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fine-TUning pre-trained models for Robustness under Noisy labels - | e
TURN o

e Previous Approaches:
o Computationally Expensive
o Datsets Rely on Human Annotations
o Fine-Tuning Fails under Label Noise
o Robustness Suffers

e TURN
o (enerally Applicable Methodology
o Computationally Tolerable
o Better Robustness
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Neural Networks

You all know this:

e Input -> Layers with Weights -> Output (Generative, Classification, ...)
e Machine Learning

e Data Hungry

e Different Architectures
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Robustness

e Keep performance under:
o Noise
o Qut of Distribution (OOD)
o Domain shift
o Variations (rotations, color shift, word order,...)

o Adversarial attacks
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Error

0.0~

Ui

0.4 -

.37

0.2™

0.1

0.0~

- train
—  fest

—

20

40
Epochs

60

80

i
100

4]

UNIVERSITAT

FRANKFURT AM MAIN



Dataset-Problems

e Size of Datasets
e Human Annotation Impossible
e Severity of Noise Unclear

e Real World is Noisy (Importance of Robustness)
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Pre-trained

e Already Trained Model with Saved Weights
e |ImageNet [16]

o 1000 Object Classes

o 1.281.167 Training Images

e Robust Feature Extractor
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Feature Extractor
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DEEP LEARNING NEURAL NETWORK
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e Further Training of Pre-Trained Model

e Higher Accuracy at Specific Task or Better Robustness / Generalization
e Computationally Cheaper than Training from Scratch

e Possibility of Tailor Models

e Different Types:

o Full Fine-Tuning (FFT)
o Last Layer Retraining (LLR)
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Label Noise

e Change in Training Labels

e Severity

e Symmetric (Uniformly Random Switches of Annotations)
e Asymmetric (Switches within Similar Categories)

e Instance (Switches within Similar Categories dependent on the Instance)
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Prior Work
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e Detection of Corrupted Instances
o Co-Teaching (train 2 NNs) [9]
o DivideMix [6]
o Thisis where TURN [1] is Located as Well

e |oss Function and Regularization Terms
o (eneralized Cross Entropy Loss [8]
o Early Learning Regularization [9]

o Self-Supervised
o SIMCLR [7]

e Limited Research with PTMs under Noisy Labeled Datasets
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Intuition

e Observation 1:
o High Label Noise can Significantly Distort the Feature Extractor under FFT

e QObservation 2.
o FFT can Effectively Enhance the Feature Extractur under low Label Noise
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Feature Extractor
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Figure 2: Illustration about tuning characteristics under noisy labeled dataset. We plot t-SNE results before and after FFT on the noise ratio of
90% and 10% datasets. Simply speaking, 60% shows well-clustered features while 90% shows poorly-clustered result.
[1]
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Intuition

e Loop:

o Step 1.
m Use Pre-Trained Model to Extract Training Data with Correct Labels

o Step2:
m Use FFT with the Clean Training Set
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Mathematical Foundation ONVERSITAT

UR

Notation:

e Dataset: D, 4in = {Ti, 9i ﬁil, with x; being the image and 7; being the
given label (can be wrong/noisy)

e Linear Classifier: g(z;¢), taking an input z and with ¢ as the updatable
weights

e Pre-trained Feature Extractor: f(z;#), taking an input z and with 6
as the updatable weights

e Gaussian Mixed Model (GMM) Threshold: 7 for deciding which

images to keep in the cleaned datasct

e Number of EpOChS: ELp and EFFT

12. August



TURN-Algorithm
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Phase I

e Linea Probing (LP)
e Training of Classifier 9(zi;®) for ErLp

e Weights are Updated Using Generalized Cross Entropy Loss:

. With g € (0, 1]
[ o 1 — g(zi7 ¢)q asla 1
GCCE — ———————————————— Hyperparameter

q
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TURN-Algorithm

Phase I
o For Eppr

o Create  Dcjoan

o FFT with Cross-Entropy as Loss-Function
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Creation of DC’lean

n — m’i’flmg{l,...,()’} | Dclea,n |

c = Class

Dclea,n — Uccle( . n)

clean’

