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Abstract

Intelligence Through the Lens of Interaction

Kiana Ehsani

Chair of the Supervisory Committee:

Professor Ali Farhadi

Computer Science and Engineering

In this thesis, I will discuss the problem of acquiring visual intelligence from the interaction,

focusing on two aspects of visual understanding: (1) visual perception and (2) embodied intelligence.

To address the first question, I designed experiments to learn visual representations by observing

animals and humans interact with the visual world. Further, I investigated the idea of learning

perception from hands-on interaction – acquiring generalizable physical understanding by predicting

the forces applied in an observed video and trying to replicate the motion observed in simulation,

with no additional supervision provided.

To address the second question, I discuss our findings on training intelligent embodied agents

using interaction from two perspectives. I designed a training paradigm that enables learning-to-

learn from interactions. This training regime helps us to continue to learn from our interactions

even during inference time. Moreover, I introduce a visually rich object manipulation framework,

ManipulaTHOR, which opens the gate for directly training embodied agents to interact intelligently

in a physically realistic environment via low-level object manipulation and navigation.
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Chapter 1

Introduction

Deep learning has made an impressive impact on the computer vision community. These extensive

efforts have been made towards building intelligent models that can perceive the visual world

through the pre-recorded images. Intelligence is usually defined through a set of proxy tasks.

During the past decade, the focus has been on tackling the image perception problem in the form of

image understanding, such as image classification, object detection, segmentation, depth estimation,

and more.

A popular learning pipeline for solving these proxy tasks is to learn passively from an unchanged

set of images or videos, predicting a fixed set of semantic or non-semantic labels. The standard

approach is to collect a dataset of images with their corresponding labels annotating the labels for

each specific task. Once the task is defined, the data is annotated, and the network architecture

is designed, the model will be trained. Data, model, and labels will remain unchanged after the

training is over and during the inference time.

There has been great progress using these pipelines of supervised learning in computer vision.

We can classify images [185; 85], detect objects, and localize them in an image[114; 224], and

segment and map the pixels of the image to their corresponding entities[77; 156]. The community

has come a long way to make these models faster, more accurate, and more efficient.

Despite the undeniable progress and impact of the works in this area, these approaches can
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Figure 1.1: Outline of the Thesis. Intelligence Through the Lens of Interaction.

introduce multiple dilemmas. The first problem is “How can we define the labels for intelligence?".

These labels can be defined in various ways, such as annotating the locations of objects in a scene

or estimating the depth of an observed image. However, defining the label for a task becomes

exceptionally complex when dealing with a higher-level concept, such as acting like an intelligent

human. Furthermore, the more vague the definition of the task is, the harder it becomes to provide

labeled data to solve the problem. The second problem arises when the data we are working with

changes. For example, we might train an agent to learn how to manipulate skillets, but it later needs

to work with a novel object such as a bowl. “Do we have to reprocess the full pipeline of data

collection, annotation, and training a model for each novel object we observe?". The third problem

is that our environments are constantly changing. There is no wall between training or inference.

We learn as we are performing a task. We gain knowledge about novel environments by interacting

with them. “Why should our models remain unchanged during inference time?".

In this thesis, I would like to define intelligence in a more interactive approach. First, I would

discuss how to learn perception using interactions with the visual world (Setion 2). In Section 2.1

and 2.2, I describe how to learn a visual representation by observing the intelligent agents (humans
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and dogs) interact with the environment. I investigate the additional cues that can help with the

learning process. More specifically, I evaluate the effectiveness of adding movements and attention

of these agents toward learning a rich visual representation without additional semantic labels.

Furthermore, in Section 2.3, I will explain how to learn about the forces applied to an object by

observing an interaction and trying to replicate the motion in a physics simulation. Using the

interaction’s feedback, we acquire a rich physical understanding that enables us to generalize to

unseen objects.

Although visual perception can benefit from interaction with the world, there is still a gap

between passive visual perception and having the ability to take actions. Interacting with the world

can change the data that is received. In Section 3, I discuss how to use interaction to learn how

to interact. More specifically, in Section 3.1, I propose building models that use interaction to

become more robust to change. I explain a pipeline that allows continuing the learning process

after the training is done and as the task is being performed. Further, In section 3.2, I introduce

ManipulaTHOR, a framework we built that enables interacting with the visually rich physically

realistic environments.
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Chapter 2

Learning Perception via Interaction

2.1 Learning by Observing Interactions – From Dogs

2.1.1 Introduction

Computer vision research typically focuses on a few well defined tasks including image classifica-

tion, object recognition, object detection, image segmentation, etc. These tasks have organically

emerged and evolved over time as proxies for the actual problem of visual intelligence. Visual

intelligence spans a wide range of problems and is hard to formally define or evaluate. As a result,

the proxy tasks have served the community as the main point of focus and indicators of progress.

We value the undeniable impact of these proxy tasks in computer vision research and advocate

the continuation of research on these fundamental problems. There is, however, a gap between the

ideal outcome of these proxy tasks and the expected functionality of visually intelligent systems. In

this paper, we take a direct approach to the problem of visual intelligence. Inspired by recent work

that explores the role of action and interaction in visual understanding [226; 7; 150], we define the

problem of visual intelligence as understanding visual data to the extent that an agent can take

actions and perform tasks in the visual world. Under this definition, we propose to learn to act like

a visually intelligent agent in the visual world.
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action?
Acting like a dog

Planning like a dog
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Figure 2.1: We address three problems: (1) Acting like a dog: where the goal is to predict the future
movements of the dog given a sequence of previously seen images. (2) Planning like a dog: where
the goal is to find a sequence of actions that move the dog between the locations of the given pair
of images. (3) Learning from a dog: where we use the learned representation for a third task (e.g.,
walkable surface estimation).

Learning to act like visually intelligent agents, in general, is an extremely challenging and

a hard-to-define problem. Actions correspond to a wide range of movements with complicated

semantics. In this paper, we take a small step towards the problem of learning to directly act

like intelligent agents by considering actions in their most basic and semantic-free form: simple

movements.

We choose to model a dog as the visual agent. Dogs have a much simpler action space than, say,

a human, making the task more tractable. However, they clearly demonstrate visual intelligence,

recognizing food, obstacles, other humans and animals, and reacting to those inputs. Yet their goals
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and motivations are often unknown a priori. They simply exist as sovereign entities in our world.

Thus we are modelling a black box where we only know the inputs and outputs of the system.

In this paper, we study the problem of learning to act and plan like a dog from visual input. We

compile the Dataset of Ego-Centric Actions in a Dog Environment (DECADE), which includes

ego-centric videos of a dog with her corresponding movements. To record movements we mount

Inertial Measurement Units (IMU) on the joints and the body of the dog. We record the absolute

position and can calculate the relative angle of the dog’s main limbs and body.

Using DECADE, we explore three main problems in this paper (Figure 2.1): (1) learning to act

like a dog; (2) learning to plan like a dog; and (3) using dogs movements as supervisory signal for

representation learning.

In learning to act like a dog, we study the problem of predicting the dog’s future moves, in

terms of all the joint movements, by observing what the dog has observed up to the current time. In

learning to plan like a dog, we address the problem of estimating a sequence of movements that

take the state of the dog’s world from what is observed at a given time to a desired observed state. In

using dogs as supervision, we explore the potentials of using the dogs movements for representation

learning.

Our evaluations show interesting and promising results. Our models can predict how the dog

moves in various scenarios (act like a dog) and how she decides to move from one state to another

(plan like a dog). In addition, we show that the representation our model learns on dog behavior

generalizes to other tasks. In particular, we see accuracy improvements using our dog model as

pretraining for walkable surface estimation and scene recognition.

2.1.2 Related Work

To the best of our knowledge there is little to no work that directly models dog behavior. We mention

past work that is most relevant.

Visual prediction. [218; 149] predict the motion of objects in a static image using a large collection
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of videos. [145] infer the goals of people and their intended actions. [158] infer future activities

from a stream of video. [63] improve tracking by considering multiple hypotheses for future plans

of people. [83] recognize partial events, which enables early detection of events. [99] perform

activity forecasting by integrating semantic scene understanding with optimal control theory. [104]

use object affordances to predict the future activities of people. [205] localize functional objects

by predicting people’s intent. [182] propose an unsupervised approach to predict possible motions

and appearance of objects in the future. [106] propose a hierarchical approach to predict a set of

actions that happen in the future. [154] propose a method to generate the future frames of a video.

[103] predict the future paths of pedestrians from a vehicle camera. [167] predict future trajectories

of a person in an ego-centric setting. [126] predict the future trajectories of objects according to

Newtonian physics. [181] predict visual representations for future images. [220] forecast future

frames by learning a policy to reproduce natural video sequences. Our work is different from these

works since our goal is to predict the behavior of a dog and the movement of the joints from an

ego-centric camera that captures the viewpoint of the dog.

Sequence to sequence models. Sequence to sequence learning [173] has been used for different

applications in computer vision such as representation learning [169], video captioning [179; 212],

human pose estimation [184], motion prediction [118], or body pose labeling and forecasting

[55; 184]. Our model fits into this paradigm since we map the frames in a video to joint movements

of the dog.

Ego-centric vision. Our work is along the lines of ego-centric vision (e.g., [50; 152; 107; 109])

since we study the dog’s behavior from the perspective of the dog. However, dogs have less complex

actions compared to humans, which makes the problem more manageable. Prior work explores

future prediction in the context of ego-centric vision. [225] infer the temporal ordering of two

snippets of ego-centric videos and predict what will happen next. [139] predict plausible future

trajectories of ego-motion in ego-centric stereo images. [94] estimates the 3D joint position of

unseen body joints using ego-centric videos. [157] use online reinforcement learning to forecast the
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future goals of the person wearing the camera. In contrast, our work focuses on predicting future

joint movements given a stream of video.

Ego-motion estimation. Our planning approach shares similarities with ego-motion learning. [223]

propose an unsupervised approach for camera motion estimation. [187] propose a method based on

combination of CNNs and RNNs to perform ego-motion estimation for cars. [120] learn a network

to estimate relative pose of two cameras. [178] also train a CNN to learn depth map and motion of

the camera in two consecutive images. In contrast to these approaches that estimate translation and

rotation of the camera, we predict a sequence of joint movements. Note that the joint movements

are constrained by the structure of the dog body so the predictions are constrained.

Action inference & Planning. Our dog planning model infers the action sequence for the dog given

a pair of images showing before and after action execution. [7] also learn the mapping between

actions of a robot and changes in the visual state for the task of pushing objects. [140] optimize for

actions that capture the state changes in an exploration setting.

Inverse Reinforcement Learning. Several works (e.g., [2; 12; 157]) have used Inverse Reinforce-

ment Learning (IRL) to infer the agent’s reward function from the observed behavior. IRL is not

directly applicable to our problem since our action space is large and we do not have multiple

training examples for each goal.

Self-supervision. Various research explores representation learning by different self-supervisory

signals such as ego-motion [5; 92], spatial location [41], tracking in video [189], colorization [221],

physical robot interaction [150], inpainting [144], sound [138], etc. As a side product, we show we

learn a useful representation using embeddings of joint movements and visual signals.

2.1.3 Dataset

We introduce DECADE, a dataset of ego-centric dog video and joint movements. The dataset

includes 380 video clips from a camera mounted on the dog’s head. It also includes corresponding

information about body position and movement. Overall we have 24500 frames. We use 21000 of
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them for training, 1500 for validation, and 2000 for testing. Train, validation, and test splits consist

of disjoint video clips.

We use a GoPro camera on the dog’s head to capture the ego-centric videos. We sub-sample

frames at the rate of 5 fps. The camera applies video stabilization to the captured stream. We use

inertial measurement units (IMUs) to measure body position and movement. Four IMUs measure

the position of the dog’s limbs, one measures the tail, and one measures the body position. The

IMUs enable us to capture the movements in terms of angular displacements.

For each frame, we have the absolute angular displacement of the six IMUs. Each angular

displacement is represented as a 4 dimensional quaternion vector. More details about angular calcu-

lations in this domain and the method for quantizing the data is explained in detail in Section 2.1.7.

The absolute angular displacements of the IMUs depend on what direction the dog is facing. For

that reason, we compute the difference between angular displacements of the joints, also in the

quaternion space. The difference of the angular displacements between two consecutive frames

(that is 0.2s in time) represents the action of the dog in that timestep.

An Arduino on the dog’s back connects to the IMUs and records the positional information. It

also collects audio data via a microphone mounted on the dog’s back. We synchronize the GoPro

with the IMU measurements using audio information. This allows us to synchronize the video

stream with the IMU readings with microsecond precision. We collect the data in various outdoor

and indoor scenes: living room, stairs, balcony, street, and dog park are examples of these scenes.

The data is recorded in more than 50 different locations. We recorded the behavior of the dog while

involved in certain activities such as walking, following, fetching, interaction with other dogs, and

tracking objects. No annotations are provided for the video frames, we use the raw data for our

experiments.
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2.1.4 Acting like a dog

We predict how the dog acts in the visual world in response to various situations. Specifically, we

model the future actions of the dog given a sequence of previously seen images. The input is a

sequence of image frames (I1, I2, . . . , It), and the output is the future actions (movements) of each

joint j at each timestep t < t′ ≤ N : (ajt+1, a
j
t+2, . . . , a

j
t+N). Timesteps are spaced evenly by 0.2s in

time. The action ajt is the movement of the joint j, that along with the movements of other joints,

takes us from image frame It to It+1. For instance, a23 represents the movement of the second joint

that takes place between image frames I3 and I4. Each action is the change in the orientation of the

joints in the 3D space.

We formulate the problem as classification, i.e. we quantize joint angular movements and label

each joint movement as a ground-truth action class. To obtain action classes, we cluster changes in

IMU readings (joint angular movements) by K-means, and we use quaternion angular distances

to represent angular distances between quaternions. Each cluster centroid represents a possible

movement of that joint.

Our movement prediction model is based on an encoder-decoder architecture, where the goal is

to find a mapping between input images and future actions. For instance, if the dog sees her owner

with a bag of treats, there is a high probability that the dog will sit and wait for a treat, or if the dog

sees her owner throwing a ball, the dog will likely track the ball and run toward it.

Figure 2.2 shows our model. The encoder part of the model consists of a CNN and an LSTM. At

each timestep, the CNN receives a pair of consecutive images as input and provides an embedding,

which is used as the input to the LSTM. That is, the LSTM cell receives the features from frames t

and t+ 1 as the input in a timestep, and receives frames t+ 1 and t+ 2 in the next timestep. Our

experimental results show that observing the two frames in each timestep of LSTM improves the

performance of the model. The CNN consists of two towers of ResNet-18 [78], one for each frame,

whose weights are shared.

The decoder’s goal is to predict the future joint movements of the dog given the embedding of
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Figure 2.2: Model architecture for acting. The model is an encoder-decoder style neural network.
The encoder receives a stream of image pairs, and the decoder outputs future actions for each joint.
There is a fully connected layer (FC) between the encoder and decoder parts to better capture the
change in the domain (change from images to actions). In the decoder, the output probability of
actions at each timestep is passed to the next timestep. We share the weights between the two
ResNet towers.

the input frames. The decoder receives its initial hidden state and cell from the encoder. At each

timestep, the decoder outputs the action class for each of the joints. The input to the decoder at

the first timestep is all zeros, at all other timesteps, we feed in the prediction of the last timestep,

embedded by a linear transformer. Since we train the model with fixed output length, no stop token

is required and we always stop at a fixed number of steps. Note that there are a total of six joints;

hence our model outputs six classes of actions at each timestep.

Each image is given to the ResNet tower individually and the features for the two images are

concatenated. The combined features are embedded into a smaller space by a linear transforma-

tion. The embedded features are fed into the encoder LSTM. We use a ResNet pre-trained on

ImageNet [37] and we fine-tune it under a Siamese setting to estimate the joints movements between

two consecutive frames. We use the fine-tuned ResNet in our encoder-decoder model.

We use an average of weighted class entropy losses, one for each joint, to train our encoder-
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decoder. Our loss function can be formulated as follows:

L(o, g) =
1

NK

N∑
t=1

K∑
i=1

1

f igi
log o(t)ig(t)i , (2.1)

where g(t)i is the ground-truth class for i-th joint at timestep t, o(t)igi is the predicted probability

score for gi-th class of i-th joint at timestep t, f igi is the number of data points whose i-th joint is

labeled with gi, K is the number of joints, and N is the number of timesteps. The 1
f igi

factor helps

the ground-truth labels that are underrepresented in the training data.

2.1.5 Planning like a dog

Another goal is to model how dogs plan actions to accomplish a task. To achieve this, we design a

task as follows: Given a pair of non-consecutive image frames, plan a sequence of joint movements

that the dog would take to get from the first frame (starting state) to the second frame (ending state).

Note that a traditional motion estimator would not work here. Motion estimators infer a translation

and rotation for the camera that can take us from an image to another; in contrast, here we expect the

model to plan for the actuator, with its set of feasible actions, to traverse from one state to another.

