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Supplementary Material for
SOSP: Efficiently Capturing Global Correlations by

Second-Order Structured Pruning

A Additional Data and Experiments
A.1 Results for Medium Pruning Rates for Comparing Global Pruning Methods

Table 3: Comparison of SOSP to other global pruning methods for moderate pruning rates. The
setting is exactly the same as in Tab. 1. For final accuracies after fine-tuning see App.[A.3] * denotes
the baseline model.

Dataset Cifar10 Cifar100

Method Test acc. Rgduct. in Reduct. in Test acc. Rgduct. in Reduct. in
(%) weights (%) MACs (%) (%) weights (%)  MACs (%)

VGG-Net* 94.18 - - 73.45 - -

NN Slimming 92.84 80.07 42.65 71.89 74.60 38.33

NN Slim. +L; 93.79 83.45 49.23 72.78 76.53 39.92

C-OBD 94.04 +0.12 82.01 £0.44 38.18£045 72.234+0.15 77.03£0.05 33.704+0.04

EigenDamage 9398 £0.06 78.18 £0.12 37.134+041 72904+0.06 76.64+0.12 37.40+0.11
SOSP-1 (ours)  93.99 £0.17 85.75+0.74 4596+429 7317 4+0.11 82.68 +0.04 44.87 +£0.61
SOSP-H (ours) 93.73 £0.16 87.29 +£021 57.744+257 73.114+£0.19 79.20+0.35 51.61 +0.98
ResNet-32* 95.30 - - 76.8 -
C-OBD 95.11 £0.10 70.36 £0.39 66.18 £0.46 75.70 £031 66.68 £0.25 67.53 +0.25
EigenDamage  95.17 £0.12  71.99 £0.13 70.25+024 75.514+0.11 69.804+0.11 71.62+0.21
SOSP-1 (ours)  95.06 £0.07 72.33+£0.50 67.36+£080 75334+0.11 63.834+0.17 74.28 £0.08
SOSP-H (ours) 95.22 +0.12 72.85+040 67.854+037 75524020 69.314+0.36 71.60=+0.38
DenseNet-40* 94.58 - - 74.11 -

NN Slim. + L4 94.32 35.52 - 73.76 3545 -
SOSP-1 (ours) 9442 +0.03 3221 +£0.16 22.034+0.13 73.464+0.05 31.384+0.09 29.98 £0.55
SOSP-H (ours) 9441 +0.12 3478 £0.67 26.14+0.13 73.60+0.17 34.154+0.13 28.23 £0.09

A.2  Comparison of Accuracies Achieved by SOSP-I with and without Cross-Structure

Correlations
a) ResNet-32 b) ResNet-32 o VGG-Net d) VGG-Net
95 95 94 94 /v—‘|
94 - 94 - 93 - |\?’\\ 93 4 /
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93 7 597 92 - 92 o |
- = -
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Figure 5: Comparison of the accuracies achieved by vanilla SOSP-I and a variation of SOSP-I, where
all off-diagonal terms of the Hessian are set to zero, for ResNet-56 and DenseNet-40 on Cifar10. The
results on both networks suggest that cross-structure correlations can significantly improve pruning
performance.
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A.3 Mean and Standard Deviation of Final Accuracies for the Global Pruning Comparison

Table 4: Mean and standard deviation of the final accuracies after the full fine-tuning step of both
SOSP methods on CIFAR10 and CIFAR100 for VGG-Net, ResNet32 and Densenet40.

