Lecture 13:

Optimizations for
Processing Video
Visual Computing Systems
Stanford CS348V, Winter 2018

Follow up from last time
▪ Recall “fancy instruction” approach to DNN acceleration
▪ Idea: reduce overhead of instruction stream processing,
register access, and control by designing a single instruction
that performs a significant amount of work
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Recall Volta GPU

Single instruction to
perform 2x4x4x4 + 4x4 ops

Each SM core has:
64 fp32 ALUs (mul-add)
32 fp64 ALUs
8 “tensor cores”
Execute 4x4 matrix mul-add instr
A x B + C for 4x4 matrices A,B,C
A, B stored as fp16, accumulation with fp32 C
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Eﬃciency estimates *
▪ Estimated overhead of programmability (instruction stream, control, etc.)

-

Half-precision FMA (fused multiply-add)

2000%

Half-precision DP4 (vec4 dot product)

500%

Half-precision MMA (matrix-matrix multiply + accumulate)

27%

NVIDIA Xavier (SoC for automotive domain)
Features a Computer Vision Accelerator (CVA),
a custom module for deep learning
acceleration (large matrix multiply unit)
But only 2x more eﬃcient than Volta MMA
instruction despite being highly specialized
component. (includes optimization of gating
multipliers if either operand is zero)

* Estimates by Bill Dally using academic numbers, SysML talk, Feb 2018
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The visual data world in 2030
8.5 billion people
(61% urban)

70% smartphone
penetration

[UN estimate]

[Statista, 50% in 2020]

2 billion cars

8 cameras/car

[Sperling 2009]

25%
turned on

1.5B

25% load

4B

[currently 2%]

1.1B streaming security cameras
Extrapolation from 245M in 2014, 10% annual growth [IHS]

Assume 8K video resolution (33 megapixel)
Total capture capability across the world
~6.5B video streams = 2.1 x 1017 pixels x 30 fps = 6 exapixels/sec
Other considerations: home health care robotics, survey science,
infrastructure monitoring…

Thought experiment
▪ Imagine we wanted to detect people/cars/bikes in a video stream
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Thought experiment
▪ Imagine we wanted to detect people/cars/bikes in a video stream
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Object detection performance
600x600 input images

[Credit: Tensorflow detection model zoo]
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Exploiting coherence in video for eﬃciency
▪ Benefits in datacenter:

-

Lower cost/frame enables processing of more streams (e.g., thousands
of webcams)

▪ Benefits on the edge:

-

Cheaper per frame costs, real-time performance on cheaper/lower
energy computing hardware

-

Lower latency per frame

-

Example: automated breaking systems target ~40ms sense to brake
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-

-

Temporal diﬀerencing
▪ Use background image label if similar to background image

(a) empty frame

(b) frame with a car

(c) subtracted frames

Figure 2: Example of difference detection. The subtracted frame highlights
the car that entered the scene.

▪ Use same result as previous frame if suﬃciently similar
-

y
k
.
-

How
to define
similar?
(thresholds)?
to a desired
target.
We also suﬃciently
show that training
these small
models
on scene-specific data (frames from the same video) leads to better
Diﬀerences
feature
space
more
robust
than over pixels
performance
than traininginthem
on generic
object
detection
datasets.
While we have evaluated model specialization in the context of
binary classification on video streams, ongoing work suggests this
technique is applicable to other tasks (e.g., bounding box regression)
and settings (e.g., generic image classification).

;
.

