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Method and Ideas
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Fig. Overview of the proposed approach. The blue arrows are used for the teacher network, and the green arrows are
used for the student network.

O In this paper, to better ensure the consistency of teacher network and student network in
the training process and improve the accuracy of feature category segmentation, we
propose a new multi-granularity semantic alignment knowledge distillation method.

O Because semantic segmentation is a structural prediction problem, more structural
knowledge 1s conducive to the segmentation model for better feature extraction.

O We transfer the pixel category probability distribution, intra-class feature difference,
and inter-pixel dependency of the teacher segmentation model from three dimensions to
the lightweight student segmentation model.



Main Contributions and Results
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Fig. The visualization of results predlcted by our proposed approach and comparison methods.

COIltl'ib lltiOllS: Table 2 Performance comparisons of proposed method and other methods.
. . .o .. . Data Set WHDLD ISPRS Potsdam
O We design a local pixel variation distillation Methods | MIoU(%) PA(%) MioU(%) PA(%)

module for mining pixel-category distribution =~ _TResnetlOl | 6983  89.06  82.16  89.06

: P - : SResnetl8 | 5659 7942 7280  80.67
consistency by utilizing pixel-wise and intra- g

Rt sl _ KD [3] 56.90  79.66 7326  81.05

class variation distillation strategies. SKD [4] 58.84 81.52 7435 81.85

.. C IFVD [5] 59.38  81.67 7492 8232

O We propose a global afflmty. d1scr1m1pat1ve MGSAD 6061 8239 7584 8323
module to learn structural information. It S:Resnet50 | 5895  81.02 7750  87.46
takes full account of higher-order affinity KD )] 241l wlld o 7793 dled
SKD [4] 59.71 8207  78.86  88.76

dependencies and incorporates the idea of  |pyp ) 6092 8296 7947 8893
adversarial learning to distill. MGSAD 61.23 8317 8021  89.2




