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Abstract  Everyone knows it is impossible for agents to reach the goal efficiently until it has
sufficiently explored the environment or constructed cognitive model of the world, but the
essential question is how to generate goal-driven behaviour. Organisms can spontaneously explore
the environment with rare or deceptive reward and build map-like representation to support
subsequent actions, such as finding food, shelters or mates. What we want to know is whether
the robot can imitate such cognitive mechanism to complete navigational tasks ? Obviously,
relying on high precision sensors as a source to recall the structure of environment is not practical
in real world, so we perceive the state space and learn control policy with visual inputs. And to
deal with the problems stem from dimension disaster, the deep learning is also used in our method.
The navigation systems developed in robotics can typically be divided into two classes: one reach
the goal by encoding the structure of environment, it can utilize multiple sensor information as
input and provide high-quality environment maps; and the other one is map-less approach, which
maintain a control policy in the learning process and use it to finish goal reaching tasks, each of
them has their pros and cons. In this paper, we proposed a visual navigation method which can

learn goal-driven behavior and encode space structure synchronously. Firstly, in order to learn
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control policy from raw visual information, we take deep reinforcement learning as basic navigation
framework, it provides an end-to-end framework and allow our approach directly predict control
signal from high-dimensional sensory inputs. Meanwhile, due to the environment contains a much
wider variety of possible training signals, an auxiliary task named collision prediction is added to
the model. Then, in the process of exploration, the agent throughout the environment numerous
times and observe a lot of states, but much of them are repetitive, the temporal correlation
network is used to remove these redundant observation and search for waypoints. Because the
various perspective of agent, instead of using hand-designed features, we use temporal distance,
which only related to environment steps to compute the similarity between states. And inspired
by the researches about cognitive mechanism of animals, we learned that many mammals are able
to utilize an observation, especially the one include landmarks, to represent a neighboring state
space, thus encoding the environment in a simpler and efficient way. So we use waypoints, which
discovered in exploration sequences and can represent an adjacent state space that within a certain
temporal distance, to describe the structure of environment gradually. Finally, the space topological
map is integrated into the model as a path planning module, and combines with locomotion
network to obtain a more general navigation method. The experiment was conducted in 3D
simulation environment DMlab. The experiment results show this navigation method can learn
goal-driven behavior from visual inputs, and show more efficient learning approach and navigation
policy in all test environments, and reduce the amount of data required to build map. Furthermore,
by placing the agent in dynamically blocked environment, the model can take advantage of topological
map to guide detour behavior and complete navigational tasks, showing better environmental
adaptability.
Keywords  goal-driven behavior; deep reinforcement learning; collision prediction; temporal

correlation network; space topological map; locomotion network
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typically used approach is SLAM. This kind of approach
builds metric map of unknown environment by using sensory
information from laser, odometer, sonar or vision. Through
application motion information of robot and features of obser-
vation, the agent can get accurate estimation of environment

and use it to realize autonomous navigation. Particularly
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relevant to our work is visual SLAM (VSLAM) that use image
as the main perception of state space, and aim to reconstruct
3D map by camera pose and multi-view geometry theory. In
order to improve the speed of data processing, some VSLAM
algorithms extract feature points of observation firstly, and
then perform inter-frame estimation and closed-loop detection
through matching these points. The SLAM-based approaches
can provide high-quality environment map, but they are
explicit focus on position inference and mapping, and need
externally provided camera pose or ego-motion information,
and do not naturally accommodate dynamic environment.
More recently, many researchers have noted the outstanding
ability of deep learning (DL) in overcome the problems stem
from dimensional disaster, and try to take advantage of it to
help navigation in high-dimensional state space. So we considered
using the deep reinforcement learning (DRL), which consist
of DL and reinforcement learning (RL) and apply to navigation

vary both in learning method and memory representation, as

basic learning framework to get goal-driven behaviour and
memory spatial structure.

In this paper. we proposed a novel architecture of
navigation which can build space topological map during
learning navigational policy. To directly perceive environ-
mental information from visual inputs, using an agent with
DRL framework to learn control policy, and the map is
formed based on temporal correlation. Crucially, the temporal
correlation is a predictive value which shows whether the
pairs of observation temporally close or not. This allows us
to find navigational nodes through comparing the trajectory
recording with the map, and incrementally describe the
environment by integrating every observation sequence.
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