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Topics
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1. Learned compression of “encoding distributions” for compression.

—— wrpne 2. Learned point cloud compression for classification.

3. Analyze motion in the latent space (for p-frames).




Comparison of image compression codecs

Goal: max quality

psnr [dB]

40 A
New deep learning codec (2022)
38 A =
36 e
—e— elic2022
o VIM
34 A cheng2020-checkerboard-6M
cheng2020-anchor
—e— mbt2018
32 A »— AV1
mbt2018-mean
BPG 8b 444 x265 ycbcr
30 A -e-- HM
bmshj2018-hyperprior
bmshj2018-factorized
28 A WebP
--e-- JPEG2000
/i «- JPEG
26 L L T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00 2.25

Bit-rate [bppl

<— Goal: minimum file size

Goal: minimum
compression time

(not visualized)






Learned compression of “encoding
distributions” for compression



Architecture (standard)
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Encoding distribution
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Factorized model
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(Each color represents the use of a
different encoding distribution.)

Each channel is encoded using a unique
encoding distribution.

Component in SOTA models.

Static: uses same set of encoding
distributions for all inputs.



Suboptimality of static encoding distributions

The static “average-optimal” distribution tries
to account for all possible data distributions.
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Distribution heatmap
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2D heatmap of encoding distributions.

Each vertical slice is an encoding distribution.
Recall: each channel uses a 5

unique encoding distribution.
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Let's plot them as a 2D heatmap.
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Encoding distributions (non-adaptive, static)
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Mismatch!

Left shows ideal.
Right is actual (static). g
Mismatch leads to suboptimal rate.

(Ideal) (Actually used for encoding)
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Encoding distributions (non-adaptive, static)

Input image
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Left shows ideal.
Right is actual (static).
Mismatch leads to suboptimal rate.
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How do we address this mismatch?

Solution: transmit per-image adapted encoding distributions.
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Architecture (with proposed distribution compression model)
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Architecture (with proposed distribution compression model)
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Architecture details (proposed transforms)
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Figure 2.4: Architecture layer diagram for A, 4 and h, 4 transforms. k denotes kernel size, g denotes number

of channel groups, and J,, 1 denote stride.

“ShuffleNet” CNN with 3 downsample strides,
grouped conv, and 16—64 channels.

Increase in parameters:

3.00M — 3.06M (low rate)
7.03M — 7.22M (high rate)

Table 2.3: Trainable parameter counts and number of multiply-accumulate operations (MACS) per pixel.

Model configuration Params ~ MACs/pixel ~ Params  MACs/pixel
(My, Ng, My, K, G, B) ha,q hs,q
Ours (192,32, 16, 15, 8, 256) 0.029M 10 0.029M 10
Ours (320, 64, 32,15,8,1024) 0.097M 126 0.097M 126
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Encoding distributions (adaptive, dynamic)

Input image
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Encoding distributions (adaptive, dynamic)
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Loss function
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For a target that is 6x larger than the image patch we trained on, we can afford 6x more rate for
the g bitstream, since the same encoding distribution is reused 6x more in the larger image.
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1
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Results

Performance evaluation on Kodak - PSNR (RGB)
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Results

Table 2.2: Comparison of rate savings for various models.

Factorized Total

Model Quality  patic Gap Gain  Gain
(%) (%) (%) (%)

bmshj2018-factorized [24] + Balcilar2022 [35] | 100 -945 | -6.79 | -6.79
bmshj2018-factorized [24] + ours 1 100 -945 | -7.66 | -7.66
bmsh;j2018-factorized [24] + ours 100 -8.33 -695 -6.95




Architecture comparison

Table 2.3: Trainable parameter counts and number of multiply-accumulate operations (MACs) per pixel.

Model configuration Params  MACs/pixel =~ Params  MACs/pixel
(M, Ng; M, K. G, B) ha,q hs,q
Ours (192, 32,16, 15, 8, 256) 0.029M 10 0.029M 10
Ours (320, 64, 32,15,8,1024) 0.097M 126 0.097M 126
(N, M) ha hs

bmshj2018-hyperprior [24] (128,192) 1.040M 1364 1.040M 1364
bmshj2018-hyperprior [24] (192, 320) 2.396M 3285 2.396M 3285
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Section summary

e Proposed a new method for the compression of encoding distributions.
e Our method achieves -7% rate vs -8.3% ideal for the factorized entropy model.