Dataset CIFAR10 CIFAR100
Pruning Ratio moderatc high moderate high
Method Test Reduction in _ Reduction in Test Reduction in_Reduction in Test Reduction in _ Reduction in Test Reduction in _ Reduction in
acc (%) weights (%) MACs (%) ace (%) weights (%) MACs (%) ace (%) weights (%) MACs (%) acc (%) weights (%) MACs (%)
VGG-Net(Baseline) 9418 - - - B B 7345 - B - = =
SOSP-1 93.88+£021 85754074 4596429 | 9253+£0.13 97794002 8352029 || 72.93+£028 82.68+004 44.87+061 | 63.87£0.06 97.83+004 87.02%0.20
SOSP-H 93.65+0.16 87294021 57744257 | 92594019 97.81+001 86324029 || 72944028 7920+035 S1.61+0.98 | 64.24+055 97.81+0.01 8632029
ResNet-32(Baseline) 95.30 B B B B B B B B B B
SOSP-I 94.96+0.08 72.33+050 67.36+0.80 | 9219+ 007 95474033 9407066 || 75.10£0.10 6383+£0.17 T428+0.08 | 6597 £0.52 92.69+0.07 9563 +0.13
SOSP-H 95.17+0.12 72854040 67.854+037 | 91.97+0.04 95264+ 0.10 94454040 || 7539£027 69.31+£036 7TL60£038 | 67.37+£026 94.08+021 9506 0.14
Pruning Ratio moderate high moderate high
DenseNet-40(Baseline) 9458 B B B B B 7411 B B B B B
SOSP-I 9429+ 0.04 32214016 22.0340.13 | 94074007 47.0040.10 3635+0.12 || 7247+£047 31.38+£0.09 2998+055 | 7210£0.10 4522+0.10 42,05+ 116
SOSP-H 9428 £0.11 34784067 26.14+£0.13 | 94.15+£008 49394065 3886+070 || 72.88+£0.43 3415+£0.13 28234009 | 72.09£0.44 4858 +022  42.05 = 0.35

A.4 Tabular Data and Mean and Standard Deviation for Layer-Wise Pruning Comparison

This section provides additional data complementing the results of Fig. 1. The numerical data of
Fig. 1 is shown in Tab. [5]and the mean and standard deviation of the final accuracies for both SOSP
algorithms is shown in Tab. [ and Fig.[6]

Table 5: Pruning results of ResNet-56 and DenseNet-40 on CIFAR-10. Gap denotes the difference
between the accuracy of the pruned model and the baseline accuracy. PR denotes the pruning ratio,
i.e. the percentage drop in MACs or parameters.

Model Top-1(Gap)%  Parameters(PR) MACs(PR)
ResNet-56 93.88(0.0) 0.85M(0%) 125M(0%)

GAL Lin et al. (2019) 92.98(0.28) 0.75M(12%) 78M(38%)
SOSP-I (ours) 94.22(-0.44) 0.74M (13%) 110M (13%)
SOSP-H (ours) 94.25(-0.47) 0.73M (15%) 109M (14%)
HRank Lin et al. (2020) 93.52(-0.26) 0.71M(17%) 89M(29%)
SOSP-I (ours) 93.85(0.03) 0.54M (36%) 84M (33%)
SOSP-H (ours) 93.71(0.17) 0.52M (40%) T9M (37%)
FPGM He et al. (2019) 93.01(0.58) 0.49M(42%) 81M(36%)
HRank Lin et al. (2020) 93.17(0.09) 0.49M(42%) 63M(50%)
SOSP-I (ours) 93.25(0.53) 0.36M (58%) 60M (53%)
SOSP-H (ours) 93.27(0.51) 0.33M (61%) 54M (57%)

GALLin et al. (2019) 90.36(2.10) 0.29M(66%) 50M(60%)
HRank Lin et al. (2020)  90.72(2.54) 0.27M(68%) 32M(74%)

SOSP-I (ours) 92.35(1.53) 0.19M (78%) 36M (71%)
SOSP-H (ours) 91.97(1.91) 0.18M(79%) 31M (75%)
SOSP-I (ours) 90.80(3.08) 0.11M (87%) 22M (82%)
SOSP-H (ours) 90.78(3.10) 0.11M(87%) 21M (83%)
DenseNet-40 94.58(0.0) 1.04M(0%) 283M(0%)
SOSP-I (ours) 94.46(0.12) 0.88M(17%) 255M(10%)
SOSP-H (ours) 94.63(-0.05) 0.86M(19%) 245M(14%)
GAL Lin et al. (2019) 94.29(0.52) 0.6TM(36%) 183M(35%)
HRank Lin et al. (2020)  94.24(0.57) 0.66M(37%) 167M(41%)
SOSP-I (ours) 94.35(0.22) 0.72M(32%) 221M(22%)
SOSP-H (ours) 94.43(0.15) 0.69M(35%) 2090M(26%)
SOSP-I (ours) 94.14(0.44) 0.56M(47%) 180M(36%)
SOSP-H (ours) 94.27(0.31) 0.54M(49%) 172M(39%)
HRank Lin et al. (2020)  93.68(1.13) 0.48M(54%) 110M(61%)
GAL Lin et al. (2019) 93.53(1.28) 0.45M(57%) 128M(55%)
Zhao et al. (2019) 93.16(0.95) 0.42M(60%) 156M(45%)
SOSP-I (ours) 93.70(0.88) 0.42M(60%) 141M(50%)
SOSP-H (ours) 94.74(0.84) 0.40M(62%) 138M(51%)
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Table 6: Mean and standard deviations of the accuracies after fine-tuning of SOSP for ResNet-56 and
DenseNet-40.

