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Abstract
We present a new efficient Convolutional Neural Network (CNN) architecture targeted for tiny machine learning (TinyML) on vision tasks. Through a series of architectural improvements to state-of-the-art mobile networks, we are able to significantly
reduce the number of parameters while maintaining a reasonable number of multiplyaccumulate operations. We switch the load from expensive pointwise convolutions into
lighter multihead-depthwise convolutions with non-linear Max-out aggregation. By incorporating our contributions to a MobileNetV3 backbone, we achieved comparable accuracy with up to 0.5x reduction in parameters in the ImageNet dataset, and achieved
61% top-1 accuracy, matching MicroNet-M2, ShufflenetV2-0.5x and EfficientNet-B,
with 1MB. We additionally reported results in the tasks of object detection in the COCO
dataset. Finally we performed ablation studies to demonstrate the effectiveness of our improvements. Code will be made available online. Code available at: http://github.com/luisguerraf/flynet
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Introduction

Machine learning targeted for highly constrained devices is a topic of growing interest as
industry demands for real-time, lightweight solutions deployable in IoT devices. Recent approaches to tackle this problem involve reducing the amount of operations [37, 42, 56]; however, reducing the number of parameters has, to some extent, been overlooked. Nevertheless,
as described by Xu et al. [66], transmitting model parameters across different hierarchies of
memories in an embedded device can account for up to 80% of the power consumption of an
inference routine. For example, a commercial microcontroller might not fit a state-of-the-art
efficient network in on-chip memory [1].
Similarly a network designed for constant operation on an always-on device, and a network that will be loaded on demand by a cell-phone app to perform a single inference cycle,
will have different energy profiles. The first one might be better suited for a low FLOPs
model, whereas the second one for a low parameters model.
Currently there is an ongoing paradigm switch in field of deep learning migrating from
once ubiquitous CNNs to Transformer-based [60] neural architectures [13, 17, 31] and MLPonly variants [57, 58]. Nevertheless, convolutional backbones are still leading the board in
parameter efficiency [37, 38, 42]. In an effort to design light networks several directions
have been proposed including low rank matrix decompositions [12, 70], pruning [22, 74]
© 2022. The copyright of this document resides with its authors.
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and sparsification [36, 41], quantization [9, 47], architecture search [40, 75, 76], weight
sharing [20], efficient building blocks design [8, 25] and linear self-attention [32, 44]. Notable works have relied on depthwise separarable convolutions [51], such as the Xception
[8] and MobileNets series of architectures [24, 49]. Architectures such as ResNeXt [65] and
ShuffleNet [42, 71] rely on group convolutions [35] while others on attention mechanisms,
such as Squeeze-and-Excitation networks [27, 63], and residual connections [21] among
others.
In this work we propose four simple but highly effective architectural modifications to
mobile networks that can be used as building blocks in further architectures exploration.
Concretely, we switched the load from the expensive pointwise convolutions to the much
lighter multihead-depthwise convolutions which generalizes depthwise convolutions. By additionally using a max(·) activation function as feature aggregation, our method is equivalent
to a Maxout network [15] with depthwise convolutions. Additionally, we added efficient
mean and variance aware channelwise attention. We leveraged dense residual connections,
in contrast to previous MobileNet versions [24, 49] by simply cropping and padding where
necessary, and finally we regularized our networks by injecting quantization noise to improve
generalization.
These contributions grant us significant accuracy gains over already well established mobile architectures pushing the
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Related Work

