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Fig. 1. An illustrative computational graph.
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Fig. 2. System overview of AGO.
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for n. 2. h., ow in ranee(MN, 02, H2, W2 // 163
# intra-tile loops, compute a tile of Convil

for ol, ihl, iwl in range(0O1, 1 + R2 - 1, 16 + €2 - 1): s L INEL
Convi[n, ol, h+ihl, ow*16+iwl] = 0.0 JitHConv2i—4ittile, Conv1

| | b »,

for ri, rrl, rcl in range(I, R1, C1): # reduction mm*ﬁmﬁﬁj-bﬁﬂ-%_’x
Convi[n, ol, h+ihl, ow*l6+iwl] += ...

# intra-tile loops, compute a tile of Conv2

for io2, ih2, iw2 in range(l, 1, 16):

Conv2[..., owx16+iw2] = 0.0

for ro, rr2, rc2 in range(01, R2, C2): # reduction
Conv2[...] +=\

Convil[..., owx16+iw2+rc2] #* Weight2[...]

Fig. 5. Intensive fusion program of two convolutions.
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(a) Input tensor shape (1, 3, 56, 56). (b) Input tensor shape (1, 3, 112, 112). (¢) Input tensor shape (1, 3, 224, 224).
Fig. 10. End-to-end inference performance on Qsd 810 SoC.
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(a) Input tensor shape (1, 3, 56, 56). (b) Input tensor shape (1, 3, 112, 112). (c) Input tensor shape (1, 3, 224, 224).
Fig. 11. End-to-end inference performance on Kirin 990 SoC.
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(a) Two depthwise convolutions.
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(b) Depthwise conv & pointwise conv. (¢) Pointwise conv & depthwise conv.

Fig. 13. Subgraph performance with different variants of AGO.
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(d) Two pointwise convolutions.
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Fig. 14. Subgraph weight distribution for MVT.
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