
Visual Computing Systems 
Stanford CS348K, Spring 2020

Lecture 12:

Misc Video Topics



Stanford CS348K, Fall 2018

Massively parallel video encoding



Stanford CS348K, Fall 2018

Challenge
▪ Video encoding is inherently sequential (current frame 

represented in terms of data from previous frames) 

▪ Coarse-grained parallelism is possible, at the cost of reduced 
compression (additional keyframes) 
- 4K video: keyframe ~ 11MB, interframe ~ 10s of KB 

▪ Question: Is it possible to parallelize video encode onto thousands 
of cores?
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Expressing a video encoder in a continuation 
passing style
// prob model: tables representing encoding of values in video stream 
// reference_images contains three prior images 
state:= (prob_model, reference_images[3]); 

// just a full image 
keyframe := image pixels for entire frame 
  
// prediction_modes and motion vectors define how to predict current 
// frame given decoder state 
// residue is correction to this prediction 
interframe := (prediction_modes, motion_vectors, residue) 

// decoding a frame generates one image of pixels, and 
// an updated decoder state  
decode(state, compressed_frame) —> (new_state, image) 

// generate an interframe approximating image given the current 
// decoder state.  This operation requires expensive motion estimation. 
encode-given-state(state, image, quality_param) -> interframe 

// use prediction info from interframe to estimate prediction for  
// image given new state, store new residue in new_interface 
// Note: rebase is cheap because it does not perform motion estimation 
rebase(new_state, image, interframe) -> new_interframe
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Massively parallel video encoding via “rebasing”

// N = frames per thread 
// x = threads to use 
ParallelEncode[N,x] 

In parallel, each thread encodes N consecutive frames of video 
(generates 1 keyframe + N-1 interframes) 

In parallel, each thread decodes its N frames of video 
Thread t passes its final decoder state to thread t+1. 

In parallel, each thread executes encode-given-state() on its first frame 
using the decoder state it receives, replacing what was a keyframe with an 
interframe that is dependent on decoding the prior thread’s output. 
(requires the original image) 

In sequence, each thread rebases its remaining frames based on state after 
decoding first frame.  When complete, thread t sends final decoder state 
to thread t+1   
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Computation schedule for ParallelEncode[16,6]
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Figure 4: Execution of the ExCamera[6,16] encoder (§ 4.4) for
a typical 16-thread batch on a warm start. At two points in the
computation, a thread may have to “wait” for state from the
thread above. The “slow” work of searching for motion vectors
and prediction modes (vpxenc and encode-given-state) runs in
parallel. The “fast” rebasing step runs serially.

tural similarity (SSIM) [28], calculated by the Xiph
dump_ssim tool [7]. Figure 3 illustrates how SSIM corre-
lates with perceived image quality.

5.2 Baselines

We benchmarked a range of ExCamera[N ,x] pipelines
against two alternative VP8 encoding systems:

1. vpx (single-threaded): vpxenc, running in single-
threaded mode on an Amazon EC2 c3.8xlarge in-
stance with a 2.8 GHz Intel Xeon E5-2680 v2 CPU.
The source material was on a local SSD RAID array.
Encoded output was written to a RAM disk.

This represents the best possible compression and
quality that can be achieved with a state-of-the-art
encoder, but takes about 7.5 hours to encode Sintel.

2. vpx (multi-threaded): vpxenc in multi-threaded
mode and configured to use all cores, running on
the same kind of instance as above. This represents
a common encoding configuration, with reasonable
tradeoffs among compression, quality, and speed.
Encoding Sintel takes about 2.5 hours. We also ran
vpxenc on a 128-core x1.32xlarge machine, with
the same results. vpxenc’s style of multi-threading
parallelizes compression within each frame, which
limits the granularity of parallelism.

5.3 Results

Microbenchmark. We first present a breakdown of the
time spent by an ExCamera[6,16] encoder. This serves
as a microbenchmark of the mu system and of the algo-
rithm. Figure 4 shows the results of a typical batch. mu’s
dependency-aware scheduler assigns the first worker that

AWS Lambda spawns to a task whose output will be con-
sumed by later-spawning workers. The figure shows that
the total amount of “slow” work dwarfs the time spent on
rebasing, but the serial nature of the rebasing step makes
it account for most of the end-to-end completion time.