More formally, the task can be defined as follows. Given a pair of images (I1, IN), output an

action sequence of length N − 1 for each joint, that results in the movement of the dog from the

starting point, where I1 is observed, to the end point, where IN is observed.

Each action that the dog takes changes the states of the world, and therefore planning for the next

steps. Thus, we design a recurrent neural network, containing an LSTM that observes the actions

taken by the model in previous timesteps for the next timestamp action prediction. Figure 2.3 shows

the overview of our model. We feed-forward image frames I1 and IN to individual ResNet-18

towers, concatenate the features from the last layer and feed it to the LSTM. At each timestep, the

LSTM cell outputs planned actions for all six joints. We pass the planned actions for a timestep as

the input of the next timestep. This enables the network to plan the next movements conditioned on
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Figure 2.3: Model architecture for planning. The model is a combination of CNNs and an LSTM.
The inputs to the model are two images I1 and IN , which are N − 1 time steps apart in the video
sequence. The LSTM receives the features from the CNNs and outputs a sequence of actions (joint
movements) that move the dog from I1 to IN .

the previous actions. As opposed to making hard decisions about the previously taken actions, we

pass the action probabilities as the input to the LSTM in the next timestep. A low probability action

at the current timestep might result in a high probability trajectory further along in the sequence.

Using action probabilities prevents early pruning to keep all possibilities for the future actions.

We train this recurrent neural network using a weighted cross entropy loss over all time steps

and joints as described in Equation 2.1. Similar to the acting problem, we use a discretized action

space, which is obtained using the procedure described in Section 2.1.7.

2.1.6 Learning from a dog.

While learning to predict the movements of the dog’s joints from the images that the dog observes we

obtain an image representation that encodes different types of information. To learn a representation,

we train a ResNet-18 model to estimate the current dog movements (the change in the IMUs from

time t − 1 to t) by looking at the images that the dog observes in time t − 1 and t. We then test
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Figure 2.4: Model architecture for walkable surface estimation. We augment the last four layers
of ResNet with Deconvolution and Convolution layers to infer walkable surfaces.

this representation, and compare with a ResNet-18 model trained on ImageNet, in a different task

using separate data. For our experiments we choose the task of walkable surface estimation [128]

and scene categorization using SUN397 dataset [203]. Figure 2.4 depicts our model for estimating

the walkable surfaces from an image. To showcase the effects of our representation, we replace the

ResNet-18 part of the model shown in blue with a ResNet trained on ImageNet and compare it with

a ResNet trained on DECADE.
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2.1.7 Experiments

We evaluate our models on (1) how well they can predict the future movements of the dog (acting),

(2) how accurately they can plan like a dog, and (3) how well the representation learned from dog

data generalizes to other tasks.

2.1.7.1 Implementation details

We use inertial measurement units (IMUs) to obtain the angular displacements of the dog’s joints.

The IMUs that we use in this project process the angular displacements internally and provide the

absolute orientation in quaternion form at average rate of 20 readings per second. To synchronize

all IMUs together, we connect all the IMUs to the same embedded system (Raspberry pi 3.0). We

use a GoPro on the dog’s head to capture ego-centric video, and we sub-sample the images at a rate

of 5 frames per second. To sync the GoPro and Raspberry pi, we use audio that has been recorded

on both instruments.

The rate of the joint movement readings and video frames are different. We perform interpolation

and averaging to compute the absolute angular orientation for each frame. For each frame of the

video, we compute the average of IMU readings, in quaternion space, corresponding to a window of

0.1 second centered at the current frame.

To factor out the effects of global orientation change we use the relative orientations rather than

the absolute ones. We compute the difference of absolute angular orientations corresponding to

consecutive frames after calculating the average of quaternions for each frame. The reason for using

quaternions, instead of Euler angles, is that subtracting two quaternions is more well-defined and is

easily obtained by:

q2 − q1 = q−11 q2

We use K-means clustering to quantize the action space (space of relative joint movements).
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The distance function that we use for K-means clustering is defined by:

dist(q1, q2) = 2arccos(〈q1, q2〉)

The reason for formulating the problem as classification rather than regression is that our

experimental evaluations showed that CNNs obtain better results for classification (as opposed to

regression to continuous values). The same observation has been made by [183; 188; 130], where

they also formulate a continuous value estimation problem as classification.

We treat each joint separately during training. It is more natural to consider all joints together for

classification to respect the kinematic constraints, however it should be noted that: (1) It is hard to

collect enough training data for all possible joint combinations (3910 different joint configurations

appear in our training data); (2) By combining the losses for all joints, the model encodes an implicit

model of kinematic possibilities; (3) Our experiments showed that per-joint clustering is better than

all-joint clustering.

To visualize the dog movements we use a 3D model of a dog from [229]. Their model is a

3D articulated model that can represent animals, such as dogs. For visualization, we apply the

movement estimates from the model to the dog model.

Learning to Act. The input to the acting network, explained in Section 2.1.4, are pairs of frames

of size 224 × 224 and the output is a sequence of movements predicted for future actions of the

dog. The input images are fed into two ResNet-18 towers with shared weights. The outputs of the

ResNets (the layer before the classification layer), which are of size 512, are concatenated into a

vector of size 1024. The image vector is then used as the input to the encoder LSTM. The encoder

LSTM has a hidden size of 512, and we set the initial hidden and cell states to all zeros.

The hidden and cell state of the last LSTM cell of the encoder are used as the initialization of

the hidden and cell state of the LSTM for the decoder part. There is a fully connected layer before

the input to the decoder LSTM to capture the domain change between the encoder and the decoder
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Model Test Accuracy
Nearest Neighbor 13.14
CNN - regression 12.73
Our Model – Single Tower 18.65
Our Model 20.69

Table 2.1: Inferring the action between two consecutive frames.

(encoder is in the image domain, while the decoder in the joint movement domain).

The output of each decoder LSTM cell is then fed into 6 fully connected layers, where each

one estimates the action class for each joint. We consider 8 classes of actions for each joint. We

visualized our training data for different number of clusters and observed that 8 clusters provide a

reasonable separation of clusters, does not result in false clusters, and clusters correspond to natural

movements of the limbs.

We pre-train the ResNets by fine-tuning them for the task of estimating the joint actions,

where we use a pair of consecutive frames as input and we have 6 different classification layers

corresponding to different joints.

Learning to Plan. For the planning network, the input is obtained by concatenation of the ResNet-

18 features for the source and destination input images (a vector of size 2048). A fully connected

layer receives this vector as input and converts it to a 512 dimensional vector, which is then used as

the first time step input for the LSTM. The LSTM output is 48 dimensional (6 joints × 8 action

class). The output is followed by a 48×512 fully connected layer. The output of the fully connected

layer is used as the input of the LSTM at the next timestep.

Learning from a dog. To obtain the representation, we train a ResNet-18 model to estimate the

dog movements from time t− 1 to time t by looking at the images at time t− 1 and t. We use a

simple Siamese network with two ResNet-18 towers whose weights are shared. We concatenate the

features of both frames into a 1024-dimensional vector and use a fully connected layer to predict

the final 48 labels (6 IMUs each having 8 class of values). Table 2.1 shows our results on how well

this network can predict the current (not future) movements of the dog. The evaluation metric is the

38



Model Test Accuracy Perplexity
Nearest Neighbor 12.64 N/A
CNN 19.84 0.2171
Our Model–1 tower 18.04 0.2023
Our Model–1 frame/timestep 19.28 0.242
Our Model 21.62 0.2514

Table 2.2: Acting Results. We observe a video sequence of 5 frames and predict the next 5 actions.

class accuracy described below. We use this base network to obtain our image representation. We

also use this network for initializing our acting and planning networks.

2.1.7.2 Evaluation metrics

We use different evaluation metrics to compare our method with the baselines.

Class Accuracy: This is the standard metric for classification tasks. We report the average per

class accuracy rather than the overall accuracy for two reasons: 1) The dataset is not uniformly

distributed among the clusters and we do not want to favor larger clusters over smaller ones, and 2)

Unlike the overall unbalanced accuracy, the mean class accuracy of a model that always predicts the

mode class is not higher than chance.

Perplexity: Perplexity measures the likelihood of the ground-truth label. Perplexity is commonly

used for sequence modeling. We report perplexity for all of the baselines and models that are

probabilistic and predict a sequence. If our model assigns probability p to a sequence of length n,

the perplexity measure is calculated as p
1
n .

2.1.7.3 Results

Learning to act like a dog. Table 2.2 summarizes our experimental results for predicting the

future movements of the dog using the images the dog observes. We compare our method with two

baselines in terms of both test set accuracy and perplexity. The Nearest Neighbors baseline uses the

features obtained from a ResNet18 network trained on ImageNet. The CNN baseline concatenates

all the images into an input tensor for a ResNet18 model that classifies the future actions. We also
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Figure 2.5: Qualitative Results: Learning to Act. Our model sees 5 frames of a video where a
man begins throwing a ball past the dog. In the video the ball bounces past the dog and the dog
turns to the right to chase the ball. Using just the first 5 frames our model correctly predicts how the
dog turns to the right as the ball flies past.

report two ablations of our model. The 1 tower ablation uses the model depicted in Figure 2.2 but

only uses one ResNet-18 tower with both frames concatenated (6 channels) as the input. We also

compare our model with an ablation that only uses one image at each timestep instead of looking

at two. Our results show that our model outperforms the baselines. Our ablations also show the

importance of different components in our model. Figure 2.5 shows an example where a man is

throwing a ball past the dog. Our model correctly predicts the future dog movements (the bottom

row) by only observing the images the dog observed in the previous time steps (the first row). The

second row shows the set of images the dog actually observed. These images were not shown to the

algorithm and are depicted here to better render the situation.

Learning to plan like a dog. Table 2.3 shows our experimental results for the task of planning.

The nearest neighbor baseline concatenates the image features obtained from a ResNet-18 trained
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Model Test Accuracy Perplexity
Nearest Neighbor 14.09 N/A
CNN 14.61 0.1419
Our Model 19.77 0.2362

Table 2.3: Planning Results. Planning between the start and end frame. We consider start and end
images that are 5 steps apart.

Model Angular metric All joints
Random 131.70 4e-4
CNN-acting 63.42 8.67
Our model-acting 59.61 9.49
CNN-planning 76.18 0.14
Our model-planning 63.14 3.66

Table 2.4: Continuous evaluation and all-joint evaluation. Lower is better in the first column. Higher
is better in the second column.

on ImageNet and searches for a plan of the required size that corresponds to the closest feature.

The CNN baseline concatenates the input source and destination images into an input tensor that

feeds into a ResNet-18 that predicts a plan for the required size. Our results show that our model

outperforms these baselines in the challenging task of planning like a dog both in terms of accuracy

and perplexity.

To better understand the behavior of the model, for both acting and planning, we show the

performance in terms of a continuous angular metric and also for all joints in Table 2.4. The angular

metric compares the mean of the predicted cluster with the actual continuous joint movements

in groundtruth (arccos(2(qpred.qgt)
2 − 1)), where qpred and qgt are the predicted and groundtruth

quaternion angles, respectively. The all-joint metric calculates the percentage of correct predictions,

where we consider a prediction correct if all joints are predicted (classified) correctly.

Learning from a dog. We test our hypothesis about the information encoded in our representation

learned from mimicking dogs behaviour by comparing our representation with a similar one trained

for image classification on ImageNet on a third task. We chose the task of walkable surface

estimation and scene classification.

1) Walkable surface estimation. The goal for this task is to label pixels that correspond to
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Model Pre-training task IOU
ResNet-18 ImageNet Classification 42.88
ResNet-18 Acting like a dog 45.60

Table 2.5: Walkable surface estimation. We compare the result of the network that is trained on
ImageNet with the network that is trained for our acting task. The evaluation metric is IOU.

walkable regions in an image (e.g., floor, rug, and carpet regions). We use the dataset provided by

[128]. In our dataset, we have some sequences of dog walking in indoor and outdoor scenes. There

are various types of obstacles (e.g., furniture, people, or walls) in the scenes that the dog avoids. We

conjecture that the learned representation for our network should provide strong cues for estimating

walkable surfaces.

The definition of walkable surfaces for humans and dogs is not the same. As an example, the

area under the tables are labeled as non-walkable for humans and walkable for dogs. However, since

our dog is large-size dog, the definition of walkability is roughly the same for humans and the dog.

We trained ResNet-18 on ImageNet and then finetuned it on the walkable surface dataset as our

baseline. We performed the same procedure for using our features (trained for the acting task). For

finetuning both models, we just update the weights for the last convolutional layer (green block in

Figure 2.4).

Table 2.5 shows the results. Our features provide a significant improvement, 3%, over the

ImageNet features. We use IOU as the evaluation metric. This indicates that our features have some

information orthogonal to the ImageNet features.

2) Scene classification. We perform an additional scene recognition experiment using SUN 397

dataset [203]. We used the same 5-instance training protocol used by [5]. The representation learned

by us obtains the accuracy of 4.48 (as a point of reference [92] achieves 1.58 and [5] achieves

0.5-6.4 from their representations, and the chance is 0.251). This is interesting since our dataset

does not include many of the scene types (gas station, store, etc).
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2.1.8 Conclusion

We study the task of directly modeling a visually intelligent agent. Our model learns from ego-

centric video and movement information to act and plan like a dog would in the same situation. We

see some success both in our quantitative and qualitative results. Our experiments show that our

models can make predictions about future movements of a dog and can plan movements similar to

the dog.

This is a first step towards end-to-end modelling of intelligent agents. This approach does not

need manually labeled data or detailed semantic information about the task or goals of the agent.

We can use this model on a wide variety of agents and scenarios and learn useful information despite

the lack of semantic labels.

For this work, we limit ourselves to only considering visual data. However, intelligent agents

use a variety of input modalities when interacting with the world including sound, touch, smell,

etc. We are interested in expanding our models to encompass more input modalities in a combined,

end-to-end model. We also limit our work to modelling a single, specific dog. It would be interesting

to collect data from multiple dogs and evaluate generalization across dogs. We hope this work paves

the way towards better understanding of visual intelligence and of the other intelligent beings that

inhabit our world.

2.2 Learning by Observing Interactions – From Humans

2.2.1 Introduction

Encoding visual information from pixel space to a lower-dimensional vector is the core element

of most modern deep learning-based solutions to computer vision. A rich set of algorithms and

architectures have been developed to enable learning these encodings. A common practice in

computer vision is to explicitly train the networks to map visual inputs to a curated label space.
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For example, a neural network is pre-trained using a large-scale annotated classification dataset

[39; 105] and the entire network or part of it is fine-tuned to a new target task [65; 219].

In recent years, weakly supervised and self-supervised representation learning approaches (e.g.,

[116; 76; 28]) have been proposed to mitigate the need for supervision. The most successful ones

are contrastive learning-based approaches such as [30; 29] and they have shown remarkable results

on target tasks such as image classification and object detection. Despite their success, there are two

primary caveats: (1) These self-supervised methods are still trained on ImageNet or similar datasets,

which are fairly cleaned up and/or include a pre-specified set of object categories. (2) This method

of training is a passive approach in that it does not encode interactions. On the contrary, for humans,

a vast majority of our visual understanding is shaped by our interactions and our observations of

others interacting with their environments. We are not limited to learning from visual cues alone,

and there are various other supervisory signals such as body movements and attention cues available

to us. It is shown that by learning how to move the joints to walk and crawl, infants can significantly

enhance their perception and cognition [3]. Moreover, by observing another person interact with

the environment humans obtain a visual and physical perception of the world [13].

The question we investigate in this paper is, “can we learn a rich generalizable visual represen-

tation by encoding human interactions into our visual features?". In this work, we consider the

movement of human body parts and the center of attention (gaze) as an indicator of their interactions

with the environment and propose an approach for incorporating interaction information into the

muscly-supervisedrepresentation learning process.

To study what we can learn from interaction, we attach sensors to humans’ limbs and see how

they react to visual events in their daily lives. More specifically, we record the movements of the

body parts by Inertial Movement Units (IMUs) and also the gaze to monitor the center of attention.

We introduce a new dataset of more than 4,500 minutes of interaction by 35 participants engaging

in everyday scenarios with their corresponding body part movements and center of attention. There

are no constraints on the actions, and no manual annotations or labels are provided.
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Our experiments show that the representation we learn by predicting gaze and body movements

in addition to the visual cues outperforms the visual-only baseline on a diverse set of target tasks

(Figure 2.6): semantic (scene classification), temporal (action recognition), geometric (depth

estimation), physics (dynamics prediction) and affordance-based (walkable surface estimation).

This shows that movement and gaze information can help to learn a more informative representation

compared to a visual-only model.

Figure 2.6: We propose to use human’s interactions with their visual surrounding as a training signal
for representation learning. We record first person observations as well as the movements and gaze
of people living their daily routines and use these cues to learn a visual embedding. We use the
learned representation on a variety of diverse tasks and show consistent improvements compared to
state-of-the-art self-supervised vision-only techniques.

