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ABSTRACT Domain-adversarial training is a common approach to mitigate domain shift in deep
learning, yet architectural design choices such as the placement of adversarial supervision are often treated
heuristically. We present a systematic empirical assessment of gradient reversal-based domain-adversarial
training applied to cross-sensor 6D pose estimation, focusing on the placement of domain classification
heads within a multi-modal red, green, and blue(RGB)–point cloud fusion network. Using a simplified
bidirectional RGB–point cloud fusion network, we evaluate domain head placement at multiple depths,
including modality-specific encoders and intermediate fusion stages, under a strict multi-source training
protocol with no access to target-domain data. Experiments are conducted on controlled synthetic datasets
with multiple runs per configuration and complemented by real-world cross-sensor RGB-D evaluations.
Across all settings, performance differences between domain head placements are dominated by run-to-run
variability, with no statistically significant advantage for any particular placement. Real-world experiments
exhibit similarly small differences and qualitatively align with synthetic results. These findings indicate
that, for the studied architecture, gradient reversal-based domain-adversarial training is largely insensitive
to the precise placement of the domain head, suggesting that both early and late integration constitute
viable design choices. This robustness provides practical flexibility in network design, supports reproducible
evaluation across placements, and motivates future work on complementary adaptation mechanisms that can
be combined with adversarial supervision.

INDEX TERMS 6D pose estimation, domain adaptation, cross-sensor generalization, multi-modal sensor
fusion, domain-adversarial training, robot perception.

I. INTRODUCTION
Determining an object’s 3D rotation and 3D translation,
commonly referred to as 6D pose estimation, from visual
sensor observations such as RGB or RGB-D data, is a
fundamental capability for applications ranging from robotic
manipulation and industrial automation to augmented reality
and autonomous driving [1], [2], [3], [4], [5]. Recent years
have seen substantial progress in this field, with deep
learning-based methods achieving impressive accuracy on
standard benchmarks. Early convolutional neural network
(CNN)-based pipelines such as PoseCNN [2] demonstrated
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the feasibility of learning-based 6D pose estimation on the
YCB-Video dataset, while subsequent approaches including
DenseFusion [3], PVN3D [6], and FFB6D [1] further
improved performance by tightly integrating RGB and
point cloud information. However, a common assumption
underlying most of these methods is that training and test data
are drawn from the same domain, typically corresponding to
a fixed sensor setup and environmental conditions.

In practice, this assumption is often violated. If a trained
6D pose estimator is deployed under different sensor con-
figurations or environmental conditions, its performance can
degrade significantly due to domain shift. This issue is partic-
ularly relevant in industrial and robotic settings, where sensor
hardware is frequently upgraded or replaced. Many widely
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FIGURE 1. High-level overview of the architectural design choice studied
in this work: a multi-modal 6D pose estimation network with
domain-adversarial heads placed at different stages.

used 6D pose benchmarks, such as LineMOD and YCB-
Video, were collected using older generation RGB-D sensors
based on structured-light or early time-of-flight technology,
such as Primesense devices (e.g. Microsoft Kinect v1/v2 or
ASUS Xtion) [7], [8], [9], which are now discontinued and
no longer commercially available. Alternative sensors such
as Intel RealSense or Azure Kinect exhibit different noise
characteristics, depth accuracy, resolution, and field-of-view
properties. As a result, models trained on legacy datasets
often encounter a substantial domain gap when applied to
data from newer sensors, limiting their practical applicability.

Collecting and annotating new 6D pose datasets for
every sensor or environment change is typically infeasible.
Annotating 6-DoF object poses in real images requires
precise alignment of 3D object models to sensor observations
and often involves significant manual effort or complex
acquisition setups [5]. Consequently, there is strong motiva-
tion to reuse existing labeled datasets and adapt models to
new domains rather than repeatedly performing costly data
collection and annotation. Prior work has explored synthetic
data generation and domain randomization to mitigate this
issue [5], [10], [11], but bridging the domain gap between
training data and real deployment conditions remains a major
challenge.

Domain adaptation techniques have therefore gained
increasing attention in visual recognition and have been
applied to 6D pose estimation [12], [13], [14]. A prominent
class of methods is domain-adversarial training, as intro-
duced by the Domain-Adversarial Neural Network (DANN)
framework [12], where a domain discriminator is trained
adversarially via a gradient reversal layer (GRL) to encourage

the learning of domain-invariant features. Without adapta-
tion, domain shifts caused by changes in sensors, viewpoints,
or environmental conditions can lead to substantial per-
formance degradation, with prior work reporting relative
drops of 30–70% when models trained on one dataset or
sensor configuration are evaluated on another [10], [15],
[16], [17]. Domain-adversarial approaches have been shown
to reduce dataset bias across a wide range of vision tasks,
including image classification, semantic segmentation, and
object detection [18], [19], [20], [21], [22], and have also been
adopted in several geometry-aware and 6D pose estimation
frameworks to improve cross-domain generalization without
requiring additional labeled target-domain data [16], [17].
Beyond adversarial methods, alternative strategies include
self-supervised domain adaptation, pseudo-labeling or self-
training, and extensive domain randomization to reduce the
synthetic-to-real or cross-sensor gap [10], [15], [23], [24],
[25]. While these techniques differ in implementation, they
share the goal of increasing robustness to domain shifts
arising from changes in sensors or environments.

Despite the widespread use of domain-adversarial mech-
anisms, it remains unclear where domain-adaptation com-
ponents should be integrated within multi-modal fusion
networks. To the best of our knowledge, no prior work has
systematically studied the impact of domain-head placement
in 6D pose estimation networks under multi-seed and cross-
domain evaluation. In practice, domain heads are attached
at different stages of the network, such as image encoders,
point cloud encoders, or fusion layers, often without
a systematic justification. Moreover, many prior studies
evaluate adaptation performance using limited experimental
repetitions or without explicitly accounting for variance
across random seeds, making it difficult to assess whether
observed improvements are robust. Fig. 1 provides a high-
level overview of the architectural design choice investigated
in this work. The figure illustrates a representative multi-
modal 6D pose estimation network designed to operate
across different sensor configurations, exemplified here using
RGB–D inputs with varying depth modalities, and highlights
the alternative locations at which domain-adversarial heads
can be attached.

