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Noisy Label

DNN can achieve remarkable performance when accurately annotated large-scale training
datasets are available.

However, annotating a large number of examples accurately is expensive and infeasible
in real life.

Cheap datasets which contain label errors are easy to obtain.

Label Noise

Poor Test Performance
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, Two Major Streams of Methods

* SSL-based Methods
Labeled Set (labels are likely to be correct)
Training Data <

Unlabeled Set (labels are likely to be incorrect)
e.g., by exploiting the memorization effect of DNN.

SOTA performance on many benchmark datasets.

e Model-based Methods

Designing statistically consistent methods by employing the noise transition matrix 7(x).

T(z)[P(Y =1|z),...,P(Y = L|=)]"
= [P(Y =1|z),...,P(Y = L|z)]".
Providing statistical guarantees.

Which stream of methods should be exploited when given a real-world dataset?

It is closely dependent on the generative process of the dataset, and none of the two
streams of methods are dominating. ,



, Learning with Noisy Labels From A Causal Perspective

Data Generation Process

P (Y [X) @—’® @<—@ P (X[Y)

) X causes Y (b) Y causes .

Fig.1 An illustration of different data generative processes without label noise.

Modularity property: the conditional distribution of each variable given its causes
does not inform or influence the other conditional distributions.

* When X causes Y, P (X) can not inform P (Y|X),

i.e., P (X) does not contain the relevant information of P (Y |X).

* WhenY causes X, P (Y) can not inform P (X |Y).

P (X) and P (Y |X) do not follow the underlying causal direction. They do not satisfy
the modularity property. Bayes Formula: P (X) can inform P (Y |X).

1.e., P (X) generally contains the relevant information of P (Y |X).




Different data generative processes can influence the
performance of SSL-based method

To make use of the unlabeled data to help learn classifiers, SSL relies on the condition
that P (X) has to contain the information of P (Y |X).

* When Y causes X, because P (X) contains the information of P (Y |X). It is possible to
help learn P (Y |X) by exploiting P (X) by SSL-based method.

SSL can improve the generalization ability of a classifier.

* When X causes Y , because P (X) generally does not contain the information of P (Y |X).
Exploiting unlabeled data by using SSL then generally is not helpful.




, Different noisy data generative influence SSL-based methods "%

. &

(a) X causes Y (b) Y causes X

Fig. 2: An illustration of different noisy data generative processes. Both the instance
X and the noisy label ¥ are observable, and the clean label Y is latent.

When X causes Y, X is a cause of both Yand Y .
Causal modularity suggests that P (X) does not contain the information on either P (Y

1X) or P (Y |X), the unlabeled set can not help learn a classifier in general.

When Y causes X, P (X) contains the information of P (Y |X) because P (X) and P (Y |X)

do not satisfy the modularity property, the unlabeled set can help learn a classifier.




, How about Model-based Methods?

Estimating the noise transition matrix 7' (x), which is learned in a supervised manner
on the whole noisy training set and does not require exploiting P (X).
Then, P (Y |X) can be learned by using the estimated 7' (x) to correct the loss on the

whole noisy training set, which is also learned in a supervised manner.

Therefore, the performance of the model-based methods 1s not influenced by the

different data generative processes.

However, these methods usually require a large number of training examples to
accurately estimate the transition matrix. If the transition matrix is poorly estimated,

the estimation error of P (Y |X) will be large.




, Which is Better for Learning with Noisy Labels?

 SSL-based methods

Strength: easily incorporate heuristics (e.g., prior knowledge) to make use

of the finite training sample.

Weakness: do not work when X causesY in the data generative process.

* Model-based methods

Strength: do not influenced by the data generative process.

Weakness: need a large training sample to perform well.




, Casual Structure Detection Method ( CDNL estimator)

Y': pseudo labels estimated by an unsupervised classification method (clustering).
Flip rate P(Y |Y"): pseudo labels Y’ be flipped into noise labels Y.
Y* = argmax; P(Y = i|z): the Bayes label on the clean class-posterior distribution.

