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Background: Noisy Label in the Training Set

Noisy labels: mis-annotated labels. V.S. Clean labels: correctly-annotated labels.

* Annotator mistakes * Noisy search engine results * Pseudo-labels
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\
The training data is corrupted in the label space with unknown corruption process.



Target: ldentify Clean Subset to Improve Model Training
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Motivation: Different behaviors between clean and noisy labels;
A . Measure the different behaviors;
. ;%T = . When will our method work?
> 4 The sufficient conditions to identify all the clean data;
Control the false-selection-rate in general scenarios;
Algorithm: How to incorporate sample selection with model training?
Application: semi-supervised few-shot learning; learning with noisy labels.
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3. . Knockoffs Comparison > 4, Theory: False-Selection-Rate Control Theorem
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—> 5. Applications: Semi-supervised Few-Shot Learning & Learning with Noisy Labels




1. Method: Instance Credibility Inference

Clean Sample Selection
with Statistical Sparsity



ldentify Noisy Label: Linear Assumption in Networks

Network FC One-hot Network One-hot
Featu res output labels Features labels
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‘ ": there are fewer single noisy than clean

In a 2-class classification task, there should be more clean samples in class A than one-second of all samples labeled as A.

Yikai Wang et al. Instance Credibility Inference for Few-Shot Learning. CVPR 2020.



ldentify Noisy Data in Label Space: The Indicator
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[Wright et al. TPAMI 09] [She et al. JASA 11] [Fu et al. ECCV 14, TPAMI 16.] [Fan et al. Statistical Sinica 18] [Yikai Wang et al. CVPR 20, TPAMI 21, CVPR 22, TPAMI 23]



Motivation of y

y=a B+e+7

A

- ~,; equals to the residual predict error v; = y; — .

1

Leave-one-out externally studentized residual:
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& test whether v =01iny = X3+ ~v1; + €.
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y=XB+e+r

Yiyuan She and Art B Owen. Outlier detection using nonconvex penalized regression. Journal of the American Statistical Association, 2011.



Select Clean Sample in the Dataset

yi = x; B+e+
SR
"

- / - J -

clean data: zero ||y|l;

Vi

'\

/

noisy data: large [|y||.

argminL (8,7) = |Y — XB — |z + AP (7)

Yikai Wang et al. Instance Credibility Inference for Few-Shot Learning. CVPR 2020.
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Simplification: Remove f

argminL (B8,7) = |Y — X8 — 7|z + AP (7)

B
o5 =0 l B=(XTX)' X" (Y )
2
argmin [[Y — X (XTX)' X7 (Y —v) — 4| +AP(y)
R F

~

H=X(X"X) X7 l X=I-HY=XY

2
argmin [|[Y — X~ F+)\P (~y)
Y

A linear regression problem!

Yikai Wang et al. Instance Credibility Inference for Few-Shot Learning. CVPR 2020.



Simplification: How to decide A7

2
argmin Y — X~ . + AP ()
7

We regard v = f(\). | Solution Path

When A — oo, v — 0. 10 -
With P () =322 [[7ille: 2

~ vanishes instance by instance. - \\
Z, = sup{\: [V # 0} ‘ ESC L
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[1] Friedman, et al. 2010. “Regularization Paths for Generalized Linear Models via Coordinate Descent.” Journal of Statistical Software.



Select Clean Sample in the Dataset (Callback)

T A N
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Yikai Wang et al. Instance Credibility Inference for Few-Shot Learning. CVPR 2020.



N Oisy Set Re COve ry 2. Theory: Noisy Set Recovery

Advantages and Disadvantages



Noisy Set Recovery

2

T 1Y — X
yzzxzﬁ_|_g_|_f% arg’:;nm Y X')/F—I—)\P('y)

When can our method identify all the clean/noisy data?