Future work:

e Working fully end-to-end dynamically adaptive entropy bottleneck.
e Adaptive distribution correction for Gaussian conditional.
e Non-parametric distribution modeling.
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Learned Point Cloud Compression for
Classification

Presented at IEEE MMSP 2023 Poitiers, France
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O https://github.com/multimedialabsfu/learned-point-cloud-compression-for-classification
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https://github.com/multimedialabsfu/learned-point-cloud-compression-for-classification

Motivation
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PointNet

mlp (64,64,64,128, M ) max mlp
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i [a W
-
= & shared MxP | |
= | global feature I
B L —
- - 1
‘ Equivalent to Conv1d kernel_size=1 output scores_-"
AN v J AN J AN v J
(h(x1), ..., h(x))) where h:[R*— RM w: RMP — RM v :RY - RT
shared single-point-input function input permutation invariant function any function
PointNet

input permutation invariant function

PointNet(z1,...,xp) = (yo ) (h(z1),...,h(xp))

Figure adapted from Qi et al. “PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation,” CVPR, 2017.
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Architecture

Standard compression architecture, except that the output is a

classification label vector.
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Architecture

PointNet(x1,...,xp) = (yox)(h(z1),...,h(xp))
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LAYER SIZES AND MAC COUNTS FOR VARIOUS PROPOSED CODEC TYPES

Proposed Encoder Decoder Encoder  Decoder
codec layer sizes layer sizes MAC/pt MAC
full 64 64 64 128 1024 512 256 40 150k 670k
lite 8 8 16 16/2 32/4 512 256 40 0.47k 160k
micro 16 512 256 40 0.048k 150k

*Format: “out channels/groups”
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Experimental setup b A A o E

e Dataset: sampled point clouds from Q% v L == Fr,] A,

ModelNet40 object meshes.

e lLoss: L=R+ X\ -D(t,t) ‘) r w I '

ModelNet40 object meshes (before sampling).

Trained separate models for various tuples (A, P, ArchitectureSize):

e Varying R-D tradeoff A € [10, 16000]
e Number of input points P € P = {8,16, 32,64,128,256,512,1024}
“full”, “lite”, “micro” architecture sizes

[ModelNet40]: “3D ShapeNets: A Deep Representation for Volumetric Shapes,” CVPR, 2015.
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Results: rate-accuracy curves
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Results: rate-accuracy curves

Top-1 Accuracy (%)
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TABLE II
BD METRICS AND MAX ATTAINABLE ACCURACIES PER CODEC

Codec Max acc (%) BD rate (rel %) BD acc (%)
R e S u | t S Input compression

TMC13 [25] 88.5 0.0 0.0

OctAttention [12] 88.4 -13.2 +2.1

IPDAE [13] 87.0 -23.0 +3.6

Draco [26] 88.3 +780.7 -4.2

Proposed (full)

Encoder: P =102 88.5 938 +16.4

P =512 88.0 937 +15.9

150 kMAC/pt P =256 87.6 933 +15.4

3 P =128 87.1 0.7 +14.9

Decoder: P =64 86.1 911 +132
670 KMAC P =32 81.8 -90.6 +9.3
P =16 70.4 -86.8 23

L  P=3 46.8 -88.5 253

Proposed (lite)

Encoder P =1024 85.0 -93.0 +13.5

P =512 85.5 928 +14.2

0.47 kMAC/pt P =256 84.4 924 +12.8

9 P =128 84.0 -91.6 +125

Decoder: P =64 81.3 -88.5 +98
160 KMAC P=32 76.3 -88.7 +49
P=16 66.2 -86.1 4.1

L P=38 43.6 -90.2 280

Proposed (micro)

Encoder: P =1024 83.6 91.8 +12.7

P =512 82.5 916 +11.6

0.048 KMAC/pt P = 256 81.6 911 +11.0
3 P =128 80.1 90.9 +9.9

Decoder: P =64 76.6 -89.9 +6.5
150 kMAC P =32 70.3 -89.0 +0.1

P =16 59.4 -87.6 -10.8

L P=38 41.9 -88.3 28.8

P is the number of points in the input . The BD metrics were computed
using the TMC13 input compression codec as the reference anchor.



Reconstruction network (for visualization only)

We trained an auxiliary reconstruction network on the loss £ = D(x, &),
where D is Chamfer distance. Detached so gradients are not propagated to y.
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r —»9%af—Y > — Y 9t > T
model
\\} R
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.detach() R
——»9sc > T

Reconstruction network
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Critical point set

For a specific codec, the critical point set is a minimal subset of the input point cloud
that generates the exact same compressed bitstream as the input point cloud.

compress decompress

01110011 01100101
>  o1100011 01110010 >
01100101 01110100 ...

I same!

/ Entire point cloud
\ ) 4 compress decompress
Critical points are marked in red. IRt 01110011 01100101
2o "> 01700011 01710070 >
T 4 01100101 01110100 ...

Critical point set
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Reconstructions

80% classification accuracy achieved at:

Codec  Rate
ideal 3.2 bits computed via Blahut-Arimoto
full 30 bits
lite 40 bits

micro 50 bits

100% accuracy lower bound on rate for
40 balanced classes:

log,(40) ~ 5.3 bits

Recall: 4(x) is applied to each point
independently. No information mixing,
except for the max pooling operation!

