L oA |
JUNE 18-22, 2023 & i &4

CVPR A2k
VANCOUVER, CANADA

Fhnard (o) W

South China University of Technology

A New Benchmark:
On the Utility of Synthetic Data with Blender

for Bare Supervised Learning and Downstream Domain Adaptation

Authors: Hui Tang and Kui Jia

echuitang@mail.scut.edu.cn, kuijia@scut.edu.cn

k’%f//”

South Chma University of Technology
DexForce Co. Ltd.



Contents

» Background

» Problem Definition

» Related Work

» Comprehensive Study
» Future Work



" | Background

Wow! Deep learning of
neuron networks has
achieved great success in
many computer vision
tasks, such as image
classification.

But the success relies on a
large amount of training
data. Collecting and
annotating data for all
domains and tasks is
extremely expensive and
time-consuming.



Background

Source tasks
(domains)

Target task
(domain)

We can tackle it with data-efficient

learning, such as transfer learning,

unsupervised domain adaptation,

semi-supervised learning, and few-
shot learning.



Problem Definition

, Knowledge
Recogn/z/ &Up/y

Previous tasks/domains New tasks/domains

Share some commonality

» Goal: If the new task lacks high-quality training data, the knowledge from the
previous task can be transferred to the new task.

» Focus: The typical scenario of domain adaptation — transfer knowledge of
synthetic data to help classify real data.



Problem Definition
l‘ Unsupervised Domain Adaptation (UDA)

» When the source and target domains have different distributions but share all or part
of semantic label space, transfer learning 1s equivalent to domain adaptation.

» We consider the most practical setting — unsupervised domain adaptation, where
target samples are all unlabeled.
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Unsupervised Domain Adaptation!



Problem Definition

Source domain S = {(x;,;)}%
Target domain T = { xl.t }:f’;l

Feature embedding function @(+; @) : X — Z lifts any x € X to the feature space Z,i.e. Z = o(x).
Classifier f(;3):Z — R" with softmax at the top outputs a probability vector p = softmax( f(z)).

t
A shared label space Y: ys,y S {1,2,---, K}

> Objective: Given labeled data on S, UDA is to predict class labels for unlabeled
data sampled from T by learning (D( ) and f ( )on both {(x},»;)}7, and {x;}]",

Source domain Target domain
(label-rich) (label-scarce)

\ /

Domain discrepancy?
Non-1ID distributions P§y # P y!

Deep domain adaptation: learn domain-invariant features.

¥
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The source model can be readily applied to the target domain.



Related Work

® Synthetic Datasets:
* VisDA-2017 [1], the first large-scale cross-domain object classification dataset, tailored
for domain adaptation from simulation (152K) to reality (55K) across 12 classes.
* Generated by 3D rendering [2] and domain randomization [3].

® Pre-training and Then Fine-Tuning:
* Large-scale real data pre-training, e.g., utilizing JFT-300M [4] to study the influence of
pre-training on downstream vision tasks.

[1] Xingchao Peng, Ben Usman, Neela Kaushik, et al.. VisDA: A Synthetic-to-Real Benchmark for Visual Domain Adaptation. CVPRW, 2018.

[2] M. Denninger, M. Sundermeyer, D. Winkelbauer, Y. Zidan, D. Olefir, M. Elbadrawy, A. Lodhi, and H. Katam. Blenderproc. Preprint arXiv:1911.01911, 2019.

[3]J. Tobin et al.. Domain randomization for transferring deep neural networks from simulation to the real world. IEEE International Conference on Intelligent Robots and Systems, 2017.
[4] C. Sun, A. Shrivastava, S. Singh, and A. Gupta. Revisiting unreasonable effectiveness of data in deep learning era. ICCV, 2017.



Related Work Domain-Level Feature Alignment

* DANN [5] leverages a domain adversarial task to align the Classifier trained on source data
source and target domains as a whole, such that class labels | ---Domain discrimination boundary

can be transferred from source to target.

4 )

f () Task classification loss

Domain-adversarial training

4

d () Domain discrimination loss

\ d () Domain discriminator with a gradient reversal layer at the bottom /

[5] Yaroslav Ganin, Evgeniya Ustinova, Hana Ajakan, et al.. Domain-adversarial training of neural networks. JMLR, 2016.



Related Work Class-Level Feature Alignment

* MCD [6] uses individual task classifiers for the two domains

to detect non-discriminative features by maximizing the

classifier discrepancy and reversely learn a discriminative

feature extractor by minimizing the classifier discrepancy.

-~
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AQ,

AQ,

Task classification loss

Classifier discrepancy loss

Task classification loss

_/

[6] K. Saito, K.Watanabe, Y. Ushiku, et al.. Maximum classifier discrepancy for unsupervised domain adaptation. CVPR, 2018.