Figure 1: Comparison of FlyNet-h3 (3 MDW
heads) architecture with different width mulEfficient Building Blocks. With the intentipliers against state-of-the-art models. Flytion of reducing computation and storage
Net performs favorably in terms of parameter
in CNNs, several works in literature have
count against both popular and recently pubproposed different neural building blocks.
lished works. Particularly, our method excels
An initial attempt was the depthwise sepas the model shrinks, towards the extremely
arable convolutions presented in the Inceplow parameter regime.
tion series [8, 55] and MobileNets [24, 25,
49], followed by SqueezeNet’s fire module
[29]. Group convolutions were utilized in
ResNeXt [65] along with channel shuffling in ShuffleNet [42, 71]. The linear bottleneck
was introduced in MobileNetV2 [49]. Finally, residual connections [21, 53], although initially conceptualized to deal with vanishing gradients, have been utilized as means to obtain
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increases in performance with little overhead as in the sandglass block [72]. In this work
a new block denoted multihead-depthwise convolutions is introduced, which we use extensively across FlyNet, along with dense lightweight residuals. Recently this block, also denoted generalized depthwise-separable convolution, along with concatenation was used for
adversarially robust and efficient networks [11].
Dynamic Convolution and Mixture of Experts. Our method holds similarity to mixture of experts based models [16, 45, 50] where the outputs of different convolutional filters
are fused by a gating or weighting mechanism with the main difference being that our fusing
function is a differentiable non-linearity. In contrast, the more recently proposed dynamic
convolutions [4, 67] adaptively adjust the convolutional filters prior to performing the convolution operation. Thus, the number of operations remains almost unchanged; however, the
network grows considerably in size which is non-trivial given that typically memory accesses
account for a considerable amount of power consumption [23]. Our approach differs from
dynamic convolution in the sense that the filter responses are computed and aggregated via a
Max-out activation function with squeeze-and-excitation [27] scalings. We only implement
this strategy in depthwise convolutions, offloading the pointwise convolutions in MobileNet.
Efficient Attention. Squeeze-and-Excitation networks (SENet), introduced in [27], pioneered a whole set of attention based inexpensive architectural improvements including
[6, 26, 46, 54, 63, 64]. Recently [61] proposed replacing the multi-layer perceptron (MLP)
in SENet for a single convolution. In this work we endow this lightweight channel attention
with variance awareness, translating in accuracy gains at little extra overhead. Second-order
statistics with channel-wise attention had been considered before in [14]; however, considerable complexity is added for similar gains to our approach as the authors consider the entire
channels covariance matrix.
Improving Generalization by Injecting Noise. Over-fitting to the training data is an
issue that has been extensively explored from different angles [10, 33, 34, 48, 69]. Dropout
[52] has been modelled as a Gausssian noise injection process during the learning process
[62]. Batch-norm [30], originally believed to reduce the internal covariate shift was recently
shown to be successful in part due to the same noise-injecting principle in the form of normal
additive noise and scaled inverse Chi multiplicative noise which depend on the batch size
[68]. Here, we present noise regularization based on features and parameters quantization.
To the best of our knowledge, this is the first time quantization has been approached from a
regularization perspective.

3

FlyNet

For this work, we relied on MobileNetV3 [24] as base architecture for implementing our
contributions described in the following subsection. Then we enlist our contributions and
elaborate on each of them.

3.1

MobileNetV3 Backbone and Motivation

Popular compressed architectures such as MobilNetV3 and EfficientNet [56] based themselves on the MobilenetV2 [49] architecture, consist of a stack of depthwise separable convolutions and linear bottlenecks. Depthwise separable convolutions are comprised by depth-
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wise and pointwise convolutions which is a form of factorization of a standard convolution.
Depthwise convolutions, implemented as 3x3 groups=1 convolutions, have the function of
finding spatial patterns but have no cross-channel communication. Pointwise convolutions,
implemented by 1x1 groups=m convolutions, have the function of mixing information across
feature channels. The linear bottlenecks are implemented as two sequential pointwise convolutions that compress and expand the features with no activation function. Finally, inverted
residuals connect the compressed representations in the linear bottlenecks allowing gradients
to flow better throughout the network.
Borrowing notation from [49], a convo1
lutional layer has the following parameters:
Df
D2k , D2f , m and n that denote the dimension
of a convolutional kernel, dimension of the
Df
input feature map, number of input chanm
nels and number of output channels, respecFigure
2:
Standard
depthwise features
tively. Depthwise convolutions have a com2
2
putational cost of Dk · m · D f , and require
D2k · m weights. Pointwise convolutions have a computational cost of m · n · D2f , and require
m · n weights. It is easy to see that pointwise convolutions are far more expensive than
depthwise ones, specially as m and n grow with the depth of the network. Based on this observations we propose multihead-depthwise convolutions to offload pointwise convolutions
while attempting to maintain the representation capacity of the network.

