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Interested Domains

Generic CV Tasks Reinforcement Learning Representation Learning
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Recent Works

Vision Language Pretraining
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MSCOCO (5K) Flickr30K (1K)
Method #Images Text Retrieval Image Retrieval Text Retrieval Image Retrieval
R@1 R@5 R@10 R@1 R@5 R@10 | R@1 R@5 R@I0 R@1 R@5 R@I10

ImageBERT [#4] 6M 664 898 944 505 787 87.1 870 976 992 731 926 96.0

“person” “trick” “skateboard” “takes” UNITER [7] 4aM 65.7 88.6 93.8 529 799 88.0 87.3 98.0 99.2 756 94.1 96.8
(a) VILLA [13] 4aM X X X X X X 879 975 98.8 76.3 94.2 96.8
“a giraffe walking through trees on a sunny day” OSCAR [VJ] 4aM 70.0 91.1 95.5 54.0 80.8 88.5 X X X X X X
VILT [20] aM 61.5 863 92.7 427 729 83.1 835 96.7 98.6 64.4 88.7 93.8
UNIMO [27] aM X X X X X X 89.7 984 99.1 747 9347 96.1
SOHO [17] 200K 66.4 882 93.8 50.6 78.0 86.7 86.5 98.1 99.3 255 92.7 96.1
ALBEF [27] 4aM 73:1 91.4 96.0 56.8 815 89.2 943 994 99.8 82.8  96.7 98.4
Ours 4aM 75.6 928 96.7 59.0 832 89.9 949 995 99.8 84.0 96.7 98.5
ALIGN [1Y] | 1.2B | 77.0 935 96.9 599 833 89.8 | 953 99.8 100.0 849 97.4 98.6
“giraffe” “walking” “trees” “sunny”
(b)
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Recent Works

original image masked image reconstructed
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Adversarial Knowledge Learning from Human

Generate legible motion Human-robot Adversarial Learning

[Anca Dragan et al., RSS 2013] [J Duan, J Kuo, S Nikolaidis et al., IROS 2019]
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Compatibility Graph Embedding

Decoder

»
»

[J Duan, J Kuo et al., SCMLS 2020]
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[Belongie, Serge et al., CVPR 2017]

Structured Knowledge Learning via Metric Learning
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Work Overview

Adversarial Knowledge Learning Structured Knowledge Learning

|

[J Duan, J Kuo, S Nikolaidis et al., IROS2019]
[J Duan, J Kuo, S Nikolaidis et al., SCR 2019]

ey 2
’ Z ﬂ TW—L Human-robot Adversarial Games

|

Generator &
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Generated Real
Examples

Fake

Real
Examples

Portrait Manipulation
[J Duan, J Kuo et al., APSIPA2020]
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r r Human-guided Curriculum RL
4\, 4\% * I Duan, J Kuo, S Nikolaidis et al., 2020]
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Work Overview

Adversarial Knowledge Learning Structured Knowledge Learning

Metric

.§é Lea rn i ng long red dress
&

o) D Compositional learning

| ffe’ent e [J Duan, J Kuo et al., Preprint 2021]
Compatible recommendation

e [J Duan, J Kuo et al., SCMLS 2020]

)
T_(red) —— T (dotted) ]—» —

*  [JDuan,JKuo etal., JVCI 2021 (under review)] Training:
T Self-training framework
Alb);}ross A
Labeled data [Teacher ] [ Student ]
~
Unlabeled data
Self-training framework 8/66

. [J Duan, J Kuo et al., CVPR 2021]



Work Overview

Adversarial Knowledge Learning Structured Knowledge Learning

ﬂ e an // ‘ Human-robot Adversarial Games oy Compatible recommendation
P | '+ [JDuan, ] Kuo, S Nikolaidis et al., IR0S2019] E “# «  [JDuan,JKuo et al., SCMLS 2020]
‘4 - , . [J Duan, J Kuo, S Nikolaidis et al., SCR 2019] 4 ‘_“5 . [J Duan, J Kuo et al., JVCI 2021 (under review)]
s oo 1
Training:
/_* Fonn Self-training framework
Human-guided Curriculum RL ) G W 0 Self-training framework
Too sy? . L. L cacner uden
4\) . [J Duan, J Kuo, S Nikolaidis et al., 2020] — = . [J Duan, J Kuo et al., CVPR 2021]
15t lterati 10" lteration Unlabeled data
Portrait Manipulation l & Compositional learning
. [J Duan, J Kuo et al., APSIPA2020] l_{r_muﬁy,bmwn,_.uwet,b.ackﬂ_.v .,.ac?m . [J Duan, J Kuo et al., Preprint 2021]