2.2.2 Related Work

Visual representations can be learned using many different techniques from full supervision to no

supervision at all. We outline the most common paradigms of representation learning, namely

supervised, self-supervised, and interaction-based representation learning.

Supervised Representation Learning. Supervised representation learning in computer vision is

typically performed by pre-training neural networks on large-scale datasets with full supervision

(e.g., ImageNet [39]) or weak supervision (e.g., Instagram-1B [116]). These models are fine-tuned

for a variety of tasks including object detection [61; 155], semantic segmentation [163; 27], and
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visual question answering [4; 88]. However, collecting a manually annotated large-scale dataset

such as ImageNet requires extensive resources in terms of cost and time. In contrast, in this paper,

we only use human interaction data, which does not require any manual annotation.

Self-supervised Representation Learning. There has been a wide range of research on self-

supervised learning of visual representations in which properties of the images themselves act as

supervision. The objectives for these methods cover a variety of tasks such as solving jigsaw puzzles

[135], colorizing grayscale images [222], learning to count [136], predicting context [42], inpainting

[143], adversarial training [43] and predicting image rotations [60]. This type of representation

learning is not limited to learning from single frames. [6] and [93] both use egomotion, [190]

cyclically track patches in videos, [142] use low-level non-semantic motion-based cues, and [180]

predict the representation of future frames.

Inspired by contrastive learning [73], recent methods have used “instance discrimination” in

which the network uniquely identifies each image. A network is trained to produce a non-linear

mapping that projects multiple variations of an image closer to each other than to all other images.

Using Noise Contrastive Estimation [71], networks are trained to differentiate between similar

images under complex noise models (such as non-overlapping crops and heavy color jittering)

and dissimilar images. [137] and [80] introduce and investigate the Contrastive Predictive Coding

(CPC) method, which encodes the shared information between different crops of an image to predict

the features from masked regions of the image. [198; 124] use a memory bank, which enables

contrasting features of the current image against a large set of negative samples, increasing the

likelihood of finding a nearby negative. The MoCo technique [76; 30] encodes the positive samples

with a momentum encoder to avoid the rapid changes in the original feature extractor. They achieve

comparable results with supervised learning representations. [28; 29] show that by using a trainable

non-linear transformation between the representation and contrastive latent space and larger batch

sizes, they can omit memory banks entirely, allowing for full backpropagation through both positive

and negative samples, and achieve better results. [11; 176] maximize the mutual information
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between different extracted features of the same image from multiple views. [228] enforce the

extracted features of similar images to move towards the same part of the embedding space. [64],

[213], and [40] apply contrastive method to videos and leverage spatio-temporal cues to learn visual

representations. Similar to these approaches, we do not rely on any manual annotation, but in

contrast to them, we utilize human interactions along with their visual observation for representation

learning.

Interaction-Based Representation Learning. The third class of learning representations relies

on cues obtained by interacting with a dynamic environment. [151] learn a representation from

interactions of a robotic arm (e.g., grasping and pushing) with different objects. [25] and [191] both

tackle the representation learning problem by training an agent to play a game in an interactive

environment. [46] learn a representation by modeling the non-semantic movements of a dog. Our

work falls in this category since we use human interactions for learning the representation. We

differ from these approaches in that we use low-level observations of human interaction such as

body part movements and gaze to show significant improvement over a state-of-the-art baseline

across multiple low-level and high-level target tasks.

2.2.3 Human Interaction Dataset

We introduce a new dataset of human interactions for our representation learning framework. In

this section, we describe the data collection. Our goal is to capture how humans react to the visual

world by recording their movements and focus of attention. Previous datasets of human actions and

gaze include only gaze information [51; 207], part movements from a third-person view [90; 75], or

only action or hand labels in an ego-centric setting [35; 166]. In contrast, our new dataset includes

ego-centric observations along with the corresponding gaze and body movement information during

their daily activities ranging from walking and cycling to driving and shopping.

To collect the dataset, we record egocentric videos from a GoPro camera attached to the subjects’

forehead. We simultaneously capture body movements, as well as the gaze. We use Tobii Pro2
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Figure 2.7: Dataset examples. Two sequences from our dataset are shown on the left. The first
row shows the sequence of the images and the second row shows the movements of the body
parts according to the IMU readings. We visualize the gaze using the red circle. This is just for
visualization purposes and does not exist in the image. On the right, we show the data collection
setup.

eye-tracking to track the center of the gaze in the camera frame. We record the body part movements

using BNO055 Inertial Measurement Units (IMUs) in 10 different locations (torso, neck, 2 triceps,

2 forearms, 2 thighs, and 2 legs). Figure 2.7 shows the data collection setup along with two clips of

the captured sequences. In total, we collected 4,260 minutes of videos with their corresponding

body part movement and gaze from 35 people. Unlike the common large-scale datasets used for

representation learning such as ImageNet, there is no restriction on the categories observed in the

images, and no manual annotation is provided. Although the supervision from movement and gaze

does not come for free and still requires the participants wearing the sensors, no manual or semantic

annotation is needed for acquiring this dataset.

2.2.4 Interaction-based Representation Learning

Visual representation learning is typically performed using visual cues from single images or

videos [76; 64]. Our goal in this paper is to incorporate human interactions into our representations

to move beyond a purely visually-trained feature representation. Below, we describe our approach

for integrating movement and gaze information in the representation learning pipeline. Intuitively,
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Figure 2.8: Model Overview. We learn a muscly-supervisedrepresentation by jointly optimizing
visual, movement and center of focus (gaze) objectives. The portion outlined with a rectangle is the
backbone that is used to evaluate the representation for target tasks. All parts of the network are
initialized randomly and trained from scratch.

body part movements should encode the temporal changes in the image based on the underlying

cause of those changes (e.g., moving legs results in walking which makes distant objects move

closer). Additionally, gaze grounds the visual features with the location in the image where the

person pays the most attention. This should correlate well with semantic concepts such as objects,

or affordances such as walkable surfaces.

2.2.5 Learning Features

Our goal is to learn visual representations by simultaneous learning of a visual encoding for each

frame and predicting body part movements and gaze attention from the sequence of observations.

Formally, given an ego-centric video as a sequence of images V = (It, . . . , It+k), the goal is to

1) estimate the gaze G = (Gt, . . . , Gt+k), where Gt is the person’s center of focus in 2D camera

coordinates, and 2) predict the body part movements P = (Pt, . . . , Pt+k), where Pt is a binary

vector of length equal to the number of body parts, indicating whether a part is moved at time t.

We optimize three objectives: (1) gaze prediction, (2) body part movement prediction, and (3)

auxiliary visual prediction. The visual features obtained from a CNN backbone are combined with

a sequence-to-sequence model in order to predict gaze and movement. Note that the weights of
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the backbone are randomly initialized, i.e. we train the model from scratch. Figure 2.8 shows an

overview of the architecture. The objectives are jointly optimized. In the following, we explain each

of them in more detail.

Gaze: We predict the person’s focus of attention by modeling their gaze in the camera reference

frame. We use the Huber loss to train the center of attention Lattention(Ĝ, G),

Lattention(Ĝ, G) =


1
2

∥∥∥Ĝ−G∥∥∥2
2

|Ĝ−G| < δ

|Ĝ−G| − 1
2

otherwise
(2.2)

Movement: We find the task of predicting body part movement direction and magnitude to be

highly ambiguous. For example, when walking, the visual information may not show the legs, so

we cannot know how high the legs were lifted. Instead, for each body part, we predict whether it

is moving at all which is less ambiguous and reduces the problem to a binary classification task.

Rather than predicting the movements for lower and upper parts of the joint separately (leg and

thigh, forearm and tricep), we combine the movements into 6 categories of torso, neck, right arm,

left arm, right leg, and left leg. To estimate this movement, we use binary cross-entropy loss and

denote it as Lmovement(P̂ , P ).

Auxiliary Visual Prediction: We also use a visual objective, Lvisual(Ît, It). For this objective,

similar to [76], we use instance discrimination. Any alternative visual encoding objective can be

used instead. In section 2.2.7.4, we provide results for another type of visual encoding as well.

Instance discrimination’s objective is to force the visual features of different augmentations of

the same image to be as close as possible in the latent space [198; 28; 228] while pushing apart all

other image embeddings. By learning to extract what makes each image unique, the network focuses

on semantically meaningful features of the image. This enables the feature extractor to embed

a more invariant representation of the image, which is especially important when transferring to

different tasks and domains. To contrast the positive samples (the augmentations of the image), with

a large set of negative samples, we maintain a memory bank of embedded features from different
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images in the data. The final objective can be formalized as Lvisual (which is also known as the

InfoNCE [137] loss),

Lvisual(Ît, It) = − log
exp(f(It) · f(Ît)/τ)∑N
i=0 exp(f(It) ·Mi/τ)

, (2.3)

where It, Ît are two different random augmentations of the first image of the sequence V , f is the

image feature extractor (ResNet backbone), M = (M0, . . . ,MN) is the bank of negative samples

and τ is a parameter that controls the concentration level of the distribution [82]. We also use a

momentum-updated encoder as in [76]. We apply the visual loss only to the first image of the

sequence, as images within a sequence tend to be visually similar to each other.

The overall objective is a weighted sum of the described loss functions.

Linteraction = αLattention(Ĝ, G) + βLmovement(P̂ , P ) + γLvisual(Ît, It) (2.4)

2.2.6 Adapting the Representation to New Tasks

After training the model using Linteraction objective, we use the trained weights of our feature

extraction network (i.e., only the ResNet part) as the initialization for our target tasks. Our goal

in this paper is to evaluate the visual representation on its own rather than using it as initialization

for end-to-end training. Hence, during training for the target tasks, the weights of the feature

extraction backbone are frozen. We have a diverse set of target tasks, where each requires a specific

network architecture (for example, depth estimation requires up-convolutional layers, while action

recognition requires a temporal architecture). Below, we describe the result of the transfer to the

target tasks.
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Datasets SUN397 Epic Kitchen VIND NYUv2
[204] [35] [127] [134]

Method Training (a) Scene (b) Action (c) Dynamics (d) Walkable (e) Depth
Objective (Top-1 ↑) (Top-1 ↑) (Top-1 ↑) (IOU ↑) (RMSElog ↓)

MoCo [76] vis 15.80 24.45 13.18 58.97 0.148

Ours vis/attn 21.27 26.80 13.71 59.65 0.145

Ours vis/move 21.08 26.71 13.22 58.42 0.144

Ours vis/move/attn 22.82 27.95 14.44 58.38 0.146

Table 2.6: Target task results. We compare the performance of our learned representation from
movement and gaze cues with a recent self-supervised baseline MoCo [76] (which is trained on
our data). Note that the MoCo baseline is trained using only visual data (‘vis’). We evaluate the
performance on a variety of different target tasks.
2.2.7 Experiments

To evaluate our representation learning approach, we consider five different types of target tasks.

The tasks are chosen such that they cover a wide range of domains: semantic (scene classification),

temporal (action recognition), geometric (depth estimation), physical (dynamics prediction), and

affordance (walkable surface estimation). We show that our learned representation, which encodes

body part movement and gaze and does not rely on any manual annotation, outperforms a strong

self-supervised baseline which relies on purely visual cues. Furthermore, we provide ablations of

our model by using an alternative visual loss and using a subset of body parts for representation

learning.

2.2.7.1 Self-Supervised Baseline

We compare our method with the recently introduced self-supervised representation learning

technique, Momentum Contrast network (MoCo) [76], which is a state-of-the-art representation

learning approach and achieves strong performance on a variety of target tasks such as image

classification and object detection. The original work was trained on images from the ImageNet

dataset. To ensure the comparison between our method and the baseline is fair, we train MoCo

on the images from our dataset. Note that this baseline relies on visual cues only. Our goal is to

show whether we can learn better representations when we use movement and gaze information in
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addition to the visual information.

2.2.7.2 Evaluation of the Learned Representation

We evaluate the learned representation on five different target tasks. The weights for feature

extraction backbone are frozen, and only the task-specific layers are trained. We show that the

representation trained using the movement and attention (gaze) supervision in addition to the visual

cues outperforms MoCo [76] baseline (trained on our data) across the board. For each target task,

we report the results in four settings, each using a different combination of visual, movement, and

gaze (attention) cues for representation learning.

Scene Classification. For the task of scene classification, a network receives a single image as

input and predicts the scene category of the image. We use SUN397 [204] dataset for this task,

as it provides a large-scale dataset of 130k images of 397 different scene categories (e.g., park,

restaurant, kitchen). The results are shown in Table 2.6-column (a). The representation that encodes

both movement and attention cues performs the best on the semantic task of scene classification.

We achieve nearly a 7% improvement compared to fine-tuning the MoCo [76] baseline.

Action Recognition. The task is to predict the category of action from ego-centric videos. We use

the EPIC-KITCHENS dataset [35] for this task, which is a large-scale dataset of 11M images from

different action categories that are performed in various kitchens.

As shown in Table 2.6-column (b), our method outperforms the strong baseline representa-

tion learning method by 3.5%. This again shows that incorporating additional cues such as part

movements and gaze in the representation learning is beneficial for downstream tasks. It seems

that both movement and attention cues are helpful for action recognition. This is aligned with our

intuition that predicting the gaze of a person and how they move their body parts may be beneficial

to recognizing the actions they perform.

Future Prediction of Dynamics. The goal of this task is to predict the future dynamics of an

object in an image. We use the VIND [127] dataset for this task. It includes 150K images with
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Training Objective
Scene

Classification
Top-1 ↑

Action
Recognition

Top-1 ↑

Dynamics
Prediction
Top-1 ↑

Walkable
Estimation

IoU ↑

Depth
Estimation
RMSElog ↓

Lae 11.59 23.84 9.62 43.64 0.175

Lae + Latt + Lmove 15.08 25.69 10.78 47.20 0.169

Lnce + Latt + Lmove 22.82 27.95 14.44 58.38 0.146

Table 2.7: Ablation of the visual loss. The result of using an autoencoder for the visual loss. We
re-train the models for the five target tasks. Latt, Lmove and Lnce are the ones used in Eq. 2.4.
corresponding object bounding boxes. The dataset categorizes physical dynamics into Newtonian

scenarios such as sliding, projectile motion, and bouncing. The goal is to predict these Newtonian

scenarios and the camera viewpoint for a query object that is specified by a bounding box and

physical motion labels. There are 66 classes in total. The input to the network is a single RGB

image and the bounding box for the query object. Table 2.6-column (c) includes the results for

this task. We outperform the baseline by 1.3%. The representation that is learned by using both

attention and movement provides the best performance for this task, which involves predicting the

future trajectory of objects.

Walkable Surface Estimation. The goal of this task is to segment the pixels in an image that a

person can walk on. We use the data from [129], which provides annotation for 1449 images of the

NYU DepthV2 [134] dataset. The results are shown in Table 2.6-column (d). The variation of our

method that uses only the gaze information achieves the highest accuracy. This might be due to the

fact that, during walking, human attention is focused on the places that they can walk on. Therefore,

the gaze provides sufficient information to perform this task.

Depth Estimation. For depth estimation, the task is to regress the values of the depth for a single

monocular RGB image. We use NYU DepthV2 [134] dataset for this task, which provides 1449

densely labeled pairs of RGB and depth images. The results are shown in Table 2.6-column (e). Our

learned representation outperforms the baseline for this task as well. Movement cues seem more

aligned with the task of depth estimation, and the representation embedding with this information

performs better. Note that the metrics for depth and walkable surface estimation are global metrics
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i.e. they are computed for the entire image. Therefore, typically a small improvement in those

metrics has a significant effect on the qualitative results.

2.2.7.3 Ablative Analyses

We ablate our results by replacing the InfoNCE visual loss with an autoencoder loss. Additionally,

we show how gaze information affects the prediction of the body part movements. Finally, we

evaluate which movements serve as an important supervision by masking out subsets of the body

parts and retraining the representation.

2.2.7.4 Visual Loss

As discussed in Section 2.2.5, we use the InfoNCE loss [137] while learning the representa-

tion. In order to investigate the impact of using this objective, we learn the representation using

an autoencoder loss for our visual objective and evaluate the learned representation on all five

target tasks after re-training using the new backbone. The autoencoder loss, Lae is defined as

Lae(d(f(It)), It) = ‖d(f(It))− It‖2, where f is the feature extractor backbone and d is a de-

coder network of five up-convolution layers, which receives the 512× 7× 7 feature as input and

reconstructs a 3× 56× 56 image.

Table 2.7 shows that gaze and movement information still provide a strong signal compared to

the visual-only case. However, the results are worse than the case that we use the InfoNCE loss for

learning the representation.

2.2.7.5 Movement Estimation

To better understand the effect of gaze, we predict body part movements with and without gaze

information. This experiment is not part of the representation learning experiments. It is just to

evaluate whether using gaze provides any additional cue for prediction of the movements.

