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Dynamic application scenes are challenging.
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Proposed Method
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- Treat downstream visual tasks in a multiple learning way.
- Trade-off among rate, distortion and analysis efficiency.
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Proposed End-to-end Optimization Model
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Proposed End-to-end Optimization Model
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Experimental Results
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Experimental Results

Rate
(bpp)
Raw RGB Image / 24* 90.06

BPG (qp=40) 0.075 88.55
Reconstructed BPG (qp=37) 0.208 88.61
RGB Image JPEG (q=2) 0.157 87.10
JPEG (g=3) 0.182 88.14

Ours (extreme) 0.048 86.74
Compressed Ours (low) 0.096 87.74
Latents Ours (middle) 0.175 87.76
Ours (high) 0.254 87.74

Input Type Codec Accu. (%)

Face Attribute Prediction

Input Type Codec bpp mloU FwloU Accu. (%)

RGB Images / 24 0.692 0.876  93.29
Ours (extreme) 0.048 0.557 0.790 88.07
Ours (low) 0.096 0572 0.805  89.01

Compressed Latents (.« iniddle)  0.175 0580 0814  89.57

Ours (high) 0.254 0.598 0.822  90.07

Face Parsing
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Experimental Results

Rate
Input Type Codec (bpp) Accu. (%)
Raw RGB Image / 24%* 90.06
BPG (qp=40) 0.075 88.55 Input Methods Accu. (%) #Param
Reconstructed BPG (qp=37) 0.208 88.61 T
RGB Image JPEG (q=2)  0.157 87.10 Liu (2015b) 87 LOOM
JPEG (g=3) 0182 8814 MOON (2016) 90.94 136M
i i RGB Images PSE (201&b) 91.23 62M
Ours (extreme) 0.048 86.74 AFFACT (2017) 91.67 26M
Compressed Ours (low) 0.096 87.74 DMTL (2017) 92.1 65M
Latents Ours (middle) 0.175 87.76 :
Ours (high) 0254 87.74 Compressed  Single Task 88.1 26.9M
Latents Multitasks 90.0 54.8M

Face Attribute Prediction

Model Parameter Comparison

Input Type Codec bpp mloU FwloU Accu. (%)
RGB Images / 24 0.692 0.876  93.29
Ours (extreme) 0.048 0.557 0.790 88.07

Ours (low) 0.096 0.572 0.805  89.01
Ours (middle)  0.175 0.580 0.814  89.57
Ours (high) 0.254 0.598 0.822  90.07

Compressed Latents

Face Parsing
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