brown fluffy cat ‘ '
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Learning Based Robotic Grasping

e Self-Supervised Learning [1] | . Simulated-Adversary [2]
* Collect annotated data 5

* Training and repeat

» Require combination of sensors
» Time consuming

1. Pinto, Lerrel, et al. "Supersizing self-supervision: Learning to grasp from 50k tries and 700 robot hours." ICRA 2016

2. Pinto, Lerrel et al. "Supervision via competition: Robot adversaries for learning tasks." ICRA 2017 10/66



Why Adversarial Human?

 Human has good prior over success/failure
* Collaborative human is not always true

e Human Robot Adversary > Self-Supervised Method
* Human Robot Adversary > Simulated adversary

Drazen Brsci¢ et al., 2015 11/66



Human-Robot Adversarial Learning as Gaming

* Human-robot adversarial game
 Robot Policy: nR:s - aR

. R _ R _H\|_H
* Human Policy: m:s* - a” w7, = argmax B [r(s, a%, a%) "]
 Reward: r = RR(s,a®,sT) — aR"(st,a", stT)

Generator Discriminator

Generated Real
Examples

Fake
Real

Examples

12/66
Robot Learning via Human Adversarial Games. J Duan, J Kuo, S Nikolaidis et al. IROS 2019, Best Paper Finalist



Overview of Our Framework

/7
5 5
1
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Training of Framework

0 if robot fails to grasp
] .. = 1 if robot succeeds and human fails
¢ Grasplng pred|Ct|0n l1—a if human succeeds

* Input: [

* Architecture: Alex-Net

e Robot Policy 7 : 1+ (zg,Yg,0,)
* Confidence: P

Image patch convi conv2 conv3 conv4 convs
(2o7X207) %@  256@  384@  3B4@ 2560 el e
(56X55)  (27X27) (18X13)  (13X13) (13X13)

-H-HHH

AlexNet Pretrained Parameters Learnt Parameters |
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User Study Design

* Protocol

* Goal: Maximize the failure of robot

* Trials of 10 times before start

* Between-subject

21 Male/4 Female; one object per user

e Adversarial Disturbances

* Interactive Mujoco [1]

* Discrete action with 6 actions

Participants interacted with a simulated Baxter robot
Up/down, left/right, inward/outward in the customized Mujoco simulation environment.

* Qutcome
remain on gripper/drop

. . . . 15/66
1. https://github.com/davidsonic/Interactive-mujoco py /



https://github.com/davidsonic/Interactive-mujoco_py
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Subjective Metric

. . St |
Questionnaire Agree 71

Q1: The robot learned throughout the study. o

Q2: The performance of the robot improved

throughout the study.
3-

2

Strongly 1

Disagree



Adversarial Actions over Time

Transition from human success to robot success

Bottle
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Expected Scenario: Human succeeds more at the beginning, then robot evolves to succeed more
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Actions

Human vs Simulated Adversary

® human perturbation succeeds; ® robot succeeds.

Human Sim-adv
Out 1€ GO © © Out | @® @ ees o
In 106G O «1 Ini o0 &
Down A % Down A e o
Up A 43 Up 1¢90® @) @
Right - oco0 < Right - @ o
Left - ® O Left 1| © 0@ @ ]
| | | I 1
0 10 20 0 20 (a) (b)
# Interactions # Interactions Different geometry require different perturbations

Human prior over weakness of grasping and therefore more effective
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Experiment: Multiple Objects

