Learning Only from Relevant Keywords and Unlabeled Documents
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Figure 1: Example where a target class is “Action movie”.
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EEE Estimation error converges to zero as ncp, NcN — OX.

f] converges to g" as the number of data increases!

Threshold selection
A reasonable threshold Sggp € Rcan be obtained
if positive data ratio 77 of unlabeled documents is known.

T a2 % > sign(g(x) — BBEP)
xcD

Common approach: Liu+ (2004); Druck+ (2008); Settle (2011); Jin+, (2017)

1. Use keywords to pseudo-label the unlabeled data
2. Learn a classifier from pseudo-labeled data

But pseudo-labeling can be unreliable!

* True positive can be pseudo-labeled as negative (and vice versa)
* Theoretical understanding of this problem is limited

Proposed: maximize AUC then find a threshold.
* AUC can be maximized even pseudo-labeling is imperfect
* Theoretically guaranteed with estimation error bound
» Also allows flexible choices of model and optimization algorithm

Tl : Training data size
ID: Training documents

Known as precision-recall breakeven point (BEP).Kato+ (2019)

Dy pseudo-labeling using ﬁBEP-
IN our paper.

Experiments

We can re-adjust a bad threshold caused

Results of a heuristic method are providec

AUC maximization from pseudo-labeled data
Methods:

Proposed framework: Sym 1
Sigmoid: AUC maximization using symmetric sigmoid loss E&gmold(z) — Ttexp(z)
Logistic: AUC maximization using non-symmetric logistic loss glog( ) lo g(l —I—exp( ))

Text feature baselines:

Maxent: maximum entropy classifier
NB: naive bayes

Given: Two sets of documents
Pseudo-positive:

(2 CP}”CP 1.1.d.

pos(a): p(xly = +1)

Opos (x) + (1 — ) neg(x) neg(@) : p(zly = 1)

. 0,0" € [0,1]and 0 > ¢’ PU-NB: variant of the NB that performs classification using positive and unlabeled data
PSEUdO-nega’tlveZ GloVe baselines:
d Cp -] : T Randomforest: random forest on average word vectors
{ CN}nCN 1.1. HlpOS ( ) 1 (1 . 9/) neg(m) " z~pos(e) KNN: k-nearest neighbors on average word vectors
e[ T[] Zero-shot baselines:
 @x~neg(x) GloveRanking: rank the score by average distance to relevant keywords

Voting: majority vote by keywords

Find: g:X — IR that minimizes AUC risk

Jeroneloss | 0,2 > 0 | Does threshold adjustment help?
lo-1 ; . P N lor(2) = 0 F1-score: without adjustment F1-score: with adjustment
RAUC( ) — tP[ LN [50_1(9(3’5 ) — g(fL' ))H 0-1\%) = 27Z — Methods Subj MPQA AYI 20NG Methods Subj MPQA AY] 20NG
1.2 <0 Maxent | 63.4(0.31) | 50.1(0.22) | 42.5 (0.35) | 47.4 (0.05) Maxent | 76.3 (0.24) | 53.1(0.20) | 56.6 (0.36) | 52.4 (0.25)
_ _ _ y 2 NB 73.7(0.23) | 53.8 (0.22) | 65.8 (0.42) | 23.7 (0.25) NB 76.3 (0.16) | 54.3 (0.28) | 61.6 (0.38) | 58.4 (0.22)
AUC risk 1s with respect to the clean data. RandomForest | 33.3 (0.00) | 43.5 (0.20) | 35.0 (0.20) | 47.2(0.00) | | RandomForest | 75.1 (0.27) | 62.4 (0.45) | 64.5 (0.53) | 89.6 (0.28)
KNN 43.6(0.23) | 51.0 (0.16) | 61.6 (0.43) | 84.3 (0.26) KNN 63.6 (0.32) | 23.8 (0.00) | 65.5(0.52) | 86.7 (0.59)

How to minimize the clean risk using pseudo-labeled data?

Threshold adjustment can improve the performance in most cases.