The analysis confirms that our own encode routine
(encode-given-state) is considerably slower than Google’s
vpxenc, especially as the latter is encoding six frames
and our routine only one. This suggests ExCamera has
considerable room for optimization remaining.

Encoder performance. We ran ExCamera and the base-
lines with a variety of encoding parameters, resulting in a
range of quality-to-bitrate tradeoffs for each approach.
Figure 5 shows the results. As expected, vpx (single-
threaded) gives the best quality at a given bitrate, and
naive parallelism (ExCamera[6,1]) produces the worst.
On the animated movie, ExCamera[6,16] performs as
well as multi-threaded vpxenc, giving within 2% of the
same quality-to-bitrate tradeoff with a much higher de-
gree of parallelism. On the live-action movie, ExCamera
is within 9%.

We also measured each approach’s speed. We chose a
particular quality level: for Sintel, SSIM of 20 dB, rep-
resenting high quality, and for Tears of Steel, SSIM of
16 dB. We ran ExCamera with a range of settings that
produce this quality, as well as the baselines, to compare
the tradeoffs of encoding speed and compressed bitrate.
We took the median of at least three runs of each scheme
and linearly interpolated time and bitrate between runs
at adjacent quality settings when we could not achieve
exactly the target quality.

Figure 6 shows the results. ExCamera sweeps out a
range of tradeoffs between 60ù to 300ù faster than multi-
threaded vpxenc, with compression that ranges between
10% better and 80% worse. In some cases, pipelines
with coarser-grained parallelism and no rebasing (e.g. Ex-
Camera[24,1]) outperformed pipelines with finer-grained
parallelism and rebasing (e.g. ExCamera[6,16]). This
suggests inefficiency in our current implementation of
encode-given-state and rebase that can be improved
upon, but at present, the value of fine-grained parallelism
and rebasing may depend on whether the application
pipeline includes other costly per-frame processing, such
as a filter or classifier, in addition to compressing the
output. The costlier the per-frame computation, the more
worthwhile it will be to use fine-grained threads.

YouTube measurement. To compare against a commer-
cial parallel encoding system, we uploaded the official
H.264 version of Sintel, which is 5.1 GiB, to YouTube.
YouTube appears to insert key frames every 128 frames,
and we understand that YouTube parallelizes at least some
encoding jobs with the same granularity. The upload
took 77 seconds over a gigabit Ethernet connection from
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Using 16 threads to encode 16 x 6 = 96 frames of video
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Algorithm leverages wide parallelism and 
preserves reasonable quality/bitrate by avoiding 
insertion of unnecessary keyframes
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Figure 5: Quality vs. bitrate for four VP8 video encoders on the two 4K movies. ExCamera[6,16] achieves within 2% (Sintel) or 9%
(Tears of Steel) of the performance of a state-of-the-art encoder (multi-threaded vpxenc) with a much higher degree of parallelism.

Stanford. We ran youtube-dl --list-formats every
five seconds to monitor the availability of the processed
versions. Counting from the end of the upload, it took
YouTube 36.5 minutes until a compressed H.264 version
was available for playback. It took 417 minutes until a
compressed VP9 version was available for playback.

Because YouTube does not encode 4K VP8 content,
and does not have adjustable quality, these figures cannot
be directly compared with those in Figure 6. However,
they suggest that even in systems that have no shortage
of raw CPU resources, the coarse granularity of available
parallelism may be limiting the end-to-end latency of
user-visible encoding jobs.

Cost. At AWS Lambda’s current pricing, it costs about
$5.40 to encode the 15-minute Sintel movie using the Ex-
Camera[6,16] encoder. The encoder runs 3,552 threads,
each processing ¼ second of the movie. The last thread
completes after 2.6 minutes, but because workers quit as
soon as their chunk has been rebased and uploaded, the
average worker takes only 60.4 seconds. In a long chain
of rebasing, later threads spend much of their time waiting
on predecessors (Figure 4). A more-sophisticated launch-
ing strategy could save money, without compromising
completion time, by delaying launching these threads.

6 Limitations and future work

At present, ExCamera has a number of limitations in its
evaluation, implementation, and approach. We discuss
these in turn.

6.1 Limitations of the evaluation

Only evaluated on two videos. We have only character-
ized ExCamera’s performance on two creative-commons
videos (one animated, one live-action). While these are
widely used benchmarks for video encoders, this may
have more to do with their availability in uncompressed
formats than suitability as benchmarks. We will need to
verify experimentally that ExCamera’s results generalize.

