B k5 IWEEEHTL
ONLINE Vision And Learning SEminar

Knowledge-Driven Perception

Wenguan Wang

2023.04.19

https://sites.google.com/view/wenguanwang




The expression of knowledge

Visual Knowledge Knowledge graph

Knowledge-Driven Perception



ICLR2023 Spotlight Visual Recognition with Deep Nearest Centroids

% CVPR2022 Deep Hierarchical Semantic Segmentation




Visual Recognition with Deep Nearest Centroids

Wenguan Wang, Cheng Han, Tianfei Zhou, Dongfang Liu

Partl Visual Recognition

(ICLR23 Spotlight)




Image Classification

Visual Recognition with Deep Nearest Centroids



Image Classification

parametric classifier

_____________________________________

i classwelght bias
feature «([ 1.3, 0.3, -+, -2.8], 13)

extraction
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Image Classification:

Feature extractor + Parametric softmax classifier
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Image Classification:

Feature extractor + Parametric softmax classifier
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Deficiency of Parametric Softmax Classifier

parametric classifier

—————————————————————————————————————

i class Welght bias
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Deficiency of Parametric Softmax Classifier

parametrlc classn‘ler

feature = ——————————
extraction Vo8], 13) _’ 1 .,

|:||:| ﬁ([-m, 9.4, ++, 0.6], 02) -~ R 0.1
>:A([ 2.5,-3.2, -+, 2.1], 0.9)5 ﬂ0.6

Parametric softmax classifier: ,f([ 1.3, 0.3, -

explye) _ exp(wla+be)
S exp(yes) | 3 exp(wla + be)

plcle;w, )=

« Implicit unimodality assumption; Bearing no within-class variation.
The unimodality assumption is rarely the case in real-world scenarios.

O The model less tolerant of intra-class variances.
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Deficiency of Parametric Softmax Classifier

parametric classifier

. . faature . class weight bias{ Score
Parametric softmax classifier: extraction :/4([ 13, 0.3, -+, -2.8],-1.3) ~> 0.2
(-7, 94, 0%8], 0.2) i}* ﬂo,l
p(cl: w, ) = exp(ye)  _ exp(w_. x + be) Jh . .
W, Yooexp(yer) > exp(wl @+ ber) \2‘ . .
L ([25,-32, -+, 21], 0.9) ﬂo_a

- Poor explanability. é It should be Cat, because..@
47,94, 0 z) | 2 ]

O Black-box gradient updated parameters

cannot provide information about internal decision-making.

O Hard to lend to a human-readable explanation.
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Deficiency of Parametric Softmax Classifier

parametric classifier

—————————————————————————————————————

i class Welght bias
Parametric softmax classifier: feature a([13, 03, -, -2.8],-1.3) — Y% 0.2

extraction
o (([-4.7, 94, -, O, 6] 0. 2) - ﬂ 0.1
T S qy s, |
exp(ye)  exp(w.x + be) g |:| |:| j

Soexp(ye)  Yoexp(w]@ + be) 1‘ :
L ([25,-3.2, -, 2], 0.9)§ ﬂo_(a

p(clz;w, 0) =

* Indirect supervision on the representation. oo

O The loss only depend on the relative relation among logits; ®e &00

°.° o0
cannot directly supervise on the representation. ® ° Q
FY ® @
¢ o
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Deficiency of Parametric Softmax Classifier

parametric classifier

—————————————————————————————————————

i class Welght bias
Parametric softmax classifier: feature a([13, 03, -, -2.8],-1.3) — Y% 0.2

extraction
- ' ([-4.7, 9.4, -, 0. 6] 0. 2) » ﬂ 0.1
- S |
exply) __explwla -+ bo) 2 H H 2)
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* Indirect supervision on the representation.

O The loss only depend on the relative relation among logits; ®e &00

o o L)
. . . ®g . ®
cannot directly supervise on the representation. ® ° Q
FY ® @
* Incontiguous knowledge transfer to downstream applications. ¢ o
ig) The classifier from a pretrained model has to be abandoned, even though the

learnt parameters contain valuable knowledge from the source task.

Visual Recognition with Deep Nearest Centroids



Rethinking de facto Paradigm

[1] Visual Recognition with Deep Nearest Centroids; [2] GMMSeg: Gaussian Mixture basedGenerative Semantic Segmentation Models. NeurlPS, 2022.

Implicit unimodality assumption; Bearing no within-class variation.
Poor explanability.
Indirect supervision on the representation.

Incontiguous knowledge transfer to downstream applications.
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Rethinking de facto Paradigm

Implicit unimodality assumption; Bearing no within-class variation.

Poor explanability.

Indirect supervision on the representation.

Incontiguous knowledge transfer to downstream applications.

Is there any way to address the limitations of de facto visual recognition regime?

Our answer: 1
Deep Nearest Centroids (DNC)
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Deep Nearest Centroids

» Nearest Centroids!
Core principle: Given a data sample, it is directly classified to the class of training

examples whose mean (centroid) is closest to it.