In this experiment, we predict which subset of the six groups of body parts (neck, torso, left
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Prediction Avg. Accuracy

Visual→ Part Movement 79.19

Visual + Gaze→ Part Movement 81.01

Table 2.8: Body part movement prediction. We investigate the correlation of the movement and
attention by using the human gaze as an additional input to predict the body part movements.

arm, right arm, left leg, right leg) have moved. The overall architecture for this experiment is the

same as our representation learning model, except for the inputs to the LSTM modules, which is

instead the concatenated image features from ResNet and the embedded input gaze. The input gaze

embedding is a two-layer network encoding the gaze into a feature vector of size 512.

Table 2.8 shows the results for this experiment. The network achieves an improvement in

predicting the body parts movements by having the additional information of the person’s center of

attention, which can intuitively serve as a proper indicator of their “intentions".

2.2.7.6 Effects of the Body Parts

To evaluate how each body part affects the learned representation, we perform an experiment where

we ignore a subset of body parts, re-train the representation learning (from scratch) and evaluate

the features on target tasks. Table 2.9 summarizes the results. The performance on the target tasks

(except depth estimation) drops when we ignore a body part during representation learning. For

depth estimation, removing torso results in a slightly lower error, which might indicate that the

torso movement is not as helpful for estimating the depth.

2.2.8 Conclusion

Representations that encode movements and actions become a necessity as we move deeper towards

embodied visual understanding. In this paper, we investigate the idea of using human interactions

to learn visual representations. To enable this research, we introduce a new dataset of human

interactions which includes hours of synchronized streams of image frames, body part movements,
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Masked
Parts

Scene
Classification

Top-1 ↑

Action
Recognition

Top-1 ↑

Dynamics
Prediction
Top-1 ↑

Walkable
Estimation

IoU ↑

Depth
Estimation
RMSElog ↓

w/o Torso 21.56 25.42 13.47 57.50 0.143

w/o Neck 21.50 26.25 13.54 56.76 0.148

w/o Arms 20.72 24.97 13.79 58.08 0.148

w/o Legs 21.38 25.65 12.62 57.16 0.147

w/ all 22.82 27.95 14.44 58.38 0.146

Table 2.9: Ablation of body parts. We show how the performance on the target tasks changes
when we ignore a body part during representation learning.

and gaze information across different subjects and activities. We show that representations trained

to predict body movements and gaze encode additional information compared to their purely visual

counterparts. More specifically, we show our representation outperforms a state-of-the-art self-

supervised representation learning baseline for a variety of target tasks. Our main point in this paper

is to show there are signals other than visual information that can be used for improving visual

representation. However, we require additional sensors to capture data from other modalities and

we acknowledge that scalability of our dataset requires additional data collection.

2.3 Learning by Performing Interactions

2.3.1 Introduction

What does it mean to understand a video of human-object interaction such as the one shown in

Figure 2.9? One popular answer would be to recognize the nouns (objects) and verbs (actions) –

e.g., in this case lifting a pot. But such an understanding is quite limited in nature. For example,

simply recognizing ‘lifting’ does not tell one anything about how the pot was grasped, or how

high it was lifted. To address these shortcomings, there has been a recent push towards a deeper

geometric understanding of videos. From estimating contact points on the object [19] to estimating
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human and object poses [113], these approaches tend to estimate the visible geometric structure.

While the high-level semantic labeling (’lifting’) or the geometric inferences (human and object

pose estimation), both provide an answer to what happened in the video, it lacks the true physical

substance for actionable understanding. For example, just knowing how the pot is moved is not

sufficient for the robot to imitate – it needs to also understand how the act was accomplished.

In order to obtain a more actionable understanding, we argue that one must account for the

physical nature of the task. The answer then, to the question of how the act was done, is rather

straightforward from a physical perspective – the object was in contact with the human hand on

two sides, and a combination of inward and upward forces applied at these contact points allowed

it to be lifted up against gravity. This understanding of physical forces is not only directly useful

for an active agent but also completely represents the interaction from the object’s perspective as

only external forces cause its motion. In this work, we take a step towards developing such an

understanding and present a system that can infer the contact points and forces applied to a known

object from an interaction video.

While the goal of being able to infer these forces is desirable, it is unfortunately tedious (if

not impossible) to acquire direct supervision for this task. The existing force sensors [115] are

not precise enough to provide accurate direction or magnitude measurement, and not compact

enough to keep the interaction natural. So, how do we get the supervision? We note that if we can

infer physical forces applied to an object, we can also recover a full geometric understanding by

simulating the effect of the forces on that object. We build on this insight and present an approach to

learn prediction of physical forces, that instead of directly supervising the predicted forces, enforces

that their effects match the observations through the interaction video.

To train our system, we collect a dataset of videos recorded from multiple participants grabbing

and moving objects. Then we use Mechanical Turk to annotate the keypoints of the objects and

contact points on each frame and use this limited information in camera frame to infer the object’s

6DOF pose in world coordinates and the person’s contact points on object mesh. We observe that
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our approach of learning to predict forces via supervising their effects allows us to learn meaningful

estimates and that these can explain the observed interaction in terms of reproducing the observed

motion.

Our experiments show that our model learns to infer human contact points on object mesh,

and estimate the corresponding forces. We observe that applying these forces on the predicted

contact points at each time step in physics simulation we can repeat the behavior depicted in the

video. We also show that contact point and force prediction are highly correlated and jointly

optimizing improves the performance on both tasks. Finally, we provide interesting evidence that

the representation we learn encodes rich geometric and physical understanding that enables us to

generalize to interacting with novel objects using only few shot examples.

Gravity

Gravity

Gravity

Physics Simulation

Input 
Videos

Output
Contact points + Forces

Simulated 
Result

Applying 
Forces

Figure 2.9: We study the problem of physical understanding of human-object interactions by
inferring object motion, points of contacts and forces from RGB videos. We use physics simulation
to see how these interactions change the dynamics of the object and try to imitate the motion
observed in the video.

2.3.2 Related Work

Pose estimation. In order to understand physical motions, a network needs to implicitly reason

about the object pose. There is a long line of work in this area, with two different approaches:

category-based [68; 159; 168] and instance-based [44; 96; 177; 202]. Our work is more aligned

with the latter, and we use the YCB object set [21] which provides richly textured objects. While

some of our model design decisions is inspired by these works, e.g. iterative pose estimation [112],
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our final goal, to infer about physics of the observed motions, is different.

Contact point prediction. Predicting the contact point and hand pose estimation for object ma-

nipulation has been studied in the domain of detecting plausible tool grasping [8], human action

recognition [57], hand tracking [74], and common grasp pattern recognition [87]. Brahmbhatt

et al. [19] collected a dataset of detailed contact maps using a thermal camera, and introduced a

model to predict diverse contact patterns from object shape. While our model also reasons about the

contact points,it is only one of the components towards better understanding the physical actions.

Moreover, we show that we benefit from force prediction to improve the contact point estimations.

Human Object interaction. Typical approaches for understanding human object interaction use

high level semantic labels [62; 70; 214]. Recently there have been some works in understanding the

physical aspects of the interaction. Pham et al. [148] have used data from force and motion sensors

to reason about human object interactions. They also use off-the-shelf tracking, pose estimation,

and analytical calculations to infer forces [147]. Hwang et al. [89] studied the forces applied

to deformable objects and the changes it makes on object shape. Li et al. [113] reasoned about

human body pose and forces on the joints when the person is interacting with rigid stick-like hand

tools. While these methods show encouraging results for this direction, our work concentrates on

interaction scenarios with complex object meshes and more diverse contact point patterns.

Predicting physical motions. Recently, learning the physics dynamic has been widely studied by

classifying the dynamics of objects in static images [127], applying external forces in synthetic

environments [131], predicting post-bounces of a ball [153], simulating billiard games [54], and

using generative models to produce plausible human-object interactions [186]. These works are

more broadly related to understanding the physical environment, however, their goal to predict

how scenes evolve in the future is different from ours. We try to tackle the problem of physically

reasoning about the motions observed in the videos.

Recovering physical properties. In recent years there have been efforts in building differentiable

physics simulation [36; 86]. Wu et al. [195] use physics engines to estimate physical properties
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of objects from visual inputs. However, in contrast to these approaches aimed at retrieving the

properties of the physical world, we assume these are known and examine the problem of interacting

with it. Our real-to-sim method is more aligned with the path taken by [24]; that being said, our goal

is not bringing the simulation’s and real world’s distributions closer. We rather focus on replicating

the observed trajectory in simulation.

2.3.3 Approach

Given a video depicting a human interacting with an object, our goal is to infer the physical forces

applied over the course of the interaction. This is an extremely challenging task in the most general

form. For example, the object geometry may vary wildly and even alter over the interaction (e.g.

picking a cloth), or forms of contact may be challenging (e.g. from elbowing a door to playing a

guitar). We therefore restrict the setup to make the task tractable, and assume that the interaction is

with a known rigid object (given 3D model), and only involves a single hand (five fingers apply

the force). Given such an interaction video, our goal is then to infer the forces applied to it at each

time-step along with the corresponding contact points.

Formally, given a sequence of images {It} depicting an interaction with a known object, and

additional annotation for (approximate) initial object pose, we predict the person’s contact points in

object coordinates frame Ct = (c0t , . . . , c
4
t ) (each representing one finger), and the forces applied to

each contact point (f 0
t , . . . , f

4
t ). As alluded to earlier, it is not possible to acquire supervision in

the form of the ground-truth forces over a set of training interactions. Our key insight is that we

can enable learning despite this, by instead acquiring indirect supervisory signal via enforcing that

the simulated effect of predicted forces matches the observed motions across the video. We first

describe in Section 2.3.3.1 a dataset we collect to allow learning using this procedure. We then

describe in Section 2.3.3.2 how we can extract supervisory signal from this data, and finally present

our overall learning procedure in Section 2.3.3.3.
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Image Keypoints annotations Object pose Contact points

Figure 2.10: Dataset. Showing two sample frames (drill and hammer) from our dataset. We collect
annotation for semantic keypoints of the objects (Column 2) and human contact points. This data
helps us to calculate object 6DOF pose (Column 3) and contact points on object mesh (Column 4).

2.3.3.1 Interaction Dataset

We collect a dataset of object manipulation videos, representing a diverse set of objects, motions,

and grasping variations. We leverage the objects from the YCB set [21], as these have the underlying

geometry available, and record a set of videos showing participants manipulating 8 objects. To

enable learning using these videos, we collect additional annotations in the form of semantic

keypoints and pixel locations of contact points to (indirectly) allow recovering the motion of the

objects as well as the 3D contact points for each interaction.

We describe the data collection procedure in more detail in the supplementary, but in summary,

we obtain: a) annotations for 2D locations for visible keypoints in each frame, b) 6D pose of the

object w.r.t. the camera in each frame, though these are noisy due to partial visibility, co-planar

keypoints, etc., and c) 3D contact points on the object mesh over each interaction video. There are

174 distinct interaction videos in our dataset (111 train, 31 Test, 32 Validation), 13K frames in total.

The 8 objects used are: pitcher, bleach bottle, skillet, drill, hammer, toy airplane, tomato soup can

and mustard bottle. We show some examples from the dataset in Figure 2.10. We will publicly

release the dataset and believe that it will also encourage future research on understanding physical

interactions.
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2.3.3.2 Supervisory Signal via Physical Simulation

Given per-timestep predicted forces ft and corresponding contact points Ct, we show that these can

get supervisory signal by simulating their effects, and comparing the simulated motion against the

observed one.

Discrepancy between Simulated and Observed Motions. A rigid body’s ‘state’ can be succinctly

captured by its 6D pose, linear velocity, and angular velocity. Given a current state st and the

specification of the applied forces, one can compute using a physics simulator P , the resulting state

st+1 ≡ P(st, ft, Ct). Therefore, given the initial state, and predicted forces and contact points, we

can simulate the entire trajectory under these forces and obtain a resulting state at each timestep.

One possible way to measure the discrepancy between this resulting simulated motion and the

observed one is to penalize the difference between the corresponding 6D poses. However, our

annotated ‘ground-truth’ 6D poses are often not accurate (due to partial visibility etc..), and this

measure of error is not robust. Instead, we note that we can directly use the annotated 2D keypoint

locations to measure the error, by penalizing the re-projection error between the projected keypoints

under the simulated pose and the annotated locations of the observed ones. We define a loss function

that penalizes this error:

Lkeypoint(lkpt , st) := ‖lkpt − π(Rt, Tt)‖2 (2.5)

Here, lkpt is the annotated 2D location for keypoints, π is the projection operator which transforms

3D keypoints on the model to the camera frame under the (simulated) rotation and the translation at

st = (Rt, Tt).

Differentiable Physics Simulation. To allow learning using the objective above, we require a

differentiable physics simulator P . While typical general-purpose simulators are unfortunately not

differentiable, we note that the number of input variables (state st, forces ft, and contact points Ct)

in our scenario is low-dimensional. We can therefore use finite difference method to calculate the
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Figure 2.11: Training schema. Given a video as input, the model predicts the forces and their
corresponding contact points. We then apply these forces on the object mesh in physics simulation
and jointly optimize for keypoint projection loss Lkeypoint and contact point prediction loss Lcp with
the aim to imitate the motion observed in the video.

gradients of the outputs of the simulation with respect to its inputs.

In order to calculate the derivative of output with respect to input, we need to calculate the

partial derivatives ∂St+1

St
, ∂St+1

ft
and ∂St+1

C
. We use the approximation

df

dx
∼=
f(x+ h)− f(x− h)

2h
(2.6)

where h is a small constant. As st ∈ R13, ft ∈ Rk×3, and Ct ∈ Rk×3 (k = 5 is the number of

contact points), we can compute the gradients w.r.t the input using (13 + 3k + 3k) + 1 calls to the

simulator P (the last call is for calculating f(x)). We use the PyBullet simulator [33] for our work,

and find that each (differentiable) call takes only 0.12 seconds.

2.3.3.3 Putting it together: Joint Learning of Forces and Contact Points

Given a video and the initial state of the object, we encode the sequence into a visual embedding,

and use this embedding to predict the contact points and their corresponding forces. We then apply

these forces in the physics simulation to infer the updated state of the object, and use it in addition

to the sequence embedding to iteratively predict the subsequent forces to be applied. This can help
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Figure 2.12: Model overview. Given a video of a person moving an object, along with the initial
pose of the object, our network predicts the human contact points and the forces applied at those for
each time step. The implied effects of these forces can then be recovered by applying them in a
physics simulation. Using the gradients through this simulated interaction, our model learns how to
optimize for its two objectives: minimizing the error in projection of the object to camera frame,
and predicting the accurate contact points.

the network to adapt to the possible mistakes it might have made, and change the forces in the next

steps accordingly (Figure 2.12).

To train our model we have two objectives: (1) to minimize the keypoint re-projection error,

that help with reducing the discrepancy between the object trajectory in simulation and the one seen

in the video (Equation 2.5), and (2) to minimize the error in contact point prediction in compare to

the ground-truth (Figure 2.11). The objective we use for optimizing the contact point estimation is

defined as,

Lcp(Ct, Ĉt) :=
∑

i=0,...,k

‖ci − ĉi‖2, (2.7)

where k is the number of contact points, and Ct and Ĉt are the ground truth and predicted contact

points at time t.

We note that the contact point decoder gets supervisory signals both from contact point loss

and the keypoint loss. We believe this constrains contact point prediction to generate physically

plausible motions as seen in videos. In experiments, we show this joint loss leads to improvement

even in contact point prediction.

Training details. The backbone for obtaining primary image features is ResNet18 [78] pre-trained

on ImageNet [37]. We take the features (which are of size 512x7x7) before the average pooling.
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For all the experiments we use batch size 64, Adam optimizer with learning rate of 0.001, videos

of length 10 frames, with frequency of 30 fps, hf , hs = 0.01 and hc = 0.05 for approximating

gradients (refer to Equation 2.6) for force, state and contact point respectively.

We calculate the direction of the gravity in world coordinates and use it in physics simulation to

ensure realistic behavior. To train our model we first train each branch in isolation using Lcp for

contact point prediction and Lkeypoint for force prediction modules, then we jointly optimize for

both objectives and train end to end.

2.3.4 Experiments

The area of physical understanding of human-object interaction is largely unexplored, and there are

no established benchmark datasets or evaluation metrics. In this work, we use our novel dataset

to provide empirical evaluations, and in particular to show that: a) our results are qualitatively

meaningful; and (b) individual components and loss terms are quantitatively meaningful (ablations).

We will also demonstrate that a physical understanding of human-object interactions leads to

improvement even in individual components such as contact point estimation and estimating object

poses; and (c) finally we will demonstrate the generalization power by showing that our network

learns a rich representation that can use few examples to generalize to manipulating novel objects.