If everybody used Lambda as we do, would it still

be as good? To the best of our knowledge, ExCamera
is among the first systems to use AWS Lambda as a
supercomputer-by-the-second. ExCamera slams the sys-
tem with thousands of TLS connections and threads start-
ing at once, a workload we expect not to be characteristic
of other customers. We don’t know if Lambda would con-
tinue to provide low latencies, and maintain its current
pricing, if ExCamera-like workloads become popular.

6.2 Limitations of the implementation

encode-given-state is slow and has poor compression

efficiency. The microbenchmark of Figure 4 and other
measurements suggest there is considerable room for op-
timization in our encode-given-state routine (§ 4.4). This
is future work. We explored building further on vpxenc
so as to avoid using our own de novo encoder at all, but
did not achieve an improvement over the status quo.

Pipeline specification is complex. In addition to parallel
video compression, ExCamera supports, in principle, a
range of pipeline topologies: per-image transformations
followed by encoding, operations that compose multiple
input frames, edits that rearrange frames, and computer-
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Summary of results

We characterized ExCamera’s performance and found
that it can summon 3,600 cores (representing about 9
teraFLOPS) within 2.5 seconds of job startup. For video
encoding, we tuned ExCamera and compared it with ex-
isting systems using a 15-minute animated movie in 4K
resolution [20], encoding into the VP8 compressed-video
format [29]. ExCamera achieved comparable compres-
sion to existing systems, at the same quality level relative
to the original uncompressed video, and was many times
faster. The evaluation is fully described in Section 5.

System Bitrate Encode time

at 20 dB SSIM

(lower is better) (lower is better)

ExCamera[6,16]1 27.4 Mbps 2.6 minutes
ExCamera[6,1]2 43.1 Mbps 0.5 minutes
vpxenc multi-threaded 27.2 Mbps 149 minutes
vpxenc single-threaded 22.0 Mbps 453 minutes
YouTube H.2643

n/a 36.5 minutes
YouTube VP9 n/a 417 minutes

Results were similar on a 12-minute live-action 4K
video [23]:

System Bitrate Encode time

at 16 dB SSIM

(lower is better) (lower is better)

ExCamera[6,16] 39.6 Mbps 2.2 minutes
ExCamera[6,1] 66.0 Mbps 0.5 minutes
vpxenc multi-threaded 36.6 Mbps 131 minutes
vpxenc single-threaded 29.0 Mbps 501 minutes

This paper proceeds as follows. In Section 2, we intro-
duce our framework to execute general-purpose parallel
computations, with inter-thread communication, on AWS
Lambda. We discuss the problem of fine-grained parallel
video encoding in Section 3, and describe ExCamera’s
approach in Section 4. We then evaluate ExCamera’s per-
formance (§ 5), discuss limitations (§ 6), and compare
with related work (§ 7).

ExCamera is free software. The source code and evalu-
ation data are available at https://ex.camera.

2 Thousands of tiny threads in the cloud

While cloud services like Amazon EC2 and Google Com-
pute Engine allow users to provision a cluster of powerful
machines, doing so is costly: VMs take minutes to start
and usage is billed with substantial minimums: an hour

1“ExCamera[6,16]” refers to encoding chunks of six frames indepen-
dently in parallel, then stitching them together in strings of 16 chunks.

2Encodes independent chunks of six frames each, without stitching.
3Because YouTube doesn’t encode into the VP8 format at this res-

olution or expose an adjustable quality, we report only the total time
between the end of upload and the video’s availability in each format.

for EC2, or 10 minutes for GCE. This means that a cluster
of VMs is not effective for running occasional short-lived,
massively parallel, interactive jobs.

Recently, cloud providers have begun offering microser-

vice frameworks that allow systems builders to replace
long-lived servers processing many requests with short-
lived workers that are dispatched as requests arrive. As
an example, a website might generate thumbnail images
using a “cloud function,” spawning a short-lived worker
each time a customer uploads a photograph.

Because workers begin their task quickly upon spawn-
ing and usage is billed at a fine grain, these frameworks
show promise as an alternative to a cluster of VMs
for short-lived interactive jobs. On the other hand, mi-
croservice frameworks are typically built to execute asyn-
chronous lightweight tasks. In contrast, the jobs we target
use thousands of simultaneous threads that execute heavy-
weight computations and communicate with one another.

