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ABSTRACT

Recent research on deep convolutional neural networks (CNNs) has focused pri-
marily on improving accuracy. For a given accuracy level, it is typically possi-
ble to identify multiple CNN architectures that achieve that accuracy level. With
equivalent accuracy, smaller CNN architectures offer at least three advantages: (1)
Smaller CNNs require less communication across servers during distributed train-
ing. (2) Smaller CNNs require less bandwidth to export a new model from the
cloud to an autonomous car. (3) Smaller CNNs are more feasible to deploy on FP-
GAs and other hardware with limited memory. To provide all of these advantages,
we propose a small CNN architecture called SqueezeNet. SqueezeNet achieves
AlexNet-level accuracy on ImageNet with 50x fewer parameters. Additionally,

with model compression techniques, we are able to compress SqueezeNet to less
than 0.5MB (510 x smaller than AlexNet).

The SqueezeNet architecture 1s avallable for download here:
https://github.com/DeepScale/SqueezeNet



byn makanaga aBTONUNOTNEH XXYPETIH
MaLlMHanapfra yIiKeH ecenTey KyaTbl bap
KOMMbloTEpnepal Koo 9KOHOMUKanNbIK
TYPFblAaH TUIMCI3 eKEHI XKaHe YNKeH
KOMMbIOTEP KOO apKbifibl MaLLUMHAHbLIH
nangansl 0eniriH asantaTblHbl auTbinaabl.
Kasipri TaHga kongaHbinaTtbiH AlexNet
XKYWECIHEe KeniKTi xypridyre 240 M0 xxagbl
Kenemi KketeTiH 6bornca an SqueezeNet XXyUEC
YLiH 4,8 MO Ta XeTKiNikTi Oyn e3 KkeseriHnge
aBTOKeJliKke MUHUNpoLeccopnapabl opHaTyfFa
MYMKIHAIK 6epeni.



Table 2: Comparing SqueezeNet to model compression approaches. By model size, we mean the
number of bytes required to store all of the parameters in the trained model.

SqueezeNet (ours)

CNN architecture Compression Approach Data Original — Reduction in Top-1 Top-5
Type Compressed Model Model Size ImageNet ImageNet
Size vs. AlexNet Accuracy Accuracy
AlexNet None (baseline) 32 bit 240MB Ix 57.2% 80.3%
AlexNet SVD (Denton et al., 32 bit 240MB — 48MB 5x 56.0% 79.4%
2014)
AlexNet Network Pruning (Han 32 bit 240MB — 27MB 9x 57.2% 80.3%
et al., 2015b)
AlexNet Deep 5-8 bit 240MB — 6.9MB 39X 57.2% 80.3%
Compression (Han
et al., 2015a)
SqueezeNet (ours) None 32 bit 4.8MB 50x 57.5% 80.3%
SqueezeNet (ours) Deep Compression 8 bit 4.8MB — 0.66MB 363x 57.5% 80.3%
Deep Compression 6 bit 4.8MB — 0.47MB 510x 57.5% 80.3%




SqueezeNet xxyreciHiH AlexNet xxyiecinen epekmenir:t AlexNet
xynect 1x1 enmemal Oemxkrepre oenem. Al SqueezeNet 3x3
enmemal 0emikrepre 0eaenl. CoHABIKTaH MOACIbAIH KojieMl 50
ecere JCUIH KeMU/I1 KoHE OYJI KOJIIKT1 OacKapyFa MyJJie 3UsiH
dCepIH TUT130eH 1.
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