3.2

Architectural Contributions

Multihead-Depthwise Convolutions with Max-out Activation.
Multihead-depthwise (MDW) convolutions are a generalization of depthwise convolutions that leverage the over-looked output channels dimension (output depth). Whereas traditionally in a depthwise convolution each input channel gets convolved with only a single
filter, in a MDW convolution it gets convolved with h ≥ 1 filters. The resulting m · h output
feature maps can subsequently be merged in several ways. A naive approach would involve
using a pointwise convolution to shrink the dimension back down to the original dimension
(denoted input depth in [25]). An appealing second alternative is to linearly combine each
set of h heads produced by each input channel using a weighted combination followed by
an activation function (e.g. relu(·)). This approach incurs in fewer parameters and computation. However, in this work we propose to use the Max-out activation function proposed
in [15], which is a parameter-free, non-linear aggregation, involves no Multiply-Add operations (MAdds) and achieves higher accuracy than a learned affine transformation. Refer to
Table 1 for ablations on types of reductions and section 4.3 on number of heads.
Formally, given an input features tensor A ∈ Rm× f1 × f2 , MDW convolution convolves it
with a h-heads kernel W ∈ Rm·h×k1 ×k2 to produce pre-activations F pre ∈ Rm×h× f1 × f2 and
subsequently reduce them with maxdim=1 (F ) to produce post-activations F post ∈ Rm× f1 × f2 .
This is illustrated in Figure 3. As in [43], in order to implement a Funnel Max-out activation,
we additionally tested adding the input feature maps A as input to the Max-out activation:
maxdim=1 ([A, F pre ]dim=1 ) with no success. maxdim=j (·) and [·]dim= j denote max pooling and
concatenation across dimension j with dimensions indexing starting at zero. Refer to section
3.2 for the results.
The computational cost of MDW convolution is simply h times that of a regular depth-
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Figure 3: (a)Act as feature map mixer. (b)Additionally to the traditional squeeze-andexcitation mechanism that scales the feature maps by the computed coefficients, here the
coefficients are passed through a softmax before scaling. This operation can be thought of
as a feature map multiplexer.

wise convolution. By transferring the load from the pointwise convolutions to MDW convolutions our network achieves high compression rates without incurring in significant decrease in accuracy. We conjecture that our network makes better usage of the redundant
feature maps produced by the pointwise convolutions. A similar observation was done by
Han et al. [18].
Efficient, Mean and Variance Aware Channel Attention. Squeeze-and-Excitation
networks [27] (SENet) was a pioneer in proposing channel attention. The purpose of the
SENet is to model interactions between channels of intermediate activations and re-scale
them appropriately. Their approach involves adding an MLP per convolutional layer in order
to compute conditional channel-wise scalings. The scalings s ∈ Rn are obtained from the
channel-wise means µ ∈ Rn in the following way:
µ ),
s = MLP(µ

µn =

1
∑ An, f1 , f2
f1 f2 ∑
f1 f2

(1)

ECA-Net [61] replaced this MLP with a single 1D convolutional layer parameterized by
k ∈ Rz : s = µ ∗ k . z ∈ Z+ is the kernel size and good results can be obtained with kernels as
small as z = 3. For our experiments we empirically found that a kernel of size z = 7 provided
the best results.
Given that the numbers of parameters is drastically reduced by replacing the MLP with a
convolution, we augmented the ECA-Net formulation by adding the channel-wise variances
σ 2 ∈ Rn to the scalings computation which reuses the already computed means. We concatenate the mean and variance vectors on a new dimension and convolve with k ∈ Rz×2 :
µ , σ 2 ]dim=1 ∗ k ,
s = [µ

σ 2n =

1
∑(An, f1 , f2 − µ n )2 .
f1 f2 ∑
f1 f2

(2)

Finally, a non-linearity is applied on the computed scalars s prior to exciting the n output
channels. As depicted in Figure 3 we tested both sigmoid (default in SENet) and softmax
nonlinearities. The latter one is only applicable for MDW convolution layers. The softmax is
implemented by first reshaping s ∈ Rn into s ∈ Rm×h where n denotes the number of output
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channels, and m denotes the number of input channels, with n = m × h. Then the softmax is
taken across the heads dimension:
s sig = sigmoid(ss),

s so f = softmax(ss/T )dim=1 .