Model Top-1% Pruned Parameters (in %) Pruned MACs (in %)
ResNet-56 93.39 0 0
SOSP-1 94.22 £ 0.10 12.95 + 0.15 12.78 4+ 0.09
SOSP-H 94.25 +£0.14 14.90 + 0.12 13.11 £ 0.36
SOSP-1 93.85 £+ 0.09 36.36 + 0.11 33.31 £0.12
SOSP-H 93.71 £0.11 39.70 + 0.39 36.86 £ 0.70
SOSP-1 93.25 £ 0.16 58.19 £0.28 52.53 £0.21
SOSP-H 93.27 £ 0.06 60.95 £+ 0.29 56.74 £+ 0.31
SOSP-1 92.35 £0.25 77.98 £ 0.46 71.04 £0.21
SOSP-H 91.97 £0.11 79.29 £+ 0.17 75.07 £ 0.62
SOSP-1 90.8 £ 0.18 86.68 + 0.14 81.79 +0.23
SOSP-H 90.78 £ 0.14 87.31 £0.29 83.42 £ 0.15
DenseNet-40 94.16 0 0
SOSP-1 94.46 £ 0.11 16.59 + 0.22 10.00 4+ 0.72
SOSP-H 94.63 £+ 0.15 18.57 £+ 0.63 13.52 £ 2.13
SOSP-1 94.354 0.04 3221 £ 0.16 22.03 +0.13
SOSP-H 94434+ 0.11 3478 + 0.67 26.14 £ 1.16
SOSP-1 94.14 £0.07 47.00 £ 0.10 36.35 +£0.12
SOSP-H 94.27 £+ 0.08 49.39 £+ 0.65 38.86 £+ 0.70
SOSP-1 94.70 £0.08 60.32 + 0.31 50.24+ 0.80
SOSP-H 9474 + 0.08 62.24 +0.74 51.28 + 1.07
ResNet-56 ResNet-56 DenseNet-40 DenseNet-40
a) b) c) d)
—
-l _— 941 ~— 94.5 94.5 -
© / /
5 ¥ 94.0 94.0
§ 92 4 // + S0SP-I 92 4 / 935 + S0SP-I 935
{ SOSP-H SOSP-H
T T T T T T T T T
0.25 0.50 0.75 50 100 0.50 0.75 100 200
# parameters (10°) # MACs (106) # parameters (10°) # MACs (10°)

Figure 6: Mean and standard deviation plots of the accuracies after fine-tuning of SOSP for ResNet-56
and DenseNet-40 on Cifar10.

456  A.5 Pruning at Initialization vs Pruning a Pretrained Neural Network

457 In this section we investigate further why pruning a randomly initialized network tends to achieve
458 lower accuracies compared to pruning a pretrained network (Lee et al., 2018; van Amersfoort et al.,
459 2020). We compare the final accuracies of pruning and fine-tuning a randomly initialized and
a0 pretrained network (see Fig.[7). While pruning a pretrained network leads to considerably higher
461 accuracies compared to pruning a randomly initialized network, the random baseline curves show the
462 same difference. Thus, to be able to compare pruning before and after training one needs to device
463 settings that enable a fair comparison, ensuring similar accuracies for random pruning accross both
464  settings.
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Figure 7: Comparison of pruning and fine-tuning a randomly initialized (left) and a pretrained (right)
network for ResNet-56 on Cifar10. Random pruning is a baseline which selects uniformly at random
structures s and adds them to the mask M until the predefined pruning ratio is reached.