Theorem 1 (Noisy set recovery). Assume that:

C1, Restricted eigenvalue: )\mm(X Xg) Crin > 0;
C2, Irrepresentablllty there exists a n € (0,1], such that

I XL Xs(XI Xs)™ 1”00 <1-—mn; Noisy Set Recovery (in natural language):

C3, Large error: . = min;cs |57 > h(, 77,)"(,»7*); 1. With C1-C3, we can identify all the noisy data.
where ||Alloo = max; 3, |Ai ], and (), n, X,5%) = 2. With C1-C2, the identified noisy data is the
>\77/\/Cmmux FA(XIX ) Lsign(9%) || oo- of ground-truth noisy data.

Let A > UV“ X \/log cn. Then with probabzlzty greater than

1 — 2(cn) modelAEq (8) has a unique solution 4 such that: 1)
If C1 and C2 hold, C¢ C C€;2) If C1, C2 and C3 hold, C¢ = C°.

Yikai Wang et al. How to Trust Unlabeled Data? Instance Credibility Inference for Few-Shot Learning. TPAMI 2021.



Verification: Will satistying conditions lead to improved accuracy?

Satisfied Assumptions None C1 C1 and C2 All
Improved Episodes 0 424 1035 40
Total Episodes 0 793 1164 43
[/T — 53.5% 88.9% 93.0%

1) In more than half of the experiments the assumptions C1-C2 are satisfied.
Most of them (89.0%) will achieve better performance after self-taught with ICI.

2) When all the assumptions are satisfied, we will get better performance in a
high ratio (93.0%).

3) Even if C2-C3 are not satisfied, we still have the chance of improving the
performance (53.5%).

Yikai Wang et al. How to Trust Unlabeled Data? Instance Credibility Inference for Few-Shot Learning. TPAMI 2021.



Challenges of Noisy Set Recovery

T : _
yz=$@5+€+% arg’:;nm Y X')/F—I—)\P('y)

Theorem 1 (Noisy set recovery). Assume that:

C1, Restricted eigenvalue: )\mm(XgXS) Crin > 0;
C2, Irrepresentablllty there exists a m € (0,1], such that Uncontrollable Challenges:

HXScXS(X Xs) 1”00 <1-—n; » The C2 requires knowledge about the

C3, Large error: 77 —_mm 5% > h(), X ), ground-truth noisy set, which is unknown in
min fEL 1 ' 2/* ’ practice.

where ||Alloc = maxzz A ’J| and h(A, n,X V) = » Our target is to select clean data, but in

AT]/\/CmmMX + A I(XEXs) s1gn('73) Hoo most cases (C1-C2 satisfied), we will still

Let A > Gm\/ og cn. Then with probability greater than falsely-select noisy data, and we do not

1 — 2((: )~ 1, modelAEq. has a unique solution 5 such that: 1) know the false-selection-rate.

If C1 and C2 hold, C¢ C C¢;2) If C1, C2 and C3 hold, C¢ = C°.

Yikai Wang et al. How to Trust Unlabeled Data? Instance Credibility Inference for Few-Shot Learning. TPAMI 2021.



Clean Sample Selection

with Controlled False-Selection-Rate

3. Method: Knockoffs Comparison



Motivation: Bi-Level Comparison
yi =x; B+e+7

We transform the sample selection problem into a

f. N\ ~ r N
... = /i < Zj &> sample i is more reliably than sample j
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Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.



Motivation: An extra sign comparison

~S

I . Permut}e |
Yi =, B+e+ v -+ ¥i (1,0,0) 0.1,0)%,

> Compare <
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Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.



Label-Knockoff Comparison

Y — X8 -~z + AP (¥)
E Y — X3 —7[[p + \P(v),

+ — 3 >

i — XB =~ +AP(7).
Y; (1,0,0) —UE (0,1,0); F

l

Z; = sup{ A ||vi(A)| # 0} P

> Compare <

Y g— - . ] ;T ~’ D % :
W, = Z; Sigﬂ(zz Zz)- {Z,L- — Sup{)\ : ’)7@'()\) s O} §

———————————————

- N ® Clean

® Noisy clean data: zero ||y|| , small Z;
e ooe l|esss! eea e oo noisy data: large ||y||, large Z.