The new dataset is created with n randomly chosen samples from cach class

with loss Lop(g9(f(zi;0);0),9:) < T
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Experimental Setup / Specifics

e Datasets e Label Noise
Dataset #class | #train | # valid | # test O Variety for CIFAR-100
CIFAR-100 100 | 475K | 25K | 10K . -
Clothine M 14 o T O ReaI-Wngd Noise in Clothing1M and
WebVision | 1,000 | 2.4M z 50K WebVision
e Models e J[raining Time
o VIT-B/16 [10] o 20 Epochs LP
o ResNet [12] o 5 Epochs FFT

o ConvNext-t [13]
o CLIP-VIT-B [11]
o MAE-VIT-B [14]
o MSN-VIT-B [19]
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Results
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e Promising Results

e Robust Algorithm for Transfer of Knowledge from Pre-Trained Model to Target Dataset
e Better Results than Previous Algorithms (Compared Ones)

e Usable for Datasets with Unknown Label Noise

e Computationally Affordable (Need to Train Only 1 DNN)
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Results
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lumng C“"KR-’M
Type Alg. Symm. 0.6  Symm. 0.9 Asym. 0.4 Inst. 0.4 Symm. 0.6  Symm. 0.9 Asym. 0.4 Inst. 0.4
ViT-B/16 ConvNeXt-T
CE 88.45+0.59 6231151 61.25+1.52 64.42+0.14 | 79.12+032 54.72+1.01 68.31+0.52 57.61+0.40
FFT GCE | 89.82+1.32 46.51+0.62 83.73+031 1.31+0.60 | 81.53+0.52 62.31+0.82 79.52+0.73 1.17+0.21
ELR 88.524+0.18 63.52+0.52 77.83+0.52 83.34+0.27 | 7893+0.68 51.524+0.74 74.62+042 67.14+032
CE 81.204049 64.174+0.62 61.15+1.24 61.62+0.04 | 70.674+0.69 53.14+0.26 54.83+0.14 62.15+0.31
GCE | 83.194+091 81.21+0.15 76.32+063 43.11+0.20 | 73.76+1.32 65.21+0.83 70.26+0.25 5.00+0.05
LP ELR 81.234+024 65.58+0.62 64.374+0.83 69.43+0.00 | 70.95+0.16 52.384+0.83 57.15+0.52 61.314+0.21
DMix | 84.314+0.28 80.72+0.52 82.62+0.73 84.26+0.32 | 74924092 68.25+1.14 72.41+025 65.7340.52
UNC | 83.15+046 80.23+1.25 83.51+1.18 84.32+031 | 71.124+0.71 60.35+0.76 63.92+029 69.25+0.3
LP-FFT Ours | 90.62+0.42 84.35+1.13 88.13+1.00 87.57+0.15 | 83.83+0.52 70.01+1.32 81.28+1.12 73.40+0.13
MAE-ViT-B MSN-ViT-B
CE 60.21+052 7584023 55.48+0.52 50.70+0.32 | 67.42+028 5.52+0.13 57.35+0.74 62.24+0.41
FFT GCE | 58.474+092 3.06+0.41 60.54+0.85 1.004+0.00 | 65.51+0.77 7.164+0.32 61.58+0.52 1.00+0.00
ELR 63.24+062 7.84+0.13 61.47+0.52 48.24+0.52 | 67.194+0.63 5.00+0.24 70.58+0.75 58.14+042
CE 48.31+0.86 20.29+40.15 38.98+0.53 44.62+0.75 | 60.014+0.65 22.82+0.62 47.724+0.86 63.85+0.53
GCE | 49.8240.73 14.13+0.72 48274065 1.79+036 | 47.75+0.86 14.15+0.83 42.49+082 1.45+0.74
LP ELR | 47.88+0.72 17.26+0.62 39.32+0.83 46.524+0.53 | 60.21+046 20.724+0.65 51.044+025 61.13+0.54
DMix | 59.46+093 24.890+0.86 55.64+0.72 51.284043 | 70.28+0.52 42.58+0.67 65.51+085 61.45+0.26
UNC | 37.134+052 21.324+0.57 34214086 39.15+1.24 | 67.15+098 51.824+096 61.02+0.74 66.32+1.23
LP-FFT Ours | 64.33+0.26 28.83+0.75 65.97+1.00 56.53+1.32 | 79.52+0.73 54.35+0.64 75.33+0.24 69.13+1.42
CLIP-ViT-B ResNet-50
CE 80.174+0.50 26.84+094 64.314+0.85 72.664+030 | 66.12+1.32 0.75+0.61 S51.98+1.07 56.12+2.58
FFT GCE | 81.56+1.01 3.184068 78.35+0.87 1.13+0.12 | 55.784+0.42 5.14+1.52 57.04+0.87 1.2140.25
ELR | 76.244051 3227+1.18 75.38+1.17 71.66+0.56 | 65.38+0.69 8.51+1.59 61.21+1.10 56.60+1.55
CE 74.244091 52.17+1.18 53.99+1.79 63.09+1.33 | 67.19+0.52 49.17+1.70 53.5242.00 54.95+2.22
GCE | 79.66+1.13 6549+135 72914036 19.87+043 | 65.21+1.52 49.32+0.76 58.24+2.19 57.58+1.80
LP ELR 73.924+121 51944060 56.57+2.67 65.11+1.72 | 65.14+093 4953+1.09 55.08+1.49 5451+1.21
DMix | 77.97+099 69.55+090 75.17+1.70 71.124+038 | 71.03+0.92 56.54+0.54 62.85+1.45 60.40+1.18
UNC | 73.544+052 5955+1.07 67374138 72474268 | 70.03+1.53 58.0840.92 66.41+089 67.7940.61
LP-FFT Ours | 84.12+0.82 72.55+1.45 78.41+0.89 80.96+1.97 | 73.32+093 59.64+0.60 69.38+1.00 69.78+0.76