Classifier trained on source data

Minimize classifier discrepancy

4

10



. Comprehensive Study

» A New Benchmark: On the Utility of Synthetic Data with Blender for Bare Supervised Learning and Downstream

Domain Adaptation.

| l ' . [ : ’ N ol .
4 : Lo AR ESE
Fig: Sample images from the training (left) and validation (middle) domains of VisDA-2017
and our synthesized data (right).
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Comprehensive Study

® Basic and important problems in the context of image classification:
- Lack of comprehensive synthetic data research.
- Insufficient exploration of synthetic-to-real transfer.

® Use a 3D rendering engine to build large-scale synthetic datasets (theoretically infinite)
and do a comprehensive study on supervised learning and downstream transferring.

[7] BEKR. AISEHNEH: ATEESTELAARSRAREMEESL? AITIME, 20226095168,
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Comprehensive Study

Contributions — explore the answers to the following interesting problems:

® Can we utilize synthetic data to verify typical theories and expose new findings? What will we find when
investigating the learning characteristics and properties of our synthesized new dataset comprehensively?

® Can a model trained on non-repetitive samples converge? If it could, how will the new training strategy
perform when compared to fixed-dataset periodic training? Can the comparison provide any significant
intuitions for shortcut learning and other insights?

® How will the image variation factors in domain randomization affect the model generalization? What new
insights can the study provide for 3D rendering?

® Can synthetic data pre-training be on par with real data pre-training when applied to downstream synthetic-
to-real classification adaptation? How about large-scale synthetic pre-training with a small amount of real
data?

® [s our S2RDA benchmark more challenging and realistic? How does it differ from VisDA-2017?



Comprehensive Stl.ldy — Bare Supervsied Learning

® Existing works verify classical theories and reveal new findings on real data:
- The process of acquiring real data cannot be controlled.
- The annotation accuracy cannot be guaranteed.
- There may be duplicate images in the training set and test set.
- The training set and test set are no longer IID.

® Use 3D rendering and domain randomization to generate IID synthetic data:

- Verify learning insights on shortcut learning, PAC generalization, and variance-bias trade-off.

- Explore the effects of changing data regimes and network structures on model generalization.

- Key design: the traditional fixed-dataset periodic training vs. a new strategy of training on non-repetitive
samples.

<>
Fixed

Data

Sample Train Train Generate [
S T e I S T S

Dataset Generator
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Comprehensive Stl.ldy — Bare Supervsied Learning

® Training data:

- SubVisDA-10: 10 object classes common in VisDA-2017 [1] and ShapeNet [8], 130, 725 synthetic
1mages, 46, 697 real images.

- Our 120K synthetic images.

- Our mutually exclusive batches of synthesized samples per iteration (12.8M 1n total).

® Test data:
- [ID data: 60K samples that follow the same distribution as our synthesized training data.

- [ID data without background: 60K 1mages to examine the dependency of network predictions on contexts.
- OOD data: real images from SubVisDA-10.

® Network structures:
- ResNet-50 [9].
_ ViT-B [10].
- Mixer-B [11].
[8] A. X. Chang, T. Funkhouser, L. Guibas, P. Hanrahan, Q. Huang, Z. Li, S. Savarese, M. Savva, S. Song, H. Su, J. Xiao, L. Yi and F. Yu. ShapeNet: An Information-Rich 3D Model
Repository. ArXiv:1512.03012 [cs.GR], Stanford University --- Princeton University --- Toyota Technological Institute at Chicago, 2015.
[9] K. He, X. Zhang, S. Ren, and J. Sun. Deep residual learning for image recognition. CVPR, 2016.

[10] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, et al. An image is worth 16x16 words: Transformers for image recognition at scale. ICLR, 2021.
[11] I. O. Tolstikhin, N. Houlsby, A. Kolesnikov, et al. MLP-Mixer: An all-MLP Architecture for Vision. NeurIPS, 2021.



Comprehensive Stl.ldy — Bare Supervsied Learning

® Fixed-Dataset Periodic Training vs. Training on Non-Repetitive Samples:
- With strong data augmentation, the test results on synthetic data without background are good enough to show that the

synthetically trained models do not learn shortcut solutions relying on context clues.

Tab: Fixed-dataset periodic training vs. training on non-repetitive samples.
FD: Fixed Dataset, True (T) or False (F). DA: Data Augmentation, None (N), Weak (W), or Strong (S). BG: BackGround.