To address this mismatch we built mu, a library for
designing and deploying massively parallel computations
on AWS Lambda. We chose AWS Lambda for several
reasons: (1) workers spawn quickly, (2) billing is in sub-
second increments, (3) a user can run many workers simul-
taneously, and (4) workers can run arbitrary executables.
Other services [4, 10, 19] offer the first three, but to our
knowledge none offers the fourth. We therefore restrict
our discussion to AWS Lambda. (In the future it may be
possible to extend mu to other frameworks.)

In the next sections, we briefly describe AWS
Lambda (§ 2.1); discuss the mismatch between Lambda
and our requirements, and the architecture that mu uses to
bridge this gap (§ 2.2); detail mu’s software interface
and implementation (§ 2.3); and present microbench-
marks (§ 2.4). We present an end-to-end evaluation of
mu applied to massively parallel video encoding in Sec-
tion 5 and discuss mu’s limitations in Section 6.

2.1 AWS Lambda overview

AWS Lambda is a microservice framework designed to
execute user-supplied Lambda functions in response to
asynchronous events, e.g., message arrivals, file uploads,
or API calls made via HTTP requests. Upon receiving an
event, AWS Lambda spawns a worker, which executes
in a Linux container with configurable resources up to
two, 2.8 GHz virtual CPUs, 1,536 MiB RAM, and about
500 MB of disk space. AWS Lambda provisions addi-
tional containers as necessary in response to demand.

To create a Lambda function, a user generates a pack-
age containing code written in a high-level language (cur-
rently Python, Java, Javascript, or C#) and installs the
package using an HTTP API. Installed Lambda functions
are invoked by AWS Lambda in response to any of a
number of events specified at installation.
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ExCamera results are on 3600 cores



Stanford CS348K, Fall 2018

Processing uploaded videos at Facebook
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Big video data

Facebook 2016: 
100 million hours of video 

watched per day

Youtube 2015: 300 hours 
uploaded per minute [Youtube] FB Live Video

Twitch

Netflix

Snapchat Video
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Facebook Streaming Video Engine (SVE)
▪ Designed for non-streaming video upload applications (not Facebook Live) 

- Facebook video posts 
- FB Messenger video shares 
- Instagram Stories 
- 360 videos 

▪ Goals/requirements: 

- Low latency: minimize latency of start of upload to sharable state 
- Particularly important for FB Messenger uploads 

- Flexible (support variety of applications such as those listed above, with 
different processing pipelines after upload) 

- Robust to faults and overload
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Basic video sharing pipeline

Client 
1

2. Video upload
3. Process

1. Record

5. Share Event

4. Store

6. Stream to viewerClient 
2

(validation, 
reencoding, 

video analysis, 
thumbnail extract)

Datacenter
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Video upload and processing times *

SOSP ’17, October 28, 2017, Shanghai, China Q. Huang et al.
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Figure 4: Latency CDFs for the steps in the logical �ow of MES broken down for ranges from < 1MB to > 1GB.
The upload time (A–B) is the same for MES and SVE. Storage sync time (B–C) is described in §4.3. There is a single
legend across the three �gures.

(a) SVE encoding start delay (A–D). (b) SVE encoding time (D–E). (c) SVE per-video max fetch time.

Figure 5: Latency CDFs for the steps in the logical �ow of SVE broken down for ranges from < 1MB to > 1GB. The
upload time (A–B) is shown in Figure 4a. The storage time (B–C) is described in §4.3. Figure 5c shows the per-video
max latency across all fetches by workers from the preprocessor caches (similar to C–D in MES). There is a single
legend spread across the three �gures.

is a larger window over which the compression algorithm
can exploit temporal locality, but less parallelism because
there are fewer segments. We use a segment size of 10 sec-
onds for applications that prefer lower latency over the best
compression ratio—e.g., messaging and the subset of encod-
ings that drive News Feed noti�cations. We use a segment
size of 2 minutes for high quality encodings of large video
posts where a single digit percentage improvement on com-
pression is prioritized, as long as the latency does not exceed
a product-speci�ed limit.

