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Abstract: Deep learning has become a cornerstone in numerous applications, such as robotics,
augmented reality, and autonomous systems, where accurate 6D pose estimation — determining
an object’s position and orientation in 3D space — is critical. Despite its success, designing
optimal neural architectures and tuning hyperparameters remain computationally expensive and
challenging, especially in high-variance and data-intensive domains like 6D pose estimation. To
address this, we investigate the application of a Neural Architecture Search (NAS) technique guided
by classical Machine Learning-based performance predictors. As these predictors estimate final
model performance using early-stage training data, we demonstrate that leveraging such a strategy
allows for efficient exploration of the hyperparameter space, significantly reducing the computational
burden of exhaustive search while still achieving improved performance. Building on an existing
NAS method, we introduce a novel modification that enhances the efficiency of the search process,
further accelerating convergence by nearly 71% without sacrificing accuracy. Through extensive
experimentation on the LineMOD dataset, we demonstrate that our method consistently discovers
high-performing configurations of an Augmented Autoencoder for 6D pose estimation, outperforming
benchmark models by almost 15% in pose accuracy and 42% in reconstruction loss. These results
underscore the potential of predictor-based NAS as a powerful and computationally efficient tool for
neural architecture optimization in complex, real-world tasks.

Keywords: deep learning; neural architecure search; augmented autoencoder; 6D pose estimation;
LineMOD; support vector machines for regression; random forest
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1. Introduction

Deep Learning (DL) has gained significant importance in recent years, becoming a foundation
in engineering and industrial applications, such as robotics [11, 48], computer vision [40, 42], and
autonomous systems [4,41]. Its rapid development has been possible due to progress in computational
resources, the availability of large-scale data, and the design of high-performing neural network
architectures [6, 13,27]. These advancements have enabled Artificial Intelligence models to achieve
remarkable levels of accuracy and speed in tasks once considered unsolvable by a computer, and have
made these technologies widely accessible [5,39]. Nevertheless, as the complexity and effectiveness
of DL methods increase, likewise do their demands for computational resources and time [43, 47].
Training state-of-the-art neural networks requires extensive datasets, days of computation, and energy-
demanding hardware. Developing high-performing neural networks comes with numerous challenges,
including the fine-tuning of several hyperparameters, which are not learned during the training process,
but must be set a priori [3].

The correct choice of hyperparameters is crucial as they affect not only the model’s ability to
generalize and perform well, but also its computational cost in terms of runtime and memory.
Hyperparameters can be tuned manually or through automated processes. Manual setting requires
a deep understanding of their effects on training dynamics and exhaustive experimentation, while
automated methods simplify the process but may demand significant computational resources. For
cases where manual tuning is impractical due to the complexity of the model or time constraints,
automatic hyperparameter optimization is essential as it seeks the best hyperparameters with minimal
human effort. However, there are still some challenges to face. Firstly, function evaluations can be
extremely demanding for complex models and large datasets. Besides, the hyperparameter space is
high-dimensional, and it is not always clear which hyperparameter we need to optimize, nor do we
know a priori in which range.

NAS

All these challenges have led to the development of automated architecture engineering, commonly
known as Neural Architecture Search (NAS) [7], which seeks an optimal architecture and a
hyperparameter configuration that yield the best performance for the task at hand. In a typical NAS
framework, a search strategy selects an architecture from a predefined search space. The architecture
is evaluated by a performance estimation strategy, which returns a performance estimate that is used
to guide the search strategy’s subsequent exploration of the hyperparameter space. A wide range of
methods, mainly based on Reinforcement learning [22] and Bayesian optimization [24, 53], have been
developed to accelerate the performance estimation phase.

According to [38], it is possible to identify three NAS paradigms: (i) weight-sharing methods;
(i1) gradient-based methods; (ii1) prediction-based methods. Firstly introduced in Efficient NAS
(ENAS) [37], the weight-sharing approach involves training a single model — usually called “super-
network” — to convergence, allowing subsequent sampled architectures to inherit its weights. As
a result, child networks require little to no additional training. Similarly, other examples of
methods following this approach are Stochastic NAS (SNAS) [55], Continual Architecture Search
(CAS) [35], and Curriculum NAS (CNAS) [12]. A subset of these methods models the search space
as continuous, enabling the use of stochastic gradient descent and DL models to optimize it. The
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most important method employing this approach is Differentiable Architecture Search (DARTS) [31],
which has given rise to numerous extensions and variants, such as Improved DARTS (I-DARTS) [23],
Differentiable Neural Architecture Search for Embedded Systems (EDNAS) [32], and NAS with
Shrinking-and-Expanding Supernet (SE-NAS) [20]. In this framework, each layer of the super-network
is characterized by a softmax over all candidate operations in the search space, allowing differentiable
methods to explore and optimize the architecture space effectively.

However, due to their reliance on shared weights, these methods are limited to ranking sampled
architectures relatively to one another, without providing accurate estimates of their absolute
performance. This leads to the so-called optimization gap, where the performance of an architecture
after being re-trained from scratch does not necessarily match the performance observed during the
search phase. Additionally, there is also the risk that architectures inherit inappropriate weights, further
compromising the reliability of performance estimates.

Performance prediction methods, such as Progressive NAS (PNAS) [30], Neural Architecture
Optimization (NAO) [34], and NAS with Gradient Boosting Decision Tree (GBDT-NAS) [33],
completely avoid these drawbacks and focus on evaluating a network’s final performance using
data collected during a brief initial training phase. In this approach, architectures from the search
space are trained for a small number of epochs and used as training samples for a Performance
Predictor (PP), which learns to predict their final performance and guides the search through the
hyperparameter space. By providing such estimates, PPs narrow down the search space, making
it possible to bypass full training for many potential architectures. Once trained, a PP can quickly
evaluate multiple configurations, identifying the most promising ones for further examination and full
training. Several methods [2, 19, 52] employ another neural network as the performance estimation
strategy. However, this approach can be impractical, as neural networks typically require large datasets
for effective training, thereby increasing the cost and complexity of the initial dataset creation phase.
Moreover, hyperparameter optimization of the PP also needs to be tackled. To address this issue, [10]
and its evolution [9] proposes a PP that employs conventional Machine Learning (ML) techniques,
which ensure reliable and accurate predictions while keeping computational demands low. In this
work, the authors collect a dataset of varied Convolutional Neural Network (CNN) hyperparameter
configurations (e.g., filter counts, kernel sizes, learning rates, batch sizes) along with their performance
after only a few training iterations. They then train lightweight regressors (Support Vector Machine
for Regression — SVR — and Random Forest — RF) to predict the network’s final accuracy based on
these early training signals. Using this SVR-RF method is particularly strategic and advantageous as
it reaches high predictive power even with limited datasets, unlike neural networks, which typically
require large amounts of training data. Furthermore, standard ML models also involve significantly
fewer hyperparameters. Since optimizing the PP’s hyperparameters is a necessary step, this makes
conventional methods easier and less demanding to tune compared to neural networks. The SVR-
RF-based PP is integrated into a probabilistic exploration framework, which strategically focuses the
search on promising configurations, reducing the number of unnecessary evaluations.

