstacles out of the way. Therefore, the environment provides a −0.5 penalty if the agent

takes any action that blocks a path between the agent and the goal and conversely, a 0.5
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reward if the agent’s action opens a new path to the goal. We let rdis/appear = −0.5 if the

agent’s action resulted in blocking a path, rdis/appear = 0.5 if the agent’s action opened a

path, and rdis/appear = 0 otherwise.

• ObjPlace: For this task, we perform reward shaping only based on the geodesic distance.

We provide a reward to the agent after it takes an action according to the change in the

geodesic distance between the current object position and the target position.

To encourage the agent to finish the task as quickly as possible, we also add a small

penalty −0.01 at each step. As a result, the total reward at step t is:

rt =


rs + rdis/appear + dt−1 − dt + p if goal is reached,

rdis/appear + dt−1 − dt + p otherwise,

where rs is set to 10, dt denotes the geodesic distance between the agent (object) and

the target position at step t, and p is the step penalty which equals −0.01 and −0.002 for

ObsNav and ObjPlace, respectively. Note that the rdis/appear is removed in the ObjPlace task.

However, adding rdis/appear is essential to the ObsNav task, since the policy network with

visual observation i but without rdis/appear does not generalize to the unseen environments

even after 10 million steps of training.

3.6 Baselines

We compare our model with the following baseline methods. Each baseline uses the same

visual encoder and policy network unless stated otherwise.

3.6.1 PPO

This baseline is a Reinforcement Learning based approach that has a visual encoder to ex-

tract features from visual observation i and an embedding layer to encode the GPS readings.

The model is trained by Proximal Policy Optimization [179] and we use the same learning

hyparameters mentioned in Sec. 3.5 to train using this method.
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3.6.2 RGB-D and object segmentation input (RGB-D-S)

This baseline includes a segmentation image as well as the visual observation i. We extend

the Visual Encoder by another CNN to extract features from the segmentation image. As

mentioned in Sec. 3.5, we use the ground truth segmentation during the training stage and

the results generated by MaskRCNN (fine-tuned on our data) at evaluation.

3.6.3 RGB-D and keypoints input (RGB-D-K)

To understand if the keypoints representation extracted from object segmentation is more

meaningful than a pure segmentation image input, we implement this baseline by including

the keypoints extracted by the same heuristic corner detector (Sec. 3.5.2) used in our model

as an additional input. To encode the keypoints, we use the same model architecture as

the NIE module to obtain the semantic action-conditioned state representation ra as well.

However, the LNIE is not used to learn the NIE module in this baseline. The parameters

are updated by the gradients from LPPO only.

3.6.4 PPO + auxiliary loss

We implement two baselines based on PBL [74] and CPC|A [73] to facilitate the policy

learning upon the PPO baseline. During the training stage, both the PBL and CPC|A uti-

lizes Contrastive Predictive Coding as an auxiliary loss to perform predictive representation

learning. To have a fair comparison, we use a GRU with the same hidden size and only

predict one time step in the future.

3.7 Ablations

To perform ablation studies, we evaluate the following variations of our NIE model.

3.7.1 NIE w/o visual observations

To understand if the visual observation i can help the prediction of affine transformation

matrices and the action-conditioned keypoints pa, we implement this model by removing the
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visual input from the NIE. Therefore, the NIE only takes the keypoints in coordinate repre-

sentation with action indices as well as object categories. We use the same hyperparameters

and optimization approach mentioned in Sec. 3.5 to train this model.

3.7.2 NIE w/ 1 × LNIE

We decrease α, which is used to balance the LNIE and LPPO. This provides us with an

insight about the importance of LNIE to learn the entire model.

3.7.3 NIE w/ 10 × LNIE

In this ablation study, we increase the α, which is used to balance the LNIE and LPPO,

to 10. This study shows if a large value of α would have a negative impact on the final

performance.

3.8 Results

3.8.1 Evaluation Metrics

We evaluate all models by Success Rate (SR), Final Distance to Target (FDT), and Success

weighted by Path Length (SPL) [7] for both tasks. SR is the ratio of the number of successful

episodes to the total number of episodes, FDT is the average distance between agent/object

and the target position as the agent issues END or an episode reaches the maximum number

of allowed steps (500), and the SPL is defined as 1
N

∑N
n=1 Sn

Ln
max(Pn,Ln)

, where N is the

number of episodes, Sn denotes a binary indicator of success in the episode n, Pn is the

path length, and Ln is the shortest path distance in episode n.

3.8.2 ObsNav

The quantitative results of the ObsNav task are shown in Tab. 3.1. Our method outperforms

the baselines in all three metrics, which justifies the effect of using the NIE model. The

performance drops for ‘NIE w/o VO’ ablations, which shows that visual information is

required to estimate the location of objects. For example, if an object is pushed against a

wall, the visual information helps to reason that the object will not move. It is not feasible
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Table 3.1: ObsNav results. We show the result of our method (referred to as ‘NIE’) along

with baselines and ablations of our model. We use ↑ and ↓ to denote if larger or smaller

values are preferred. We repeat the experiments three times and report the average.

Methods SR (%) ↑ FDT (m) ↓ SPL ↑

Baselines:

PPO [179] 67.1 0.605 25.7

RGB-D-S 62.8 0.499 25.0

RGB-D-K 70.9 0.459 25.8

PBL [74] 72.2 0.421 28.7

CPC|A [73] 73.8 0.370 29.8

NIE (ours) 80.0 0.304 31.3

Ablations:

NIE w/o VO 72.7 0.375 29.2

NIE w/ 1 × LNIE 74.1 0.377 29.7

NIE w/ 10 × LNIE 78.2 0.278 31.0

to make such predictions just by using the keypoint information alone. Our results on ‘NIE

w/ 1 × LNIE’ and ‘NIE w/ 10 × LNIE’ show that completely relying on the NIE model is

not sufficient and we need exploration as well. On the other hand, exploration alone is not

sufficient. Therefore, a good balance between future prediction and exploration is required.

3.8.3 ObjPlace

The results are shown in Table 3.2. As shown, there is a huge difference between the baseline

models and our model. We investigated the reason for this huge gap. Most of the time the

baseline agent pushes other objects as well and eventually blocks the path towards the

target.
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Table 3.2: ObjPlace results. We show the result of our method (referred to as ‘NIE’)

along with baselines and ablations of our model. We use ↑ and ↓ to denote if larger or

smaller values are preferred. We repeat the experiments three times and report the average.

Methods SR (%) ↑ FDT (m) ↓ SPL ↑

Baselines:

PPO [179] 1.2 3.18 0.85

RGB-D-S 1.2 3.15 0.85

RGB-D-K 1.3 2.84 0.88

PBL [74] 1.3 3.12 0.81

CPC|A [73] 12.0 2.35 9.3

NIE (ours) 17.5 2.22 14.2

Ablations:

NIE w/o VO 0.8 3.07 0.41

NIE w/ 1 × LNIE 15.3 2.11 13.1

NIE w/ 10 × LNIE 13.6 2.26 11.5

3.8.4 Compare to PPO + auxiliary loss.

As mentioned in Sec. 3.6.4, we implemented PBL [74] and CPC|A [73] to compare our

proposed NIE to the policy learned with auxiliary loss. Note that to have a fair comparison,

we use GRU unit with the same hidden size and only predict one time step further in these

two baselines. As shown in Tab. 3.1 as well as Tab. 3.2, the PBL achieves 77.5% and 0.5%

(success rate) on ObsNav and ObjPlace, respectively, and the CPC|A achieves 79.3% and

12.1% (success rate) on ObsNav and ObjPlace, respectively. Our method outperforms both

of these approaches on both tasks. It shows that using a simple contrastive predictive loss

to predict agent’s state as an auxiliary loss is not enough to effectively address the studied

tasks. In contrast, our proposed NIE is able to capture the effects of interactions, thus

achieves better performances.
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Figure 3.12: Qualitative results. Top: An example of the ObsNav task is shown. The

blue box is the obstacle the agent should move away to unblock the path (the blue marking

is just for visualization purposes and not visible to the agent). The agent’s movement is

shown by a dashed trajectory in red in the rightmost image. Bottom: An example of the

ObjPlace task, where the red box is the object that should be displaced and the orange

circle is the target location. The object’s movement is shown by a trajectory in red color.

3.8.5 Qualitative Results

We show qualitative results in Fig. 3.12. The top row shows a successful episode of ObsNav,

where the agent pushes the garbage can away to unblock the path. The bottom row show an

example of the ObjPlace task, where the agent moves the box toward the goal position. It is

interesting to note that the agent goes around the object of interest so it can push it towards

the target location. We provide a supplementary video at https://youtu.be/q8xqxgnLEY4

to show more successful and failure cases. We show how well the NIE model predicts the

future location of keypoints conditioned on the actions.