Select data with small negative statistics:

l+#{7:0< W, <t} }
#47:—t < W, <O}\/1_q

Co={j:-T < W, <0}, T:max{t>0

Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.



Knockoff Comparison: Why Permutation Label?

Y — X8 — |z + AP (7) > Clean label - noisy label:
4+ Ideally W.

Y; (1,0,0) —XMUE (0,1,0),

: 1 : cC—2
» Noisy label — clean label (:), noisy label (c—_1)’
where ¢ denotes the number of classes.
1) Noisy — clean:

> Compare <

- W.
Wi = 2; - Si-gﬂ(Zz‘ — Zz‘)- i) Noisy — noisy:
! W.
R ® Clean approximately equal probability to be or
® Noisy
O [ M W \.-J e 6 e 6 6.
° Select data with statistics:

clean data: zero ||y|| , small Z;
noisy data: large ||y||, large Z.

Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.



Knockoff Comparison: How to decide T (intuitively)?

Select data with statistics:

| 1+ #{7:0<W; <t}
Co={j: -T<W, <0}, T= t> 0
2 = {j: ~T < W; <0}, max{ 7 t<W,<0jvi ¢

> Clean label — noisy label: |:| [ ] DDDDDDDDDD

|deally W.
\ _______ / W score

» Noisy label — clean label (c—%)’ noisy label (:—i),

where ¢ denotes the number of classes. The samples fall in the negative interval:

i) Noisy — clean: 1. clean labels, great!

W 2. noisy labels, bad..
i) Noisy — noisy: Can we know the number?
W. Yes, approximately the number of samples
approximately equal probability to be or . INn the iIntervall

Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.



Knockoff Comparison: How to decide T (formally)?

Select data with

Co={j:-T < W, <0}, T:max{t>():

We aim to control the false selection rate:

FSR =F

#{iigHoNC})

i #{j:jéé}\/l

And in our problem, FSR becomes:

FSR(t) =

H#{j:v;#0and —t < W,; <0}

#{j:—tSWj<O}V1

statistics:

1—|—#{j:O<Wj

<t} <q}

#{j:—tSWj<O}\/1_

#{’YJ#O, —tSWj <O}

We can decompose it into:

14+ #{v; #0, 0 < W; <t}

E|;

E

IA

I

E

|
|

#{v; #0,0<W; <t}

#{v; £0, -t < W; < 0}

#{—t<W,; <0} V1

1+ #{0< W; <t}

#{v; £0, -t < W; < 0}

1+ #{v;#0,0<W; <t} #{-t<W; <0}Vl

Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.
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False-Selection-Rate

COntrOI 4. Theory: False-Selection-Rate Control
IN general scenarios



False-Selection-Rate Control

yi=a; B+e+7

Theorem 1 (FSR control). For c-class classification task, and for all0 < q <1,
the solution of our method holds

FSR(T) < ¢ (1)
with the threshold T' for two subsets defined respectively as

1—|—#{jZO<Wj§t} <C—2
L t<W;, <0}Vl — 2¢c 1f°

Ti:max{tEW:

1. No complicate conditions; 1. Too small g leads to empty selected clean subset;
2. Able to guide practical applications; 2. Extra requirement: independence between 5 and y.

Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.



Clean Sample Selection

In Real Problems .
5. Applications



Application 1: Semi-Supervised Few-Shot Learning

Tackle machine learning problem with only limited training data provided.