Evaluation Metric: The goal of our work is to obtain physical understanding of human-object

interactions. But getting ground truth forces is hard, which makes it impossible to quantitatively

measure the performance by just force values. So instead of measuring forces, we evaluate if our

predicted forces lead to similar motions as depicted in the videos. Therefore, for evaluating our

performance, we use the CP and KP error (Equations 2.5 and 2.7) as evaluation metrics. The former

measures the L1 distance between the predictions and ground truth for contact point (in object

coordinates), and the latter measures error in keypoint projection (in image frame). Original image

size is 1920 × 1080 and the keypoint projection error is reported in pixels in the original image

dimension. Rotation and translation error are the angular difference (quaternion distance) in rotation
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and L2 distance (meters) in translation respectively.

2.3.4.1 Qualitative Evaluation

We first show qualitative results of our full model: joint contact point and force prediction. The

qualitative results for force prediction and contact point predictions are shown in Figure 2.13 and

Figure 2.14 respectively. As the figure shows, our forces are quite meaningful. For example, in case

of plane at t = 0 ( See Figure 2.13(a)), initially the yellow and blue arrow is pushing to left and

purple arrow is on the other side is pushing to right. This creates a twist motion and as seen at t = 4

rotates the plane. Also, in case of skillet (Figure 2.13(b)), there is a big change in the orientation

of the object from t = 0 to t = 4, therefore a bigger magnitude of force is required. However,

after getting the initial momentum the forces decrease to the minimum needed for maintaining the

current state. Refer to project page∗ 1 for more visualizations.

Next we show few examples of contact point prediction. If contact points are predicted in

isolation, small differences can lead to fundamentally different grasps. By enforcing physical

meaning to these grasps (via forces), our approach ensures more meaningful predictions. An

example is the top of Figure 2.13, where isolated prediction leads to grasp on the rim of the pitcher;

but joint prediction leads to prediction of grasp on the handle.

2.3.4.2 Quantitative Evaluation

To quantitatively evaluate our approach, we measure performance by evaluating if application of

forces as predicted lead to effects as depicted in the videos. Table 2.10 shows the performance in

terms of CP metric and KP error. We report both the joint optimization (depicted as Lkeypoint +Lcp)

and the case where contact point prediction and force prediction modules are learned in an isolated

manner (Lkeypoint/Lcp). We observe that the joint model is significantly better (low error), both in

contact point prediction and keypoint prediction.

1∗ https://ehsanik.github.io/forcecvpr2020
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Figure 2.13: Qualitative Results. We show the results for the model which optimizes for both
Lkeypoint and Lcp. Due to space limitations only Frames for t = 0, 4 are shown. For more videos
and contact point visualizations refer to supplementary material.
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Image Trained with Trained with

Figure 2.14: Improvements in contact point prediction after joint optimization. We qualita-
tively show some examples for which the model makes better contact point predictions when it is
trained using both Lkeypoint and Lcp. Fingers are color-coded (Thumb: orange, Index: Red, Middle:
Blue, Ring: Green, Pinky: Purple).

Next, we measure what happens if the contact point prediction was perfectly matched with the

annotated ground truth. So, instead of predicting them, we use ground truth contact points. Given a

video, initial pose, and human contact points, we predict the forces applied to each point of contact

to replicate the motion. Table 2.11 shows the results for unseen videos. Note that the training and

test sets of contact points are disjoint, so model needs to be able to generalize to applying forces to

the object under novel contact point configurations.

Comparing results in Table 2.10 and Table 2.11 shows that the jointly optimized model

(Lkeypoint + Lcp), (even though it is using the predicted contact points which may have errors),

predicts forces that result in better KP metric in compare to the model that uses ground-truth contact

points (and is only trained on Lkeypoint). This shows that jointly reasoning about where to apply the

force and what force to apply can help with a better physical understanding.

Training one model for different objects. We try two training setup for each experiment: (1)

training a separate model per object, and (2) sharing weights for one model across all objects

(referred to as "All objects"). The common trend of performance improvement for both metrics
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Object Objective CP Error Keypoint Error (in px) Rotation Error Translation Error

Plane Lkp/Lcp 8.79e-2 109.73 0.220 0.152
Lkp + Lcp 7.97e-2 99.89 0.152 0.182

Skillet Lkp/Lcp 2.37e-2 70.02 0.085 0.094
Lkp + Lcp 2.18e-2 65.25 0.076 0.063

Pitcher Lkp/Lcp 7.3e-2 131.62 0.126 0.212
Lkp + Lcp 5.61e-2 113.40 0.131 0.129

Drill Lkp/Lcp 7.08e-2 85.86 0.192 0.312
Lkp + Lcp 6.47e-2 71.00 0.163 0.250

All objects Lkp/Lcp 6.83e-2 104.57 0.218 0.250
Lkp + Lcp 6.71e-2 99.38 0.183 0.212

Table 2.10: Contact point prediction and key point projection error on test set, independent
vs. joint optimization In each set, the first row shows the results of the model optimizing for
contact point and keypoint projection error separately, and the second row represents the joint
optimization results. End to end training improves the results for both contact point prediction and
keypoint projection. In the table, Lkp denotes Lkeypoint and input to the network is the RGB image.

after joint optimization is observed when training one model for all objects as well.

2.3.4.3 Few-shot Generalization to Novel Objects

In order to evaluate the representation we learn from this training schema, we train a model for

manipulating plane and use that to predict forces on unseen objects using few shot examples.

Figure 2.15 shows that the representation we learned from predicting forces on one object can

generalize to estimating forces for held-out objects using only few examples. Increasing the number

of training samples yields better results on the test set. The 10 few shot experiment without pre-

training (red) has a significantly lower accuracy than the one with our pre-training (light green) and

is comparable with our 1-shot experiment (dark green).
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Object Input Objective Keypoint Error (in px) Rotation Error Translation Error

Plane Img + CPgt Lkp 104.33 0.134 0.199
Skillet Img + CPgt Lkp 67.47 0.075 0.089
Pitcher Img + CPgt Lkp 124.70 0.130 0.176
Drill Img + CPgt Lkp 91.25 0.236 0.352

All objects Img + CPgt Lkp 102.40 0.237 0.273

Table 2.11: Predicting the forces using ground truth contact points We first train a model to
predict the forces on the ground-truth contact points. The first four rows show the quantitative
results for training separate model per object using the Lkeypoint objective and the last row shows
the result for training one shared model for all 8 objects.
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Figure 2.15: Few shot experiment. Showing the keypoint projection error for the model that is
trained on planes and fine-tuned on few examples for held out objects (Lower is better). The results
are shown for 1, 5, or 10 examples, as well as the model trained on the whole training set. The red
bar shows errors for training on 10 examples without plane pre-training.
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Set Objective KP (px) Rotation Translation

Train Lkeypoint 55.96 0.129 0.063
Test Lkeypoint 105.60 0.138 0.198

Train Lforce 59.86 0.120 0.065
Test Lforce 185.33 0.156 0.307

Table 2.12: Pseudo-ground truth force regression. We trained a model to predict the pseudo-
ground truth forces for toy airplane from video, initial pose and contact points as input, by directly
optimizing for the force prediction (Lforce). Although the training error is similar to the model
trained on keypoint projection loss, it fails to generalize to unseen images and trajectories.

2.3.4.4 Additional Ablation Analysis

Regressing the force without simulation gradients. One alternative approach to solving the force

inference problem is to predict the forces without the gradients from simulation. However, this

requires having ground-truth labels for forces, which is almost impossible to obtain. So, we try to

optimize for a set of pseudo-ground truth forces.

The goal of this experiment is to investigate how keeping the physics simulation in the training

loop can help with understanding physics of the environment and generalizing to unseen trajectories.

To obtain pseudo-labels, we optimize a set of valid forces per training example which minimizes

the error in keypoint projection. Then we train a model that given the sequence of images and

ground truth contact points regresses these forces. The objective is defined as follows:

Lforce(fgt, f̂) = ‖fgt − f̂‖2

Table 2.12 shows that even though the error for training is relatively low, it still fails to generalize

to unseen trajectories and gets a high test error. The intuition is that the gradients the network gets

from interaction helps with learning a more generalizable representation.

Predicting initial state. We want to evaluate the necessity of giving the initial state as the input to

the network. Thus, we try to predict the initial pose instead of using the ground truth. We do so by
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Input KP (px) Rotation Translation

Image 135.80 0.160 0.496
Image+Sgt0 128.55 0.174 0.329

Table 2.13: Predicting initial state. The result for the model trained on toy plane object set,
predicting the initial pose as well as the forces on ground truth contact points. To see how the error
in object initial pose estimation is affecting the performance, we input the ground-truth object pose
to the model as input during inference to compare. This model is trained with Lkeypoint objective.
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Figure 2.16: Robustness to initial pose. The changes in the keypoint projection error with respect
to the magnitude of the noise added to the initial state. We also calculated the error bars for 5 runs
with different random seeds. The labels on the bottom of the chart show the magnitude of the noise
in rotation in degrees and the one on the top shows the magnitude of noise in translation in meters.

training a model that given a video as input and contact points in object coordinates (independent

of object state), predicts the initial state of the object as well as the forces that are applied on each

contact point (Table 2.13).

Adding noise to initial state during inference. We also want to investigate the effects of adding

noise to initial state on performance. This experiment evaluates the robustness of the performance of

the model to the initial state estimation. We used the trained model on toy airplane from Table 2.11,

and added noise to the input initial state during inference time. Figure 2.16 shows the changes in

KP metric with respect to tweaks in the rotation and translation of the initial state.
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2.3.5 Conclusion

We have proposed a model that given a video depicting human-object interaction, predicts the contact

points and the corresponding forces such that it replicates the observed motion. We demonstrate

that jointly optimizing for both contact point prediction and keypoint projection error improves the

results on both tasks in comparison to training models in isolation. We also show that our model

learns a meaningful physical representation that can generalize to novel objects using few examples.

Since our approach needs textured non-symmetric objects we were able to show these results on 8

objects from the YCB set [21], but we conjecture that if the keypoint labels in camera frame can

be estimated, this method can generalize further than this object set. We believe our work takes

step towards integrating action and perception in one common framework – bringing it closer to

real-world robotics. A feasible future work would be to investigate how our model’s prediction can

speed up the robotic imitation learning procedure.
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Chapter 3

Learning to Interact via Interaction

3.1 Learning to Learn from Interactions

3.1.1 Introduction

Learning is an inherently continuous phenomenon. We learn further about tasks that we have

already learned and can learn to adapt to new environments by interacting in these environments.

There is no hard boundary between the training and the testing phases while we are learning and

performing tasks: we learn as we perform. This stands in stark contrast with many modern deep

learning techniques, where the network is frozen during inference.

What we learn and how we learn it varies during different stages of learning. To learn a new

task we often rely on explicit external supervision. After learning a task, we further learn as we

adapt to new settings. This adaptation does not necessarily need explicit supervision; we often do

this via interaction with the environment.

In this paper, we study the problem of learning to learn and adapt at both training and test time

in the context of visual navigation; one of the most crucial skills for any visually intelligent agent.

The goal of visual navigation is to move towards certain objects or regions of an environment. A

key challenge in navigation is generalizing to a scene that has not been observed during training,
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Figure 3.1: Traditional navigation approaches freeze the model during inference (top row); this
may result in difficulties generalizing to unseen environments. In this paper, we propose a meta-
reinforcement learning approach for navigation, where the agent learns to adapt in a self-supervised
manner (bottom row). In this example, the agent learns to adapt itself when it collides with an
object once and acts correctly afterwards. In contrast, a standard solution (top row) makes multiple
mistakes of the same kind when performing the task.
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as the structure of the scene and appearance of objects are unfamiliar. In this paper we propose a

self-adaptive visual navigation (SAVN) model which learns to adapt during inference without any

explicit supervision using an interaction loss (Figure 3.1).

Formally, our solution is a meta-reinforcement learning approach to visual navigation, where

an agent learns to adapt through a self-supervised interaction loss. Our approach is inspired by

gradient based meta-learning algorithms that learn quickly using a small amount of data [53]. In

our approach, however, we learn quickly using a small amount of self-supervised interaction. In

visual navigation, adaptation is possible without access to any reward function or positive example.

As the agent trains, it learns a self-supervised loss that encourages effective navigation. During

training, we encourage the gradients induced by the self-supervised loss to be similar to those we

obtain from the supervised navigation loss. The agent is therefore able to adapt during inference

when explicit supervision is not available.

In summary, during both training and testing, the agent modifies its network while performing

navigation. This approach differs from traditional reinforcement learning where the network is

frozen after training, and contrasts with supervised meta-learning as we learn to adapt to new

environments during inference without access to rewards.

We perform our experiments using the AI2-THOR [100] framework. The agent aims to navigate

to an instance of a given object category (e.g., microwave) using only visual observations. We

show that SAVN outperforms the non-adaptive baseline in terms of both success rate (40.8 vs 33.0)

and SPL (16.2 vs 14.7). Moreover, we demonstrate that learning a self-supervised loss provides

improvement over hand-crafted self-supervised losses. Additionally, we show that our approach

outperforms memory-augmented non-adaptive baselines.

3.1.2 Related Work

Deep Models for Navigation. Traditional navigation methods typically perform planning on a

given map of the environment or build a map as the exploration proceeds [119; 174; 97; 102; 34; 16].
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Recently, learning-based navigation methods (e.g., [226; 69; 121]) have become popular as they

implicitly perform localization, mapping, exploration and semantic recognition end-to-end.

Zhu et al. [226] address target-driven navigation given a picture of the target. A joint mapper

and planner has been introduced by [69]. [121] use auxiliary tasks such as loop closure to speed

up RL training for navigation. We differ in our approach as we adapt dynamically to a novel

scene. [160] propose the use of topological maps for the task of navigation. They explore the test

environment for a long period to populate the memory. In our work, we learn to navigate without

an exploration phase. [95] propose a self-supervised deep RL model for navigation. However, no

semantic information is considered. [132] learn navigation policies based on object detectors and

semantic segmentation modules. We do not rely on heavily supervised detectors and learn from a

limited number of examples. [210; 197] incorporate semantic knowledge to better generalize to

unseen scenarios. Both of these approaches dynamically update their manually defined knowledge

graphs. However, our model learns which parameters should be updated during navigation and

how they should be updated. Learning-based navigation has been explored in the context of other

applications such as autonomous driving (e.g., [26]), map-based city navigation (e.g., [20]) and

game play (e.g., [196]). Navigation using language instructions has been explored by various

works [10; 23; 81; 215; 123]. Our goal is different since we focus on using meta-learning to more

effectively navigate new scenes using only the class label for the target.

Meta-learning. Meta-learning, or learning to learn, has been a topic of continued interest in

machine learning research [175; 162]. More recently, various meta-learning techniques have pushed

the state of the art in low-shot problems across domains [53; 122; 45].

Finn et al. [53] introduce Model Agnostic Meta-Learning (MAML) which uses SGD updates to

adapt quickly to new tasks. This gradient based meta-learning approach may also be interpreted

as learning a good parameter initialization such that the network performs well after only a few

gradient updates. [111] and [216] augment the MAML algorithm so that it uses supervision in one

domain to adapt to another. Our work differs as we do not use supervision or labeled examples to
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adapt.

Xu et al. [206] use meta-learning to significantly speed up training by encouraging exploration

of the state space outside of what the actor’s policy dictates. Additionally, [66] use meta-learning

to augment the agent’s policy with structured noise. At inference time, the agent is able to better

adapt from a few episodes due to the variability of these episodes. Our work instead emphasizes

self-supervised adaptation while executing a single visual navigation task. Neither of these works

consider this domain.

Clavera et al. [32] consider the problem of learning to adapt to unexpected perturbations using

meta-learning. Our approach is similar as we also consider the problem of learning to adapt.

However, we consider the problem of visual navigation and adapt via a self-supervised loss.

Both [84] and [216] learn an objective function. However, [84] use evolutionary strategies

instead of meta-learning. Our approach for learning a loss is inspired by and similar to [216].

However, we adapt in the same domain without explicit supervision while they adapt across

domains using a video demonstration.

Self-supervision. Different types of self-supervision have been explored in the literature [5; 92; 41;

189; 221; 150; 144; 138]. Some works aim to maximize the prediction error in the representation

of future states [141; 171]. In this work, we learn a self-supervised objective which encourages

effective navigation.

3.1.3 Adaptive Navigation

In this section, we begin by formally presenting the task and our base model without adaptation.

We then explain how to incorporate adaptation and perform training and testing in this setting.

3.1.3.1 Task Definition

Given a target object class, e.g. microwave, our goal is to navigate to an instance of an object from

this class using only visual observations.
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Figure 3.2: Model overview. Our network optimizes two objective functions, 1) self-supervised
interaction loss Lφint and 2) navigation loss Lnav. The inputs to the network at each time t are the
egocentric image from the current location and word embedding of the target object class. The
network outputs a policy πθ(st). During training, the interaction and navigation-gradients are
back-propagated through the network, and the parameters of the self-supervised loss are updated at
the end of each episode using navigation-gradients. At test time the parameters of the interaction
loss remain fixed while the rest of the network is updated using interaction-gradients. Note that the
green color in the figure represents the intermediate and final outputs.