[1] Discriminatory analysis - nonparametric discrimination: Small sample performance. Tech. rep., UCB, 1952;

[2] An introduction to case-based reasoning. Artificial Intelligence Review, 1992.
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Deep Nearest Centroids

» Nearest Centroids!
Core principle: Given a data sample, it is directly classified to the class of training

examples whose mean (centroid) is closest to it.

) One of the simplest classifier; Internal transparency (ad-hoc interpretability).
7) A classical form of exemplar-based reasoning, which is fundamental to our most

effective strategies for tactical decision-making?.

[1] Discriminatory analysis - nonparametric discrimination: Small sample performance. Tech. rep., UCB, 1952;

[2] An introduction to case-based reasoning. Artificial Intelligence Review, 1992.



Deep Nearest Centroids: Inference

+ Feature extractor f: X — F;, = = f(x) € F
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Deep Nearest Centroids: Inference

+ Feature extractor f: X — F, = = f(z) € F

 Basic Nearest Centroids Classification:

y=argmin_.y,(x, )

o1 .
where z'=<-> _  _ 2. isthe mean vector of class c.
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Deep Nearest Centroids: Inference

+ Feature extractor f: X — F, = = f(z) € F

 Basic Nearest Centroids Classification:

y=argmin_.y,(x, )

o1 .
where #‘=--> =, isthe mean vector of class c.

n*Jn

* Winner-takes-all, multiple sub-centroids classification:

g=c’, (¢ k") =argmin, ..y, .. x (T, Pk)-

Here {p} ERd}fle represents K sub-centroids in each class c.
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Deep Nearest Centroids: Sub-pattern Discovery

class-wise clustering

« Informative sub-centroids discovery; Binary integer program:

Jnax Tr((Q) (P9)'X?), Q°={Q°€ {0, 1} |(Q") 1 =1n}

Xe=lzf, -, x%] - data representations of c-th class
Pe=[p7,---,p%| : sub-centroids of c-th class

Q°=lgi, - dv<] : data-centroid assignments
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Deep Nearest Centroids: Sub-pattern Discovery

class-wise clustering

« Informative sub-centroids discovery; Casting into Optimal Transport problem:

Xe=lzf, -, x%] - data representations of c-th class

P°=[p{,---,P%| - sub-centroids of c-th class

Q°= |q]

QIEQSCTr((QC)T(PC)TXC): Qlc:{ch foNj (QC)T]-K:]'NCJ QC]-NC p— ]\II{C ]-K}

C

C

.4yl : data-centroid assignments

Visual Recognition with Deep Nearest Centroids



Deep Nearest Centroids: Sub-pattern Discovery

class-wise clustering

« Informative sub-centroids discovery; Casting into Optimal Transport problem:

Xe=lzf, -, x%] - data representations of c-th class

P°=[p{,---,P%| - sub-centroids of c-th class

Q°= |q]

QIEQSCTr((QC)T(PC)TXC): Qlc:{ch foNj (QC)T]-K:]'NCJ QC]-NC p— ]\II{C ]-K}

Equipartition

C

Constraint

C

.4yl : data-centroid assignments
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Deep Nearest Centroids: Sub-pattern Discovery

class-wise clustering

* Informative sub-centroids discovery:

QIEQSCTr((QC)T(PC)TXC): Qlc:{ch foNj (QC)T]-K:]'NCJ QC]-NC p— ]\II{C ]-K}

X¢=lz1,--, @] : data representations of c-th class Solved by Sinkhorn-Knopp algorithmn®:

P*=[pf,---,pk| : sub-centroids of c-th class NS

c c c . . QC* — dlag(a) exp ((P ) X
Q°=lai, -, 45| : data-centroid assignments

)diag(3)

[1] Sinkhorn distances: Lightspeed computation of optimal transport. NeurlPS, 2013.



Deep Nearest Centroids: Overall Framework

class-wise clustering

« Training of DNC

Unsupervised Sub-class Pattern Mining.
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Deep Nearest Centroids: Overall Framework

supervised repre-  sub-centroid based
sentation learning classification

unsupervised sub-
pattern discovery

class-wise clustering

« Training of DNC

= Supervised Representation Learning + Unsupervised Sub-class Pattern Mining.

exp (— min({(z, p})}i=1))
ceyexp (—min({(x, p{) ;)

1 N
L==> —logp(ynlza), plylz)= >
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Deep Nearest Centroids: Overall Framework

supervised repre-  sub-centroid based
sentation learning classification

unsupervised sub-
pattern discovery

class-wise clustering

« Training of DNC

= Supervised Representation Learning + Unsupervised Sub-class Pattern Mining.
« DNC alternates two steps iteratively:
|. class-wise clustering for automatic sub-centroid discovery

Il. sub-centroid based classification for supervised representation learning
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Deep Nearest Centroids: Overall Framework

* Problem: Contiguously evolved latent space; Class sub-centroids should be synchronized.
Adopt momentum update and online clustering to avoid expensive offline sub-

centroid estimation after each batch update.