In this work, we aim to address this gap through a
systematic and statistically grounded analysis of domain-
head placement in 6D pose estimation networks. Rather
than introducing a new adaptation algorithm, our goal is
to rigorously evaluate whether the architectural location
of domain-adversarial supervision has a measurable and
statistically reliable impact on cross-sensor generalization.

We focus on FFB6D-style multi-modal fusion architec-
tures [1], representative of a class of bidirectional RGB–point
cloud networks that interleave appearance and geometric
features across multiple fusion stages and study the effect of
inserting GRL-based domain heads at different stages of the
network. To reflect realistic deployment scenarios, we adopt
a cross-domain evaluation protocol inspired by the VisDA
benchmark [26], in which hyperparameters are selected on a
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separate validation domain and final performance is reported
on a held-out test domain. This protocol helps identify
minima that generalize across domains while avoiding test
domain leakage and is well suited for studying adaptation
behavior under domain mismatch. As such, the insights of
this study are particularly relevant for researchers and practi-
tioners developing multi-modal 6D pose estimation systems
that must generalize across changing sensor configurations or
deployment domains.

Our experiments span both controlled synthetic domain
gaps, generated using a Unity-based simulation pipeline with
systematic variations in sensor configuration, and real-world
data arising from different RGB-D sensors. Across multiple
random seeds and evaluation settings, we conduct a detailed
statistical analysis using confidence intervals as well as
independent (unpaired) hypothesis tests. Across all evaluated
settings, different domain-head placements yield consistently
comparable performance, with observed variations primarily
attributable to run-to-run variability rather than systematic
effects of placement. Furthermore, on real-world data with
larger domain gaps, performance remains similarly stable
across placements, with differences becoming negligible.
Taken together, these results indicate that gradient reversal-
based domain-adversarial training exhibits a high degree of
robustness to the architectural placement of the domain head,
implying that both early and late placements constitute valid
design choices. This robustness underscores the importance
of rigorous multi-seed evaluation and provides practical
flexibility when integrating domain-adversarial components
into 6D pose estimation networks.

Our main contributions are as follows:

• A systematic empirical study of domain-adversarial
adaptation in multi-modal 6D pose estimation networks,
focusing on the placement of GRL-based domain heads
within an FFB6D-style architecture.

• A statistically grounded evaluation across multiple
random seeds, using confidence intervals and hypothesis
tests to assess the robustness of observed performance
differences.

• A simulation-based evaluation framework with con-
trollable sensor-induced domain gaps, enabling repro-
ducible analysis of adaptation behavior under varying
conditions.

• Experimental evidence that, under realistic cross-
domain evaluation, domain-head placement does not
reliably change mean performance, and that variance
and stability dominate architectural micro-choices.

II. METHODOLOGY
This section describes the methodological foundation of
our study. We first formalize the problem setting of cross-
domain 6D pose estimation under the constraint that no
target-domain data is available during training. We then
introduce the base network architecture, inspired by FFB6D,
and the domain-adversarial training mechanism used to

encourage domain-invariant feature learning. We then detail
the different domain-head placement variants investigated
in this work, which constitute the central design choice
evaluated in our empirical analysis. Finally, we formalize the
training objective, including the pose estimation and domain-
adversarial loss terms used during optimization.

A. PROBLEM SETTING AND EVALUATION UNDER
UNKNOWN TARGET DOMAINS
A central challenge in deploying 6D pose estimation models
in real-world robotic systems is domain shift, where the
data distribution at deployment differs from that observed
during training. While much of the domain adaptation
literature assumes access to at least unlabeled target-domain
data during training, commonly referred to as unsupervised
domain adaptation, this assumption does not always hold
in practice. In many industrial and robotic scenarios, the
target sensor or environment is not yet available at training
time, or collecting even unlabeled data from the target
domain is infeasible due to hardware availability, operational
constraints, or deployment timelines.

In this work, we therefore consider a stricter domain
adaptation setting in which no target-domain data is available
during training. The model is trained exclusively on labeled
data from one or more source domains, and adaptation
mechanisms must be learned without exposure to the
final deployment domain. While many domain adaptation
approaches in pattern recognition and visual recognition
assume access to unlabeled target-domain data during
training, robotic perception systems are often trained using
data collected with a limited set of sensor configurations,
such as standard benchmarks (e.g., YCB-Video [2]), and
are subsequently deployed in environments where sensors
may differ or need to be replaced. As a result, models are
frequently required to generalize to previously unseen sensor
setups without prior access to target-domain data.

This strict setting introduces a key methodological chal-
lenge: how to evaluate domain adaptation performance when
the target domain is unknown at training time. Standard
evaluation protocols commonly used in visual domain
adaptation, which tune hyperparameters directly on the target
domain (even without labels), are no longer applicable and
risk overestimating real-world performance. Instead, model
selection must rely on proxy validation signals from domains
other than the target domain, encouraging generalization
across domains rather than specialization to a specific
deployment setting.

To address this challenge, we adopt a cross-domain
validation protocol inspired by VisDA [26] for synthetic-to-
real domain adaptation. In this protocol, available domains
are partitioned into three disjoint sets: training domains,
a validation domain, and a held-out test domain. Models
are trained on the training domains, hyperparameters and
architectural choices are selected based on performance
on the validation domain, and final results are reported
exclusively on the unseen test domain. Importantly, neither
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labeled nor unlabeled data from the test domain is used during
training or model selection.

This evaluation strategy serves two purposes. First, it pro-
vides a principled mechanism for model selection in the
absence of target-domain data, ensuring that chosen configu-
rations favor domain robustness rather than domain-specific
overfitting. Second, it enables a fair and reproducible com-
parison of adaptation mechanisms by measuring their ability
to generalize to genuinely unseen domains. Throughout this
paper, we use this protocol to assess the effectiveness of
domain-adversarial components under realistic deployment
constraints.

B. BASE NETWORK ARCHITECTURE
All experiments in this work are based on a unified multi-
modal fusion architecture inspired by FFB6D [1]. FFB6D
combines RGB and point cloud information through multiple
bidirectional fusion stages and has demonstrated strong
performance on standard 6D pose estimation benchmarks.
Our goal, however, is not to reproduce the full FFB6D
architecture, but to adopt a simplified variant that preserves
its core design principles while enabling controlled and
computationally efficient experimentation.