3.9 Analysis

3.9.1 Estimate of the difficulty of two tasks.

The SPL metric that we report includes the episode length as well. In Tab. 3.3, we show

results for Easy, Medium, and Hard cases. We found our model achieves better performance

https://youtu.be/q8xqxgnLEY4
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on simpler tasks.

Table 3.3: Difficulty categorization. (Success and average # of steps) for different levels

of difficulty. Easy, Medium and Hard (33, 33-66, 66+ percentile of the dataset in terms

episode length).

Easy Medium Difficult

ObsNav 84.2% (43.3) 82.2% (56.7) 80.3% (83.3)

ObjPlace 26.6% (32.9) 21.7% (44.0) 15.8% (55.4)

3.9.2 Improvement with self-attention.

We try our best model (NIE w/ 3×LNIE) with 1, 2, 5 self-attention layers on ObjPlace. The

results are in Tab. 3.4. We conjecture that the models with more self-attention layers may

need more training data/iterations to achieve better results.

Table 3.4: Different number of self-attention layers. We show success rate on ObjPlace

task using different number of self-attention layers.

1 layer 2 layers 5 layers

ObjPlace 17.5% 20.7% 16.7%

3.9.3 Action-conditioned keypoints pa results

We evaluate our action-conditioned keypoints pa prediction on the testing set. Our model

achieves 0.148 and 0.114 L1 loss estimation over 8 keypoints on the ObsNav and ObjPlace,

respectively. We found the model performs worse in the ObsNav because there are more

objects (e.g., obstacles) in this task. Fig. 3.13 shows the qualitative results of our action-

conditioned keypoint prediction.
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Figure 3.13: Qualitative results of action-conditioned keypoints pa prediction. We

show our action-conditioned keypoints pa prediction results over 4 actions on 5 objects in

4 different testing scene (from top to bottom: Kitchen27, Bathroom430, Bedroom328, and

LivingRoom227). The predicted keypoints are shown in red color.
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3.10 Conclusion

We study the problem of predicting the outcome of actions in the context of embodied visual

navigation tasks. We propose Neural Interaction Engine (NIE) to encode the changes to the

environment caused by navigation and interaction actions of the agents. We incorporate NIE

into a policy network and show its effectiveness in two downstream tasks that require long-

horizon planning. The goal of the first task is to reach a target point in an environment while

the paths to the target are blocked. The second task requires pushing an object to a target

point. Our evaluations show the effectiveness of the NIE model in both scenarios, where we

achieve significant improvements over the methods without the capability of predicting the

effect of actions on the surrounding environment.
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Chapter 4

ROBUST NAVIGATION: ACTION IMPACT MODELING VIA
VISUAL FORECASTING

A common assumption when training embodied agents is that the impact of taking an

action is stable; for instance, executing the “move ahead” action will always move the agent

forward by a fixed distance, perhaps with some small amount of actuator-induced noise. This

assumption is limiting; an agent may encounter settings that dramatically alter the impact

of actions: a move ahead action on a wet floor may send the agent twice as far as it expects

and using the same action with a broken wheel might transform the expected translation

into a rotation. Instead of relying that the impact of an action stably reflects its pre-

defined semantic meaning, we propose to model the impact of actions on-the-fly using latent

embeddings. By combining these latent action embeddings with a novel, transformer-based,

policy head, we design an Action Adaptive Policy (AAP). We evaluate our AAP on two

challenging visual navigation tasks in the AI2-THOR environment and show that our AAP is

highly performant even when faced, at inference-time, with missing actions and, previously

unseen, perturbed action spaces. The results show that our AAP performs consistently

better across various unseen drifts, and even works well when some actions are disabled

at inference. Moreover, we observe significant improvement in robustness against these

actions when evaluating in real-world scenarios. The code and environment are available at

prior.allenai.org/projects/action-adaptive-policy.

4.1 Introduction

Humans show a remarkable capacity for planning when faced with substantially constrained

or augmented means by which they may interact with their environment. For instance, a

human who begins to walk on ice will readily shorten their stride to prevent slipping.

Likewise, a human will spare little mental effort in deciding to exert more force to lift

their hand when it is weighed down by groceries. Even in these mundane tasks, we see

prior.allenai.org/projects/action-adaptive-policy
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that the effect of a humans’ actions can have significantly different outcomes depending on

the setting: there is no predefined one-to-one mapping between actions and their impact.

The same is true for embodied agents where something as simple as attempting to moving

forward can result in radically different outcomes depending on the load the agent carries,

the presence of surface debris, and the maintenance level of the agent’s actuators (e.g.,

are any wheels broken?). Despite this, many existing tasks designed in the embodied AI

community [15, 34, 43, 54, 67, 68, 83, 97, 108, 121, 156, 183, 197, 216, 219, 243] make the

simplifying assumption that, except for some minor actuator noise, the impact of taking

a particular discrete action is functionally the same across trials. We call this the action-

stability assumption (AS assumption). Artificial agents trained assuming action-stability

are generally brittle, obtaining significantly worse performance, when this assumption is

violated at inference time [32]; unlike humans, these agents cannot adapt their behavior

without additional training.

In this chapter, we study how to design a reinforcement learning (RL) policy that allows

an agent to adapt to significant changes in the impact of its actions at inference time. Unlike

work in training robust policies via domain randomization, which generally leads to learning

conservative strategies [111], we want our agent to fully exploit the actions it has available:

philosophically, if a move ahead action now moves the agent twice as fast, our goal is not to

have the agent take smaller steps to compensate but, instead, to reach the goal in half the

time. While prior works have studied test time adaptation of RL agents [111, 146, 223, 237],

the primary insight in this chapter is an action-centric approach which requires the agent

to generate action embeddings from observations on-the-fly (i.e., no pre-defined association

between actions and their effect) where these embeddings can then be used to inform future

action choices.

In our approach, summarized in Fig. 4.1, an agent begins each episode with a set of

unlabelled actions A = {a0, ..., an}. Only when the agent takes one of these unlabelled

actions ai at time t, does it observe, via its sensor readings, how that action changes the

agent’s state and the environment. Through the use of a recurrent action-impact encoder

module, the agent then embeds the observations from just before (ot) and just after (ot+1)

taking the action to produce an embedding of the action ei,t. At a future time step t′,
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Figure 4.1: Robust Navigation: Action Impact Modeling via Visual Forecasting.

An agent may encounter unexpected drifts during deployment due to changes in its internal

state (e.g., a defective wheel) or environment (e.g., hardwood floor v.s. carpet). Our

proposed Action Adaptive Policy (AAP) introduces an action-impact encoder which takes

state-changes (e.g., ot → ot+1) caused by agent actions (e.g., at−1) as input and produces

embeddings representing these actions’ impact. Using these action embeddings, the AAP

utilizes a Order-Invariant (OI) head to choose the action whose impact will allow it to most

readily achieve its goal.

the agent may then use these action-impact embeddings to choose which action it wishes

to execute. In our initial experiments, we found that standard RL policy heads, which

generally consist of linear function acting on the agent’s recurrent belief vector bt, failed to

use these action embeddings to their full potential. As we describe further in Sec. 4.4.4,

we conjecture that this is because matrix multiplications impose an explicit ordering on

their inputs so that any linear-based actor-critic head must treat each of the n! potential

action orderings separately. To this end, we introduce a novel, transformer-based, policy

head which we call the Order-Invariant (OI) head. As suggested by the name, this OI

head is invariant to the order of its inputs and processes the agent’s belief jointly with the

action embeddings to allow the agent to choose the action whose impact will allow it to
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most readily achieve its goal. We call this above architecture, which uses our recurrent

action-impact encoder module with our OI head, the Action Adaptive Policy (AAP).

To evaluate the AAP, we train agents to complete two challenging visual navigation tasks

within the AI2-THOR environment [107]: Point Navigation (PointNav) [43] and Object

Navigation (ObjectNav) [43]12. For these tasks, we train models with moderate amounts of

simulated actuator noise and, during evaluation, test with a range of modest to severe unseen

action impacts. These include disabling actions, changing movement magnitudes, rotation

degrees, etc.; we call these action augmentations drifts. We find that, even when compared

to sophisticated baselines, including meta-learning [223], a model-based approach [243],

and RMA [111], our AAP approach handily outperforms competing baselines and can even

succeed when faced with extreme changes in the effect of actions. Further analysis shows

that our agent learns to execute desirable behavior at inference time; for instance, it quickly

avoids using disabled actions more than once during an episode despite not being exposed

to disabled actions during training. In addition, the experimental results (Sec. 4.12) in a

real-world test scene from RoboTHOR on the Object Navigation task demonstrate that our

AAP performs better than baselines against unseen drifts.