* Task setting
* Training 200 episodes
 Different position & orientation

e Results
Without Disturbance With Disturbance
Human-Robot Learning 52% 34%

Simulated Adversary 28% 22%

20/66



mujoco_py
Run speed = 8.000 x real time [S]lower, [Flaster
Ren[d]er every frame On
Switch camera (#ca ) [Tab] (camera ID = -1)
[Clontact forces
Referenc[e] frames
T[rlansparent
Display [M]ocap bodies
[Space]

simulation by one step [right arrow]
[Hlide Menu
Record [V]ideo (Off)
Cap[tJure frame
Start [i]pdb
Toggle geomgroup visibility
Auto Scale (Ctrl+A)

FP 145
Solver iterations 4
Perturb id 1
Iteration 2

Comparison Before & After Training

Before training

Step 12237
timestep 0.00100
n_substeps 1

Run speed = 8.000 x real time [S]lower, [Flaster
Ren[d]er every frame On

Switch camera (#cams = 5) [Tab] (camera ID = -1)
[Clontact forces On

Referenc[e] frames On

T[rlansparent Off

Display [M]ocap bodies On

Stop [Space]

Advance simulation by one step [right arrow]
[Hlide Menu

Record [V]ideo (Off)

Cap[t]ure frame

Start [i]pdb

Toggle geomgroup visibility

Auto Scale (Ctrl+A)

60

After training

21/66

Step 1
timestep 0.00100
n_substeps 1




Can We Leverage Adversarial Human for RL?

Human-robot Adversarial Learning Reinforcement Learning

* Grasping prediction network: ®:1 = (xg4,v,,0,) * Policy network: mg: s¢ — a;

. Reward: r = RR(s,aR,s*) —|aRH (ST, atl, s+ * Reward: r = R;:(s¢ ag)
e Loss: Binary Cross Entropy(P,T) .+ Policy gradient: Vo] (g) = E[R;Vglogmg(as|s,)]




Adversarial Curriculum RL with Human-in-the-Loop

* Improve reinforcement learning with adversarial human
 Leverage adversarial human for curriculum design
B wall

I Agent o Tool | Destination

23/66
Curriculum Reinforcement Learning Guided by Human. J Duan, J Kuo, S Nikolaidis et al. 2020



Existing Platform

Ant-v2 HalfCheetah-v2 Hopper-v2
Make a 3D four-legged robot Make a 2D cheetah robot Make a 2D robot hop.
walk. run.

Humanoid-v2 HumanoidStandup-v2 InvertedDoublePendulum-
Make a 3D two-legged robot Make a 3D two-legged robot v2
walk. standup. Balance a pole on a pole on
acart.

MLAgents

OpenAl Gym

24/66



Our Platform

Generalization: Evaluate all of the them Evaluate the hardest

GridWorld

Wall-Jumper

Crawler

Easy Hard

25/66



05 4

-1.0 4

Evaluate on the Ultimate Task

——Subject-1 ——Subject-2 ——Scratch-1 —— Scratch-2 ——Subject-1 ——Subject-2 ——Scratch-1 —— Scratch-2 ——Subject-1 ——Subject-2 ——Scratch-1 —— Scratch-2
104
0.5 A
No] Ne] 054
— 00- o
[ o
oz 05 o
-0.5 1
1.0 4
-1.04
10K 20K 30K 40K 50K 0 M a oM &M 10M
Steps Steps
(a) GridWorld (obstacles of 5) (b) Wall-Jumper (height of 8) (c) SparseCrawler (radius of 40)

Higher expected accumulated reward while learning from scratch could fail completely
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Evaluate across Tasks

——Subject-1 ——Subject-2 ——Scratch-1 —— Scratch-2 ——Subject-1 ——Subject-2 ——Scratch-1 —— Scratch-2

0.50 A

0 10K 40K 50K 0 M P s

) N Steps:iM
(a) GridWorld (obstacles from 1 to 5) (b) Wall-Jumper (heights from 0 to 8)

20 0K
Steps

Better sampling efficiency with human in the loop

——Subject-1 ——Subject-2 ——Scratch-1 —— Scratch

54 A

/™

0 M a 10M

h Step:gM
(c) SparseCrawler (radius from 5 to 40)
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" Destination Wall

| Agent Tool

28/66

Eval Eval Eval



Unity Environment

TotalStep: EpisodeStep: 124

Height: 0

Add

Minus

Save

Snapshot:



* Challenge 1: Human has little control in deep learning

 How do we improve robustness of deep learning?
e Can we incorporate human prior into optimization?