Relationship between pseudo-labeled and clean risks: Fl-score: threshold selection method with different 7

Foranyloss /: R — R, o=, ') = l(g(x) — g(=")) + Llg(z') — g(x)) Tsubj = 0.50
Dataset | Methods 0.05 0.1 0.2 0.3 0.4 0.5 0.6 0.7
RAU(“ (10“( ) = (0 — (9’)]??\[](.,((}) *:P[ “:N[L,DE(:I?P. 33\1)“ | Sigmoid 43.3(0.17) | 51.2(0.24) | 63.9(0.34) | 72.5(0.27) | 77.9 (0.37) | 80.1(0.38) | 78.7 (0.32) || 73.7 (0.29)
_ —_— . Maxent 37.1 (0.15) | 41.9 (0.18) | 52.5(0.27) | 62.1 (0.19) | 70.6 (0.27) | 76.3 (0.24) | 74.5 (0.25) [| 64.1 (0.25)
Pseudo-labeled risk Clean risk Excessive term SUbJ | RandomForest | 42.1(0.22) | 49.9 (0.15) | 61.6 (0.22) | 69.1 0.26) | 73.5 0.29) | 75.1 0.27) | 73.5 0.17) || 69.0 (0.21)
— GloVe Ranking | 43.1 (0.24) | 50.5 (0.25) | 61.9 (0.25) | 69.3 (0.27) | 73.6 (0.18) | 74.5 (0.13) | 72.8 (0.18) || 68.0 (0.16)

79.9 (0.23)
51.5(0.19)
79.4 (0.33)

91.2 (0.18)
52.3(0.24)
89.8 (0.29)
90.7 (0.17)

78.4 (0.20)
51.5(0.21)
78.5 (0.17)
78.2 (0.22)

68.2 (0.15)
49.5 (0.16)
68.2 (0.15)
67.9 (0.19)

60.0 (0.14)
46.6 (0.15)
59.8 (0.16)
59.9 (0.14)

52.7(0.13)
43.0 (0.16)
52.6 (0.13)
52.3(0.11)

45.3 (0.15)
38.1(0.14)
45.4 (0.12)
45.0 (0.10)

37.8 (0.13)
32.9 (0.15)
37.7 (0.16)
37.6 (0.10)

Sigmoid
Maxent
RandomForest
GloVe Ranking

En[ef (2N, 2N)]).

Excessive term
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79.2 (0.34)
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The closer ﬁ' to 77, the better F1-score.

Four evaluation metrics with adjusted threshold:
(Prec@100 and AUC do not need threshold)

+ 3™ (—2)

Using symmetric loss: £5™(z)