In summary, our contributions include: (1) an action-centric perspective towards test-

time adaptation, (2) an Action Adaptive Policy network consisting of an action-impact

encoder module and a novel order-invariant policy head, and (3) extensive experimentation

showing that our proposed approach outperforms existing adaptive methods.

4.2 Related Work

4.2.1 Adaptation.

There are various approaches in the literature that address adaptation to unknown envi-

ronments, action effects, or tasks.

1We also show results in a modified PettingZoo environment [199]: Point Navigation and Object Push in
Sec. 4.10.

2We also show results in a modified Habitat environment [177]: Point Navigation in Gibson v1 in Sec. 4.11.
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4.2.2 Novel environments

These approaches explore the adaptation of embodied agents to unseen environment dy-

namics [1, 56, 111, 112, 124, 125, 129, 155, 161, 187, 223, 236, 244, 249]. Various techniques

such as meta-learning [223], domain randomization [236], and image translation [124], have

been used for adaptation. In contrast to these approaches, we address changes in the ac-

tions of the agent as well. Moreover, unlike some of these approaches, e.g. [124], we do not

assume access to the test environment.

4.2.3 Damaged body and perturbed action space

These methods focus on scenarios that the effect of the actions changes during inference

time as a result of damage, weakened motors, variable load, or other factors. [237] study

adaptation to a weakened motor. [146] explore adaptation to a missing leg. [235] adapt to

differences in mass and inertia of the robot components. Our approach is closer to those of

[237] and [146] that also consider changes in environment structures as well. Nonetheless,

these works focus on using meta-learning for locomotion tasks and optimize the model at

the testing phase while we do not optimize the policy at inference time. In our experiments,

we find we outperform meta-learning approaches without requiring, computationally taxing,

meta-learning training.

4.2.4 Novel tasks

Several works focus on adapting to novel tasks from previously learned tasks or skills [35,

58, 61, 75, 93]. We differ from these methods as we focus on a single task across training

and testing.

4.2.5 Out-of-distribution generalization

Generalization to out-of-distribution test data has been studied in other domains such as

computer vision [89, 160], NLP [133, 245], and vision & language [2, 5]. In this chapter, our

focus is on visual navigation, which in contrast to the mentioned domains, is an interactive

task and requires reasoning over a long sequence of images and actions.
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4.2.6 System identification

Our idea shares similarities with the concept of System Identification [13, 19, 38, 120, 180,

202]. The major difference between our approach and the mentioned works is that we use

visual perception for adaptation.

4.3 Problem Formulation

In this chapter, we aim to develop an agent which is robust to violations of the AS assump-

tion. In particular, we wish to design an agent that quickly adapts to settings where the

outcomes of actions at test time differ, perhaps significantly, from the outcomes observed

at training time; for instance, a rotation action might rotate an agent twice as far as it

did during training or, in more extreme settings, may be disabled entirely. We call these

unexpected outcomes of actions, drifts. As discussed in Sec. ??, the AS assumption is preva-

lent in existing embodied AI tasks and thus, to evaluate how well existing models adapt to

potential drifts, we must design our own evaluation protocol. To this end, we focus on two

visual navigation tasks, Point and Object Navigation (PointNav and ObjectNav), as (1)

visual navigation is a well-studied problem with many performant, drift-free or fixed-drift,

baselines, and (2) the parsimonious action space used in visual navigation (Move, Rotate,

and End) allows us to more fully explore the range of drifts possible for these tasks. We will

now describe the details of how we employ drifts to evaluate agents for these tasks.

In this chapter, we assume that a particular drift, perhaps caused by a defective sensor,

broken parts, motor malfunction, different amount of load, or stretched cable [20], may

change across episodes. We focus primarily on two categories of potential drift occurring

in visual navigation tasks: movement drift dm, which causes an unexpected translation

when executing a Move action, and rotation drift dr, which leads to an unexpected rotation

when executing a Rotate action. More specifically, we semantically define the movement

and rotation actions as Move(d)= “move forward by d meters” and Rotate(θ)= “rotate

by θ degrees clockwise”. As we describe below, the semantic meaning of these actions

is designed to be true, up to small-to-moderate noise, during training, but may change

significantly during evaluation.
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For each training and evaluation episode, a movement drift dm and a rotation drift dr

are sampled and fixed throughout the episode. At every step, upon executing Move(d)

the agent experiences a d + dm + nd translation toward its forward-facing direction, where

the nd represents the high-frequency actuator noise from the RoboTHOR environment [43].

Similarly, when the agent executes Rotate(θ), the agent rotates by θ + dr + nθ degrees

where nθ again represents high-frequency actuator noise. To evaluate robustness to the AS

assumption, the strategies we use to choose dm and dr differ between training and evaluation

episodes.

• During training. At the start of a training episode, we sample movement drift dm ∼

U(−p, p) and rotation drift dr ∼ U(−q, q), where U(·, ·) denotes a uniform distribution and

|p| ≪ um as well as |q| ≪ 180◦. We set um = 0.25m, the standard movement magnitude in

RoboTHOR.

• During inference. At the start of an evaluation episode, we sample movement drift

dm /∈ [−p, p] and a rotation drift dr /∈ [−q, q].

Note that the drifts chosen during evaluation are disjoint from those seen during training.

4.4 Action Adaptive Policy (Model)

We first overview our proposed Action Adaptive Policy (AAP) in Sec. 4.4.1. We then

present the traditional state encoder used for Embodied Agent policy in Sec. 4.4.2. We

further introduce the details of our action-impact encoder and Order-Invariant (OI) head in

Sec. 4.4.3 and Sec. 4.4.4, respectively. Finally, we describe our training strategy in Sec. 4.4.5.

4.4.1 Model Overview

The goal of our model is to adapt based on action impacts it experiences at test time.

To accomplish this, the Action Adaptive Policy (AAP) includes three modules: a state

encoder, an action-impact encoder, and a policy network with an order-invariant head (OI

head), as illustrated in Fig. 4.2. The state encoder is responsible for encoding the agent’s

current observation, including a visual observation vt and the task goal, into a hidden state

ht. The action-impact encoder processes the current observation, previous observation, and

previous action at−1 to produce a set of action embeddings Et, one embedding for each action
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Figure 4.2: Model Overview. Our model includes three modules: a state encoder, an

action-impact encoder, and a policy network with an order-invariant head (OI head). The

blue and purple colors denote learnable modules, and the yellow and light gray color rep-

resents hidden state from the state encoder and action embedding from the action-impact

encoder.

in the action space A. More specifically, the job of the action-impact encoder is to update

the action embeddings via the previous action recurrently using the encoded state-change

feature (Sec. 4.4.3). Note that the embeddings ei,t ∈ Et are not given information regarding

which action was called to produce them; this is done precisely so that the agent cannot

memorize the semantic meaning of actions during training and, instead, must explicitly

model the impact of each action. Finally, the policy network with the OI head takes both

the hidden state ht and the set of action embeddings Et as inputs and predicts an action

at.

4.4.2 State Encoder

Following [16, 102, 220], we implement the state encoder with a visual encoder and an

embedder, as shown in Fig 4.3. Note that popular baseline policy models used for embodied

AI tasks frequently employ a policy network directly after the state encoder to produce the
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Figure 4.3: State Encoder is composed of a visual encoder for visual encoding and a

embedder for task goal. The light red and dark blue colors indicate the learnable visual

encoder and goal embedder, respectively.

agent’s action. In this chapter, we use an RGB image as our visual observation vt. For

the PointNav task goal, we follow [177] and use both GPS and compass sensors to provide

the agent with the angle and distance to the goal position, {∆ρt,∆ϕt}. For the ObjectNav

task, we follow [43] and provide the agent with a semantic token corresponding to the

goal object category as the task goal. We use a CLIP-pretrained ResNet-50 [86, 167] as

our visual encoder and a multi-layer perceptron (MLP) as the embedder to obtain visual

representation rt and goal representation g, respectively. Finally, we concatenate them to

construct the hidden state ht.

4.4.3 Action-Impact Encoder

In this section, we introduce the action-impact encoder, see Fig. 4.4. The goal of this

encoder is to produce a set of action embeddings Et which summarize the impact of actions

the agent has taken in the episode so far. To adapt to unseen drifts during inference, these

action embeddings should not overfit to action semantics, instead they should encode the

impact that actions actually have at inference time. The action-impact encoder first extracts

a state-change feature f from two consecutive observations. It then utilizes a recurrent

neural network (RNN) to update the action embedding ei,t according to the previous action

at−1=ai. As the action-impact encoder generates embeddings for each action ai without
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Figure 4.4: Action-Impact Encoder. The input to the action-impact encoder are two

consecutive observations and the previous action. The encoder first extracts visual rep-

resentations and a goal representation via a ResNet-50 and an Embedder. Concatenated,

these form a state-change feature ft. The encoder then uses the previous action at−1=ai

to retrieve the corresponding memory mi. With mi, an RNN maps ft to an embedding.

