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Noé Lallouet
LAMSADE, Université Paris-Dauphine
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Abstract—Deep neural networks are powerful models for radar
detection tasks, but their high computational cost limits suitability
for real-time inference on CPUs. In this paper, we address this
limitation by proposing an approach to automatically search
for optimized neural network architectures tailored to airborne
target detection. Our method relies on neural architecture search
with multi-objective Monte Carlo search that optimizes the
trade-off between detection accuracy and latency constrained by
arithmetic intensity, guiding the search towards CPU-efficient
networks. Experimental results show that the proposed architec-
ture matches the baseline detector’s performance while being up
to four times faster on CPU.

Index Terms—radar, deep learning, CNN, NAS, MCTS

I. INTRODUCTION

Radar detection and remote sensing using deep neural
networks is a topic that has recently attracted interest in
the research community [1]. Departing from classical signal
processing tools, neural networks are increasingly used, due
to their remarkable representative power. More specifically,
deep networks thrive in complex environments where clas-
sical models need additional specific processing (e.g. clutter
power transition regions or interferences). The target detection
problem can be expressed as solving the following decision
problem:{

H0 : y(t) = ν(t) : absence of target
H1 : y(t) = x(t) + ν(t) : presence of target

(1)

where y(t) is the received signal, x(t) is the signal of the target
and ν(t) is noise, including thermal noise, clutter or jamming.

Typically, the computational resources available to the radar
system are limited. These systems are often embedded on
edge devices, where GPU inference may not be available.
In particular, the memory footprint and inference latency of
the neural network are of particular interest for deployment
in real-life environments. However, despite advances towards
efficient inference on CPU [2], [3] modern neural networks
are often computationally heavy, and may be intractable in

scenarios where real-time inference is required. This highlights
the importance of designing neural networks that achieve high
detection performance and low latency.

In this paper, we focus on the automated design of compu-
tationally efficient neural networks for the problem of radar
detection with a Pulse-Doppler radar. The rate of predictions
depends on the radar’s pulse repetition interval (PRI), which
may require inference latencies on the order of a few mil-
liseconds, motivating the use of architecture search directed
towards extremely low-latency networks. The contributions of
this paper are the following: first, we propose the design of an
radar image segmentation architecture search space optimized
for low-latency networks. Second, we leverage constrained
multi-objective neural architecture search to discover a set
of architectures corresponding to optimal trade-offs between
inference latency and detection performance and propose a
novel search constraint based on arithmetic intensity. Finally,
we benchmark these architectures against a robust baseline and
report their performances.

II. RELATED WORKS

The popularity of deep neural networks for computer vision
tasks has driven researchers from the radar community to
develop new approaches for radar detection based on neural
networks [4]. [5] proposes a radar detector based on the
Faster R-CNN architecture, while [6] implements a detector
based on the FCN architecture, constrained by the Neyman-
Pearson criterion. Others have also proposed architectures
based on CNNs [7], [8] or Transformers [9]. Recently, [10]
proposed a detector for semantic segmentation on multi-view
radar data, fusing information taken from Range-Doppler (RD)
and Rang-Angle (RA) tensors. Although the vast majority of
these works are inspired by the classic operators in computer
vision, some convolution operators specifically tailored for
radar segmentation have been proposed [11], [12]. While the
excellent segmentation performance of networks developed
recently is acknowledged, their slower inference speed renders
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Fig. 1. Available operations for each stage

them intractable on CPU. Specifically, we benchmarked two
networks with a very high segmentation performance on the
CARRADA dataset [13]: MVNet [10] and AdaPKC [12]. The
measured runtimes on CPU were respectively 52 ms and 115
ms, exceeding the 5 ms inference latency of the baseline used
in this study, and thus falling outside the operational regime
of interest.

Neural architecture search (NAS) [14] has been estab-
lished as a popular framework for the automated design of
novel architectures maximizing an objective, usually validation
accuracy. NAS research, historically focused on delivering
networks with high accuracy, has shifted towards the search
for architectures satisfying requirements for performance and
computational complexity [15]–[17]. A particular subfield of
interest is multi-objective NAS, that aims to identify not only
a single architecture, but the entire Pareto front of neural
architectures with respect to some objectives [18]–[20]. Neural
architecture search has been applied to automatically design
neural networks for the task of radar target detection [21],
classification [22] and to synthetic aperture radar segmentation
and detection [23], [24].

