IIEEJ

a3—kFX—/I\—

AEFBICE B3 ANYBREICH T BEXEBHENDOEAFTFE

1

B oK M Wepree HOH B

TIUN TSR

Multi-Loss Weighting for Person Re-Identification Based on Deep Learning
Yuya SHIMIZU' (Student Member), Shuichi ENOKIDAT

1 Kyushu Institute of Technology

(BS5FEL) HEZHALRVEEA D X ZEONBH R Y I2BWT, A— AYEHET 2 \YBERENEETH
5. HEEEEE AW A AYEREEEWEREEIZER L TB D, Z0ELBE e LT, —&IIZ Cross-Entropy Loss %
Triplet Loss WS 3. SHE, AMHRIEIINT 27 7u—F 2 LT, 207 0EKEREREMTHWSF
EPFEHINTVS. L L, B ZWEEZFROEEBEEEFRICHV 258, OB ELZE L I-BEAT Y
N X 2MEEDPRE L 125, £ T TARWRTIE, HEBBOEENEDENE ZONT Y 2A2ER L, FEHICHEK
DOELY HEAR T 2 FEERET 5.

F—T—F EEEE, \YHEFE, 18EB%, cross-entropy loss, triplet loss

<Summary> Person re-identification is an important component to realize various image recognition
systems, e.g., person tracking system by utilizing multiple cameras. Person re-identification based on deep
learning has achieved high performance, and cross-entropy loss or triplet loss is generally used as the loss
function. In recent years, a linear summation of both loss functions has been attracting attention as an
approach to person re-identification. However, when loss functions with different properties are used at the
same time, a method of synthesis by weighted linear summation that takes into account the effect of the

loss function on the other loss function is necessary. To overcome above problems, in this paper, a method

that automatically adjusts the weights of loss functions during learning is proposed.
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Fig.1 Transition of average losses per epoch
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Fig.2 The progression of mAP, Rank-1, and WcEg in weighting methods using the
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Fig.4 Comparison of transitions in average losses per
epoch among different methods.
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