The base network consists of four main components: an
image encoder, a point cloud encoder, and a set of fusion
layers that combine appearance and geometric features,
followed by a pose prediction head. RGB inputs are processed
by a convolutional image encoder to extract dense per-pixel
features, while the point cloud input is encoded using a point-
based network that produces per-point geometric descriptors.
These modality-specific features are then aligned and fused
to form a joint representation used for pose regression.
A high-level overview of the base architecture is shown in
Fig. 2, where the base network is depicted in gray and the
possible domain head placements are highlighted in red (see
subsubsection II-C2).

In contrast to the original FFB6D architecture, which
employs multiple stacked bidirectional fusion blocks,
we reduce the number of fusion layers and remove deeper
recursive fusion pathways. This simplification is motivated
by two considerations. First, a reduced fusion structure
narrows the set of possible feature locations at which domain-
adversarial components can be attached, allowing for a
more controlled analysis of domain-head placement effects.
Second, the full FFB6D architecture is computationally
expensive, which would make the repeated multi-seed
training required for statistically meaningful comparisons
between architectural variants impractical. The simplified
architecture therefore enables extensive multi-run evaluation
while preserving the key structural components relevant
to studying domain-adversarial supervision in multi-modal
fusion networks.

Despite these simplifications, the overall information flow
remains consistent with the FFB6D design philosophy: image
and point cloud features are processed separately, aligned in a
shared feature space, and fused prior to pose prediction. The

pose head regresses object translation and rotation parameters
from the fused features using a shared backbone across all
experiments. Importantly, all architectural variants studied in
this paper use the same base network; differences between
variants arise solely from the presence and placement of
domain-adversarial components, which are introduced in
subsection II-C.

While the absolute performance of the simplified architec-
ture differs from that of the full FFB6D model, the structural
aspects relevant to this study, namely: the separation of
modality-specific encoders, the presence of intermediate
fusion stages, and a shared pose prediction head, are
preserved. Since domain-adversarial supervision acts on
intermediate feature representations and propagates gradients
upstream from its attachment point, we expect the qualitative
effects of domain head placement observed in this work
to extend to more complex fusion-based architectures that
follow the same design principles. However, architectures
that employ substantially different fusion paradigms or non-
modular feature hierarchies may exhibit different sensitivities
to adversarial supervision placement.

By adopting a streamlined FFB6D-style architecture,
we strike a balance between representational capacity and
experimental tractability. This design enables systematic
multi-seed evaluation and statistical analysis while retaining
the essential characteristics of modern fusion-based 6D pose
estimation networks.1

C. DOMAIN-ADVERSARIAL TRAINING AND DOMAIN
HEAD PLACEMENT
This subsection introduces the domain-adversarial com-
ponents used in our study and formalizes the different
domain head placement strategies evaluated throughout the
paper. We first describe the domain-adversarial training
mechanism based on gradient reversal, which is shared
across all experimental variants. We then detail the specific
network locations at which the domain head is attached,
which constitute the primary axis of comparison in our
empirical analysis. Importantly, all variants use the same base
architecture, domain discriminator, and loss formulation;
they differ only in the feature level at which domain-
adversarial supervision is applied.

1) DOMAIN-ADVERSARIAL TRAINING WITH GRADIENT
REVERSAL
To encourage domain-invariant feature representations,
we employ domain-adversarial training based on a gradient
reversal layer (GRL), following the Domain-Adversarial
Neural Network (DANN) framework [12]. The core idea
is to introduce an auxiliary domain classification task
that competes with the primary pose estimation objective.
In this setup, a domain discriminator (domain head) is
trained to distinguish between different domains, while the

1Source code is available at https://github.com/D-Doge/Domain_Head_
Placement.
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feature extractor is optimized to make such discrimination
difficult, thereby promoting the learning of domain-invariant
representations.

The training objective consists of two components. The
pose estimation loss, denoted by Lpose, is defined on labeled
source-domain samples and supervises the prediction of
object translation and rotation. This loss corresponds to the
standard 6D pose regression objective used by the underlying
fusion network.

In addition, a domain classification loss Ldomain is
applied to intermediate feature representations. The domain
discriminator (domain head) predicts a discrete domain label
indicating the origin domain of each sample (e.g., different
simulated sensors or data sources). The domain loss Ldomain
is computed for all training samples and is implemented
as a categorical cross-entropy objective. As a consequence,
domain-adversarial training requires data from at least two
distinct domains during training, such that the discriminator
can learn a meaningful decision boundary between domain-
specific feature distributions.

The overall training loss is given by

L = Lpose − λ(e)Ldomain, (1)

where λ(e) ∈ [0, λmax] controls the strength of the domain-
adversarial signal at training epoch e. In practice, the gradient
reversal layer is inserted between a feature extractor and the
domain head and acts as the identity during the forward pass.
During backpropagation, it multiplies the gradient of Ldomain
by −λ(e) before propagating it to the feature extractor,
while the domain head itself is trained to minimize Ldomain.
As a result, the feature extractor is encouraged to produce
representations that are informative for pose estimation but
uninformative with respect to the domain label.

The domain-adversarial weight λ(e) is not applied at full
strength from the start, but is instead increased gradually
during training. Specifically, λ(e) follows a linear ramp-
up schedule from 0 to a maximum value λmax over the
initial training epochs, after which it remains constant for
the remainder of training. This schedule allows the network
to first learn task-relevant pose features before progressively
enforcing domain invariance, improving optimization sta-
bility and avoiding premature suppression of discriminative
representations.

Across all experiments, the domain discriminator archi-
tecture, domain loss formulation, and the ramp-up schedule
including themaximumweight λmax remain unchanged. Only
the network location at which the domain-adversarial loss
is applied varies between configurations, as described in the
following subsection.

2) DOMAIN HEAD PLACEMENT VARIANTS
While the domain-adversarial mechanism itself is fixed, the
stage of the network at which it is applied can vary. The
central question addressed in this work is how the placement
of the domain head within a multi-modal fusion architecture

influences the learning of domain-invariant representations
and, consequently, cross-domain generalization.

We evaluate four domain head placement variants, corre-
sponding to different levels of feature abstraction. The exten-
sion of the base architecture, described in subsection II-B,
to include domain-adversarial supervision is illustrated in
Fig. 2. In the image encoder variant, the domain discriminator
is attached to image-based feature representations, encour-
aging invariance at the level of visual appearance. In the
point cloud encoder variant, the discriminator operates on
geometric features extracted from raw 3D point data. In the
fusion1 and fusion2 variants, domain-adversarial supervision
is applied at progressively later fusion stages, after image
and point cloud features have been combined into a joint
representation.