5. DIFFERENCE DETECTION

-

The second key technique in N O S COPE is the use of difference
detectors: extremely efficient models that detect changes in labels.
Given a labeled video frame (e.g. this frame does not have a car—a
“false” in our binary classification setting) and an unlabeled frame, a
difference detector determines whether the unlabeled frame has the
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Tracking

▪ Evaluate expensive detector sparsely in time (e.g., every 1/2 second), then use more
eﬃcient tracking algorithm to update annotations over sequence of frames
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Tracking

▪ Evaluate expensive detector sparsely in time (e.g., every 1/2 second), then use more
eﬃcient tracking algorithm to update annotations over sequence of frames
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A fully convolutional network for image segmentation
Upsampling network

FCN-32s

FCN-16s

FCN-8s

Ground truth

Figure 4. Refining fully convolutional nets by fusing information
from layers with different strides improves segmentation detail.
The first three images show the output from our 32, 16, and 8
pixel stride nets (see Figure 3).
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Clockwork Convnets for Video Semantic Segm

Temporal stability of deep(er) features

Observation:
Deeper features feature more
temporal stability
(more semantic information changes
less rapidly in a scene)

onvnets for Video Semantic Segmentation

5

Fig. 2: The proportional difference between adjacent frames of sem
from a mid-level layer (pool4, green) and the deepest layer (fc7,
for the first 75 frames of two videos. We see that for a video with lots
the difference values are large while for a relatively static video (righ
values are small. In both cases, the differences of the deeper fc7 are
differences of the shallower pool4. The “velocity” of deep features i
Stanford CS348V,
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shallow features and most of all the input. At the same time,
theWinterdiff

Clockwork network: reuse deeper layer
6outputs
E. Shelhamer
, K. Rakelly , J. Hoffman
, and T. Darrell
in subsequent
frames
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Fig.
3: The
clockwork
Optionally combine (fresh) output of lower layers with output of higher layers from previous frames.

A schematic of our clockwork FCN is shown in Figure 3.
There are several choice points in defining a clockwork architecture. We define a
novel, generalized clockwork framework, which can purposely schedule Stanford
deeper
CS348V,layWinter 2018

Clockwork convnet
▪ Reduced latency: generate output only after evaluating first layer

stage 3
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stage 3

stage 3

stage 2

stage 2

stage 2

stage 2

stage 1

stage 1

stage 1
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frame 1
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Clockwork convnet
▪ Increase throughput: update higher layers at a lower rate

stage 3
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stage 2

stage 2

stage 2

stage 1

stage 1

stage 1

stage 1

stage 1

frame 1

frame 2

frame 3

frame 4

frame 5
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Simon Osindero
Simon
Osindero
DeepMind

Another example: parallel video networks
DeepMind
osindero@google.com
osindero@google.com

SysML’18, February 2018, Stanford, California USA

Carreira, Pătrăucean, Zisserman, Osindero

at a time, before the output is known and another frame can be
processed1 . The latency of this sequential model for frame fi is
given by lsi = i ⇥ D ⇥ r f ⇥ (i 1). If D ⇥ r  f , real-time
execution is achieved for every frame. If not, the latency of the
network increases over time almost linearly with the number of
already processed frames. Existing models deal with this issue by
skipping frames, arti�cially
increasing
f , i.e. lower frame rate and
Non-pipelined
execution
implicitly lower throughput 1/(D ⇥ r ); see �g. 1, top.
Mechanisms to counteract the high latency and low throughput
due to sequential operation exist in both biological and humandesigned systems. Biological neurons are not tremendously fast,
but they come in large numbers and operate in a massively parallel
fashion [16]. General-purpose computer processors use e�cient
pipelining strategies. We propose a similar pipelining design for
deep video networks, which, in turn, enables depth-parallel processFigure 2: D3D model composed of densely-connected
ing; see Fig. 1, bottom left. The model still has real-time execution
blocks [3]. Training uses 64-frame sequences and backpropif D ⇥ r  f . But if not, the model now has guaranteed constant
through-time. Testing is done on whole videos. Each block
latency lp = D ⇥ r , irrespective of the number of already processed
shows kernel sizes (time x width x height) and strides.
frames. This latency is equal to the latency of the sequential model,
but importantly, the throughput is high 1/r in this case.
Additionally, skip connections can be used to reduce this conthe popular DenseNet image model [3] – mini-blocks within each
stant latency further
that real-time executionWith
can be
achieved
Nososkips
skips
block send skip connections to all the other [Carriera
mini-blocks
after
it.
Figure
1:
Top:
Standard
(sequential)
deep
video
network.
Botet
al.
2018]
(reduces
irrespective (increases
of the depthparallelism)
of the model; see Fig 1,
bottom latency)
right. HowIn our case, these skip connections are in time, as shown in �g. 1.
Figure
1:
Top:
Standard
(sequential)
deep
video
network.
Bottom ever,
left:feedforward
pipelinedskip
model
where
layers
execute
in
parallel
reconnections
canexecution
damage the performance
Stanford
CS348V,block
Winter(2018
Pipelined
The top-down connections arise from the end
of each