6D pose

6 Degrees of Freedom (6DoF — 6D for short) pose estimation is a fundamental task in computer
vision that seeks to determine the position and orientation of an object in an image captured by a
camera. According to [18], the problem can be formalized as follows: given an image I and N objects
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O =1{0;|i=1,...,N} with their corresponding 3D models M = {M; | i = 1,...,N}, we want to
estimate the pose P of each object O; in the scene 1. The pose is defined by a 4 X 4 matrix composed
by the rotation matrix Ry and the translation vector tsy:

R t
P:[O 1]. (L.1)

6DoF object pose estimation can be categorized into three main approaches based on object model
availability (M) during training and testing. Instance-level pose estimation provides the complete
set of object models M = {M,,..., M,,} during both phases, allowing precise pose estimation of
known objects [16, 45, 50]. Category-level estimation lacks the exact model M, but has access to
similar models M;,,...M, from the same category during training, enabling generalization to new
instances [49]. Zero-shot novel object pose estimation operates completely model-free, predicting
poses without any prior object knowledge [29,51].

Input modalities vary across methods, including monocular RGB, RGB with depth maps (RGB-
D), or depth-only data. In this paper, we will delve into the 6DoF Object Pose Estimation instance
level, which aims at retrieving poses of known object instances. Especially, we are interested in
monocular RGB input methods, which are more challenging with respect to RGB-D inputs. In the
past years, this field evolved from traditional template-based approaches [14, 21] using geometric
features like Scale-Invariant Feature Transform (SIFT) to modern DL methods. Instance-level methods
can be categorized in three primary strategies. Regression-based approaches directly predict 6DoF
poses from RGB regions of interest, pioneered by PoseNet [26] as the first CNN-based end-to-end
method, followed by PoseCNN [54], You Only Look Once for 6D Pose Estimation (YOLO6D) [46],
CosyPose [28]. Hybrid approaches like Single Shot MultiBox Detector for 6D Pose Estimation
(SSD-6D) [25] and Augmented Autoencoder (AAE) [45] combine traditional templates with DL. 2D-
3D correspondence methods establish feature matches between images and 3D models, recovering
poses through Perspective-n-Point (PnP) algorithms with Random Sample Consensus (RANSAC)
or differentiable implementations. For example, Pixel-wise Voting Network (PVNET) [36] predicts
unit vectors from pixels to keypoints, creating robust vector-field representations, and Estimating 6D
Pose of Objects with Symmetries (EPOS) [16] handles symmetries using compact surface fragments
through Encoder-Decoder structures. Geometry-Guided Direct Regression Network (GDR-Net) [50]
combines correspondence establishment with a differentiable PnP/RANSAC algorithms compose by
CNNs. A promising regressor, Zebrapose [44], is based on defining the matching of dense 2D-3D
correspondence as a hierarchical classification task. The last category of RGB methods that should be
included is about refinements. As demonstrated by some recent works, a pose refinement method could
significantly improve performances of 6D pose estimation. For example, PoseCNN [54] and AAE [45]
incorporate ICP algorithm (Iterative Closest Point) using depth maps for refinement.

To evaluate these methods, several metrics have been proposed [17]. The Visible Surface
Discrepancy (VSD) measures the inconsistency between rendered object surfaces using the predicted
and ground truth poses, focusing only on visible areas and thus being robust to occlusions and
symmetries. Alternative pose distance metrics include the Maximum Symmetry-aware Surface
Distance (MSSD) and the Maximum Symmetry-aware Projection Distance (MSPD), which account for
indistinguishable symmetrical views by minimizing over the set of equivalent poses. Other common
metrics are point-based distances, such as the Average Corresponding Point Distance (eACPD) and the
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Maximum Corresponding Point Distance (eMCPD), which assess the mean or worst-case deviation
between aligned 3D models.

One of the most used metrics in 6D pose estimation problems is the Average Distance of Model
Points (ADD) [15]. For an object model M — typically a mesh represented by a set of points in R® and
triangles — without ambiguous views (the object does not present geometric or self-occlusion-induced
symmetries), the ADD metric calculates the average distance between model points transformed by
the estimated pose P, and the ground truth pose Pyy4:

eapn(®, Py M) = ave HPX - ﬁx”z. (1.2)
xeM

In particular, the estimated pose is considered correct if eapp < 0.1d, with d being the object

diameter. Specifically, to evaluate the performance of a 6D pose estimator, we consider the ADD recall
defined as:

# estimates with (eapp < 0.1 -d)

ADD recall = :
# total estimates

(1.3)

Contribution

After presenting the core concepts of 6D pose estimation, the focus moves to the hyperparameter
optimization of an Augmented Autoencoder (AAE) [45], detailed in Section 2.1. Our focus on this
6D pose estimation CNN is motivated by its ability to learn without requiring real, pose-annotated
training data. Instead, the AAE learns implicit representations from rendered 3D model views.
Through the Domain Randomization strategy, the model is trained on rendered views in various
semi-realistic settings, bridging the domain gap between synthetic and real images. As a result,
the AAE demonstrates robustness to view symmetries, occlusions, background clutter, and dynamic
environmental changes. Additionally, it does not rely on depth information, although it can be included
to refine its estimations.

Building on the SVR-RF-based method — selected for the previously discussed advantages of
classical ML techniques used as PPs, such as their lightweight nature, robustness, and efficiency — this
paper introduces a novel and effective NAS strategy to efficiently identify the optimal hyperparameter
configuration for the AAE model, detailed in Section 2.3. After providing in Section 3 deeper insights
into the interplay between hyperparameters, the loss function, and ADD recall, we propose not only
an alternative performance measure to assess the quality of an AAE but also a different function to
explore the search space more effectively. Through extensive experimentation presented in Section 3.1,
we demonstrate that relying exclusively on the reconstruction loss minimized during AAE training
provides a reliable basis for performance evaluation. We then introduce a novel exponential function
to compute the final performance of an AAE based on the predicted loss at convergence, by enabling
faster and more efficient exploration of the search space compared to the original SVR-RF-based
framework, as proved with experiments in Section 3.4. Finally, we extend and generalize the optimal
configurations identified by our methodology to the 6D pose estimation of other objects within the
same dataset, as shown in Section 3.5, demonstrating the effectiveness and broader applicability of our
proposed methodology.
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2. Material and methods

In the following, we present the AAE model and the SVR-RF-based method used to optimize its
hyperparameters.

