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Video Coding for Video Streaming
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< Quality
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Video Coding Standards

Bit Rate
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Content-aware Encoding
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Content-aware Encoding

GENERAL-PURPOSE VIDEO CODEC

TREATS EVERY FRAME THE SAME. WASTES BITS.

ALL AT 4K
ALL THE TIME
ANIMATION TEXT/SLIDES 4K LANDSCAPE ~ NIGHT SCENE
"% Q1 RESULTS 3840x2160
: > ®:=

EEEDOD OEEEED
EEEDODE SEERDE
EEPOEE SEEEES

CONTENT-AWARE VIDEO CODEC

f ADAPTIVE
UNDERSTANDS CONTENT. USES THE RIGHT BITS AND RESOLUTION. SMART! aEcaLuTION

TALKING HEAD SPORTS ANIMATION TEXT/SUIDES 4K LANDSCAPE NIGHT SCENE
e 4K SMALL FILE

o gl Q1 RESULTS
0 un e
&=l B
v ‘ » =
OENIEE DEEEEEER SEEED (=]5] ENEEEED CEEEEE
720p DooEEED 720p 480p Oooocooo 1080p

1080p

4K

SAME VISUAL QUALITY. <@> FEWER BITS. |M. HAPPIER EVERYONE! &%




Video Coding for Video Streaming

INPUTS
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Bitrate Ladder Construction

R — . Rep. #01 145 kbps
i 4’5 Rep. #02 300 kbps
1
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Bitrate Ladder Construction

1.6Mbps 1.6Mbps
1080p 540p

V. V. Menon, H. Amirpour, M. Ghanbari and C. Timmerer, “OPTE: Online Per-Title Encoding for Live Video Streaming,” IEEE ICASSP, 2022.
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Bitrate Ladder Construction
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A. Telili, W. Hamidouche, H. Amirpour, et al, “Convex Hull Prediction Methods for Bitrate Ladder Construction: Design, Evaluation, and Comparison,” ACM TOMM, 2025.



Bitrate Ladder Construction
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Bitrate Ladder Construction
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Bitrate Ladder Construction
CPU vs GPU devices

_________________

_________________
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Bitrate Ladder Construction
CPU vs GPU devices

_________________

1t ot

:

_________________

H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025.
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Bitrate Ladder Construction
CPU vs GPU devices (DNN training)

T T ~ Rep. #01 145 kbps 640x360 * *
| ﬂ rep-tor dooker 7ebe Original Video
: Rep. #03 600 kbps 960x540 .
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H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025.



Bitrate Ladder Construction
CPU vs GPU devices
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H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025.



Bitrate Ladder Construction
CPU vs GPU devices (DNN Compression)
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H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025. 20



Bitrate Ladder Construction
CPU vs GPU devices (DNN Compression)
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H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025.



Bitrate Ladder Construction
CPU vs GPU devices
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H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025.



Bitrate Ladder Construction

CPU vs GPU devices
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H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025.
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Bitrate Ladder Construction

CPU vs GPU devices
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Bitrate Ladder Construction
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H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025.
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Bitrate Ladder Construction
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T T T s ~ Rep. #01
Rep. #02

Rep. #03

Rep. #04
Rep. #05

Rep. #06

Rep. #07

:

’ Rep. #08
Rep. #09
Rep. #10
Rep. #11

Rep. #12

145 kbps
300 kbps
600 kbps
900 kbps
1600 kbps
2400 kbps
3400 kbps
4500 kbps
5800 kbps
8100 kbps
11600 kbps
16800 kbps

640x360
768x432
960x540
960X540
960x540
1280x720
1280x720
1920x1080
1920x1080
2560x1440
3840x2160
3840x2160
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Bitrate Ladder Construction
CPU vs GPU devices (Compression Efficiency)
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H. Amirpour, M. Ghanbari and C. Timmerer, “DeepStream: Video Streaming Enhancements Using Compressed Deep Neural Networks,” IEEE TCSVT, 2025.
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Bitrate Ladder Construction
CPU vs GPU devices

Frame #1 Frame #2 Frame #3 Frame #4 Frame #5
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Y. Wei, H. Amirpour, J. H. Ko and C. Timmerer, “EPS: Efficient Patch Sampling for Video Overfitting in Deep Super-Resolution Model Training,” IEEE TCSVT, 2026. 28



Bitrate Ladder Construction

CPU vs GPU devices

Frame #1 Frame #2 Frame #3 Frame #4
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Y. Wei, H. Amirpour, J. H. Ko and C. Timmerer, “EPS: Efficient Patch Sampling for Video Overfitting in Deep Super-Resolution Model Training,” IEEE TCSVT, 2026.



