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Supplementary Material

7. Additional Details to CPU-Efficient Design
Strategies

7.1. MAC calculations

With Equation (1) we can calculate the MACs of a convolu-
tion with no bias. This further allows us to compute the re-
duction in MACs of the grouped MBConv variants (GrMB-
Conv & GrFuMBConv) compared to their ungrouped coun-
terparts (MBConv & FuMBConv), which we needed in
Subsection 3.2.1. As well as calculate how the reduction
of the kernel size from 3 x 3 to 2 x 2 affects MACs of
the whole FuMBConv and GrFuMBConv block, which we
need in Subsection 3.3. For MAC calculations, we leave
out any batch normalization and activation functions of the
MBConv blocks [25], due to having a minor influence on
the MAC count. We further assume for simplicity, that the
input channel dimension (Cj,) and the output channel di-
mension (C,,,;) are the same, that the expansion factor is 4
and the stride is 1.

7.1.1. FuMBConv vs. GrFuMBConv

Following Equation (1), the MACs of the fused MBConv
block (M fpp) or the GrFuMBConv block can be computed
as
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where the first part refers to the standard convolution and
the second part to the pointwise convolution (see Figure 2).
By pulling out common multiplicative factors, Equation (4)
can be simplified as:
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where the term of the pointwise convolution is reduced to
a single number in the second bracket. The only distinc-
tion between FuMBConv [10] and GrFuMBConv in Equa-
tion (4) lies in the groups parameter. Therefore, Equation
(5) allows us to compute the proportion of MACs that Gr-
FuMBConv requires relative to FuMBConv. When having
a kernel of size 3 x 3 (and groups = 1 for the FuMBConv
and groups = 2 for the GrFuMBConv, while all other pa-
rameters are the same), the MAC count of GrFuMBConv

divided by FuMBConv is:
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Consequently, the GrFuMBConv always has 45% less
MAC:s than its ungrouped counterpart (when they only dif-
fer in the groups paramter), independent of the channel di-
mension.

7.1.2. MBConv vs GrMBConv

The original MBConv block [25] consists out of two point-
wise convolutions and one depthwise convolution (see Fig-
ure 2). Following Equation (1), we can calculate the MAC
count of the MBConv (M,,,;) and GrMBConv block (only
differing in the groups parameter) as follows:
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Similarly to what we did in Equation (5), we can simplify
Equation (8) by pulling out the commmon multiplicative
factors, leaving us with this:
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Similarly to Equation (6), we can now easily compute the
relative MAC count of GrMBConv, compared to MBConv,
by dividing the number of MACs of GrMBConv (groups =
2) with the MAC count of MBConv (with kernel size set to
3 x 3 for both):
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which can be further simplified to:

1 y (%+9+C'm) _ (15 xCin+9)
17 (G2 +9+Cin) (2% Cin+9)
o 1.5 Ci,n+6

2 Com A5

Equation (11) above shows us, that the relative MAC count
of GrMBConv divided by MBConv, depends on the channel
dimension. However it further shows that with increasing
Clin, it converges to 1.5/2 = 0.75, meaning the grouped
MBConv variant has 25% less MACs than its ungrouped
counterpart. For the channel dimensions in Table 1, namely
32, 64, 128, 256 and 512, the relative MACs in percent-
age rounded accordingly are, respectively: 78.1%, 76.6%,
75.8%, 715.4%, 75.2%. The average is 76.2%.

7.1.3. Impact of Kernel Size Reduction on MAC Count
for GrFuMBConv and FuMBConv

In Subsection 3.3 we compared how a reduction of the ker-
nel size from 3 x 3 to 2 x 2 affects MACpS for the depth-
wise convolution, the FuMBConv and the GrFuMBConv
with groups = 2. In Subsection 3.1 we calculated for con-
volutions in general, how the reduced kernel affects MAC
count, leading to approximately 56% always. Therefore
the MAC count of the depthwise convolution is reduced by
56%, when reducing the kernel size. However, the FuMB-
Conv block and GrFuMBConv block also include an addi-
tional pointwise convolution, whose kernel is not reduced,
making the calculation a bit more complicated. However,
we need the MAC count of the full MBConv blocks, since
we also tested the full MBConv block in Subsection 3.3.

Starting from Equation (5), which describes the MAC
count of the GrFuMBConv or the FuMBConv, we can di-
vide the MACs of the 2 x 2 FuMBConv by the 3 x 3 FuM-
BConv block to obtain the percentage reduction (similarly
to what we did in Equation (6)):
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Consequently, the kernel reduction does exactly halve the
MAC count of the FuMBConv block. By doing the same
thing now for the GrFuMBConv block, we yield:
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meaning for the GrFuMBConv block the kernel reduction
leads to approximately 46% less MACs.