A.6 Expand-init data

This section provides the experimental results of the corresponding expand-procedure at initialization
(see Sec. 3.4). The results of Fig. 3 indicate that architectural bottlenecks exist not only for pretrained
networks but also for randomly initialized networks. Therefore, we device also an expand scheme
before training. In this scheme the mask for the expand-procedure is not calculated for a pretrained
network but for a randomly initialized network. Following the expand scheme the network is pruned
and then only fine-tuned once. The results are displayed in Fig.[8]

a)
. 92 - o E
> = Q.
o E S
@ £ 90 7 o >
Z3 £ 1S
g ° -+ init-pr. S =
88 7 | expand-initpr. | & g
-+ widen_init-pr.
T T T
1 2 .
d) 0 0 0.3
94
I—i/ o}
o =
93 S =
ol © ‘_g
G & o 5
B2 92 < 1S
>0 c <
@© E %
91 + o L2
2
90 T T
0 2 4 0 10 0 10
# parameters (10°) layer index layer index

Figure 8: We remove architectural bottlenecks found by SOSP starting with a randomly initalized
network. The width of blocks and layers with low pruning ratios in the train-pruning scheme (Fig. 3e
and h) are expanded by a width multiplier of 2 (b, e). As a baseline, we again uniformly expand all
layers in the network by a factor 1.1 (c, f). The layer-wise pruning ratios of the enlarged network
models are shown as bar plots in (b, c, e, f). The average and standard deviation of the test accuracy
across 3 trials are shown over the number of model parameters (a, d). Note that the full ResNet-56
and VGG models have 0.86 - 10¢ and 20 - 10® parameters, respectively.
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B Approximative Second-Order Derivatives

Here we derive our approximations of the second-order loss derivatives, see Eq. (6) which is based
on Eq. (5), and especially the particular matrix structures of I?,, in these expressions, which allow for
a more efficient matrix multiplication.

Recall that our approximation is based on omitting from the exact loss derivative those terms that
involve the (expensive) second-order derivatives V3 f(,,) of the NN outputs fp(x,) € RP. We
however still include second-order couplings due to the loss function ¢. Our approximation is thus to
approximate the NN output

for(x) = fo(x) = fo(x) + o(x) - (0 — 0) (10)

to first order, where ¢(z) := Vg fo(x) € RP*F is the first-order derivative of the NN output, and
then to approximate the second-order derivatives of the NN loss as follows:

Vol (fo(xn),yn) = Vol (£5™ (2n), yn) - (1

We now compute this approximation V3¢ (f}™(z,,),y,) for both the squared loss ((f,y) =

% IIf - y||2 as well as for the cross-entropy loss ((f,y) := —logo(f),, where o : RP — RP
denotes the softmax function. In this computation we use the following facts:

0" (2n) = fo(zn), (12)

Vo fy" (xn) == Vo foi" (xn)

0= — ¢(xn> = v@f@(xn)> (13)

Vo fd™ (xn) == Vo f5"™ (xn)|5_y = 0, (14)
which follow directly from (I0).
B.1 Second-Order Approximation for Squared Loss
For the squared loss, we obtain:
. 1 . .

Vgé( ém(xn)vyn) = Vg 5( ém(xn) - yn)T(fém(xn) — Yn) (15)
= (f§" (@n) = yn) " (V3FE" (20)) + (Vo fs" (2n) " (Vo fs" (xa))  (16)
= ¢(xn)" d(n) a7
= ¢(xn)TRn¢(zn)ﬂ (18)

where R, := 1pxp is here the D x D-identity matrix. This is Eq. (5) for the squared loss.

Due to this diagonal form of R,,, the matrix multiplication (¢(z,,)0s)” Ry, (¢(z,,)0s) in Eq. (6) has,
for each pair (s, s’), a computational complexity /inear in the dimension D (which is the number of
NN outputs), rather than quadratic:

(d)(zn)ee)TRn(d)(zn)os/) = (¢(IW)T99)(¢(IW)0€’) (19)
D
= Z((b(xn)jes)j((ls(xn)os’)jv (20)

where (¢(z,,)05); € R denotes the j-th component of the vector ¢(z,,)05 € RP.

It is for this reason that the overall computational complexity of SOSP-I is linear in D (see Sect. 2.1),
rather than of order O(D?).