tom left: pipelined model where layers execute in parallel re-

0

Model specialization
▪ Common principle in DNN design/training is to learn most general model
(via large datasets, regularization, etc.) to perform all instances of a task

▪ But many cameras see a very specific distribution of images

-

Only certain types of object classes
Always from the same/similar viewpoint
Objects appear in same regions of screen

▪ Specialization has been a major theme in this class w.r.t hardware design.
Now we wish to specialize models for the video stream
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Example: model simplification

Specialized Model (specialized to scene,
camera viewpoint, and window of time)
15 ms/frame

Expensive Model (Mask R-CNN)
250 ms/frame *

* Mask R-CNN is performing instance segmentation, specialized model is only performing
segmentation (mask r-CNN is performing a slightly more complex task)
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Modern trend: automating search
▪ Automating search for most eﬃcient topologies
▪ Basic idea of simple methods: templatize network by hyperparameters, conduct
(brute force) search over possibilities

-

Recall MobileNet parameters:

-

Network depth
Number of filters per layer
Input image resolution

▪ Many more intelligent forms of search:

-

e.g., guided by reinforcement learning
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al Architecture
Search,
we
use
a
controller
to
generate
architectural
hyperparamet
Neural
architecture
search
via
reinforcement
learning
networks. To be flexible, the controller is implemented as a recurrent neural network.
[Le 2017]
we would like to predict feedforward neural networks with only convolutional laye
a string
of hyperparameters:
the controller
generateastheir
hyperparameters
as a sequence of tokens:
▪ DNN istoexpressed

2: How our controller recurrent neural network samples a simple convolutional netwo
RNN
generates
hyperparameters
▪
filter height, filter width, stride height, stride width, and number of filters for one lay
Every
is carried
out by a softmax classifier and then fed into the next tim
Specified network
is trained
▪ prediction
.

▪ Accuracy on validation set is reward
▪ RNN weights updated

xperiments, the process of generating an architecture stops if the number of layers ex
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n value. This value follows a schedule where we increase it as training progresses.
On

In this video stream, buses only appear from a small set of perspec- [Kang 17]
tives. In contrast, NNs are often trained to recognize thousands of
vid
objects, from sheep to apples, and from different angles; this leads
given
an
expensive
network
that
performance
a
specified
detection*
▪ toIdea:
Se
unnecessary computational overhead. Thus, N O S COPE instead
task,
the
system
should
automatically
create
a
highly
optimized
NO
performs model specialization, using the full NN to generate labeled
implementation
of
a
video
stream
SC
training data (i.e., examples) and subsequently training smaller NNs
inf
that are tailored to a given video stream and to a smaller class of
tio
objects.
N
O
S
COPE
then
executes
these
specialized
models,
which
▪ Binary classification (present/not present) task on a single class, in an traﬃc
tio
are
up
to
340⇥
faster
than
the
full
NN,
and
consults
the
full
NN
only
camera video stream
im
when the specialized models are uncertain (i.e., produce results with
and
confidence
below an automatically learned threshold).
ng a small number
of
ses a generic NN
can
Second,
N O S COPE’s difference detectors highlight temporal differmay only appear from
ences across frames. Consider the following frames, which appeared
2.
applying asequentially
larger, refempty
frame webcam:
(b) frame with a car
(c) subtracted frames
in(a)our
Taipei

