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The use and research of neural networks on very small processor systems are currently still limited. 
One of the main reasons is that the design of microcontroller-architecture-aware ML models that 
take into account user-defined constraints on memory consumption and run-time are very difficult 
to implement. Therefore, we adapt the concept of differentiable neural architecture search (DNAS) 
to solve the time series classification problem on resource-constrained microcontrollers (MCUs). 
This paper explores and demonstrates for the first time that this problem can be solved using Neural 
Architecture Search (NAS). The key of our specific hardware-aware approach, MicroNAS, is an 
integration of a DNAS approach, Latency Lookup Tables, Dynamic Convolutions and a novel search 
space specifically designed for time series classification on MCUs. The resulting system is hardware-
aware and can generate neural network architectures that satisfy user-defined limits on execution 
latency and peak memory consumption. To support our findings, we evaluate MicroNAS under 
different latency and peak memory constraints. The experiments highlight the ability of MicroNAS to 
find trade-offs between latency and classification performance across all dataset and microcontroller 
combinations. As an example, on the UCI-HAR dataset, MicroNAS achieves an accuracy of 94.62% 
when allowed 25 ms and 98.86% when allowed 50 ms when running on the Nucleo-L552ZE-Q. The 
much more powerful Arduino Portenta, on the other hand, achieves an accuracy of 95.88% with an 
allowance of 3 ms and 99.37% when allowed 25 ms displaying the ability of MicroNAS to adapt to 
different microcontrollers. MicroNAS is also able to find architectures which perform similarly to state-
of-the-art systems designed to run on desktop computers (99.62% vs. 99.65% accuracy on the UCI-HAR 
dataset and 97.83% vs. 97.46% accuracy on the SkodaR dataset).

MCUs are small, low-power computing systems that can be found in a wide range of devices, including medical 
equipment, consumer electronics, wearables and many more. Deploying machine learning models directly on 
microcontrollers enables applications such as predictive maintenance1, human activity recognition2 or health 
monitoring3 to be always available without network connectivity while ensuring privacy4. Many of these devices 
utilize sensors, such as, accelerometers, gyroscopes and more which generate time series data5.

The combination of sensors and microprocessors embedded in smart sensors creates the opportunity for 
offline, on-device data analysis which allows these devices to operate in privacy-critical, real-time and autonomous 
systems6. Due to the limited hardware of typical MCUs (e.g. 64 KB SRAM, 64 MHz CPU clock), it is not possible 
to run state-of-the-art time series classification architectures such as InceptionTime7 or DeepConvLSTM8 on 
these devices. Our focus is on low-power MCUs that are widely used in resource-constrained environments 
such as sensor nodes (e.g. Cortex-M4 equipped MCUs), rather than more powerful microprocessors found in 
smartphones and single-board computers with significantly more computational resources.

A common solution to deal with the limited resources of microcontrollers is to send the raw data to a 
server in the cloud, where state-of-the-art models can be executed and then transmit the result back to the 
microcontroller. For many reasons, this approach is not sustainable: network communication introduces 
uncertain latencies, preventing its use in real-time applications or scenarios where networking is unavailable, and 
processing data on external servers poses a privacy risk. In addition, network communication is expensive for 
microcontrollers in terms of energy consumption. One promising approach is to deploy neural networks directly 
on microcontrollers. Recent research9–11 has demonstrated that neural networks can outperform traditional 
classifiers in resource-constrained environments. Unlike traditional methods, neural networks offer end-to-end 
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learning capabilities that eliminate the need for manual feature extraction. Moreover, their architectural flexibility 
enables the design of specialized neural network models precisely tailored to specific use cases, maximizing 
performance within tight computational and memory constraints. The design of these specific neural networks 
is often done by domain experts with knowledge in the field of machine learning and is an error-prone and 
time-consuming process12. To automate this design process, neural architecture search (NAS) can be applied 
to find suitable neural network architectures for specific use-cases. Existing state-of-the-art NAS-systems focus 
on generating neural network architectures for image classification13–15. Hardware-aware NAS systems (HW-
NAS) which optimize classification accuracy and hardware utilization, have also been implemented for image 
classification16–18. However, existing HW-NAS systems are not adapted to the time series classification task and 
utilize latency estimation methods that are not precise enough for highly constrained microcontrollers15–17.