Formally, we consider a set of scenes S = {S1, ..., Sn} and target object classes O =

{o1, ..., om}. A task τ ∈ T consists of a scene S, target object class o ∈ O, and initial posi-

tion p. We therefore denote each task τ by the tuple τ = (S, o, p). We consider disjoint sets of

scenes for the training tasks Ttrain and testing tasks Ttest. We refer to the trial of a navigation task as

an episode.

The agent is required to navigate using only the egocentric RGB images and the target object

class (the target object class is given as a Glove embedding [146]). At each time t the agent takes

an action a from the action set A until the termination action is issued by the agent. We consider an

episode to be successful if, within certain number of steps, the agent issues a termination action

when an object from the given target class is sufficiently close and visible. If a termination action is

issued at any other time, then the episode concludes and the agent has failed.
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3.1.3.2 Learning

Before we discuss our self-adaptive approach we begin with an overview of our base model and

discuss deep reinforcement learning for navigation in a traditional sense.

We let st, the egocentric RGB image, denote the agent’s state at time t. Given st and the target

object class, the network (parameterized by θ) returns a distribution over the actions which we

denote πθ(st) and a scalar vθ(st). The distribution πθ(st) is referred to as the agent’s policy while

vθ(st) is the value of the state. Finally, we let π(a)
θ (st) denote the probability that the agent chooses

action a.

We use a traditional supervised actor-critic navigation loss as in [226; 121] which we denote

Lnav. By minimizing Lnav, we maximize a reward function that penalizes the agent for taking a

step while incentivizing the agent to reach the target. The loss is a function of the agent’s policies,

values, actions, and rewards throughout an episode.

The network architecture is illustrated in Figure 3.2. We use a ResNet18 [79] pretrained on

ImageNet [38] to extract a feature map for a given image. We then obtain a joint feature-map

consisting of both image and target information and perform a pointwise convolution. The output

is then flattened and given as input to a Long Short-Term Memory network (LSTM). For the

remainder of this work we refer to the LSTM hidden state and agent’s internal state representation

interchangeably. After applying an additional linear layer we obtain the policy and value. In Figure

3.2 we do not show the ReLU activations we use throughout, or reference the value vθ(st).

3.1.3.3 Learning to Learn

In visual navigation there is ample opportunity for the agent to learn and adapt by interacting with

the environment. For example, the agent may learn how to handle obstacles it is initially unable to

circumvent. We therefore propose a method in which the agent learns how to adapt from interaction.

The foundation of our method lies in recent works which present gradient based algorithms for

learning to learn (meta-learning).
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Background on Gradient Based Meta-Learning. We rely on the meta-learning approach detailed

by the MAML algorithm [53]. The MAML algorithm optimizes for fast adaptation to new tasks.

If the distribution of training and testing tasks are sufficiently similar then a network trained with

MAML should quickly adapt to novel test tasks.

MAML assumes that during training we have access to a large set of tasks Ttrain where each

task τ ∈ Ttrain has a small meta-training dataset Dtr
τ and meta-validation set Dval

τ . For example, in

the problem of k-shot image classification, τ is a set of image classes and Dtr
τ contains k examples

of each class. The goal is then to correctly assign one of the class labels to each image in Dval
τ . A

testing task τ ∈ Ttest then consists of unseen classes.

The training objective of MAML is given by

min
θ

∑
τ∈Ttrain

L
(
θ − α∇θL (θ,Dtr

τ ) ,Dval
τ

)
, (3.1)

where the loss L is written as a function of a dataset and the network parameters θ. Additionally,

α is the step size hyper-parameter, and ∇ denotes the differential operator (gradient). The idea is

to learn parameters θ such that they provide a good initialization for fast adaptation to test tasks.

Formally, Equation 3.1 optimizes for performance on Dval
τ after adapting to the task with a gradient

step on Dtr
τ . Instead of using the network parameters θ for inference on Dval

τ , we use the adapted

parameters θ − α∇θL (θ,Dtr
τ ). In practice, multiple SGD updates may be used to compute the

adapted parameters.

Training Objective for Navigation. Our goal is for an agent to be continually learning as it

interacts with an environment. As in MAML, we use SGD updates for this adaptation. These SGD

updates modify the agent’s policy network as it interacts with a scene, allowing the agent to adapt

to the scene. We propose that these updates should occur with respect to Lint, which we call an

interaction loss. Minimizing Lint should assist the agent in completing its navigation task, and it

can be learned or hand-crafted. For example, a hand-crafted variation may penalize the agent for
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visiting the same location twice. In order for the agent to have access to Lint during inference, we

use a self-supervised loss. Our objective is then to learn a good initialization θ, such that the agent

will learn to effectively navigate in an environment after a few gradient updates using Lint.

For clarity, we begin by formally presenting our method in a simplified setting in which we

allow for a single SGD update with respect to Lint. For a navigation task τ we let Dint
τ denote the

actions, observations, and internal state representations (defined in Section 3.1.3.2) for the first k

steps of the agent’s trajectory. Additionally, let Dnav
τ denote this same information for the remainder

of the trajectory. Our training objective is then formally given by

min
θ

∑
τ∈Ttrain

Lnav
(
θ − α∇θLint

(
θ,Dint

τ

)
,Dnav

τ

)
, (3.2)

which mirrors the MAML objective from Equation 3.1. However, we have replaced the small

training set Dtr
τ from MAML with an interaction phase. The intuition for our objective is as follows:

at first we interact with the environment and then we adapt to it. More specifically, the agent

interacts with the scene using the parameters θ. After k steps an SGD update with respect to the

self-supervised loss is used to obtain the adapted parameters θ − α∇θLint
(
θ,Dint

τ

)
.

In domain adaptive meta-learning, two separate losses are used for adaptation from one domain

to another [111; 216]. A similar objective to Equation 3.2 is employed by [216] for one-shot

imitation from observing humans. Our method differs in that we are learning how to adapt in the

same domain through self-supervised interaction.

As in [111], a first order Taylor expansion provides intuition for our training objective. Equation

3.2 is approximated by

min
θ

∑
τ∈Ttrain

Lnav (θ,Dnav
τ )

− α
〈
∇θLint

(
θ,Dint

τ

)
,∇θLnav (θ,Dnav

τ )
〉
,

(3.3)

where 〈·, ·〉 denotes an inner product. We are therefore learning to minimize the navigation loss
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while maximizing the similarity between the gradients we obtain from the self-supervised interaction

loss and the supervised navigation loss. If the gradients we obtain from both losses are similar, then

we are able to continue “training" during inference when we do not have access to Lnav. However, it

may be difficult to choose Lint which allows for similar gradients. This directly motivates learning

the self-supervised interaction loss.

3.1.3.4 Learning to Learn How to Learn

We propose to learn a self-supervised interaction objective that is explicitly tailored to our task. Our

goal is for the agent to improve at navigation by minimizing this self-supervised loss in the current

environment.

During training, we both learn this objective and learn how to learn using this objective. We

are therefore “learning to learn how to learn". As input to this loss we use the agent’s previous k

internal state representations concatenated with the agent’s policy.

Formally, we consider the case where Lint is a neural network parameterized by φ, which we

denote Lφint. Our training objective then becomes

min
θ,φ

∑
τ∈Ttrain

Lnav

(
θ − α∇θLφint

(
θ,Dint

τ

)
,Dnav

τ

)
(3.4)

and we freeze the parameters φ during inference. There is no explicit objective for the learned-loss.

Instead, we simply encourage that minimizing this loss allows the agent to navigate effectively.

This may occur if the gradients from both losses are similar. In this sense we are training the

self-supervised loss to imitate the supervised Lnav loss.

As in [216], we use one dimensional temporal convolutions for the architecture of our learned

loss. We use two layers, the first with 10× 1 filters and the next with 1× 1. As input we concatenate

the past k hidden states of the LSTM and the previous k policies. To obtain the scalar objective we

take the `2 norm of the output. Though we omit the `2 norm, we illustrate our interaction loss in
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Algorithm 1 SAVN-Training(Ttrain, α, β1, β2, k)

1: Randomly initialize θ, φ.
2: while not converged do
3: for mini-batch of tasks τi ∈ Ttrain do
4: θi ← θ
5: t← 0
6: while termination action is not issued do
7: Take action a sampled from πθi(st)
8: t← t+ 1
9: if t is divisible by k then

10: θi ← θi − α∇θiL
φ
int

(
θi,D(t,k)

τ

)
11: end if
12: end while
13: end for
14: θ ← θ − β1

∑
i∇θLnav(θi,Dτ )

15: φ← φ− β2
∑

i∇φLnav(θi,Dτ )
16: end while
17: return θ, φ

Figure 3.2.

Hand Crafted Interaction Objectives. We also experiment with two variations of simple hand

crafted interaction losses which can be used as an alternative to the learned loss. The first is a

diversity loss Ldiv
int which encourages the agent to take varied actions. If the agent does happen

to reach the same state multiple times it should definitely not repeat the action it previously took.

Accordingly,

Ldiv
int

(
θ,Dint

τ

)
=
∑
i<j≤k

g(si, sj) log
(
π
(ai)
θ (sj)

)
, (3.5)

where st is the agent’s state at time t, at is the action the agent takes at time t, and g calculates the

similarity between two states. For simplicity we let g(si, sj) be 1 if the pixel difference between si

and sj is below a certain threshold and 0 otherwise.

Additionally, we consider a prediction loss Lpred
int where the agent aims to predict the success

of each action. The idea is to avoid taking actions that the network predicts will fail. We say that

the agent’s action has failed if we detect sufficient similarity in two consecutive states. This may
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Algorithm 2 SAVN-Testing(Ttest, θ, φ, α, β, k)

1: for mini-batch of tasks τi ∈ Ttest do
2: θi ← θ
3: t← 0
4: while termination action is not issued do
5: Take action a sampled from πθi(st)
6: t← t+ 1
7: if t is divisible by k then
8: θi ← θi − α∇θiL

φ
int

(
θi,D(t,k)

τ

)
9: end if

10: end while
11: end for

occur when the agent bumps into an object or wall. In addition to producing a policy πθ over

actions the agent also predicts the success of each action. For state st we denote the predicted

probability that action a succeeds as q(a)θ (st). Instead of sampling an action from πθ(st) we instead

use π̃θ(st) = πθ(st) ∗ qθ(st) where ∗ denotes element-wise multiplication.

For Lpred
int we use a standard binary cross entropy loss between our success prediction q(a)θ and

observed success. Using the same g from Equation 3.5 we write our loss as

Lpred
int

(
θ,Dint

τ

)
=

k−1∑
t=0

H
(
q
(at)
θ (st), 1− g(st, st+1)

)
, (3.6)

whereH(·, ·) denotes binary cross-entropy.

We acknowledge that in a non-synthetic environment it may be difficult to produce a reliable

function g. Therefore we only use g in the hand-crafted variations of the loss.

3.1.3.5 Training and Testing

So far we have implicitly decomposed the agent’s trajectory into an interaction and navigation phase.

In practice, we would like the agent to keep adapting until the object is found during both training

and testing. We therefore perform an SGD update with respect to the self-supervised interaction loss

every k steps. We compute the interaction loss at time t by using the information from the previous
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k steps of the agent’s trajectory, which we denote D(t,k)
τ . Note that D(t,k)

τ is analogous to Dint
τ in

Equation 3.4. In addition, the agent should be able to navigate efficiently. Hence, we compute the

navigation loss Lnav using the the information from the complete trajectory of the agent, denoted by

Dτ .

For the remainder of this work we refer to the gradient with respect to Lint as the interaction-

gradient and the gradient with respect to Lnav as the navigation-gradient. These gradients are

illustrated in Figure 3.2 by red and green arrows, respectively. Note that we do not update the loss

parameters φ via the interaction-gradient.
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Figure 3.3: Qualitative examples. We compare our method with the non-adaptive baseline. We
illustrate the trajectory of the agent (white corresponds to the beginning of the trajectory and dark
blue shows the end). Black arrows represent rotation. We also show the egocentric view of the agent
at a few time steps. Our method may learn from its mistakes (e.g., getting stuck behind an object).

Though traditional works use testing and inference interchangeably we may regard inference

more abstractly as any setting in which the task is performed without supervision. This occurs not

only during testing but also within each episode of navigation during training.

Algorithms 1 and 2 detail our method for training and testing, respectively. In Algorithm 1 we

learn a policy network πθ and a loss network parameterized by φ with step-size hyper-parameters
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α, β1, β2. Recall that k is a hyper-parameter which prescribes the frequency of the interaction-

gradients. If we are instead considering a hand-crafted self-supervised loss then we ignore φ and

omit line 12.

Recall that the adapted parameters, which we denote θi in Algorithm 1 and 2, are implicitly a

function of θ, φ. Therefore, the differentiation in lines 11 and 12 is well defined though it requires

the computation of Hessian vector-products. We never compute more than 4 interaction-gradients

due to computational constraints.

At test time we may adapt in an environment with respect to the self-supervised interaction loss,

but we no longer have access to Lnav. Note that the shared parameter θ is not updated during testing,

as detailed in Algorithm 2.

3.1.4 Experiments

Our goal in this section is to (1) evaluate our self-adaptive navigation model in comparison to non-

adaptive baselines, (2) determine if the learned self-supervised objective provides any improvement

over hand-crafted self-supervised losses, and (3) gain insight into how and why our method may be

improving performance.

3.1.4.1 Experiment setup

We train and evaluate our models using the AI2-THOR [100] environment. AI2-THOR provides

indoor 3D synthetic scenes in four room categories, kitchen, living room, bedroom and bathroom.

For each room type, we use 20 scenes for training, 5 for validation and 5 for testing (a total of 120

scenes).

We choose a subset of target object classes as our navigation targets such that (1) they are not

hidden in cabinets, fridges, etc., (2) they are not too large that they take a big portion of the room

and are visible from most parts of the room (e.g., beds in bedrooms). We choose the following

sets of objects for each type of room: 1) Living room: pillow, laptop, television, garbage can, box,
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and bowl. 2) Kitchen: toaster, microwave, fridge, coffee maker, garbage can, box, and bowl. 3)

Bedroom: plant, lamp, book, and alarm clock. 4) Bathroom: sink, toilet paper, soap bottle, and light

switch.

We consider the actions A = {MoveAhead, RotateLeft, RotateRight, LookDown,

LookUp, Done}. Horizontal rotation occurs in increments of 45 degrees while looking up and

down change the camera tilt angle by 30 degrees. Done corresponds to the termination action

discussed in Section 3.1.3.1. The agent successfully completes a navigation task if this action is

issued when an instance from the target object class is within 1 meter from the agent’s camera and

within the field of view. This follows from the primary recommendation of [9]. Note that if the

agent ever issues the Done action when it has not reached a target object then we consider the task

a failure.

3.1.4.2 Implementation details

We train our method and baselines until the success rate saturates on the validation set. We train

one model across all scene types with an equal number of episodes per type using 12 asynchronous

workers. For Lnav, we use a reward of 5 for finding the object and -0.01 for taking a step. For each

scene we randomly sample an object from the scene as a target along with a random initial position.

For our interaction-gradient updates we use SGD and for our navigation-gradients we use Adam

[98]. For step size hyper-parameters (α, β1, β2 in Algorithm 1) we use 10−4 and for k we use 6.

Recall that k is the hyper-parameter which prescribes the frequency of interaction-gradients. We

experimented with a schedule for k but saw no significant improvement in performance.

For evaluation we perform inference for 1000 different episodes (250 for each scene type). The

scene, initial state of the agent and the target object are randomly chosen. All models are evaluated

using the same set. For each training run we select the model that performs best on the validation

set in terms of success.
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3.1.4.3 Evaluation metrics

We evaluate our method on unseen scenes using both Success Rate and Success weighted by

Path Length (SPL). SPL was recently proposed by [9] and captures information about navigation

efficiency. Success is defined as 1
N

∑N
i=1 Si and SPL is defined as 1

N

∑N
i=1 Si

Li

max(Pi,Li)
, where N is

the number of episodes, Si is a binary indicator of success in episode i, Pi denotes path length and

Li is the length of the optimal trajectory to any instance of the target object class in that scene. We

evaluate the performance of our model both on all trajectories and trajectories where the optimal

path length is at least 5. We denote this by L ≥ 5 (L refers to optimal trajectory length).

3.1.4.4 Baselines

We compare our models with the following baselines:

Random agent baseline. At each time step the agent randomly samples an action using a uniform

distribution.

Nearest neighbor (NN) baseline. At each time step we select the most similar visual observation

(in terms of Euclidean distance between ResNet features) among scenes in training set which contain

an object of the class we are searching for. We then take the action that is optimal in the train scene

when navigating to the same object class.

No adaptation (A3C) baseline. The architecture for the baseline is the same as ours, however

there is no interaction-gradient and therefore no interaction loss. The training objective for this

baseline is then minθ
∑

τ∈Ttrain
Lnav (θ,Dτ ) which is equivalent to setting α = 0 in Equation 3.4.

This baseline is trained using A3C [125].