Flip rate P(Y |Y™): clean label Y™* be flipped into noise labels Y.

If X causes Y, P(X) does not contain labeling information, then Y’ should be very
different from clean label Y. Therefore, the estimation error of the flip rate (the
difference between P(Y |Y’) and P(Y | Y'™)) is usually large.

If Y causes X, P(X) contains information of P (Y |X), the Y’ should be close to clean

label Y. Therefore the estimation error of P (¥ |Y”) is usually small.
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, Experimental Results

Baselines:
Model-based methods: Forward, Reweighting, T-Revision

SSL-based methods: JoCoR, MoPro, Dividemix, Mixup

Datasets:

Synthetic datasets: XY gaussian and Y Xguassian;
Real-world datasets:

X causes Y: KrKp, Balancescale, Splice;

Y causes X: Waveform, MNIST, and CIFAR10.




Experimental Results

Estimation error of P(Y |Y™)
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Figure 3: Estimation error of P(?|Y*) on synthetic datasets with instance-independent and instance-dependent label noise.
Our estimator outperforms the state-of-the-art method by a large margin.




Experimental Results

Classification Accuracies (Synthetic datasets)

Table 1: Test accuracies (%) of different methods on XYgaussian (causal) and YXgaussian (anticausal) datasets with
different types of label noise. Estimation errors obtained by CDNL estimator are shown in the parentheses after noise rates.

XYguassian Sym Instance

(causal) 20% (0.196) 30% (0.131) 40% (0.142)  20% (0.101) 30(0.127)  40% (0.191)
Forward 098.98+0.15 98.284+0.48 96.46+1.07 98.98+0.23 98.60+0.19 97.29+0.51
Reweighting 99.26+0.23 98.57+0.34 96.85+0.71 9942+030 98424035 97.14+1.07
T-Revision 99.324+0.24 98.55+0.37 96.82+0.72  99.45+0.28 98.55+0.65 97.22+0.91
JoCoR (SSL) 98.1940.26 89.66+5.31 89.12+19.43 99.03+0.08 89.51+9.62 73.41+13.44
MoPro (SSL) 96.41+045 95.70+0.93 77.32+6.99 95.98+0.87 94.63+0.64 77.79+8.95
Dividemix (SSL) 97.20+0.25 96.98+0.12 95.39+0.83  97.15+0.56 97.13+0.17 90.72+0.47
Mixup (SSL) 97.154+0.14  96.88+0.35 94.12+0.76  96.93+0.44 96.15+0.65 87.68+9.06
YXguassian Sym Instance

(antiausal) 20% (0.026) 30% (0.031) 40% (0.028) 20% (0.027) 30 (0.031)  40% (0.043)
Forward 86.261+0.13 85.9740.19 84.85+0.93 86.10+0.11 85.561+0.47 83.94+2.14
Reweighting 86.31+0.18 85.85+0.27 84.6840.55 86.22+0.25 86.03+0.26 84.19+0.84
T-Revision 86.324+0.17 85.814+0.32 84.424+0.56 86.25+0.23 86.024+0.23 84.18+0.83
JoCoR (SSL) 86.26+0.10 85.994+0.09 85.86+0.21 86.16+0.14 86.13+0.14 85.43+0.34
MoPro (SSL) 84.794+0.72  84.174+0.61 83.6741.32 85.36+0.63 84.43+41.27 81.07+3.03
Dividemix (SSL) 86.32+0.20 86.28+0.11 86.231+0.19 86.37+0.09 86.37+0.12 86.06+0.15
Mixup (SSL) 86.15+0.19 85.64+0.63 82.484+2.56 85741043 85.01+£0.92 81471576




Experimental Results

Classification Accuracies (Real-world datasets)

Table 2: Comparing test accuracies (%) of different methods on causal and anticausal datasets with different levels and types
of label noise. Estimation errors obtained by employing CDNL estimator are shown in the parentheses after noise rates.