* Incorporate human-in-the-loop as an adversary
* Exploit human adversarial knowledge to improve robustness
* Leverage human prior in reinforcement learning optimization

30/66



Summary of Contributions

* Adversarial Knowledge Learning from Human and Data
* Propose a general framework for human-robot adversarial learning
* Interactive human for curriculum reinforcement learning
* Exploit human prior for portrait manipulations

* Practical and Technical Contributions
* An interactive human-robot adversarial learning platform [1]
* Aninteractive curriculum RL platform [2]
* A web application for portrait manipulation [3]

1. https://github.com/davidsonic/Interactive-mujoco py
2. https://github.com/davidsonic/interactive-curriculum-reinforcement-learning 31/66
3. https://github.com/davidsonic/Flexible-Portrait-Manipulation



https://github.com/davidsonic/Interactive-mujoco_py
https://github.com/davidsonic/interactive-curriculum-reinforcement-learning
https://github.com/davidsonic/Flexible-Portrait-Manipulation

Structured Representation via Metric Learning

Learn structured embedding space

Ranking t-SNE visualization [1] of the embedding space
32/66
1. Maaten, Laurens van der, and Geoffrey Hinton. "Visualizing data using t-SNE." JMLR 2008.



Applications

Information Search

0,

Blue,
Normal-sky,
With horizon

Text-to-image retrieval

Metric

E-Commerce

Learning

Visual similarity search

Robotics E
Representation Learning

Distance

Instance Grasping Representation Learning
Goal Outcome
Before After Outcome
é Q Generates Labels )
os(\OMA/) — &s(\OB/)) = o )
o o N X %
Goal Goal Outcome Q Q? I
— - &, J
) ¢ Sl é )~ Gl ﬁ ) \_/ Object Embedding Space
Generates Labels
 J

Security/Surveillance L

Person-Reidentification

33/66

C.-C. Jay Kuo, “Resolving the Gap between Image Pixels and Semantics: Yesterday, Today and Tomorrow”, ICSC Keynote. 2021



Intro: Supervised Metric Learning

L= .~ Input
N
’ v \
/| -4 = \
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Input: Labeled, unlabeled,
partially labeled

Layer 1

Layer 6 Layer 7

Layer 2 Qutput
Layer 3 Layer 4 Layer 5
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’ 1900
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Various architectural design choices:
Siamese, U-Net, Skip-connections etc.,

N& 0% hbedding

4 N

Similar or not?

Loss/Metric design
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Intro: Contrastive Loss & Triplet Loss
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Lcontrasti'ue = [dp - mpos]—{- + [mneg - dn]—i— Ltrl’plet = [dap - dan I a]+
35/66

Hermans A, Beyer L, Leibe B. In defense of the triplet loss for person re-identification[J]. arXiv, 2017.



Intro: Data Preparation

Annotated Pairs

4 )
Image 1 >E|—> Fl

Annotated Triplets

Shared wel g:ht

Image 2 >EI—) F2
- /

Similarity]

Loss

(a) Siamese Network

e

~N

Anchor

Positive

Shared wei f,fht

14

Negative

Shared wei g:ht

(b) Triplet Network

Triplet
Loss
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Motivation

* Existing methods require pairwise annotations * Un-annotated data has not been leveraged

{ ﬁ i i Same Class
ﬁ i Different Class
; -

Goal: Leverage un-annotated data to improve deep metric learning

37/66



SLADE: A Self-Training Metric Learning Framework

e
Labeled data [ Teacher ] [ Student ]

e o

Training: ing:
) Self-training framework v, & [ ) KNN
aysan
Albatross | ) Student J Images

Embedding

Unlabeled data

38/66

J Duan, C.-C. Jay Kuo. SLADE: A Self-Training Framework For Distance Metric Learning. CVPR 2021.



Step 1: Self-supervised Teacher Pretraining

Tedcher Netwo Codes
jg‘ Z, 1 Q
Swapped
Labeled Data Prototypes | € Prediction
Unlabeled Data

Sz e

L(erZZ) — l(er QZ) + l(ZZJ ql)
L(zy,2;) = (24, 92) + (22, q1)

Mathilde Caron et al., Unsupervised Learning of Visual Features by Contrasting Cluster Assignments. NeurlPS 2020.

