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Background

Formalization

Feature space: d-dimensional X = R

Label space: q class labels Y =A{vy,y2,.... yq}
» Training set: p instances D = {(x;,Y;) |1 <1 <p}
o Task: learn a predictive model h : X — 2%

Cross Training
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...... 1 1 1 -1 Ignoring the co-existence of other labels.
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Label Correlation

 If we know the image already has label horse, the probability of it
having label grassland would be high.

Classifier Chain Feature space
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Introduction

Motivation

* Categorical labeling information is actually a simplification of the
rich semantics encoded by multi-label training examples.
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20% sky, 20% horses and 60% grassland 80% Trump, 20% Obama

 MLFE: Enrich the labeling information to induce multi-label
predictive model with strong generalization performance.



Introduction

Basic Strategy
Leveraging the structural information in the feature space.

* The underlying structure of feature space is characterized by the
sparse reconstruction relationships among training examples.

* The reconstruction information is utilized to guide the enrichment
process of turning categorical labeling information into numerical
labeling information.

* The desired multi-label predictive model is learned from training
examples with enriched labeling information based on tailored
multivariate regression techniques.
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Approach

Intuition

* To characterize the underlying structure of feature space, MLFE
works by modeling the relationship between one example and all the
other examples via sparse reconstruction.

w,;=0.2 w,=0.6 w;=0.2

10



Approach

« Feature space: d-dimensional X = R?

. . » Label space: q class labels Yy = { 1sY2s ey q}
Structural Information Discovery . TraininI; set:?)instances D = {U(myzy) | 1U§ i < p)
* To characterize the underlying structure of feature space, MLFE
works by modeling the relationship between one example and all the
other examples via sparse reconstruction.

dX (p-1)matrix

A:a'/' RS S x; R ¥
{ [ L yevi—1ly it1s ’ p] all training instances other than x;

]T (p-1)-dimensional

i [ 15 » Wi—1,15 Wit1,45 » Pt reconstruction coefficients

* The coefficient vector v; is learned by solving the following
optimization problem:

min [|A;v; — ;]|5 + Al|vill1  Solved by ADMM
A

(3

linear reconstruction error
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Approach

Labeling Information Enrichment
e binary labeling vector t; = (t;1,%;2,. .. ,t,,;q)T t; e {1,—1}4

l

» numerical labeling vector w; = (w1, U2, - .., u;y) € RY

min ||A;v; — 2|5 + A|vis
Ur ————————————————
linear reconstruction error

E(W) = >0 e — >0 wiiz|3

J=1

* reconstruction error

over the training set

Suppose that the structural relationship specified in the feature space
also holds in the output space.

» reconstructionerror ®(U) = Z?:l |w; — Zi?:l wj?lujH%

in the label space U = |uj,us, ..., uy
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Labeling Information Enrichment

* Suppose that the structural relationship specified in the feature space
also holds in the output space.

(I)(U) — f:l Hu’b o Z?:l wﬂ”}“’ﬂH% U= [ulauQa x 'Jup]

* The enriched labeling information is generated by solving the
following optimization problem

mm Z |w; — Z wjiugl3 A standard QP problem
8.t c1 S tijui < e (1 <i<pl<j<gq
* The constraint ensures that the numerical label possesses the same

sign with the binary label and takes value with reasonable
magnitude.

14
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Approach
Predictive Model Induction

* The original multi-label training set can be transformed into its
enriched version D — {(z;ou;) |1 <i<p}

Induce the predictive model by employing multi-output regression
techniques

ZH‘93H2+51291 ;) + 522292 (0i5) +532293 (7i5)

i=1 j=1 =1 j=1
To minimize the objective function Q(©, b), MLFE employs the quasi-Newton
_ iterative method named Iterative Re-Weighted Least Square (IRWLS)

O (1) — 0, u; < €

1(ui) = (u; — €)%, u; > e €-insensitive cost
Qo (1) = {07 0;5 >0 penalize the case where the sign of predictive

2\Viy ) — . . - .

—0ij, 05 =0 output is different to that of original binary label

| penalize the case where the predictive model
Q3(rij) =< yields large number of relevant labels for the

training example "
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Table 2: Predictive performance of each comparing algorithm (mean =+ std. deviation) on the regular-scale data sets.