To apply HW-NAS to time series classification, two main challenges need to be overcome. First, the shape 
of time series data differs fundamentally from image data which requires an adaptation of the search space. 
We solve this problem by introducing a novel, two stage search space, in which first Time-Reduce cells extract 
temporal context and in a second step, Sensor-Fusion cells allow for cross-channel interaction19. Depending on 
the window-size and the number of sensor-channels, we vary the number of cells in the search space to cover a 
wide range of time series datasets. Second, to be able to adhere to the resource constraints of MCUs and select 
the best architecture, a fine granular search space in combination with precise execution latency predictions 
is required. If the search space is too coarse, it may not be possible to find optimal architectures for the given 
task that still satisfy user imposed limits on the execution latency and peak memory consumption. Similarly, 
imprecise execution latency estimations make it impossible to determine when the maximum allowed execution 
latency is exceeded. We utilize a masking convolution approach adapted from15 to create a fine granular search 
space by varying the number of filters in convolutional layers. To precisely estimate the execution latency of 
architectures in the search space, we employ a latency lookup table based approach14. FBNetV215 employs a 
technique called effective-shape-propagation in order to estimate the execution latency of architectures. This 
approach is not compatible with the lookup-table based approach but we overcome this limitation by linking 
these two techniques with an interpolation schema. In summary, this paper makes the following contributions: 

	1.	� MicroNAS; the first hardware-aware neural architecture search (HW-NAS) system for time series classifica-
tion tasks on embedded microcontrollers.

	2.	� Introduction of a time series classification specific search space suitable for datasets with varying window siz-
es and number of sensors. The search space contains two searchable cells that extract temporal information 
and allow for cross-channel interaction respectively.

	3.	� An automatic characterization method to calculate neural architecture execution latencies for microcontrol-
lers based on a lookup table with an average error of ≈ ±1.59 ms,, showing that this approach outperforms 
proxy latency metrics (≈ ±15.57 ms).

Background and related work
We first summarize time series classification using deep learning approaches and then introduce existing state-
of-the-art neural architecture search systems.

Time series classification
In the recent past, deep learning-based approaches have been used successfully for time series classification. 
Systems such as InceptionTime7 and multi-scale CNNs20 feature CNN based architectures to aggregate temporal 
context on multiple scales. Other options include the use of RNNs or hybrid models consisting of both CNN and 
RNN layers8,21. However, deploying these models on microcontrollers (MCUs) remains challenging due to their 
computational and memory constraints. To address this issue, lightweight neural networks optimized for MCU-
based time series classification have been proposed22,23. Recent methods, such as TinyLSTMs24, TinyHAR19 and 
MLP-HAR25 focus on designing efficient architectures that balance accuracy and resource constraints. Inspired 
by the existing CNN system architectures, we develop our NAS search space. This space features searchable cells 
that are optimized for MCUs while preserving the hierarchical structures typically found in CNN-based time 
series classification models.

Neural architecture search
Early neural architecture search systems (NAS)26 formulate the search as a reinforcement learning problem. 
While this approach produces novel, well-performing architectures, the search takes long as each iteration 
of the REINFORCE algorithm requires training a neural network until convergence with no weight sharing 
between architectures. To overcome this issue, super-networks have been introduced as search spaces, where 
each architecture exists as a subgraph, allowing for shared weights among them13,27. Systems like28 and27 show, 
that training the super-network is enough to emulate any architecture in the search space. Darts extends this 
idea by introducing Differentiable Neural Architecture Search (DNAS)13. DNAS utilizes a relaxation schema to 
make the search continuous, differentiable and, therefore more resource efficient. In DNAS, the search space is 
also defined by a super-network, in which a layer has not one but multiple operations. The layer output l is then 
computed as a convex combination of the outputs of the operations o scaled by the architectural weights α :  
l =

∑
i
oi ∗ αi. During architecture search, the regular neural network weights and the architectural weights 

are jointly optimized using gradient descent. This allows for a structured and more efficient search. After training 
is complete, the architectural weights are used to identify the selected architecture. Several works have extended 
DNAS to constrained environments, such as TinyML and embedded systems29–32. Due to its efficiency, we use 
DNAS as the basis for the search algorithm of MicroNAS.

Scientific Reports |         (2025) 15:7575 2| https://doi.org/10.1038/s41598-025-90764-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Recently, NAS has been extended to be hardware aware (HW-NAS). Systems in this category not only 
optimize for classical performance metrics such as accuracy or precision but also for hardware-specific metrics 
such as execution latency, peak memory and energy consumption33,34. Optimizing the hardware utilization 
is especially important when targeting microcontrollers, as these devices are typically severely resource-
constraint. Therefore, during architecture search, the search algorithm needs to be able to estimate relevant 
hardware metrics for arbitrary architectures. For the peak memory consumption, analytical estimation can be 
used for precise calculation. In contrast, for the execution latency, many approaches exist33. Real-time latency 
measurements on the target hardware during architecture search provide precise measurements but prolong the 
search drastically33,35. Another common and much faster approach is to use the number of FLOPs or similar 
metrics as a proxy for the execution latency14,16,17. While the authors of MicroNets16 and µNas17 claim the 
number of operations in a model is a good proxy for the execution latency when targeting MCUs, others36 argue 
that this is not the case. A middle ground between the slow but precise on-device measurements during search 
and the fast but imprecise latency estimations using the number of operations, are lookup tables33,37. With the 
lookup table approach, operations in the search space are executed on the MCU once and can then be efficiently 
used during search time.