Codes

39/66



Step 2: Pseudo Label Generation

[Labeled data

E.

& =N

Laysan Sooty
Albatross  Albatross

Unlabeled data

Self-supervised
pre-training

4{ Teacher ]—* Ranking loss

Clusters

Noisy!
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Step 3: Feature Basis Learning

Learning Feature Basis Similarity Transfer with Feature Basis

Learnable Feature Basis

" -
A' o -

| -

ﬁ; !'SF \’J
v e | |

Vet Qlcloser

- 1 . B R
:: ; similar)
] — i R

1 | .

41/66

A Feature Basis




Step 3: Similarity Distribution Loss

Goal: reduce overlap between distributions
*  Maximize distance between two means
*  Reduce variances of two distributions

After Learning

v

d(q; v1) d(qi,nq) d(qi,p2) d(q;ny) d(qi p1) d(qi, p2) d(qi,n1) d(gq;,ny)
=0.15 =0.43 =0.61 =0.82 =014 = 0.40 = 0.67 =0.85
S margln
, /j /4 =" 2
query i j =150
j = argmin;D j=15 *
X ¥
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Step 3: Similarity Distribution Loss

Goal: reduce overlap between distributions
Maximize distance between two means
Reduce variances of two distributions

Lop(GH|GT) = max(u™ —ut +m,0) + A(v™ + v7)

.

l l Momentum Update

| |

1 1

i i uwt =1 -B) xuy+ B xpu*
|

L__ - vt=0-B)xvi+ B xv?

A v

|

|

| G—

it Dij

43/66
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Training of Student Network

[Labeled data

‘?Jlli e

Laysan Sooty
Albatross  Albatross

—
} ‘e

Unlabeled data

Embedding N
-

Feature basis learning

Cross-

entropy loss
cee r
Similarity
a a, a, distribution loss

Basis vectors

Step 2 — Pseudo labels —

Sample mining

» Ranking loss

T

T

Step 3 Basis vectors

L= Lrank(Dl; 95) + Lyank (D%; 6°) + Lbasis(Dlr D*%; 6%, Wa)
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Putting It Together

Teacher model Student model

1. Self-supervised pre-training and fine-tuning for teacher 3. Optimization of student network and basis vectors (Sec. 3.3)

network (Sec. 3.1
( ) Labeled data

Self-supervised

. Feature basis learning
Embedding ‘ ‘ °

pre-training

Labeled data

A y
. Teacher Ranking loss

Laysan Sooty
Albatross  Albatross

>

Cross-

entropy loss
©) ... r
Similarity
a a, a

Laysan Sooty
Albatross  Albatross

[

- w
=2 3 ces
| - =,

distribution loss
Basis vectors

2. Pseudo label generation (Sec. 3.2) Unlabeled data

» Ranking loss

!

—L— Pseudo labels — Sample mining

T

Basis vectors

Unlabeled data

Clusters

45/66
J Duan, C.-C. Jay Kuo. SLADE: A Self-Training Framework For Distance Metric Learning. CVPR 2021.



Evaluation

CUB-200 (labeled): 200 species/ 12k images
NABIRDS (unlabeled): 400 species/ 48k images

Cars-196 (labeled): 196 brands/ 16k images
CompcCars (unlabeled): 145 brands/ 16k images

In-shop (labeled): 8k instances/ 52k images
Fashion200k (unlabeled): 1k instances/200k images

46/66




J Duan, C.-C. Jay Kuo. SLADE: A Self-Training Framework For Distance Metric Learning. CVPR 2021.