Per-segment encoding requires converting processing that
executes over the entire video to execute on smaller video
segments. SVE achieves this by segmenting each video, with
each segment appearing to be a complete video. For videos
with constant frame rates and evenly distributed GOP bound-
aries, there is no need for additional coordination during

encoding. But, for variable frame rate videos, SVE needs to
adjust the encoding parameters for each segment based on
the context of all earlier segments—e.g., their frame count
and duration. Stitching the separately processed segments
back together requires a sequential pass over the video, but
fortunately this is lightweight and can be combined with a
pass that ensures the resulting video is well formed.

The high degree of parallelism in SVE can sometimes lead
to malformed videos when the original video has artifacts.
For instance, some editing tools set the audio starting time to
a negative value as a way to cut audio out, but our encoder
behaves di�erently when processing the audio track alone
than in the more typical case when it processes it together
with the video track. Another example is missing frame in-
formation that causes our segmentation process to fail to
generate the correct segment. Ensuring SVE can handle such
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is a larger window over which the compression algorithm
can exploit temporal locality, but less parallelism because
there are fewer segments. We use a segment size of 10 sec-
onds for applications that prefer lower latency over the best
compression ratio—e.g., messaging and the subset of encod-
ings that drive News Feed noti�cations. We use a segment
size of 2 minutes for high quality encodings of large video
posts where a single digit percentage improvement on com-
pression is prioritized, as long as the latency does not exceed
a product-speci�ed limit.

Per-segment encoding requires converting processing that
executes over the entire video to execute on smaller video
segments. SVE achieves this by segmenting each video, with
each segment appearing to be a complete video. For videos
with constant frame rates and evenly distributed GOP bound-
aries, there is no need for additional coordination during

encoding. But, for variable frame rate videos, SVE needs to
adjust the encoding parameters for each segment based on
the context of all earlier segments—e.g., their frame count
and duration. Stitching the separately processed segments
back together requires a sequential pass over the video, but
fortunately this is lightweight and can be combined with a
pass that ensures the resulting video is well formed.

The high degree of parallelism in SVE can sometimes lead
to malformed videos when the original video has artifacts.
For instance, some editing tools set the audio starting time to
a negative value as a way to cut audio out, but our encoder
behaves di�erently when processing the audio track alone
than in the more typical case when it processes it together
with the video track. Another example is missing frame in-
formation that causes our segmentation process to fail to
generate the correct segment. Ensuring SVE can handle such
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is a larger window over which the compression algorithm
can exploit temporal locality, but less parallelism because
there are fewer segments. We use a segment size of 10 sec-
onds for applications that prefer lower latency over the best
compression ratio—e.g., messaging and the subset of encod-
ings that drive News Feed noti�cations. We use a segment
size of 2 minutes for high quality encodings of large video
posts where a single digit percentage improvement on com-
pression is prioritized, as long as the latency does not exceed
a product-speci�ed limit.

Per-segment encoding requires converting processing that
executes over the entire video to execute on smaller video
segments. SVE achieves this by segmenting each video, with
each segment appearing to be a complete video. For videos
with constant frame rates and evenly distributed GOP bound-
aries, there is no need for additional coordination during

encoding. But, for variable frame rate videos, SVE needs to
adjust the encoding parameters for each segment based on
the context of all earlier segments—e.g., their frame count
and duration. Stitching the separately processed segments
back together requires a sequential pass over the video, but
fortunately this is lightweight and can be combined with a
pass that ensures the resulting video is well formed.

The high degree of parallelism in SVE can sometimes lead
to malformed videos when the original video has artifacts.
For instance, some editing tools set the audio starting time to
a negative value as a way to cut audio out, but our encoder
behaves di�erently when processing the audio track alone
than in the more typical case when it processes it together
with the video track. Another example is missing frame in-
formation that causes our segmentation process to fail to
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is a larger window over which the compression algorithm
can exploit temporal locality, but less parallelism because
there are fewer segments. We use a segment size of 10 sec-
onds for applications that prefer lower latency over the best
compression ratio—e.g., messaging and the subset of encod-
ings that drive News Feed noti�cations. We use a segment
size of 2 minutes for high quality encodings of large video
posts where a single digit percentage improvement on com-
pression is prioritized, as long as the latency does not exceed
a product-speci�ed limit.

Per-segment encoding requires converting processing that
executes over the entire video to execute on smaller video
segments. SVE achieves this by segmenting each video, with
each segment appearing to be a complete video. For videos
with constant frame rates and evenly distributed GOP bound-
aries, there is no need for additional coordination during

encoding. But, for variable frame rate videos, SVE needs to
adjust the encoding parameters for each segment based on
the context of all earlier segments—e.g., their frame count
and duration. Stitching the separately processed segments
back together requires a sequential pass over the video, but
fortunately this is lightweight and can be combined with a
pass that ensures the resulting video is well formed.