III. SEARCH SPACE

In this work, we develop a neural architecture search space
adapted to the radar target detection problem at hand. A large
part of NAS approaches focus on cell-based search spaces,
where the network consists of a searched cell (represented as
a directed acyclic graph) stacked according to a predefined
skeleton. Such approaches are capable of designing topolog-
ically novel, high performing architectures, but are ill-suited
to extremely low-latency neural architecture search. Indeed, in
such a frugal regime, the computation time of the cell is slowed
by the frequent exchanges of data between the processor
and the cache that are needed for sequentially computing
n(n − 1)/2 operations for n nodes. As such, we propose a
macro search space consisting of only one operation per block
of the neural network skeleton. We consider a lightweight
U-Net [25] with the number of channels doubling at each
stage, from 16 to 128, as the primary baseline for detection
performance, as it has shown optimal detection performance
on thermal noise and high robustness to clutter [26].

Here, the searched architecture remains topologically similar
to the baseline U-Net, with a four-stage encoder and decoder

separated by a bottleneck, and skip-connections between par-
allel encoder and decoder stages. For each stage, the agent
chooses between nine convolution-based operators, visible in
Figure 1. The number of convolutional channels for each stage
is searchable, with values in [8, 16, 32, 48, 64, 128]. The size
of the search space is thus 3.9×1015. The search space is rep-
resented by a supernetwork S, a large architecture containing
all possible subnetworks, as popularized by [27]. The search
is performed by sequentially sampling subnetworks from S
and training them via backpropagation for a small number
of steps on the target task. We implement a weight-sharing
approach where the sampled subnets inherit the weights of the
supernet [28], allowing progressive training of all architectures
contained in S.

Due to the large dimension of the search space, finding the
optimal Pareto front is computationally infeasible. As such, the
proposed approach is a heuristic that asymptotically converges
to the global Pareto front, but, due to a limited number of
objective function evaluations, provides an approximation of
the true Pareto front at the end of the search.

IV. SEARCH STRATEGY

The aim of the search is to identify a set of neural network
architectures corresponding to different optimal values of the
trade-off between detection performance and inference latency.
To this end, we perform multi-objective neural architecture
search. The majority of modern multi-objective neural ar-
chitecture search methods aim to jointly optimize both the
validation loss and the computational complexity of the sam-
pled models. The computational complexity is often optimized
through a proxy such as FLOPs [15], [19] or inference latency
on target hardware [16]. However, recent works [29], [30]
have shown that FLOPs or number of parameters are a flawed
proxy for inference latency. Moreover, simply optimizing for
inference latency allows subnets with low latency but with
large structural inefficiencies to be found.

In order to guide the algorithm to the most efficient archi-
tecture, we leverage the roofline model [31] as a soft constraint
applied to the objective functions during the search. The
roofline model (Figure 2a) provides a performance estimate
of an algorithm on a given device and is divided in two
regions: a memory-bound region and a compute-bound region.
An algorithm that lies in the compute-bound region is not
limited by the transfer cost of data between the processor and
the memory, but rather by the computational complexity of
the operations on the processor. Figure 2b shows the arith-
metic intensity against throughput of architectures randomly
sampled from the search space implemented in Section III: the
roofline diagram performance ceiling can be clearly seen on
the resource-constrained consumer CPU, while more powerful
server-grade CPUs are able to process operation-intensive
architectures without reaching a throughput ceiling.

We use the concept of arithmetic intensity (AI) [31] to deter-
mine the structural efficiency of a neural network. Arithmetic
intensity is calculated as the ratio of floating point operations
(FLOPs) to memory traffic. During the search, if a sampled
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Fig. 2. (a) Roofline model illustration. (b) Roofline model visualized on the proposed search space, for random architectures in the search space where the
latency was computed on a server-grade CPU (orange) and on a consumer-grade CPU (blue).