An important distinction between these placements lies in
the scope of parameters influenced by the domain-adversarial
loss during backpropagation. Gradients originating from
Ldomain propagate through all network parameters upstream
of the attachment point. Consequently, domain heads placed
at later stages in the network (e.g., fusion2) affect a larger
portion of the model, providing greater representational
capacity and processing depth over which domain-adversarial
signals can act. In contrast, earlier placements restrict
the adversarial signal to a smaller subset of parameters,
potentially limiting the extent to which domain invariance can
be achieved.

Beyond gradient scope, domain head placement also
reflects a trade-off between adaptation strength and archi-
tectural stability. Later placements may allow stronger
modification of the learned representation, while earlier
placements leave most of the network unchanged. From
a practical perspective, earlier placements may therefore
be advantageous in scenarios where models are adapted
incrementally across multiple domains or where large parts
of the backbone are frozen during retraining.

Furthermore, the relative effectiveness of different place-
ments may depend on the nature of the domain shift. For
example, when domain differences predominantly affect
geometric properties of the input, such as point density, noise
characteristics, or sensor-specific sampling patterns, one
might expect a domain head placed at the point cloud encoder
to be more effective than one attached to the image encoder.
Conversely, shifts primarily affecting visual appearance may
be better addressed at earlier image-based feature levels.
These considerations motivate our systematic evaluation of
domain head placement under controlled conditions, without
assuming that any single placement strategy is universally
optimal.

In many domain-adversarial architectures [12], the domain
classifier is attached to the final shared backbone represen-
tation, such that the reversed gradient influences most or
all upstream feature extraction layers. In contrast, this study
focuses specifically on placements within the RGB–point
cloud fusion pipeline. This choice was made because the
fusion stages constitute the part of the network where
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FIGURE 2. Schematic overview of the evaluated domain head placement variants. The base architecture described in subsection II-B is shown together
with all possible domain-adversarial head attachment points. For illustration, the fusion2 placement is highlighted as the active domain head, while all
other candidate placements are shown using dashed arrows and a less intense color. In each experiment, exactly one domain head is active and
contributes a singleLdomain term. All other placements are disabled. During training, inputs from at least two distinct source domains are used,
illustrated here as point clouds originating from different depth sensors (Point cloud A and Point cloud B), resulting in Domain A and Domain B. All
variants share the same backbone architecture and domain discriminator;only the attachment point of the domain head differs.

modality-specific features are combined into a shared repre-
sentation, making them a conceptually meaningful location
for enforcing domain invariance. Placements directly at the
task head were not considered, as features at that stage
are already strongly specialized for pose prediction and
are therefore less suitable for studying domain alignment
within the representation-learning process. In addition, the
evaluated placements were restricted to those supported by
the simplified fusion architecture used in this work.

D. TRAINING OBJECTIVE
During training, the network is supervised using a multi-
term pose estimation loss following an FFB6D-style dense
regression formulation. The total pose loss is defined as

Lpose = Lobj + Ltrans + Lrot, (2)

where Lobj denotes an objectness loss, Ltrans a translation
regression loss, and Lrot a rotation regression loss [1], [27].
No explicit weighting coefficients are applied between

these loss terms. While translation errors and rotation errors
exist on different numerical scales, the same loss formulation
is used across all experiments to ensure a consistent
comparison between domain-head placement configurations.
Consequently, the study focuses on relative performance
differences between architectural variants rather than on
optimizing the absolute balance between translation and
rotation errors.

The objectness loss Lobj supervises whether a spatial
location corresponds to a valid object instance and serves to
suppress background regions during dense pose regression.
Following [28], we implement Lobj as a focal loss applied to
dense objectness logits over the spatial prediction grid.

Let pi ∈ [0, 1] denote the predicted objectness probability
at grid cell i and yi ∈ {0, 1} the corresponding ground-truth
label, indicating object presence or background. The focal
loss is defined as

Lobj = −

∑
i

{
α(1 − pi)γ log(pi), yi = 1,
(1 − α)pγ

i log(1 − pi), yi = 0,
(3)

where α and γ are weighting and focusing parameters that
reduce the impact of easy background examples and mitigate
foreground or background class imbalance.

The translation loss Ltrans is computed using a Smooth L1
loss L∗

1 , as defined in [29] and used in [1] and [30],
on the predicted 3D translation vectors. Following the dense
regression formulation of FFB6D, translation is predicted
at each spatial location of the network’s output grid, which
corresponds to discretized locations in the input observation.

Let t̂i ∈ R3 and ti ∈ R3 denote the predicted and ground-
truth translations at grid cell i. The loss is evaluated only at
positive object locations:

Ltrans =

∑
i∈P

L∗

1

(
t̂i − ti

)
, (4)
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where P denotes the set of grid cells whose receptive
fields overlap with ground-truth object instances and L∗

1 (·)
denotes the element-wise Smooth L1 (Huber) loss, which
behaves quadratically for small residuals and linearly for
large residuals.

The rotation loss Lrot is defined as a quaternion geodesic
loss measuring the angular distance between predicted and
ground-truth rotations on SO(3). Let q̂i and qi be unit
quaternions representing the predicted and ground-truth
rotations at grid cell i. The loss is given by

Lrot =

∑
i∈P

2 arccos
(∣∣⟨q̂i,qi⟩∣∣) , (5)

where the absolute value accounts for the antipodal symmetry
of quaternion representations. This formulation is equivalent
to the rotation loss used in [1].

During evaluation, the pose loss is computed per batch
by aggregating the three loss components described above.
Losses are averaged across all evaluated batches and,
in the multi-GPU setting, across all distributed workers. The
reported pose loss therefore reflects the mean per-batch loss
over the entire evaluation dataset.

III. EXPERIMENTS
The goal of this experimental study is to systematically
analyze the effect of domain-adversarial supervision place-
ment within a multi-modal 6D pose estimation network.
Rather than proposing a new architecture or optimizing
absolute performance, we focus on isolating where gradient
reversal based domain heads are applied and how this choice
influences training stability, variance, and generalization
under sensor domain shifts.