Most NAS approaches for time series tasks focus on classification38 or forecasting39, but they do not optimize 
for MCUs. In contrast, HW-NAS methods such as MicroNets16 and µNAS17 optimize for constrained hardware 
but do not address time series classification. The proposed system bridges this gap by integrating hardware-
aware NAS techniques, including DNAS and lookup-table-based latency estimation, while featuring a specialized 
search space designed for time series classification on MCUs. By combining state-of-the-art NAS techniques 
with time series-specific architectures, MicroNAS provides a comprehensive solution for MCU-compatible time 
series classification models that balance accuracy, efficiency, and resource constraints.

System overview
The system overview of MicroNAS can be seen in Fig. 1. The input to the system consists of a time series dataset, 
an MCU to use (MCUt) and user-defined limits on the execution latency (Latt) and peak memory consumption 
(Memt). In a first step, the hardware utilization of each operator in the search space is obtained in an operation 
called characterization, shown in “Latency and peak memory estimation” section. After characterization, HW-
NAS is executed where a DNAS approach (“Search algorithm” section) is utilized to select a suitable architecture 
from our search space (“Search space” section) for the dataset and MCUt combination. The found architecture is 
then extracted from the search space and retrained from scratch using quantization aware training to maximize 
classification performance (“Model retraining and quantization” section). Finally, the trained, int_8 quantized 
neural network is converted to the tf-lite format and can now be deployed on MCUt.

Latency and peak memory estimation
For MicroNAS to find architectures that obey user-defined limits on the execution latency and peak-memory 
consumption, it is necessary to estimate the actual execution latency and peak-memory consumption of 
individual architectures in the search space. To improve on flops-based proxy metrics for the execution latency, 
we introduce a lookup-table-based approach. The peak memory consumption is estimated analytically, following 
the approach of16,17.

Fig. 1.  MicroNAS requires the dataset to be split into three different sets which are used at different stages in 
the pipeline. The user specifies the dataset to be used, the target MCU (MCUt) and the maximum allowed 
hardware utilization in terms of execution latency (Latt) and peak memory consumption (Memt). Output of 
the system is a corresponding neural network in the tf-lite format.
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Latency characterization
When calculating the execution latency of neural network architectures, the literature proposes to use the 
number of operations in an architecture as a proxy metric16,17,40. We argue for a lookup table based approach, 
in which we obtain the execution latency of each operator in our search space by executing it on the actual 
MCU. From this information, we can calculate the execution latency for arbitrary architectures in the search 
space. To determine the viability of this approach, we conduct our own experiment in which we compare our 
latency lookup table approach with a FLOPs-based proxy metric as seen in Fig. 2. We executed the experiment 
using int_8 quantized networks on the Nucleo-L552ZE-Q where we measured the actual execution latency 
by using the internal CPU-cycle counter on ARM Cortex processors. Results can be seen in Fig. 2. Our lookup 
table approach achieves an R2-score of 0.9997 with a mean absolute error of 1.59 ms. The FLOPs based latency 
estimation achieves an R2-score of 0.9678 and a mean absolute error of 15.57 ms. Therefore, we can conclude, 
that the lookup table approach is able to outperform the flops-based latency estimation approach.

Search space
To accommodate the time series classification task, we introduce a novel, MCU-tailored search space consisting 
of two types of architecture-searchable cells. This search space is defined by a super-network, built from a linear 
stack of architecture-searchable cells. First, Time-Reduce cells are utilized to extract temporal context from the 
incoming time series. In a second step, Sensor-Fusion cells allow for cross-channel interactions where information 
from multiple sensors can be fused. This two-step process is a common approach in the domain of time series 
classification8,19,20,41,42. Each of the searchable cells is hardware aware and therefore output their hardware 
metrics, including execution latency Lat(α, MCUt) and peak memory consumption Mem(α, MCUt) 
which depend on the architectural weights α and MCUt. Input to the search space are time series windows, 
represented by 2D-Tensors with dimensions tsl (window size) and tss (Sensor channels). To adapt the search 
space dynamically to datasets with varying window sizes (tsl) and number of sensor-channels (tss), the number 
of cells is adapted automatically. The number of Time-Reduce cells (NT R) is calculated according to Eq. 1:

	
NT R =

⌊
log2

(
tsl

tsml

)⌋
� (1)

tsltsml the minimum.  (1) and the number of Sensor-Fusion cells (NSF ) is calculated according to Eq. (2):

	
NSF =

⌊
log2

(
tss

tsms

)⌋
(1 + sfs)� (2)

tsml is the minimum window size after the Time-Reduce cells while tsms is the minimum size of the sensor-
dimension after the Sensor-Fusion cells. The parameter sfs is user settable to increase the number of Sensor-
Fusion cells which allows for deeper networks. The Sensor-Fusion cells can be configured with stride 1 or 2 while 
the number of cells with stride 2 is independent of the parameter sfs. An overview of this search-space can be 
seen in Fig. 3. To improve stability during training, dropout layers with dropout factor 0.3 are placed between 
all cells (not shown in figure).