Finally, the encoder registers this embedding as the action embedding ei,t if ai is not a

“special” action (i.e., a non-actuator-based action). Otherwise, the encoder registers an

action embedding obtained from the Action-Order Encoder into ei,t.

using semantic information about the action, every embedding ei,t only encodes the effect

of its corresponding action. The decision to not use information about action semantics has

one notable side-effect: at the start of an episode, all action embeddings ei,0 will be equal

so that the agent will not know what any of its actions accomplish. It is only by using its

actions, and encoding their impact, that the agent can learn how its actions influence the

environment.

During the feature extraction stage, we employ the same visual encoder and embedder

used by the state encoder to process the visual observations, vt and vt−1, and the task goal.

A linear layer is used to project the two concatenated visual representations [rt, rt−1] ∈ Rl to

r∗t ∈ R
l
2 , where l = 1024 for PointNav and l = 3136 for ObjectNav. We then concatenate r∗t

and the goal representation g, to form the state-change feature ft = [r∗t , g], see the Feature

Extract stage of Fig. 4.4.

After feature extraction, we apply an RNN, namely a GRU [36], to summarize state



68

changes through time, as illustrated in the Encode stage of Fig. 4.4. The use of a recurrent

network here allows the agent to refine its action embeddings using many observations

through time and also ignore misleading outliers (e.g., without a recurrent mechansim, an

agent that takes a Move action in front of a wall may erroneously believe that the move

action does nothing). To update the action embeddings recurrently, we utilize the previous

action at−1 = ai to index into a matrix of memory vectors to obtain the latest memory

mi associated with ai. This memory vector is passed into the RNN with ft recurrently. In

this way, the state-change resulting from action ai only influences the embedding ei. Note

that we use the same RNN to summarize the state-changes for all actions. Moreover, since

at−1 is only used to select the memory, the RNN is agnostic to the action order and focuses

only on state-change modeling. Thus, the action embedding produced by the RNN does not

contain action semantics, but does carry state-changes information (i.e., action impact).

One technical caveat: the PointNav and ObjectNav tasks both have a special End action

that denotes that the agent is finished and immediately ends the episode. Unlike the other

actions, it makes little sense to apply action drift to End as it is completely independent

from the agent’s actuators. We, in fact, do want our agent to overfit to the semantics of End.

To this end we employ an Action-Order Encoder which assigns a unique action embedding

to the End in lieu of the recurrent action embedding. Note that these types of unique action

embeddings are frequently used in traditional models to encode action semantics. Finally,

we register the recurrent embedding into the action embedding ei,t via the previous action

at−1 = ai, if this action ai is not the End (Encode panel of Fig. 4.4); otherwise, we register

the action embedding ei,t as the output of the Action-Order Encoder.

4.4.4 Policy Network with an Order-invariant Head

Standard policy networks in embodied AI use an RNN to summarize state representations ht

through time and an actor-critic head to produce the agent’s policy (a probability distribu-

tion over actions) and an estimate of the current state’s value. Frequently, this actor-critic

head is a simple linear function that maps the agent’s current beliefs bt (e.g., the output of

the RNN) to generate the above outputs, see Fig. 4.5 (b). As the matrix multiplications
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Figure 4.5: (a) Policy Network with Order-Invariant Head first flattens the input and

uses an RNN to produce a belief b. An Order-Invariant head further processes the action

embeddings E and belief b to predict action probability and value. (b) Linear actor-critic

takes the belief b from RNN to predict action probability and value. (c) Order-Invariant

Head is invariant to the order of its inputs so the policy predicts the action probability

and value based on state-changes (i.e., action impact) instead of action semantics (i.e., a

consistent action order).

used by this linear function require that their inputs and outputs be explicitly ordered, this

imposes an explicit, consistent, ordering on the agent’s actions. More specifically, let the

weight matrix in the linear mapping be W = [w0| . . . |wn]T , then wi are the unique set

of weights corresponding to the ith action ai. Because the wT
i is specifically learned for

the ith action during the training stage, it encodes the semantics of action ai and thereby

prevents the policy from generalizing to unexpected drifts applied to ai. For example, if the

action ai is Rotate(30◦), and the policy is learned with training drifts in the range between

[−15◦, 15◦], then policy will fail catastrophically when experiencing an unexpected drift 20◦

because the policy has overfit to the semantics that the ai should only be associated with

30◦ ± 15◦ rotation.

To address this issue, we propose to equip our policy network with a transformer-based
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Order-Invariant (OI) actor-critic head, as shown in Fig. 4.5 (a). The OI head, illustrated

in Fig. 4.5 (c), takes both the belief bt and the action embeddings e0,t, . . . , en,t as input to

produce o0,t, . . . , on,t, on+1,t, where the on+1,t is produced by bt. A Feed-Forward Layer then

maps the o0,t, . . . , on,t to action logits and the on+1,t to an estimate of the current state’s

value. Finally, we apply Softmax on the action logits to generate action probabilities. We

implement the OI head using a Transformer [200] encoder without a positional encoding.

By design, the extensive weight sharing in a transformer (e.g., the query, key, and value

embedding, as well as the Feed-Forward Layer are shared across all the input tokens) means

that there are no unique weights assigned to any particular action.

In conclusion, as (1) the transformer uses the same weights for each input embedding, (2)

the removal of positional encoding prevents the model from focusing on action semantics,

and (3) the set of action embeddings E is used to represent the impact of actions, the

proposed AAP can choose the action most useful for its goal despite unexpected drifts.

In Sec. 4.8 we show the importance of weight sharing and the action embeddings E by

comparing our overall model with two ablations: (i) AAP but with a linear actor-critic

head and, (ii) AAP but with no Action-Impact Encoder.

4.4.5 Training Strategy

To train our agent, we use DD-PPO [222] to perform policy optimization via reinforce-

ment learning. To endow the action embeddings E with an ability to describe the state-

change between two consecutive observations, we utilize an auxiliary model-based forward

prediction loss to optimize the action-impact encoder. In particular, we apply a Feed-

Forward Layer (a shared MLP applied to each input independently), which operates on

each embedding {e0, . . . , en} independently to predict the agent state-change from the cur-

rent step t to the next step t + 1. As long as the RNN in the action-impact encoder

has been exposed to state-changes resulting from an action, the action-impact encoder

can learn to predict the precise agent state change ∆st+1. Our forward prediction loss

is optimized jointly alongside DD-PPO using the same collection of on-policy trajectories

collected in standard DD-PPO training. Namely, if M consecutive agent steps are col-
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lected during an on-policy rollout, then we apply a simple MSE Loss w.r.t the ground-truth

agent state-changes ∆s∗ = {∆s∗t−M ,∆s∗t−M+1, ...,∆s∗t }: Lforward = MSE(∆s,∆s∗), where

∆s = {∆st−M ,∆st−M+1, ...,∆st} are the predicted agent state-changes. Therefore, our

overall learning objective is L = LPPO +αLforward, where α controls the relative importance

of Lforward. We set α = 1.0 in this chapter. For model optimization details, see Fig. 4.6 in

the Sec. 4.5.2.

4.5 Experiments

In our experiments, we aim to answer the following questions: (1) How does the proposed

AAP perform when exposed to expected or modest drifts and how does this performance

compare to when it is exposed to unseen or severe drifts? (2) Can the AAP handle extreme

cases where some actions are disabled and have no effect on the environment? (3) When

faced with multiple disabled actions, can the AAP recognize these actions and avoid using

them? (4) Is it important to use the action-impact encoder and OI head jointly or can using

one of these modules bring most of the benefit? (5) Qualitatively, how does the AAP adapt

to, previously unseen, action drifts?

4.5.1 Implementation details.

We consider two visual navigation tasks, PointNav and ObjectNav, using the RoboTHOR

framework [43]. RoboTHOR contains 75 scenes replicating counterparts in the real-world

and allows for rich robotic physical simulation (e.g., actuator noise and collisions). The

goals of the two tasks are for the agent to navigate to a given target; in PointNav this

target is a GPS coordinate and in ObjectNav this target is an object category. In the

environment, we consider 16 actions in action space A = {Move(d), Rotate(θ), End},

where d ∈ {0.05, 0.15, 0.25} in meters and θ ∈ {0◦,±30◦,±60◦,±90◦,±120◦,±150◦, 180◦}.