architecture possesses an AI value that lies in the memory-
bound region of the target hardware’s roofline diagram, a
soft penalty is applied to the objective functions. Specifically,
the multi-objective search optimizes the following objective
functions:{

f1(a) = Lval(a,Xval, Yval,W )

f2(a) = Latency(a) + λmax
(

0, Γ−AI(a)
Γ

) (2)

where Lval(a,Xval, Yval,W ) is the validation loss of archi-
tecture a inheriting weights W from the supernet, AI(a) is the
arithmetic intensity of a, λ = 0.01 and Γ is the AI necessary
to lie in the compute-bound region of the target hardware. The
value of Γ is calculated as:

Γ =
ncores × fc × vector size× 2

B
(3)

where ncores is the number of cores of the processor, fc is
the clock frequency, vector size is the number of operands
per vector register, 2 is the factor needed to account for
the one multiply and one add operation and B is the max-
imum memory bandwidth [32]. The scaling coefficient value
λ = 0.01 was chosen to ensure that the magnitude of the
AI constraint in this particular setting remains close to the
magnitude of the latency during the search. While performing
a grid search for the value of λ would be intractable due to
the large size of the search space, this initialization correctly
penalizes memory-bound networks without overpowering the
initial latency minimization objective.

It is acknowledged that the multi-objective formulation in
Equation 2 is dependent upon the target hardware’s proper-
ties. However, the underlying framework is hardware-agnostic:
running the multi-objective search on different hardware con-
figurations only requires recalibration of the value of Γ and
computation of the target latencies.

[16] proposes a NAS method that generates AI-optimized
networks, but doesn’t use AI as an objective during the search.
To the best of our knowledge, AI has not been used as a search
objective or a constraint in NAS outside of benchmarks. It
is important to note that maximizing AI is not the goal of

the search. Minimizing latency alone favors architectures with
both low latency and low AI, which may result in networks
underutilizing the computational capabilities of the processor
and being bottlenecked by memory traffic. The constraint
serves as a regularizer to enforce a minimal level of intensity,
which results in higher-quality solutions. An ablation study
(Section V-A) reveals that unconstrained search converges
to memory-bound architectures that struggle to generalize,
confirming the interest of the AI constraint.

Monte Carlo search (MCS) has been used for neural ar-
chitecture search with success [33], [34]. We propose to run
the architecture search with a multi-objective variant of the
UCT algorithm, Pareto-MCTS [35], to perform the search. The
search runs for 25 000 objective function evaluations.

V. EXPERIMENTAL RESULTS

TABLE I
METRICS OF THE BEST MODELS AFTER TRAINING. D@PD = 0.5 (HIGHER

IS BETTER, % OF BASELINE).

Model Nparams CPU latency (ms) D @ PD = 0.5

A 59 585 2.19 ± 0.14 0.939

B 99 553 3.16 ± 0.15 0.989

C 100 047 1.51 ± 0.08 1.014

D 109 513 2.33 ± 0.11 1 .016

E 169 593 1.27 ± 0.07 1.030

F 242 265 2.36 ± 0.11 1.006

G 264 177 2.96 ± 0.12 0.995

H 273 593 2 .08 ± 0 .16 1.001

I 296 153 3.03 ± 0.22 1.046

J 325 641 6.31 ± 0.49 0.994

K 410 841 8.49 ± 0.69 0.958

L 1 185 573 16.16 ± 0.71 1.012

Lightweight U-Net 1 964 888 5.06 ± 0.23 1.00

After performing the search, the non-dominated architec-
tures found by the search algorithm are trained for 100 epochs
from scratch on a dataset consisting of 80 000 range-Doppler
maps generated by a realistic industrial simulation tool and
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Fig. 3. (a) CPU inference time against distance @ PD = 0.5 for each of the searched models. (b) Probability of detection PD against target distance. (c)
Probability of false alarm PFA against target distance. Models were calibrated at PFA = 5× 10−5 on thermal noise only.

evaluated on a test set consisting of 2500 range-Doppler maps
in clutter environments not seen during training. The final CPU
inference latency of the searched models is calculated on a
Intel® Core™ Ultra 7 165H CPU using ONNX runtime. In
future works, we will benchmark the architectures on edge
devices with more modest processor characteristics.