Results: Performance Comparisons
CUB-200-2011 Cars-196
Methods Frwk Init Arc/Dim | MAP@R RP P@1 MAP@R RP P@1
Contrastive [10] [19] | ImageNet | BN /512 26.53 37.24 68.13 24.89 35.11 81.78
Triplet [29] [19] | ImageNet | BN /512 23.69 34.55 64.24 23.02 33.71 79.13
ProxyNCA [18] [19] | ImageNet | BN /512 24.21 35.14 65.69 25.38 35.62 83.56
N. Softmax [35] [19] | ImageNet | BN /512 25.25 35.99 65.65 26.00 36.20 83.16
CosFace [25, 26] [19] | ImageNet | BN /512 26.70 37.49 67.32 27.57 37.32 85.52
FastAP [3] [19] | ImageNet | BN /512 23.53 34.20 63.17 23.14 33.61 78.45
MS+Miner [27] [19] | ImageNet | BN /512 26.52 37.37 67.73 27.01 37.08 83.67
Proxy-Anchor! [15] [15] | ImageNet | R50/512 - - 69.9 - - 87.7
Proxy-Anchor? [15] [19] | ImageNet | R50/512 25.56 36.38 66.04 30.70 40.52 86.84
ProxyNCA++ [22] [22] | ImageNet | R50/2048 - - 72.2 - - 90.1
Mutual-Info [1] ImageNet | R50/2048 - - 69.2 - - 89.3
Contrastive [10] (7T7) | [19] | ImageNet | R50/512 25.02 35.83 65.28 25.97 36.40 81.22
Contrastive [10] (T5) | [19] SwAV R50/512 29.29 39.81 71.15 31.73 41.15 88.07
SLADE (Ours) (57) [19] | ImageNet | R50/512 29.38 40.16 68.92 31.38 40.96 85.8
SLADE (Ours) (S5) [19] SwAV R50/512 33.59 44.01 73.19 36.24 44.82 91.06
MS [27] (13) [19] | ImageNet | R50/512 26.38 37.51 66.31 28.33 38.29 85.16
MS [27] (Ty) [19] SwAV R50/512 29.22 40.15 70.81 3342 42.66 89.33
SLADE (Ours) (S3) [19] | ImageNet | R50/512 30.90 41.85 69.58 32.05 41.50 87.38
SLADE (Ours) (S4) [19] SwAV R50/512 33.90 44.36 74.09 37.98 46.92 91.53
47/66



Ablation Studies

Pre-trained weight ARG Regularization g2
CUB-200 Cars-196 MAP@R RP P@1
ImageNet [¥] 29.38 31.38 Local-CE 32.69 43.20 72.64
Pre-trained SwAV [4] 32.79 35.54 Global-CE 32.23 42.68 72.45
Fine-tuned SWAV 33.59 36.24 SD (Ours) 33.59 44.01 73.19

Verification of the effect of Step 1

Components Rl
CUB-200 Cars-196
Teacher (contrastive) 29.29 3103
Student (pseudo label) 30.81 31.99
+ Basis 32.45 35.78
+ Basis + Mining 33.59 36.24 ]

Verification proposed components in Step 3

Effect of the proposed similarity distribution loss

2 NABirds
MAP@R RP P@1
100 31.83 42.25 72.19
200 3261 43.02 215
300 32.81 43.18 1221
400 33.59 44.01 73.19
500 33.26 43.69 73.26

Robustness to hyper-parameters

J Duan, C.-C. Jay Kuo. SLADE: A Self-Training Framework For Distance Metric Learning. CVPR 2021.
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Qualitative Results

Query Proxy-Anchor SLADE (Ours)

Comparison with SOTA [1] on CUB200 & Cars-196, more at BIRD & CARS

49/66
1. Kim S et al. Proxy anchor loss for deep metric learning. CVPR 2020


https://davidsonic.github.io/index/SLADE/CUB200-demo.html
https://davidsonic.github.io/index/SLADE/cars196-demo.html

A Practical Need from Industry

* Existing search queries * Image-attribute queries

Image-to-Image search A

/ y :
T_(red) —— T, (dotted) - " long dotted d
\’Q \“V'

long red dress 71%% ‘

T _(fluffy, brown) — T, (wet, black) —_— I l -
black wet cat
brown fluffy cat ‘ !

R
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Related Work: Image-text Composition

Annotation Expensive

4 -\
reference image

add red cube

CNN

uosodwod

modification text

\ target image

LSTM /

target feature

J\ composition feature

_ reference

Training
loss

composition feature
space in 2D

Li Fei-Fei et al., Composing Text and Image for Image Retrieval - An Empirical Odyssey . CVPR 2019.
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Related Work: Zero-shot Classification

Modular
Wet Cat
Classifier

Modular
Cute Cat
Classifier

- Modular
- Cute Dog
. Classifier

52/66
Senthil et al., Task-Driven Modular Networks for Zero-Shot Compositional Learning . ICCV 2019.



