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Background %
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@ In real-world crowdsourcing scenarios, crowd workers usually annotate a small
number of instances only, which results in a very sparse crowdsourcing label
matrix, and thus harms the performance of label integration algorithms.

@ Thus it is necessary to complete labels before integration:

The process of label completion
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Motivations
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@ Recent proposed label completion algorithm worker similarity-based label
completion (WSLC) offers a useful way to complete missing labels.

€ However, it considers solely the correlation of the labels annotated by
different workers on the same instance while totally ignoring the correlation
of the labels annotated by different workers among similar instances.

€ To overcome this limitation, we propose a label distribution propagation-
based label completion (LDPLC) algorithm.
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Overall framework of LDPLC

Represents the label information of different

workers.
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Introduces an additional perspective to enable

each missing label to absorb more information.
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Method
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Label Distribution Initilization

€ We first use Pearson correlation to learn a feature vector for each worker and then
| use cosine similarity to estimate worker similarity for each pair of workers. Finally,
| we 1nitialize a label distribution for each missing label based on the original
. crowdsourced dataset and the estimated worker similarity.
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Label Distribution Propagation

€ We first query neighbors for each instance and then use local linear embedding to
optimize the neighbors’ weights. Next, we propagate the 1nitialized label distribution
from weighted neighbors to each missing label of each instance and finally complete
each missing label based on its converged label distribution.
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Convergence Analysis

€ At the end of label distribution propagation, the distribution of each worker across
| the whole dataset will converge to a fixed matrix.
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Proof of Convergence
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Experiments and Results
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€ Experiments on a real-world dataset:

Annotatlon Annotation
Dataset #Instances #Classes #Workers | #Labels
quality ratio

LabelMe 1000 2547 0.75 0.04

€ Worker distribution of the real-world dataset “LabelMe’’:
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Experiments and Results
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@ The detailed experimental results on the real-world dataset “LabelMe”:
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@ The integration accuracies of MV (81.60%) and
others after label completion by LDPLC are much
higher than those of MV (76.40%) and others
after label completion by WSLC, respectively.

& All these experimental results demonstrate the
effectiveness of LDPLC.
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Experiments and Results

€ Experiments on Simulated Datasets: 34 datasets published on the CEKA platform

€ Experimental settings:
€ the number of crowd workers: 40

&€ the annotation ratio of each crowd worker:
uniform distribution [0, 0.1]

€ the annotation quality of each crowd worker:
uniform distribution [0.6, 0.9]

(Here corresponds to the annotation ratio and
annotation quality of “LabelMe”
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Dataset #Instances #Fcatures #Classes Missing Feature type
anneal 898 38 6 yes hybrid
audiology 226 69 24 yes nominal
autos 205 25 T yes hybrid
balance-scale 625 4 3 no numeric
biodeg 1055 41 2 no numeric
breast-cancer 286 9 2 yes nominal
breast-w 699 9 2 yes numeric
car 1728 6 4 no nominal
credit-a 690 15 2 yes hybrid
credit-g 1000 20 2 no hybrid
diabetes 768 8 2 no numeric
heart-c 303 13 5 yes hybrid
heart-h 294 13 5 yes hybrid
heart-statlog 270 13 2 no numeric
hepatitis 155 19 2 yes hybrid
horse-colic 368 22 2 yes hybrid
hypothyroid 3772 29 4 yes hybrid
ionosphere 351 34 2 no numeric
iris 150 4 3 no numeric
kr-vs-kp 3196 36 2 no nominal
labor 57 16 2 yes hybrid
letter 20000 16 26 no numeric
lymph 148 18 4 no hybrid
mushroom 8124 22 2 yes nominal
scgment 2310 19 7 no numeric
sic 3772 29 2 yes hybrid
sonar 208 60 2 no numeric
spambase 4601 2l 2 no numeric
tic-tac-toe 958 9 2 no nominal
vehicle 846 18 4 no numeric
vote 435 16 2 yes nominal
vowel 990 13 11 no hybrid
wavcform 5000 40 3 no numeric
Z00 101 17 7 no hybrid
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@ The detailed experimental results on 34 simulated datasets:

MV DS WMV GTIC DEWSMY MNLDP

Dataset WSLC LDPLC WSLC LDPLC WSLC LDPLC WSLC LDPLC WSLC LDPLC WSLC LDPLC - .
anneal 7045  8631e 6821  8624e 7041  8629e (982  8626e 7035 8631e 7470  8638e _ _ ! !
audiolo 6925  81.19e 6920 8124e (911 8133e 6898  8044e 6912  SL19e 7120  80.62e : . o i indi .
awos 7176  B268e 1.6l  8268e 7181  8263e 7185 8195 7166 8268e 7305 8l17e \ | The Symbf)ls and o the table indicate i
balance-scale 7515 ~ 8346e 7234  830le 7483  8334e 7346 8334e 7499  8l44e 7949  8416e \ | .
biodeg 7795  8142e 7772  8131e 7792  8139e 7182  8l4e 7192  Sl4de 7999 8175 S thaF the lnte.gr?t'lon accuracy has a E
breastcancer 7839 78.15 7710  78.14 7804 7814 7780 7811 7850 7832 7927 TIT2 ~ |
breast-w 7848  858le 7837  8564e 7844  8572e 7843  8581e 7844  8582e 8247 8858 ,’%i statlstlca.lly 31gn1f1cant improvement or
car 7840  8624e 7571  8625e 7841  8625e 7164  8625e 7841 8625 8381 8649 o |
credit-a 7459  8106e 7475  8103e 7465 8105e 7464  8106e 7450  §106e 7642 8132e Do degradation using our prqpolsed LDPLC i
credit-g 7700 7780 7595 7172 7676 7779 7661 7179 7693 7182 71844 7155 | : :
diabetes 7663 7831 7605 7809 7656 7815 7639 7827 7669 7827 7816 7818 Vool compared to WSLC, respectively. ;
heart-c 7733 8429e 7627 8423e 7716  8419e 7558 8433e 7143  8433e 8069  8dlGe AN 7
heart-h 7718 8374e 1667 8367 7707 8370e 7633 836de 7114 8370 8054 8323 j e -
heart statog 7492 7852 7448  7859e 7444  788le 7437  784le 7496  1856e 7426  1885e ,

hepatitis 6936  8303e 6974  $284e 7129  8303e 7026 8281e 6929 $303e 6755 8394e |

horse-colic 7231  77.69e 71269  7T158e 7239  7158e 7239  7772e 1228  Ti69e 7204 T13de i

hypothyroid 8318  88.79e 7958  8872e 8312 8879 8233 8879 8318 8880 8805  89.02 ]

ionosphere 7259 8390e 7385 8388 7362  8382e 7350  8396e 71256 839e 7513 8502 )

iris 7200 8687e 7227 87.13e 7187  87.13e 7180 8707 7227 8667 7533 9093 e '

kr-vs-kp 7604  8533e 7608  8532e 7606 8532e 7602 8532e 7598  8§532e 7810 8561 /

labor 66.14  8017e 6737 8298e 6333  8035e 6895 7947e 6526 8070 5035 81756 K

letter 7118 9058e 7275  9120e 7332  9119e 7120  9057e 7124  9057e 7899 91326 /

lymph 6926  8480e 69.19  8480e (953 8480e 6966 8480e 6919  8480e 7014  8581e

mushroom 7666  8802e 7667 8802 7660  8802e 7667  8802e 7670  88.02e 7941  8837e

segment 6964 87638 6933  8751e (965 8753e 6967 876le 6958  8§76le 7580  8§846e

sick 8126  8456e 71750  8430e 8120 8454e 8050 8450e §127  8458e 8493 8512  /

sonar 7154 7856e 7240  79.04e 7207 7894e 7236 7880e 7154  1885e 976  7942e 3 .
spambase 7836 8340e 7828  8339e 7836  8339e 7833  8340e 7836  8340e 8012  83G6de { ;
tictactoe 7675 7783 7596 7180 7670 7782 7654 7780 1686  77.83 7866  7675¢ i These results strongly demonstrates the
vehicle 7267 8245¢ 1271  8237e 7271  8238e 7272  R246e 7273  8242e 7676 82356 e, . :
vobe 7657  83.10e 7639 831le 7650 8311e 7646 83.08e 7669 831le 7880 8409 e - *effectiveness of LDPLC. :
vowel 7349  0153e 7328 9153 7347 Ol53e 7348  Ol53e 7355 Ol53e 7823 9179 ,° e )
waveform 7453  8481e 7401  845le 7445 8473 7449  848de 7455  8486e 7905 8573 e '

700 7406  8743e 7396  8143e 7357  §153e 7347  8143e 7446  §143e 7980  8R62e )

Mean 7456 8351 7408 8357 7457 8354 7443 8345 7455 8354 7680 8399 ! !