2.1. Augmented autoencoder

Augmented Autoencoder (AAE) [45] is a DL method for 6D pose object estimation. Based on the
classical structure of the Autoencoder, it is designed to learn a robust and meaningful compressed
representation of high-dimensional data. This is achieved using a training strategy that promotes
invariance not only to noise but also to a wide range of augmentations. During the Domain
Randomization, which has been proposed and described in detail in Sections 2.1.3 and 3.3 of [45],
a function f,,, applies various augmentations, such as geometric transformations and appearance
variations, to the original image x, and adds real images as background, obtaining a new randomly
augmented image X = f,,(x). The encoder ¢, based on convolutional layers, is trained to map the
augmented input X from the high-dimensional space R”" into the same latent representation z = ¢(x) €
R™, with m < n, as the original, uncorrupted data x. The decoder i, based on deconvolutional
(transpose convolutional) layers, reconstructs the original input x from the latent representation Z,
obtaining X = (¢ o Y¥)(X). The network’s parameters are learned by minimizing the bootstrapped
pixel-wise £, loss:

6= I - &ill,. 2.1)
i=1

After the training phase, which differs for each type of object, a codebook is generated offline by
encoding each one of the N object views into a latent representation z; € R™, each associated with its
corresponding ground-truth rotation matrix R;. At test time, an RGB scene containing the object is
processed using a 2D object detector to localize and crop the object. The cropped image x,., is resized
to match the input size of the encoder and passed through it to return its latent representation z,.,,. This
representation is then compared to all codes z; from the codebook using cosine similarity. The highest
similarities are identified through a k-NN (k-Nearest-Neighbor) search. The corresponding rotation
matrices R; serve as the predicted orientations of the object.

2.2. NAS via standard ML methodologies

In the context of Performance Predictors (PPs), as mentioned before, [10] introduces a SVR-
RF-based strategy to estimate the performance of specific CNN architectures using only their
hyperparameters and training statistics from the initial epochs of a truncated training run. Specifically,
after fully training a subset of CNNs, the method samples new hyperparameter configurations and
predicts their final performance based on metrics collected during the early training steps. The core
idea is to train a regression model that can generalize from previously seen architectures to unseen
ones, based on early learning signals.

The entire methodology can be summarized in three main stages: (i) the creation of a dataset through
full training of selected architectures; (ii) the training of a performance predictor model using this
dataset; and (iii) the guided exploration of the hyperparameter space using the predictor. These phases
are detailed below.
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2.2.1. Dataset generation

The initial phase involves creating a dataset to train the PP. Given the large size of the search
space, only a subset of configurations is sampled based on available computational resources. Each
sampled configuration is used to train the corresponding CNN until numerical convergence, recording
performance metrics during the initial training epochs, such as loss values and accuracies, as well as
their final performance after convergence. Therefore, each dataset entry consists of a hyperparameter
configuration, its corresponding early training statistics, and its final performance.

2.2.2. Performance predictor

This dataset is then used to train ML models capable of predicting the final performance of unseen
configurations. The authors use SVR and RF, combining their outputs in a hybrid model (HYB)
that averages the predictions from both. This ensemble approach benefits from the complementary
strengths of SVR and RF, resulting in improved accuracy and reduced variance in performance
prediction.

2.2.3. Hyperparameter optimization

Once trained, the performance predictor is used to guide the hyperparameter optimization process.

Each hyperparameter i has a set V; of possible values and is associated with a probability vector P;
that reflects the likelihood of its values being employed in a high-performing CNN. These probabilities
are initialized using the final performance of the networks from the generated dataset and updated
according to Algorithm 2.2 with Option (b).

At each iteration, a hyperparameter configuration is sampled based on the current probability
distributions P;, and the corresponding CNN is trained for a few epochs. Early performance metrics
collected during this training phase are fed into SVR and RF models to predict the CNN'’s final
performance. The predicted performance value, along with the configuration and the initial training
metrics, becomes a new entry in the dataset. Probability vectors are then updated using the new data,
guiding the search toward better configurations.

The update of the probability vectors repeats until all probabilities meet a convergence threshold or a
maximum number of iterations is reached. Finally, the top-performing configurations are fully trained,
and the one that yields the best performance is selected as the optimal hyperparameter configuration
for the CNN.

2.3. Proposed methodology

To perform the hyperparameter optimization of an AAE model using the NAS strategy presented
above, we first generate a dataset as described in Section 2.2.1. Each randomly selected configuration
is trained up to 40000 epochs, which is the default setting in the original AAE. During each training
process, we propose collecting reconstruction loss values and averaging them every 1000 epochs, up
to 6000 epochs — a value selected based on extensive experimentation, as shown in Section 3.3. As
a heuristic analysis will highlight in Section 3.1, using mean values instead of single loss values at
isolated epochs yields a more robust and representative early-stage metric of the training behavior,
which will be employed during the performance prediction phase.
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Moreover, since the AAE is trained to minimize a reconstruction loss function, the final performance
metric is computed by averaging this loss over the last 500 epochs. Consequently, the objective of the
NAS process becomes the identification of hyperparameter configurations that lead to accurate object
reconstructions.

This strategy, where better reconstruction quality is assumed to imply better pose estimation
performance, was originally adopted in the AAE original work and serves as the foundational
assumption upon which we developed our own NAS methodology.

In our work, we follow the same principle, using the reconstruction loss as the primary signal for
guiding the search process. This assumption is further examined in detail in Section 3.2, where we
provide a quantitative analysis comparing the correlation between the reconstruction quality and the
ADD recall metric. This comparison highlights the validity and potential limitations of relying solely
on reconstruction quality as a proxy for pose estimation accuracy.

Each entry of the generated dataset includes a sampled hyperparameter configuration, mean loss
values computed every 1000 epochs up to 6000 epochs, and the final mean loss, which is the AAE
performance and the label for PPs. Given the robustness and reliability of the HYB method, as
demonstrated in the original work and further confirmed by our extensive experiments in Section 3.3,
the resulting dataset is used to train this PP that averages the predictions of SVR and RF models.

The hyperparameter optimization and the exploration phase are carried out as described in
Section 2.2.3 and Algorithm 2.1, which uses Algorithm 2.2 with Option (a) to compute the probability
vectors. Once the final mean loss of an AAE model is computed, we propose to evaluate its
performance using the following function:

xX—m

80 = exp{-p 71, 22)
where m and M represent the lowest and highest final mean loss values observed in the generated
dataset, and x is the final mean loss of the network. The parameter 8 controls the degree to which
sampled networks are penalized or rewarded. The exponential formulation improves the ability to
differentiate between well-performing and poorly-performing AAEs, in contrast to the linear function
used in the original framework. A comparison between the two functions, supported by experimental
evidence in Section 3.4.1, demonstrates the effectiveness of the novel function in achieving faster and
more effective convergence during the exploration of the hyperparameter space.

In summary, our proposed methodology builds upon the reconstruction-based evaluation strategy
originally introduced in [10], with key adaptations that enable efficient application to the AAE’s longer
training regime:

(1) Reduced training dataset via early loss signals: We collect mean loss values every 1000 epochs
(only six data points up to 6000 epochs), and use these early-stage loss statistics to generate a
small yet representative training dataset. Despite the limited sampling frequency, these statistics
are shown to provide robust performance signals (Section 3.1).

(2) HYB performance predictor: Using the reduced dataset, we train the HYB performance
predictor combining SVR and RF models (Section 3.3).

