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C O M P U T E R  V I S I O N

Does computer vision matter for action?
Brady Zhou1*, Philipp Krähenbühl1,2, Vladlen Koltun1

Controlled experiments indicate that explicit intermediate representations help action.

Biological vision systems evolved to support 
action in physical environments (1, 2). Action 
is also a driving inspiration for computer 
vision research. Problems in computer vision 
are often motivated by their relevance to ro-
botics and their prospective utility for systems 
that move and act in the physical world. In 
contrast, a recent stream of research at the 
intersection of machine learning and robotics 
has demonstrated that models can be trained 
to map raw visual input directly to action 
(3–6). These models bypass explicit computer 
vision entirely. They do not incorporate 
modules that perform recognition, depth 
estimation, optical flow, or other explicit vision 
tasks. The underlying assumption is that 
perceptual capabilities will arise in the model 
as needed, as a result of training for specific 
motor tasks. This is a compelling hypothesis 
that, if taken at face value, appears to make 
much computer vision research obsolete. If 
any robotic system can be trained directly 
for the task at hand, with only raw images as 
input and no explicit vision modules, then 
what is the utility of further perfecting models 
for semantic segmentation, depth estima-
tion, optical flow, and other vision tasks?

We report controlled experiments that 
assessed whether specific vision capabilities 
are useful in mobile sensorimotor systems 
that act in complex three-dimensional environ-
ments. To conduct these experiments, we 
used realistic three-dimensional simulations 
derived from immersive computer games. 
We instrumented the game engines to support 
controlled execution of specific scenarios 
that simulated tasks such as driving a car, 
traversing a trail in rough terrain, and battling 
opponents in a labyrinth. We then trained 
sensorimotor systems equipped with different 
vision modules and measured their perform
ance on these tasks.

Our baselines were end-to-end pixels-
to-actions models that were trained directly 
for the task at hand. These models did not 
rely on any explicit computer vision modules 
and embodied the assumption that percep-

tual capabilities will arise as needed, in the 
course of learning to perform the requisite 
sensorimotor task. To these we compared 
models that received as additional input the 
kinds of representations that are studied in 
computer vision research, such as semantic 
label maps, depth maps, and optical flow. 
We could therefore assess whether represen-
tations produced in computer vision are 
useful for sensorimotor challenges. In effect, 
we asked: What if a given vision task was 
solved? Would this matter for learning to act 
in complex three-dimensional environments?

Our first finding is that computer vision 
does matter. When agents were provided 
with representations studied in computer 
vision, they achieved higher performance in 
sensorimotor tasks. The effect is significant 
and consistent across simulation platforms 
and tasks.

We then examined in finer granularity 
how useful specific computer vision capabil-
ities are in this context. Our second finding 
is that some computer vision capabilities 
appear to be more impactful for mobile senso-
rimotor operation than others. Specifically, 
depth estimation and semantic scene segmen-
tation provided the highest boost in task 
performance among the individual capabili-
ties we evaluated. Using all capabilities in 
concert was more effective still.

We also conducted supporting experiments 
that aimed to probe the role of explicit com-
puter vision in detail. We found that explicit 
computer vision is particularly helpful in 
generalization by providing abstraction that 
helps the trained system sustain its perform
ance in previously unseen environments. Last, 
we show that the findings hold even when 
agents predict the intermediate representa-
tions in situ with no privileged information.

RESULTS
We performed experiments using two simu-
lation environments: the open-world urban 
and suburban simulation Grand Theft Auto 

V (7–9) and the ViZDoom platform for im-
mersive three-dimensional battles (5, 10). In 
these environments, we set up three tasks: 
urban driving, off-road trail traversal, and 
battle. The tasks are illustrated in Fig. 1A.

For each task, we trained agents that either 
acted on the basis of the raw visual input 
alone or were also provided with one or 
more of the following intermediate represen-
tations: semantic and instance segmenta-
tion, monocular depth and normals, optical 
flow, and material properties (albedo). The 
intermediate representations are illustrated 
in Fig. 1B. The environments, tasks, agent 
architectures, and further details are specified 
in the Supplementary Materials.

Figure 1C summarizes the main results. 
Intermediate representations clearly help. 
The Supplementary Materials reports additional 
experiments that examine these findings, 
possible causes, and alternative hypotheses.

Analysis
Our main results indicate that sensorimotor 
agents can greatly benefit from predicting 
explicit intermediate representations of scene 
content, as posited in computer vision re-
search. Across three challenging tasks, an 
agent that saw not only the image but also the 
kinds of intermediate representations that 
were pursued in computer vision research 
learned significantly better sensorimotor coor-
dination. Even when the intermediate repre-
sentations were imperfectly predicted in situ 
by a small, light-weight deep network, the 
improvements were significant (Fig. 1D).

The benefits of explicit vision are particu-
larly salient when it comes to generalization. 
Equipping a sensorimotor agent with explicit 
intermediate representations of the scene 
leads to more general sensorimotor policies. 
As reported in the Supplementary Materials, 
in urban driving, the performance of image-
only and image-and-vision agents is nearly tied 
on the training set. However, when we tested 
generalization to new areas, the image-and- 
vision agent outperformed the image-only 
agent on the test set even with an order of mag-
nitude less experience with the task during 
training.
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This generalization was exhibited not only 
by agents equipped with ground-truth repre-
sentations but also by agents that predicted 
the intermediate representations in situ with 
no privileged information at test time. An 

agent that explicitly predicted intermediate 
representations of the scene and used these 
explicit representations for control generalized 
better to previously unseen test scenarios than 
an end-to-end pixels-to-actions agent.

CONCLUSION
Computer vision produces representations 
of scene content. Much computer vision 
research is predicated on the assumption 
that these intermediate representations are 
useful for action. Recent work at the intersec-
tion of machine learning and robotics has 
called this assumption into question by train
ing sensorimotor systems directly for the 
task at hand, from pixels to actions, with no 
explicit intermediate representations. Thus, 
the central question of our work: Does com
puter vision matter for action? Our results 
indicate that it does. Models equipped with 
explicit intermediate representations train 
faster, achieve higher task performance, 
and generalize better to previously unseen 
environments.
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Fig. 1. Assessing the utility of intermediate representations for sensorimotor control. (A) Sensorimotor tasks. 
(B) Intermediate representations: semantic segmentation, intrinsic surface color (albedo), optical flow, and depth. 
(Albedo not used in battle.) (C) For each task, we compare an image-only agent with an agent that is also provided 
with ground-truth intermediate representations. The agent observes the intermediate representations during both train-
ing and testing. Success rate (SR; fraction of scenarios in which agent successfully reached target location), weighted 
success rate (WSR; weighted by track length), “frags” (number of enemies killed in a battle episode). Data are means 
and SD. (D) In “I + all (predicted),” the intermediate representations are predicted in situ by a convolutional network; 
the agent is not given ground-truth representations at test time. The results indicate that even predicted vision mo-
dalities confer a significant advantage. 
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