Comparing One-error |

algorithms cal500 emotions medical llog msra image scene yeast
MLFE 0.12910.047 0.2600.030 0.11310.041 0.66910.044 0.040=0.008 0.258 £0.020 0.14910.023 0.231x0.015
LiFT 0.116=0.040 0.25510.037 0.1521:0.039 0.70510.049 0.057x0.014 0.27710.023 0.1621+0.023 0.2290.013
RELIAB 0.15910.062 0.277+0.036 0.1681-0.039 0.74610.028 0.0660.017 0.35010.023 0.27010.023 0.24710.017
ML? 0.1660.078 0.268+0.032 0.1291-0.028 0.699+0.038 0.040L0.013 0.2671+0.022 0.15610.029 0.2544-0.027
CLR 0.26910.061 0.322+0.032 0.36010.170 0.830£0.058 0.14410.027 0.4371£0.019 0.34410.027 0.241£0.012
RAKEL 0.61110.084 0.3154:0.074 0.2461-0.038 0.87910.026 0.2391-0.031 0.41210.029 0.33940.027 0.280x0.016
Comparing Coverage ..

algorithms cal500 emotions medical llog msra image scene yeast
MLFE 0.76410.013 0.278£0.022 0.03110.012 0.22710.027 0.518L£0.010 0.16310.014 0.0160.009 0.4520.010
LiFT 0.759+0.020 0.28040.025 0.04810.022 0.17310.020 0.53910.011 0.1721+0.014 0.020+0.009 0.459+0.010
RELIAB 0.73810.013 0.2994-0.029 0.04710.016 0.1610.020 0.5410.011 0.1991+0.012 0.10710.011 0.4570.004
ML? 0.80510.013 0.27940.022 0.03110.011 0.1810.019 0.52210.011 0.16510.012 0.018+0.009 0.455x0.011
CLR 0.79510.008 0.3344-0.020 0.08010.068 0.1860.044 0.6181+0.013 0.2471+0.016 0.13710.017 0.48020.008
RAKEL 0.96410.006 0.34810.021 0.08910.019 0.3400.023 0.6700.010 0.25510.009 0.17410.015 0.5641-0.008
Comparing Ranking loss |

algorithms cal500 emotions medical llog msra image scene yeast
MLFE 0.18510.008 0.14240.020 0.02010.010 0.233+0.027 0.11810.006 0.13510.014 0.0524-0.010 0.1670.007
LiFT 0.18210.004 0.14240.025 0.03310.017 0.15710.021 0.12510.005 0.1471+0.015 0.05610.009 0.170x0.006
RELIAB 0.1770.005 0.161+0.031 0.03110.012 0.128+0.018 0.131£0.005 0.1811£0.013 0.0901-0.010 0.180+0.008
ML? 0.210£0.009 0.14440.023 0.01910.008 0.170£0.020 0.11910.006 0.13810.011 0.0551+0.011 0.17210.009
CLR 0.22410.008 0.199£0.024 0.06510.059 0.1522:0.039 0.190£0.009 0.2431£0.018 0.1191+0.016 0.187£0.005
RAKEL 0.36410.014 0.217£0.026 0.0671+0.015 0.29210.028 0.232£0.011 0.250£0.012 0.15410.014 0.250£0.005
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Table 2: Predictive performance of each comparing algorithm (mean = std. deviation) on the regular-scale data sets.

Comparing Average precision T

algorithms cal500 emotions medical llog msra image scene yeast
MLFE 0.490+0.025 0.815+0.020 0.91410.024 0.393+0.036 0.827+0.008 0.8330.014 0.917+0.014 0.767+0.010
LIFT 0.503x0.015 0.81710.027 0.874+0.029 0.402x0.039 0.83010.008 0.819x0.015 0.909+0.013 0.76210.008
RELIAB 0.507£0.019 0.797£0.028 0.869+0.028 0.3931:0.034 0.8180.009 0.776£0.013 0.840+£0.014 0.74420.011
M2 0.456-0.027 0.8110.022 0.903+-0.021 0.39610.036 0.836-0.007 0.827=0.014 0.913x0.016 0.75710.014
CLR 0.436+0.019 0.76210.024 0.687+0.192 0.295+0.075 0.741+0.013 0.718=0.014 0.795+0.018 0.745+0.008
RAKEL 0.33210.019 0.766£0.031 0.802+0.027 0.23310.026 0.69410.014 0.725£0.013 0.780£0.018 0.710x0.009
Comparing Macro-averaging FI1 T