(3) Novel exponential reward function: We propose replacing the traditional linear reward function
with a new exponential formulation (Eq (2.2)) that better highlights performance differences
between models, enabling faster and more effective exploration during hyperparameter
optimization (Section 3.4.1).
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(4) Justification for reconstruction loss: We argue for using reconstruction loss instead of ADD
recall when exploring the hyperparameter space, due to its advantages in computational efficiency
and task relevance. This choice is supported by both heuristic reasoning and empirical results
(Section 3.2).

Algorithm 2.1 The hyperparameter space exploration algorithm.

1:t=0

2: while ¢ < maxiter and convergence == false do

3:  Set the associated probabilities P; of the hyperparameter V; as specified in Algorithm 2.2 with
Option (a).
Generate a realization of the random state x\ according to probabilities.
Train AAE(x®”) for 6000 epochs.
Compute and record the average training loss every 1000 epochs. o
Predict final performances S VR = SVR(x") and RF = RF(x"), and compute H YB = W.
Append a new entry to the dataset consisting of the configuration x\”, the performance metrics
from the early epochs, and the final predicted performance HY B.
90 t=t+1
10: end while

® >0k

Algorithm 2.2 Probability allocation algorithm.

1: Initialize each vector V; with possible values of the hyperparameters chosen. Set v; = |V|
2: Initialize each vector P; of associated probabilities with the same size of V;.

3: foriell,... . nyuam} do

4. forje{l,...,v;}do

5 Find the set D', of all the dataset elements that have the feature a'.

6: Option (a)*: use performance function g(x) = exp {—ﬁ Yy }

7 Compute and sum all the performances of the elements in Dj. and store the sum in P{ .
8:  end for

9:  Normalize the vector P; to obtain a probability vector.
10: end for

3. Numerical experiments

In this section, we tackle the hyperparameter optimization of an AAE through the NAS strategy
presented above, employing S = 5 in the performance function Eq (2.2). The AAE framework used
in these experiments is publicly available’. The AAE model that will be optimized is designed to
estimate the 6D pose of the object ape of the LineMOD dataset [15]. The AAE generates its own set of
training images via the Domain Randomization strategy: it randomizes object poses from the Computer

*Option (b): use the original performance function f(x) = M — x from [10].
"https://github.com/DLR-RM/AugmentedAutoencoder
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Aided Design (CAD) model, augments them with various transformations, and adds cluttered real-
world scene backgrounds taken from the Pascal Visual Object Classes (VOC) dataset [8]. Examples of
training images can be seen in Figure 1.

Figure 1. Examples of images created for the training dataset via the Domain Randomization
strategy.

We address the optimization of key hyperparameters of an AAE model, related to both the
architecture and the training process. For the architectural ones, we select the most impactful
hyperparameters that alter the network’s structure without compromising its conceptual integrity,
whereas for the training-related ones, we focus on those that most significantly influence convergence.

The investigated values for each hyperparameter are listed in Table 1. The remaining
hyperparameters, such as the number of layers or the latent dimension, are kept at their default values
from the original architecture. This choice ensures a fair comparison between the NAS-designed
networks and the original AAE, clearly highlighting the improvements achieved through the optimized
hyperparameters.

Table 1. Investigated hyperparameters. The hyperparameter values used in the original AAE
are highlighted in bold.

Hyperparameter Values

Number of filters for the 1% layer Vvk1 = {32, 64, 128, 256}

Number of filters for the 2" layer Varka = {32, 64, 128, 256}

Number of filters for the 3" layer Vuks = {128, 256, 512, 1024}

Number of filters for the 4'" layer Vwka = {128, 256, 512, 1024}

Encoder filter size Ve =1{3, 5, 7}

Decoder filter size Vkp =13, 5, 7}

Optimizer Vorr = {Adam, Momentum, S GD}
Mini-batch size Vug = {32, 64, 128}

Learning rate Vig=1{2-10%,2-1073,2-10%,2- 1073}

Since each one of the four layers can have |Vykx| = 4 different numbers of kernels, and kernels
can have |Vx| = 3 possible dimensions both in the encoder and the decoder, the total number of
configurations for the analyzed hyperparameters is given by:

Vil - IVkl* - IVorr| - [Vasl - |Vigl = 82944,

A dataset is generated by uniformly sampling and fully training only a small fraction of the
entire search space. Following the approach of [10], which employs 0.01%, the dataset would
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consist of only 8 samples, which is insufficient given the greater complexity of our task. Leveraging
available computational resources, we instead sample and fully train 100 networks, yielding a more
informative dataset for training a more robust PP. This corresponds to approximately 0.12% of the
total configuration space. Each AAE model is trained up to 40000 epochs. To incorporate early
training statistics in the dataset, the loss is averaged every 1000 epochs during the first 6000 epochs.
The final performance of each AAE is then computed by averaging the loss over the last 500 epochs of
the training process.

Before presenting the results of the hyperparameter optimization, we first justify our choices and
the modifications made to the original framework in the following sections.

3.1. Mean loss values as an early-stage metric

When relying solely on loss values, it is evident that we need a detailed description of the
loss function’s behavior throughout the entire truncated training process of each AAE. However, a
straightforward extension of the original approach of [10] to a 6000-epoch training regime would
require much more frequent sampling to accurately capture the training dynamics. Conversely,
evaluating the loss function only at specific epochs might not be sufficiently informative of the overall
trend of the loss function. Specifically, the points where the loss function is computed may exhibit
spikes, or they may skip time frames in which the loss function has shown an inconsistent behavior,
yielding unreliable information. Figure 2a,2b shows how loss values computed, for instance, at 2500,
5000, and 10000 epochs (orange line), as well as loss values computed every 1000 epochs (red line),
exhibit an oscillatory behavior sensitive to possible spikes in the loss function. Figure 2¢ shows how
considering loss values only at specific epochs may lead to ignoring important behaviors that could
provide a more comprehensive understanding of the loss function’s trend. Based on the information
conveyed by the loss function computed at 2500, 5000, and 10000 epochs (orange line), one might
conclude that the loss function is slowly descending. However, this does not consider the irregular
behavior that suggests the network may not converge.

To overcome this problem, a heuristic analysis was conducted. Instead of considering loss values at
specific epochs, experiments showed that the mean of the loss function values can be computed every
1000 epochs to provide a more reliable and detailed insight into the overall trend of the loss function,
allowing the PP to yield better results. Figure 2 shows how this method (green line) is less sensitive
to peaks and accurately describes irregular behaviors as well. Moreover, we compute the loss values
averaged over the last 500 training epochs, in order to limit the influence of peaks on the final loss
value. Considering only the loss values at 40000 epochs would be inconsistent in scenarios like the
one shown in Figure 2d.

3.2. Unapplicability of the ADD recall

During the dataset generation, it was observed that ADD recall may not always be a perfect indicator
of the overall quality of an AAE: a relatively high ADD recall can characterize some networks with
poor reconstructed images. For instance, Figure 3 shows examples of inaccurate object reconstructions
produced by the AAE model with the highest ADD recall (15) among the 100 sampled networks, yet
a very large final loss value (0.228). As a result, a PP trained to forecast ADD recall might end up
rewarding networks with a high ADD recall but inaccurate reconstructed images.
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Figure 2. Spikes and inconsistencies in the loss function’s trend.