The high degree of parallelism in SVE can sometimes lead
to malformed videos when the original video has artifacts.
For instance, some editing tools set the audio starting time to
a negative value as a way to cut audio out, but our encoder
behaves di�erently when processing the audio track alone
than in the more typical case when it processes it together
with the video track. Another example is missing frame in-
formation that causes our segmentation process to fail to
generate the correct segment. Ensuring SVE can handle such

File size of video
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(a) SVE encoding start delay (A–D). (b) SVE encoding time (D–E). (c) SVE per-video max fetch time.

Figure 5: Latency CDFs for the steps in the logical �ow of SVE broken down for ranges from < 1MB to > 1GB. The
upload time (A–B) is shown in Figure 4a. The storage time (B–C) is described in §4.3. Figure 5c shows the per-video
max latency across all fetches by workers from the preprocessor caches (similar to C–D in MES). There is a single
legend spread across the three �gures.

is a larger window over which the compression algorithm
can exploit temporal locality, but less parallelism because
there are fewer segments. We use a segment size of 10 sec-
onds for applications that prefer lower latency over the best
compression ratio—e.g., messaging and the subset of encod-
ings that drive News Feed noti�cations. We use a segment
size of 2 minutes for high quality encodings of large video
posts where a single digit percentage improvement on com-
pression is prioritized, as long as the latency does not exceed
a product-speci�ed limit.

Per-segment encoding requires converting processing that
executes over the entire video to execute on smaller video
segments. SVE achieves this by segmenting each video, with
each segment appearing to be a complete video. For videos
with constant frame rates and evenly distributed GOP bound-
aries, there is no need for additional coordination during

encoding. But, for variable frame rate videos, SVE needs to
adjust the encoding parameters for each segment based on
the context of all earlier segments—e.g., their frame count
and duration. Stitching the separately processed segments
back together requires a sequential pass over the video, but
fortunately this is lightweight and can be combined with a
pass that ensures the resulting video is well formed.

The high degree of parallelism in SVE can sometimes lead
to malformed videos when the original video has artifacts.
For instance, some editing tools set the audio starting time to
a negative value as a way to cut audio out, but our encoder
behaves di�erently when processing the audio track alone
than in the more typical case when it processes it together
with the video track. Another example is missing frame in-
formation that causes our segmentation process to fail to
generate the correct segment. Ensuring SVE can handle such

* Serialized times (SVE system will parallelize encoding across segments as discussed in a few slides)
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Pipelining upload and processing
▪ Client application partitions video into segments prior to upload 
▪ Client application optionally downsamples video (skipped if video recorded at low enough 

resolution, internet connection is fast, or device does not support HW accelerated encode) 
▪ Upload and processing of video is pipelined (upload and processing is mostly parallelized) 
▪ Processing itself can be parallelized across segments

Seg 
1

Seg 
2

Seg 
3

Seg 
4

Seg 
5

Seg 
6

Time

= upload

= store

= processing
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Figure 7: Simpli�ed DAG for processing videos.
Grayed tasks run for each segment of the video track.

granularity of both tasks and their inputs controls the com-
plexity/parallelism tradeo� and is speci�ed as a subset of a
stream-of-tracks.

The stream-of-tracks abstraction provides two dimensions
of granularity that re�ect the structure of videos. The �rst
dimension is the tracks within a video, e.g., the video track
and the audio track. Tasks can operate on either one track in-
dividually or all tracks together. Specifying a task to operate
on an individual track enables SVE to extract some paral-
lelism and is simple for programmers. For example, speech
recognition only requires the audio track while thumbnail
extraction and facial recognition only require the video track.
Specifying these tasks to operate on only their required track
allows SVE to parallelize their execution without increasing
the burden on the programmer because the processing tasks
do not need to be rewritten.