Binary classification Few-shot binary classification Few-shot binary classification

with many labeled data with unlabeled data



Framework for Semi-Supervised Few-Shot Learning

Expanding the Training Set

Images Features Labels
Train g
— —>> c | — >
D :
Labeled l Y Selected Subset
\ ................................................ )
% ok Linear _ |
& g* — Classifier Q
§ o | | e >
/ A Residual Subset
Unlabeled g .
- > > C | ...t 5
Inference b
| |
Pseudo-Labels

Updating the Unlabeled Set

Yikai Wang et al. Instance Credibility Inference for Few-Shot Learning. CVPR 2020.
Yikai Wang et al. How to Trust Unlabeled Data? Instance Credibility Inference for Few-Shot Learning. IEEE TPAMI 2021.



Application 2: Learning with Noisy Labels

Directly trains a neural network from large scale noisy training dataset.

£ - :_f-_‘,‘, \ : \_ = ‘ & e Varieties Archive - New York ... ;uy Apple Watch Ultra 2 G... :
(Deep) > Robust Trained

Models _ Models
Clean Sample Selection




Framework for Learning with Noisy Labels

————————————————————————————————————————————————————————————————————————————————————————————————————————
/’ N\

S
\

1 Features Noisy Labels®
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| o A |

Stage 1. 5 =3 I — B | |
Feature Learning | x § —> —> —2>| C i
i & = [ 1 i

: S @ D i

= . ———— =

‘\\\\N I I ’,,,,I
/’,::::::::::::::::::::::::::::::::::::::::::::::::::::::I::::::::::::::::::::::::::::::::::::::::::I::::::: \\\\ .

! | soltion path L—> Clean or Noisy? — ‘

Stage 2.
Sample Selection

’_-------------.

Yikai Wang et al. Scalable Penalized Regression for Noise Detection in Learning with Noisy Labels. CVPR 2022.
Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.




Bag of Tricks to Better Utilize Clean Sample Selection Algorithm

» In semi-supervised few-shot learning:

We have pre-trained feature extractor, and we have ground-truth clean training set.
» In learning with noisy labels:

1. Our first attempt is to append a sparse penalty on the network prediction:

Ui, yi) = Lice(bcr (s, yi) + Az Weellg)

2. We can use self-supervised training to pre-train the backbone.

=EE - BENI-

EEISEENaENS Group classes and r‘ Q. -. E.

EESESEEEsP® Split into pleces o ®
S Y P e SR D e

Hflg =M © iIngclean (1 o M) © imgHOiSY
y = Ayclean (1 — )\)ynoisy

Yikai Wang et al. [CVPR20][TPAMI21][CVPR22][TPAMI23]



Classification Performance on Few-Shot Learning

The Averaged Accuracies With 95 percent Confidence Intervals Over 2000 Episodes on Several Datasets