We set p = 0.05m so that we sample movement drifts dm ∼ U(−0.05, 0.05) and q = 15◦

so that we sample rotation drifts dr ∼ U(−15◦, 15◦) during training. We then evaluate

using drifts d∗m ∈ {±0.05,±0.1, 0.2, 0.4} and d∗r ∈ {±15◦,±30◦,±45◦,±90◦,±135◦, 180◦}.

Note that only dm = ±0.05 and dr = ±15◦ are drifts seen during training. The agent

is considered to have successfully completed an episode if it takes the End action, which
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always immediately ends an episode, and its location is within in 0.2 meters of the target for

PointNav or if the target object is visible and within 1.0 meters for ObjectNav. Otherwise,

the episode is considered a failure. We use the AllenAct [220] framework to conduct all the

experiments. During training, we employ the default reward shaping defined in AllenAct:

Rpenalty+Rsuccess+Rdistance, where Rpenalty = −0.01, Rsuccess = 10, and Rdistance denotes the

change of distances from target between two consecutive steps. See Sec. 4.5.2 for training

and model details.
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t

t - 1
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Backward from ℒPPO 
Backward from ℒforward 

Figure 4.6: Training Pipeline. The forward pass is in black color, the backward from

LPPO is in red color, and the backward from Lforward is in orange color.

4.5.2 Training Pipeline, Hyperparameters, and Time Complexity

- Training Pipeline and Hyperparameters. The training pipeline for forward pass and back-

ward update is shown in the Fig. 4.6. During training, we use the Adam optimizer and an

initial learning rate of 3e−4 that linearly decays to 0 over 75M and 300M steps for the two

tasks, respectively. We set the standard RL reward discounting parameter γ to 0.99, λgae

to 0.95, and number of update steps to 128 for LPPO. The α for Lforward is set to 1. Finally,

we train the policy for 75M and 200M steps for PointNav and ObjectNav respectively and

evaluate the model every 5 million steps.
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- Time complexity. Theoretically, the time-complexity for the OI transformer head is

O(n2), where the n is the number of actions in the action space. However, as the number of

actions is usually fairly small, our AAP doe snot suffer from the same problems frequently

plague transformer-based models with their n2 complexity in the sequence length. At run-

time, we evaluate models by a personal desktop with a Intel i9-9900K CPU, 64G DDR4-3200

RAM, 2 Nvidia RTX 2080 Ti GPUs. The framework (w/ our AAP) spends ≈ 35 minutes

evaluating 1.8k val episodes with 5 parallel processes on the Point Navigation task. The

average episode length is ≈ 117. As a result, the FPS (or interaction per second) is ≈ 100.3.

During the training phase, we used an AWS machine with 48 vCPUs, 187G RAM, and 4

Nvidia Tesla T4 GPUs to train the policy. The FPS (or interaction per second) is ≈ 400

for our AAP.

4.6 Baselines

Each baseline method uses the same visual encoder, goal embedder, RNN and linear actor-

critic in the policy network unless stated otherwise. We consider following baselines.

4.6.1 - EmbCLIP

EmbCLIP [102] is a baseline model implemented in AllenAct that uses a CLIP-pretrained

ResNet-50 visual backbone. It simply uses a state-encoder to obtain hidden state ht, applies

a RNN to obtain recurrent belief bt over ht, and uses a linear actor-critic head to predict

an action at via bt. This architecture is used by the current SoTA agent for RoboTHOR

ObjectNav without action drift [45].

4.6.2 - Meta-RL

Meta-RL [223] is an RL approach based on Meta-Learning [61]. However, since we do

not provide reward signal during inference, we cannot simply apply an arbitrary meta-RL

method developed in any prior work. Thus, we follow [223] to employ the same Lforward in

our AAP as the meta-objective during training and inference. We add an MLP after the

belief bt in the EmbCLIP baseline policy to predict the next agent state-change ∆st+1 to
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enable the meta-update phase during both training and inference stages.

4.6.3 - RMA

RMA [111] is a method assessing environmental properties using collected experiences. Al-

though they focus on locomotion tasks, we adapt their idea into our studied problem. At

the first stage in RMA training, we input both the movement drift dm and rotation drift dr

into the model to learn a latent code c ∈ R8 of the environment. The policy network then

takes c as an additional representation to make a prediction. During the second training

stage, we follow [111] to learn a 1-D Conv-Net that processes the past 16 agent states to

predict c. In this stage, all modules are frozen, except for the 1-D Conv-Net.

4.6.4 - Model-Based

Model-Based [243] is a model-based forward prediction approach for the agent state-changes

∆s. However, they focus on predicting the future agent state-changes associated with

different actions, and further embed them into action embeddings. Moreover, they use a

linear actor-critic to make a prediction which does not fully utilize the advantage of our

action-centric approach.

4.7 Ablation Studies

We investigated which module in the AAP contributes the most to the performance, or

if they are all necessary and complementary to one another. We conducted the ablation

studies on PointNav by comparing our proposed AAP to following two baselines.

4.7.1 LAC

, LAC is a variant of AAP that uses a linear actor-critic head instead of our OI head. We

compare our AAP to this baseline to investigate if the OI head is necessary to select an

action from the encoded action-impact embedding.
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4.7.2 Action-Semantics

, Action-Semantics is a variant of AAP that uses the OI head without the Action-Impact

Encoder. We follow the traditional policy used for embodied agents (e.g. EmbCLIP)

to implement unique learnable embeddings for each unique action. However, since this

learnable embeddings are fixed after the training stage, they do not encode the state-changes

on-the-fly from the latest observations at inference. This, this baseline shows the importance

of the proposed action-impact embedding.

4.8 Results

4.8.1 Evaluation Metrics

We evaluate all models by their Success Rate (SR); we also report the popular SPL [8],

Episode Length, Reward, Distance to Target, and soft-SPL [40] metric in Sec. 4.9.2. SR

is the proportion of successful episodes over the validation set. In addition, we report

the Avoid Disabled Actions Rate (ADR) and Disabled Action Usage (DAU) metrics in the

Disabled Actions experiments. The ADR equals the proportion of episodes in which the

agent uses no disabled action more than once, and the DAU computes the total number of

times disabled actions are used averaged across all episodes.

4.8.2 Different Drifts

The quantitative results for PointNav and ObjectNav are shown in Fig. 4.7. As shown, the

SR of competing baselines decreases remarkably as the movement drifts dm and rotation

drifts dr increase from modest (dm=± 0.05, dr=± 15◦) to more severe (dm=0.4, dr=180◦).

Alternatively, our AAP performs consistently across all the drift changes and outperforms

baselines significantly. Note that the baselines perform well (SR≈1.0 for PointNav and

SR≈46% for ObjectNav) with seen drifts (dm=0.05, dr=15◦), but our AAP achieves consis-

tent SR across all drifts because the action embeddings effectively capture the state-changes

associated with actions so the OI head can thereby recognize that, for instance, action ai =

Rotate(30◦) becomes another action aj = Rotate(120◦) with rotation drift dr = 90◦ during

inference. As the magnitude of movement actions are not bounded (unlike rotation actions
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Figure 4.7: AAP results. Top: PointNav evaluation. Bottom: ObjectNav evalua-

tion. We compare the proposed AAP with baselines, including EmbCLIP, Meta-RL,

RMA, and Model-Based. We measure the SR over different drifts, including d∗m =

{±0.05,±0.1, 0.2, 0.4} and d∗r = {±15◦,±30◦,±45◦,±90◦,±135◦, 180◦}. See Sec. 4.9.1 for

an example of how our AAP learns to handle unseen drifts by using the Action-Impact

Encoder and OI head.

Rotate(θ), where θ ∈ [−180◦, 180◦]), AAP’s performance begins to decrease for very large

movement drifts (e.g., dm = 0.4).

4.8.3 Disabled Actions

We consider two experimental settings to evaluate how models perform when some actions

are disabled (e.g., due to to a malfunctioning motors or damaged wheel). In the first setting

we disable the 5 rotation angles θright ∈ {30◦, 60◦, 90◦, 120◦, 150◦} so that the agent cannot

rotate clockwise. In the second setting, we disable θleft ∈ {−30◦,−60◦,−90◦,−120◦,−150◦}

so that the agent can only rotate clockwise. We otherwise set dm = 0.2m and dr = 0◦ in this

experiment. The SR for PointNav and ObjectNav are shown in Tab. 4.1a and Tab. 4.1b.



77

Table 4.1: Disabled Actions. Success Rate (SR) in PointNav (a) and ObjectNav (b). The

baselines are EmbCLIP, Meta-RL, RMA, and Model-Based. ↑ indicate if larger numbers

are preferred.