The second dimension of granularity is the stream of data
within a track, e.g., GOP-based segments within a video track.
This dimension exposes more parallelism, but increases com-
plexity because it requires tasks that can operate at the gran-
ularity of individual segments. For instance, enabling re-
encoding tasks to operate on segments required us to modify
the �mpeg commands we used and required us to add a
new task that stitches together the segmented video into a
single video. Computer vision based video classi�cation is
an example of a task that it would be di�cult to convert to
operate at the segment level. Our classi�er operates on the
full video and does things like track objects across frames.
Reengineering this classi�er to operate across segments and
then combine the di�erent results would be complex.
Figure 7 shows a simpli�ed version of the DAG for pro-

cessing videos to be shared on Facebook. The initial video is
split into tracks for video, audio, and metadata. The video
and audio tracks are then copied n times, one for each of the
n encoding bitrates (n = 2 for video, 1 for audio) in the �g-
ure. At this point, the re-encoding tasks, which are the most

pipeline = create_pipeline(video)

video_track = pipeline.create_video_track()
if video.should_encode_hd

hd_video = video_track.add(hd_encoding)
.add(count_segments)

sd_video = video_track.add(
{sd_encoding, thumbnail_generation},

).add(count_segments)

audio_track = pipeline.create_audio_track()
sd_audio = audio_track.add(sd_encoding)

meta_track =
pipeline.create_metadata_track()
.add(analysis)

pipeline.sync_point(
{hd_video, sd_video, sd_audio},
combine_tracks,

).add(notify, �latency_sensitive�)
.add(video_classification)

Figure 8: Pseudo-code for generating the simpli�ed
DAG. Dependencies in the DAG are encoded by chain-
ing tasks. Branches of the DAG can be merged with
sync points. Tasks can also be annotated easily, e.g.,
specifying the notify task to be latency sensitive.

computationally intensive, are operating at the maximum
parallelism: segments of individual tracks. Thumbnail gener-
ation, which is also moderately time consuming, is grouped
inside the SD encoding task group to be executed at segment
level, without incurring an additional video track copy. The
output segments of each track are checked after they �nish
encoding in parallel, by the “count segments” tasks as a syn-
chronization point. Then all the tracks are joined for storage,
before the user is noti�ed their video is ready to be shared.
Some processing on the full video typically happens after
the noti�cation, such as video classi�cation.
The DAG in Figure 7 follows the typical pattern of our

DAGs: split into tracks, segment, split into encodings, collect
segments, join segments, and then join tracks. This structure
enables the most parallelism for the most computationally
intensive tasks, which are re-encodings. It also provides a
simple way for programmers to add most tasks. Most tasks
operate over the fully joined tracks, which is even simpler
to reason about than one big script. This provides SVE with
most of the best of both worlds of parallelism and simplic-
ity: parallelism is enabled for the few tasks that dominate
processing time, which gives us most of the bene�ts of par-
allelism without requiring programmers to reason about
parallelism for more than a few tasks.
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granularity of both tasks and their inputs controls the com-
plexity/parallelism tradeo� and is speci�ed as a subset of a
stream-of-tracks.

The stream-of-tracks abstraction provides two dimensions
of granularity that re�ect the structure of videos. The �rst
dimension is the tracks within a video, e.g., the video track
and the audio track. Tasks can operate on either one track in-
dividually or all tracks together. Specifying a task to operate
on an individual track enables SVE to extract some paral-
lelism and is simple for programmers. For example, speech
recognition only requires the audio track while thumbnail
extraction and facial recognition only require the video track.
Specifying these tasks to operate on only their required track
allows SVE to parallelize their execution without increasing
the burden on the programmer because the processing tasks
do not need to be rewritten.

The second dimension of granularity is the stream of data
within a track, e.g., GOP-based segments within a video track.
This dimension exposes more parallelism, but increases com-
plexity because it requires tasks that can operate at the gran-
ularity of individual segments. For instance, enabling re-
encoding tasks to operate on segments required us to modify
the �mpeg commands we used and required us to add a
new task that stitches together the segmented video into a
single video. Computer vision based video classi�cation is
an example of a task that it would be di�cult to convert to
operate at the segment level. Our classi�er operates on the
full video and does things like track objects across frames.
Reengineering this classi�er to operate across segments and
then combine the di�erent results would be complex.
Figure 7 shows a simpli�ed version of the DAG for pro-

cessing videos to be shared on Facebook. The initial video is
split into tracks for video, audio, and metadata. The video
and audio tracks are then copied n times, one for each of the
n encoding bitrates (n = 2 for video, 1 for audio) in the �g-
ure. At this point, the re-encoding tasks, which are the most

pipeline = create_pipeline(video)

video_track = pipeline.create_video_track()
if video.should_encode_hd

hd_video = video_track.add(hd_encoding)
.add(count_segments)

sd_video = video_track.add(
{sd_encoding, thumbnail_generation},

).add(count_segments)

audio_track = pipeline.create_audio_track()
sd_audio = audio_track.add(sd_encoding)

meta_track =
pipeline.create_metadata_track()
.add(analysis)

pipeline.sync_point(
{hd_video, sd_video, sd_audio},
combine_tracks,

).add(notify, �latency_sensitive�)
.add(video_classification)