Figure 3. Inaccurate object reconstructions produced by an AAE model with high ADD
recall and large final loss. On the left: augmented input images; in the center: reconstructed
outputs; on the right: ground truth images.
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Moreover, an unusual behavior emerges when examining the ADD recall trends of the ten best
and ten worst networks in the generated dataset: the ADD recall does not always follow a monotonic
trend. As shown in Figure 4a, some AAE models that perform poorly after 40000 epochs exhibit
significantly higher ADD recall at earlier epochs. Conversely, as shown in Figure 4b, some of the best
networks have a higher ADD recall at intermediate stages than at convergence. Other networks show
an ADD recall with an oscillatory trend across the considered intervals, while only a few exhibit an
ADD recall that increases as training progresses. This is heavily counterintuitive as, ideally, one may
expect ADD recall to increase as training progresses. As evidence of this, Figure 5 highlights that
ADD recall values computed at epochs 2500, 5000, 10000, and 40000 poorly correlate.
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Figure 4. ADD recall trend.

ADD recall 2500

ADD recall 5000 -

ADD recall 10000 -

ADD recall 40000

Figure 5. Kendall-7 correlation matrix between ADD recall values.
These considerations suggest that ADD recall values might introduce noise and inconsistencies,
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hindering an accurate prediction of an AAE model’s final performance. As we aim to obtain a reliable
PP capable of assessing the final effectiveness of a new sampled architecture, it is well-posed to exclude
ADD recall values and instead focus only on the information conveyed by the loss. By doing that, we
avoid the need to compute embeddings, thereby saving both time and computational resources. This
is because computing the ADD recall at a given epoch requires i) saving the network weights, which
consumes storage, and ii) calculating the codebook, which is computationally expensive. Therefore,
computing ADD recall too frequently would not be feasible.

While the global correlation between reconstruction loss and ADD recall is weak, we hypothesize
that effectively minimizing the loss, and thus learning robust and meaningful latent representations,
guides the search toward regions of higher pose accuracy. Empirical support for this hypothesis, based
on a comparison between the initial dataset and the final optimized models, is provided in Section 3.4.2.

3.3. Training the performance predictor

The generated dataset is employed to train the HYB model, with the final performance, i.e., the final
mean loss, serving as the target label for each sample. Since this PP combines the outputs of SVR and
RF, both models require careful hyperparameter tuning before their use in the exploration phase. This
can be effectively performed with Optuna [1]. Optuna is an automatic hyperparameter optimization
framework that runs multiple trials during which a hyperparameter configuration is sampled and the
corresponding model is evaluated with a specific objective function, which is typically a performance
metric. After all the trials are completed, Optuna returns the set of hyperparameters that optimize the
objective function.

The dataset is divided into a training set and a testing set. The training set is used by Optuna for
hyperparameter tuning, while the testing set, consisting of 20% of the dataset, is used to evaluate the
performance of the SVR and RF models.

The PPs are designed to estimate the final behavior of an AAE based on performance metrics
collected during the early stages of the training process. As previously discussed, each newly sampled
architecture is trained for up to 6000 epochs. Through extensive experimentation, we show that this
represents the optimal number of epochs for training each sampled AAE, with additional training
yielding no significant benefits.

For a fixed number of initial epochs, we first optimize the SVR and RF hyperparameters.
Subsequently, we consider several training and testing sets on which the different PPs are trained, using
the hyperparameter configurations found with Optuna, and then tested. Each testing set is created by
randomly selecting 20 network configurations and their corresponding performance metrics for a fixed
number of epochs, which serve as features in the PPs to predict the final performance. Predicted values
are compared with the true labels, and their Mean Absolute Error (MAE) and R? are computed. For
all training and testing set pairs, we determine the average MAE values, the corresponding standard
deviations, and the average R? scores.

Considering 1000 distinct training and testing sets, the results of these experiments are reported in
Table 2. The numerical outcomes indicate that the HYB methodology provides the best predictions,
with the lowest average MAE, the smallest standard deviations, and the highest R? score, all of which
contribute to a more robust and reliable model. Specifically, the HYB methodology exhibits the lowest
MAE and the highest R? at 6000 epochs, while the smallest standard deviation is achieved at 5000
epochs. Since the standard deviation at 6000 epochs remains relatively low, the number of initial
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epochs can be fixed at 6000. This value represents an optimal trade-off between PP accuracy and
training time, as each new sampled hyperparameter configuration will be trained only up to 6000
epochs.

Table 2. Average MAE values, their related standard deviations, and average R? scores for
1000 random testing sets, obtained by the SVR, RF, and HYB methodologies, by taking into
account performances at different numbers of initial epochs.

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000

MAE 0.0171 0.0178 0.0151 0.0115 0.0138 0.0098 0.0100 0.0090 0.0089 0.0100

SVR STD 0.0084 0.0090 0.0068 0.0048 0.0041 0.0044 0.0046 0.0048 0.0043 0.0049
R? 0.5648 0.5537 0.7038 0.8401 0.8062 0.8804 0.8502 0.8730 0.8925 0.8586

MAE 0.0147 0.0136 0.0112 0.0091 0.0087 0.0091 0.0099 0.0113 0.0102 0.0108

RF STD 0.0063 0.0059 0.0064 0.0048 0.0044 0.0050 0.0047 0.0053 0.0051 0.0050
R? 0.7591 0.7570 0.7876 0.8759 0.8746 0.8826 0.8331 0.8038 0.8551 0.8300

MAE 0.0146 0.0144 0.0120 0.0091 0.0094 0.0085 0.0091 0.0094 0.0087 0.0097

HYB STD 0.0069 0.0071 0.0064 0.0046 0.0035 0.0042 0.0046 0.0049 0.0047 0.0050
R? 0.7205 0.7001 0.7757 0.8815 0.8854 0.9021 0.8529 0.8555 0.8891 0.8539

3.4. NAS results

NAS is performed using the PP introduced in the previous section, leveraging its predictions to
evaluate the performance of an AAE model through the novel function presented in Section 2.3.

The exploration stops when either the maximum number of iterations is reached or the probabilities
P; for each hyperparameter i exceed a certain threshold s;, which means that the corresponding value
is the optimal hyperparameter and will, therefore, be chosen in all the following configurations. In
our experiments, the maximum number of iterations is set to 400, and each threshold is defined as
= % The threshold is equal to: % for the mini-batch size, decoder kernel size, encoder kernel size,
and optimizer; Al, for the number of filters in each layer and the learning rate.

Si

At the end of the NAS process, the 20 AAEs with the lowest predicted values are further trained up
to 40000 epochs.

In the following, for some of the investigated hyperparameters, we include:

e a plot showing the probability trend for each of its possible values;

e a box plot illustrating the distribution of the final performance for all sampled AAEs across these
values;

e a bar plot showing the occurrence counts of each hyperparameter value among the best 20 fully
trained AAEs.