7.2. Kernel Experiment GPU

In Table 8 & 9, we repeat the experiments of Subsection 3.3
from table 2 & 3, but on GPU instead of the ARM CPU of
the Raspberry Pi5. Table 8 & 9 show an extreme deteriora-
tion of the MACpS, when reducing the kernel of a convolu-
tion from 3 x 3 to 2 x 2. Especially for depthwise convolu-
tions, this change leads to a higher execution time than com-
pared to the original 3 X 3 kernel. For FuMBConv and Gr-
FuMBConv, the MACpS also decrease significantly; how-
ever, both variants retain at least a similar latency compared
to the original 3 x 3 kernel. While they achieve roughly half
the MACs, the corresponding reduction in MACpS offsets
the expected efficiency gain, effectively nullifying it.

Dwise GPU Channel Dimension
Resol.  Type 128 256 512 1024 Avg.

nmk 6.6 13.1 26.5 524 24.7

77 smk 1.2 2.3 47 9.3 44
1414 nmk 26.4 52.7 103.8 205.3 97.0
X smk 4.7 9.0 187 363 | 172
agag  7h | 10322035 3003 3080 | 2287

smk 18.1 35.7 71.5 68.9 48.5

Table 8. Execution efficiency experiment on GPU on the effect
of kernel size reduction for depthwise convolutions, by measuring
MMACs/ms. Resol. refers to operating resolution, Type refers
to the kernel size (nmk = 3 x 3, smk = 2 x 2). Bold entries
indicate whether nmk or smk variant has higher MACpS. Same as
Table 2, but on GPU.

GPU Ungrouped Groups=2
Resol. Type | Channel Dim. Channel Dim.
128 256 Avg. 128 256 Avg.

nmk 661.6 1075.7 | 868.6 355.1  893.7 | 6244

T k| 2844 8829 | 5836 | 1453 6272 | 3862
toas 7| 23743 33455 | 29599 [ 14226 30268 | 22247
ank | 1081.8 20213 | 15515 | 627.0 16719 | 1149.4

oy | 98922 53859 | 51390 | 40685 47856 | 44270

smk 23339 2669.0 | 2501.5 | 2000.5 2538.2 | 2269.3

Table 9. Execution efficiency experiment on GPU on the effect
of kernel size reduction. We test the GrFuMBConv (Groups=2)
and FuMBConv (Ungrouped) block by measuring MMACs/ms.
Resol. refers to operating resolution, Type refers to the kernel
size (nmk = 3 x 3, smk = 2 x 2). Bold entries indicate whether
nmk or smk variant has higher MACpS. Same as Table 3, but on
GPU.

7.3. Grouping ARM CPU - additional Resolutions

Table 10 shows a similar experiment as Table 1, however
we focus only on ARM CPU, but feature the additional



Grouping=2 Experiment ARM CPU Channel Dimension
Resolution Variant 32 64 128 256 512 Avg.
MBCony 4.1 85 149 224 235 14.7
7x7 GrMBCony 3.7 65 11.6 177 195 | 11.8(-19%)
(MMACSs/ms) | FuMBCony 255 363 38.7 278 243 30.5
GrFuMBCony 147 283 372 323 265 | 27.8(-8%)
MBCony 78 133 214 264 262 19.0
14x14 GrMBCony 63 106 167 221 233 | 15.8(-16%)
(MMACs/ms) | FuMBCony 40.6 453 40.7 324 245 36.7
GrFuMBCony 31.0 42,1 444 347 304 | 36.5(-0%)
MBCony 11.7 18.6 225 263 269 21.2
28x28 GrMBCony 94 148 181 213 268 | 18.1(-14%)
(MMACs/ms) | FuMBCony 532 546 412 300 259 41.0
GrFuMBConv 455 534 441 375 292 | 41.9 (+2%)
MBCony 84 128 191 227 30.8 18.8
56x56 GrMBCony 7.2 99 143 184 254 | 15.0(-20%)
(MMACs/ms) | FuMBCony 423 375 317 244 232 31.8
GrFuMBCony 353 373 348 272 24.0 | 31.7(-0%)

Table 10. Execution efficiency of MACs, measured in MMACs/ms on the ARM CPU of the Raspberry Pi5, for the four MBConv variants
(MBConv, GrMBConv, FuMBConv and GrFuMBConv) for different channel dimensions and operating resolutions. Bold entries indicate
whether the grouped or ungrouped variant has higher MACpS. All grouped variants have groups = 2. It is similar to Table 1, but for
resolutions 7 x 7, 14 x 14, 28 x 28 and 56 x 56 and only on ARM CPU.

resolutions 7 x 7, 28 x 28 and 56 x 56. The numbers
are mostly very similar to 1, independent of the resolu-
tions. However the GrMBConv consistently underperforms
on ARM CPU, compared to the other CPU devices fea-
tured in Table | (Snapdragon 8 Elite CPU, Google Pixel 4
CPU). The FuMBConv block however consistently shows
high MACpS, only on resolution 7 x 7 it falls off a bit.