11D 11D w/o BG 00D 11D IID w/o BG 00D 11D IID w/o BG 00D

Data BB DA o b AsclNER  Nah. NV Data FD DA Acc/Mean Acc/Mean Acc. Mean Data FD DA Acc/Mean Acc/Mean Acc. Mean
Backbone: ResNet-50 (23.53M) Backbone: ViT-B (85.78M)  1: Training for 600K iterations Backbone: Mixer-B (59.12M)

SubVisDA-10 T N 11.25 1172 2202 1471 SUEMsBa-A0: W N 12.65 BhEb 2458, WAL SubVisDA-10 T N 12.85 1517 2156 17.02

Ours T N 87.63 7855 2335 23.36 8"15, L. gﬁgé ?é?;_’ 3?23 gjg Ours T N 66.05 5766 2185 21.22
= ursy ; 3 J. : e

Ours F N 98.19 96.39 25.04 26.05 Curs F N 76.34 71.46 3010 2693 Ours F N 90.22 85.86 28.54 27.98

SubVisDA-10 T W 12.31 1353 2595 16.83 £y SubVisDA-10 T W 13.99 2332 27.67 19.86

Ours T W 9554 DigT. 2097 238 2 ra | o ot e e e i T W 7843 7148 2715 2601
i urs : 5746 . b.

SubVisDA-10 T S 17.39 20.32 33.07 2748 QuhVisDA-10 T N 14 45 17 80 31.52 23.74 SubVisDA-10 T S 14.88 24.85 33.19 2612

Ours T S 94.86 95.33 4224 41.73 Ours T S 62.85 63.96 3179  26.56 Ours T S 81.72 83.06 36.57 3343

Ours F S 96.26 96.50 42.82 4225 Ours F S 64.26 64.30 30.89 26.28 Ours F S 84.16 85.25 36.50 33.75
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Comprehensive Stl.ldy — Bare Supervsied Learning

® Evaluating Various Network Architectures:
- In IID tests, ViT performs surprisingly poorly whatever the data augmentation is and even the triple number of training
epochs does not improve much.

Tab: Fixed-dataset periodic training vs. training on non-repetitive samples.
FD: Fixed Dataset, True (T) or False (F). DA: Data Augmentation, None (N), Weak (W), or Strong (S). BG: BackGround.

11D 11D w/o BG 00D 1D IID w/o BG 00D D 1ID w/o BG 00D
Data FD DA AcEEEs  AceMNMEan  Ads.  Msin Data PR DA lacenmenn | Asemism Ade,  Wes Data FD) DA aoe/Medii AccMean A, Mean
Backbone: ResNet-50 (23.53M) Backbone: ViT-B (85.78M) i: Trpining for 600K iterations Backbone: Mixer-B (59.12M)
SubVisDA-10 T N 11.25 1172 2202 1471 SUEMsBa-A0: W N 12.65 BhEb 2458, WAL SubVisDA-10 T N 12.85 1517 2156 17.02
Ours T N 87.63 7855 2335 2336 ou LN 2. o Ours T N 66.05 5766 2185 21.22
Ours F N 98.19 9639  25.04 26.05 e E ﬁ ;:5 33 oy jlg 36-% 22-93 Ours F N 90.22 8586 2854 27.98
SubVisDA-10 T W 12.31 13.53 25.95 16.83 ., . SubVisDA-10 T W 13.99 23.12 27.67 19.86
Ours T W 95.54 9137 2397 22.89 (S)”b_\.]“DA'l L ol AR T2 Ours T W 78.43 71.48 27.15 26.01
urs T W 72.79 67.46 3004 2645
SubVisDA-100 T S 17.39 20.32 33.07 27.48 SubVisDALI0 T S 1445 12.89 3152 2374 SubVisDA-100 T S 14.88 24 85 3319 26.12
Ours T S 94.86 95.33 4224 41.73 Ours T § 62.85 63.96 3179 26.56 Ours T S 81.72 83.060 36.57 33.43
Ours F S 96.26 96.50 42.82 4225 Ours F S 64.26 64.30 30.89 26.28 Ours F 8 84.16 85.25 36.50 33.75
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| Comprehensive Study — Bare Supervsied Learning

® Impact of Model Capacity & Impact of Training Data Quantity:

- There 1s always a bottleneck from synthetic data to OOD/real data, where increasing data size and model capacity brings no

more benefits, and DA to bridge the distribution gap is indispensable except for evolving the image generation pipeline to

synthesize more realistic images.

Accuracy

90
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== ||D
==@== 1D w/0 Background
w=@= 00D (Avg.)

00D (Mean)

Accuracy

| | | B Mixer-S B Mixer-B B Mixer-L
| ‘ HEE ==B

11D w/o Background 00D (Avg.) 00D (Mean) Number of Training Samples
Fig: Generalization accuracy Fig: Generalization accuracy w.r.t.
w.r.t. model capacity. training data quantity.
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Comprehensive Stl.ldy — Bare Supervsied Learning

® Impact of Data Augmentations:

- For the data-unrepeatable training, IID and OOD generalizations are some type of zero-sum game w.r.t. the strength of data

augmentation.