Number of filters. The probabilities of the possible values for the number of filters in each layer
are all relatively close to the randomness baseline (black dashed line). This suggests that these
hyperparameters may impact the AAE model’s final performance less than others. Figure 6 shows
the behavior of this hyperparameter for the 1% layer.
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Figure 6. Number of filters for the 1% layer — proposed methodology (400 iterations).

Learning rate. The learning rate is the first hyperparameter to have one of its values reach the
probability threshold, as shown in Figure 7. A learning rate of 0.002 is identified as the optimal
value in just 100 iterations. Nineteen of the best networks use the optimal learning rate, including
three AAEs sampled before it was even identified.
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Figure 7. Learning rate — proposed methodology (400 iterations).

Optimizer. The optimizer is the second hyperparameter to reach its probability threshold. Although
Adam starts with a probability of 0.5, it slowly reaches the threshold after approximately 190 iterations.
This suggests that Momentum and SGD are sometimes associated with high-performing networks.
However, Adam has the lowest minimum value, the lowest median, and the smallest interquartile
range. All twenty of the best networks, including the six best ones sampled before identifying the best
optimizer, employ Adam, as shown in Figure 8.
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Figure 8. Optimizer — proposed methodology (400 iterations).
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Convergence. Figure 9 demonstrates that updating probability vectors using the proposed formula
Eq (2.2) has resulted in a fast convergence of the method. The predicted final performance shows
a significantly descending behavior, highlighting the efficiency of the probability update mechanism,
which has allowed the identification of two optimal hyperparameters. In fact, drastic improvements are
observed when these optimal values are identified and subsequently fixed for the following sampled
configurations, resulting in predictions with smaller values. While the method is not flawless, as some
spikes are still evident throughout the process, they occur with much less frequency.
Supporting the idea that the method is converging effectively is the observation that:

e 17 out of the best 20 AAEs are sampled after the identification of the optimal learning rate, which
occurs after 100 iterations.

e 14 out of the top-performing networks are identified after the best optimizer is determined, which
occurs after 190 iterations.

e 12 of the top-performing networks are discovered within the last 150 iterations of the method.
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Figure 9. Predicted final performance trend of the proposed methodology — 400 iterations.

We compare the performances of these networks with two benchmark configurations: the one
proposed in [45], hereafter referred to as Sundermeyer, and the publicly available™ configuration,
hereafter referred to as Benchmark for 6D Object Pose Estimation (BOP), shown in Table 3. Although
the 20 best AAEs were identified based on their final mean loss value, ADD recall remains the primary
metric for 6D performance comparison.

Table 3. ADD recall and final mean loss values for Sundermeyer and BOP AAEs for object
ape.

NK1 NK2 NK3 NK4 KE KD MB LR OPT ADD Final

Recall Mean Loss

Sundermeyer 128 256 256 512 5 5 64 0.0002 Adam 7.00 0.00455
BOP 128 256 512 512 5 5 64 0.0002 Adam 11.50 0.00356
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Among the 20 best-performing networks, one falls short of the ADD recall achieved by
Sundermeyer, and fourteen fail to meet the 6D pose performance of BOP. However, only one network
has a higher final mean loss than Sundermeyer, and two exhibit a higher value than BOP.

The positive outcome of this experiment suggests potential for further improvement, therefore we
expand the search by an additional 400 iterations, for a total of 800, to explore the hyperparameter
space further and hopefully achieve even better results.

Figure 10 shows that no additional optimal hyperparameters are identified during the extra
iterations. The predicted final mean loss continues to exhibit the same behavior observed after Adam
is identified as the best optimizer.
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Figure 10. Predicted final performance trend of the proposed methodology — 800 iterations.

All of the 20 best-performing AAESs, reported in Table 4, surpass the ADD recall achieved by
Sundermeyer, with 7 being the minimum value observed. However, fourteen of these networks still fall
short of the ADD recall achieved by BOP. Nevertheless, every one of the 20 selected AAEs exhibits a
lower final mean loss than both Sundermeyer and BOP, highlighting the superior reconstruction quality
achieved by the optimal configurations.

The best network identified by the NAS process exhibits a negative predicted value. This is
obviously an overestimation of the network’s effectiveness, as a loss function cannot be negative.
However, it suggests that the network may still be among the most high-performing. Indeed, it achieves
an ADD recall of 9.5, and is the 2™ AAE with the lowest real final mean loss. The top-performing
AAE based on the ADD recall is the 18" network with the lowest predicted final mean loss and the 7%
with the lowest real final mean loss.
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Table 4. 20 best AAEs obtained with the proposed methodology — 800 iterations.

NK1 NK2 NK3 NK4 KE KD MB LR OPT ADD Predicted Real
Recall Loss Loss

Adam 128 0.002 9.5 -0.00106 0.00215
Adam 128 0.002 11.0  -0.00092 0.00217
Adam 128 0.002 11.0  -0.00037 0.00249
Adam 128 0.002 10.0 -0.00027 0.00266
Adam 128 0.002 13.5 -0.00010 0.00291
Adam 128 0.002 11.0  0.00019 0.00271
Adam 128 0.002 12.0  0.00030 0.00265
Adam 128 0.002 13.0  0.00039 0.00226
Adam 128 0.002 10.0  0.00044 0.00219
Adam 128 0.002 10.5  0.00063 0.00261
Adam 128 0.002 7.0  0.00066 0.00265
Adam 64 0.002 11.0  0.00072 0.00341
Adam 128 0.002 8.0 0.00073 0.00263
Adam 128 0.002 10.0  0.00079 0.00319
Adam 128 0.002 13.0  0.00082 0.00270
Adam 128 0.002 10.5  0.00087 0.00200
Adam 128 0.002 9.0 0.00091 0.00286
Adam 128 0.002 16.0  0.00093 0.00259
Adam 128 0.002 13.5 0.00104 0.00292
Adam 128 0.002 9.5 0.00116 0.00286
Mean 10.95 0.00039 0.00263

Median 10.75  0.00065 0.00265
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3.4.1. Comparison with the original framework

According to the original SVR-RF-based framework, the performance of a network is assessed as
the difference between the maximum loss value M observed in the original dataset and the current loss
x, which can either be the final mean loss value computed for the 100 networks of the original dataset,
or the one predicted by the PP for new configurations:

f)=M-x (3.1)

Figure 11 illustrates the randomness in the trend of the predicted final mean loss observed when
using this function during the search space exploration. Contrary to expectations, the predicted final
mean loss does not exhibit a strong descending behavior, suggesting that the probability update might
not be sufficiently meaningful or effective within the 400 iterations considered. The final performance
shows significant spikes, with their intensity remaining high even as the NAS progresses. A noteworthy
improvement is observed only when the optimal learning rate is identified and fixed for the next
sampled configurations, resulting in predictions with smaller values. Nevertheless, although to a lesser
degree, a similar random behavior can be observed for the remainder of the NAS process.
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Figure 11. Predicted final performance trend of the SVR-RF-based original method — 400
iterations.