(a) PointNav Success Rate (SR)

SR↑ disable θleft disable θright

AAP (Ours) 96.0±1.1 98.0±0.9

EmbCLIP 11.8±1.4 13.0±1.3

Meta-RL 29.2±4.8 28.6±3.4

RMA 12.5±1.6 12.8±4.4

Model-Based 21.5±10.7 14.0±2.8

(b) ObjectNav Success Rate (SR)

SR↑ disable θleft disable θright

AAP (Ours) 31.2±3.3 38.8±3.0

EmbCLIP 12.8±3.2 23.8±1.7

Meta-RL 18.7±1.7 26.2±1.9

RMA 9.3±6.8 24.2±2.1

Model-Based 19.2±1.2 9.9±1.2

As shown, there is a huge difference between the baselines and AAP; for instance, for the

PointNav task, AAP achieves near 100% SR while the best competing baseline (Meta-RL)

achieves <35%. In addition, AAP outperforms the baselines by at least 15.2% on average

in ObjectNav. We further report the ADR and DAU metrics for this task in Tab. 4.2a,

Tab. 4.2b, Tab. 4.3a, and Tab. 4.3b; from these tables we see that AAP is very effective at

recognizing what actions are disabled through the proposed action embeddings E, see ADR,

and efficiently avoids using such actions, see DAU. Fig. 4.8 shows an example with θleft on

PointNav and another one with θright on ObjectNav. See more examples in Sec. 4.9.3 and

Fig. 4.15.

4.8.4 Ablation Studies

We conducted the ablation studies on PointNav by comparing our proposed AAP to: (1)

“LAC”, a variant of AAP that uses a linear actor-critic head instead of our OI head and (2)

“Action-Semantics”, a variant of AAP that uses the OI head without the Action-Impact

Encoder (so there are unique learnable embeddings for each unique action). The results

are shown in Fig. 4.9. Although Action-Semantics achieves similar SR to AAP when dr ∈

{15◦, 30◦}, its performance starts decreasing as the drifts become more dramatic. On the
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Table 4.2: Disabled Actions. Avoid Disabled Actions Rate (ADR) in PointNav (a) and

ObjectNav (b). The baselines are EmbCLIP, Meta-RL, RMA, and Model-Based. ↑ indicate

if larger numbers are preferred.

(a) Analysis of disabled actions in PointNav

ADR↑ disable θleft disable θright

AAP (Ours) 12.5±1.3 18.4±0.9

EmbCLIP 0.3±0.1 1.0±0.2

Meta-RL 0.7±0.4 0.6±0.5

RMA 0.4±0.1 0.5±0.4

Model-Based 0.7±0.5 0.6±0.4

(b) Analysis of disabled actions in ObjectNav

ADR↑ disable θleft disable θright

AAP (Ours) 3.2±0.3 5.3±3.8

EmbCLIP 0.6±0.2 2.9±0.2

Meta-RL 2.0±0.5 2.2±0.4

RMA 0.6±0.3 2.6±0.4

Model-Based 2.5±0.4 1.5±0.8

Table 4.3: Disabled Actions. Disabled Action Usage (DAU) in PointNav (a) and Ob-

jectNav (b). The baselines are EmbCLIP, Meta-RL, RMA, and Model-Based. ↓ indicate if

smaller numbers are preferred.

(a) Analysis of disabled actions in PointNav

DAU↓ disable θleft disable θright

AAP (Ours) 27.8±3.1 15.7±1.4

EmbCLIP 93.9±0.9 93.3±0.3

Meta-RL 83.1±9.8 85.2±7.5

RMA 94.4±0.8 95.2±0.7

Model-Based 89.4±7.1 96.1±1.7

(b) Analysis of disabled actions in ObjectNav

DAU↓ disable θleft disable θright

AAP (Ours) 41.4±5.3 28.5±8.5

EmbCLIP 90.5±3.7 71.2±1.7

Meta-RL 80.1±6.3 84.5±8.4

RMA 95.9±1.5 73.3±4.3

Model-Based 81.4±5.7 89.8±5.4

other hand, the poor SR of LAC confirms our OI head is far better able to leverage the

predicted action embeddings than a linear actor-critic.
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Figure 4.8: Qualitative Results. Examples of PointNav (top) and ObjectNav (bottom),

where dm = 0.2 and dr = 0◦ and dr = −30◦. Rotate left and rotate right actions are

disabled, respectively. The agent adapts by rotating in the other direction to compensate

for the disabled actions.
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Figure 4.9: Ablation studies. We conducted the ablation studies on PointNav by com-

paring AAP to: (1) “LAC”, a variant of AAP that uses a linear actor-critic head instead of

our OI head and (2) “Action-Semantics”, a variant of AAP that uses the OI head without

the Action-Impact Encoder.
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4.9 Analysis

4.9.1 Generalization of AAP to Unseen Drifts

We provide an example here to illustrate how our AAP generalizes to unseen drifts dur-

ing the testing stage. In the training stage, the rotation actions cover all degrees θ ∈

{−150◦ ± 15◦,−120◦ ± 15◦, ..., 150◦ ± 15◦, 180◦ ± 15◦} despite with small drifts dr = ±15◦,

our AAP observed all possible rotation outcomes over [−180◦, 180◦]. Therefore, dur-

ing the testing stage, taking d∗r = 180◦ as an example, our policy can recognize the

effect of ai = rotate(30◦ + 180◦drifts) is equivalent to the effect of another action aj :

rotate(−150◦) which was seen in the training stage. Likewise, since the movement mag-

nitude d ∈ {0.05 ± 0.05, 0.15 ± 0.05, 0.25 ± 0.05} can cover [0, 0.3], our model performs

well when the movement magnitude is within this range. This example highlights the core

technical contributions, namely the action-impact embedding and OI head, in this chapter.

With the action-impact embedding and OI head, we prevent the policy from remembering

the action semantics, and allow it to focus on modeling the effect of actions.

4.9.2 More Quantitative Results

We show more quantitative results for PointNav and ObjectNav in Fig. 4.10, Fig. 4.11,

Fig. 4.12, Fig. 4.13, and Fig 4.14 by SPL, Episode Length, Reward, Distance to Target,

and soft-SPL As shown, the SPL, soft-SPL, and Episode Length of competing baselines

achieve better results than AAP at the modest drifts (dr= ± 15◦,±30◦), but they perform

significantly worse at more severe drifts. Note that our AAP initially has no idea about the

state-changes resulting from each action, it has to spend more time exploring the effects of

actions in the beginning of a new episode. As a result, it results in a longer episode length

comparing to the baselines with seen drifts. On the other hand, our AAP achieves consistent

SPL, Episode Length, Reward, Distance to Target, and soft-SPL across all the drift changes

and outperforms baselines remarkly. It is because AAP does not memorize action semantics,

but relies on its experiences in the inference time to embed the action embeddings E on-

the-fly. To collect useful experiences, the agent has to explore the environment and update

the embeddings accordingly. Thereby, our AAP takes more time to understand the state-
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Figure 4.10: Quantitative result using the SPL metric. The SPL [8] is defined as

1
N

∑N
n=1 Sn

Ln
max(Pn,Ln)

, where N is the number of episodes, Sn denotes a binary indicator

of success in the episode n, Pn is the path length, and Ln is the shortest path distance in

episode n. Top: PointNav evaluation. Bottom: ObjectNav evaluation.

changes, while the baselines can achieve better results based on its learned action semantics

in the scenarios with the modest drifts.

- Comparison to (Adapted) Model-Based Meta-RL [146]. Unfortunately, a direct com-

parison to [146] is not feasible as, (a) we focus on point navigation and object navigation

in a clustered scene, but [146] focuses on locomotion control for a simple straight or curve

line movement, (b) our main observation is visual observation, but [146] uses agent’s state,

and (c) we don’t use model-predictive controller to rollout H time horizon future to make a

decision, because the agent cannot access rewards or distance to the goal during the testing

time, so it is not straightforward to implement a simple objective function in MPC for point

navigation or object navigation task (we would argue that doing so is a research topic in

itself).

However, to have a closer implementation based on the idea proposed in [146], we
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Figure 4.11: Quantitative result using the Episode Length metric. Top: PointNav

evaluation. Bottom: ObjectNav evaluation.
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Figure 4.12: Quantitative result using the Reward metric. Top: PointNav evaluation.