Pk < 1Py + (1 — )&y
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Deep Nearest Centroids: Overall Framework

* Problem: Contiguously evolved latent space; Class sub-centroids should be synchronized.
Adopt momentum update and online clustering to avoid expensive offline sub-

centroid estimation after each batch update.

Pk < 1Py + (1 — )&y

« Problem: Batch-wise clustering could not extend to a large number of classes.

Clustering on both batch and stored features from several prior batches in a memory.
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Deep Nearest Centroids: Overall Framework

* Problem: Contiguously evolved latent space; Class sub-centroids should be synchronized.
Adopt momentum update and online clustering to avoid expensive offline sub-

centroid estimation after each batch update.

Pk < 1Py + (1 — )&y

« Problem: Batch-wise clustering could not extend to a large number of classes.

Clustering on both batch and stored features from several prior batches in a memory.

Efficiently trained in small-batch setting,

with negligible lagging (~5% training delay on ImageNet).
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Summary: DNC

« Versatility:

O DNC can be integrated into any parametric classifier based DNNs effortlessly.
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Experiments: Image Classification

CIFAR-10

Method Backbone || #Params top-1

ResNet [2] 23.52M 95.55%
DNC-ResNet ReSNetSO [l H3'sonr 95789

ResNet [ 2] 42.51M  95.58%
DNC-ResNet ReSNetlOL 1 »on  95.829%
CIFAR-100

Method Backbone || #Params top-1

ResNet [ '] 23.71IM  79.81%
DNC-ResNet RESNet0 || o3 soM 79.91%

ResNet [ '] 42.70M 79.83%
DNC-ResNet RESNetlOL | 4oM  79.999

Visual Recognition with Deep Nearest Centroids

ImageNet

Method  Backbone |[#Params top—-1 top-5
ResNet [] 25.56M 76.20% 93.01%
DNC-ResNet RESNeBO 1153 510 76.49% 93.08%
ResNet [2] ResNet101 44.55M 77.52% 93.06%
DNC-ResNet > © 42.50M 77.80% 93.85%
Swin [3] Swin-S 49.61M 83.02% 96.29%
DNC-Swin 48.84M 83.26% 96.40%
Swin [3] Swin-B 87.7TM 83.36% 96.44%
DNC-Swin 86.75M 83.68% 97.02%

CUB-200-2011
Model (ImageNet-trained) Backbone | top-1 top-5
ResNet [ ] 84.48% 96.31%
DNC-ResNet N0 || 85219  96.70%




Experiments: Image Classification

ImageNetV2
test set Method Backbone || top-1 top-5
MatchedFrequency D§ 5?11:::1\[&1 ResNet50 2232;2 zgzgzz
Thresholdo? | (Ot ResNets0 | 220 9226
Toplmages || |, (et RS0 | 06 g
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Summary: DNC

« Versatility:

O DNC can be integrated into any parametric classifier based DNNs effortlessly.

« Transferability:

0 DNC can store all the knowledge learnt on a source task in the backbone feature

extractor, which can be completely transferred for a new task.
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Experiments: Image Segmentation

ADEZ20K and Cityscape

Method Backbone ImageNet #Params ADE20K Cityscapes
top—1 acc. mIoU mIoU

FCN [34] ResNet101 [] 77.52% 68.6M 399+ (0.11)% 75.6 + (0.13)%
DNC-ResNet101  77.80% 68.6M 404 + (0.11)% 76.3 + (0.12)%
DNC.FCN | ResNet101 [7] 77.52% 68.5M 41.1 & (0.10)% 76.7 & (0.11)%
) DNC-ResNet101  77.80% 68.5M 423+ (0.10)% 77.54+ (0.11)%
DeepLabys [35] ResNet101 [] 77.52% 62.7M 44.1 + (0.13)% 78.1 & (0.12)%
PLaDvs DNC-ResNet101  77.80% 62.7TM  44.6 £+ (0.13)% 78.7 + (0.13)%
ResNet101 [] 77.52% 62.6M 45.0 & (0.10)% 79.1 & (0.13)%
DNC-DeepLabys | ynuc ResNet101 77.80% || 62.6M 457 + (0.09)% 79.8 + (0.12)%
UperNet [1] | .SWin B[] 83.36% 90.6M 480+ (0.11)% 79.8 + (0.13)%
P DNC-Swin-B 83.68% 90.6M 48.4 + (0.10) % 80.1 & (0.12)%
Swin-B [ ] 83.36% 90.5M 48.6 £ (0.09) % 80.5 & (0.10)%
DNC-UperNet | - hN ¢ Swin-B 83.68% 90.5M  50.5 & (0.09)% 80.9 + (0.10)%
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Experiments: Image Segmentation

COCO-Stuff
Method Backbone COCO-Stuff test
mIoU
FCN[*4] Dlliieg:;grlet[ 1(])1 32:.3825.)2;7;26
DNC-FCN Dllifgii%let[u]n ggﬁggg;
DeepLabys [ -] Dlliféljsigrlet[ 1(])1 36.326;37;7527
DNC-DeepLabys Dlifgiget[l(]n 32.’333/3132?3
UperNet [30] Di]wér_l;ii[n_]]g 4;824773?;07
DNC-Uperee| B L1
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Summary: DNC

« Versatility:

0 DNC can be integrated into any parametric classifier based DNNs effortlessly.

« Transferability:

) DNC can store all the knowledge learnt on a source task in the backbone feature

extractor, which can be completely transferred for a new task.