1.5
. SlngId Z g : ConSt ant Dataset | Bvaluation Proposed framework Text-feature baselines GloVe-feature baselines Zero-shot baselines Oracle
s i Sigmoid Logistic PU-NB NB Maxent | RandomForest KNN GloVeRanking | Voting O-Maxent | O-Sigmoid
1.0 — Ramp AUC [88.1(0.35) ] 84.1(0.30) | 55.4(0.13) | 85.0(0.18) | 84.6 (0.20) | 82.4(0.27) | 73.6(029) | 81.7(0.19) | 70.2(0.24) | 97.4 (0.06) | 93.6 (0.11)
—-= Unhinged Subj Fy 80.1 (0.38) | 76.0 (0.32) | 47.1 (0.20) | 76.3 (0.16) | 76.3(0.24) | 75.1(0.27) | 63.6(032) | 74.5(0.13) | 63.5(0.18) | 92.0 (0.13) | 86.4 (0.14)
ACC 80.1 (0.38) | 76.0 (0.32) | 55.0(0.13) | 76.3 (0.16) | 76.3(0.24) | 75.1(0.27) | 65.0(0.28) | 74.5(0.13) | 64.1(0.18) | 92.0 (0.13) | 86.4 (0.14)
| Prec@100 | 96.3 (0.60) | 95.1 (0.60) | 0.9 (0.09) | 95.9 (0.33) | 94.7(0.39) | 93.2(0.50) | 91.5(0.59) | 95.2(0.54) | 85.8(0.93) | 99.3(0.15) | 97.8 (0.27)
| AUC | 80.4(0.44) | 78.7(0.37) | 52.1(0.27) | 56.4 (0.31) | 56.7 (0.23) | 69.1(0.55) | 60.1(0.23) | 63.6(0.26) | 56.0(0.12) | 78.3 (0.25) | 86.8 (0.18)
MPQA F, 71.7 (0.44) | 69.8 (0.31) | 46.7 (0.23) | 54.3(0.28) | 53.1(0.20) | 62.4(0.45) | 23.8(0.00) | 57.5(0.17) | 23.8(0.00) | 69.8 (0.19) | 77.9 (0.22)
ACC 75.6 (0.39) | 74.0 (0.27) | 47.1(0.24) | 62.4(0.28) | 584 (0.17) | 67.4(0.39) | 31.2(0.00) | 63.3(0.17) | 31.2(0.00) | 72.8 (0.20) | 81.0(0.19)
Prec@100 | 81.5 (0.97) | 77.5(1.02) | 10.8(3.37) | 69.5(0.86) | 63.8(1.93) | 76.9(1.06) | 78.7(0.80) | 50.6(0.60) | 74.7 (0.69) | 94.8 (0.46) | 90.5(0.52)
AUC 76.0 (0.41) | 75.6 (0.43) | 60.5(0.39) | 71.2(0.41) | 60.7 (0.46) | 70.1 (0.55) | 72.5(0.39) | 62.4(0.53) | 61.0(0.33) | 84.6 (0.32) | 81.1(0.40)
AV | O 69.3 (0.36) | 68.8 (0.40) | 58.9(0.47) | 61.6(0.38) | 56.6 (0.36) 64.5 (0.53) 65.5(0.52) 58.7(0.51) | 33.5(0.00) { 76.8 (0.37) | 73.0(0.39)
ACC 69.3 (0.36) | 68.8 (0.40) | 60.1 (0.41) | 62.5(0.35) | 56.8 (0.36) | 64.6(0.53) | 65.8(0.44) | 58.7(0.51) | 50.5(0.00) | 76.9 (0.37) | 73.0(0.39)
K 1 9 | 9/ Prec@100 | 87.5 (0.55) | 87.5(0.62) | 74.5(2.20) | 85.1 (0.71) | 70.2(1.00) | 77.2(0.99) | 82.5(0.69) | 72.4(0.91) | 79.2(0.87) | 95.6 (0.47) | 90.1 (0.73)
SyIm / Sy 11 | ( | ) AUC 96.4 (0.12) | 96.0 (0.15) N/A 77.1(0.21) | 57.6(0.32) | 968 (0.16) | 94.7(0.16) | 95.0(0.17) | 62.9(0.22) | 65.5 (0.46) | 99.0 (0.05)
R R | 7 SONG o 90.8 (0.20) | 90.6 (0.21) N/A 58.4 (0.22) | 524 (0.25) | 89.6(0.28) | 86.7(0.59) | 90.5(0.18) | 9.6 (0.00) | 56.8 (0.29) | 94.1 (0.14)
AU C COI’I‘ AU C 2 ACC | 96.5(0.08) | 96.4 (0.08) N/A 70.2(0.31) | 81.6(0.11) | 96.1 (0.10) | 94.5(0.35) | 96.4(0.07) | 10.6(0.00) | 83.5(0.11) | 97.8 (0.05)
Prec@100 | 99.5 (0.15) | 99.1 (0.24) N/A 04 (0.11) | 17.6(0.77) | 99.5(0.15) | 97.6(0.38) | 97.5(0.28) | 85.2(1.03) | 32.0(1.31) | 99.9 (0.07)
Pseudo-labeled risk Clean risk Constant Fully-labeled
Referen ces data are given

the minimizers of both risks are identical!
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