KrKp Sym Instance
(causal) 20% 02971 30% (0.19%) 0% 00701 20% (0,262} 3% (0.166) % (0.072)
Forward 93310 8931106 7778474 040408 8725431  S075+2.3]
Reweighting 9388+143 9LI6£109 77314526 9354263 8925153 TRI2:66)
T-Revision 94724062 9LBIEIN3  TIITASO EEL63 MTEL23S 706489
JoCoR (SSLI 93694023 80535083 A781+£207 934431071 87442205 67.754651
MoPro (SSL) 80474013 79472703 65944206 BO31:3K2 7959462  6262+478
Dividemix (SSL) 93754032 SR312065 74314144 93472015 93342072 639145
Mixup (SS1) 9331411 SESI4103  TIRALLI8 93194031 RT254149 74314342
Splice Sym Pair Instance
(citsal ) 2008 ((L136) 0% (0L146)  20% (0,140} 40 (0,148)  20M% (0L151) 0% (0,153)
Forward TI2543.07 668361 73732103 65.8£3.67 65.814.08 61.6+5.67
Reweighing T696+1.69  TIVI2268 TSS5:188 66681154 TS64E195  6)54:72)
T-Revision 76.9941.73  TIO44268 75491205 6661415  TE56TE1E9 61451717
JoCoR (SSL) 60812461 6321189 50372144 5771437 0662244 5334587
MoPro (SSL) 5364019  S3S5140.0  S3.51:40.0 53253043 S379:0.38  $217:3117
Dividemix (SSL)  75.11£1.66 5345400 5345400 56.1442.1  5997£055 51412079
Maxup (SSL) 6743432 61164252 68151263 63671663 65524222 MWO319.86
MNIST Sym Pair Instance
(annicausal) 200% (0034) 405 (0.038)  20% (0041)  40% (0.20)  20% (0.025)  406% (0.026)
Forward 98752008 97862022 98842010 94921089 9687015 N.30:061
Reweighting 98. 712011 98.1320.19 OR.54+63  9L30£127 97994013 90.3020.6)
T-Revision 98914044 08344021  ORRIL008  9IRILI0R  YRIVL009 96504031
JoCoR (SSL) 98064013 96642019 VROIZ0.19 96852043  9862:006  96.07:03)
MoPro(SSL) 98514092 05142123 06794104 94964132 98534052 96452120
Dividemix (SSL)  99.243003 9921005  99.25:0.03 98302008  99.31+0.02 97.7530.1
Mixup (SSL} 97458021 95752043 97572108 92464143 96.54£120 90382130
CIFARIO Sym Pair Instance
tunticausal) 20% (0.010) A% 0000 205 0.010) 0% (0.026)  20% (0.037)  40% (0.042)
T Forwand SB212048  TRAS2089  SE21:048  T7.44:689  8520:038 747243724
Reweighting 86772040 83162046 8960101 77062647 88722041 84522265
T-Revision 00332032 849422358 80752041  S094£258  9D46=0.13 8537233
JoCoR (SSL) 85962025 79652043 8033x0.20 71622105 89802028 73782139
MoPro (SSL) TIS2005 67702056 T792:081  69R89=1.02  TR75=0.15 67612024
Dividemix (SS1) 95602010  94.80£1.10 95722004 87022041 9550<1.17  94.50=0.23
Mixup (SSL) 93202031 8620403 92232071 ¥24321.02 03322025 ¥761£0.5%