« Ad-hoc Explainability:
o DNC is a transparent classifier that has a built-in case-based reasoning process

D Sub-centroids can be summarized from or anchoring to real observations.
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Experiments: Ad-hoc Explainability

 Ad-hoc Explainability:
o) DNC is a transparent classifier that has a built-in case-based reasoning process

0 Sub-centroids can be summarized from or anchoring to real observations.

« Discovered sub-centroid images:

goose

desk
computer

convertible
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Experiments: Ad-hoc Explainability

« Explainable Inner Decision-Making Mode based on IF - - -Then Rules?!:

[1] Towards explainable deep neural networks (xdnn). Neural Networks, 2020.



Experiments: Ad-hoc Explainability

« Explainable Inner Decision-Making Mode based on IF - - -Then Rules!:
For query image [
IF ([I,11] >[I, ,]AND---AND [I, 1] > [I, I7])
OR ([I,12]) > [I,[;)AND - - -AND [I, I5] > [I, I))
OR ---OR ([I,1x]>[I,[]AND---AND [I, Ix] >[I, IT]) THEN (class c).

Ii.x * sub-centroid images for class ¢ : I,.7 . representative images for all the other classes.

iF ([1, E..]> [| BBl ] ~no -- anp [, |
 OR ([l ]>[| ER] D -+ AND [I
OR ([| , ] ~\D -

=1>[I, EM] ~\o -

[1] Towards explainable deep neural networks (xdnn). Neural Networks, 2020.



Experiments: Ad-hoc Explainability

Using cluster center vs resembling real observation

as class sub-centroids

Sub-centroid

Architecture

top-1 top-5

cluster center
real observation

DNC-ResNet50

76.49% 93.08%
76.37% 93.04%

ResNet50[]

76.20% 93.01%
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Experiments: Sub-category Discovery

« Sub-category Discovery on CIFAR100
 CIFAR100:
« 20 coarse-grained classes, e.g., food containers

« 100 fine-grained classes, e.g., bottles, bowls, cans, cups, plates

Method Backbone || 20 classes 100 classes

ResNet [/] 86.21% 53.22%
DNC-ResNet <&NeW0 1 ge 330, 67.46%

ResNet [] 86.48% 54.31%
DNC-ResNet ONetlOL gc 609 68.13%
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Experiments: Sub-category Discovery

« Sub-category Discovery on CIFAR100
 CIFAR100:
« 20 coarse-grained classes, e.g., food containers

« 100 fine-grained classes, e.g., bottles, bowls, cans, cups, plates

Method Backbone || 20 clas ks- NIII classes
DNCResver RN | 030 g age
DNCReser RN | geqoq  gtac
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Experiments: Sub-category Discovery

Sub-category Discovery on ImageNet

ImageNet :

127 coarse-grained classes, e.g., food containers

1000 fine-grained classes, e.g.,

dog, bowls, cans, cups, plates

Method Backbone || 127 classes 1000 classes

ResNet [ '] 84.29% 43.23%
DNC-ResNet eNebO |1 ¢/ 399, 52.21%

ResNet [ ] 85.88% 45.31%
DNC-ResNet esNetlOl | oo 914, 54.60%
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Experiments: Training Time

* Impact of clustering algorithm on CIFAR-10 and CIFAR-100

Dataset Method Backbone || top—1 Training time (hours)
DNC-k-means 93.88% 4.5
CIFARIO [T\ pNcosinkhorn ReSNeB0 || g5 784, 2.5
DNC-k-means 77.86% 16.3
CIFARIOO [] || pNc_sinkhorn ReSNeB0 || 79 914, 37
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Experiments: ablative study

Output dimensionality

Temperature parameter

Output ImageNet
dimensionality top-1 top—-5
640 76.23% 92.83%
1024 76.28% 92.90%
1280 76.61% 93.12%
2048 76.49% 93.08%

€

ImageNet
top—1 top—-5

0.01
0.05
0.1

76.34% 92.97%
76.49% 93.08%
76.40% 93.02%
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Experiments: ablative study

Statistics of GPU memory cost with respect to the number of class centroids and external
memory size, where 1000 batches = 256000 image samples.