algorithms cal500 emotions medical llog msra image scene yeast
MLFE 0.2371£0.022 0.670L£0.052 0.720£0.073 0.4610.062 0.553L£0.015 0.658£0.024 0.819£0.026 0.42510.023
LIFT 0.1760.021 0.630£0.042 0.690£0.079 0.3994-0.057 0.5160.017 0.621£0.035 0.797£0.015 0.3884-0.022
RELIAB 0.301£0.022 0.650£0.039 0.7121£0.053 0.3924-0.058 0.5460.014 0.5560.035 0.665+0.025 0.4051-0.024
M2 0.236£0.021 0.650£0.047 0.674£0.061 0.37020.060 0.5481£0.012 0.6460.029 0.799+0.029 0.44310.025
CLR 0.211=0.025 0.601+0.038 0.600+0.129 0.39510.062 0.4990.017 0.5250.022 0.620+0.025 0.400£0.018
RAKEL 0.18710.020 0.618+0.036 0.672+0.058 0.3660.051 0.49210.020 0.540£0.012 0.644+0.019 0.4300.014
Comparing Micro-averaging F1

algorithms cal500 emotions medical llog msra image scene yeast
MLFE 0.37410.024 0.6840.043 0.816£0.032 0.21110.042 0.72510.009 0.6571£0.021 0.81040.026 0.6491-0.014
LIFT 0.323£0.016 0.659+0.024 0.775£0.036 0.17710.037 0.716£0.015 0.622140.031 0.787£0.015 0.64510.011
RELIAB 0.483-0.012 0.6471+0.036 0.725+0.029 0.181£0.037 0.714=0.007 0.5600.030 0.65410.025 0.63710.011
M2 0.358+0.027 0.661+0.039 0.782+0.026 0.057+0.021 0.722+0.008 0.645+0.028 0.788+0.029 0.641£0.014
CLR 0.3260.019 0.61410.037 0.598+0.157 0.176x0.049 0.62410.010 0.52510.019 0.612+0.026 0.628+0.012
RAKEL 0.355£0.018 0.634£0.031 0.685£0.031 0.14810.027 0.613£0.015 0.540£0.011 0.636£0.023 0.6321:0.009
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Table 3: Predictive performance of each comparing algorithm (mean =+ std. deviation) on the large-scale data sets.

Comparing One-error |

algorithms slashdot corel5k rcv 1subsetl rcv Isubset2 rcvsubset3 rcv 1subset4 rcv Isubsets

MLFE 0.37210.020 0.6461-0.021 0.41310.013 0.46310.014 0.47210.023 0.45310.020 0.44520.015
LIFT 0.397+0.026 0.669+0.014 0.415%0.019 0.455+0.012 0.473+0.020 0.457+0.022 0.445+0.017
RELIAB 0.5160.017 0.718+0.015 0.467+0.020 0.476+0.011 0.477+0.024 0.462+0.015 0.467+0.017
ML? 0.3630.018 0.62710.023 0.396+0.021 0.448+0.014 0.4610.020 0.438+0.017 0.43710.017
CLR 0.979+0.005 0.741£0.018 0.5010.027 0.507+0.019 0.533+0.037 0.499+£0.017 0.503£0.018
RAKEL 0.61510.020 0.87210.014 0.623+0.023 0.592:0.017 0.59810.018 0.592+0.013 0.595+0.021
Comparing Coverage |

algorithms slashdot corel5k rcv 1subsetl rcv 1subset2 rcv1subset3 rcv 1subsetd rcv 1subsets

MLFE 0.117+0.008 0.263+0.013 0.100£0.007 0.0941-0.005 0.0960.004 0.08110.006 0.094+0.006
LiFT 0.107+0.009 0.286+0.013 0.132+0.009 0.139+0.006 0.142+0.006 0.120+0.009 0.134+0.004
RELIAB 0.13410.005 0.300+0.011 0.137+0.009 0.12110.005 0.12520.006 0.113x0.011 0.1190.006
M2 0.101=0.007 0.288x0.012 0.110x0.008 0.10510.007 0.109x0.005 0.0881-0.007 0.108x0.007
CLR 0.2581-0.009 0.287x0.015 0.112x0.008 0.1050.006 0.1140.024 0.0951-0.007 0.107x0.006
RAKEL 0.21810.012 0.874x0.012 0.417x0.012 0.359x0.022 0.36910.014 0.358+0.020 0.363x0.015
Comparing Ranking loss |

algorithms slashdot corel5k rcv 1subsetl rcv 1subset2 rcv1subset3 rcv 1subsetd rcv 1subsets