Decision groups
In DNAS, each searchable cell contains two sets of weights: The regular neural network weights w as well as the 
architectural weights α indicating the architecture. These architectural weights are organized in decision groups. 
A decision group αi is a collection of architectural weights αi,j , used to make one-out-of-many decisions. αi,j  
denotes the j-th architectural weight in the i-th decision group. Each weight αi,j  in a decision group gates a path 
in the cell and therefore, one-hot encoded decision groups define the cell-architecture. During search-time, a 
pseudo probability-function is applied to the decision group, shown in Eq. (3).

	 α̂i,j = pseudo_prob(αi,j)� (3)

Fig. 2.  Execution latency of whole architectures from our search space. Left: Our lookup-table latency 
approach. MAE: 1.59 ms, R2: 0.9997. Right: Flops based estimate: MAE: 15.57 ms, R2: 0.9678.
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After the search, each decision group will be one-hot encoded. This effectively discards all options which are 
assigned the zero value and therefore the final architecture is determined.

Dynamic convolutions
A dynamic convolution15 is a convolution whose number of filters can be searched for efficiently by using weight 
sharing. We adapt this concept and couple it with an interpolation scheme to make it compatible with our 
latency lookup table. In a dynamic convolution, first a convolution with the maximum number of allowed filters 
fmax is applied to the input x. The output of this convolution is then multiplied with a binary mask in the filter 
dimension. This mask is the weighted sum of several masks mi, with architectural weights α̂y,i:

	
y = conv(x) ∗

(∑
i

α̂y,i ∗ mi

)
� (4)

This formulation allows to efficiently search for the number of filters in a convolution by using the decision 
group αy . This process is displayed in Fig.  4. As the hardware utilization of a convolution also depends on 
the number of filters in the incoming time series, we need to take the decision group αx, responsible for the 
number of filters in the input into consideration. To reduce the cost of latency characterization, we introduce the 
granularity g with (fmax mod g == 0). This parameter controls how many filters are disabled by one mask 
mi. To characterize a dynamic convolution, we must execute all possible combinations of number of input and 
number of output filters on the MCUt. The introduction of g reduces the number of possible combinations 
from f2

max to (fmax/g)2 which significantly reduces characterization cost. Finally, execution latency and peak 
memory consumption for a dynamic convolution can be calculated with the interpolation schema according to 
Eq. (5). In the equation, the function HW(x, y) returns the execution latency and peak memory consumption for 
the dynamic convolution with x input and y output filters.

	

ophw = α̂T
y · HWop · α̂x, HWop =




HW (gx, gy) . . . HW (|αx|gx, gy)
...

. . .
...

HW (g1, |αy| ∗ gy) . . . HW (|αx|gx, |αy|gy)


� (5)

In the equation, gy  denotes the granularity corresponding to the output of the convolution while gx corresponds 
to the granularity of the input. The same concept can be applied to the dynamic Add operations.

Fig. 4.  Dynamic convolution with three different options (e.g. fmax = 24, g = 3) for the number of filters. 
The binary masks (mi) zero out certain filters in the output of the convolution. Grey areas are ones and white 
areas are zeros.

 

Fig. 3.  High-level overview over the search space. The raw, windowed time series x with shape (tsl, tss) is 
propagated though NT R Time-Reduce and NSF  many Sensor-fusion cells. The resulting time series is then 
of shape (t̂sl, t̂ss). Class probabilities y and hardware metrics are output by the Output cell at the end of the 
network.
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Cells
To accommodate the time series classification task, two types of searchable cells are designed. The Time-Reduce 
cell aggregates information in the temporal domain while the Sensor-Fusion cell allows for cross-channel 
interaction. After each convolution in the architecture, a ReLU activation function is applied (not shown in 
graphics).

Time-reduce cell
The Time-Reduce cell shown in Fig. 5 aggregates local context by applying strided convolutions in the temporal 
dimension while leaving the sensor-dimension untouched (Filter size: ({3, 5, 7} × 1)). This is done to reduce 
the window size of the propagated time series, to save on computational costs in subsequent cells but also to 
extract and fuse local initial features from the raw data19. The cell contains two decision groups. α1 to choose one 
of the convolutions and α2 to select the number of filters in that convolution. Input to this type of cell is a time 
series xtr  of shape (tin, sin, fin) while the output ytr  is of shape (tout, sout, fout) = (0.5 × tin, sin, fin) The 
cell also receives the decision group αxtr  indicating the number of filters in xtr .