7.4. Grouping 4 on ARM CPU

In Table 11 we repeat the experiment of Table 1 for addi-
tional resolutions (7 x 7, 14 x 14, 28 x 28 and 56 X 56) and on
the ARM CPU, but for groups = 4 instead of groups = 2.
The averaged numbers with groups = 4 (Table 11) are very
similar to groups = 2 (Table 1), however the distribution
over the channels is different: For channel dimensions be-
low 128, GrFuMBConv with groups = 4 has 20% lower
MACDPS, compared to groups = 2. However for chan-
nel dimensions over 128, they have 36% higher MACpS.
Consequently, depending on the channel dimension, either
groups = 2 (below 128) or groups = 4 (over 128) is more
hardware efficient.

7.5. Grouping GPU - additional Resolutions

In Table 12 we repeat the experiment of Table 1 for addi-
tional resolutions (7 x 7, 14 x 14, 28 x 28 and 56 x 56)
on the Nvidia TITAN RTX GPU. We observe that at lower
resolutions, the grouped variants perform worse, likely due

Grouping=4 Experiment ARM CPU Channel Dimension
Resolution Variant 32 64 128 256 512 Avg.
MBCony 41 85 149 224 235 14.7
X7 GrMBCom 3.1 54 102 174 199 | 11.2(-23%)
(MMACs/ms) | FuMBCon 255 363 387 278 243 30.5
GrFuMBCom 102 185 314 349 32.0 | 254 (-16%)
MBConv 78 133 214 264 262 19.0
14x14 GrMBCony 56 92 161 221 281 | 162 (-14%)
(MMACs/ms) | FuMBConv 40.6 453 407 324 245 36.7
GrFuMBCom 248 364 432 414 398 | 37.1 +1%)
MBCon 1.7 186 225 263 269 212
28x28 GrMBCon 84 130 17.1 236 36.6 | 19.7(-7%)
(MMACs/ms) | FuMBConv 532 546 412 300 259 41.0
GrFuMBCom 367 47.1 495 505 457 | 459 (+12%)
MBCony 84 128 191 227 308 18.8
56x56 GrMBCon 63 89 142 216 338 | 17.0(-9%)
(MMACs/ms) | FuMBCon 423 375 317 244 232 31.8
GrFulMBCon 313 308 397 434 39.5 | 36.9 (+16%)

Table 11. Execution efficiency of MACs, measured in MMACs/ms
on the ARM CPU of the Raspberry Pi5, for the four MBConv vari-
ants (MBConv, GrMBConv, FuMBConv and GrFuMBConv) for
different channel dimensions and operating resolutions. Bold en-
tries indicate whether the grouped or ungrouped variant has higher
MACPS. It is similar to Table 1, but for resolutions 7 x 7, 14 x 14,
28 x 28 and 56 x 56, only on ARM CPU and all grouped variants
have groups = 4 instead of groups = 2 of Table 1.

to reduced opportunities for parallelizing the convolutional
operations. From Table 12 we can conclude, that grouping
convolutions does not fully translate lower MAC count to a
similarly low latency on GPU.



Grouping=2 Experiment GPU Channel Dimension
Resolution Variant 32 64 128 256 512 Avg.
MBConv 8.6 31.7 114.4 474.0 1746.1 475.0
7x7 GrMBConv 5.6 204 82.4 3284 10949 | 306.3 (-35%)
(MMACs/ms) | FuMBConv 45.6 182.4 672.7 1089.9 1309.8 660.1
GrFuMBCony 23.5 85.6 342.2 878.4 12643 | 518.8 (-21%)
MBConv 34.2 112.3 428.6 17473 3494.0 1163.3
14x14 GrMBConv 25.0 88.4 308.8  1260.6 2679.1 | 872.4(-25%)
(MMACs/ms) | FuMBConv 185.1 622.6 2394.6 3612.2 3849.0 2132.7
GrFuMBCony 96.8 330.3  1307.3 2963.3 3878.9 | 1715.3 (-19%)
MBConv 140.0 530.1 1865.3 3053.0 4114.5 1940.6
28x28 GrMBConv 96.7 384.0 1350.1 23953 3769.6 | 1599.1 (-17%)
(MMACs/ms) | FuMBCony 752.8 30434 48822 54721 5676.0 3965.3
GrFuMBConv | 3950 1452.0 4237.8 4839.3 5703.9 | 3325.6 (-16%)
MBConv 5249 15034 25189 38204 4717.1 2617.0
56x56 GrMBConv 379.8  1048.2 19539 3171.3 4416.1 | 2193.8 (-16%)
(MMACs/ms) | FuMBCony 2930.6 4971.6 6183.8 72263 7576.2 5777.7
GrFulMBCony | 1402.0 36542 5068.1 6606.4 7288.1 | 4803.8 (-17%)

Table 12. Execution efficiency of MACs, measured in MMACs/ms on the Nvidia TITAN RTX GPU, for the four MBConv variants
(MBConv, GrMBConv, FuMBConv and GrFuMBConv) for different channel dimensions and operating resolutions. Bold entries indicate
whether the grouped or ungrouped variant has higher MACpS. All grouped variants have groups = 2. It is similar to Table 1, but for

resolutions 7 x 7, 14 x 14, 28 x 28 and 56 x 56 and only on GPU.
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