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Automated Compression via AutoML Overview of AutoML for Model Compression (AMC) Engine
Mod?_‘coQﬁpression IS an irrgjportafntdtechniqéje faci:ithating efficient inference, S 5 e ~ DDPG Agent
while human expert needs to Tind a good set Of hyper-parameters (e.g., 5 e o . ~ +« DDPG Agent for continuous action
compression ratio of each layer), which requires domain expertise and | Crits Reward= -Error*log(FLOP) ANV V41) 1 |
many trials and errors, and i1s usually time-consuming and sub-optimal. | | . y | o ctat edd £ anch | ]
: : : (" | | | 2 O | |
Goal: Automate the compression pipeline and free human labor. “Model ; ! ; | AV 7% O“upt“ u’?sa aerseemraetio NG OF €ath 1ayer dn
compression by Al", which 1s automated, faster and enjoys higher l | | A A e pUt =P
| \ction: Compress with P
peI’fOrmaﬂCG. | Actor _’.gparsity ratio at (€.g. 50%) g Layert : _ _
| ; e A B0, Compression Methods Studied
Customers i I I ~ + Fine-grained Pruning for model size
l l compression
&&&&é&&& &&&&&&é& 5 Embedding [+—— : /1 W //1 (d Layert-1 Coaﬁse— rained /Channel Pruning for
SidSiale ; Embedding s=[N,CiH,W,i...] | : | 30% | -9 9
DODOODOO ' : . A A  faster inference
Agent: DDPG S 5
o Fain .Deploy ol rain .Deploy e lrain o Deploy | Environment: Channel Pruning SearCh Protocols _ _
> U e A N > A N N | * Resource-Constrained Compression to
Sl BTN e S s o\ e K .. Reward Functions reach a desired compression ratio while
r* * " * * o | | | getting highest possible performance.
N A S * For Resource-Constrained Compress_lon, S|mp\y ise R, .=-Error « Accuracy-Guaranteed Compression to
* For Accuracy-Guaranteed Compression, considering both fully preserve the original accuracy while
ﬂ\ - i o o accuracy and resource (like FLOPs): Ry ops=-Error - log(FLOPs) maintain smallest possible model size.
e Tpe e BRER Q09998
373737 S8g9 AMC Results on ImageNet
Engineers __ =
policy FLOPs|AAce % Million | top-1 top-5 GPU Android
. . . ) MAC . . |lat d | lat d
Novelty: 1. Learning based compression > Rule based compression FP (handcraft) [31] 14.6 = e Ry R e b Y
- RNP (handcraft) [33] -3.08 100% 569 | 70.6% 89.5% |0.46ms 2191 fps |123.3ms 8.1 fps  20.1MB
2. Resource-constrained search VGG-16 | SPP (handcraft) [49] | 20% | -2.3 MobileNet 070 B9-070 | TS S | 2ed.oms - B2 IP8 2L
3. Continuous action space for fine-grained surgery CP (handcraft) [22] -1.7 MOZ)?{Z’NG,E 325 | 68.4% 88.2%|0.34ms 2944 fps | 72.3ms 13.8 fps 14.8MB
4. Fast exploration with few GPUs (1GPU 4hours on ImageNet) AMC (ours) 1.4 NotAdapt 52| = [608% - : T 70.0ms 143 Ts -
AMC Results On CIFAR—]_O MobileNet AMC (ours)ﬁ | 50% -0.4 (50% FLOPS) 289 70.5% 89.3% | 0.32ms (1.43)() 08.3ms (1.81)() 14.3MB
uniform (0.75-192) (23|| 41% | -3.7 AMC 3350 fps 16.0 fps
AMC (ours) 07 T 17 (50% Latency) | 272 |70-2% 89.2% | 0.30ms "/ ["cq V| 63.3ms "9 N 13.2MB
Model Policy Ratio Val Acc. Test Acc. Acc. after FT. - 0.75.220) 4 2'0 : '
" unliorin - -4.
deep (handcraft) 79.6 79.2 88.3 MobileNet-V2 AMC (ours) 507 -1.0
Plain-20  shallow (handcraft) 83.2 82.9 89.2 705 St 705 -
(905%) uniform (ha’ndcra’ft) 50% FLOPS 840 839 897 ~ 60% - Peaks: our RL agent automatically learns 1x1 convolutions A70'0 AMC // ,70'0 -
AMOC (RErr) KR6.4 KR6.0 90.2 % : have Jess redundancy and can be pruned less. 10;69.5‘ ) .?0;69.5
uniform (handcraft) 87.5  87.4 89.8 | Pl e
R(eg’ggf;g’ﬁ deep (handcraft) 50% FLOPs  88.4 88.4 91.5 V¢W¢’ \ , i
o AMC (Rg:r) 90.2 90.1 91.9 i | § : i
§ 20% I \'\\\ T / : ; | //, —&— MobileNet Optimized by AMC | —— MobileNet Optimﬁzed by AMC
ResNet-00 s nre (R ) 60% P 93.64  93.55 S| e s and oo b o ey ool ave i 6751 g W e Moblonet Unoptimzed | 675 g o MobieNet Unoptimized
(93 53% ) Param 0 alralllS . . B g . — 22522 Residual Block 1§ Residual Block 2 i " Residual Block 3 i Residual Block4i 200 300 N 400 500 600 50 70 - T?};e o 110

(I) 110 2I0 310 4l0 5l0
layer index (a) Accuracy V.S. MACS (b) Accuracy V.S. Inference tlme