Sensor-fusion cell
A common problem when dealing with time series data is the interaction between the different sensors. The 
same phenomena are captured using different sensors, possibly at different positions. The information from 
these sensors needs to be combined in order to carry useful information19,43. To tackle this problem, the Sensor-
Fusion cell, inspired by InceptionTime7, seen in Fig. 6 was designed. Input to the cell is a time series xsf  of shape 
(tin, sin, fin). The cell can be configured with stride stridesf  to be equal to 1 or 2 which influences the output 
shape to be (tin, sin/stridesf , fin). When the stride equals one, three pathways through the layer exist, shown 
in green, blue and orange. The orange pathway (dashed) is an identity connection which can be used to skip 
the layer and is only included if the input and output of the layer have the same shape and is therefore omitted 
when the stride equals 2. In the main pathway through the cell (shown in blue), first, a dynamic convolution 
with filter size (1, Sin) is applied to allow cross channel interaction by performing convolution across all sensor-
channels. Then, in a next step, multiple convolutions with filter sizes (f, 1), f ∈ {3, 5, 7} are applied. Each of 
these convolutions can be individually turned on or off by the search algorithm using the decision groups α2,3,4. 
This allows features to be extracted simultaneously at different temporal scales if necessary. In Fig.  6, these 
decision groups are drawn with only one weight, although in reality, for each of the three convolutions, a second 
parallel zero-connection exists as an alternative which allows the individual selection process. In addition, a 
skip-connection (shown in green) can be added to the layer using α1. As all the pathways through the cell 
must output tensors with the same shape, the dynamic convolutions in the skip-connection and the dynamic 
convolutions in the main-block share their decision group α6 to select the number of filters.

Fig. 6.  Sensor-Fusion cell. Consists of three pathways, can be configured with stride one or two and depending 
on that contains six or seven decision groups. F denotes the filter size while S denotes the stride configuration. 
The orange pathway is only active, when stridesf = 1.

 

Fig. 5.  Time-Reduce cell. Contains two decision groups. α1 to choose a convolution and αytr  to search for the 
number of filters. F is the filter size while S is the stride configuration.
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Output cell
The output cell as seen in Fig. 7 has a no learnable architecture. It consists of a dynamic convolution where the 
number of filters is fixed to the number of classes. Finally, class probabilities (ycls) are output using a Global 
Average Pooling (GAP) and Softmax layer.

Search algorithm
To search for a suitable architecture in the search space, we apply a modified version of the DNAS algorithm 
introduced in DARTS13. We adapt the algorithm to be hardware aware using a multi-objective loss to optimize 
the architectural weights α. To force the individual decision groups to converge, we employ the Gumbel-
Softmax-function44 with decreasing temperature τ  as the pseudo_prob-function. Therefore, we optimize the 
architectural weights α using the loss-function shown in Eq. (6).

	 L (α, w, MCUt, Latt, Memt) = lossval(α, w) + losslat(α, MCUt, Latt) + lossmem(α, MCUt, Memt)� (6)

In the equation, lossval denotes the cross-entropy loss on the validation dataset. losslat and lossmem describe 
the losses caused by the hardware utilization which depend on the search-space configuration α, MCUt and the 
user defined hardware limits Latt and Memt. The hardware loss functions are formulated as

	

losslat = γlat · log
(

Lat(α, MCUt)
Latt

)
· [Lat(α, MCUt) ≥ Latt]

lossmem = γmem · log
(

Mem(α, MCUt)
Memt

)
· [Mem(α, MCUt) ≥ Memt]

� (7)

The parameter γ weights the importance of the individual loss-terms and needs to be set sufficiently high to 
ensure the user-defined hardware limits are not violated. The complete search-algorithm can be seen in algorithm 
1 where both sets of weights are optimized in an iterative fashion. 

Algorithm 1.  Search algorithm

Model retraining and quantization
During architecture search, weight sharing between architectures is applied, which allows for an efficient search 
but at the same time prevents any single architecture to obtain its optimal weights. Therefore, after an architecture 
has been found, this architecture is trained from scratch to achieve the maximum performance. For this, we 
use the Adam optimizer for 100 epochs to minimize the negative log likelihood loss. Training is performed 
in a quantization aware fashion as we later deploy the resulting model to an MCU using int_8 quantization. 
This greatly reduces computational cost on the microcontroller in terms of execution latency, peak memory 
consumption and storage requirements with only a minimal loss in classification performance.

Evaluation
To demonstrate the capabilities of MicroNAS, we evaluate it on two widely-used benchmark datasets from the 
domain of human activity recognition. The UCI-HAR dataset45 consists of a window size of 128, recorded at a 
sampling rate of 50 Hz, and contains nine sensor channels across six activity classes. In contrast, the SkodaR 
dataset46 has a window size of 64 data points, 30 sensor channels, and was recorded at 96 Hz. The evaluation was 
conducted on three hardware platforms: The Nucleo-F446RE47, featuring a STM32F446RE (ARM Cortex-M4 

Fig. 7.  The output cell features a fixed architecture and is therefore not searchable. First, a dynamic 
convolution is applied to deal with the different number of channels in xcls. Finally, global average pooling and 
a Softmax operation are utilized to output the class probabilities.
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(Armv7-M), 32-bit, 180 MHz CPU, 512 KB flash, 128 KB SRAM with FPU and DSP), the NUCLEO-L552ZE-Q48, 
which includes an STM32L552ZE (ARM Cortex-M33 (Armv8-M), 32-bit, 80 MHz CPU, 512 KB flash, 256 KB 
SRAM with FPU and DSP) and the Arduino Portenta H749, which features an STM32H747XI (ARM Cortex-M7 
(Armv7E-M), 32-bit, 480 MHz CPU, 2 MB flash, 1 MB SRAM with DP-FPU and DSP).