3.1.4.5 Results

Table 3.1 summarizes the results of our approach and the baselines. We consider three variations of

our method, which include SAVN (learned self-supervised loss) and the hand-crafted prediction and

diversity loss alternatives.
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All L ≥ 5
SPL Success SPL Success

Random 3.64(0.6) 8.0(1.3) 0.1(0.1) 0.28(0.1)

NN 6.09 7.90 1.38 1.66
No Adapt (A3C) 14.68(1.8) 33.04(3.5) 11.69(1.9) 21.44(3.0)

Scene Priors [210] 15.47(1.1) 35.13(1.3) 11.37(1.6) 22.25(2.7)

Ours - prediction 14.36(1.1) 38.06(2.9) 12.61(1.3) 26.41(2.4)

Ours - diversity 15.12(1.5) 39.52(3.0) 13.38(1.4) 27.66(3.5)

Ours - SAVN 16.15(0.5) 40.86(1.2) 13.91(0.5) 28.70(1.5)

Table 3.1: Quantitative results. We compare variations of our method with random, nearest
neighbor and non-adaptive baselines. We consider two evaluation metrics, Success Rate and SPL.
We provide results for all targets ‘All’ and a subset of targets whose optimal trajectory length
is greater than 5. We report the average over 5 training runs with standard deviations shown in
sub-scripted parentheses.

Our learned self-supervised loss outperforms all baselines by a large margin in terms of both

success rate and SPL metrics. Most notably, we observe about 8% absolute improvement in success

and 1.5 in SPL over the non-adaptive (A3C) baseline. The self-supervised objective not only learns

to navigate more effectively but it also learns to navigate efficiently.

The models trained with hand-crafted exploration losses outperform our baselines by large

margins in success, however, the SPL performance is not as impressive as with the learned loss. We

hypothesize that minimizing these hand-crafted exploration losses are not as conducive to efficient

navigation.

Failed actions. We now explore a behavior which sets us apart from the non-adaptive baseline. In

the beginning of an episode the agent looks around or explores the free space in front of it. However,

as the episode progresses, the non-adaptive agent might issue the termination action or get stuck.

Our method (SAVN), however, exhibits this pattern less frequently.

To examine this behavior we compute the ratio of actions which fail. Recall that an agent’s

action has failed if two consecutive frames are sufficiently similar. Typically, this will occur if an

agent collides with an object. As shown in Figure 3.4, our method experiences significantly fewer

failed actions than the baseline as the episode progresses.

Qualitative examples. Figure 3.3 qualitatively compares our method with the non-adaptive (A3C)
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Figure 3.4: Failed actions. Our approach learns to adapt and not to take unsuccessful actions as the
navigation proceeds.

baseline. In scenario (a) our baseline gets stuck behind the box and tries to move forward multiple

times, while our method adapts dynamically and finds the way towards the television. Similarly in

scenario (c), the baseline tries to move towards the lamp but after bumping into the bed 5 times and

rotating 9 times, it issues Done in a distant location from the target.

3.1.4.6 Ablation Study

In this section we perform an ablation on our methods to gain further insight into our result.

Adding modules to the non-adaptive baseline. In Table 3.2 we experiment with the addition

of various modules to our non-adaptive baseline. We begin by augmenting the baseline with an

additional memory module which performs self-attention on the latest k = 6 hidden states of the

LSTM. SAVN outperforms the memory-augmented baseline as well.

Additionally, we add the prediction loss detailed in Section 3.1.3.4 to the training objective.

This experiment reveals that our result is not simply a consequence of additional losses. By using

our training objective with the added hand-crafted prediction loss (referred to as ‘Ours - prediction’),

we outperform the baseline non-adaptive model with prediction (referred to as ‘A3C w/ prediction’)

by 3.3% for all trajectories and 4.8% for trajectories of at least length 5 in terms of success rate. As

discussed in the Section 3.1.4.5, minimizing the hand-crafted objectives during the episode may not

be optimal for efficient exploration. This may be why we show a boost in SPL for trajectories of at
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All L ≥ 5
SPL Success SPL Success

No Adapt (A3C) 14.68 33.04 11.69 21.44
A3C w/ mem 15.54 34.30 11.21 20.50

A3C w/ prediction loss 14.95 34.80 10.94 21.60
Ours - prediction 14.36 38.06 12.61 26.41

Ours - SAVN 16.15 40.86 13.91 28.70

A3C (GT obj) 31.34 44.40 16.77 26.05
Ours - SAVN (GT obj) 35.55 54.40 23.47 37.87

Table 3.2: Ablation results. We compare our approach with the non-adaptive baseline augmented
with memory and our hand-crafted loss. We also provide the result when we use ground truth object
information (bottom two rows).

least length 5 but not overall. We run the same experiment with the diversity loss but find that the

baseline model is unable to converge with this additional loss.

Ablation of the number of gradients. To showcase the efficacy of our method we modify the

number of interaction-gradient steps that we perform during the adaptation phase during training

and testing. As discussed in Section 3.1.3.5, we never perform more than 4 interaction-gradients

due to computational constraints. As illustrated by Figure 3.5, there is an increase in success rate

when more gradient updates are used, demonstrating the importance of the interaction-gradients.

Su
cc
es
s

Number	of	interaction-gradient	steps

SP
L

Number	of	interaction-gradient	steps

Figure 3.5: Number of Gradients Ablation. Our success rate increases as more interaction-
gradients are taken during training/testing.

Perfect object information. Issuing the termination action at the correct location plays an important

role in our navigation task. We observe that SAVN still outperforms the baseline even when the
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termination signal is provided by the environment (referred to as ‘GT obj’ in Table 3.2).

3.1.5 Conclusions

We introduce a self-adaptive visual navigation agent (SAVN) that learns during both training and

inference. During training the model learns a self-supervised interaction loss that can be used

when there is no supervision. Our experiments show that this approach outperforms non-adaptive

baselines by a large margin. Furthermore, we show that the learned interaction loss performs

better than hand-crafted losses. Additionally, we find that SAVN navigates more effectively than a

memory-augmented non-adaptive baseline. We conjecture that this idea may be applied in other

domains where the agents may learn from self-supervised interactions.

3.2 Learning to interact

3.2.1 Introduction

Embodied AI, the sub-specialty of artificial intelligence at the intersection of robotics, computer

vision, and natural language processing continues to gain popularity amongst researchers within

these communities. This has expedited progress on several fronts – open source simulators are

getting faster, more robust, and more realistic via photorealism and sophisticated physics engines, a

variety of tasks are being worked on such as navigation and instruction following, new algorithms

and models are inching us towards more powerful and generalizable models and the recent develop-

ment of multiple sim-to-real environments with paired worlds in simulation and real is enabling

researchers to study the challenges of overcoming the domain gap from virtual to physical spaces.

A notable outcome has been the development of near-perfect pure learning-based Point Navigation

[193] agents, far outperforming classical approaches.

Most of the focus and progress in Embodied AI has revolved around the task of navigation –
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including navigating to coordinates, to object instances, and to rooms. Navigating around in an

environment is a critical means to an end, not an end in itself. The aspiration of the Embodied AI

community remains the development of embodied agents that can perform complex tasks in the real

world, tasks that involve actively manipulating objects in one’s environment. The early successes

and interest in Embodied AI have laid a foundation for the community to tackle the myriad of

challenges that lie within the problem of object manipulation.

Object manipulation has long posed daunting challenges to roboticists. Moving manipulators

within an environment requires estimating free spaces and avoiding obstacles in the scene, tasks

which are rendered even harder due to the unwieldy nature of robotic arms. Generalizing to novel

environments and objects is another important challenge. Finally, real-world tasks often involve

manipulating multiple objects in succession in cluttered scenes, which requires fairly complex visual

reasoning and planning. Besides, developing simulators for object manipulation poses a unique set

of challenges. In contrast to navigation tasks that require camera translation and fairly rudimentary

collision checking, object manipulation requires fine grained collision detection between the agent,

its arms, and surrounding objects, and the usage of advanced physics emulators to compute the

resulting displacements of the constituent entities. In particular, these computations are expensive

and require significant engineering efforts to produce effective simulations at reasonably high frame

rates.

We extend the AI2-THOR [101] framework by adding arms to its agents, enabling these agents

to not only navigate around their environments but also actively manipulate objects within them.

The newly introduced arm rig is designed to work with both forward and inverse kinematics,

which allows one to control the arm using both joint actuations or by specifying the desired wrist

translation. This flexibility allows Embodied AI practitioners to train policies requiring fine-grained

actuator controls for all joints if they so desire, or instead use inbuilt kinematics functionalities and

focus solely on the desired positioning of the end of the arm and manipulator.

As a first step towards generalizable object manipulation, we present the task of ARMPOINTNAV–
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Figure 3.6: We address the problem of visual object manipulation, where the goal is to move an
object between two locations in a scene. Operating in visually rich and complex environments,
generalizing to unseen environments and objects, avoiding collisions with objects and structures
in the scene, and visual planning to reach the destination are among the major challenges of this
task. Here, we illustrate a sequence of actions taken a by a virtual robot within the AI2-THOR
environment for picking up a vase from the shelf and stack it on a plate on the countertop.

moving in the scene towards an objects, picking it up and moving it to the desired location

(Figure 3.6). ARMPOINTNAV builds upon the navigation task of PointNav [9] in that it is an atomic

locomotive task, a key component of more complex downstream goals, specifies source and target

locations using relative coordinates as opposed to other means such as language or images and

utilizes compass as part of its sensor suite. But in contrast, it offers significant new challenges.

Firstly, the task requires the motion of both the agent and the arm within the environment. Secondly,

it frequently entails reaching behind occluding obstacles to pick up objects which requires careful

arm manipulation to avoid collisions with occluding objects and surfaces. Thirdly, it may also

require the agent to manipulate multiple objects in the scene as part of a successful episode, to

remove objects, or make space to move the target object, which requires long-term planning with

multiple entities. Finally, the motion of the arm frequently occludes a significant portion of the view,

as one may expect, which is in sharp contrast to PointNav that only encounters static unobstructed

views of the world.

The end-to-end ARMPOINTNAV model provides strong baseline results and shows an ability

to not just generalize to new environments but also to novel objects within these environments –

a strong foundation towards learning generalizable object manipulation models. This end-to-end

model is superior to a disjoint model that learns a separate policy for each skill within an episode.
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In summary, we (a) introduce a novel efficient framework (ManipulaTHOR) for low level object

manipulation, (b) present a new dataset for this task with new challenges for the community, and

(c) train an agent that generalizes to manipulating novel objects in unseen environments. Our

framework, dataset and code will be publicly released. We hope that this new framework encourages

the Embodied AI community towards solving complex but exciting challenges in visual object

manipulation.

3.2.2 Related Works

Object Manipulation. A long-standing problem in robotics research is object manipulation [52;

15; 17; 172; 209; 18; 47; 108; 48]. Here, we explain some recent example works that are more

relevant to our work. [59] address the problem of multi-step manipulation to interact with objects in

presence of clutter and occlusion. [133] propose a planning approach to grasp objects in a cluttered

scene by relying on partial point cloud observation. [208] learn a 3D scene representation to predict

the dynamics of objects during manipulation. [72] propose a reinforcement learning approach

for robotic manipulation where they construct new policies by composing existing skills. [49]

propose a model-based planner for multi-step manipulation. [110; 199] study mobile manipulation

by generating sub-goal tasks. A combination of visually complex scenes, generalization to novel

objects and scenes, joint navigation and manipulation, as well as navigating while manipulating

object in hand are the key factors that distinguish our work from the previous work on object

manipulation.

Environments for object manipulation. While several popular Embodied AI frameworks have

focused on the navigation task, recently proposed improvements and frameworks such as iGibson

[200], SAPIEN [201] and TDW [56] have enabled new research into manipulation. Sapien [201] is

a virtual environment designed for low-level control of a robotic agent with an arm. In contrast,

our framework includes a variety of visually rich and reconfigurable scenes allowing for a better

exploration of the perception problem. Meta-World [217] is developed to study multi-task learning
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in the context of robotic manipulation. The Meta-World framework includes a static table-top

robotic arm and a limited set of objects. In contrast, our framework enables studying the problem

of joint navigation and manipulation using a variety of objects. RLBench [91] also provides a

simulated environment for a table-top robotic arm. RoboTurk [117] is a crowdsourcing platform

to obtain human trajectories for robotic manipulation. RoboTurk also considers table-top manip-

ulation scenarios. [67] provide a large-scale dataset of grasping and manipulation to evaluate the

generalization of the models to unstructured visual environments. Unlike our framework, their

dataset is non-interactive and includes only pre-recorded manipulation trajectories. iGibson [200]

involves object interaction, but it does not support low-level manipulation (the interactions primarily

involved pushing objects and rotation around hinges). Recently, an extension of iGibson [164] has

enabled object manipulation with contact forces.

Visual navigation. Our problem can be considered as an extension of the visual navigation work

[226; 69; 121; 160; 194; 211; 22; 193] in the Embodied AI literature. There are a few key differences

between our manipulation task and navigation. In manipulation, the shape of the agent changes

dynamically due to the extension of the arm. Also, the manipulation of objects is performed in 3D

and through clutter, while the navigation works assume 2D motion on a plane in fairly clean scenes.

Finally, our proposed task requires the agent to plan its motion as well as the motion of its arm

simultaneously.

3.2.3 ManipulaTHOR

The growing popularity of Embodied AI can be partly attributed to the availability of numerous

free and fast 3D simulators such as AI2-THOR [101], Habitat [161] and iGibson [200]. Some

of these simulators excel at their photorealism, some at their speed, some at the interactivity

they afford while others at their physics simulations. While researchers have many options to

choose from when it comes to researching embodied navigation, fewer choices exist to study

object manipulation, particularly in visually rich environments with varied objects and scenes.
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Simulating object manipulation presents unique challenges to simulator builders beyond ones posed

by navigation, including the need for fine-grained physics emulations, object and manipulator

properties, and obtaining acceptable frame rates.

We present ManipulaTHOR, an extension to the AI2-THOR framework that adds arms to

its agents. AI2-THOR is a suitable base framework due to its powerful physics engine, Unity,

variety of realistic indoor scenes, large asset library of open source manipulable objects as well as

articulated receptacles such as cabinets, microwaves, boxes, and fridges. While AI2-THOR has

been previously used to train agents that interact with objects, this interaction has been invoked at

a high level – for instance, a cabinet is opened by choosing a point on the cabinet and invoking

the “open" command. ManipulaTHOR allows agents to interact with objects at a lower level via

their arm manipulators, and thus opens up a whole new direction for Embodied AI research. The

sensors that are available for use are RGB image, depth frame, GPS, agent’s location, and arm

configuration.

Arm Design. In ManipulaTHOR, each agent has a single arm. The physical design of the arm

is deliberately simple: a three-jointed arm with equal limb-lengths, attached to the body of the

agent. This design is inspired by Kinova’s line of robots [1], with smooth contours and seamless

joint-transitions and it is composed entirely of swivel joints, each with a single axis of rotation. The

shoulder and wrist support 360 degrees of rotation and the hand grasper comes with a 6DOF (see

Figure 3.7). The robot’s arm rig has been designed to work with either forward or inverse kinematics

(IK), meaning its motion can be driven joint-by-joint, or directly from the wrist, respectively.

Grasper. The Grasper is defined as a sphere at the end of the arm. Objects that intersect with

the sphere can be picked up by the grasper. This abstract design follows the ‘abstracted grasping’

actuation model of [14] in lieu of more involved designs like jaw grippers or humanoid hand

graspers, enabling researchers to solve problems involved with object manipulation through the

environment without having to account for the complexities of grasping. Object grasping is a

challenging problem with a rich history in the robotics community and we hope to add this explicit
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Figure 3.7: Arm Design and Kinematic Constraints. The arm consists of four joints (a). The max
reach of the arm is defined by a hemisphere centered around the end of the first joint, whose radius
is equal to 0.6335m (b,c). The height of the arm can be adjusted along the body of the agent (d).
All joint rotations are solved by inverse kinematics, so any position the wrist can move to within the
hemisphere’s extents will have the joints rotate to accommodate the position of the wrist joint (e,f).

functionality into ManipulaTHOR in future versions.

Arm Interface. The arm comes with the following functionalities: 1) manipulating the location

and orientation of the wrist (the joints connecting the base of the arm to the wrist are resolved via

IK as the wrist moves), 2) adjusting the height of the arm, 3) obtaining the arm state’s metadata

including joint positions, 4) picking up the objects colliding with the grasper’s sphere, 5) dropping

the held object and 6) changing the radius of the grasper’s sphere.

Physics Engine. We use NVIDIA’s PhysX engine through Unity’s engine integration to enable

physically realistic object manipulation. This engine allows us to realistically move objects around,

move the arm in the space, and cascade forces when the arm hits an object.