Figure 8: Pseudo-code for generating the simpli�ed
DAG. Dependencies in the DAG are encoded by chain-
ing tasks. Branches of the DAG can be merged with
sync points. Tasks can also be annotated easily, e.g.,
specifying the notify task to be latency sensitive.

computationally intensive, are operating at the maximum
parallelism: segments of individual tracks. Thumbnail gener-
ation, which is also moderately time consuming, is grouped
inside the SD encoding task group to be executed at segment
level, without incurring an additional video track copy. The
output segments of each track are checked after they �nish
encoding in parallel, by the “count segments” tasks as a syn-
chronization point. Then all the tracks are joined for storage,
before the user is noti�ed their video is ready to be shared.
Some processing on the full video typically happens after
the noti�cation, such as video classi�cation.
The DAG in Figure 7 follows the typical pattern of our

DAGs: split into tracks, segment, split into encodings, collect
segments, join segments, and then join tracks. This structure
enables the most parallelism for the most computationally
intensive tasks, which are re-encodings. It also provides a
simple way for programmers to add most tasks. Most tasks
operate over the fully joined tracks, which is even simpler
to reason about than one big script. This provides SVE with
most of the best of both worlds of parallelism and simplic-
ity: parallelism is enabled for the few tasks that dominate
processing time, which gives us most of the bene�ts of par-
allelism without requiring programmers to reason about
parallelism for more than a few tasks.

DAG Specification in Python:

Simple DAG: 
Encodes HD and SD version of uploaded video

Facebook Video Posts: ~153 tasks 
Messenger shares: 18 tasks 
Instagram stories: 22 tasks

DAG node = “task” 
Each task is executed serially on one video segment 
Overall DAG execution can be parallelized 
(across tracks and segments)

Nodes defined on audio, video, metadata tracks:
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Coarse-grained parallel video encoding
▪ Parallelized across segments (I-frame inserted at start of segment) 
▪ Concatenate independently encoded bitstreams

Task 1 
(encode 0-2 min)

Task 2 
(encode 2-4 min)

Task 3 
(encode 4-6 min)

Task 4 
(encode 6-8 min)

Task 5 
concat

Smaller segments = more potential parallelism, worse video compression 
Latency-sensitive applications: 10 second segments 
Non-latency sensitive, long videos: 2 minute segments (maximize compression)
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Overload control
▪ When FB cannot keep up with the world’s video upload rate… 

▪ Delay latency-insensitive tasks 

▪ Rebalance load: redirect uploads to new datacenter region 

▪ Delay processing of new uploads



Stanford CS348K, Spring 2020

Discussion: 
When should the cameras always be on?
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Video internet usage (from last time)

Keep in mind, at the moment this is a small fraction of the video we transmit.



Analyzing images for robot navigation



Analyzing images for urban efficiency

“Managing urban areas has become one of the most 
important development challenges of the 21st 
century. Our success or failure in building sustainable 
cities will be a major factor in the success of the 
post-2015 UN development agenda.”  

- UN Dept. of Economic and Social Affairs



Analyzing egocentric images to augment humans

What does this say?

What is this?

Gwangjiang Market (Seoul)
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Some recent examples
▪ Comprehensive capture of athlete performance

Image credit: Second Spectrum
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Some recent examples
▪ Comprehensive capture of athlete performance

Image credit: Second Spectrum
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Comprehensive capture of 
worker performance?

Image credit: Second Spectrum
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Some recent examples
▪ Surveillance of hospital workers (hand washing)

Towards Vision-Based Smart Hospitals: A System for Tracking and Monitoring Hand Hygiene Compliance 
Haque et al. 2017
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Surveillance for contact tracing



Stanford CS348K, Spring 2020

What are your standards for when observational 
technology is reasonable to be deployed? 

What safeguards (both technical and non-technical) 
should be put in place to protect privacy?