Table 4; Test accuracies (%) of different methods on Balancescale (causal) with different types of label noise. Estimation

errors obtained by CDNL estimator are shown in the parentheses after notse rates

Balancescale Sym Pair Instance
(Cimessl) D05 D0RY) VR OOTIE 2% (0.113) 405 (009 20% L1 0% (0090
Fooward TA244874 TREEINST B3, 365223 TIARA0.12 TE364553 MH49.T1
Rewelghting 89764337 RO2R4H187 94083241  THI6H1502  $OT2E2R B624413%
T-Revision 92644093  RT643 14 92324397 BLI2EI3Y]  $9124345 85284206
T JoCoR (SSL)  ThO6EIRT  SROBEINAT 723241043 60I6L12KB J328443d  SI246.13
MoPro (SSL) 84204238 RA134181  BATIEIN6  MLTVETUS SA194249  TSIS1.28
Dividemix (SSL) 88162032 80566093  SL122039 62963147 57524068 7904118
Missp (SSL)  K6ORE2S51  RIAREI0  BATIHIZ 67654170  ®A964217 75363546

Table 5: Test accuracies (5 ) of different methods on Waveform (anticausal) datasets with different types of label noise.

Estimation errors obtained by CDNL estimator are shown in the parentheses after noise rates,

Wavefurm Sym Pair Iestance
(Anticowsal) 205 (D.138) A0 (O25T)  AFEA025T) 405 (0,120 20% (0099} A0 (Q089)
Forward FAGOEI.68  TA.36433  TO0IE1079 GoA6EIRE SO TRII2.04  S6.02513 K7
Reweighring BASREIRY  RIU24138  RAIL2I8 T4 R5024093 833430
T-Revision $424413  REMEDe6  BL72:603 &S NA:8S56  S404:2038 83154087
JoCoR (881 B5A3i08) HOARET46  SDOAE1N AT Ia3A07  aSRaENd 33504404
MolPra (5SL) 76624706 T637LT0 95514232 SEMMATIL TI6LAM 65141561
Dividemix (SS1) 83364063 B20641.25 674419  S84%3098  TIONE230 66864126
Mixup (SSL)  BL3REL6T  PO.4KE108  SOS4+281  TIMLLS8  TREREL0S 11204844




Learning Causal Transition Matrix for Instance-dependent Label Noise
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, Model-based Method

X : Instance
Y : Clean label
Y : Observed label

(a) Instance-independent noise  (b) Instance-dependent noise

P(Y|Y,X) = P(Y|Y) P(Y|Y, X)

Transition matrix: 7, :P(Y =jlY=i,X=x)

)




Causal Graphs of the Data Generation Procedure

Causal Graph Observed X
”~ -'\. -~ “\
(Z —{( X )——{1,
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Figure 1: Examples of three causal graphs illustrating the
mislabeling of “5” as “6” in MNIST, where X denotes
instance(image), Y denotes the ground truth label, Y de-
notes the noisy label, and Z denotes the latent variable. The
dashed circles represent the unobservable variable. (a) The
instance is perturbed by noise, making “5” looks like “6”.
(b) The instance is clean, but it is mislabeled by an annota-
tor. (¢) The instance exhibits a mixture situation of (a) and
(b).
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Scenario (a), certain environmental factors Z,
e.g. lighting, noise, shadow, impact the instance
X. This, in turn, influences the annotators,
leading to the production of a noisy label ¥ .

Scenario (b), some factors Z do not influence X
but directly cause the generation of the noisy
label Y, such as the annotator’s negligence.

Scenario (c), both scenarios (a) and (b) can occur
simultaneously, resulting in a noisy label ¥
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, Causal Graph for Learning with Noisy Labels

Noise-resistant component X

Noise-sensitive component X,




, Causal Viewpoint for Denoising

Causal transition matrix: Thew = P(Y|do(Y), X)

Theorem 1 The instance-dependent causal transition ma-
trix P(Y|do(Y), X) is identifiable if we recover the noise
predictive factor Xs.

Proof: Let Gy be the graph induced by removing the
incoming edges of Y. Since [Y 1L X;|Y, X, |in Gy,
we have P(Y|do(Y),X) = PY|do(Y).X;.X>) =
P(Y|do(Y), X2). Let Gy be the graph induced by remov-
ing the outgoing edges of Y. Since|Y" L Y| X5 |in Gy, we e @ ° Ge
have P(Y|do(Y), X5) = P(Y|Y, X>). However, note that \ o
Y is an unobservable Tatent variable that we are interested in

modeling, and as such we need causal estimand that gives us @
an unbiased estimation of Y as well.