MLFE 0.098+0.008 0.109+0.006 0.039+0.003 0.039+0.002 0.0400.002 0.0340.003 0.038+0.002
LiFT 0.092+0.008 0.122+0.005 0.053=0.003 0.059+0.002 0.062+0.002 0.051+0.004 0.055+0.002
RELIAB 0.11810.005 0.1300.005 0.058=0.003 0.0450.002 0.0520.002 0.04710.004 0.0482-0.002
M2 0.08410.006 0.1630.008 0.042x0.003 0.0430.003 0.0460.003 0.03710.003 0.0432-0.003
CLR 0.245+0.010 0.131£0.008 0.048+0.002 0.046-0.002 0.054+0.020 0.044+0.002 0.046+0.003
RAKEL 0.198+0.013 0.586+0.011 0.233+0.007 0.209+0.012 0.222+0.009 0.224+0.013 0.209+0.012
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Table 3: Predictive performance of each comparing algorithm (mean =+ std. deviation) on the large-scale data sets.

Comparing

Average precision T

algorithms slashdot corel5k rcv 1subset] rev 1subset2 rcv1subset3 rcv 1subsetd rcv 1 subsets
MLFE 0.71510.015 0.31610.012 0.61540.010 0.6221-0.006 0.6140.013 0.64010.013 0.626:0.007
LIFT 0.6951+0.019 0.291x0.010 0.582x0.013 0.579x0.008 0.569x0.010 0.5960.010 0.5860.009
RELIAB 0.6101£0.012 0.2690.009 0.563x0.010 0.5880.009 0.5860.013 0.6110.010 0.58610.009
ML? 0.72810.015 0.315x0.013 0.6290.013 0.630£0.008 0.62210.011 0.647£0.014 0.6310.006
CLR 0.26110.006 0.247+0.009 0.564x0.012 0.579x0.011 0.5540.050 0.5890.013 0.57610.012
RAKEL 0.516=0.012 0.120+0.007 0.391=0.009 0.429+0.010 0.423+0.010 0.431+0.011 0.421+0.012
Comparing Macro-averaging F1 1

algorithms slashdot corel5k rcv 1subset] rcv 1subset2 rcv1subset3 rcv 1subsetd rcv 1 subsets
MLFE 0.45510.048 0.3380.014 0.2820.024 0.263x0.023 0.2431:0.021 0.2900.036 0.2651:0.024
LIFT 0.427 +£0.036 0.324x0.014 0.219x0.038 0.163x0.020 0.1510.020 0.2030.034 0.16510.022
RELIAB 0.4330.047 0.303+0.019 0.3320.026 0.33210.023 0.33310.022 0.33510.039 0.33210.012
ML? 0.424+0.050 0.331+0.015 0.228+0.025 0.225+0.020 0.2160.019 0.263+0.037 0.232+0.020
CLR 0.1650.035 0.276+0.015 0.2780.028 0.269+0.016 0.255+0.035 0.297+£0.023 0.286+0.013
RAKEL 0.36310.033 0.257x0.013 0.2660.029 0.23710.024 0.24310.023 0.2560.020 0.25510.016
Comparing Micro-averaging F1 T

algorithms slashdot corel5k rcv 1subset] rev 1subset2 rcv1subset3 rcv 1subsetd rcv 1 subsets
MLFE 0.5500.016 0.177x0.015 0.411x0.011 0.411x0.011 0.3970.016 0.426£0.013 0.41420.010
LIFT 0.5090.020 0.077x0.011 0.311x0.020 0.297x0.013 0.28910.014 0.327+0.019 0.314x0.012
RELIAB 0.449+0.014 0.2261+0.010 0.417+0.007 0.468+0.011 0.4310.013 0.4851+0.009 0.466+0.009
ML? 0.531=0.015 0.1261+0.016 0.378+0.016 0.383+0.014 0.377+0.017 0.411+0.012 0.394+0.015
CLR 0.00810.003 0.12310.019 0.36110.008 0.35610.015 0.3380.029 0.36510.017 0.368+0.014
RAKEL 0.36210.014 0.135x0.009 0.3410.008 0.337x0.008 0.335x0.012 0.3490.010 0.35020.010
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* A novel approach is proposed to learning from multi-label data by
leveraging the structural information in feature space.

* The key strategy is to convey the structural information modeled by
sparse reconstruction in feature space to facilitate generating
enriched labeling information in output space.

* The effectiveness of feature-induced labeling information
enrichment is clearly validated with extensive experiments on
benchmark multi-label data sets.
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