A. EXPERIMENTAL SETUP
All experiments are conducted using the same base network
architecture and training procedure described in Section II.
To isolate the effect of domain-adversarial supervision
placement, the architecture, optimization parameters, data
preprocessing, and training schedule are kept identical across
all experimental variants. The only factor varied between
runs is the location at which a single gradient reversal based
domain head is attached.

Domain-adversarial training is realized by adding one
domain classification head at one of four predefined locations
within the network: the image encoder, the point cloud
encoder, the early fusion stage (fusion1), or the late fusion
stage (fusion2). In each experiment, exactly one domain head
is active, producing a single domain classification loss term
Ldomain that competes with the pose estimation loss Lpose.
No configurations with multiple simultaneous domain heads
are considered.

Training is performed under a multi-source domain setting,
requiring samples from at least two distinct source domains.
Importantly, no data from the target domain is used during
training, even in an unlabeled form. This experimental setup
is therefore stricter than conventional unsupervised domain

adaptation and follows the evaluation philosophy of VisDA-
style benchmarks [26], where models are trained on one or
more known source domains and evaluated on a previously
unseen target domain.

This protocol closely reflects real-world deployment
scenarios in 6D pose estimation, in which models are
trained on large-scale datasets collected with specific sensor
configurations (e.g., YCB-Video [2]), but are later applied
using different and often unknown sensor setups without the
possibility of target-domain retraining or adaptation.

To account for stochasticity in network initialization
and optimization, each experimental configuration in the
synthetic setting is trained multiple times using different
random seeds. All reported synthetic results aggregate
performance across these independent runs, allowing us to
assess both mean behavior and run-to-run variance.

B. MODEL SELECTION AND EARLY STOPPING
Model selection in this work refers specifically to
hyperparameter-free checkpoint selection, namely the choice
of the training epoch at which optimization is stopped.
Ideally, one would select the checkpoint that achieves the
lowest loss on the final target domain. However, since target-
domain data is unavailable during training, this selection
must be approximated using a separate validation domain.
Checkpoint selection is performed exclusively based on
validation-domain performance, without any access to or
feedback from the test domain. Since continued training
is expected to increasingly overfit the source training
domains, a validation domain that is not used for gradient
updates is employed exclusively for early stopping and
checkpoint selection. Final performance is then reported on
a fully unseen test domain. Early stopping is implemented
with a patience of four epochs, meaning that training is
terminated and the best-performing checkpoint is selected
if the validation-domain loss does not improve over four
consecutive epochs [31]. This strategy provides a practical
stopping criterion in the absence of target-domain feedback
and reflects realistic deployment scenarios in which neither
labeled nor unlabeled data from the final test domain is
available during training.

To account for the gradual introduction of domain-
adversarial supervision, the domain-adversarial weight λ(e)
is linearly increased from zero to its maximum value
λmax = 0.05 during the first five training epochs and
remains constant thereafter. The value of λmax was selected
empirically based on preliminary experiments and kept fixed
across all configurations to ensure a consistent comparison
between domain head placements. As losses observed during
this ramp-up phase are influenced by transient optimization
effects and do not reflect the steady-state behavior of
the domain-adversarial objective, checkpoint selection is
restricted to epochs e ≥ 5.
Restricting the search for the validation minimum to

epochs at which λ(e) = λmax ensures that selected
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checkpoints reflect the full effect of domain-adversarial
training rather than the early pose-dominated regime. Early
stopping additionally provides guidance onwhen to terminate
training in domain-adversarial setups, where the relative
strength of the domain classification loss is intentionally
introduced in a gradual manner.

1) EVALUATION METRIC
To evaluate the effectiveness of validation-domain-based
checkpoint selection, we quantify how closely the selected
checkpoint matches the optimal performance achievable on
the unseen test domain. For each training run, we compute
the difference

1 = Ltest(eval) − min
e
Ltest(e), (6)

where eval denotes the epoch selected based on the minimum
validation-domain loss, and Ltest(e) is the pose loss evaluated
on the test domain at epoch e.
This metric measures the performance gap between the

checkpoint selected using validation-domain early stopping
and the best-performing checkpoint on the test domain
that could be identified only with hindsight. A value of
1 = 0 indicates that validation-based selection successfully
identifies the optimal checkpoint for the test domain,
whereas larger values of 1 reflect increasingly suboptimal
checkpoint selection. Importantly, 1 is always non-negative
by construction.

By evaluating 1 across multiple independent runs, this
metric provides insight into the reliability of validation-
domain-based checkpoint selection under domain shift.
While minimizing 1 does not imply guaranteed optimal test-
domain performance for individual runs, consistently small
values suggest that, in the considered experimental setting,
the validation domain provides a useful empirical signal for
guiding model selection in the absence of target-domain
feedback.

C. SYNTHETIC DATASET AND EXPERIMENTAL DESIGN
For controlled analysis, we first conduct experiments on a
synthetic multi-domain dataset generated using Unity [32].
The dataset comprises four distinct sensor domains, each
providing paired RGB images, point cloud observations, and
ground-truth 6D object pose annotations. The domains differ
exclusively in the point cloud generation process, which
uses different sampling schemes while keeping the RGB
modality fixed. Across all domains, object geometry, scene
layout, pose distributions, and annotation quality are kept
identical, ensuring that performance differences arise solely
from changes in the sensing configuration.

This design introduces a single, well-defined domain shift
and allows us to focus specifically on the effect of point cloud
sensor variation. In particular, it enables targeted analysis of
whether domain-adversarial supervision placed at the image
encoder or the point cloud encoder exhibits different behavior
when only one modality undergoes domain change.

This controlled setup isolates the interaction between
domain-adversarial supervision and the affected modality,
allowing differences between domain head placements to
be studied without confounding factors. In real-world set-
tings, however, both RGB and point cloud modalities may
experience domain shifts simultaneously, which typically
increases the overall domain gap and may further complicate
adaptation. Simultaneous shifts in both modalities would
introduce multiple interacting domain factors, making it
difficult to attribute observed effects to specific architectural
components. Investigating such multi-modality domain shifts
remains an important direction for future work.

The first domain employs structured, uniform angular
sampling, acquiring points on a regular angular grid with
constant inter-beam spacing, and is used as a training
domain. The second domain relies on unstructured, stochastic
sampling, collecting points at random spatial locations to
approximate noisier or less structured sensing conditions, and
is also used as a training domain. Both training domains
contain an equal number of samples.