Bitrate Ladder Construction
CPU vs GPU devices
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Y. Wei, H. Amirpour, J. H. Ko and C. Timmerer, “EPS: Efficient Patch Sampling for Video Overfitting in Deep Super-Resolution Model Training,” IEEE TCSVT, 2026.
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Optimizing the bitrate ladder

INPUTS

Source video

content, complexity,
resolution, FPS

[ | Target devices

CPU & GPU,
screens, codecs

3
O

/"‘:\\ Network context
° bandwidth, latency,
packet loss
P Service goals
QoE, startup time,

rebuffering, cost,
energy

Ladder optimizer
decides N representations - resolution - bitrate

>< 2160p 38402160 12.0 Mbps
>< 1080p 1920<1080 9.0 Mbps
>< 1080p 1920x1080 6.0 Mbps

>< 720p 1280x720 3.0 Mbps

>< 540p 960x540 1.6 Mbps

>< 360p 640x360 0.8 Mbps
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Optimizing the bitrate ladder

INPUTS

Source video

content, complexity,
resolution, FPS

[ | Target devices

CPU & GPU,
screens, codecs

3
O

/"‘:\\ Network context
° bandwidth, latency,
packet loss
P Service goals
QoE, startup time,

rebuffering, cost,
energy

@

Visual Complexity ¢

Analysis Ladder optimizer
decides N representations -

resolution - bitrate

12.0 Mbps

>< 1080p 1920<1080 9.0 Mbps
>< 1080p 1920x1080 6.0 Mbps
>< 720p 1280x720 3.0 Mbps

>< 540p 960x540 1.6 Mbps

>< 360p 640x360 0.8 Mbps

—— o e e e e e o e - e -



Bitrate Ladder Construction
Feature Extraction for Live Video Streaming

I : (TR b - 3
— Feature {e——— | Video Encoding Complexity Prediction 4
- | Extraction { - | i
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™
[ | T —
° N\
i X
Internet

Playback

{ o,

| —! « What encoding parameters to set?

Inference

! . — i *  Where to encode?
{ o
! ¢  What bitrate ladder to select?

Bitrate ladder
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Spatial and Temporal Complexity Features

N ioiturk , N ioiturk
O £ . N

Spatial Complexity (E) Temporal Complexity (h)

V. V. Menon, C. Feldmann, H. Amirpour, M. Ghanbari and C. Timmerer, “VCA: Video Complexity Analyzer,” ACM MMSys, 2022.
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Bitrate Ladder Construction
Open-source software

VCA family Open-source variants organised by runtime path and integration point

VCA

Optimized software

CPU baseline

EVCA DeepVCA VCA-FFMPEG

GPU Enhanced GPU Deep-learning FFmpeg VCA added as a
temporal visual filter
complexity complexity

H. Amirpour, K. Schoeffmann, M. Ghanbari and C. Timmerer, “DeepVCA: Deep Video Complexity Analyzer,” IEEE TCSVT, 2024.
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Quality of Experience
FFmetric: Perceptual Quality Prediction from Encoder Statistics

oE metric
! Reward Q

bandwidth

/\/\/\ ABR agent  Neural Network bitrates
Oz
bit rate \ ‘vv/ N
|1 \‘64"/ XA
_I_\_I_ state

_________________

H. Mao, R. Netravali and M. Alizadeh, “Neural Adaptive Video Streaming with Pensieve,” ACM SIGCOMM, 2017.
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Quality of Experience
FFmetric: Perceptual Quality Prediction from Encoder Statistics

QoE metric

l Reward

ABR agent  Neural Network bitrates

M\\
_]_\_1—:
W

T Client-side network and video player measurements

bandwidth

state

Video Quality
| only see (e.g., VMAF) | can see
bitrate options A bitrate and
) (1D)! 100 o quality (2D)!
S F
b 80 - o
2 ol [
ABR Client 40 ABR Client
n o 20 O .
—&@ O O @ 4 » Bitrate T T T T T » Bitrate
03 07 1.2 25 5.0 (Mbps) 03 07 12 25 50 (Mbps)

H. Mao, R. Netravali and M. Alizadeh, “Neural Adaptive Video Streaming with Pensieve,” ACM SIGCOMM, 2017.



Quality of Experience
FFmetric: Perceptual Quality Prediction from Encoder Statistics

e ————

frame I:1 Avg QP:23.38 size:419595
frame P:26 size: 78520
frame B:33 127. size: 6417

consecutive B-frames: 25.0% 3.