(3)

where T is the temperature hyperparameter. If used with MDW, the sigmoid case can be
though of as a channel mixer, while the softmax case can be though of as a feature map
selector or multiplexer.
Including second-order information in the channel-wise attention has been previously
explored in [14]; however, the authors compute a per-layer channels covariance matrix which
is considerably more expensive than our approach.
Table 1: FlyNet ImageNet accuracy with different activations and channel reductions in
the MDW convolutions. All the models have the same number of parameters and similar
MAdds.
Model
FlyNet-h3 0.5x
FlyNet-h3 0.5x
FlyNet-h3 0.5x
FlyNet-h3 0.5x
FlyNet-h3 0.5x

Activation
ECA+Sigmoid
ECA+Sigmoid
ECA+Sigmoid
ECA+Softmax(T=3)
ECA+Softmax(T=10→ 1)

Reduction
Sum+Relu
Funnel Max-out
Max-out
Max-out
Max-out

Top-1 Acc
57.6
58.8
58.9
58.9
59.1

Top-5 Acc
80.5
80.9
81.0
81.0
81.3

In Table 1 we performed experiments on a network with h = 3 heads to compare the
different combinations of excitation activations and feature map reductions. We can observe
that Softmax with temperature annealing followed by Max-out reduction performed slightly
better than the other strategies.
Dense Light Residuals. Unlike a traditional ResNet that uses residual connections [21,
53] as shortcuts between high dimensional representations, MobileNetV2 and V3 make use
of them to connect its low dimensional features in the linear bottlenecks, and are thus named
inverted residuals. Whenever there is a mismatch in the number of input and output channels,
ResNet uses 1x1 convolutions to adjust the number of channels; however, this incurs in
a significant number of weights and MAdds, and therefore are avoided in MobileNet by
simply not placing them. Here, as depicted in Figure 4 we propose an alternative depending
on whether the number of channels should increase or decrease:
(
Al−1
if
m>n
0:n,:,:
R=
,
(4)
l−1
[A , MDW(Al−1 )]dim=0 i f
m<n
where R, the residual connection, now matches the dimension of Al−1 , and l is the layer
index. MDW is used to both fill the residuals shortfall and spatial downsampling.
In the case of m < n, analogously to the case m > n, we tested only bridging the available
input channels with residual connections to the first n channels, however this strategy did not
provide improvements.
Following the analysis from the Sandglass block [72], we added dense residuals to the
MobileNet architecture by bridging both the low dimensional representations and the high
dimensional representations. As illustrated in the ablation studies detailed In Table 2, we
achieved increased accuracy and generalization at practically no overhead.
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Block

Conv
Block

(a) Residuals for channel decrease

(b) Residuals for channel increase

Figure 4: Light residuals for channel mismatch. Unlike ResNet [21] which fully relies on
1x1 convolutions to adjust the number of channels in mismatching residual connections,
we use a lighter version that compliments only for the channels shortfall. Both cases use
Depthwise convolutions for spatial down-sampling when required.
Table 2: FlyNet ImageNet accuracy with light residual connections. See Section 3.2.
Backbone
FlyNet-h3 0.4x
FlyNet-h3 0.4x
FlyNet-h3 0.4x
FlyNet-h3 0.4x
FlyNet-h3 0.4x

3.3

Residual
No Residual
Default in MobileNetV3
3x3 Conv
3x3 DW - PW
3x3 MDW - Concat

Top-1 Acc
54.5
55.5
56.0
55.6
55.9

Top-5 Acc
78.0
78.8
79.3
78.9
79.2

Params
0.657M
0.657M
0.673M
0.659M
0.658M

Madds
26.5M
26.5M
30.9M
27.5M
27.0M

Quantization as Regularization

Quantized networks have been observed to harm training accuracy at the expense of reduction in computational resources, but present high generalization due to the highly restrictive
permissible set of values, preventing them from over adjusting to the data. Therefore, we
propose training with low quantization noise by manually tuning the bitwidth/resolution of
the network.
Restrictive codebooks and clipping functions have been empirically observed to harm
accuracy [7]. Here we use adaptive quantization, meaning that no clipping is performed and
the codebook is dynamic. This is because no codebook will be used during inference; thus,
it can vary across training iterations. Similarly, the quantization levels q do not have to be
powers of 2.
Analogously to Dropout being modelled as multiplicative Gaussian noise on the weights
[62], a q-level uniform quantization function Q(·) as follows:
x
Q(x) = ∆ · (round( )),
∆