B.2 Second-Order Approximation for Cross-Entropy Loss
Note that the first derivatives of the softmax-function o : RP — RP, defined by o(f); =
efi/ Zszl ef* are:

0

8T”ja(f)i =—o(f)ilo(f); — dij)- 20
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a8 We can thus compute for the cross-entropy loss, where d,. € R” denotes the vector with entry 1 in
499 component y and entries 0 everywhere else:

Vol (£3" (wn) yn) = —Ve [log o (5™ (wn))y,] (22)
= Vo [(Vofy™ (za)) " (0(f5™ (xn)) — by.)] (23)
(veflm(xn)) (VGU( lm(xn))) (Veflm(xn))T( ( ém(xn)) - 5y<%4)
= (Vofy" ()" - (Voo(fg™(zs)))- (25)
so0  To compute Vo (f}™(x,) in (25), we consider its i-th component:
>~ 90 (f): »
VQU( lzn(xn))i — af e V@( ém(mn))j (26)
=1 I f=fr(zn)
D . .
=D o™ (@n))i (855 — o (f5™(@n));) - Vo (£5" (xn)) 27)
i=1
jD
— Z (R ) Va ( lzn(‘r”))j (28)
j=1
= (Rn - Vo f§"(x0)), (29)
501 where R,, € RP*P is the matrix with entries
(Rn)ij = o (fg" (xn))i0i; — o (f§" (xn))i o(f5™" (2n)); (30)
=0 (fo(xn)); 6ij — o (fo(zn))i o(fo(wn));- (31)
s02  Thus, plugging back into (23),
Vol (£ (n) yn) = (vef“"@cn)) R, (Vo fs™(xn)) (32)

503 which is Eq. (5) for the cross-entropy loss.

504 Note that R,, is a sum of a dlagonal matrix Ro (first part in Eq. ) and a rank-1 matrix
s05  RI! (second part in Eq. ) Due to this special matrix form, the matrix multiplication
506 (¢(21)05)T Ry (6(x,,)0,) in Eq. (6) has, for each pair (s, s’), a computational complexity linear
507 in the dimension D (the number of NN outputs), rather than quadratic. For the diagonal part
sos R%lag)ij = 0 (fg(xn)); 5, the reason for this is similar to the one for the squared error:

D
((b(ajn)gs)TRcrlLlag(Qs(xn)as’) = Z ((rb(wn)os)z (Rg;ag)u (¢(xn)05’)] (34)
b
Z mn 5 fO(xn)) ((b(xn)es’)t (35)
s09 For the rank-1 part (Rﬁf"k’l)l. = —0a(fo(zn))i o(fo(xn));, the O(D)-efficient computation is
(0(wn)0s)T R (H(4)051) :Z(¢(In)9 )i (By),; (6(xn)bs); (36)
ij .
= Z(¢($n)98)z a(fo(zn))i (¢($n)93’)j U(fa(l’n))j 37
D D
= - (Z(QS(ZH)Q ) f@ xn z) (Z f&(xn))])
i=1 -1

(38)
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Again, for these reasons, the overall computational complexity of SOSP-1 is linear in D (see Sect. 2.1),
instead of quadratic in D. This can make a significant difference for some datasets (e.g. D = 1000
classes on ImageNet).

An alternative O(D)-efficient way of computing our second-order approximation follows by continu-

ing from Eq. , noting that Vy f4i"(z,,) = Vg fo(x,,) by :

V3l (£o(@n)syn) = (Vofo(za)T - (Vo o(folzn))) (39)
= d(an)" - 67 (xn), (40)

where we defined ¢° (x,,) := Vg (0(fo(x,))) € RP*F. Thus, each term in the sum (6) can be
written as

D
(¢(mn)98)T(¢a(xn)98') = Z((b(xn)es)J (¢a(xn)es’)jv (41)

which again has complexity O(D). For this it is necessary to pre-compute each ¢ (z,,) in addition
to ¢(x,, ), but both have the same complexity.

We finally note that our approximation of the second-order derivatives (i.e., of the Hessian) is
somewhat different from the approximation made in (Peng et al., 2019) for the cross-entropy case:
While we dropped all second-order derivatives V3 fy(x,,) of the pre-softmax activations, Peng
et al. (2019) dropped all second-order derivatives of the post-softmax activiations, i.e. all terms
V2 (o(fo(xn)). A consequence of this difference is that our approximation (or (41)) does not
depend on the labels y,, (this is already apparent from our intermediate step Eq. (25))), whereas
the approximation made in (Peng et al., 2019) does depend on the labels y,,. The fact that our
second-order approximation is independent of the y,, is similar to the second-order approximation in
the squared-loss case (see App.[B.T|above, and also (Peng et al., 2019)). Note furthermore that the
first-order terms in the loss approximation (see e.g. in Eq. (2) or (3)) are the same in our method as in
(Peng et al., 2019)), and these do depend on the labels y,, (cf. the expression in square bracket in Eq.