The third domain simulates the scan-line sampling pattern
of a Velodyne VLP-16 sensor [33] and is used as a
validation domain. The fourth domain mimics the non-
uniform, floral sampling pattern characteristic of a Livox
MID-70 sensor [34] and is used as the test domain. Neither
the validation nor the test domain is observed during
training.

To align the synthetic experiments with the scale of the
real-world datasets used in this work, we generate 15,000
training frames per source domain, resulting in a balanced
multi-source training set. For both the validation and test
domains, 2,000 frames are generated and used exclusively for
model selection and final evaluation, respectively.

An overview of the synthetic sensor domains and their
respective roles is provided in Table 1.

D. REAL-WORLD DATASET AND CROSS-SENSOR
EVALUATION
To validate whether trends observed on synthetic data transfer
to realistic conditions, we repeat the experiments on real
RGB-D datasets. Training is performed jointly on YCB-
Video [2] and YCB-Ev 1.1 [35], which constitute two
distinct source domains captured with different sensors and
acquisition pipelines. These datasets exhibit substantially
larger domain gaps than the synthetic setting, reflecting
realistic variation in sensor characteristics, noise properties,
and data distributions.

To ensure a balanced multi-source training setup,
we enforce a 50/50 split between the two source domains.
Since YCB-Ev 1.1 contains 13,851 frames in total, we sub-
sample YCB-Video to match this number of frames. This
balancing strategy prevents the domain-adversarial objective
from being dominated by a single source domain and ensures
that the domain classifier receives equally representative
supervision from both domains.
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TABLE 1. Overview of the synthetic sensor domains used in the controlled experiments. All domains share the same RGB camera configuration and differ
only in the point cloud sensor model.

Compared to the synthetic experiments, the domain shift
between YCB-Video and YCB-Ev 1.1 is more pronounced,
as it arises not only from differences in sensor hardware
but also from dataset-specific capture conditions and pre-
processing pipelines. While this larger domain gap may
make it easier for the domain classifier to distinguish
between source domains, it may also increase the risk
of training instability or over-regularization when apply-
ing domain-adversarial supervision. This setting therefore
provides a complementary perspective on the behavior of
domain head placement under realistic and challenging
conditions.

For model selection, data recorded using an Intel
RealSense camera is used as a validation domain, while
data captured with an Azure Kinect sensor serves as the
unseen test domain. Neither validation nor test domain data
is used during training. Ground-truth 6D object poses for
both domains are obtained using a marker-based annotation
procedure. Since these annotations are used exclusively for
evaluation and not for training, they do not affect the learning
process or the domain-adversarial objective.

Although both the training dataset (YCB-Ev 1.1) and
the validation dataset (Custom YCB) were recorded using
Intel RealSense sensors, the two datasets differ in lighting
conditions, scene composition, and capture setup. As a
result, the validation dataset still represents a distribution
shift relative to the training data. In our experiments,
the validation domain is used primarily for early stop-
ping and model selection rather than as a proxy for a
completely unseen sensor. The final evaluation is per-
formed on the Azure Kinect test domain, ensuring that the
reported performance remains independent of the validation
data.

In contrast to the synthetic experiments, training on real-
world data is computationally substantially more expensive.
As a result, each domain head placement configuration
is trained only once in the real-world setting. In the
synthetic experiments, by comparison, each configuration is
repeated across multiple independent runs in order to obtain
statistically robust estimates of performance. Consequently,
the real-world experiments should be interpreted primarily as
a qualitative verification of whether the trends observed in the
statistically controlled synthetic analysis also appear when
training on real sensor data. Final performance is reported
on the Azure Kinect test domain, enabling an assessment
of cross-sensor generalization under realistic deployment
conditions.

An overview of the real-world datasets, sensor domains,
and their respective roles is provided in Table 2.2

E. EVALUATION METRICS
Our primary evaluation metric is the aggregated pose loss
Lpose(defined in subsection II-D). Using the pose loss as
the evaluation metric ensures direct consistency between the
optimization objective and reported performance, and avoids
metric-dependent bias when comparing different domain
head placement variants. The domain classification loss is
excluded, as it serves solely as a regularization signal during
training and does not correspond to task performance.

Overall, focusing on the aggregated pose loss provides
a stable and objective measure for comparing domain head
placement strategies across different datasets and domain
shifts, while remaining directly aligned with the network’s
training objective.

IV. RESULTS
This section presents the empirical results of our domain-
adversarial adaptation study. We first report results obtained
on the synthetic multi-domain dataset, where multiple train-
ing runs per configuration enable quantitative comparison
between domain head placement variants under controlled
conditions. We then report results on real-world cross-sensor
data, which qualitatively assess whether trends observed in
the synthetic setting persist under realistic domain shifts.
Reported results are interpreted in light of the observed
variability across training runs.

A. SYNTHETIC DATASET RESULTS
This subsection presents the experimental results obtained on
the synthetic multi-domain dataset, which enables controlled
evaluation of domain-adversarial supervision placement
under reproducible sensor variations. The synthetic setting
allows multiple independent training runs per configuration,
facilitating a statistically grounded analysis of performance
differences between domain head placements. We first
describe the statistical evaluation protocol used for the
synthetic experiments, followed by a quantitative comparison
of the resulting pose estimation performance.

1) STATISTICAL ANALYSIS PROTOCOL
To assess the robustness of observed performance differences
between domain head placement variants, we employ explicit

2The dataset is available at https://www.kaggle.com/datasets/tobiasrwu/
azure-kinect-and-realsense-rgb-d-pose-dataset
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TABLE 2. Overview of real-world datasets and sensor domains used for cross-sensor evaluation.

statistical analysis for experiments conducted on the syn-
thetic dataset by conducting multiple independent runs per
configuration and evaluating performance using confidence
intervals and hypothesis testing Owing to the substantially
higher computational cost of real-world training, statistical
testing is limited to the synthetic setting, where multiple
independent runs per configuration are available.

For synthetic experiments, each domain head placement is
trained multiple times using different random seeds. For each
run, the pose lossLpose on the unseen test domain is recorded.
Reported performance values correspond to the mean pose
loss across runs, accompanied by measures of dispersion to
quantify run-to-run variability. Since the goal of this study is
to compare the relative effects of architectural design choices
rather than to report absolute pose estimation accuracy,
the training objective itself serves as a task-consistent and
unbiased evaluation metric.