K (Fixed memory size:

GPU memory memory size GPU memory
1000 batches) cost (GB per GPU) (Fixed K = 4) cost (GB per GPU)
1 16.07 400 batches 11.88
2 19.04 600 batches 16.35
3 22.03 800 batches 21.65
4 26.31 1000 batches 26.35

Visual Recognition with Deep Nearest Centroids




Deep Hierarchical Semantic Segmentation

Liulei Li, Tianfei Zhou, Wenguan Wang, Jianwu L.i, Yi Yang
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Introduction: Knowledge Graph

« Structured visual world: complex scenes arise from the composition of simpler entities.

 Humans abstract visual concepts hierarchically.

Furniture

Cabinet

Deep Hierarchical Semantic Segmentation, CVPR2022



Introduction: Knowledge Graph

« Structured visual world: complex scenes arise from the composition of simpler entities.

 Humans abstract visual concepts hierarchically.
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Introduction: Knowledge Graph

« Structured visual world: complex scenes arise from the composition of simpler entities.

 Humans abstract visual concepts hierarchically.

Refrigerator Electrical

Microwave equipment \

oven )

Object

Furniture

Cabinet

Deep Hierarchical Semantic Segmentation, CVPR2022



HieraSeg: Problem Setup

(Hierarchy-Agnostic) Semantic Segmentation:

L (y)=—log(ys, )-
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HieraSeg: Problem Setup

(Hierarchy-Agnostic) Semantic Segmentation:

L (y)=—log(ys, )-

 Ignoring tree-shaped label structure
@)  existing solutions rarely explore the structures between semantic concepts.

predications cannot reflect the structured nature of our visual world. gefrigerator  Electrical

. equipment
Microwave quip “

oven )

Chair

Object

Furniture

g
Cabinet

N—

Deep Hierarchical Semantic Segmentation, CVPR2022



HieraSeg: Problem Setup

(Hierarchy-Agnostic) Semantic Segmentation:

L (y)=—log(ys, )-

 distance cannot reflect semantic similarity

@ ignoring integrate different levels of concept abstraction into representation embedding.

Deep Hierarchical Semantic Segmentation, CVPR2022



HieraSeg: Problem Setup

In hierarchical semantic segmentation (HSS), classes are not arranged in a “flat”

structure but organized as a tree-shaped hierarchy.

Deep Hierarchical Semantic Segmentation, CVPR2022

— Human

__ Large-

vehicle

Two-

wheels

— Person —

—  Rider —
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Bus
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HieraSeg: Problem Setup

— Vehicle
— Human

__ Large-

vehicle

. Two-
wheels

— Person —
— Rider—

Car
Bus

I'ruck

Motorcycle :

-
Person-group ]
Individual

Motorcyclist
Duecycis )

Bic vl

Person-group

Motorcyclist  Bicyclist Individual

T= (V,€) : tree-structured hierarchy
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HieraSeg: Problem Setup

_ Person-group
Motorcyclist  Bicyclist Individual

T= (V,€) : tree-structured hierarchy

vey : graph node, semantic concepts

Deep Hierarchical Semantic Segmentation, CVPR2022

— Vehicle
— Human

__ Large-
vehicle
L Two-

wheels

— Person —

— Rider—

Car

Bus

I'ruck

Motorcycle ]
Person-group ]
Individual

Motorcyclist

Bic yel




HieraSeg: Problem Setup

— Vehicle
— Human

__ Large-

vehicle

L Two-
wheels

— Person —
—  Rider—

Car
Bus

Person-group

Motorcyclist  Bicyclist Individual

I'ruck

Motorcycle :

-
Person-group ]
Individual

Motorcyclist
Duecycis )

Bic vl

T= (V,€) : tree-structured hierarchy

vey : graph node, semantic concepts

(u,v)€& : graph edge, relation between concepts

Deep Hierarchical Semantic Segmentation, CVPR2022



HieraSeg: Problem Setup

« First formulates HSS as a pixel-wise multi-
Human

label classification task:

LPE(s) = Zvev—fvlog(sv) —(1—1,)log(1—s,)
Rider Person

_ Person-group
Motorcyclist  Bicyclist Individual

s =[Sy]vev €0, 1]|V| : score vector

[ = [Z,U],Ueve {0,1}Vl: ground-truth binary label set
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HieraSeg: Problem Setup

« First formulates HSS as a pixel-wise multi-

Human
label classification task:
LPE(s) = Zvev—fvlog(sv)—(l—fv)log(l—sv)
Rider Person
« During inference, each pixel i is associated

with the top-scoring root-to-leaf path in the

_ Person-group
Motorcyclist  Bicyclist Individual class hierarchy
{vi, -, vp } =arg max qupe’P Su,
PCT

s =[Sy]vev €0, 1]|V| : score vector

[ = [Z,U],Ueve {0,1}Vl: ground-truth binary label set
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Hierarchy-Aware Segmentation Learning

* Definition 1 (Positive T -Property): For each pixel, if a

0.9 Human

class is labeled positive, all its ancestor nodes (i.e.,

superclasses) in T should be labeled positive.