WIT/L - 30/4/0 - 30/4/0 - 30/4/0 - 30/4/0 - 30/4/0 - 2061 -~~~
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@ The annotation quality of each crowd worker: Gaussian distribution (0.75, 0.15%)

MV DS IWMV GTIC DEWSMV MNLDP
Dataset WSLC LDPLC WSLC LDPLC WSLC LDPLC WSLC LDPLC WSLC LDPLC WSLC LDPLC

anneal 6830  8437e 6569  8416e 6835  8432e 6759 8421 6823  8436e 7135 8426

audiology 6854  8133e 6841  8133e 6854 81.33e 6854 7942e 6863  8128e 6969  8044e

autos 6942  Bl76e 6927 8l176e 6937  81.80e 6932  8l.76e 6927  81.80e 7122  8l.I2e

balance-scale ~ 73.81  83.02e 7131  8224e 7358  8282e 7301  8290e 7373 8299 7864 8374

biodeg 7840  Bl.65e 7811  81.56e 7837 81.59e 7826  8l.64e 7847  Bl.66e 8026  81.83

breast-cancer 7745 7155 7661 7152 7720 7152 7703 7155 7131 7152 71937 7159

breast-w 80.04 8628 7989  8615e 8000  8622e 79838 8628 8010 8632e 8355  89.07e

car 79.19  R7.03e 7639  8703e 7923  87.04e 7853  87.04e 79.17 87.04e 8389  8724e

credit-a 7481  R0.19e 7541  80.6e 7503  80.22e 7504 80.23e 7483  8020e 7629  8067e

credit-g 7448 7470 7376 7463 7445 7472 7443 7467 7451 7470 7613 7415

diabetes 7663 7788 7537 7780 7642 7783 7606 7775 7658 7179 7811  77.92

heart-c 7624  B429e 7525  8429e 7598  8429e 7485 8429e 7617 8429e 8079 84496

heart-h 7612  8299e 7476  8299e 7595  8209e 7450  8299e 7605  8302e 8061 8330

heart-statlog ~ 73.63 7800 7370 7785 7378 7782 7356 7800 7367 7800 7411 T8

hepatitis 6568 7929e 6658 796le 6742  7974e 6690 7923e 6568  7922e 6193 7993 e

horsecolic ~ 71.66  78.12e 7206  7793e 7190  77.93e 7179  7804e 7166  7802e 7215 7747

hypothyroid ~ 83.16 ~ 8849e 7987  8836e 83.13  8848e 8248  8847e 8315  8848e 8774 8886

ionosphere 6820 77958 7009 7852 7020  7832e 7017  77.89e 6832 77928 6954 7903

iris 7107 87.13e 7140  8733e 7240 8687e 7287 87.67e 7060 87.07e 7553 9l47e

kr-vs-kp 7578 B425e 7577  8424e 7580  8425e 7575 8423e 7581  8423e 7750 8462 e .
labor 6088  7930e 6298  7965e 6298  7983e 6632  79.12e 6070 7895e 3965 7842e ; ) Y
letter 7144  9074e 6767 8855e 7187  90.64e 7142  90.74e 7143  9073e 7952 9153 e i |
lymph 69.05 B3S5le 6905 835le 6939  8345e 6932 8345e 69.12  8358e 7128  8385e i These results Vg11date the rObPStne §S .Of |
mushroom 7696  B785e 7697  8785e 7697  87.85e 7696  87.85e 7695  8785e 7904  8820e -
segment 70.75  87.53e 7075 8750 7075  8748e 7074  87.55e 7072  8753e 7720  8859e e Zli‘ L_DP_LC.under different annotation quality E
sick 7942 8233 7547  819e 7940 8236 7850  8226e 7936 8232 8293 8299 -~ i distributions ;
sonar 6981  7899e 70.15  7962e 6962  79.52e 70.14  79.18e 69.66 79.04e 6789  7894e 7 Y ) /
spambase 7687  8l.63e 7683  8l63e 7687  81.62e 7685  8l64e 7688  8l64e 7843  820le ¢ e — g
tic-tac-toe 7636 7747 7521 7747 7636 7150 7609 7750 7634 7746 7853 76650 h

vehicle 7278  Bl97e 728  8197e 728  8193e 7294  81.98e 7280  8208e 7650  §2.17e | '

vote 7761  B4.99e 7749  8499e 7768  850le 7768 84.99e 7775 8499e 7991  8635e ! !

vowel 7118 89.94e 7122  8994e 7123  89.94e 7120 8994e 7128  8994e 7586  90.17e ! K

waveform 7265  8336e 7222 8298 7251  8325e 7259  8332e 7256  8335e 7752  843le | ,

200 7446  86A44e 7456  8644e 7396  8644e 7357  8654e 7446  8644e 7980  87.43e | K

Mean 7361 8272 73.04 8263 7381 8273 7368 8266 7359 8270 7566 8313 g

WIT/L - 28/6/0 - 29/5/0 - 28/6/0 - 29/5/0 - 28/6/0 - 25811 -




Conclusions
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» We design a worker similarity weighted majority voting algorithm to
initialize a label distribution for each missing label to represent the label
information of similar workers.

» We design a label distribution propagation algorithm to enable each missing
label of each instance to iteratively absorb its neighbors’ label distributions.

» We propose a label distribution propagation-based label completion (LDPLC)
algorithm and validate its effectiveness on a large number of crowdsourced
datasets.
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