Noscope

put of the larger model
Figure 2: Example of difference detection. The subtracted frame highlights
ufficient training data
the car that entered the scene.
the specialized model
can
the video while requiroc
yers) compared to the
to a desired target. We also show that training these small models
ce model, the specialod
on scene-specific data (frames from the same video) leads to better
t video and is unlikely
performance
than identical,
training them on
generic
object detection
datasets.
These
frames
are
nearly
and
all
contain
the
same
bus.
Theredo
by *sacrificing
generalNoscope actually performs aWhile
simpler
task model
on a precropped
regioninofthe
thecontext
viewport
weclassification
have evaluated
specialization
of
fore,task
instead
of
running
the
full
NN
(or
a
specialized
NN)
on
each
nce(not
on adetection,
restricted
pro
which involves
object
location) on video streams, ongoing work suggests this
binary
classification
reduce inference cost.
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technique is applicable to other tasks (e.g., bounding box regression)

frame, N O S COPE learns a low-cost difference detector (based on

Noscope optimizations
▪ Model specialization for model search

-

Teacher network: Yolo object detection network
Student network: compact specialized network (2-4 conv layers)
Student “learns” to mimic the teacher

▪ Diﬀerence detectors with learned thresholds

-

“Same as background”, “same as previous frame”
Learn thresholds for how often to check for diﬀerences (in frames), and what
the magnitude of a meaningful diﬀerence is

▪ Cascades

-

Run cheap specialized model (student) first, then run teacher model if student
does not make a confident prediction
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Noscope results *

(a) taipei

(b) coral

Figure 6: Firing thresholds di↵ chosen by the CBO for each video (blue
dots), along with the range of thresholds that can achieve 1% false positive
and false negative rate for that video (black lines).

: Firing thresholds di↵ chosen by the CBO for each video (blue
ong with the range(c)ofamsterdam
thresholds that can achieve (d)
1%night-street
false positive
negative rate for that video (black lines).

Figure 7: Breakdown of training and optimization time on taipei dataset.
Passing all the training frames through YOLOv2 to obtain their true labels
dominates the cost, followed by training all variants of our specialized models
and then the rest of the steps in the CBO.

(e) store

(f) elevator

the validation set). As we see in the plot, the range of values for each
video is different and the best-performing threshold is often near the

(a) Factor analysis

(b) Lesion study

Figure 8: Factor analysis and lesion study of N O S COPE’s filters. The fac
analysis shows the impact of adding different filters for two videos; fro
left to right, we add each of the filters in turn over YOLOv2. The lesi
Factor
Analysis
(a) Factor
study shows the impact of removing
filters;analysis
the
leftmost bars show normaliz
performance with all of N O S COPE’s features enabled, and the remaining b
8: ofFactor
andN Olesion
stud
to the right Figure
show the effect
removinganalysis
each filter from
S COPE. (Note
logarithmicanalysis
scale on the y-axes
of both
shows
theplots.)
impact of adding dif

Figure 5: Normalized performan
left to right,
we add each of the filters
cialized NN models on the night
study shows the impact of removing filters
choosing a different NN architectu
performance
with
all
of
N
O S COPE’s featu
tecture performed well on another
to the right
show the effect
ofthe
removing
ea
automatically
selects
best-perf
logarithmic scale on the y-axes of both pl

class (e.g., difference detectio
few observations about these re
Figure 9: Throughput, Generic
NN vs.
N Obest
S COPEtype
. Substituting
the spec
First,
the
of MSE
c
ized NN model in N O S COPE with an equivalent model trained on MS-COC
ple,setcoral
areresults
sceni
(a general-purpose training
of imagesand
used store
by YOLOv2)
decrease in the end-to-end throughput of the system across all videos.
coral shows an aquarium with
ground,
and
N O S COPE
is throu
ask
In the factor analysis,
we started
by running
all frames
Stanford
CS348V, Winter
2018sk
YOLOv2 and gradually
added:
difference
detection’s
frame
these scenes, computing MSE