Tab: Fixed-dataset periodic training vs. training on non-repetitive samples.
FD: Fixed Dataset, True (T) or False (F). DA: Data Augmentation, None (N), Weak (W), or Strong (S). BG: BackGround.

11D 11D w/o BG 00D 11D IID w/o BG 00D 11D IID w/o BG 00D

Data PR DR wenien, AsciMesn Ads. W L FD DA Acc/Mean Acc/Mean Acc. Mean Data FD DA Acc/Mean Acc/Mean Acc. Mean
Backbone: ResNet-50 (23.53M) Backbone: ViT-B (85.78M)  1: Training for 600K iterations Backbone: Mixer-B (59.12M)
SubVisDA-10 T N 11.25 1172 2202 1471 SUEMsBacigr W 4§ 4268 BhEb 2458, WAL SubVisDA-10 T N 12.85 1517 2156 17.02
Ours T N 87.63 7855 2335 2336 ou LI 2. o Ours T N 66.05 5766  21.85 21.22
Ours | F N 98.19 96.39 25.04  26.05 o B e e T Ours | F N 90.22 85.86 28.54 2798
SubVisDA-10 T~ W 12.31 13.53 2595 16.83 " =gy = e aes e SubVisDA-10 T W 13.99 23.12 27.67 19.86
Ours T W 95.54 91.37 23.97  22.89 A T W 7979 6146 3004 26l Ours T W 78.43 71.48 27.15  26.01
Ours F W 9635 [27.47 27.49 Ours F w [739 2s0 [590 36w Ours F w [903 8613 [2911 29.49
SubVisDA-10 T S 17.39 20.32 33.07 2748 SubVisDA-10 T S 14.45 12.89 31.52 92374 SubVisDA-10 T S 14.88 24 85 33.19 26.12
Ours T S 94.86 9533 42.24 41.73 Ours T S 62.85 63.96 3179 26.56 Ours T S 81.72 83.06 36.57 _33.43
Ours F S 96.26 96.50 42.82 4225 Ours F S 6430 [3089 2628 |  Ours F S 84.16 85.25 36.50 _33.75
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Comprehensive Stl.ldy — Assessing Image Variation Factors

® Explore how variation factors of an image affect the model generalization:
- Object scale, material texture, illumination, camera viewpoint, and background.
- Different rendering variation factors and even their different values have uneven importance to model generalization.

- Stress the under-explored topic of data generation — AutoSimulate/Weighted Rendering [12].

Tab: Fix vs. randomize image variation factors.

Object Scale Material Texture
Value 1D IID w/o BG Value D IID w/o BG
1 68.77 58.00 Metal 79.58 68.78
1.5 80.80 1222 Plastic 50.29 46.82
2 7761 70.10 Fingerprints 50.35 62.27
Mix 87.12 TS Moss 68.62 63.93
Illumination Camera Viewpoint
Value 1D IID w/o BG Value D IID w/o BG
Location 1 8648 76.02 Location 1 24.60 26.56
Location 2 86.60 76.75 Location 2 2721 28.88
Radius 8691 78.83 Location 3 32.82 32.76
Elevation 8712 77.39 Location 4 33.79 33.07
Background Full Randomization
Value 11D IID w/o BG Value 1D IID w/o BG
No Background 17.68 94.75 Random 87.63 78.55

[12] H. S. Behl, A. G. Baydin, R. Gal, P. H. S. Torr and V. Vineet. AutoSimulate: (Quickly) Learning Synthetic Data Generation. ECCV, 2020.



com prehenSive Stu dy — Exploring Pre-training for Domain Adaptation

® Bare supervised learning on synthetic data results in poor performance in OOD/real tests:
- Pre-training and then domain adaptation can improve.
- However, there 1s little research exploring the effects of pre-training on DA.

® Study how different pre-training schemes including synthetic data pre-training affect the
practical, large-scale synthetic-to-real classification adaptation.



com prehenSive Stu dy — Exploring Pre-training for Domain Adaptation

® Pre-training data:
- Ours: our synthesized 120K 1mages of the 10 object classes shared by SubVisDA-10.
- SynSL: our synthesized 12.8M 1mages of the 10 classes for supervised learning.
- SubImageNet: 25,686 images, the subset collecting examples of the 10 classes from ImageNet [13].
- Ours+SublmageNet: our synthesized 120K images combined with SublmageNet.
- ImageNet-990: the fine-grained subclasses for each of the 10 classes are merged into one.
- ImageNet-990+Ours: ImageNet-990 combined with our 120K synthetic images.
- ImageNet: the full set of ImageNet (1K classes).
- MetaShift: 2.56M [14].

® Downstream task: SubVisDA-10.

