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PP: remaining parameters [%]

Abstract

Model Pruning at Initialization (Pal) trains sparse networks to comparable

Computing the pruning mask via expander graphs

To capture the graph structure of a neural network, we model individual CIFAR100

accuracy with respect to their dense counterparts. We investigate data-free layers as bipartite graphs, as in [1]. A: relative gain vs. random Method PP d Acc Ar ORAR A AR ARAR
Pal based on the expansion properties of network graphs. In particular, Definition (a-expander). Let . g“g‘;ﬂﬂ‘ - 100 - gg‘é‘g . ;‘;‘ég -
. . - . andom [23] 13 79 S0 - - IT - -
» We propose a stronger model (RReg) for generating expanders, which we d € N., (degree) and a € R.,. i X-Net[25] 0 60 9346 -0.04 062 7273 -033 -0.89
then use to sparsify a variety of mainstream CNN architectures; N = R 60 RReg (ours) 93.50 +0.00 +0.61 72.72 -034 -0.04
| | | | S We say that a d-regular Z. = .| CIFAR100 Random [23] -7 9251 - - 6981 - -
» We demonstrate that accuracy is an increasing function of expansion in a bipartite graph ¢ = (V7,V;, E;) = 0] d=3 X-Net[25] 0030 92.65 +0.15 +1.87 69.80 -0.01 -0.03
15 03 = 0. - - . f
sparse model; is an a-expander if, Vi € {0,1} o 54 a— oo 08 TS 040 e
. . y . ; B an Anaom | - - 362 71, - - . - -
» We analyse the superior performance of RReg over the strong naive and VS < V; with |S| < |V£]|/2, iv ;i I X-Net[25] [0 15 9138 4009 4002 66.81 4035 4069
. . 2 andom 1), - ;
random baseline and alternative models. we have that |9S| > «|S], (a) Linear layer: graph expansion  (b) Cony layer: a filter is applied to 0 = x| ES:{%O;‘:_:“[‘??] gig‘l’ Sl gg;g ST T
allows subsets of input neurons to  input channels {7, } j—2 4.5.6,7, tO r _-'1 0.79 -0L T B -7 B B
Whe_re 05 denotes the set of interact with larger subsets of output obtain output channel 01, as 020 A %ﬁram,ﬁ? daﬁt']a [J]E' 5090 100 X-Net [25] 1003 3 86.06 +0.29 +1.76 56.69 -0.51 -0.67
_ L. _ vertices connected to S. ones (highlighted in green). determined by the graph structure. : "’ RReg (ours) — 87.02 +1.41 +6.89 3§9.61 +4.62 +6.74
Pruning at Initialization (Pal) | | |
" _ di Main benefits: Tiny-ImageNet:
any pruning paradigms . :
yP 9p d - Expander graphs are simultaneously sparse yet highly connected. VGGI6 VN RNIS ~ RN34  RNSO  RNIOI  RNIS2  WRN28-10 WRN4O-14  Avg

Method PP [%] Acc PP[%] Acc PP[%] Acc PP[%] Acc PP[%] Acc PP[%] Acc PP[%] Acc PP[%] Acc PP[%] Acc Acc Ag

— subsets of neurons to interact with a larger subset of other neurons,

Weight Train Sparse Original 100 40,03 100 5475 100 5388 100 5695 100 5708 100 eo0.13 M 61.29 100 4627 1K 4904 5327 -
Pruning paradigm 5 — higher feature shareability and flow of information through the network XNet 1] | 079 3350 1933 oy 345 0 233 oot 144 40 82 000 662 oun 104 00 065 o St
source network: RReg (ours) 0 2531 M7 3026 N aa30 U 4630 TN 4 U snoe T s Y 3es0 T 4054 4104 s
Converged Converged Methods to achieve expansion property:
Pruning after training Yes (fine-tune) |
net net For fixed nand d : | RReg aparsehpitwork e Model P Acc An Aman Model P Acc An Arn
Pal — S Selecti Initialized Initialized N « Random model [2] Model Regularity - Edges can achieve higher Orig RN50 23.9359.36 - _ WRN?84 594316 - _
al = opale Selection net net ° connects every pair of Random random low  d-n/2 accugacy fat a samte RReg RN15221.9 62.01 +446 +652 WRN28-10 5.9 43.76 +1.39 +1.06
o vertices with an edge X-Net d-left-regular  medium d - n/2 NUMDEr O parameters
Pal — Sparse Training #1 Initialized Converged Ves independently with RReg (ours) d-regular high  d-n/2 than their shallower and narrower fully-connected counterparts.
net net i
probability 2d/n. _
. InitiaIiZEd InitiaIiZEd e X-Net [1] chooses a CO"CIUSIO"
Pal — Sparse Training #2 Yes q tox d-loft -0 | | |
net net ranaom n-vertex g-left- v'We proposed RReg to generate sparse layers with optimal expansion
reg_:]J:JIarh(/.e.(,j every ije)ft 60 oroperties.
vertex has degree =2
" PR " " " " WEE-
Our Focus: Data-Free Prunlng at Initialization of randOme selected WelghtS. graph Unlf()rmly at random E v’ We showed that classification accuracy iS an inCreaSing function of graph
from the set of all such 5 671 .
graphs T expansion
Our Three Steps: Rreg (ours) chooses 3 2 66 - :r ;%;enadkﬂ:paﬂder
TERNT - ) O o v RReg shows consistent improvement over strong baselines [1-2].
1) Initialize random weights random n-vertex d-regular = 65 *  Y-Net
. . _ X RR
2) Compute pruning mask graph uniformly at random 641 g (ours) [1] Prabhu et al. Deep expander networks: Efficient deep networks from graph theory, ECCV, 2018.

from the set of all such 14 16 | & "N 5 o 5 4
graphs.

3) Train the sparse network to convergence [2] Liu et al. The unreasonable effectiveness of random pruning: Return of the most naive baseline

Combinatorial expansion for sparse training, ICLR, 2022.
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