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ABSTRACT

1

Applying deep convolutional neural networks (NN) to video
data at scale poses a substantial systems challenge, as improving inference accuracy often requires a prohibitive cost
in computational resources. While it is promising to balance
resource and accuracy by selecting a suitable NN configuration (e.g., the resolution and frame rate of the input video),
one must also address the significant dynamics of the NN configuration’s impact on video analytics accuracy. We present
Chameleon, a controller that dynamically picks the best configurations for existing NN-based video analytics pipelines.
The key challenge in Chameleon is that in theory, adapting
configurations frequently can reduce resource consumption
with little degradation in accuracy, but searching a large
space of configurations periodically incurs an overwhelming
resource overhead that negates the gains of adaptation. The
insight behind Chameleon is that the underlying characteristics (e.g., the velocity and sizes of objects) that affect the
best configuration have enough temporal and spatial correlation to allow the search cost to be amortized over time and
across multiple video feeds. For example, using the video
feeds of five traffic cameras, we demonstrate that compared
to a baseline that picks a single optimal configuration offline,
Chameleon can achieve 20-50% higher accuracy with the
same amount of resources, or achieve the same accuracy
with only 30-50% of the resources (a 2-3× speedup).

Many enterprises and cities (e.g., [2, 6]) are deploying thousands of cameras and are starting to use video analytics for
a variety of 24×7 applications, including traffic control, security monitoring, and factory floor monitoring. The video
analytics are based on classical computer vision techniques
as well as deep neural networks (NN). This trend is fueled by
the recent advances in computer vision (e.g., [17, 18]) which
have led to a continuous stream of increasingly accurate
models for object detection and classification.
A typical video analytics application consists of a pipeline
of video processing modules. For example, the pipeline of a
traffic application that counts vehicles consists of a decoder,
followed by a component to re-size and sample frames, and
an object detector. The pipeline has several “knobs” such as
frame resolution, frame sampling rate, and detector model
(e.g., Yolo, VGG or AlexNet). We refer to a particular combinations of knob values as a configuration.
The choice of configuration impacts both the resource consumption and accuracy of the video application. For example,
using high frame resolutions (e.g., 1080p) or NN models with
many layers enables accurate detection of objects but also
demands more GPU processing. The “best” configuration
is the one with the lowest resource demand whose accuracy is over a desired threshold. Accuracy thresholds are set
by the applications, e.g., traffic light changes can function
with moderate accuracy while amber alert detection requires
very high accuracy. Configurations that meet the accuracy
threshold can often vary by many orders of magnitude in
their resource demands [16, 32], and picking the cheapest
among them can significantly impact computation cost.
The best configuration for a video analytics pipeline also
varies over time, often at a timescale of minutes or even
seconds. For the traffic pipeline described above, we may
use a low frame-rate (e.g., 5 frames/sec instead of 30 fps)
when cars are moving slowly, say at a traffic stop, consuming
6× fewer resources without impacting the accuracy of the
vehicle count. In contrast, using a low frame-rate to count
fast-moving cars will significantly hurt the accuracy.
As such, we need to frequently change the configuration of
the pipeline to minimize the resource usage while achieving
the desired accuracy. While prior video analytics systems [16,
32, 33] profile the processing pipeline to minimize cost, they
only do so once, at the beginning of the video. As a result,
these systems fail to keep up with the intrinsic dynamics
of the resource-accuracy tradeoff, and they end up either
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