Inconsistencies in the results of certain hyperparameters suggest that the method might prioritize
sampling frequency over the final performance of the sampled configurations. Even when a high final
mean loss is predicted, the probabilities of the sampled hyperparameters are not properly penalized.
Instead, they continue to increase. This phenomenon is evident, for instance, in the first 30 iterations,
where the Momentum optimizer is sampled for half of the configurations. Despite relatively high
predicted values, which would typically indicate poor performance, its probability rises and rapidly
surpasses the fitness of the Adam optimizer, as can be seen in Figure 12.
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Figure 12. Optimizer — SVR-RF-based original method (400 iterations).

This irregular behavior underscores the importance of selecting an appropriate and meaningful
performance function, as the entire NAS process relies on the probability of each hyperparameter
value being associated with a high-performing AAE. An unsuitable choice may hinder convergence
during the space search and compromise the overall effectiveness of the method.

The proposed function addresses this issue by providing greater separation between high-
performing and low-performing networks, thereby facilitating a more efficient and reliable exploration
of the hyperparameter space. Figure 13a illustrates the graph of this function for different values of
B. After an in-depth analysis, among the tested values, § = 5 appears to strike the right balance: it
is neither too strict, avoiding excessive penalization of moderately performing networks, nor does it
reward exclusively the most outstanding AAEs. This function introduces a steeper slope, especially as
x approaches 0, enabling clearer differentiation between high-performing and poor-performing AAEs.
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Figure 13. On the left: novel performance function (2.2) with different values of 5. On the
right: comparison between the original and the proposed performance function (8 = 5).

Figure 13b illustrates the graph of both performance functions, offering a clear visual comparison
of their behaviors and how each maps the loss values to performance scores. Moreover, Figure 14
presents the box-plots of the performance distributions of the generated dataset obtained using both the
original performance function (3.1) and the proposed one (2.2), for different values of 8. The results
highlight the benefit of introducing the exponential formulation: the values are no longer clustered
around M, and the distribution becomes more balanced. In particular, with 8 = 5, the interquartile
range of the distribution is centered within the interval [0, 1], avoiding skewness toward O (as observed
for B > 5), indicating excessive strictness, or toward 1 (as observed for § < 5), indicating excessive
leniency. This ensures that, from the very beginning of the exploration, the entire NAS framework is
exposed to a balanced distribution of good and bad examples, thereby maximizing its discriminative
capability.
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Figure 14. Comparison of the performance distributions of AAE models on the generated
dataset.

This conclusion is further supported by the qualitative comparison presented in Figure 15, which
correlates the visual quality of reconstructed images with their assigned performance scores. As
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the reconstruction quality degrades from sharp (left) to blurry (center) and finally to unrecognizable
(right), the performance metric must scale to reflect this deterioration accurately. The distribution
for § < 5 proves more lenient, assigning high scores (approximately 0.8) even to noticeably blurry
reconstructions, which risks rewarding sub-optimal architectures. Conversely, § > 5 behaves more
strictly, causing the score to drop toward zero for intermediate-quality models, thereby suppressing
useful signals during the search. The choice of 8 = 5 provides a reasonable balance: It correctly aligns
the penalization rate with the observed visual degradation, ensuring that the search algorithm is guided
by a signal that effectively distinguishes between accurate, mediocre, and poor reconstructions. Clearly,
this represents just one possible suitable choice, and minor variations in g are likely to primarily
affect the speed of convergence during exploration, rather than the ultimate quality of the discovered
architectures.

Networks that produce poorly reconstructed images and exhibit high final loss values can still
yield relatively high performance scores in the SVR-RF-based original framework. Consequently,
even poorly performing networks are assigned high performance values, which significantly inflate the
probabilities of hyperparameters. A penalty is applied to a hyperparameter only when it is not sampled
or when the PP detects a significantly divergent AAE, leading to an extremely high predicted value. In
contrast, the proposed function introduces improved differentiation among networks, enabling a more
accurate assessment of performance.
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Figure 15. Reconstructed images, final mean loss, and performance score of some AAEs on
the generated dataset.

The histograms in Figure 16 compare the results of three experimental setups: the experiment with
the original performance function (blue), and the experiment with the proposed function with 400
(orange) and 800 iterations (green). Table 5 reports a statistical summary of these distributions. The
leftmost plot shows that the difference in ADD recall is very minimal. Such behavior is expected
given the inherent inconsistencies of this metric in the context of our task and the nature of our search
strategy: We aimed to identify AAE models with low reconstruction loss, under the assumption that
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these would hopefully correspond to high ADD recall values. However, the green distribution is
less right-skewed, indicating that fewer models with low ADD recall are identified in the extended
experiment using the proposed function. The middle panel illustrates predicted final mean loss values,
with the experiments using the proposed function producing more optimistic predictions, especially
during the additional iterations.
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Figure 16. Distribution of ADD recall, predicted and real final mean loss across the two
experiments.

Table 5. Statistics of ADD recall, predicted and real final mean loss across the two

experiments.
Original (400) Proposed (400) Proposed (800)

Mean 0.00262 0.00099 0.00039

Predicted final mean loss Median 0.00298 0.00119 0.00065
Best -0.00010 -0.00092 -0.00106
Mean 0.00647 0.00312 0.00263

Real final mean loss Median 0.00388 0.00299 0.00265
Best 0.00252 0.00217 0.00200
Mean 9.68 10.20 10.95
Median 10.00 9.75 10.75

ADD recall Min 4.50 4.50 7.00
Max 15.00 19.00 16.00

The rightmost panel, showing real final mean loss, confirms this trend: more accurate networks
were discovered using the proposed function, especially in the extended phase. A strong correlation
emerges between predicted and real final mean loss across all experiments. The relative ranking of
networks is preserved in both distributions, underscoring the reliability and effectiveness of the PP in
guiding the exploration meaningfully across the search space.
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3.4.2. Validation of the performance proxy

To prove the efficiency of the use of reconstruction loss as a proxy for pose estimation accuracy, we
analyze the correlation between the two metrics for both the initial random dataset and the optimized
models found by our NAS. Figure 17 presents the scatter plot of Final ADD recall versus Final Mean
Loss. The blue points represent the initial random dataset, showing high variance in ADD recall in the
high-loss region. However, the orange points, representing the top 20 models identified by the NAS,
form a distinct cluster in the top-left region. This confirms that while the metrics are not perfectly
correlated globally, minimizing reconstruction loss is a robust strategy for isolating the architectural
subspace where both the lowest loss and the highest ADD recall values are achieved.
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Figure 17. Scatter plot of final ADD recall vs. final mean loss.

3.5. Extension to other objects

We aim to assess whether the results are generalizable and applicable to other objects. Instead of
performing a separate NAS for the AAE models of each object in the LineMOD dataset, we evaluate
whether the optimal configurations derived from the NAS process tailored to the AAE for ape can be
effectively applied to other objects to achieve accurate 6D pose estimations. This approach offers the
potential to save significant amounts of time and computational resources.