3% 5.0% 66.7%

mb I I16..4: 4.8% 56.4% 38.9%

mb P I16..4: 0.2% 0.6% 0.6% P16..4: 37.5% 19.6% 19.9%
mb B I16..4: 0.0% ©0.1% 0.0% B16..8: 35.6% 2.6% 1.0%
8x8 transform intra:52.9% inter:53.9%

coded y,uvDC,uvAC intra: 82.2%
i16 v, h,dc,p: 20@% 33% 15% 33%
i8 v,h,dc,ddl,ddr,vr,hd,vl, hu:
i4 v,h,dc,ddl,ddr,vr,hd,vl, hu:
i8c dc,h,v,p: 48% 26% 21% 5%
eighted P-Frames: Y:0.0% UV:0.
ref P LO: 67.5% 16.4% 10.8% 5.
ref B LO: 86.2% 9.7% 4.1%
ref B L1: 92.4% 7.6%

kb/s:10691.52

79.5% 42.2% inter: 19.8% 11

13% 21% 26% 6% 7% 5% 8%
22% 20% 11% 5% 10% 7% 10%

0%
2%

0.0% 0.0% skip:21.6%
direct: 1.1% skip:59.5%

-7% 0.6%

5% 10%
6% 8%

L8:43.3% L1:48.9% BI:

7.

8%

H. Amirpour, J. Zhu, W. Zhou, P. Le Callet and C. Timmerer, “VQM4HAS: A Real-Time Quality Metric for HEVC Videos in HTTP Adaptive Streaming,” IEEE TMM, 2025.
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Quality of Experience

FFmetric: Perceptual Quality Prediction from Encoder Statistics

_________________
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1 . .
| 5 - > ; libx264
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N ) — X
Video
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% FFmpeg
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~
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: 10110 :
[ 01001 [
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Encoded
Video Bitstream

H. Amirpour, J. Zhu, W. Zhou, P. Le Callet and C. Timmerer, “VQM4HAS: A Real-Time Quality Metric for HEVC Videos in HTTP Adaptive Streaming,” IEEE TMM, 2025.
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Quality of Experience
FFmetric: Perceptual Quality Prediction from Encoder Statistics

N frame I:1 Avg QP:23.38 size:419595

frame P:26 Avg QP:23.58 size: 78520

frame B:33 Avg QP:27.42 size: 6417

consecutive B-frames: 25.0% 3.3% 5.0% 66.7%

mb I I16..4: 4.8% 56.4% 38.9%

mb P I16..4: ©.2% 0.6% 0.6% P16..4: 37.5% 19.6% 19.9% 0.0% 0.0% skip:21.6%
mb B I16..4: ©.0% 0.1% ©0.0% B16..8: 35.6% 2.6% 1.0% direct: 1.1% skip:59.5% L0:43.3% L1:48.9% BI: 7.8%
8x8 transform intra:52.9% inter:53.9%

coded y,uvDC,uvAC intra: 82.2% 79.5% 42.2% inter: 19.8% 11.7% 0.6%

i16 v,h,dc,p: 20% 33% 15% 33%

i8 v,h,dc,ddl,ddr,vr,hd,vl,hu: 13% 21% 26% 6% 7% 5% 8% 5% 10%

i4 v,h,dc,ddl,ddr,vr,hd,vl, hu: 22% 20% 11% 5% 10% 7% 10% 6% 8%

N ’ i8c dc,h,v,p: 48% 26% 21% 5%
S - -7 Weighted P-Frames: Y:0.0% UV:0.0%

ref P LO: 67.5% 16.4% 10.8% 5.2%
ref B LO: 86.2% 9.7% 4.1%

ref B L1: 92.4% 7.6%
kb/s:10691.52

FFmetric=94.57
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Quality of Experience

FFmetric: Perceptual Quality Prediction from Encoder Statistics
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Figure 3: Ground-truth VMAF scores and FFmetric predic-

VMAF

tions on the unseen test set.

Table 1: Performance of the proposed FFmetric XGBoost
model on the unseen test set.

Model R* PLCC SRCC MAE RMSE
FFmetric 0.96  0.98 0.97 2.87 4.19
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Quality of Experience
FFmetric: Perceptual Quality Prediction from Encoder Statistics
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Quality of Experience
Impact of Viewing Distance [In-Lab Subjective Test]
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Beyond 2D

Spatial video, immersive interaction and stereoscopic quality

STACK Interaction
Tower-building on Apple Vision Pro

Interactive Spatial Darts
Hand-tracked AR darts (SDART)
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Spatial Video Quality
2D vs. stereoscopic viewing on AVP
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