[13] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, L. Fei-Fei. Imagenet: A large-scale hierarchical image database. CVPR, 2009.
[14] W. Liang and J. Zou. MetaShift: A Dataset of Datasets for Evaluating Contextual Distribution Shifts and Training Conflicts. ICLR, 2022.



com prEhenSive Stu dy — Exploring Pre-training for Domain Adaptation

® The Importance of Pre-training for DA:
- DA fails without pre-training.

Tab: Comparing different pre-training schemes.
* : Official checkpoint. Green or red: Best Acc. or Mean in each row. Ours w. SelfSup: Sup. pre-training with contrastive learning.

Pre-trainine Dat 410 # Enoct No Adaptation DANN MCD RCA SRDC DisClusterDA

R RRE A ReE b Acc. Mean _ Acc.  Mean _Acc.  Mean _Acc.  Mean Acc. Mean _ Acc.  Mean
No Pre-training - - B 1421 F221308 17.72 FI799% 1620 P19SY 15.19 19588 15.92 F20:878 17.31
ours ZU0K 17 a/.15 4.LY0 491 4s.Y4 . S0.80 | S4.2] SZ.7Z 4470 4745 5409 S491
Ours w. SeltSup 200K 107 47.80 4281 | 47.25 4832 58.33 | 5344 53.31 4021 40.50 5437 54.15
SynSL 200K 1 47.50 44.12 4741 4948 56.92 | 53.61 53.50 | 36.30 | 37.57 | 53.10 54.88
SynSL 1.2M 6 S8 4857 BS5908 56.50 67.70 | 58.19 59.67 | 5§1.87 | 52.32 | 6132 | 63.70
SynSL 2.4M 12 53.47 5384 59.59 59.11 68.83 1 6047 61.19 | 55.17 58.10 6362 64.89
SynSL 4.8M 24 55.02 5372 60.55 60.78 69.53 6033 60.05 55.80 58.36 64.01 65.36
SubImageNet 200K 499 4274 37.16 49.64 4543 52.12 | B8@H 5545 | 56.78 51.24 | 5621 51.09
Ours+SublmageNet 200K 88 4961 4788 5535 5622 62.16 60.31 6007 61.74 62,22 62.47
ImageNet-990 200K 10 31.91 2631 @ 34.68 3229 37.84 H4510 43.10 | 43.69 40.95 | 4156 39.40
ImageNet-990+Ours 200K 9 G0N 30.58 RS 35.22 41.84 4619 43.45 4587 4295  42.07 39.40
ImageNet 200K 10 40.37  33.25 | 42.57 4022 4786 B286 4790  51.62 47.88 | 4929 46.17
ImageNet 1.2M 60 54.69 5127 5850 56.02 65.88  62.69 60.28 60.33 55.00 6228 61.00
ImageNet 2.4M 120 53.84 4755 | 5845 5538 65.38 | 61.65 60.82 6165 5630 6202 6046
ImageNet* 600K 120 57.10 5183  61.92 5875 6487 67.72 66.17 6900 64.92 6835 64.65
MetaShift 200K 5 38.18 3031 38.29 34.04 43.63 3533 42.67 4283 38.02  40.17 35.09
MetaShift 1.2M 30 48.00 39.99 | 53.00 48.17 61.30 3397 | 51.09 [48.69 | 44.49 16028 | 57.15
MetaShift 2.4M 60 47.24 3921 | 58.41 53.85 58.52 | 5864  55.35 | 5171 47.29 G2 60.18

[15] S. Cicek and S. Soatto. Unsupervised domain adaptation via regularized conditional alignment. ICCV, 2019.
[16] H. Tang, K. Chen and K. Jia. Unsupervised Domain Adaptation via Structurally Regularized Deep Clustering. CVPR, 2020. 23
[17] H. Tang, Y. Wang and K. Jia. Unsupervised domain adaptation via distilled discriminative clustering. Pattern Recognition, 2022.



com prEhenSive Stu dy — Exploring Pre-training for Domain Adaptation

® Effects of Different Pre-training Schemes:
- Different DA methods exhibit different relative advantages under different pre-training data.
- The reliability of existing DA method evaluation criteria is unguaranteed.

Tab: Comparing different pre-training schemes.
* : Official checkpoint. Green or red: Best Acc. or Mean in each row. Ours w. SelfSup: Sup. pre-training with contrastive learning.