Setting Model minilmageNet tieredImageNet CIFAR-FS CUB
1shot 5shot I1shot 5shot 1shot 5shot I1shot 5shot
In. Baseline* [20] 51.754+0.80 74.274+0.63 - - - - 65.51+0.87 82.85+0.55
Baseline++* [20] 51.874+0.77 75.68+0.63 - - - - 67.02+0.90 83.58+0.54
MatchingNet* [10] 52.91'4+0.88 68.88'4+0.69 - . . . 72.36'4+0.90 83.64'40.60
ProtoNet* [8] 54.16'+0.82 73.68'4+0.65 - . 72.20° 83.50° 71.8814+0.91 87.42140.48
MAML* [7] 49.61'4+0.92 65.72'+0.77 - % 2 - 69.96'+1.01 82.70'+0.65
RelationNet* [9] 52.48'4+0.86 69.83'4+0.68 - - - = 67.59'+1.02 82.75!+0.58
adaResNet [86] 56.88 71.94 - - - - - -
TapNet [87] 61.65 76.36 63.08 80.26 = : - :
CTM' [88] 64.12 80.51 68.41 84.28 . . . .
MetaOptNet [82]  64.09 80.00 65.81 81.75 72.60 84.30 - -
Tran. TPN [22] 59.46 75.65 58.684 74.264 65.89% 79.384 - -
TEAM* [26] 60.07 75.90 = - 70.43 81.25 80.16 87.17
CAN=+T [53] 67.19+0.55 80.64+0.35 73.21+0.58 84.93+0.38 - . = =
DPGN [56] 67.77+0.32 84.60+0.43 72.45+0.51 87.24+0.39 77.90+0.50 90.20+0.40 75.71+0.47 91.48+0.33
Semi. MSKM + MTL 62.102 73.602 68.62 81.002 . . . .
TPN + MTL 62.702 74.202 72.102 83.302 . = = =
MSKM [23] 50.40 64.40 52.40 69.90 2 = = E
TPN [22] 52.78 66.42 55.70 71.00 = = 2 E
LST [24] 70.10 78.70 77.70 85.20 = B 2 =
Tran. ICIC 71.2940.59 83.12+0.33 76.13+0.62 86.73+0.36 78.474+0.60 86.41+0.36 90.38+0.42  94.30+0.20
ICIR 72.394+0.62 83.27+0.33 77.48+0.62 86.84+0.36 79.19+0.63 86.66+0.36 90.89+0.43  94.36+0.20
Semi. 15/15 ICIC 70.97+0.56  82.69+0.33 76.00+0.60 86.19+0.36 78.44+0.58 86.10+0.36 89.89+0.42  94.00+0.20
ICIR 72.324+0.58 82.784+0.33 76.98+0.61 86.24+0.36 79.204+0.58 86.14+0.36 90.45+0.42  94.00+0.20
Semi. 30/50 ICIC 71.434+0.62 83.41+0.35 78.01+0.63 86.86+0.37 80.25+0.58 86.99+0.36 91.75+0.39  94.42+0.20
ICIR 73.12+0.65 83.2840.37 78.99+0.66 86.76+0.39 80.74+0.61 87.16+0.36 92.12+0.40 94.52+0.20

Yikai Wang et al. Instance Credibility Inference for Few-Shot Learning. CVPR 2020.
Yikai Wang et al. How to Trust Unlabeled Data? Instance Credibility Inference for Few-Shot Learning. IEEE TPAMI 2021.



Classification Performance on Learning with Noisy Labels (synthetic label noise)

Sym. Noise Rate

Asy. Noise Rate

Dataset Method 0.2 0.4 0.6 0.8 0.2 0.3 0.4
Siariiard 85.74+05 818406 737411 420+28 88.0+03 864104 84.940.7
Forgetting 86.0+08 821407 755+07 41.3+33 895+02 8824101  85.0+1.0
Bootstrap 86.4+06 825+01 752408 421+33 888+05 87.5+05 851403
— 85.7+04 81.0+04 733+11 316440 885+04 87.3+02 853+0.6
Decoupling 87.4+03 833404 738410 360432 893+03 881+04 85.141.0
MentorNet 881+03 814405 704+11 31.3+29 863+04 848103 787404
Co-teaching 802+03 8644104 790402 229+35 90.0+02 882+0.1 784407
Co-teaching+  89.8402 861402 740402 17.9+1.1 89.4+02 87.1+05 71.3+08

CIFAR-10  IterNLD 87.904+04 837404 741405 380+19 89.3+03 888+05 85.0+04
RoG 802+0.3 835+04 779406 291+18 89.6+04 884+05 86.2+0.6
PENCIL 882402 866+03 743+06 453+14 902+02 883+02 845+05
GCE 887403 847+04 761403 41.74+10 881+03 860+04 81.4+0.6
SL 80.2+0.5 8534107 780403 444+11 88.7+03 863+0.1 SLALO0.7
TopoFilter 9002+02 872404 805+04 457+1.0 90.54+02 89.7+0.3 87.9+0.2
SPR 020+0.1 94.6+0.2 91.6+02 805L06 89.0+L08 903+08 9L.0+06
Knockoffs-SPR 95.4 £ 0.1 945+01 93.3+0.1 84.6+0.8 951+0.1 945+0.2 93.6+0.2
Staniard 56.5+0.7 504+0.8 387+1.0 184405 5734107 522404 423+07
Forgetting 56.5+0.7 506+0.9 387+1.0 184+04 57.5+1.1 52.4+08 424408
Bootstrap 56.2+05 50.84+06 37.7+08 190406 57.1+09 53.0+09  43.0+1.0
Forward 56.4+04 497+13 380+15 128413 568410 527+0.5  42.0+ 1.0
Decoupling 57.8+04 49.9+1.0 37.8407 170407 602+09 549+01 47.2+0.9
MentorNet 629+12 52.8+07 360+15 151409 623+13 553+05 444+1.6
Co-teaching 648+02 603+04 468+07 133+28 636+04 583+1.1 48.940.8