Compositional Attribute-based Metric Learning

/ Embedding Space™\

o

\0

/

[ Compositional Learning

]

Attribute-set Synthesis

————————————————————————————————————————————————
- ~

Composition
model

e ——————————— ] -

l, \\
( N M, o _LEX)NLY) \
7 v Intersection int l !
1 1
i IR i
i g > Muni fo ) L(X) U L(Y) > i
H 9 Union unit |
I - :
]
1
— L fo LOO\LY .
‘\ sub '|
\\ /,
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J Duan, C.-C. Jay Kuo. Compositional Learning for Weakly Attribute-based Metric Learning. In Submission.



Sy

Compositional Module

T (peeled) <

T_(peeled)

Peeled-Apple

Attribute-Object Factorization
fred—apple (peeled) - fpeeled—apple

fpeeled—apple (peeled) - fred—apple

-

Composition
model

Ty (a;)

Coupling Network

Yi_(cq)

Decoupling Network
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Implementation of Compositional Operations

fO

Coupling Network Decoupling Network

)

S N aal

- - .

—>  att FCs o —  att ;
X fy
a; j X =% Ti(a) a —r fr=1°: T_(a;)
Ty (0) 0)

fgatea = o(Wp * RELU(W; * [f°, a;]))Of°

£ = Wy * RELUQWS *{F° + fiueea)
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Compositional Loss Design

Metric Learning objective:

Lmetric = max(0, m-d(f° - T, (a;), f°- T+(aj)), Vo # o',Va;,a; €A

T, (small)
i Casel Case2
Coupling ——  small cute cat / N 4 \ / & \
Network N \r-,((\ et fsmall_cute_cat N \00 /"f
X ," X cute_cat
7 )
~\\{S “~~\ 7:
71_(Cltte) ~‘~:h869 f%ute_cat N”*!Elqky
] f cute_cat S Sso
Decoupling cat “cea
cute cat Network \ feute_cat / \ feat J

Relativity objective:

Lyer =[max(0, d(f?,f°-T- (aj)) — d(foi fe T+(aj))+m)]+[max(0, d(f°,f°- T+(ai)) —af° fe-T- (ai))"'m)]
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Regularization Objectives

Commutativity:

Leom = 1f° - Ty(a;) - T—(aj) —f- T—(aj) Ty (a)ll2

Invertibility:
Liny = 11f° - Ty(ay) - T_(ap) — fOll2 + 11If° - T-(ay) - T+ (a;) — I

Classification of objects and attributes:

Las = BCE(fY, L(X)) + BCE(fy', L(Y))

Final objective:

Lcomp = aleetric + Lrel +as Lcom + a4Linv + aSLcls

Kristen Grauman et al. "Attributes as operators: factorizing unseen attribute-object compositions." ECCV 2018.

57/66



Weakly-supervised Attribute Synthesis

Cute Small Attribute-set Synthesis

e Cute Cat

,,/ \\

.’ —s U o LN ALY 3
Intersection in
P Cute Small Wet|Cat i
]
Composition i § M,; o LEXIULY) :
model i 9 | union funi g i
A Small Cat !
) wovw |
M b o 1
' \ Subtraction fsub /'l
Cute Wet
Cat
58/66

Cats are used for illustration purposes, similar to ICCV19.



Attribute Set Operation Loss

int = Mine([fX, ¥ 1)
ftfni = Myuni([fx, ¥
foup = Msup(UfxX, ¥ D

Attribute-set Synthesis

———————————————————————————————————————

M, L(X) N L(Y)

——————————

o
Intersection fint

L(X) U L(Y)

Muni fzfni

Union

LX)\ L(Y)

[
»

o o e e

f s?w

———————————————————————————————————————

Set Loss:
Line = BCE (fine, LX) N L(Y))

Luni = BCE(fL?ni'L(X) U L(Y))

Lsub - BCE(fs?,Lbr L(X) \ L(Y))

N ————————— ——— -

———————————

Final objective:
Lset = P1Lint +B2Lyni +P3Lsup
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Training

Stage 1 Stage 2: Joint Training

/ﬁmbedding Space Compositional Learning
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L= Achomp +A3Lset
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J Duan, C.-C. Jay Kuo. Compositional Learning for Weakly Attribute-based Metric Learning. In Submission.



