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Figure 1: Our goal is to use scene priors to improve navigation in unseen scenes and towards novel
objects. (a) There is no mug in the field of view of the agent, but the likely location for finding a
mug is the cabinet near the coffee machine. (b) The agent has not seen a mango before, but it infers
that the most likely location for finding a mango is the fridge since similar objects such as apple
appear there as well. The most likely locations are shown with the orange box.

ABSTRACT

How do humans navigate to target objects in novel scenes? Do we use the seman-
tic/functional priors we have built over years to efficiently search and navigate?
For example, to search for mugs, we search cabinets near the coffee machine and
for fruits we try the fridge. In this work, we focus on incorporating semantic priors
in the task of semantic navigation. We propose to use Graph Convolutional Net-
works for incorporating the prior knowledge into a deep reinforcement learning
framework. The agent uses the features from the knowledge graph to predict the
actions. For evaluation, we use the AI2-THOR framework. Our experiments show
how semantic knowledge improves performance significantly. More importantly,
we show improvement in generalization to unseen scenes and/or objects.

1 INTRODUCTION

Consider the kitchen scene shown in Figure 1(a) and the task of finding an object such as a mug.
Even though we have never seen this particular kitchen before and no mug is visible in the scene,
we can still infer the likely locations to find the mug and create an exploration plan accordingly. For
example, in Figure 1(a), we can infer that since there is a coffee machine, the mug is most likely
in the cabinet near the coffee machine. How do we do that? We infer that mugs are usually used
for coffee. And since there is a coffee machine, the mug is likely to be near the machine due to
functional efficiency. We argue that humans use strong priors about the functional and semantic
structure of the world to develop such efficient navigation strategies. And how do we learn such
functional/semantic priors? Our prior experience and exploration of tens of kitchens help us to learn
these priors.

But these priors are not just used for navigating to known objects but also to completely unknown
and unseen objects. For example, let us assume you have never seen a mango before and someone
gives you a task of finding a mango in a new kitchen you have never seen before (let’s say Fig-
ure 1(b)). How would you do it? Assuming you have searched for fruits like apples and grapes
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Figure 3: Scene priors. We extract relationships between objects from the Visual Genome (Krishna
et al., 2017) dataset. The relationships for two example object categories are illustrated.

4 GENERALIZATION WITH GRAPH CONVOLUTIONAL NETWORKS

Our goal in this paper is to incorporate semantic knowledge into a Reinforcement Learning frame-
work. To this end, we incorporate semantic knowledge in the form of graph representation and use
Graph Convolutional Networks (GCNs) (Kipf & Welling, 2017) to compute relational features on
the graph. GCNs allow us to incorporate prior knowledge and dynamically update it as the agent
receives information specific to the current environment.

We first briefly describe how we build a semantic knowledge graph to represent the priors. We then
provide the background for GCNs. Finally, we delve into the details of how we incorporate GCNs
for the task of visual semantic navigation and how it helps generalization to unseen scenes and novel
object categories.

4.1 KNOWLEDGE GRAPH CONSTRUCTION

Our knowledge graph for visual navigation provides two main advantages: (1) It encodes spatial
relationships between different object categories. (2) It provides the spatial and visual relationships
between the known objects and novel categories in cases that we have not seen any visual examples
of the novel categories.

We denote our knowledge graph by G = (V,E), where V and E denote the nodes and the edges
between nodes, respectively. Specifically, each node v 2 V denotes an object category, and each
edge e 2 E denotes a relationship between a pair of object categories.

We use the Visual Genome (Krishna et al., 2017) dataset as a source to build the knowledge graph.
Visual Genome consists of over 100K natural images. Each image is annotated with objects, at-
tributes and the relationships between objects. Since there is no predefined object category list, the
annotators are free to label any objects in the image, which results in very diverse object categories.

In our experiments, we build the knowledge graph by including all object categories that appear
in the AI2-THOR environment. Each object category is represented as a node in the graph. We
count the occurrence of object-to-object relationships in the Visual Genome dataset. Two nodes are
connected with an edge only when the occurrence frequency of any relationship is more than three.
Some examples of the mined relationships are shown in Figure 3.

4.2 INCORPORATING SEMANTIC KNOWLEDGE INTO ACTOR-CRITIC MODEL

The baseline policy model decides the action using the current state and target object features. How-
ever, we want the policy network to incorporate semantic knowledge of the world when planning
the actions. How do we represent the semantic knowledge? More importantly, how do we extract
semantic knowledge in the context of the current environment and state?

Our core idea is that the graph structure represents how the information propagates between different
nodes. We initialize each node based on the current state (input scene image) and then perform
information propagation to compute a semantic knowledge vector that is passed as another feature
vector to the policy function. For information propagation, we use the recently proposed Graph
Convolutional Network (GCN) (Kipf & Welling, 2017).
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OUR GOAL:  using scene priors to improve navigation in unseen scenes 
and towards novel objects.

Task Definition

We extract relationships between objects from the Visual Genome [1] dataset.

There is no mug in the field of view of the 
agent, but the likely location for finding a mug 
is the cabinet near the coffee machine.

The agent has not seen a mango before, but 
it infers that the most likely location for 
finding a mango is the fridge since similar 
objects such as apple appear there as well.
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* Results with STOP action. For results without STOP action, see Table 2 in the paper.
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[1] Krishna, Ranjay, et al. "Visual genome: Connecting language and vision 
using crowdsourced dense image annotations." IJCV, 2017.
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