Setup
To demonstrate the ease of use of MicroNAS, the same hyperparameters were used for all the experiments. For 
the convolutions in the Time-Reduce cells, fmax was set to 16, and g was set to 4. For the Sensor-Fusion cells, 
fmax was set to 64, and g to 8. For the number of cells, tsml was set to 16, tsms to 5, and sfs to 2. These settings 
were chosen to balance the characterization cost of building the latency lookup table and search space flexibility. 
For the search algorithm, we set ε to 0.997, ηlat to 2, and ηmem to 4. With this setup, the search space for the 
UCI-HAR dataset contains approximately 1013 architectures and approximately 1022 for the SkodaR dataset. We 
search for 100 epochs with a batch size of 32. To optimize the weights w, we use the negative log likelihood and 
the Adam optimizer. For the architectural weights α, we employ our custom loss, as described in Eq. (6), which 
is optimized by stochastic gradient descent. Here, the learning rate is set to 0.36. We executed each experiment 
three times and report the mean performance metrics in the plots. Training on an Intel Core i7 12700k takes 
about 50 minutes for the UCI-HAR dataset and about 1 hour and 15 minutes for the SkodaR dataset.

MicroNAS under different computational resource constraints
Latency versus performance
This experiment demonstrates the ability of MicroNAS to discover architectures under varying latency 
constraints for which we disable the loss caused by the peak-memory consumption. Results can be seen 
graphically in Fig. 8 for the UCI-HAR dataset45 and in Fig. 9 for the SkodaR dataset46. Additionally, concrete 
numbers can be found in Table 1 for the UCI-HAR dataset and in Table 2 for the SkodaR dataset. Generally 
we can observe that the performance of the models increases with the allowed amount of computation time. 
When comparing architectures with an allowance of 25 ms on the UCI-HAR dataset, the Nucleo-L552ZE-Q 
achieves an accuracy of 94.62% ± 1.03% vs 97.08% ± 0.33% on the Nucleo-F446RE and 99.37% ± 0.03% 
on the Portenta H7. This effect is even more severe on the SkodaR dataset where for an allowed latency of 50 ms, 
the Nucleo-L552ZE-Q achieves an accuracy of 92.56% ± 0.10% vs 94.16% ± 0.99% on the Nucleo-F446RE 
and 96.92% ± 0.08% on the Portenta H7. As anticipated, classification accuracy improves with the allowed 
amount of computation time as seen in Fig. 8 for the UCI-HAR dataset45 and Fig. 9 for the SkodaR dataset46. 
Furthermore, we observe that lower latency targets significantly degrade performance on the Nucleo-L552ZE-Q, 
likely due to its less performant CPU in comparison to the Arduino Portenta or the Nucleo-F446RE (Fig. 10).

Fig. 9.  Latency trade-offs on the SkodaR dataset.

 

Fig. 8.  Latency trade-offs on the UCI-HAR dataset.
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Peak memory versus performance
This experiment demonstrates the ability of MicroNAS to find architectures under different peak memory 
constraints, where we disable the loss caused by the execution latency. As the TFLM framework50 is using the 
same amount of memory on every microcontroller, this experiment is independent of the microcontroller. 
We execute each experiment three times and report mean performance metrics, shown in Fig. 11. We expect 
performance to increase as more memory is allowed to be used which can be observed in the graphic. For the 
SkodaR dataset (Fig. 11b), this effect is more pronounced than for the UCI-HAR dataset (Fig. 11a). For both 
datasets it can be seen that performance is relatively constant as long as enough peak memory is allowed. When 
not enough peak memory is allowed (less then 5kB for the UCI-HAR dataset and less then 10kB for the SkodaR 
dataset), performance drops significantly.

