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def choose next quality(throughput history):
throughput estimate = throughput history[-1]
if throughput estimate == low:
next quality = $¥

else: ## throughput estimate == high
next quality = 11

return next quality
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Simple ABR in code

def choose next quality(throughput history):
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Simple ABR as a tree
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(Slightly more) complex ABR in code

def choose next quality(throughput history):
throughput estimate = np.mean(throughput history[-2:])
if throughput estimate == low:
next quality = 4%

else: ## throughput estimate == high
next quality = 11

return next quality
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def choose next quality(throughput history, buffer size):
throughput estimate = np.mean(throughput history[-2:])
if throughput estimate == low:
download time = chunk size high / throughput estimate
if download time < buffer size:
next quality = ¥

else:
next quality = 11

else:
next quality = 1

return next quality
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Complex ABR in code

def choose_next quality{throughput_history | buffer 51ze)
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Provider
YouTube
ZDF
Pornhub
Arte
Fandom
SRF
TubiTV
Twitch
Vimeo

XVideos

Description

Broad coverage

German Public Service

Pornographic video sharing website
French-German,cultural

Gaming, pop-culture

Swiss Public Service

Movies and series of all genres

Live and VoD streaming service, gaming
Artistic content

Pornographic video sharing website

Alexa Rank

2, Global

47, Germany
46, Global
270,France

91, Global

45, Switzerland
1330, USA

39, Global

|88, Global

67, Global
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Providers X Net-traces X Videos X Length

~ 9 hours of training/testing streaming time
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What usage has interpretability

-|ldentify potential issues

* Tracing the input-output mapping
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» Decision trees are a great versatile tool
» Interpretabillity is useful
» Interpretabillity Is subjective

» Limited by domain knowledge
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