Bottom: ObjectNav evaluation.
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Figure 4.13: Quantitative result using the Distance to Target metric. Top: Point-

Nav evaluation. Bottom: ObjectNav evaluation.
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Figure 4.14: Quantitative result using the soft-SPL. We follow [40] to evaluate models

by soft-SPL. soft-SPL is defined as 1
N

∑N
n=1(1 − dn,termination

dn,start
) Ln
max(Pn,Ln)

, where N is the

number of episodes, dn,termination and dn,start denote the (geodesic) distances to target upon

termination and start in the episode n, Pn is the path length, and Ln is the shortest path

distance in episode n. Left: PointNav evaluation. Right: ObjectNav evaluation.
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combine our model-based baseline with the meta-RL baseline by employing the agent state

prediction to perform meta-learning on the model-based module. The results for point

navigation are shown in Fig. 4.14 in the green color by soft-SPL. Although this (Adapted)

Model-Based Meta-RL outperforms EmbCLIP slightly facing larger drifts, it is still not able

to overcome the severe drifts. It, again, highlights the effectiveness of our AAP with two

major technical contributions, the action-impact embedding and the OI head, proposed in

this chapter.

4.9.3 Qualitative Results

We show more qualitative results in PointNav and ObjectNav in Fig. 4.15. The first example

shows the agent adopts a smaller movement magnitude to avoid the collision. The second

example shows smooth moves by a right-turn, a move, another left-turn, and a final move

to dodge the white table. The third example shows the agent uses three left turns with

different angles to make a disabled right turn. The fourth example shows the agent slows

its movement magnitude as it approaches the target object in the clustered area. The fifth

example shows the agent uses two left-turn with different angles to make a disabled right

turn to find the target object. The final example shows the agent uses a larger movement

magnitude to move toward the target object in a relatively open area.

4.10 Results on the Modified PettingZoo Environment

We modify the PettingZoo [199] to verify the effectiveness of our AAP in a different environ-

ment with state observations only. We modify the MPE environment to simulate PointNav

and ObjectPush tasks, shown in Fig. 4.16. The MPE environment provides simple simula-

tion of collision force when objects are too close to each other. The goal for PointNav is to

move the agent to the target location by applying acceleration to the agent. The goal for

ObjectPush is to move the agent to push the ball to the target location by applying accel-

eration to the agent. The agent has to collide to the ball to perform the push. As shown in

the figure, there are 12 actions in action space, including Accelerate (magx, magy), where

(magx, magy)= {[±0.2, 0], [±0.5, 0], [±0.8, 0], [0,±0.2], [0,±0.5], [0,±0.8]}, corresponding to

3 different accelerations towards 4 different directions. For PointNav, the state space is
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Figure 4.16: MPE environment in PettingZoo. We modify the MPE environment to

simulate PointNav and ObjectPush tasks. The goal for PointNav is to move the agent to

the target location and the goal for ObjectPush is to move the agent to push the ball to the

target location. The action space consists of 3 different accelerations towards 4 directions.

6-dim, including agent’s position (px, py), agent’s velocity vx, vy, GPS sensor (∆px,∆py);

for ObjectPush, the state space is 10-dim, including agent’s position (px, py), agent’s velocity

(vx, vy), object’s position (ox, oy), object’s velocity (ovx , ovy), GPS sensor (∆px,∆py). Our

drifts setting for training and inference stage are formulized as follows,

• During training. At the start of a training episode, we sample the rotation drift dr ∼

U(−90◦, 90◦), where U(·, ·) denotes a uniform distribution.

• During inference. At the start of an evaluation episode, we evaluate our AAP and

baselines with an unseen rotation drift d∗r ∈ {±120◦,±135◦,±150◦,±180◦}.

With a rotation drift dr, the environment applies the dr to the input action by rotating

the acceleration direction:

magenv =

 cos(dr) sin(dr)

−sin(dr) cos(dr)

 magTinput. (4.1)

In this case, the actual direction of acceleration would be drifted according to the rotation

drift dr.
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4.10.1 Models

The details about our AAP and the considered baselines are as follows,

- GRU simply uses a 4-layer MLP ([|state| → 64 → 64 → 64]) as the state-encoder to

obtain a 64-dim hidden state ht, applies a RNN (GRU) to obtain a 64-dim belief bt over ht,

and uses a linear actor-critic head to predict an action at via bt.

- LAC is a variant of our AAP that uses a linear actor-critic head instead of our OI

head.

- Model-based is a model-based forward prediction approach for the agent state-changes

∆s associated with different actions. It further embeds the prediction into action embed-

dings. Finally, this baseline uses a linear actor-critic to make a prediction.

- Our AAP uses the same 4-layer MLP used in GRU baseline to produce state encoding

for previous state and the current state, respectively. Then, same as our AAP used in

AI2THOR, the action-impact encoder uses a RNN (GRU) to produces the n × 64-dim

action impacts embedding E associated with different actions. Later, the model uses a

RNN (GRU) in the policy obtain a 64-dim belief bt. Finally the OI head operates on the

concatenation of E and bt to make a prediction.

4.10.2 Results

We train every model by PPO with the Adam optimizer and an initial learning rate of

1e−3 that linearly decays to 0 over 20M. We set the standard RL reward discounting

parameter γ to 0.99, λgae to 0.95, and number of update steps to 200 for LPPO. The α for

Lforward is set to 1. Finally, we train each model by 3 different random seeds and obtain

the average success rate and 1× standard deviation. We evaluate models every 1M steps

(checkpoint). The evaluation results are presented in Fig. 4.17. As shown in the figure,

our AAP performs consistently well across all rotation drifts on both tasks in the modified

MPE environment. The best baselines cannot even achieve any success rate when facing the

extremest rotation drift d∗r = 180◦. It verifies that the effectiveness of the proposed AAP

on a general reinforcement learning environment. We will release the code for this modified

environment and experiments as well.
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Figure 4.17: Success Rate in MPE environment. Top: PointNav evaluation. Bottom:

ObjectPush evaluation. We train each model by 3 different random seeds and show the

average success rate and 1× standard deviation in this figure.

4.11 Results on the Habitat Environment

To conduct the experiments in Habitat [177], we made a small change in the Habitat’s

Move Forward action, where every Move Forward only moves the agent by 0.01m. If the

action ai = Move Forward(0.25), the environment would move the agent by 25 times. In

this way, we can implement the movement drifts as we did in AI2-THOR. For the rotation

action, we do not use the default TURN RIGHT or TURN LEFT action. We instead directly

compute the quaternion to implement the continuous rotation with rotation drifts. In

this modified Habitat, we train the EmbCLIP and our AAP on Point Navigation task in

Gibson v1 [228]. The simulator is Habitat-Lab v0.2.1. The training settings are the

same as the settings used in AI2-THOR, including the same training drifts, same learning

schedule, same optimization algorithm, and learning objective. During the evaluation, we

evaluate the model on movement drifts d∗m ∈ {±0.05m,±0.1m, 0.2m, 0.4m} and rotation

drifts d∗r = {±15◦,±30◦,±45◦,±90◦}. As shown in Fig. 4.18, our AAP performs consistently
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Figure 4.18: Success Rate on Point Navigation in Habitat Environment. We

compare the proposed AAP with EmbCLIP on Point Navigation in Habitat Environ-

ment. The evaluation drifts are unseen during the training stage, including d∗m ∈

{±0.05m,±0.1m, 0.2m, 0.4m} and d∗r ∈ {±15◦,±30◦,±45◦,±90◦}. The experiments are

conducted in Habitat-Lab v0.2.1 on Point Navigation with Gibson v1

across all movement and rotation drifts. However, the EmbCLIP is struggling with larger

drifts.

4.12 Real-World Experiments.

We train our AAP on ProcTHOR 10k [45] for ObjectNav with training drifts dm and dr,

then evaluate in a real-world scene from RoboTHOR [43], shown in Fig. 4.19. We include

two more actions {LookUp, LookDown} into the action space to perform the horizontal angle

change (30◦ by each execution) of the camera (along the pitch axis). For the baseline models,

we compare our AAP against the EmbCLIP [102] trained on ProcTHOR 10k with the train-

ing drifts and the EmbCLIP checkpoint from the ProcTHOR project. Note that the Emb-

CLIP checkpoint from the ProcTHOR project was not learned with the drifts formulation

during the training stage, and it only uses limited action space {Move(0.25m), Rotate(30◦),

Rotate(−30◦), LookUp, LookDown, END}. We use LoCoBot from PyRobot [145] with an

LQR feedback controller [11] as our embodied agent in this real-world scene to conduct the

experiments, shown in Fig. 4.20.

We then conduct an exploratory experiment with the above setting to find Apple and
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Start 1
Start 2

Real-world RoboTHOR Test Scene Top-down view of the scene

Figure 4.19: Real-world RoboTHOR Test Scene. Left: We show a photo of the real-

world RoboTHOR Test Scene [43] used to conduct our real-world experiments. Right: It is

a top-down view of the scene for visualization. For example, in this map, the target object

Apple is marked in the yellow box, and the Chair is marked in the green box, while two

different starting locations are marked in blue boxes.

Figure 4.20: LoCoBot. We use LoCoBot from PyRobot [145] with an LQR feedback

controller [11] as our embodied agent in the real-world experiments.