@3)).

C Second-Order Approximation Corresponds to Output-Correlation

The purpose of this section is to provide a better intuition of the second-order components of our loss
approximation. First, we reformulate the expression for the second-order terms in Eq. 6. We use the
fact that for any ReLU-NN without batch normalization layers it holds almost everywhere that

V@f@(x)es = fes(x)7 (42)

where 6° is the weight vector, where all structures of the layer that contains structure s are set to zero
expect for the weights of structure s itself. The identity is straightforward to derive, therefore we
show the relation for a feed-forward neural network with zero biases, but the proof for a convolutional
neural network is almost identical .

Let fs be a fully-connected neural network with L layers and fy(x) =

Wirlpe-1)>oWr—1.-p1i(e)>oWiz, where W, are the weight-matrices and h'(z) the output
functions of the [-th layer and 1,1 (;)>( the diagonal matrix with the step function on the diagonal

elements corresponding to the components of h!(z) > 0. Now assuming that structure s is contained
in the ¢-th layer, the only non-vanishing components of the vector 65 are the once associated with
structure s. Thus, one can evaluate the gradient to get

Vo fo(w)0s = Wrlhe—1()>0Wr—1.-Jhi(@) >0 Wi dp1 2y >0 Wiz, (43)

where W7 is the weight matrix of layer ¢ where all components are set to zero except for those
belonging to structure s. Using this, one directly receives Vg fo(x)0s = fps ()
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Next, applying this identity to Eq. 6 gives
1 &
GZH(G)QS/ ~ Z (¢(zn)93)T Ry, (¢(n)0s)

n=1

1

N Z (Vefe(l’n)@s)T R (Vo fo(zn)0s)

n=1

1 ZN '
= ﬁ fgs (xn)Rnfes’ (mn)»
n=1

where the explicit form of the R,, matrix is provided in the previous section. From this relation
one can now see that the second-order components of our pruning objective correspond to output-
correlations. This connection could also explain, why our second-order pruning methods do not
improve the pruning performance at initialization, but do improve performance after training, since at
initialization different structures may not have as strong output-correlations as the learned features
after training.

D Counting of Parameters and MACs

Here we provide details on how we compute the number of parameters of our pruned NNs, and the
number of MACs required for the evaluation of a pruned NN on one input point. The description is
specific to the ResNets and DenseNets used in our work; the main complication arises for the ResNet
architecture (in particular for the residual connections), as we describe below.

While our parameter and MAC counting is exact, it is somewhat intricate. We do not know whether
this exact counting has been implemented in other papers on pruning as well (see the comparisons
in Tables 1 and 2), since these other works did not elaborate on their counting. Therefore, the
comparability with the counts from other papers is not necessarily given. When we compare our exact
counting to a more straightforward but approximative counting, we find that our exact counts for
ResNet50 (Table 2) yield substantially higher parameter and MAC numbers than the straightforward
approximate counting. The straightforward approximate counting would yield MAC-pruning-ratios
that are 12-18 percentage points higher (better) than our exact numbers. We now explain our exact
counting first.

The number of parameters of a convolutional layer [ equals the number F;™ of input filters of the
layer times the number F°“* of output filters times the kernel size K l“’h (which equals the kernel
width times the kernel height): C! = F, . Feut L K ", In addition to this count, there are 2F Ut
parameters for the batchnorm layer following each convolutional layer (our networks do not have
bias terms in the convolutional layers, which would add another F°“*).

The subtlety is now that, within the chain of convolutional layers in the ResNet architecture, the
number ﬂ’fl of input filters into the following convolutional layer [ 4+ 1 does not necessarily equal
the number of output filters F** of the present convolutional layer [. Namely, this can happen if
the output of layer [ is added to the output of a residual connection to compute the input into [ 4 1.
At such a point in the chain of convolutional layers, the number of input filters ffl into layer [ 4+ 1
depends on both the output filters of layer [ as well as on the output filters of the residual connection.