Detection performance can only be compared between mod-
els at a constant probability of false alarm PFA, which is
often a requirement of radar systems. For a model prediction
ŷ, a detection is announced for every pixel ŷi,j which value
exceeds a threshold σ. We tune the threshold σ over which a
detection is announced on a dataset consisting only of gaussian
thermal noise in order to attain the required PFA. Once the
PFA is identical for all models, we compare them using the
Distance@PD = 0.5 metric, which is the distance at which
the detection probability is equal to 0.5.

Table I shows the metrics for some of the architectures found
by the search algorithm. It is possible to see that the best
models outperform the detection performance of the U-Net,
while being as much as 4 times faster in terms of inference
latency. The PD-distance and PFA-distance curve of Model I
against the U-Net is shown in Figure 3b and 3c.

A. Ablation study: Constraint on Arithmetic Intensity

In order to validate the usefulness of the arithmetic intensity
constraint, we performed a search with the constraint removed,
meaning that no penalty is associated to sampling a neural
network with low intensity. The unconstrained search con-
verged to a Pareto front that strictly dominates the constrained
Pareto front, as it is possible to see in Figure 4b. However,
after training the obtained architectures, we observe that the
majority of the architectures discovered by the unconstrained
search have both an extremely low inference latency on CPU
and poor detection performance. As such, these architectures
are inferior to the ones found by the constrained search, as
Figure 4a shows. We hypothesize that, during the search, these
inefficient architectures benefited from the large-scale supernet
training through weight inheritance. As these architectures
are structurally weak, the same weight values are difficult
to obtain using gradient descent during training, yielding a
lower performance. These results warrant further investigation

on the use of metrics related to arithmetic intensity in neural
architecture search.
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Fig. 4. (a) Average D@0.5 against inference CPU time for the architectures
found by our method (orange) and by MCTS without applying the constraint
on arithmetic intensity (blue). (b) Pareto front obtained by the search with
(orange) and without (blue) the arithmetic intensity penalty.

B. Ablation study: Discounted Pareto-MCTS

A key consideration to take into account is the nonsta-
tionarity of the weight-sharing NAS problem. Indeed, at the
beginning of the search, all operation choices, including those
who may reveal to be optimal, appear weak to the agent, as
the supernetwork is not trained. As the search progresses, all
choices appear gradually better ; it is thus important that the
agent keeps exploring while the supernetwork is being trained.
To this end, we experimented with modifying the UCB1
formula that is used to select nodes by adding a discounting
term that weighs more significantly recent rewards, in a fashion
similar to [36]. The score for a node a is then:

Score(a) =

∑N(a)
k=0 γN(a)−kRk

N(a)
+ c

√
log t

N(a)
(4)

where N(a) is the number of times node a has been visited ;
Rk is the reward obtained by following a playout from node
a at time step k ; t is the total number of time steps so far
and γ ∈ [0, 1] is a discounting term.

We compare the search performance of the discounted
Pareto-MCTS against the classic Pareto-MCTS algorithm.
Figure 5 shows that, while using the discounted UCB formula
speeds up the network convergence in the early stages of the



search, the two search algorithms eventually settle on a similar
average supernet validation loss. Furthermore, visualizing the
architectures produced by both search algorithms (Figures 6a
and 6b) shows that the undiscounted version of Pareto-MCTS
converged to a slightly better set of architectures than the
discounted variant. As such, we decided to keep the search
with the vanilla UCB formula.
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Fig. 5. Evolution of the average accuracy of sampled subnetworks during
training
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Fig. 6. (a) CPU inference time against distance @ PD = 0.5 for searched
models, colored by search algorithm. (b) Number of trainable parameters
against distance @ PD = 0.5.

VI. CONCLUSION

In this work, we perform multi-objective neural architecture
search to design efficient radar target detectors that reach op-
timal detection performance while minimizing CPU inference
latency. We employ arithmetic intensity–constrained latency as
a search objective, which proves particularly effective for the
considered detection task and warrants further investigation for
other problems. The best neural network architectures identi-
fied during the search achieve superior detection performance
compared to a baseline U-Net in cluttered environments, while
achieving a 10× reduction in parameter count and 4× speedup
on CPU.

Future works will include benchmarking the automated
neural network design approach on other radar detection and
segmentation tasks, careful evaluation on real-world clutter en-
vironments, and extending the search to low-power processors.
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