Model Device #Params Latency (ms)
Peak memory 
(B)

Accuracy non-
quant (%)

Accuracy quant 
(%)

F1-Score non-
quant (%)

F1-Score 
quant (%)

MicroNAS 1 NUCLEO 4602.00 48.00 8640.00 90.30 ± 0.00 90.71 ± 0.00 91.32 ± 0.03 90.14 ± 0.06
MicroNAS 2 NUCLEO 31258.00 225.00 24576.00 96.39 ± 0.06 95.81 ± 0.03 96.41 ± 0.38 95.30 ± 0.55
MicroNAS 3 NUCLEOF446RE 5678.00 28.00 5840.00 91.02 ± 0.44 92.59 ± 0.64 91.14 ± 0.14 91.87 ± 0.05
MicroNAS 4 NUCLEOF446RE 50018.00 189.00 28800.00 96.99 ± 0.15 97.50 ± 0.32 97.00 ± 0.14 96.62 ± 0.50
MicroNAS 5 PORTENTA 3567.00 4.25 7248.00 92.76 ± 0.32 92.46 ± 0.21 91.44 ± 0.28 91.49 ± 0.69
MicroNAS 6 PORTENTA 81675.00 60.50 33120.00 97.93 ± 0.16 97.52 ± 0.11 97.27 ± 0.11 96.57 ± 0.03
DeepConvLSTM Desktop 1.1M NA* NA* NA* NA* 98.99 NA*

Mahmud et al. Desktop NA* NA* NA* NA* NA* 97 NA*

TinyHar Desktop 114540 ND* ND* 98.45 ND* 98.27 ND*

MLP-HAR Desktop 175054 ND* ND* 94.74 ND* 93.11 ND*

SVC Desktop – – – 83.28 – 77.73 –

RF Desktop – – – 92.88 – 91.67 –

DT Desktop – – – 87.62 – 85.58 –

LR Desktop – – – 89.47 – 87.52 –

DARTS-softmax Nucleo-L552ZE-Q 126414 1125.76 30768 91.26 90.77 91.26 86.16

DARTS-gumbel Nucleo-L552ZE-Q Failed**

Table 2.  Three architectures found by MicroNAS for the SkodaR dataset compared to SOTA classifiers8,19,21,25. 
NA* Data not available from the source (experiment from the literature) ND* Model cannot run on MCUs 
(self-conducted experiment)

 

Model Device #Params Latency (ms)
Peak Memory 
(B)

Accuracy non-
quant (%)

Accuracy quant 
(%)

F1-Score non-
quant (%)

F1-Score 
quant (%)

MicroNAS 1 NUCLEO 2019.33 19.00 3504.00 94.62 ± 1.03 93.44 ± 0.71 94.97 ± 0.96 93.91 ± 0.69
MicroNAS 2 NUCLEO 43976.67 163.00 14997.33 99.18 ± 0.27 95.58 ± 0.30 99.26 ± 0.24 96.00 ± 0.27
MicroNAS 3 NUCLEOF446RE 998.00 10.00 5856.00 94.02 ± 0.85 93.17 ± 0.79 94.43 ± 0.74 93.71 ± 0.81
MicroNAS 4 NUCLEOF446RE 68790.00 127.00 15360.00 99.34 ± 0.12 96.34 ± 0.26 99.37 ± 0.11 96.64 ± 0.22
MicroNAS 5 PORTENTA 3340.00 2.00 4044.00 95.88 ± 0.07 93.92 ± 0.41 96.26 ± 0.06 94.50 ± 0.34
MicroNAS 6 PORTENTA 114608.00 40.75 16800.00 99.60 ± 0.04 96.37 ± 0.18 99.63 ± 0.04 96.70 ± 0.17
Kolkar et al. Desktop NA* NA* NA* 96.83 NA* NA* NA*

Dua et al. Desktop NA* NA* NA* 96.20 NA* 96.19 NA*

TinyHar Desktop 71532 ND* ND* 99.18 ND* 99.20 ND*

MLP-HAR Desktop 41924 ND* ND* 95.65 ND* 95.96 ND*

SVC Desktop – – – 77.72 – 74.21 –

RF Desktop – – – 95.11 – 95.10 –

DT Desktop – – – 95.65 – 95.36 –

LR Desktop – – – 82.34 – 81.51 –

DARTS-softmax Nucleo-L552ZE-Q 80098 212.28 18492 95.08 93.45 95.15 93.54

DARTS-gumbel Nucleo-L552ZE-Q 56390 337.52 20480 93.99 92.35 94.1 92.27

Table 1.  Three architectures found by MicroNAS for the UCI-HAR dataset compared to SOTA 
classifiers19,25,51,52. NA* Data not available from the source (experiment from the literature) ND* Model cannot 
run on MCUs (self-conducted experiment)
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Comparison to baselines
To better understand the performance of MicroNAS, we compare it against several baselines, including a random-
search baseline on our search space, a DARTS-based baseline, and state-of-the-art time series classification 
systems found in the literature. Results can be found in Table 1 for the UCI-HAR dataset and in Table 2 for the 
SkodaR dataset.