In the following, we denote the best AAE configuration found during the 800 iterations with the
proposed function as NAS-2, the network with the lowest real final mean loss as MinLoss-2, and the
network with the highest ADD recall as MaxADD-2.

Referring to the comparison shown in Tables 6 and 7, the method appears very promising: For
every object, at least one of the considered AAEs outperforms benchmark networks. As it is generally
recommended to use a bootstrap ratio of 16 for darker objects, we also report results obtained when
AAE models for the phone employ this hyperparameter instead of the usual value of 4. Interestingly,
even with a bootstrap ratio set to 4, the AAEs obtained through NAS remain competitive in terms of
both ADD recall and final mean loss.
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Table 6. ADD recall for some objects of LineMOD obtained with different AAEs. (*)
Bootstrap ratio 16.

ASundermeyer ABOP ANAS-Z AMinLoss—Z AMaxADD-Z

Ape 7.00 11.50 9.50 10.50 16.00
Camera 37.00 37.00 23.00 39.50 44.50
Duck 13.50 21.00 22.00 19.00 15.00
Phone 49.50 53.00 53.00 51.50 57.50
Phone (*) 51.00 50.00 54.00 58.00 43.00
Lamp 67.00 6550 67.00 62.00 64.00
Mean 37.50 39.66 38.08 40.08 40.00

Table 7. Final mean loss values for some objects of LineMOD obtained with different AAEs.
(*) Bootstrap ratio 16.

LSundermeyer LBOP LNAS—2 LMinLoss—Z LMaxADD—2
Ape 0.00455 0.00356 0.00215 0.00200 0.00259
Camera 0.00851 0.00792 0.00496 0.00403  0.00549
Duck 0.01053 0.00921 0.00802 0.00578  0.00725
Phone 0.00781 0.00735 0.00444  0.00420 0.00531
Phone (*) 0.02441 0.02382 0.01445 0.01455 0.01723
Lamp 0.02377 0.02258 0.01343 0.01356  0.01642
Mean 0.01326 0.01241 0.00791  0.00735  0.00905

3.6. Efficiency and scalability

In terms of fully trained networks, the generation of the dataset requires training 100 AAEs up to
40000 epochs. Training up to 800 sampled networks for 6000 epochs is equivalent to training 120
networks to full convergence. Additionally, the hyperparameter optimization for SVR and RF can be
considered equivalent to training one additional network. To drive the 20 best-performing networks to
numerical convergence, starting from the checkpoint, they are trained for the remaining 34000 epochs.
This is equivalent to training 17 networks for 40000 epochs. This approach proves to be significantly
resource-efficient and time-saving, as the total training count amounts to 238 fully trained networks.
Moreover, extending the results to other objects requires training 3 networks for each object. By
training a total of only 256, benchmark results are outperformed both for the AAE model tailored
to the ape object (for which the NAS process was designed) and for other AAE models designed to
estimate the pose of other objects in the same dataset.

4. Conclusions

DL has revolutionized many fields, leading to rapid progress and improvements. However,
the higher performance of these methods comes with increasing model complexity and a greater
need for computational resources. One of the main challenges today is the large number of

hyperparameters that significantly influence the efficiency of a DL model. As a result, managing
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such complex models tailored for real-world tasks is not straightforward. This paper contributes
to this problem by investigating 6D pose estimation using AAEs and the application of NAS for
hyperparameter optimization. Starting from the original SVR-RF-based method [10], in this work
we demonstrate the great potential of a probabilistic strategy to efficiently search the hyperparameter
space applied to complex real-world deep-learning frameworks. One key finding of our study is that
the choice of performance metric plays a critical role in the effectiveness of the space exploration
and hyperparameter optimization. To address this, we introduce a novel modification to the original
SVR-RF-based framework that improves the efficiency of the method, further accelerating convergence
without compromising accuracy. Specifically, we focus solely on the information provided by the loss
function. Since the AAE is inherently trained to minimize reconstruction loss, this approach is both
meaningful and effective, as it provides more consistent and reliable features for guiding the NAS
process, ultimately leading to improved 6D performance scores.

Experimental results extensively validate the proposed methodology. Firstly, they highlight that
the proposed method leads to a faster and more effective convergence. While the SVR-RF-based
original framework identifies only the optimal learning rate around epoch 350, the novel performance
function allows for identifying the same optimal hyperparameter around epoch 100 and the best
optimizer around epoch 190. In finding the first optimal hyperparameter, the proposed methodology
is 71.42% faster than the original framework. Secondly, numerical experiments show that the optimal
configurations found with the NAS process outperform benchmark AAE models from the literature on
the LineMOD dataset, achieving competitive pose estimation accuracy and improved reconstruction
quality. In terms of ADD recall, the proposed methodology achieves a 6.25% improvement over the
original SVR-RF-based framework, a 39.13% improvement over BOP, and a 128.57% improvement
compared to Sundermeyer. In terms of final mean loss, the proposed methodology achieves a
20.63% improvement over the original framework, a 43.82% improvement over BOP, and a 56.04%
improvement compared to Sundermeyer.

It is worth noting that the optimal configurations obtained through NAS are associated with AAE
models tailored to estimate the pose of a single, specific object. However, these configurations are
extended to AAE models designed for other objects within the same dataset, proving to be more
effective and accurate than the benchmarks. In terms of ADD recall, a mean improvement of 15.16%
is achieved over BOP and 40.28% over Sundermeyer across all the tested objects. For the final mean
loss, a mean improvement of 42.15% over BOP and 47.39% over Sundermeyer is observed. This
scalability and generalizability are crucial, as optimizing hyperparameters for each new model would
be labor-intensive and time-consuming. Instead, improvements achieved for an AAE model designed
for one object successfully translate to others, demonstrating the broader applicability of the optimized
configurations.

Our NAS strategy proves to be highly efficient: only 256 networks are trained out of 82944 possible
configurations — just 0.31% of the total search space (see Section 3.6). For the ape object alone, the
full process — sampling, predictor training, and final fine-tuning — requires the equivalent of just 238
fully trained networks. Despite this limited budget, our method outperforms benchmark results.

Crucially, the optimized architecture generalizes effectively to other objects in the LineMOD
dataset. For each additional object, only 3 networks are trained, enabling practically zero-shot
adaptation. This highlights the scalability and reusability of our approach across multiple LineMOD
objects with minimal additional cost.
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This work provides a substantial contribution to the field of 6D pose estimation by addressing
the challenge of hyperparameter optimization in AAEs through a scalable and resource-efficient
methodology. Beyond the immediate results, our approach lays the groundwork for future extensions.
One promising direction is to dynamically update the performance predictor during the NAS process,
leveraging progressively identified high-performing configurations to refine the predictor itself. This
could lead to even more accurate and efficient search strategies. Nonetheless, the framework and
results presented in this work already constitute a solid contribution to the field, offering a practical
and scalable solution for hyperparameter optimization.
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