P(Y|do(Y),X)=P(Y|Y,X,) X)

Chain: X

Fork: X<—®—>Z @“ Gy
Collider: X % ﬂ



, Causal Viewpoint for Denoising

Theorem 2 The effect of X1 on Y can be identified if we
recover X.

Proof:  Since we have P(Y|do(X,)) =
/ P(Y|X,,X2)P(X2)dX2 by using the backdoor
J Xo

criterion and that|Y" 1L X5 |X; |by d-separation, we have

L 2 P(Y|X1,[X4)P(X2)dX2 = /X 2 P(Y|X1JP(X2)d X
=P(Y]X1) ) P(X5)dXs = P(Y|X1).

Based on Theorem 2, it is possible to obtain an unbiased
classifier based solely on X ;. Consequently, we can recover
X by decorrelating it from Z. According to Theorem 1, the
causal transition matrix can be identified if we can identify

the contributing factor Xo C X to ¥, Intuitively, X can
be omitted, since it is the parent of Y and the do operation
effectively eliminates the incoming edge of Y.

P (Y |do(X,))=P (Y | X,)




Training Framework for Denoising
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Decorrelating X; and ¥

i1

{Transition

Noise

| Model

—[/niform

Transition model take X; and a Gaussian noise as inputs and
output a tensor with dimension of &:

Yx, = firan(X1, Z1), 21 ~N(0,1), Yx, € R,

We aim to ensure that the probability of ¥ given X; is uniform
for each class candidate. To achieve this, we constrain Yy , SO

that X; of each instance predicts an all-one vector.
N
Reg(X;)=—) v, log_softmax(1y),

t=1




, Modeling the relationship from X,, Y, Zto Y

_|Transition

)

"1 Model

e

For modeling the causal transition matrix, we take Y and another
noise as input, affiliated with the noise-sensitive component X,:
V' = fivan(m(Y. X5), Zs), Zor~aN(0,1), Y € R,
m(Y, Xo) = gs(Y + 3% Xs),
Since our main focus is on the causal transition, we block the

gradient of X, to make the relationship from Y to ¥ more
precise. Therefore, X, can be considered as the compensation

tensor that bridges the gap p(Y|do(Y), X) and P(Y|do(Y))

N
Lo =— Z yi log(7;),

=1

where y denotes the predicted noisy label, and 9 denotes the
noisy label.




Training Framework for Denoising
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Experimental Results

Performance Results

— SYM ASYM IDN DN

: ANE Ma

0% S0% | ik s | 2y due 3 20% 30% 40% 45% 50%

CE 740 270 | 810 773 | 684 s2.1 PP .
Early Stop 16 495 | 841 766 | 795 554 CE 1.5140.45 91.2140.43 87.8741.12 67.154+1.65 51.0143.6
Co-teaching | 82.5 642 | 882 736 | 81.8 754 Co-teaching |93.934+0.31 92.0640.31 91934081 8§9.33+0.71 67.62+1.99
Joint 820 60 | 8.1 8.3 | 8.7 84 Decoupling [90.024:0.25 91.5940.25 88274042 84.57+0.89 65.1442.79
JoCoR 86.0 276 | 889 794 | 863 832 MentorNet  |94.08-£0.12 92.7340.37 90414049 87.45+0.75 61.2342.82
‘ORE . < ; : 0 S8, )
CORES2 M6 89 | 716 43| 800 581 Mixup 89,7340.37 90.0240.35 8547-4£0.63 82.414+0.62 68.9542.58
SCE 740 270 | 820 774 | 683 520
LS 19 228 | sis 770 | 600 25 Forward  |91.8940.31 91.594023 89.3340.53 80.154+1.91 62.53+3.35
REL 846 701 | 828 762 | 846 755 Reweight  [92.4440.34 92324051 91.3140.67 85934084 64.1343.75
Forward 774 243 | 883 792 | 752 569 T-Revision |[93.1440.53 93514074 92.65+0.76 88.54--1.58 64.514+3.42
DualT 845 100 | 869 83.1 | 85.1 685 BLTM-V  |95.1240.40 94.694+0.24 88.1343.23 80.4344.12 78.7144.37
R | Benadiiioi | Tuandiia CausaINL  [94.0640.23 93.8640.65 93.82+0.64 93.1940.93 85414295
CausalNL 840 515 | 888 874 | 908 90.0 s ey s
Ours 921 715 | 914 887 | 91.0 904 Ours 94.1340.08 93.9740.11 93.94+0.16 93.33+1.12 92.57+1.56