To compare domain head placement variants, we perform
pairwise statistical tests on the synthetic results usingWelch’s
t-test [36] for independent (unpaired) samples. All statistical
tests are conducted at a significance level of α = 0.05.
Confidence intervals are reported at the 95% level to

convey the uncertainty associated with estimated mean
differences. Importantly, absence of statistical significance is
interpreted as lack of evidence for a systematic performance
difference, rather than evidence of equivalence between
configurations.

Overall, this statistical methodology is designed to char-
acterize run-to-run variability and to support cautious inter-
pretation of performance differences arising from stochastic
training effects.

2) QUANTITATIVE RESULTS
To quantitatively assess whether these differences are sta-
tistically meaningful, we perform pairwise Welch’s t-tests
on the synthetic results (Table 3). No comparison, between
two domain head positions, reaches statistical significance
at the α = 0.05 level. In particular, although the
mean difference between the image encoder and point
cloud encoder placements is relatively large with 0.896 the
corresponding p-value is 0.076 ≥ α and the associated
95% confidence interval includes zero; consequently, the null
hypothesis cannot be rejected. Overall, these results indicate
that run-to-run variability dominates the effect of domain
head placement in the controlled synthetic setting.

Fig. 3 summarizes the distribution of pose lossLpose across
multiple training runs for each domain head placement on

the synthetic dataset. Each box represents the median and
interquartile range, while individual points indicate results
from independent training runs; diamonds denote the mean
pose loss for each configuration. For reference, the purple
dashed line indicates the performance of the base network
architecture described in subsection II-B, trained exclusively
on the training domains and evaluated on the target domain,
representing a baseline for poor generalization. In contrast,
the teal dash-dotted line corresponds to the performance
of the same base network when trained directly on the
test domain, serving as an oracle reference for favorable
performance.

Fig. 3 summarizes the distribution of pose loss across
multiple training runs for each domain head placement on
the synthetic dataset. Each box represents the median and
interquartile range, while individual points indicate results
from independent training runs. The purple dashed line
indicates the performance of the base network architecture
described in subsection II-B, trained exclusively on the
training domains and evaluated on the target domain, and is
included solely as a reference baseline. The teal dash-dotted
line corresponds to the performance of the same base network
when trained directly on the test domain and serves as an
oracle reference for favorable performance.

Both reference runs are provided for contextual compari-
son only, as repeating these training regimes multiple times
for inclusion in the statistical analysis would be computa-
tionally prohibitive. Most domain-adversarial configurations
outperform the baseline without a domain head. However,
individual runs occasionally underperform, which may be
attributable to stochastic training effects or suboptimal
checkpoint selection. The majority of runs lie between the
baseline and oracle references, while several runs approach
oracle-level performance, with one configuration (fusion2)
even exceeding the oracle reference in a single run. At the
same time, fusion2 also exhibits runs that perform worse
than the baseline, highlighting that while domain-adversarial
training can substantially improve cross-domain adaptation,
performance variance remains a significant factor.

Across all placements, we observe substantial run-to-run
variability and considerable overlap between distributions.
While differences in mean pose loss are visible, particularly
between the image encoder and point cloud encoder place-
ments, these differences are small relative to the observed
variance. The point cloud encoder placement exhibits the
lowest mean pose loss and the smallest variability, whereas
the image encoder placement shows a higher mean loss.
Fusion-based placements exhibit larger variance, though
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TABLE 3. Pairwise Welch’s t-test results between domain head placements on the synthetic dataset.

FIGURE 3. Distribution of pose loss Lpose across multiple training runs
on the synthetic dataset. Boxes indicate the median and interquartile
range, dots represent individual runs, and diamonds denote the mean.
The purple dashed and teal dash-dotted lines correspond to baseline and
oracle references, respectively (see subsubsection IV-A2).

these observations should be interpreted cautiously due to
the smaller number of runs. Taken together, these results
provide no statistical evidence that any particular domain
head placement yields systematically better performance
than the others. Rather, all evaluated placements appear to
be viable design choices within the studied architecture.
The broader implications of this finding are discussed in
Section V.

B. REAL-WORLD CROSS-SENSOR RESULTS
For real-world experiments, each configuration is trained
once due to computational constraints. Consequently, no sta-
tistical hypothesis testing is performed for real-world results.
These experiments are instead used to qualitatively assess
whether trends observed in the synthetic setting persist under
realistic cross-sensor domain shifts.

Table 4 reports the pose loss Lpose on the validation and
test domains for each domain head placement in the real-
world cross-sensor setting. Across all domain-adversarial
configurations, differences in pose loss on the Azure Kinect
test domain are small. The relative ordering of domain head
placements broadly mirrors trends observed in the synthetic
experiments, with point cloud encoder and fusion-based
placements yielding slightly lower test loss than the image
encoder placement. However, given that each configuration
is evaluated using a single training run, these differences
should be interpreted qualitatively rather than as statistically
meaningful.

For reference, we additionally report results obtained with-
out domain-adversarial training. Interestingly, this baseline
achieves test-domain performance comparable to that of the
domain-adversarial configurations. This contrasts with the

synthetic experiments, where domain-adversarial supervision
consistently improved cross-domain generalization. One
possible explanation is that the real-world sensor gap between
training and test domains is substantially larger and more
heterogeneous than the synthetic domain shifts considered
earlier. Under such conditions, the domain discriminator
may be able to reliably identify the domain based on low-
level sensor-specific cues, making it difficult for the feature
extractor to learn a truly domain-invariant representation.

In this regime, adversarial training may therefore provide
limited benefit, as the optimization pressure induced by the
domain loss can be satisfied by emphasizing sensor-specific
characteristics rather than suppressing them. As a result, the
network may effectively prioritize task performance over
domain invariance, leading to similar outcomes with and
without domain-adversarial supervision. We emphasize that
this interpretation is speculative and not directly validated
in the present study, but it is consistent with known failure
modes of domain-adversarial learning under large or complex
domain shifts.