Contrast with traditional MLP classifier that
mixes information to achieve low rate.

(ii) 43 bits (iii) 18 bits

(a) “full” codec

(ii) 36 bits (iii) 19 bits

(b) “lite” codec

=

o AT,

(i) 76 bits (ii) 27 bits (iii) 23 bits (iv) 14 bits
(¢) “micro” codec
Fig. 4. Reconstructions of a sample airplane 3D model from the Model-

Net40 test set for various codecs and bitrates. For each reconstruction, its
corresponding reference point cloud is marked with critical points in red.

up to 1024 critical points

up to 32 critical points

up to 16 critical points
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Section summary

e New codec for point cloud classification.
e Our codec improves in rate-accuracy vs traditional methods.
e Fast'lite" and "micro" encoders.

Future work:

e Real-world datasets.
e Point cloud segmentation and object detection.
e Scalable and multi-task point cloud compression.
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Analysis of Latent Space Motion

Presented at IEEE ICASSP 2021 Toronto, Canada

39



Problem statement

Motivation:

Video compression in the latent domain.

Question:

Given a reference tensor and the motion
between consecutive input frames,
can we determine;

e ..the motion between tensors?
e ..the nexttensor?

Input domain

Latent domain

3

Motion

%
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Input domain

Latent domain
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https://docs.google.com/file/d/1ZcpVHTjtdsNpRm8AhSsLaZfcbCfi3kMn/preview

Input domain Latent domain

Tensor reconstruction experiments qﬂ A
e Assume: latent motion is rescaled input motion. Mononl ' 7
k # of strides

v(x,y) = v(s

z, s'y)/s" T 2 3

e Using latent motion, warp reference tensor to predict next tensor.

e Calculate normalized root mean square error (NRMSE)
between predicted next tensor and actual next tensor.

N

1
RMSE = —, | = (p; — a;)
NRMS RJN_ .
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Tensor

Residuals for predicted
motion compensated
tensors under various input
domain transformations.

Reference

Motion compensated Masked
tensor Difference
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25

20 We computed the
15 <—— NRMSE using these
10 masked residuals.
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stretch (horizontal)

shear (horizontal)
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—— ResNet-34 conv0 ~——— ResNet-34 add_3 —— ResNet-34 add_7 —— DenseNet-121 pool3_pool = —— DenseNet-121 pool4_pool
0.04 0.04
0.03 — \‘ /
w w __/
] ]
= 0.02 = 0.02 \‘ ’_—/
o o
= = \‘ ’—/
0.00 T T T T T T T 0.00 T T T T T T T T T
=30 =20 =10 0 10 20 30 =100 -75 =5.0 2.5 0.0 2.5 5.0 75 10.0
Translation (px) Rotation angle (degrees)
0.04 0.04
0.03 A 0.03 A
w w
] ]
= 0.02 = 0.02
4 4
2 z
0.01 A 0.01 A
0.00 T T T T T 0.00 T T T T T T T T T
0.8 0.9 1.0 1.1 1.2 -100 -75 -5.0 -25 0.0 2.5 5.0 7:5 10.0

Horizontal scale factor

Shear angle (degrees)

NRMSE in “p-frame”
residual for primitive
transformations for
different models/layers.

Large rotation angles
cause increase in error.
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Prediction error during random motion

Density

500 A

400 A

300 A

200 A

100 A

0.01

0.02

—— ResNet-34 conv0
—— ResNet-34 add 3
ResNet-34 add 7
DenseNet-121 pool3 pool
—— DenseNet-121 pool4_pool

Random transformation
composed of:

xy translation ( 32 px)
xy scaling (0.95 - 1.05x)
xy shearing (z 5°)

xy rotation (x 10°)

>

0.03 0.04 0.05 0.06
NRMSE

NRMSE of 0.04 roughly
corresponds to 28 dB PSNR in
the image domain.
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Section summary

e Validated simple relationship of motion between consecutive tensors.
- ~ (o K k
U(z,y) = (s, s7y)/s

e Prediction error for small transformations within input is 4% NRMSE.

Applications:

e Learned codecs that motion-warp the latent directly.

In other words: input domain — latent domain — warp — input domain
“Scale-space flow”: input domain — latent domain — input domain — warp

Figure from Agustsson et al. “Scale-space flow for end-to-end optimized video compression,” CVPR, 2020.
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Concluding remarks

e Proposed learned compression of the “encoding distribution” itself.
e Introduced shared client-server inference for point clouds using a
classification-specialized codec.
e Investigated error in motion models of the latent space.
Useful for designing learned video compression codecs.

Learned compression shows promise, though we must reduce its complexity for it
to become practical. Some of the work presented takes steps in this direction.
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