Table 1: Results on FashionMNIST with symmetric, asym-  Table 2: Results on SVNH with instance-dependent noise.
metric, and instance-dependent label noise.




Experimental Results

Kiip CIFAR10-IDN CIFAR100-IDN
20% 30% 40% 45% 50% 20% 30% 40% 45% 50%

CE 7581026 69.15+0.65 62.451+0.86 51.72£1.34 39.4242.52] 30.42:£0.44 24.1510.78 21.45£0.70 1523132 14424221
Co-teaching | 80.96:0.31 78.5640.61 73.41:4£0.78 71.600.79 45924221 37.96::0.53 33.43:40.74 28.04x1.43 25.60£0.93 23974191
Decoupling | 78.71£0.15 75.17£0.58 61.73+£0.34 58.61+1.73 50.43+2.19| 36.53+0.49 30.93+0.88 27.85+091 2381x1.31 19.59+2.12
MentorNet | 81.03+0.24 77.22:+£0.47 71.83+049 66.18+0.64 47.89+42.03| 38914054 34.23+0.73 31.8941.19 27.53:41.23 24.1542.31
Mixup 73.17+£0.34 70.02£0.31 61.56+0.71 56.45+0.67 48.95x2.58] 32.92+0.76 29.76+0.87 25.9241.26 23.13£2.15 21.31%£1.32
Forward 76.644+0.26 69.75+0.56 60.21+0.75 48.81+259 46.27+1.30| 36.38+0.92 33.17+0.73 26.75+0.93 21.93+1.29 19.27+2.11
Reweight 76.23+0.25 70.12+0.72  62.58+0.46 51.54+0.92 4546+2.56] 36.73+0.72 31911091 28394146 24.12+1.41 20.23+1.23
T-Revision | 76.15+0.37 70.36 +0.54 64.094+0.37 54.42+1.01 49.02+2.13| 37.24+0.85 36.54+0.79 27.23+1.13 2553+1.94 22.54+1.95
BLTM-V! 80.37£1.98 T8.82x1.07 729314.00 64.8314.65 60.33+5.29 - - - - -
CausalNL 81.4740.32 B80.38+044 77.534+045 78.60£1.06 77.39+1.24| 41.47£043 4098+0.62 34.02+095 33.34£1.13 32.13+2.23
Ours w.of pg| 82574033 81.2440.36 79.36+0.81 78.434+0.51 75.5942.07| 45.504£0.99 44.674+0.60 38.44+1.40 34884253 33.05+1.47
Ours 82.94+0.29 82.15+0.25 81.04+0.23 80.24:0.39 78.37+0.93) 46.37+0.46 43.34+0.39 39.61+1.04 37.04+1.83 34.44+1.86

Table 3: Results on CIFAR dataset.

Method ooy
FoodlDl  ClothingIM

CE 78.37 68.88
Early Stop 73.22 67.07
Co-teaching 78.35 60.15
SCE 75.23 67.77
REL 78.96 62.53
Forward 83.76 69.91
DualT 57.46 70.18
TVR 77.37 69.44
CausalNL 85.64 68.90
Ours w.o/ pg 85.52 70.48
Ours 85.86 72.25

Table 4: Results on real-world dataset.
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