∆=

1
q−1

(5)

can be modelled as additive noise x + ε with an uniform distribution ε ∼ U(−∆/2, ∆/2),
where x has been re-scaled to the range [0, 1]. Refer to Banner et al. [2] for details.
In order to back-propagate through the non-differentiable rounding function, we resort to
the Straight Through Estimator (STE) originally proposed in [3], and employed ubiquitously
dL
across quantization works [9, 28, 47, 73]. The STE is defined as: dL
dx ≈ dQ(x) , where L
denotes the loss function.
We inserted our quatization regularization as a drop-in replacement for Dropout in the
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MobileNetV3 backbone. As initialization, we used a pre-trained full-precision network. We
swept different quantization levels in section 4.3.

4
4.1

Experiments
ImageNet

We conducted experiments in the ImageNet ILSVRC 2012 [35] dataset which consists of
1.2M labelled images for the task of classification with 50K test images spread across 1000
classes. The images resolution used for training and computing the number of MAdds is of
2242 . For testing we first resize the smallest size of the image to 266 pixels before doing a
single center crop of 2242 .
We used the momentum SGD optimizer. For the learning rate we used a cosine schedule starting at lr = 0.4 and momentum=0.2 during 150 epochs with mini-batch of 64. We
observed that both Dropout and quantization regularizations harmed the accuracy on small
networks (e.g. FlyNet 0.5x), therefore we only applied our regularization on models above
1.6M parameters. Similarly, weight decay was set to 1e−5 for models with #Params<1.6M
and 4e−5 for the remaining ones.
Table 3: FlyNet performance results in ImageNet.
Model
MobileNetV3 0.15x[37]
MicroNet-M0 [37]
FlyNet-h3 0.4x
MobileNetV3 0.2x[37]
MicroNet-M1#
MicroNet-M1
EfficientNet-B [56]
FlyNet-h3 0.5x
MobileNetV3 0.35x+BFT [59]
MobileNetV3 0.5x [24]
MicroNet-M2#
MicroNet-M2
TinyNet-E [19]
ShuffleNetV2 0.5x [42]
FlyNet-h3 0.6x
ShuffleNetV2 0.5x+BFT [59]
MicroNet-M3#
FlyNet-h3 0.7x
MicroNet-M3
Mobile-Former-26M [5]
EtinyNet [66]
FlyNet-h3 0.8x

Top-1 Acc
33.7
46.6
55.9
41.1
49.4
51.4
56.7
59.1
55.2
58.0
58.2
59.4
59.9
60.3
61.5
61.3
61.3
63.3
62.5
64.0
65.5
65.7

Top-5 Acc
57.2
70.6
79.2
65.2
72.9
74.5
79.8
81.3
80.1
80.9
81.8
83.4
82.9
84.5
83.1
86.2
86.2

Params
1.0M
1.0M
0.65M
1.2M
1.2M
1.8M
1.3M
0.86M
1.4M
1.6M
1.4M
2.4M
2.0M
1.4M
1M
1.4M
1.6M
1.3M
2.6M
3.2M
0.98M
1.6M

MAdds
4M
4M
26M
6M
5M
6M
24M
34M
15M
21M
11M
12M
24M
41M
46M
41M
20M
54M
21M
26M
117M
66M

The results of FlyNet on ImageNet are listed in Table 3. We can see that FlyNet is very
efficient towards the extremely low parameter regime, with FlyNet-h3 0.4x (3 heads and
width multiplier of 0.4) widely outperfoming MobileNetV3 0.15x and MicroNet-M0.
FlyNet effectively reduces the number of parameters while maintaining a reasonable
number of MAdds in comparison to EtinyNet [66], since both memory accesses and operations can be expensive in terms of energy consumption as discussed in [23] and [9].
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4.2