Rendering Speed. Accurate collision detection and object displacement estimation are very

time consuming but are important requirements for our simulator. Through extensive engineering
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efforts, we are able to obtain a training speed of 300 frames per second (fps) on a machine with 8

NVIDIA T4 GPUs running 40 cores. To put this into perspective, POINTNAV using AI2-THOR on

the same machine achieves a training speed of roughly 800 fps, but has very rudimentary collision

checks and no arm to manipulate. At 300 fps researchers may train for 20M steps per day, a

fast rate to advance research in this direction, which we hope to improve significantly with more

optimizations in our code base.

3.2.4 ARMPOINTNAV

As a first step towards generalizable object manipulation, we present the task of ARMPOINTNAV–

moving an object in the scene from a source location to a target location. This involves, navigating

towards the object, moving the arm gripper close to the object, picking it up, navigating towards the

target location, moving the arm gripper (with the object in place) close to the target location, and

finally releasing the object so it lands carefully. In line with the agent navigation task of POINTNAV

[9], source and target locations of the object are specified via (x, y, z) coordinates in the agent

coordinate frame.
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Figure 3.8: Scene and object splits in APND. In order to benchmark the performance on ARM-
POINTNAV, in addition to providing a large pool of datapoints for training, we provide a small
subset of tasks per data split. We randomly subsampled 60 tasks per object per scene for evaluation
purposes.

101



Dataset. To study the task of ARMPOINTNAV, we present the Arm POINTNAV Dataset (APND).

This consists of 30 kitchen scenes in AI2-THOR that include more than 150 object categories (69

interactable object categories) with a variety of shapes, sizes and textures. We use 12 pickupable

categories as our target objects. As shown in Figure 3.8, we use 20 scenes in the training set and the

remaining is evenly split into Val and Test. We train with 6 object categories and use the remaining

to test our model in a Novel-Obj setting.

(a)

(b)

(c)

(d)

Figure 3.9: Dataset Samples. The initial location of the object can pose a variety of challenges.
In (a) the tomato is occluded by the bowl, therefore the agent needs to remove the bowl to reach
the tomato. In (b) the lettuce is on the shelf, which requires the agent to move the arm carefully
such that it does not collide with the shelf or the vase. In (c) The goal object is inside another object
and in (d) the goal object is inside a receptacle, therefore it requires interacting with another entity
(opening microwave’s door) before reaching for the object. The latter case is outside the scope of
this paper.

Metrics. We report the following metrics:

• Success rate without disturbance (SRwD) – Fraction of successful episodes in which the arm (or

the agent) does not collide with/move other objects in the scene.

• Success rate (SR) – Similar to SRwD, but less strict since it does not penalize collisions and

movements of objects.

• Pick up success rate (PuSR) – Fraction of episodes where the agent successfully picks up the
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object.

• Episode Length (Len) – Episode length for both success and failure episodes.

• Successful episode Length (SuLen) – Episode length for successful episodes.

• Pick up successful episode length (PuLen) – Episode length for episodes with successful pickups.

APND offers significant new challenges. The agent must learn to navigate not only itself but

also its arm relative to its body. Also, as the agent navigates in the environment, it should avoid

colliding with other objects – which brings new complexities given the addition of the arm and

potentially carrying an object in its gripper. Further, reaching to pick up objects involves free-space

estimation and obstacle avoidance – which becomes challenging when the source or target locations

are behind the occluders. Moreover, it needs to choose the perfect time to attempt pickup as well

as ending the episode. Finally, these occluders themselves may need to be manipulated in order

to complete the task. The agent should overcome these challenges while its view is frequently

obstructed by the arm and/or the object being carried. Figure 3.9 illustrates a few of the challenges

involved with picking up the object from its source location.

One Arm Step

One Agent Step

Average 
Width of 
Rooms

Figure 3.10: Statistics of the dataset. This plot presents the distribution of the initial distance
of the object from the target location in meters. We mark the step size for the agent and the arm
movements, and the average width of the rooms for reference.

Figure 3.10 shows the distribution of the distances of the target location of the object from its

103



initial state. For comparison, we show the step size for agent navigation and arm navigation as well.

Note that the initial distance of the agent from the object is not taken into account.

3.2.5 Model

ARMPOINTNAV requires agents to learn to navigate themselves along the 2D floor while also

learning to navigate their arm and objects within the 3D space around them. Past works for visual

object manipulation tend to use modular designs to solve this problem [133; 170; 58] – for instance,

employing object detection models, instance segmentation models, point cloud estimators, etc. and

then feeding these outputs into a planner. In contrast, recent developments in the Embodied AI

domain [227; 165] have demonstrated the benefits of using end-to-end learning-based approaches.

In this work, we investigate end-to-end learning approaches for our task. See Sec. 3.2.6 for results

obtained by a single end-to-end model in comparison to a disjoint approach.

Our approach builds upon the model and learning methods used in [193] for the task of

POINTNAV. ManipulaTHOR provides the agent with access to a variety of sensors including

egocentric RGB and Depth sensors, GPS and Compass coordinates of the arm and target locations

in the scene, ground truth instance segmentation maps as well as the kinematics of the arm. In this

work, we investigate using the Depth and RGB sensors as well as the GPS and Compass coordinates,

but leave other sensing modalities to future work.

Our agent at each time step uses as inputs, its egocentric frame It, the current relative distance

of the arm (the end-effector location) to the object’s location doarm and the current relative distance

of the arm to the object’s goal state dgoalo . These observations are encoded into visual and location

embeddings respectively and then fed into a controller to produce a distribution over possible

actions, i.e. its policy. The discretized action space of the agent includes: moving forward, rotating

the agent (left and right), pickup up the object, issuing done action, moving the arm in the space in

front of the agent (ahead, backward, right, left, up, down), rotating the arm (in terms of Euler angles)

and increasing or decreasing the height of the arm. Discretization of the action space is discussed
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Figure 3.11: Architecture. Our network uses the Depth (c=1), RGB (c=3) or RGBD (c=4)
observations and the agent’s arm relative location to the object to estimate the movements needed to
pickup the target object and take it to the goal state while avoiding the unwanted collisions.

in details in Sec. 3.2.6. An action is sampled from this policy and fed into the ManipulaTHOR

simulator which generates the next state and corresponding observations. An episode terminates

when the object reaches its goal state or when the agent runs out of time (the episode reaches its

maximum length).

Figure 3.11 provides an overview of the model architecture. Visual embeddings are obtained

using 3 convolution layers followed by a fully-connected layer with non-linearity in between to

produce a 512 dimensional vector. The relative coordinates (arm→ object and arm→ goal) are

embedded by 2 fully connected layers with ReLU non-linearity to a feature vector of size 512,

which is then concatenated with the image features. The controller consisting of a GRU [31] with a

hidden size of 512 uses this resulting embedding as input to produce a policy (i.e. distribution over

actions) and a value (i.e. an estimate of future rewards).

The network parameters are optimized using DD-PPO [193] with both a terminal reward and

intermediate rewards used to shape the reward space. More specifically, the reward at each time

step t is:

rt = Rsuccess.Isuccess +Rpickup.Ipickup + ∆o
arm + ∆goal

o , (3.7)
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Figure 3.12: Qualitative Results. Our qualitative results illustrate our network’s ability to general-
ize to picking up objects in novel environments and navigating the agent with the object in hand
to the desired location. For example, row (c) shows a scenario from a third-perspective in which
the agent needs to navigate in the kitchen while avoiding the collision with other objects (toaster,
tomato and sink in this case).

where Rsuccess = 10, Rpickup = 5, Isuccess, Ipickup are the indicators of the success of the task and

success of the object pickup, respectively, and ∆o
arm and ∆goal

o are the differences in the distance

of the arm to object (doarm), and the distance of the object to the goal (dgoalo ) in comparison to the

previous timestep. This method of reward shaping provides us the ability to balance the importance

of the different phases of the task – pickup vs place.

3.2.6 Experiments

We now present results for our ARMPOINTNAV using the APND dataset and quantify its ability to

generalize to new scenes as well as new objects within these scenes. We also provide comparisons

of our end-to-end approach to a multi-stage model. Finally, we ablate the importance of the RGB

and Depth sensors in the presence of the GPS and Compass coordinates.
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Experimental Setup. We use the AllenAct [192] framework to implement and train our models.

Our agent uses an action space with 13 discrete actions: 1) moving the agent forward by 20cm, 2-3)

rotating the agent to the right/left for 45 degrees, 4-9) changing the relative location of the wrist by

5cm w.r.t. agent (±x,±y,±z), and 10-11) increasing or decreasing the height of the arm by 7cm

(refer to Figure 3.7 for illustrations of the possible arm movements), 12) abstract grasp (which can

be either successful or unsuccessful), 13) issuing a Done action indicating the end of an episode.

We use DD-PPO [193] as our optimization algorithm. We train each model for 20M frames and

maximum episode length of 200.

As specified in Section 3.2.4 we use 20 scenes for training, 5 for validation and 5 for test. Unless

otherwise specified, we train our networks on the training scenes with 6 objects and evaluate the

learned policy on the val and test scenes using the 6 seen and 6 novel object categories. Each object

category includes instances of different shape and appearance.

Quantitative results. Table 3.3 reports results for our model using 6 metrics – Episode Success

w/o Disturbance (SRwD), PickUp Success (PuSR), Episode Success (SR), Ep-Len for PickUp

(PuLen), Ep-Len for Success (SuLen) and Episode Length (Len). The proposed model performs

reasonably well and achieves 39.4% SRwD (68.7% when allowing disturbance) for objects it has

interacted with at training time. It obtains a significantly higher PuSR of 89.9% indicating that

navigating towards the initial location of the object and picking it up is easier than navigating the

object through the scene. Interestingly, the model also generalizes moderately well to novel objects

(row 2 – Test-NovelObj). The SRwD metric degrades in the challenging zero shot setting compared

to the seen object scenario. These results are promising and a stepping stone towards learning

a generalizable object manipulation model. We also provide results for SeenScene-NovelObj –

where the agent is tested within seen environments but provided with novel objects. It is interesting

to note that the performance is similar to Test-NovelObj, once again showing the challenges of

moving to new object categories. Moving and manipulating objects requires an understanding of

the object geometry (to be able to avoid collisions), and therefore generalizing to unseen objects is
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(SRwD) (PuSR) (SR) (PuLen) (SuLen) (Len)

Test-SeenObj 39.4 89.9 68.7 43.6 78.1 114.0

Test-NovelObj 32.7 84.3 62.1 48.1 82.4 122.0

SeenScenes-NovelObj 32.2 90.6 74.6 44.6 80.7 104.0

Table 3.3: Quantitative results. The performance of our network on different data splits. Our
experiments show that our trained agent can generalize to novel scenes and objects.

Figure 3.13: Comparison of SRwD rates based on the initial distance to goal. The plot shows
that our network’s generalizability to novel scenes is superior to generalization to unseen objects.

challenging.

It is interesting to analyze the performance of this model and see how the performance of our

method changes based on the closeness of the target location to the initial state. As expected, the

SRwD drops as we increase the distance to the goal, since it becomes harder to navigate to the target

location. However, our model is relatively robust to longer distances (Figure 3.13). But once again,

we see that the SRwD is higher for seen objects than novel objects.

Our qualitative results in Figure 3.12 illustrate a few examples of our agent’s behavior on

Test-SeenObj. In the second row the agent must move a moderately sized object (lettuce) while in

the first row it must move a smaller object (apple). The second row shows an example where the

target location is on a table that has several other objects on it, necessitating careful movements of
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the arm while placing the object down. The third row shows the episode in row (b) from a third

camera view. Note that this view is purely for illustrative purposes and not available to the agent.

Comparison to a Disjoint Model. In this work we use a single end-to-end model for the entire

task which includes navigating the arm to the object to pickup, and navigating the agent, arm and

the object to the goal location. We posit that navigating the arm to pick up an object shares a

lot of underlying physical understanding with moving the object within the 3D environment and

it would help the performance to share weights among them. To evaluate this hypothesis, we

also train a disjoint model – which consists of two separate visual encoders and controllers, one

for each sub-task of picking up the object and moving towards the goal (weights are not shared).

At training time, the first sub-task model starts receiving gradients at the beginning of training,

but the second sub-task model only receives gradients once the training episodes proceed beyond

successful pickups. The results in Table 3.4 show that having a disjoint approach improves PuSR

and PuLen since the first model is only required to perform the simpler task of picking up the object.

However, this model fails to learn to navigate the object to the goal since the model only receives

gradients for a fraction of the training episodes (the ones that completed a pickup). Since it shares

no parameters between the two phases, it cannot leverage skills and abilities learned across the two

phases. While the number of parameters has doubled for the disjoint model, the training has also

become less efficient. We acknowledge that the success rate might increase if the model is trained

for longer1. This ablation justifies our design choice for combining the two subtasks of pickup and

move-to-target.

No-Vision Agent. Visual information is an important aspect of ARMPOINTNAV, in spite of having

access to GPS and compass sensors. To illustrate the importance of the visual information in our

training, we trained a model with no visual modalities but still with other sensory information such

as the arm relative locations. In Table 3.4, we show that our agent outperforms the non-visual

baseline by more than 2x, improving SRwD from 10.3 to 39.4.

1Training for 40M frames (2x normal training) slightly increased the success rate on training set but no increase on
test set
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Sensors SRwD PuSR SR PuLen SuLen Len

No-Vision G 10.3 66.8 18.7 38.1 65.6 64.9

Disjoint GD 0.0 91.6 0.0 40.8 - 5.05
Model

RGB GR 21.2 68.3 37.7 56.2 91.1 53.0

RGBD GRD 37.1 86.8 62.8 45.1 82.2 123.0

Depth GD 39.4 89.9 68.7 43.6 78.1 114.0

Table 3.4: Ablation Studies. We study ablations of our network using different combinations of
sensors as well as architecture design. Input sensors that are used by these networks are a subset of
GPS (G), Depth (D) and RGB (R) sensors.

RGB and Depth modalities. ManipulaTHOR provides a host of sensor modalities to train and

evaluate agents. Our experiments thus far have only leveraged ego-centric Depth observations. In

Table 3.4, we show results for agents that are trained using RGB and RGBD frames as well. For

our RGB experiment, we use the same architecture as Depth setup and for the RGBD input, we

concatenate image features with depth features and use the combined feature as the input to the

GRU. The rest of the setup is similar to our baseline method. We observe that the depth only model

outperforms the RGB model. A similar trend has been shown before for the PointNav task [161].

More complex networks and/or training paradigms might help improve metrics, and we leave this

direction for future work.

3.2.7 Conclusion

We propose ManipulaTHOR a framework for visual object manipulation that builds upon the

AI2-THOR environment. ManipulaTHOR provides a host of diverse and visually complex scenes

with several different object categories to manipulate. We hope that this new framework encourages

the Embodied AI community towards tackling exciting problems dealing with object manipulation.

Using ManipulaTHOR, we study the problem of ARMPOINTNAV, where the goal is to pick up an
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object and move it to a target location. Our experimental evaluations show that the state-of-the-art

models that perform well on embodied tasks such as navigation are not as effective for object

manipulation, indicating there is still a large room for improving models for this challenging task.

Furthermore, in this paper we use GPS and visual sensors. Relaxing the usage of these sensors is an

interesting task that is left for future work.
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Chapter 4

Conclusion

In this thesis, we studied acquiring intelligence via interaction. We discussed two approaches for

learning intelligence in the form of perception. First, in Sections 2.1, 2.2, we investigated learning

perception by observing intelligent agents interact with their environment, trying to predict their

movements and attention, and by doing so, we learned a rich visual representation.

In Section 2.3, we described a method for predicting physical forces applied to objects from

a given video. We used the feedback from the environment to update the interaction to make up

for the mistakes made along the way. Finally, we showed how this training paradigm helped with

generalizing to unseen objects.

In Section 3, explored the outcome of using interaction to learn to interact. We discussed how

to build a pipeline that allows us to continue the learning process during the inference time after

the training is done. Later, we introduced ManipulaTHOR, a simulation framework that enables

interacting with visually rich physically realistic environments.

So far, we have been considering these approaches in isolation. The question is: Can we combine

them to achieve bigger goals?
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4.1 Future Research Direction

The first immediate goal is to have an agent observing interaction and replicating it in the real

world. Since running experiments on real robots can be costly and time-consuming, we can start by

imitating the interaction in simulation.

As we perform the task, we might encounter novel unseen objects that we have never observed

in the videos. Moreover, we want our agents to be able to generalize to novel environments. We can

use the outcome of the interactions (or the feedback from the environment) to learn to adapt to new

environments and new objects with new physical properties. For instance, if the agent has never

interacted with a glass vase, it might apply a significant force and break it during the interaction.

Using the feedback and adapting to new environments, the agent can update its behavior to be more

delicate and avoid making the same mistake (i.e., breaking the vase).

We can further extend this adaptation to generalize to real-world experiments. We acknowledge

that sim2real has been a challenging problem for the community. However, by having realistic

simulated environments and adaptation techniques, we hope to build upon the previous works and

progress on this challenge.

Ultimately, there might be some missing information in the observed video. Training agents

that can find these missing spots and ask for more instructions can be considered another direction

for further research.
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