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Motivation

Network pruning is an effective technique to reduce computation costs for deep model deployment on resource-
constraint devices. Searching superior sub-networks from a vast search space through NAS, which conducts a one-
shot supernet used as a performance estimator, is still time-consuming. In addition to searching ineffciency, such
solutions also focus on FLOPs budget and suffer from an inferior ranking consistency between supernet-inherited and
stand-alone performance.

Method

| Search Space Starting points (sub-networks with Similar Budget, e.g., FLOPs, Latency) |
l hN l
| archl arch? o deployment Latency l
' 16 24 ... 16 ] 24 :> | |
: sle24.. | 16 16 24 :
! Sub-network | . FLOPs
— —) s 24 : 16 16
: | Sampler | . . oo o . :
: 24 16 32 '
| i3 0 56 Supemet 1 55noo oo !
| i ! ! ' |
: 48 D 56 L 40 |:>:Training i valvation .
I l
e e e e e e e e e e e e e e e e e e e e e e e e E E E E E E E E E  —  E — — E — — — —  — — — — — — — — — — — — — — = — !
------------------------------------------------------------- ‘ G &G G G G G & G G G G G & G & &
Differentiable search by Performance and Budget Training for predictors
Err 1* t Backward
_ @ Budget 1 @ Backward Erp i Budget i ackwar
Forward _— _ Forward

Performance Budget
Predictor Predictor

| |

Performance Budget
Predictor Predictor

> Opt Embedding Features ’

Optimized Arch

2\

,.
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
l —l
|
|
|
lA
|
|
|
|
|
|
|
I (>
| | &
=
L
|
|
|
|
|
|
|

Fig. 1. The pipeline of DBS. 1) Train and evaluate a supernet relying on starting points; 2) Train Transformer-based predictors, including performance predictor and budget predictor; 3) Freeze the
parameters of predictors and Perform a differentiable budget-aware search on embedding features; 4) Decode corresponding sub-networks from optimized features. SPFS: Strict Path-wise Fair
Sandwich rule

Experment results
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different strategies. a: Uniform sampling, b:
Sandwich rule, c: Strict path-wise fair rule, d:
Strict path-wise fair sandwich rule.

same cost. We conduct experiments under
three FLOPs settings, our method can always
fnd sub-networks with better performance

Table 1. Results of pruned models from MobileNet-V2, Resnet-18 and Resnet-50 under various FLOPs
settings. * indicates the pruned model is trained by the slimmable method.