COCO Object Detection

Table 4: FlyNet performance in COCO object detection. We reported the number of parameters and MAdds of the backbones used as drop-in replacement.
Backbone
FlyNet-h3 0.4x
FlyNet-h3 0.5x
MicroNet-M2
FlyNet-h3 0.6x
MobileNetV3 1.0x
MicroNet-M3
FlyNet-h3 0.8x
FlyNet-h3 0.4x
MicroNet-M2
FlyNet-h3 0.5x
MobileNetV3 1.0x
FlyNet-h3 0.6x
MicroNet-M3
FlyNet-h3 0.8x

DET Framework

RCNN

RetinaNet

Params
0.14M
0.19M
0.58M
0.24M
0.89M
0.69M
0.41M
0.14M
0.58M
0.19M
0.89M
0.24M
0.69M
0.41M

MAdds
26M
34M
12M
46M
56M
21M
86M
26M
12M
34M
56M
46M
21M
86M

mAP
21.9
23.2
22.7
24.4
25.9
26.2
27.0
22.9
22.6
23.7
24.0
24.6
25.4
27.2

COCO [39] object detection is large-scale dataset consisting of 80K training and 40K
validation images with annotated boxes for 90 different classes.
We implemented our FlyNet backbone in the Faster-RCNN and RetinaNet frameworks
compatible with MobileNetV3 without any modifications. We used pretrained backbones
and fine-tuned for 26 epochs with multi-step learning rate starting at 2.5e−3 , multiplied by a
factor of 0.1 at epochs 16 and 22. We set weight decay to 4e−5 and momentum 0.9.
We reported Average Precision (AP0.5 ) as well as the number of parameters and MAdds
(computed using 224×224 images) of the backbones (ignoring the heads) used as drop-in
replacement. FlyNet outperforms both MicroNet and MobileNetV3 as reported in [37] in
terms of number of parameters. In the low parameter regime, FlyNet-h3 0.5x performs almost 3 times as many MAdds than MicroNet-M2 but is 3 times smaller with higher accuracy.

4.3

Ablation Studies

In this section we test the individual contribution of our ideas. Some ablations have been
included in the corresponding sections in the main body of the paper.
Number of MDW convolution heads. In Table 5 we investigate the impact of the additional heads in the MDW convolutions. We tested with heads in the range [1, 5]. We observed
a monotonic increase in accuracy for all of them, with a total gain of more than 3% from its
single head counterpart at almost no overhead in parameters and less than twice the operations. We also observed that the largest accuracy jump comes from the first additional head
at very little cost.
Quantization levels. As common convention, we initiliazed the quantized networks with
a pretrained full-precision network, and we set the momentum to 0.9. We did not test training
from scratch. As previously mentioned, we found regularizing small networks harms their
performance; therefore we tested our regularization on the largest version of FlyNet (1.0x).
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Table 5: ImageNet accuracy for different number of MDW heads.
Model
FlyNet 0.5x
FlyNet 0.5x
FlyNet 0.5x
FlyNet 0.5x
FlyNet 0.5x

Heads
1
2
3
4
5

Top-1 Acc
56.7
58.2
59.1
59.8
59.9

Top-5 Acc
79.6
81.0
81.4
81.9
82.0

Params
0.80M
0.83M
0.86M
0.89M
0.92M

MAdds
24M
29M
34M
39M
44M

Table 6: ImageNet accuracy for different quantization levels (q-levels). See Section 3.3
Model
FlyNet-h3 1.0x
FlyNet-h3 1.0x
FlyNet-h3 1.0x
FlyNet-h3 1.0x
FlyNet-h3 1.0x

5

q-levels
232
16
8
6
4

Top-1 Acc
67.2
67.3
67.4
67.1
66.1

Top-5 Acc
87.5
87.7
87.8
87.4
87.1

Conclusions

We developed a series of simple but effective architectural modifications that can be integrated into any neural architecture to provide accuracy boosts at very little overhead. Particularly, our contributions are aimed at compressed networks in the extremely low parameter
regime (sub 1M). We leveraged a MobileNetV3 backbone to devise the FlyNet architecture.
We performed ablation studies and experiments on different large-scale benchmarks to analyze the impact of our contributions. We believe our research will set grounds for further
automatic architecture search aimed at mobile and tiny machine learning.
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