MicroNAS compared against random search
To validate our proposed search algorithm, we compare it against a random search baseline, which is often 
hard to beat53. Therefore, 30 architectures were randomly sampled from the search space and trained using the 
same retraining parameters as in the other experiments. The training of the 30 architectures takes about the 
same time as one complete architecture search. For this experiment we utilize the Nucleo-L552ZE-Q. Results 
can be seen in Fig. 10. In the experiment, MicroNAS is able to find architectures on the Pareto front relative to 
the random search baseline. The best randomly searched architecture achieves an accuracy of 93.69 % on the 
UCI-HAR dataset at 108.89 ms latency and 95.91 % on the SkodaR dataset at 639.69 ms. In comparison, on the 
UCI-HAR dataset, MicroNAS achieves an accuracy of 94.62 % ± 1.03 % when allowed 25 ms and on the SkodaR 
an accuracy of 94.81 % ± 0.2 % when allowed 75 ms.

Comparison to the state-of-the-art
To assess the effectiveness of MicroNAS, we conducted comprehensive comparisons against both state-of-the-
art time series classification systems and traditional machine learning approaches using the SkodaR46 and UCI-
HAR45 datasets. The results are presented in Tabel 1 and Table 2. Our evaluation shows, that MicroNAS is able 
to achieve performances close to the state-of-the-art when comparing against time series classification systems 
found in the literature although these systems are running on desktop computers while neural networks found 
by MicroNAS are running on MCUs. Furthermore, we compare MicroNAS against traditional classifiers, namely 
Support Vector Machines (SVC), Random Forests (RF), Decision Trees (DT) and Logistic Regression (LR). We 
use the scikit-learn library with the default parameters of the classifiers, except for the RF, where we limit the 
number of trees to 50 and the maximum depth to 10 so that the resulting models, in theory, can fit onto the 
Nucleo-L552ZE-Q and Nucleo-F446RE MCUs which both offer 512 kB of flash memory. To train the classifiers, 
we first apply feature extraction using the tsfresh Python library. The results are particularly noteworthy: On the 
UCI-HAR dataset, MicroNAS outperformed the best traditional approach (Decision Tree classifier at 95.65% 
accuracy). Similar superior performance was observed on the SkodaR dataset, as detailed in Table 2. These results 
are especially significant as they were achieved without requiring manual parameter tuning or model selection. 

Fig. 11.  Trade-off between peak memory consumption and Accuracy/F1-Score (Macro).

 

Fig. 10.  Comparison to random search.
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Additionally, we evaluated against a DARTS-based baseline, modified to use our search space for time series 
classification compatibility. We tested this baseline using both the original Softmax implementation and the 
Gumbel-Softmax function. The results revealed two key limitations of the DARTS-based approach: first, it lacks 
hardware awareness, leading to models that lack behind MicroNAS ’s performance but consume significantly 
more resources; second, in one instance, it produced an invalid disconnected neural network architecture, as 
noted in Table 2. Further comparisons to other HW-NAS-systems are not possible because they do not target the 
problem of time series classification and therefore have incompatible search spaces.

Discussion
In comparison to existing systems, MicroNAS is the first to bring time series classification to microcontrollers 
using neural architecture search in a hardware aware fashion. As many IoT and wearable devices are equipped 
with a variety of time series producing sensors, whose data must be processed, we expect many application 
scenarios to benefit from our presented methodology. Especially when user data needs to be processed privately, 
in real-time or a connection to a server in the cloud is not feasible.

Limitations and future work
Besides the neural network architecture, sampling rate, window size, and sensor selection can also impact 
classification performance54,55. To create a complete end-to-end time series classification search system for 
MCUs, the proposed system can be expanded to encompass these parameters in the search space. This expansion 
is no trivial task, as the optimization of these parameters must be expressed as a differentiable optimization 
problem to apply the DNAS framework.

Conclusion
This paper introduced MicroNAS, a first-of-its-kind hardware-aware neural architecture search (HW-NAS) 
system specifically designed for time series classification on resource-constrained microcontrollers. By utilizing 
two types of searchable cells, MicroNAS can be used for various datasets that differ in the window-length 
and the number of sensors. This, coupled with the possibility to set limits on the execution latency and peak 
memory consumption makes the system usable in various application scenarios such as privacy critical or real-
time systems. The used lookup-table latency estimation approach allows to precisely calculate the execution 
latency of architectures in the search space and therefore enables MicroNAS to be used in real-time systems. Our 
experimental results indicate, that for a variety of different hardware limits, MicroNAS is able to find a suitable 
neural network architecture while closely approaching classification performances to that of state-of-the-art 
desktop models with 99.60% vs. 99.18% accuracy for the UCI-HAR dataset and 97.93% vs. 98.45% accuracy on 
the SkodaR dataset. In addition, our experiments regarding latency-performance and memory-performance 
trade-offs highlight the flexibility and adaptability of our approach. On the UCI-HAR dataset, MicroNAS is able 
to find architectures with execution latencies from 2 to 163 ms and accuracies ranging from 94.62 to 99.60%. On 
the SkodaR dataset, accuracies ranged from 90.30 to 97.93% for latencies from 4.25 to 225.00 ms.

Data availability
The analysis code is available to researchers upon reasonable request. Please contact Tobias King at tobias.king@
kit.edu for access.
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