Deep Hidden Analysis: A Statistical Framework to Prune Feature Maps

ARSHDEEP SINGH PADMANABHAN RAJAN ARNAV BHAVSAR >
o e MANAS LAB, SCHOOL OF COMPUTING & ELECTRICAL ENGG., IIT MANDI, INDIA ICASSP 2019
nstitute of .. . . : . (¢
Technology d16006@students.iitmandi.ac.in, bopraiarshdeep@gmail.com —
Mandi

INTRODUCTION 1INl MOTIVATION 220N KL-DIVERGENCE PLOT

2.00

Despite the success of deep convolution neural net- S| © Hallgare @ Tubestation ® Kidgame
works (CNNs) trained on large-scale dataset, large num- M 1.0 1.0 1.0 ®
ber of parameters is still a bottleneck since they require | T o e = Blue points meeting stopping criterion
more memory, consumes more power in real-time im- | ey | | =
plementation. To optimize the network, redundant pa- 0| e paprytrogrn | 0:01 . 0.0/ , 0.0- , =
rameters in the network can be eliminated. % % w @ W 107 019 100 -8.62 009 2:00 ;322 2 0430
(a) Feature map 12 (d)Feature map 13 . T
We define redundancy of CNNs in terms of feature s o MY 20 rmmerrpiemewry | 02 031 o> .00 _ | | | _ —— ]
maps and hypothesis that the redundant feature maps e | Y i o ey | 0.0- | 0.0/ | 0.0- , O Number of feature ?,'.,Dapl: > 120
respond similarly to various classes. Hence, participate 20, 28] 9.62 0.19 1.00 -0.62 0.69 2.00 ,-0.62 0.01 -0.40
insignificantly in providing discrimination. o m s R L At e |
« g . : . o 0 20 40 60 80 100 - 0 20 40 60 80 100 - - PERFORMANCE

We employed statistical methods to identity and ignore (b) Feature map 29 (e) Feature map 30 o oo o. .
the feature maps in an ensemble framework as proposed WA 40 (e | -0.62 0.19 100 -0.62 0.69 2.00 062  -0.51  -0.40 Wooscine  [anova  [lics
in our previous work [1] on SoundNet [2] for audio 3.0, 50 |y ey , ,
scene classification. o W\MN’\UL/J\I 2| 0.5 0.5 0.5 — 93

| | | d [PSUIYAVON NP | b 15 ' | o < 91
The experiment evaluation on DCASE-16 Evaluation on. \-JV\/‘V\/‘V“”\./’\ 05| YT 0052 T = o 0.62 0.69 > 00 -0.62 -0.51 -0.40 EB

< 0 20 40 60 80 100 0 20 40 60 80 100 -
and ](EiSC—SO dataset shows the effectiveness of the pro- (©) Feature map 56 ) Feature map 47 () Feature map 12 (h) Feature map 29 (1 Feature map 30 3 g7
posed approach. | o | L o
(A) Various feature map (B) Distribution of various feature map DCASE Dev. DCASE Eval.

(see column-wise) ]
Experimental Dataset

EVALUATION FRAMEWORK

OVERALL PROPOSED PRUNING FRAMEWORK

. N D - \/ N

Algorithm 1 A greedy algorithm to select top-I feature maps - ; Feat -
. i - conv i i ; eature conv
Feature map Ranklng input : A: Ranked indexes of feature maps. 41X1024 =— layer => - ARl K : *representation_)[classifieJ
H: Dhstribution of all feature maps of p examples. - 81X512 | | ramewor L D
Feature map 1 P: A set of NV elements each of size RF*~, T 161X256 | : N / " / N _/ *
p and e are stopping criterion hyper-parameters. " 647X256 | , ' E /Ensemb|;
s e ANOVA method output: Indexes of top-{ feature maps (£). © 1203X128 E : E scores &
20 | # Compute KL div. b/w partial and full set of feature maps. | SE8EX64 | ' ' : : final
20| A —> (3 (@nd — 21)2 — 7 S (Tpa— 3 )2) for m + 1 to size(A) do redlctlon/
os TN Ay F = n=1 d_d 7 nd ! =1 £sd=1\"nd m A=]] # inirialize partial set as an empiy ser. [ 5168X32 ] : !
: dfi S S (@na — Fn)? iagpﬂm:b[ﬁ[l -. -ir;:-;l ) #d}l#;cif;fé ”; fﬁ:;mre mdplmdfx. | 41344X32 | @ WWM I - O
l - ‘I‘i ]]mn :][m?h[ﬁH;Tamm TApS Indexcd By A of p exampes. [ 82678X16 — ||°°°” w"w‘:«"” y Pruning Feature pool1
m| = R A
l Entropy method > end KL | SE1501X16 | ayer = Framework Nm’v‘\'-rf%\\“!W‘Mﬂ“m‘ epresentation classmer
A 1 # Select top | fearure maps meeting stopping criterion. %
Feature map N hy (x Z log pr.(Xn), for [ « 1 to size(V) do WWWNMMNW
N n=1 # Calculate the change in KL div. b/w each consecutive p indexes.
iﬁﬂﬁhwm ' ] o x for w «— Oto p— 1do Input raw audio signal
AR S COSIne-SImIIarlty method | b[w] = U(l +w) — U(l +w+1)
oz JMW\J‘J\'\"\A.J’ end
U @ e w0 1 & # Verify the stopping criterion.
T, = EZ(EDSG‘bnz—CDSﬁﬁ’z}E if ||ﬁ||1 "'-_:E“IEII LAYER-WISE FQMAPS
n=l £E=All:1]]
break # return £, the selected indexes. Bl Baseline T|CS[ |IDESANOVA[__|Hybrid
dif |
4 e " : : : _ -7.13% -9.34% -12.53% -17.73%
en a -eno pruning * ANOVA pruning «DE pruning -+ CS pruning

Pruning Method

1024#

768

REFERENCES

512
256

CONCLUSION

[1] A. Singh, A. Thakur, P. Rajan and A. Bhavsar, "A Layer-wise Score Level Ensemble Framework for Acoustic
Scene Classification,” 2018 26th European Signal Processing Conference (EUSIPCO), Rome, 2018, pp. 837-841.
12] Y. Aytar, C. Vondrick, A. Torralba, "SoundNet: Learning sound representations from unlabeled video" in
Advances in Neural Information Processing Systems, pp. 892-900, 2016.

©
£
()
B
-
o
©
()
Y
(TH
(o]
)
pd

e The statistical methods are being proposed to identity

and eliminate redundancy in an ensemble framework.
e The method can be used to prune CNNs based on re-

dundant feature maps only.
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