CIFAR-100 Co-teaching+  64.2+0.4  53.1+0.2 253405 10.1+12 609+03 56.8+05 486+ 0.4
IterNLD 57.90+04 512404 381409 155408 581+04 5304103 435408
RoG 63.1+0.3 582405 474408 200+09 67.1+06 656+04 588401
PENCIL 64.9+03 613404 46.6+07 173408 67.5+05 660+04 619404
GCE 63.6+0.6 598+05 465+1.3 17.0+1.1 648+09 614+1.1 504+0.9
SL 621+04 5564106 427408 195+07 592+06 551+07 44.8+0.1
TopoFilter 65.6+0.3 620+06 477405 207+12 68.0+03 66.7+0.6 624402
SPR 725+02 75.0+0.1 709+0.3 381+0.8 7194102 724+03 709+05
Knockoffs-SPR  77.5+0.2 743+0.2 678404 305+1.0 77.3+04 76.3+0.3 73.9+0.6

Yikai Wang et al. Scalable Penalized Regression for Noise Detection in Learning with Noisy Labels. CVPR 2022.
Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.



Classification Performance on Learning with Noisy Labels (real-world label noise)

TABLE 2 .TABLE 3 |
Test accuracies(%) on WebVision and ILSVRC12. Test accuracies(%) on Clothing1M.

WebVision  WebVision — ILSVRC12 Method Accuracy
Method
topl  top5>  topl top5 Cross-Entropy 69.21
F-correction 6112 82.68 57.36 82.36 f/’lc"“e"“t‘?“ gﬁgg
Decoupling 62.54 84.74 5826 82.26 e '
Joint-Optim 72.16
D2L 62.68 84.00 57.80 81.36
Meta-Cleaner 72.50
MentorNet 63.00 8140 57.80 79.92 :

: Meta-Learning 73.47
CO'teaChlng 63 58 8520 61 48 8470 P-correction 73.49
Iterative-CV 65.24 85.34 61.60 84.98 TopoFiler 74.10
DiVideMiX 77.32 91.64 75.20 90.84 DivideMix 74.76
SPR 77.08 9140 72.32 90.92 SPR 71.16
Knockoffs-SPR 77.96 92.28 74.72 92.88 Knockoffs-SPR 75.20

Yikai Wang et al. Scalable Penalized Regression for Noise Detection in Learning with Noisy Labels. CVPR 2022.
Yikai Wang et al. Knockoffs-SPR: Clean Sample Selection in Learning with Noisy Labels. TPAMI 2023.



Sample Selection Performance
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Summary

® Ideologically, we focus on the clean sample selection where the training data is not accurately-labeled.

® Methodologically, we propose a series of methods to identify clean samples in the training dataset, with
a focus on sufficient noisy set recovery and false-selection-rate control, respectively.

® Theoretically, we prove the noisy set recovery theorem and false-selection-rate control theorem, to
provide theoretical guarantees of our proposed methods.

® Algorithmically, we design algorithms to better train the learning model with our proposed clean sample
selection algorithms, enabling balanced identifiability and complexity to scale up to large datasets.

® Experimentally, we demonstrate the effectiveness and efficiency of our method on semi-supervised few-

shot learning and learning with noisy labels.
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