Person

« Definition 2 (Positive T -Constraint): For each pixel, if v 07

class is labeled positive, and u is an ancestor node (i.e.,
Person-group

superclass) of v, it should hold that|s,, < s,,. Motorcyclist  Bicyclist Individual
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Hierarchy-Aware Segmentation Learning

* Definition 3 (Positive T -Property): For each pixel, if a
class is labeled positive, all its ancestor nodes (i.e.,

superclasses) in.T should be labeled positive.

« Definition 4 (Negative T -Constraint): For each pixel, if v

class is labeled negative, and u is a child node (i.e.,

subclass) of v, it should hold that|{l — s, <1 — s,

Motorcyclist

Bicyclist Individual

0.8—0.2
Person-group
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Hierarchy-Aware Segmentation Learning

vehicle

Positive 7-Property

Negative T-Property

'l
large-

vehicle

wo-
wheels

0.4

m(m;r- 0.6 o
rrs  DUS _C-.‘.C 2 hl("_\'(‘/t’ 02 o 0.
car (a) 0.6 (b) 0.6 (c)

DPv = Jrelgi(su)

,A,U . superclass sets of nodes v Iin T
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Hierarchy-Aware Segmentation Learning

1_v=. —oy)— 41— u
po= 1, (o) =1 (o)

E 0.

vehicle

Positive 7T-Property

Negative T-Property

'l
large-

vehicle

wo-
wheels

Y]

motor-
bus _(-‘dt bicycle

(a)

0.6

car

,A,U . superclass sets of nodes v Iin T

C, :subclass sets of nodes v in T
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Hierarchy-Aware Segmentation Learning

1—p, =min (1—s,)=1—max(sy)

vehicle weCy weCy

Positive 7T-Property

Negative T-Property

'l
large-

vehicle

wo-
wheels

mnu;r- a 0.6
cyele pitvele

~ar bus - , 0.2 0.6 .
can 0.6 . <
(a) (¢)
« Hierarchy-coherent score:
v — L 1 EU:]_}
po= roin (su) ‘
11— v — 1— U =1— w f -'!*u: 3
~po=min(1—-su)=1-max(s.) if &,=0

,A,U . superclass sets of nodes v In T s=I[su]ueve]0, 1]|V| . score vector

C, :subclass sets of nodes v in T
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Hierarchy-Aware Segmentation Learning

vehicle

Positive 7-Property

Negative T-Property

'l
large-

vehicle

wo-

wheels 0.4

0.3 E 0.3

0.6

motor-
bus cycle bicycle

car ok 0.2 .
(a) MG S

 Tree-Min Loss:
L™p) = 3 —llog(py) — (1 — I,)log(1—py),

veEVY
= 3 —,1 in (s,))—
2 ~llog(min (s.))
(1 —1y)log(l — Eéac}j(éu))

structured score distribution p is constructed by strictly following the hierarchy constraints, and hence the

violation of the hierarchy properties can be explicitly penalized.
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Hierarchy-Aware Segmentation Learning

e mioul: 51.42% ‘& mloU2: 69.15%

RN 3
e mloU*: 78.54%
o

Flgure 3. Effect of £PF in Eq. 2 (top) vs L™ in Eq. 6 (bottom).

 Focal Tree-Min Loss:
£FI'M(p) = i (1—py)"og(py) — (1— fu) (pw) Tlog(1—py),

veEV
= —l,(1- W) “
=2~k (1= min (s.))"log( min (su))-

_ v _
(1 !v)(ﬂ%}; su))"log(1—max(su)),

we add a modulating factor to the tree-min loss, so as to reduce the relative loss for well-classified pixel

samples and focus on those difficult ones.

Deep Hierarchical Semantic Segmentation, CVPR2022



Pixel-Wise Hierarchical Representation Learning

O O O O O &
Ladybug Longicorn ...... corgi Garfield s:(ai:t‘ee:e

e Triplet loss:

Organizing data samples into a high-dimensional space where their distance reflects
their semantic similarity:

£ (i,47,47) = max{(i,i") — (4,47 ) +m,0} (x,y) = 51— zrhr) €10, 1]

the anchor and positive samples are from the same class, while the anchor and negative
samples are from different classes.
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Pixel-Wise Hierarchical Representation Learning

O o oo © O O

Siamese

Ladybug Longicorn--- .- Corgi Garfield

e Triplet loss:

£ (3,i1,i7) = max{(i,i") — (i,5) +m, 0} (@, y)=5(1— i) €10, 1]
¢ :Corgi M . margin, determined

4T : must Corgi

12~ :any class expecting Corgi
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Pixel-Wise Hierarchical Representation Learning

Animal

Beétle Deg
O O O Ol O O O @)
Siamese

Ladybug Longicorn--- .- Corgi Garfield kitten

K s
corgt Gartield

B
la
R |-

 Tree-triplet loss:

We exploit structured knowledge to reshape the pixel embedding space according to class
hierarchy T

the positive samples are more semantically similar to the anchor pixels (i.e., closer in T
), compared with the negative pixels.
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Pixel-Wise Hierarchical Representation Learning

Animal
boob
Beetle Deg
o o oo O ] o o O
i . Siamese
Ladybug Long|corn ...... Garfield kitten O

LOFgI [ Gartield

“y <) i see
b, S 3 =
k’\ o S =) b ) v a b"
;. -~ 4 \ o,
- 1 3 = .
B~
P N

 Tree-triplet loss:

£ (3,i1,i7) = max{(i,i") — (i,5) +m, 0} (@, y)=5(1— zrter) €10, 1]
¢ Corgi M : margin, determined — hierarchy-aware

4T : can be Garfield

2~ :any class expecting Dog and Cat
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Pixel-Wise Hierarchical Representation Learning

Animal
Beetle Deog Cht
O o oo o O O O
Ladybug Longicorn-:- --- Corgi Garfield S;th‘ee.fe O (D)

= o
=

corgt Gartield

B
la
R |-

« The separation margin m is determined as:

m=mg + 0.0m.,
My = ($(by. o) — (0, 87)) /2D,

where m. = 0.1 is set as a constant for the tolerance of the intra-class variance, m, € [0, 1]
is a dynamic violate margin, and D refers to the height of 7 .
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Pixel-Wise Hierarchical Representation Learning

DeepLabV3+ HieraSeg
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Pixel-Wise Hierarchical Representation Learning

DeepLabV3+ HieraSeg
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Pixel-Wise Hierarchical Representation Learning

Leopard
subfamily\

Felidae

Felinae

HieraSeg

DeepLabV3+
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Experiments: Hierarchical architecture

Cityscapes PASCAL-Person-Part
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Experiments: Analysis of Focal Tree-Min LosSs

Analysis of focal tree-min loss, we compare it with four
different losses

Mapillary Vistas 2.0 Pascal-Person-Part
mloU%t mloU?t mloU' | mloU®t mloU?%t+ mloU'4
CCE || 81.86 68.17 37.43 93.58 83.04 67.84
BCE || 81.56 67.61 37.26 93.12 82.55 67.38
Focal || 82.63 68.48 38.09 94.07 83.66 68.42
™ 83.48 69.13 38.69 95.32 85.99 72.17
FTM || 84.17 69.62 39.17 96.33 86.72 72.89
Full 85.27 71.40 40.16 97.69 88.20 75.44

Loss
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Experiments: Analysis of Focal Tree-Min LosSs

Analysis of focal tree-min loss, we compare it with four
different losses

Mapillary Vistas 2.0 Pascal-Person-Part
mloU%t mloU?t mloU' | mloU®t mloU?%t+ mloU'4
CCE || 81.86 68.17 37.43 03.58 83.04 67.84
BCE || 81.56 67.61 37.26 03.12 82.55 67.38
Focal || 82.63 68.48 38.09 94.07 83.66 68.42
™ 83.48 69.13 38.69 95.32 85.99 72.17
FTM || 84.17 69.62 39.17 96.33 86.72 72.89
“Full || 85.27 7140 40.16 | 97.69 8820 75.44

Loss
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Experiments: Analysis of Focal Tree-Min LosSs

Investigating the design of our tree-triplet loss:

Vanilla: vanilla triplet loss with a constant margin

Tree-triplet loss + Constant: adopting hierarchy-aware triplet sampling strategy

Tree-triplet loss + Hierarchy: adopting hierarchy-aware triplet sampling strategy + dynamic margin

Triplet Margin Mapillary Vistas 2.0 Pascal-Person-Part
Loss m mloU?%+ mloU?t mloU'4 | mloU?4 mloU?1 mloU't

Vanilla| Constant || 84.25 70.13 3941 | 96.58 87.03 74.10
L' | Constant || 84.66 7042 39.67 | 97.30 87.86 74.83
L™ |Hierarchy|| 85.27 7140 40.16 | 97.69 88.20 75.44
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Experiments: Analysis of Focal Tree-Min LosSs

Analysis of distance measure for tree-triplet loss

Distance Mapillary Vistas 2.0 Pascal-Person-Part
Measurement | mIoU%4 mloU?4 mloU'4 |mloU?t mloU?4 mIoU'4

Euclidean 84.23 70.02 3933 | 96.28 86.73 73.88
Cosine 85.27 7140 40.16 | 97.69 88.20 75.44
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Experiments: Quantitative Results

