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Abstract— Training robots to perform complex control tasks
from high-dimensional pixel input using reinforcement learning
(RL) is sample-inefficient, because image observations are com-
prised primarily of task-irrelevant information. By contrast,
humans are able to visually attend to task-relevant objects
and areas. Based on this insight, we introduce Visual Saliency-
Guided Reinforcement Learning (ViSaRL). Using ViSaRL to
learn visual representations significantly improves the success
rate, sample efficiency, and generalization of an RL agent on
diverse tasks including DeepMind Control benchmark, robot
manipulation in simulation and on a real robot. We present
approaches for incorporating saliency into both CNN and
Transformer-based encoders. We show that visual represen-
tations learned using ViSaRL are robust to various sources
of visual perturbations including perceptual noise and scene
variations. ViSaRL nearly doubles success rate on the real-robot
tasks compared to the baseline which does not use saliency.

I. INTRODUCTION

Studies in neuroscience [1] show that humans utilize se-
lective attention to focus on task-relevant information for
efficiently processing and understanding complex visual
scenes [2]. We employ selective attention when performing
everyday pick-and-place tasks to identify the target objects,
focus on the grasp points, and execute precise hand-eye
coordination. We hypothesize that saliency maps capturing
human visual attention is a useful signal to process visual
observations for Al agents. In this paper, we investigate
whether human visual attention helps agents perform tasks.

A key ingredient in solving visual control tasks is to
learn visual representations that capture useful features of the
sensory input to simplify the decision-making process. Many
works in the deep reinforcement learning (RL) community
have proposed to learn such representations through vari-
ous self-supervised objectives including contrastive learning
[3] and data augmentation [4]. By contrast, we focus on
self-supervision using saliency as additional human domain
knowledge to inform the representation of task-relevant fea-
tures in the visual input while filtering out perceptual noise.

We present Visual Saliency Reinforcement Learning (ViS-
aRL), a general approach for incorporating human-annotated
saliency maps as an inductive bias for learned visual rep-
resentations. The key idea of ViSaRL is to train a visual
encoder using both RGB and saliency inputs and an RL
policy that operates over lower dimensional image repre-
sentations as shown in Figure |l By using a multimodal
autoencoder trained using a self-supervised objective, our
learned representations attend to the most salient parts of
an image for downstream task learning making them robust
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Fig. 1: ViSaRL trains a saliency prediction model from a few

human-annotated saliency maps. This model is used to augment an
offline image dataset with saliency. A visual encoder is pretrained
with the dataset and used during downstream policy learning to
generate latent representations of the agent’s observations.

to visual distractors. To circumvent the expensive process
of manually annotating saliency maps, we train a state-of-
the-art saliency predictor using only a few human-annotated
examples to pseudo-label RGB observations with saliency.

We evaluate ViSaRL on a diverse set of challenging

continuous control tasks in the DeepMind Control (DMC)
suite [5] and robot manipulation tasks in Meta-World [6]
and a real robot. Our method improves in sample-efficiency
and robustness over state-of-the-art vision-based RL methods
across all environments. Remarkably, ViSaRL nearly doubles
the task success rate on a real-robot.

Our contributions can be summarized as follows:

1) We propose ViSaRL, a framework for incorporating
human-annotated saliency maps to learn robust repre-
sentations for visual control tasks;

2) We present approaches for utilizing saliency information
in both CNN and Transformer encoders; and

3) We conduct extensive experiments that demonstrate
ViSaRL consistently outperform prior state-of-the-art
methods for various visual control tasks both in sim-
ulation and on a real robot.

II. RELATED WORK

Different forms of human data can be leveraged when solving
control tasks. Researchers have created various interfaces to
collect different data modalities from humans such as reward
sketches [7], feature traces [8], scaled comparisons [9], and
abstract trajectories [10]. Attention saliency maps, in con-
trast, do not require humans to work with abstract concepts
like rewards and task features, and do not require watching
and comparing lengthy trajectories.

Saliency Maps. Saliency maps approximate which parts of
an image tend to attract human visual attention, correspond-
ing to where the human eye would likely fixate when viewing
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