Results
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Architecture LP FFT LP+FFT
CE GCE ELR DivideMix UNICON CE GCE ELR Ours
ViT-B/16 67.83/67.54 6746/67.46 6691/66901 68.13/68.13 68.42/6842 | 68908/6808 69.74/69.74 68.73/68.73 | 70.28/70.28
ConvNeXt-T | 64.82/6481 64.50/64.59 o64.17/64.17 66.12/6542 67.33/6692 | 68.80/68.80 68.92/68.92 69.19/68.52 | 69.63/69.63
MAE-VIT-B 5.067 5.06 5927 5.92 3.28 / 8.28 3.04/ 8.04 852/ 852 | 61.31/61.31 6080/60.80 61.51/61.51 | 61.96/61.96
MSN-VIT-B 6.777 6.77 6.20/ 6.20 7.64/ 7.64 6.42/ 6.42 6.31/ 631 | 66.88/63.38 67.06/65.41 6632/66.32 | 69.13/69.13
ResNet-50 7.08/7 7.08 7.18/7 7.18 6.68 / 6.68 8.13/ 8.13 8324/ 824 | 66.10/66.02 66.19/66.19 66.19/66.19 | 66.31/66.31
‘WebVision
Architecture LP FFT LP+FFT
CE GCE ELR DivideMix UNICON CE GCE ELR QOurs
ViT-B/16 84.62/8448 8432/84.24 8448/84.32 B84.72/84.72 85.68/85.68 | 84.20/83.04 83.40/83.40 84.92/83.72 | 85.96/85.92
ConvNeXt-T | 85.24/85.24 85.12/85.04 86.28/86.28 86.40/8640 86.24/86.24 | 84.00/82.68 8540/84.92 84.52/83.44 | 87.16/ 86.44
MAE-VIT-B | 48.00/48.00 47.32/47.28 49.76/49.76 5940/58.44 56.96/53.80 | 6748/65.64 63.16/62.84 67.80/67.80 | 69.45/68.45
MSN-VIT-B | 7740/7740 7440/7440 7400/7400 76.56/7640 77.72/717134 | 77.04/77.80 7228/72.28 7T488/72.28 | 78.36/75.40
ResNet-50 84.88/84.72 81.68/81.68 84906/8496 85.16/85.16 85.04/85.04 | 7800/76.44 77.04/7092 80.44/77.44 | 85.36/85.36
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Relevance / Future Work / Open Questions

FRANKFURT AM MAIN

e Robustness and Computational Cost are Essential
e Dataset Generation is Almost Impossible in that Size -> Need for Methodology

e There is a Need for Further Analysis of Fine-Tuning Options Given its Importance
e Influence of Pre-Training on Later Fine-Tuning

e Show of Robustness ?
e Compared Algorithms Seem Insufficient
e Does it Work on Small Datasets?
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Questions?
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