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Background: Positive-Unlabeled Data Recovering The Propensity Score

Experimental Evaluation

Our Goal Compared Methods
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1. Determine when the propensity score is identifiable e TiCE/Constant (Bekker 2018). Assumes propensity score is equal for all instances. Baseline.
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Let the PU assumption hold (y is unobserved, { and x are observed).
Then, e is non-identifiable under the Positive Subdomain, Positive Function,
and Irreducibly scenarios.

p(f = 1|y = —1) =0, y - ground truth, y = 1 - positive, y = —1 — negative

e QOur probabilistic gap outperforms the state-of-the-art

Goal: find f(x) such that f(x) = p(y = 1|x) given only Positive Unlabeled data . We show that in general the propensity score is not identifiable in the positive e QOur local certainty almost always performs equal or better to state-of-the-art

subdomain, positive function, and irreducibility scenarios e Additional results in main manuscript

Motivating Example:
Instance

POSSi,ble Clisses ldentifiability Under Local Certainty Using Recovered Propensity For Unbiased Classification

Person
Dog . . . ¢ HOldS lf the pOSItlve and negatlve There is a 100% probability There is 2 0% probability Dataset HTRU 2 Adult Bank Wine Yeast Digits
Cat ® Too expensive/time consuming to label every class distributions are Separable of a “dog” in this picture of a “dog” in this picture LC (Ours) | 0.04+/-0.00 | 0.35+/-0.02 | 0.06+/-0.01 | 0.24+/-0.02 | 0.44+/-0.00 | 0.21+/-0.01
Tree Propensity A R A T PG (Ours) | 0.10+/-0.00 | 0.40+/-0.00 | 0.224/-0.01 | 0.36+/-0.02 | 0.47+/-0.00 | 0.33+/-0.01
Sky ° : P Score Cluster | 0.05+/-0.00 | 0.37+/-0.00 | 0.09+/-0.00 | 0.48+/-0.01 | 0.46+/-0.00 | 0.23+/-0.00
- — °  Apply labels only if positive instance of class Positive SE [ 0.104/0.05 | 0.374/0.01 | 0.094/0.01 | 0474/0.05 | 046+/0.01 | 0.33+/0.03
Dlsmbuuon Negative Constant | 0.43+/-0.00 | 0.70+/-0.01 | 0.17+/-0.01 | 0.34+/-0.02 | 0.46+/-0.00 | 0.29+/-0.01
If ann r can miss cl istributi
Ball annotator ca SS CASSES, Distribution Table 2: Classification error for arbitrary propensity score scenario
Grass class not labeled => Unknown K'
- Cow _ Dataset HTRU 2 Adult Bank Wine Yeast Digits
LC (Ours) | 0.14+/-0.01 | 0.75+/-0.01 | 0.38+/-0.03 | 0.26+/-0.01 | 0.45+/-0.01 | 0.51+/-0.02
Labels apphed + Dog, + Ball’ + (3rass PG (Ours) | 0.05+/-0.00 | 0.25+/-0.03 | 0.30+/-0.01 | 0.25+/-0.02 | 0.41+/-0.01 | 0.27+/-0.01
Missing label: + Gracs ~ ~ o . . Cluster | 0.04+/-0.00 | 0.27+/-0.00 | 0.33+/-0.00 | 0.78+/-0.01 | 0.45+/-0.00 | 0.51+/-0.01
g : p(f =Dp(x|£ =1) ) £0 | ° We show that this is equivalent to propensity score SE | 0.14+/-0.08 | 0.26+/-0.01 | 0.35+/-0.01 | 0.51+/-0.06 | 0.44+/-0.01 | 0.49+/-0.03
e*(x) — p(x) under Local Certainty Constant | 0.43+/-0.00 | 0.46+/-0.03 | 0.39+/-0.01 | 0.34+/-0.03 | 0.46+/-0.00 | 0.54+/-0.01
: . . : . x Table 3: Classificati fi led it i
Key PU idea: Model The Labeling Mechanism (Propensity Score) 0 e*(*) =0 | o Easy to estimate from nonstandard classifier or able 3: Classification error for scaled propensity score scenario

|dentifiability Under Probabilistic Gap

density ratio estimation

Recent biased PU methods utilize positive function + invariance of order (I00)
— Invariance of order: p(y = 1|x;) > p(y = 1|x,) » p(£ = 1|x1) > p(€ = 1|x,)

* QOur approaches almost always lead to more accurate classifiers

Conclusion

In this work, we:

— Laid the groundwork for identifiability of the labeling mechanism for biased PU setting

e (X ) e(x) = p(l = 1| y =1, X) — Proved that the propensity score is not identifiable for most common PU settings
e(x ) — P(l =1 |y =+ p( =1 |y — 1) Theorem 2 Let the Positive Function scenario and invariance of order as- _ Identified two scenarios for which the propensity score is identifiable
 Liu20o03 ) / \ ) sumption hold. Then, the propensity score is not identifiable prop y
) i i i . i = One with strong distribution assumptions but weak assumptions on propensity function

Elkan 2008 Labeling is Labeling can Bekker 2019 « We show that in general the propensity score is not identifiable even with I0O S P P PTODERSILY

. abeling ca Kato 2019 = One with weak distribution assumptions but strong assumptions on propensity function

_J  Kiryo201; L unbiased be biased _ - . :
Jain 2017 (Majority of PU (Recent works) Jain 2020 Scaled propensity: Strengthening 100 — Provided a methods to recover the propensity score in those two settings
methods) ) * e(x):=k xp(y =1|x)

Guo 2020 Hammoudeh 2020 .

“Probabilistic Gap”
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We show that this is equivalent to propensity score

'() = [Supxey [p(¢ = 1))+ pCe = 1) |
under Probabilistic Gap

Propensity score e(x): Probability that a true positive is labeled
Knowledge of the propensity score lets us perform unbiased PN classification (Bekker 2019)
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Estimation approach:
Train a probabilistic model f,(x) to predict labeling
2. Find k, maximum value of f,, on PU dataset

3. Sete*(x) =k * fp(x)

® Despite its importance, no prior work to determine when propensity score is identifiable

— Identifiable: able to be uniquely recovered given sufficient data 1.