No Adaptation DANN MCD RCA SRDC DisClusterDA
Acc. Mean Acc. Mean Acc. Mean Acc. Mean Acec. Mean @ Acc. Mean

14.21 [EEEENOE 17.72 IEESGE 16.20 BSMSE 15.19 WIEESEN 15.92 EEST 17.31

Pre-training Data # lters  # Epochs

No Pre-training = :
Ours 200K 107

4296 | 4791 4894 BSB 56.86 5427 52.72 [ 4470 47.45 | 5409 54.91
Ours w. SelfSup 200K 107 4281 | 47.25 4832 S6MM 5833 | 5344 53.31 (4021 40.50 | 5437 54.15
SynSL 200K 1 44.12 [ 4741 4948 | B5IB 56.92 5361 53.50 [3630 37.57 [53.10 54.88
SynSL 1.2M 6 4857 | 55.90 5650 G482 67.70 58.19 59.67 51.87 52.32 6132 63.70
SynSL 2.4M 12 5384 59.59 59.11 6555 6883 6047 61.19 | 5517 58.10 63.62 64.89
SynSL 4.8M 24 5372 | 60.55 60.78] 6569 [69.53 60.33 60.05 5580 5836 6401 65.36
SubImageNet 200K 499 37.16 [49.64 4543 [ 5488 52.12 56.78  51.24 | 5621 51.09
Ours+SublmageNet 200K 88 4788 | 5535 5622 | 6090 62.16 | 61 31 6007 | 61.74 | M| 62.47
ImageNet-990 200K 10 2631 3468 3229 3948 37.84 HSHO 43.10 43.69 4095 4156 39.40
ImageNet-990+Ours 200K 9 3058 | 38.15 3522 | 4238 41.84 HE6N9 43.45 4587 4295 4207 39.40
ImageNet 200K 10 3325 (4257 4022 [49.04 4786 B2BE 47.90 5162 47.88 (4929 46.17
ImageNet 1.2M 60 5127 | 58.50 56.02 | 6528 6588 62.69 60.28 60.33 55.00 6228 61.00
ImageNet 2.4M 120 | 53.84 4755 5845 5538 @528 6538 6165 60.82 6165 56.30 | 62.02 60.46
ImageNet* 600K 120 | 57.10 5183 6192 5875 6459 6487 6772 66.17| 6900 [64.92 6835 64.65
MetaShift 200K 5 3818 | 3031 [ 3829 42.83 35.09
MetaShift 1.2M 30 48.00 3999 53.00 48.69 28 57.15
MetaShift 2.4M 60 47.24 3921 5841 5171  47.29| G2 | |60.18
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com prEhenSive Stu dy — Exploring Pre-training for Domain Adaptation

® Synthetic Data Pre-training vs. Real Data Pre-training:
- Synthetic data pre-training 1s comparable to or better than real data pre-training — Synthetic data pretraining is
promising.

Tab: Comparing different pre-training schemes.
* : Official checkpoint. Green or red: Best Acc. or Mean in each row. Ours w. SelfSup: Sup. pre-training with contrastive learning.

No Adaptation DANN MCD RCA SRDC DisClusterDA
Acc. Mean  Acc. Mean Mean Acc. Mean Acc. Mean @ Acc. Mean

No Pre-training : = 2389 1421 22300 17.72 1620 (19.15 15.19 [ 1958 15.92 [2087 17.31
Ours 200K 107 4773 4296 4791 4894

Pre-training Data # lters  # Epochs

56.86 | 54.27 52.72 | 44.70 | 47.45 | 54.09 5491
Ours w. SelfSup 200K 107 | 47.80 42.81 | 47.25 4832 58.33 | 5344 53.31 4021 40.50 | 5437 54.15
SynSL 200K 1 47.50 44.12 | 4741 4948 56.92 ['5361 53.50 [3630  37.57 5310  54.88
SynSL 1.2M 6 51.22 4857 | 55.90 56.50 67.70 | 58.19 59.67 | 51.87 | 52.32 | 6132 63.70
SynSL 2.4M 12 53.47 5384  59.59 59.11 68.83 6047 61.19 55.17 58.10  63.62 64.89

| SynSL 4.8M 24 55.02 5372  60.55 60.78 69.53 6033 60.05 5580 58.36 6401 6536 |
SubImageNet 200K 499 [ 4274 | 37.16 | 49.64 4543 52.12 VBB 55.45 561780 51.24 [I56210 51.09
Ours+SublmageNet 200K 88 4961 4788 5535 56.22 62.16 | 61.11 60.31 | 6007 61.74 | 62BB 62.47
ImageNet-990 200K 10 3191 | 2631 | 34.68 3229 37.84 | HSHO 43.10 43.69 40.95 4156 39.40
ImageNet-990+Ours 200K 9 36.53 3058 | 38.15 3522 4238 41.84 H6MO 43.45 4587 42.95 4207 39.40
ImageNet 200K 10 40137 3325 [42:57 4022 [49:04 47.86 |BEBE 47.90 [5162 47.88 4929 46.17
ImageNet 1.2M 60 54.69 5127 58.50 56.02 6528 65.88 62.69 60.28 60.33 55.00 6228 61.00

| ImageNet 2.4M 120 | 53.84 4755 | 5845 5538 65.38 61.65 60.82 61.65 5630 6202 6046 |
TmageNet* 600K 120 | 57.10 5183 | 61.92 5875 : 6487 | 67.72 66.17 6900 64.92 6835 64.65
MetaShift 200K 5 38018 3031 [3829 3404 [4530 4363 [HSHO3 4267 [4283 38.02 [4017 35.09
MetaShift 1.2M 30 48.00 3999 53.00 4817 6404 6130 5397 51.09 4869 4449 6028 57.15
MetaShift 2.4M 60 47.24 3921 5841 53.85 58.52 | 5864 5535 | 51.71 | 47.29 | BB | 60.18
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com prEhenSive Stu dy — Exploring Pre-training for Domain Adaptation