Class thought experiment

Stanford CS348V, Winter 2018

Setup
▪ Many cameras (e.g., traﬃc cameras in a major US city, cameras in a future Amazon Go store)
▪ Many applications needing access to streams for diﬀerent tasks

Application
Application
Datacenter

Application
…
Application

…
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One more idea
▪ System design forces diﬀerent networks to share the same stem
▪ Amortize cost of early (and expensive layers) across diﬀerent tasks
Reducing sharing between tasks

Generic Network

Specific Network

All Parameters Shared

No Parameters Shared

(a)

Split fc8

Split fc7

Split fc6

Split conv5

Split conv4

Split conv3

Split conv2

Shared Layers
Task A layers

0.69
-0.16

Attributes Classification (mAP)

-1.2

-2.2

-0.06

-0.8

-0.09

Task B layers

Object Detection (mAP)
0.37

0.24

0.1
-0.34

-0.4

-1

-5.7

(b)

Surface Normal (Median Error)
0.85

0.52

-0.4

0.65

0.28

0.11

-0.62

0.22

Semantic Segmentation (mean IU)
0.65

0.8

0.85

0.52

Difference
between
Split
Network
and Specific
Network
(Ss𝑝𝑙𝑖𝑡 − Sspecific )

-0.28
-1.32

wn in 4.1, and even score
heir output is dissatisfyingly
xel stride at the final predicail in the upsampled output.
skips [1] that combine the
er layers with finer strides.
a DAG, with edges that skip
er ones (Figure 3). As they
le predictions should need
o make them from shallower
ers and coarse layers lets the

FCN-32s

Semantic
Segmentation
FCN-16s
FCN-8s
Ground truth

Normal estimation

Figure 2: We train a variety of multi-task (two-task) architectures by splitting at different layers in a ConvNet [32] for two
pairs of tasks. For each of these networks, we plot their performance on each task relative to the task-specific network. We
notice that the best performing multi-task architecture depends on the individual tasks and does not transfer across different
pairs of tasks.
Figure 4. Refining fully convolutional nets by fusing information
from layers with different strides improves segmentation detail.

[Image from: Misra et al. CVPR 2016]
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Emerging interest in systems that learn how to
share computation across users
SysML’18, February 15–16, 2018, Stanford, CA

Figure 1: Per-frame classi�cation accuracy vs. (Potential) sharing

for three di�erent DNN networks (ResNet50 [5], InceptionV3 [11],
and MobileNets [6]), each �ne-tuned with three di�erent data sets
extracted from the ImageNet [3] database. The base DNN model was
also trained using ImageNet. Note that approximately 80% of the
model may remain unspecialized without signi�cantly a�ecting accuracy; in other words, 80% of the computation may be shared.

As more
the network is specialized, Top-1 accuracy increases,
[Jiangof18]

Jiang, et al

Figure 2: Mainstream improves application quality (average F1

score) relative to both (a) no sharing between applications (No
sharing) and (b) sharing all layers but the last one (Max-sharing).

The optimal schedule is dictated by the set of applications to be
scheduled and the resources available. M-Scheduler models resource
usage with a latency-based cost. Specializing more layers in an
application incurs a cost but improves utility. Using observations
from earlier rounds of deployment, M-Scheduler determines the
Stanford CS348V,
Winter
2018
“cost budget” (a measure of the available resources)
and uses
a greedy

Summary
▪ An increasing number of cameras across world will be capturing near continuous
video

▪ Many applications will seek to extract value from these data streams

-

Implications for eﬃciency of cities (transportation, infrastructure monitoring),
brick-and-mortar commerce, security, health-care, robotics, human-robot
interactions, autonomous vehicles

▪ Need significant eﬃcient gains to process this worldwide visual signal

-

Hardware specialization (last time)
Algorithmic techniques to reduce the cost of inference

-

Specialization to video stream or scene context
Exploit temporal coherence of video
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Discussion: privacy and ethics

Image credit: The Circle (movie)
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