Mapillary Vistas 2.0 LIP
Method Backbone || mloU?t mloU?t mloU't Method | Backbone | mloU?t mloU?t mloU"$
DeepLabV3+ [13] meovis | ResNet-101 || 81.86  68.17  37.43 SegNet [3] reavin | ResNet-101 - - 18.17
Seamless [0 1] cverio) | ResNet-101 - - 38.17 FCN-8s [50] icveris) | ResNet-101 - - 28.29
OCRNet [Y5] peevan; | HRNet-W48 83.19 69.32 38.26 DeepLabV2 [10] jcveri7) ResNet-101 - - 41.64
HMSANet [87] e | HRNet-W48 || 84.63 7071 39.53 Attention [12] icverier | ResNet-101 - - 42.92
MaskFormer [16] mewvson| ResNet-101 || 84.56  70.82  39.60 MMAN 5 zceviy | ResNet-101 ) - 463
MaskFormer [16] ews2y| Swin-Small | 87.93 7388  42.16 DecpLabV3+[13] mocvia | ResNet-101 )| 88.13  83.97  52.28
DeepLabV3+ | ResNet-101 || 8527 7140  40.16 Braf;';f;{ ]l . E;:S‘;:g} : : gi:}lg
HsSN| OCRNet HRNet-W48 || 86.46 7234 4113 SemaTree [36] rccvan | ResNet-101 || 9078 87.12 5473
MaskFormer | Swin-Small 90.02 75.81 43.97 BGNet [107] wcevso, | ResNet-101 ) i 56.82
. PCNet | | icverzo; | ResNet-101 - - 57.03
Cltyscapes CNIF [80] ieevisr | ResNet-101 || 9592  91.83  57.74
HRNet [79] rreameo, | HRNet-W48 || 95.53  91.21  57.23
Method | Backbone [| mloU”t mloU"t OCRNet [0%] e | HRNet-W48 || 9678 9256 5847
DeepLabV2 [10] icveri7 | ResNet-101 - 70.22 HHP [£3] jcveroo) | ResNet-101 || 97.41 9343  59.25
PSPNet [105] cverin | ResNet-101 - 80.91 HssN| DeepLabV3+ | ResNet-101 || 98.86 9475  60.37
PSANet [ ] ircevis; | ResNet-101 - 80.96
PAN [40] (ascvier | ResNet-101 - 81.12
DeepLabV3+ [13] wcevis) | ResNet-101 || 92,16 82.08 PASCAL-Person-Part
DANet [75] icverio) | ResNet-101 - 81.52 Method || Head Torso U-Arm L-Arm  U-Leg L-Leg U-Body L-Body F-Body B.G. | mloU’t mloU*t mloU't
Acfnet [100] seevior | ResNet-101 - 81.60 DeepLabV3+ [13] mecvis || 87.02 7202 6037 5736 5354 4852  90.07 6588  93.02 9607 | 9455 840l 67.84
CCNet [45] neevisr | ResNet-101 - 81.08 SPGNet [15] ucevier || 87.67 7141 6169 6035 5262  48.80 - - - 95.98 - - 68.36
HANet [17] icveeaor | ResNet-101 - §1.82 PGN [30] cvemiss || 90.89 75.12 5583 6461 5542  41.57 - - - 95.33 - - 68.40
HRNet [79] rreavico | HRNet-W48 || 92,12 81.96 CNIF [80] neoviey || 88.02 7291 6431 6352 5561 5496  91.82 66.56 9433 9602 | 95.18 84.80 70.76
OCRNet [98] rcevao; | HRNet-W48 || 92.57 82.33 SemaTree [36] wcovaor || 89.15 7476 63.90 6395 5753 5462 9236 67.13 95.11 96.84 | 95.98 85.44 71.59
MaskFormer [16] pewes2)| Swin-Small || 92.96  82.57 HHP [$3] rcveran 89.73 7522 66.87 6621 58.69 5817  93.44 68.02 9677 9694 | 96.86 86.13 73.12
DeepLabV3+ | ResNet-101 || 9331  83.02 BGNet [102] e || 90.18 7744 6893  67.15 6079  59.27 - _ - 97.12 - _ 74.42
HSSN | OCRNet HRNet-W48 || 93.92 8337 PCNet [101] v || 90.04 7689  69.11 6840  60.78  60.14 - _ - 96.78 - - 74.59
MaskFormer | Swin-Small || 94.39  83.74 HssN| DeepLabV3+ 90.19 7872 70.67 6971 61.15 6044 9586  71.56 9820 97.18 | 97.69 8820  75.44
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Experiments: Qualitative Results

A ;‘-4 F

Figure 6. Visual results (§4.3) on LIP [44] val (lef{) and PASCAL-Perso
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Segment and Track Anything (SAM-Track)

Autonomous Driving: Street View Smart City: Aerial Surviliance

AR for Industry: Commodity Management Art Recreation: Cartoon Animation

i %
f';;l-

Biological Analysis: Microscopy Video Medical Diagnosis: MRI Video

Ff, ;
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Our open—source project, Segment—and-
Track Anything (SAM-Track), extends SAM
to videos, and supports both automatic
and interactive video segmentation
modes.
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HieraSeg

Thanks!

Wenguan Wang

https://sites.google.com/view/wenguanwang
wenguanwang.ai@gmail.com