® Synthetic Data Pre-training vs. Real Data Pre-training:

- Synthetic data pre-training 1s comparable to or better than real data pre-training — Synthetic data pretraining is

promising.
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Fig: Learning process (Mean) of MCD (left) and DisClusterDA (right) when varying the pre-training scheme.
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com prehenSive Stu dy — Exploring Pre-training for Domain Adaptation

® Implications for Pre-training Data Setting:
- Big Synthesis Small Real is worth deeply researching.
- Pre-train with target classes first under limited computing resources.

Tab: Comparing different pre-training schemes.
* : Official checkpoint. Green or red: Best Acc. or Mean in each row. Ours w. SelfSup: Sup. pre-training with contrastive learning.

No Adaptation DANN MCD RCA SRDC DisClusterDA
Acc. Mean Acc. Mean Acc. Mean Acc. Mean Acc. Mean Acc.  Mean

14.21 EEEENON 17.72 IEESSE 16.20 BSMSE 15.19 BIEESEN 15.02 FEOESTE 17.31

Pre-training Data # lters  # Epochs

No Pre-training -

—| Ours 200K 107 '}'.7 4296 4791 4894 56.86 | 5427 52.72 | 44770 47.45 | 54.09 54.91
Ours w. SelfSup 200K 107 4780 4281 4725 4832 38.33 5344 5331 4021 4050 5437 54.15
SynSL 200K 1 47.50 44.12 4741 4948 5692 | 53.61 53.50 | 3630 37.57 | 53.10 54.88
SynSL 1.2M 6 51.22 4857 | 55.90 @ 56.50 67.70 BSBHEN 50.67 EOLEEIN 52.32 EOISZN 63.70
SynSL 2.4M 12 53.47 5384 59.59 59.11 68.83 6047 61.19 55.17 58.10 6362 64.89
SynSL 4.8M 24 55.02 5372 60.55 60.78 69.53 6033 60.05 55.80 5836 64.01 65.36
SubImageNet 200K 499 42,74 37.16 | 49.64 4543 5488 52.12 5545 | 56.78 51.24 51.09
Ours+SublmageNet 200K 88 4961 4788 5535 5622 6090 62.16 61.11 60.31 60.07 61.74 6 62.47
ImageNet-990 200K 10 31.91 2631 3468 3229 3948 37.34 43.10 43.69 4095 4156 39.40
ImageNet-990+Ours 200K 9 36.53 3058 @ 38.15 3522 4238 41.84 43.45 [45.87 42.95 4207 39.40
ImageNet 200K 10 40.37 3325 | 4257 40.22 4786 5 4790 @ 51.62 47.88 4929 46.17 l_
ImageNet 1.2M 60 24.69 5127 15850 56.02 65.88 1 62.69 60.28 6033 55.00 6228 61.00

65.38 ' 61.65 60.82  61.65 5630 62.02 60.46

ImageNet 2.4M 120 53.84 4755 5845 5538

ImageNet* 600K 120 57.10 5183 | 61.92 5875 6459 6487 6772 66.17 64.92 64.65
MetaShift 200K 5 38.18 | 3031 | 38.29 | 34.04 [ 4539  43.63 42.67 38.02 35.09
MetaShift 1.2M 30 48.00 3999 @ 53.00 48.17 61.30 51.09 48.69 44.49 57.15
MetaShift 2.4M 60 47.24 3921 | 5841 5385 | 61.10 5852 5864 5535 5171 47.29 60.18

27



com prEhenSive Stu dy — Exploring Pre-training for Domain Adaptation

® The Improved Generalization of DA Models:
- Real data pre-training with extra non-target classes, fine-grained target subclasses, or our synthesized data added for
target classes helps DA.

Tab: Comparing different pre-training schemes.
* : Official checkpoint. Green or red: Best Acc. or Mean in each row. Ours w. SelfSup: Sup. pre-training with contrastive learning.