91

Chair from 2 different starting locations within 150 steps. At inference, we inject five

different drifts pairs, including {(d∗m = 0m, d∗r = 0◦), (d∗m = 0.1m, d∗r = 60◦), (d∗m =

0.1m, d∗r = −60◦), (d∗m = −0.05m, d∗r = 60◦),(d∗m = −0.05m, d∗r = −60◦)}, by adding the

drifts to the low-level commands used by the robot. Therefore, the total number of episodes

used to evaluate each model is 20. Tab. 4.4 shows that AAP performs more robustly

against these unseen drifts. Although the experiments show that our AAP achieves better

performance than baselines, we argue that a more comprehensive study, including more

types of target objects, more drifts variances, more starting locations, or with more allowed

number of steps in the real-world experiments, is necessary to reach a more solid conclusion.

Table 4.4: Real-World Experiments results in RoboTHOR on ObjectNav. We compare our AAP

against the EmbCLIP [102] trained on ProcTHOR 10k with the training drifts and the EmbCLIP

checkpoint from the ProcTHOR project.

Model SR↑

AAP (Ours) 65%

EmbCLIP trained w. drifts 30%

EmbCLIP 25%

4.13 Conclusion

We propose Action Adaptive Policy (AAP) to adapt to unseen effects of actions during

inference. Our central insight is to embed the impact of the actions on-the-fly rather than

relying on their training-time semantics. Our experiments show that AAP is quite effective

at adapting to unseen action outcomes at test time, outperforming a set of strong baselines

by a significant margin, and can even maintain its performance when some of the actions

are completely disabled.



92

Chapter 5

CONCLUSION

In this thesis, we study how to bridge visual forecasting and model-free policy learning

for interactive embodiment tasks only with visual observations. We aim to develop an

embodied agent to solve a target task more efficiently, effectively, and robustly. The key

idea is to forecast the future via the visual dynamics model, then incorporate the information

about future rollouts to modulate the planning process in the model-free policy network.

We primarily demonstrate our experimental results in physics-enabled and visually rich

AI2THOR [106], Habitat [197], and RoboTHOR [43] environments1.

In Chap. 2, we present an approach to embedding visual forecasting into a model-

predictive controller with a learnable action sampler. The studied problem is visual reaction:

the agent interacts with dynamic environments where the agent’s action does not necessarily

cause environmental changes. To study the problem, we formulate a task by playing catch

with a drone agent, where the goal is to catch a thrown object using only visual observations.

We show that using straightforward motion equations with the estimated agent’s state and

the predicted current object’s state, we can perform accurate visual forecasting about the

object’s trajectory shortly. Then, the model-predictive controller can sample an action

conditioning on the forecasting trajectory. Moreover, the learnable action sampler improves

the overall success rate and sample efficiency (see Tab. 2.1). Finally, our proposed solution

outperforms various baselines and ablations of the model, including the variations that

do not use forecasting or do not learn a policy based on the forecasting. To summarize,

we showcase that visual forecasting enables efficient planning so the agent can promptly

accomplish a task in a changing environment.

In Chap. 3, we explore the direction of action-dependent visual forecasting, where the

goal is to predict the interactive object’s state-changes resulting from the agent’s actions.

1Other than that, we also show some results in a modified PettingZoo environment [199]
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The studied problem is interactive navigation, where the agent learns to change the envi-

ronment to navigate more effectively to their goals. Specifically, we introduce the Neural

Interaction Engine (NIE) to explicitly predict the environmental change caused by the

agent’s actions. We collect two datasets associated with two downstream tasks: Obstacle

Navigation (ObsNav) and Object Placement (ObjPlace). The goal of the ObjNav is to

reach a target location in an environment while the paths to the target are blocked. The

ObjPlace requires pushing an object to a target location. The experimental results show

that the NIE model achieves significant improvements over the methods without the capa-

bility of predicting the effect of actions on the surrounding environment in both scenarios

(see Tab. 3.1 and Tan. 3.2). This chapter illustrates that, with visual forecasting, the agent

not only learns to interact with environments but produces a plan to solve a given task

effectively.

In Chap. 4, we study the problem of unexpected motion drifts at inference in the context

of visual navigation. In the tasks, an agent may encounter unexpected conditions that

dramatically alter the impact of actions: a move ahead action on a wet floor may send the

agent twice as far as it expects. Using the same action with a broken wheel might transform

the expected translation into a rotation. We propose to learn an action-impact encoder to

generate an embedding from observations on-the-fly. This embedding encodes the state-

changes only between the consecutive observations but does not contain the association

between the actions and their effect. With the embedding, we then introduce the Order-

Invariant (OI) head, constructed by a transformer model, into our policy network. Because

the OI head is invariant to the order of its inputs, the policy network can process the agent’s

belief jointly with the embedding to choose the action whose impact will most readily achieve

the agent’s goal. With these designs, our proposed Action Adaptive Policy (AAP) can adapt

to unseen effects of actions during inference. The final experiments show that AAP is quite

robust to unseen action outcomes at test time, outperforming a set of solid baselines by a

significant margin (see Fig. 4.7), and can even maintain its performance when some of the

actions are entirely disabled (see Tab. 4.1a and Tab. 4.1b).

To this end, we have been considering the three design objectives to bridge visual fore-

casting and model-free policy learning. Nonetheless, one may ask, can we generalize a policy
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for the embodied agent to unseen scenes with novel objects and out-of-distribution tasks?

For example, can the agent carefully manipulate fragile objects never seen before? Besides,

can we deploy the agent to the real world and solve daily tasks robustly? In short, can we

learn the policy with the advantages of utilizing visual forecasting to generalize to novel and

unseen scenarios?

5.1 Future Directions

This section discusses three possible future directions along the generalization topic: scaling

up embodiment environments, sim-to-real deployment, and policy learning with language

instructions.

5.1.1 Scale Up Embodiment Environments

The first future direction could be expanding the current scope of embodiment environments

in ways such as more real-world setups [43], interaction scenarios [54], more scenes [45], and

more variations of tasks [122]. We can introduce more general tasks and define detailed

sub-goals and skills by presenting diverse scenes and interactions. Moreover, we can have

enough scenarios where part of them needs specific requirements. For instance, when the

target task is to find the key to a human when s/he is about to go out, the robot has to

efficiently search the space where the key might locate and deliver it as quickly as possible.

On the contrary, when cleaning up the messy counter in a kitchen, the agent may take their

time and find the most appropriate cabinet to place the objects on the counter. The focus

in this task becomes effective. For another example, if the assignment to the agent is to do

dishes with a dishwasher, they have to be careful about the fragile plates and bowls. In this

case, robustness is essential. However, without diverse scenes, observations, and tasks, we

have little chance to study daily tasks that require long-horizon planning and generalization

ability. Therefore, I believe a reasonable next step would be expanding the embodiment

environments to another scale level.
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5.1.2 Sim-to-real Deployment

The second direction is to deploy the agent from simulation environments to the real world.

In the real-world scenario, the need for efficiency, generalization, and robustness amplifies.

For example, no user would expect running a real-world cleaning robot at home is costly

and time-consuming. Moreover, the generalization issue due to domain gaps would make

the deployment more troublesome, not to mention the dangerous situations the robot may

cause because the policy is not robust enough. To overcome these challenges, we could

try to alleviate the domain gaps [44, 92], construct policy in modulation style [70], provide

prior knowledge [48, 212, 233], or large-scale pretraining [43, 102, 182]. Among the ideas,

performing image-to-image translation via the generative model [101, 173, 234] from simula-

tion style to real-world fashion on-the-fly might be an avenue to explore. It might close the

domain gaps and provide a new technique for learning good representations of motion and

interactions via generative modeling. In this regard, I believe the sim-to-real deployment

would be a necessary next step to verify the functionality of the learned policy with visual

forecasting. In addition, it might pave the way for even newer research areas.

5.1.3 Policy Learning with Language Instructions

Thanks to recent progress in large-scale language modeling (LLM) [21, 46, 168, 169, 154],

incorporating natural language processing into embodiment control has become essential

and popular. Although we have already had Alfred [183], R2R [9], and RxR [109], we still

need a larger-scale training scheme to learn a policy with solid generalization ability. Real-

world deployment of the language-conditioned policy [4, 94] could be an interesting direction

to explore along this line. Other than that, learning a policy with visual dynamics model

through large-scale multimodality similar to Unified-IO [130] and Multimodal-CoT [246]

could be another promising direction to enhance the generalization ability of the policy. In

conclusion, I believe that learning with LLM or multimodality would be an exciting research

regime to improve the robustness of the embodied agent, including its planning ability and

forecasting capacity.
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