Evaluation

Zero-shot Retrieval: Top-k accuracy

MIT-States:

34,562 training / 19,191 test

Shoes Sandals Slippers

Sl BooPo S - oo P P
P oo SSP.s &
‘dolal Ll o S B andr S o

‘J«id« 'é.gd@o.a- Y P
sﬁ L PO, Dod it PeSoLe

s g o e

(W W

o
o
o
-
2]

L oA SR %

UT-Zappos50k: 24,898 training/4,228 test

=

nm

Fashion200k:

200k images, 172k training/31,670 test
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Quantitative Results

MIT-States UT-Zappos
Metod Top-1 Top-2 Top-3 | Top-1 Top-2 Top-3
Visual Product [27] 9.8/13.9* 16.1 20.6 | 49.9* / /
LabelEmbed (LE) [23] 11.2/13.4* 17.6 224 | 25.8* /s /

- LEOR [23] 4.5 6.2 11.8 s / /

-LE+R [27] 9.3 16.3 20.8 / / /

- LabelEmbed+ [27] 14.8%* / / 37.4% / /
AnalogousAttr [ 1] 1.4 / / 18.3 / /
Red Wine [27] 13:1 212 276 | 403 / 4
AttOperator [27] 14.2 19.6 25.1 46.2 56.6 69.2
TAFE-Net [47] 16.4 264 330 | 332 / /
GenModel [27] 17.8 / / 48.3 / /
TIRG [40] 12.2 / / / / /

[ WAML (Ours) 18.0 272 336 | 506 678 76.6 |

Zero-shot retrieval results on MIT-States and UT-Zappos

MIT-States UT-Zappos
Method Attribute Object Attribute Object
AttrOperator [27] 14.6 20.5 29.7 67.5
GenModel [27] 15.1 2.7 18.4 68.1
WAML 18.6 28.0 37.6 66.2

Object-attribute recognition results on two benchmarks

Method R@1 R@10 R@50
Image only [40] 35 22,7 43.7
Text only [40] 1.0 12.3 21.8
Concatenation [40]  11.9%10 397+1.0 gp +0.7
TIRG [40] 14,106 43 5+0.7 g3 g+0.8
Han et al. [7] 6.3 19.9 38.3
Show and Tell [39]  12.3%11  40.2+17 61.8+0-9
Param Hashing [28] 12.2%M1  40.0*11  61.7%08
Relationship [35] 1310206 49507 6D 4E06
FiLM [32] 12.9+0.7 39 5+21 @1 9+1.9
[WNIL m:tu.( miu.s ‘71.6j:U.(

Retrieval performance on Fashion200k

MIT-States UT-Zappos
Mictod Top-1 Top-2 Top-3 | Top-1 Top-2 Top-3
WAML 18.0 27.2 33.6 | 50.6 67.8 76.6
WAML w/0 Lcomp 9.8 17.3 23.0 20.2 40.0 51.0
WAML w/0 Lset 16.9 24.5 30.9 47.6 64.4 73.0
WAML Lpetric only  12.1 2007 29.0 41.2 55.0 64.8
WAML Clos dist. 5 26.1 81.7 | 48.6 66.9 76.2

Ablation studies on different components
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Qualitative Results

Original query Target attribute

-~

Shattered
Sky

Molton
Ocean

~aux.Leather

Heels

Neoprene

Qamdals

)
to

Cloudy
Sky

to
Murky
Ocean

to
Hair Calf
Heels

to
Nubuck
Sandals

Retrieval results

—

J Duan, C.-C. Jay Kuo. Compositional Learning for Weakly Attribute-based Metric Learning. In Submission.
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* Challenge 2: Deep learning has mostly been used as black box

* Can we enforce certain structures?
* How do we learn more structured features?

* Learn structured representation via metric learning
* Model contextual information with graph structure
* Scale metric learning with a self-training framework

* Improve generalization by learning attribute compositions
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