No Adaptation DANN MCD RCA SRDC DisClusterDA
Acc. Mean  Acc. Mean Mean Acc. Mean Acc. Mean @ Acc. Mean

No Pre-training - - 2 1421 22305 17.72 1620 QOMSE 15.19 OSSN 15.92 EHESEN 17.31
Ours 200K 107 47.73 4296 4791 4894

Pre-training Data # lters  # Epochs

56.86 | 5427 52.72 | 44770 47.45 | 54.09 54.91
Ours w. SelfSup 200K 107 47.80 42.81 | 47.25 48.32 58.33 | 5344 53.31 4021 40.50 5437 54.15
SynSL 200K 1 47.50 44.12 4741 4948 5692 | 53.61 53.50 | 3630 37.57 | 53.10 54.88
SynSL 1.2M 6 51.22 4857 | 55.90 @ 56.50 67.70 [ 5819 59.67 | 51.87  52.32 [6132 63.70
SynSL 2.4M 12 53.47 5384 | 59.59 59.11 68.83 6047 61.19 55.17 58.10 6362 64.89
SynSL 4.8M 24 55.02 5372 60.55 60.78 69.53 6033 60.05 55.80 5836 64.01 65.36
SubImageNet 200K 499 4274 37.16 49.64 4543 52012 5545 | 56.78 51.24 51.09
Ours+SublmageNet 200K 88 4961 4788 | 5535 56.22 62.16 | 61.11 60.31 | 6007 61.74
ImageNet-990 200K 10 31.91 2631 34.68 32.29 37.84 43.10 43.69 40.95
ImageNet-990+Ours 200K 9 36.53 3058 | 38.15 35.22 41.84 43.45 4587 4295
I ImageNet 200K 10 40.37 3325 | 4257 40.22 4786 5§ 4790 @ 51.62 47.88
ImageNet 1.2M 60 04.69 | 5127 58.50  56.02 65.88  62.69 60.28  60.33  55.00
—I ImageNet 2.4M 120 53.84 4755 | 5845 55.38 65.38  61.65 60.82 61.65 56.30
ImageNet™ 600K 120 57.10 5183 6192 5875 6487 6772 66.17 64.92
MetaShift 200K 5 38.18 3031 38.29 34.04 43.63 42.67 4283 38.02

6130 5397 51.09 4869 44.49
5852 | 5864 5535 | 5171 47.29

MetaShift 1.2M 30 48.00 3999 @ 53.00 48.17
MetaShift 2.4M 60 47.24 3921 | 5841 53.85
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- comprEhenSive StUdy — A New Synthetic-to-Real Benchmark

® Introduce a new, large-scale synthetic-to-real benchmark for classification adaptation (S2RDA):

- S2RDA-49 + S2RDA-MS-39.
- Provide a baseline performance analysis for representative DA approaches.
- Set a more practical and challenging benchmark for future DA research.

3 :

s . -"'\ :

Fig: Sample images from the synthetic (left) domain and th
Tab: Domain adaptation performance on S2RDA.

L e

e real domains of S2RDA-49 (middle) and S2RDA-MS-39 (right).

e er s

Transfer Task No Adaptation DANN MCD RCA SRDC DisClusterDA
; Acc. Mean Aecc. Mean Ace. Mean  Aecc. Mean  Acc. Mean  Ace.  Mean
S2RDA-49 5180 42190 4706 4704 [4251 | 4777 4707 | 4846 - 5298 53.03 52.34 29

e 2533

S2RDA-MS-39 12203 20.54 | 22,82 | 2220 | 2207 22.16 [ 23.34 | 2253 | 2583 24.55




01

02

03

Synthetic data as a new benchmark

Synthetic data are well suited for use as toy examples
to verify existing deep learning theoretical results or
explore new theories.

Evaluation metrics robust to pre-training

The comparison among various DA methods yields
different or even opposite results when using
different pre-training schemes. DA researchers
should propose and follow evaluation metrics
enabling effective and fair comparison.

More realistic simulation synthesis

We will consider more imaging parameters, €.g.,
randomizing the type and hue of the light, including
physical objects with actual textures from YCB, and
using the flying distractor.

<samumnaill

Future Work

04

05

To explore deep learning based data generation

Our proposed paradigm of empirical study can
generalize to any data generation pipeline. Our
findings may be data source specific and the
generalizability to other pipelines like GANSs,
NeRFs, and AutoSimulate is to be explored.

Applicability to other vision tasks

Our new paradigm of empirical study for image
classification can also be applied to other vision
tasks of semantic analysis, e.g., Kubric and
HyperSim for segmentation and object detection.



A Takeaway Message

To solve the basic and important problems in the context of image classification, such as the lack of
comprehensive synthetic data research and the insufficient exploration of synthetic-to-real transfer, we
propose to exploit synthetic datasets to explore questions on model generalization, benchmark pre-
training strategies for DA, and build a large-scale benchmark dataset S2RDA for synthetic-to-real

transfer, which can push forward future DA research.

Code and datasets
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