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Learning with Noisy Examples

* Label noise is (almost) everywhere.

Crowdsourcing Search engine
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* Noisy labels hinder learning.

Source from vectorstock and google image



Previous Assumption: Class-conditional Noise (CCN)

* Assume the noise is instance-independent and class-conditional:
p(y|zy)=pyly)
: . : _ T
* Using the transition matrix, we have: Pjlz = 1" pyla

p(y=1]z) plg=1]y=1) ... plg=cly=1) ply=1]z)

p(j=c|z) pi=1y=c) ... pli=cly=c) ) \ ply=c|a)

* Loss correction: rewrite the loss to an unbias estimator if givenT'.




Realistic Noise Type: Instance-dependent Noise (IDN)

* Realistic label noise is always instance-dependent.
* Confusing instances are more likely to be misclassified.
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t-LR: Probabilistic Instance-dependent Label Refinement

* Main idea:
* Modeling the true label from the probabilistic perspective.
e Estimating the confusing probability helps modeling label noise.

* Main result:
Model’s prediction Potential noisy label

q = v; -(m '?le'+(1—771;)'?9li)a

Instance transition ratio T T Confusing probability

Here we slightly change the notation for convenience.



Instance-dependent Noise Modeling

* The estimated true label ¢ = [Pr(y} =1|=),....Pr(y¢=1]|az)]

* Consider the jth term:
| | Pr(giyl =1 ) Pr (gl =1 i)
q:ZzPr(yi:llwi)z . = Pr(y; | z;) - .
Pr(@ilyizlm) — ’Pr(ﬂz|y§=1,wi)

denote as ;

* Using the concept of confusing probability, we can expand the blue term as:

* The first term refer to the non-confusing case, which equals 1 (?]f = yf) = ?}i
* The second term can be estimated by the prediction of a trained model.
* Denote the resident part as v; = Pr(g | ;)/ Pr(g; | y) = 1, z;)

* Overall, we get

g =vi i -9+ 1—mn) Y;)



What Next?

e Recall the main result:

Model’s prediction Potential noisy label
q; = v; (777: 'ﬁz'-l-(l—m)'ﬂi),
Instance transition ratio T T Confusing probability

* Two key components:
* Estimate the confusing probability.
* Estimate the instance transition ratio.



Estimation of Confusing Probabilities

* Challenge: No direct supervision

* Assumptions:
* The distributions of the confused and non-confused samples are different.
» Specifically, here we adopt the Gaussian mixture model (GMM) assumption.

* Estimation process

Extract Features Fit GMM Estimate
Cluster 1 Cluster 2
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Optimization for Instance Transition Ratios

* Challenge: Intractable probabilistic inference.
v; =Pr(y | z;)/ Pr(y; | yf =1, ;)

* Set this term as learnable parameters.
* Derived optimization object via variational inference:

l(©) = Z log Pr (gi | :;©)

1€[N]

> Eien jelq [CI‘Z - log {Pl‘ (ﬂi,yﬁ =1|x; @)H + const.

1 : . -
[ﬁv = N .o Z Z qg log (i - (ni - g + (1 — ) yz))] Only update v;
i€[N]jeld




Overall Procedure

Input: Training set {(x;, gi)}il; training steps T'; estimation step list 7.
Output: Optimized parameters 6
Initialize n; = 0, Vi € [N]
Initialize v; = 1, Vi € [N]
Fort =1to 1 do
Estimate the true labelas g; = v, - (n; - 9, + (1 —n;) - Y;)-
Calculate the loss terms.
Update 6.
If t € T then
Estimate n;, Vi € [N]
End if
End for




Overall Procedure

Input: Training set {(x;, gi)}il; training steps T'; estimation step list 7.
Output: Optimized parameters 6
Initialize n; = 0, Vi € [N]
itialize v; = 1, Vi € [N]
Forny = 1to 7T do

e (Classification loss with refined label:

1 .
L. = N 'Ez[;v] CrossEntropy (g;, 4;)

Estimate the true labelas q, = v, - (n, - 9; + (1 —n;) - U;).

* Evidence lower bound term for updating v;:

Calculate the loss terms.
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; Estimate n;, Vi € [N]
* Regularization terms. / End if
|

j . Update 6.
T Z Zqz log (¥ g+ (1=m) i) If t € T then
Nl jelc]
__________________________________________ End for

Optimization Objects
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Empirical Studies

Methods Random1 Random2 Random3  Aggregate Worst Noisy

CE 85.02+0.65 86.46+1.79 85.16+0.61 87.77+0.38 77.69+1.55 55.5040.66
Forward 86.88+0.50 86.144+0.24 87.04+0.35 88.24+0.22 79.794+0.46 57.014+1.03
Backward 87.14+0.34 86.2840.80 86.86+0.41 88.13+0.29 77.614+1.05 57.1440.92
GCE 87.61+0.28 87.7040.56 87.584+0.29 87.85+0.70 80.664+0.35 56.7340.30
Peer Loss 89.06+0.11 88.761+0.19 88.5740.09 90.75+0.25 82.53+0.52 57.5940.61
VolMinNet  88.3040.12 88.27+0.09 88.19+0.41 89.7040.21 80.5340.20 57.8040.31
F-div 89.704+0.40 89.79+0.12 89.55+0.49 91.64+0.34 82.534+0.52 57.1040.65
ELR 91.464+0.38 91.61+0.16 91.41+0.44 92.384+0.64 83.584+1.13 58.9440.92
PM 85.12+2.90 87.5540.13 84.83+3.18 88.78+0.95 84.83+1.13 29.8740.08
CAL 90.93+0.31 90.754+0.30 90.7440.24 91.97+0.32 85.361+0.16 61.7340.42
CORES 89.66+0.32 89.914+0.45 89.794£0.50 91.23+0.11 83.601+0.53 61.1540.73
n-LR (Ours) 92.024£0.32 91.9640.28 92.0940.12 92.9940.24 86.76+£0.42 62.7340.46
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Low time and space overhead

-LR outperforms compared SOTA

methods and keeps efficient in both

time and space.
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Conclusions

* Take Home Message:
* Estimating the confusing probability helps modeling IDN label noise.
* 11-LR shows robustness against realistic label noise and keeps efficient.

* Future Directions:
* Better optimization process of the instance transition ratio v;
* Expand to other weakly-supervised learning scenarios.



Thank you!

Q&A

Contact me: hehy@lamda.nju.edu.cn