More precisely, only those filters can be removed from the input into layer [ + 1 which are absent
from both the output of layer | as well as from the output of the residual connection. (Note, thus,
that the number ﬂ’fl of input filters into layer [ + 1 cannot be determined by only knowing the
number of output filters F°** and the number of output filters of the residual connection. Rather, the
answer depends on which output filters have been pruned.) To determine Fffl, two kinds of residual
connections have to be distinguished:

(a) Residual connection is an identity skip connection. In this case, the output filters of the
residual connection are exactly the output filters of a previous layer: either the output filters
of layer I’ := | — 2 (when the skip connection is in a “BasicBlock”) or of layer I’ := [ — 3
(when the skip connection is in a “BottleneckBlock™). F"; thus equals the number of filters
that are un-pruned in the output of both layer I’ and un-pruned in the output of layer [.
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(b) Residual connection is a downsampling layer. As we exclude downsampling layers from
pruning (see Sec. 3), the number of output filters of a downsampling layer in the pruned
network equals the number of outputs of the downsampling layer in the original network.
Therefore, if the output of layer [ is added to the output of a downsampling layer, then Flifl

in the pruned network takes the same value as in the original (un-pruned) network, i.e. Fffl
is the original number of input filters into layer [ + 1.

The same reasoning and procedure applies to determining the number of input filters into any
downsampling layer (i.e., this number is the same as the number of inputs into the convolutional layer
that has the same input as the downsampling layer; note, a downsampling layer is a convolutional
layer as well, but not part of the “chain of convolutional layers”), and also to determine the number of
inputs (“input neurons”) into the final fully-connected layer (i.e., the number of “input neurons” into
the last fully-connected layer is the same as would be the number of input filters into a convolutional
layer at this stage).

Having determined the number of input and output filters (neurons) into all channels in this way, our
parameter count sums up the parameter numbers for all convolutional layers (incl. downsampling
layers), batchnorm layers, and fully-connected layers (incl. bias terms). This is the exact number of
parameters needed to specify the pruned NN and also to build the pruned NN, since these parameters
specify all surviving filters (and the fully-connected layers).

Our exact MAC count is similar, also based on the “true” F;" and F;“* as just determined. The
MAC count of a convolutional layer is M; = C; - S - S!', where S and S are the numbers of
width-wise and height-wise applications of each filter; for our networks, S;* equals the spatial picture
width at layer [ divided by the width-stride, and similarly for S lh

Finally — and as mentioned above — we briefly describe the more straightforward but approximate
counting method, that would yield pruning ratios that can appear quite a bit better. In this approximate
way of counting, we take, within the chain of convolutional layers in the ResNet architecture, as
input filters into layer [ + 1 exactly the output filters from layer /, i.e. F/j:l := FP“*. Consequently
for any downsampling layer, we take as its number of input filters the number of output filters of its
preceding convolutional layer, and as its number of output filters we take the number of input filters
into the following convolutional layer (as determined by the previous sentence). We compute the
number of parameters and MACs then according to the same formulas as in the exact method, but
with potentially other values for F{™ and F** for all convolutional layers (incl. the downsampling
layers, and the number of input nodes into the last fully-connected layer). Note, this approximate
count is actually the exact count for a version of the pruned network where the size of the residual
connections (identity skip connections and downsampling layers) has been adapted in a “natural” way
to the sizes of the pruned convolutional layers in the chain of convolutional layers. In particular, this
count can therefore be computed by just knowing the numbers of pruned filters in each convolutional
layer, instead of knowing exactly which of the filters in each convolutional layer have been pruned.

It is apparent from the way of approximate counting just described that its parameter and MAC count
will be smaller or equal to the exact count (described futher above); both counts conincide for the
original (un-pruned) network. For pruned networks, however, the difference in both counts can be
substantial, esp. for the ResNet50 network (Table 2). For example, whereas the MAC-pruning-ratio
of our SOSP-1(0.3) method is 15% (see Table 2), its MAC-pruning-ratio according to the approximate
counting would equal 27%. In case that the competitor papers used this simpler approximate counting
(which we do not know), we should also use this approximate counting to evaluate our method,
which would thus appear more favorable, especially on the ImageNet experiments and especially on
ResNet-50 (Table 2).

On a final note, we remark that the paper Tang et al. (2020) introducing the SCOP method, mentioned
a discrepancy between the theoretically computed number of MACs and the experimentally measured
value for this quantity, hinting at least at some inconsistency in the counting.
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