Interestingly, pose loss on the test domain is consistently
lower than on the validation domain across all configura-
tions. This suggests that validation-domain-based checkpoint
selection yields reasonable generalization to an unseen
target sensor, even when absolute loss levels differ between
domains. Overall, the real-world experiments indicate that
while domain-adversarial training does not degrade perfor-
mance under realistic sensor shifts. However, its effectiveness
appears less pronounced when the underlying domain gap
is large. Since each configuration is trained only once in
the real-world setting due to computational constraints, this
observation should be interpreted cautiously, as the run-to-
run variability observed in the synthetic experimentsmay also
influence the real-world results.

TABLE 4. Pose loss Lpose on validation and test domains for real-world
cross-sensor experiments. Lower values indicate better performance.

C. VALIDATION DOMAIN CHECKPOINT SELECTION
ANALYSIS
In addition to comparing final pose loss values, we ana-
lyze the effectiveness of the validation-domain-based
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checkpoint selection and early stopping protocol described
in subsection III-B in terms of its ability to yield reasonable
performance on the unseen test domain. Specifically, for
each training run on the synthetic dataset, we compute the
performance gap 1 as defined in subsubsection III-B1.
Fig. 4 visualizes the distribution of 1 across all runs.

The median gap is 1 = 0.35, with an interquartile range
of [0.08, 1.238], indicating that validation-domain early
stopping typically yields small selection gaps. While several
runs exhibit near-zero gaps, a small number of runs show
substantially larger deviations. This behavior is expected
under domain shift, where validation and test losses are not
perfectly correlated, and highlights the impact of stochastic
training effects on checkpoint selection.

Fig. 5 shows an example training run, illustrating the
pose loss Lpose curves on the validation and unseen test
domains and the resulting checkpoint selection based on
validation-domain early stopping. The pose loss curves on
both domains are noisy and do not decrease monotonically,
as the network is not trained on either the validation or test
domain. As training progresses, the model increasingly over-
fits the source training domains, while domain-adversarial
supervision can counteract this effect only within a limited
training window. Importantly, despite differences in absolute
loss scale, the validation and test domain losses exhibit a
clear temporal correlation, which is essential for using the
validation domain as a proxy for checkpoint selection. The
consistently higher loss observed on the validation domain
suggests a more challenging domain shift or lower data
quality; however, this does not affect the selection procedure,
as checkpoint selection relies on relative trends rather than
absolute performance.

Overall, these results suggest that validation domain-based
checkpoint selection provides a reasonable and practically
viable strategy for model selection in the absence of target-
domain data. Although it does not guarantee optimal test
domain performance for every run, it avoids systematic
failure and yields near-optimal checkpoints on average.

FIGURE 4. Distribution of validation–test checkpoint selection gaps 1 on
the synthetic dataset. Points denote individual runs. Lower values
correspond to better validation-based checkpoint selection.

FIGURE 5. Example pose loss Lpose curves on the validation domain
(blue) and unseen test domain (orange) for a run with the domain head
placed at the image encoder. The checkpoint selected via
validation-domain early stopping at epoch 13 (red) yields a test-domain
loss of 2.004, whereas the minimum test-domain loss over all epochs is
1.569 (green), resulting in a selection gap of 1 = 0.435.

D. SUMMARY OF FINDINGS
Across both synthetic and real-world experiments, we
observe that the placement of gradient reversal-based domain
heads has a highly variable effect on 6D pose estimation per-
formance. In the controlled synthetic setting, where multiple
independent runs per configuration enable statistical analysis,
performance differences between domain head placements
are dominated by run-to-run variability. No placement yields
a statistically significant improvement in mean pose loss over
the others, and confidence intervals show substantial overlap
across all configurations.

While a weak trend toward lower mean loss and reduced
variance is observed when placing the domain head at
the point cloud encoder, this behavior is not statistically
significant and is consistent with the experimental design,
in which only the point cloud modality undergoes domain
shift. Fusion-based placements exhibit comparable perfor-
mance but higher variability, particularly when fewer runs are
available.

Real-world cross-sensor experiments, conducted under
substantially larger domain shifts and limited to single train-
ing runs per configuration, show small absolute differences
in pose loss Lpose between domain head placements. The
relative ordering of configurations broadly aligns with trends
observed in the synthetic experiments, though these results
are interpreted qualitatively due to the absence of statistical
replication.

While the synthetic experiments introduce controlled
domain shifts, the real-world experiments involve substan-
tially larger sensor differences and therefore represent a
more challenging adaptation scenario. Despite this increased
domain gap, the qualitative trends regarding domain-head
placement remain consistent with the synthetic analysis, with
no clear performance advantage for any specific attachment
point. In the real-world experiments, performance differences
between configurations with and without domain-adversarial
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supervision remain relatively small, and models trained
without explicit domain alignment achieve comparable pose
loss in our experiments. This observation suggests that, under
the substantially larger and more heterogeneous sensor shifts
encountered in real data, adversarial feature alignment alone
may not always be sufficient to induce strongly sensor-
invariant representations, particularly when low-level sensor
characteristics remain highly discriminative.

Finally, analysis of validation domain-based checkpoint
selection indicates that early stopping on a held-out validation
domain provides a reasonable model selection strategy in
the absence of target domain data. Although this approach
does not consistently identify the test-optimal checkpoint for
every run, it avoids systematic failure and yields near-optimal
performance on average.

Taken together, these findings suggest that, within the stud-
ied architecture and training regime, domain head placement
alone is not a dominant factor in cross-sensor generalization.
Instead, stochastic variation and dataset-specific factors
play a larger role, underscoring the importance of multi-
run evaluation and cautious interpretation when studying
domain-adversarial adaptation strategies.

The experiments in this work were conducted using a
simplified bidirectional RGB–point cloud fusion architecture
in order to enable extensive multi-seed evaluations. While
this raises the question of whether the observed trends
generalize to more complex models, the results suggest that
the precise placement of the domain head within the fusion
pipeline has only a limited impact on adaptation performance.
One possible explanation is that adversarial supervision
primarily influences the global feature distribution rather
than individual architectural stages. In multi-modal fusion
architectures such as the one studied here, features from
different modalities are repeatedly combined across multiple
layers. As a result, domain-invariant signals introduced at one
stage may propagate through subsequent fusion operations,
reducing the impact of the exact insertion point of the gradient
reversal layer.
In addition, large domain gaps, particularly in the real-world
experiments, may limit the ability of adversarial alignment
to fully bridge differences in sensor characteristics. In such
cases, the discriminator may primarily learn to separate
domains based on low-level sensor artifacts that are difficult
to suppress without also removing task-relevant information.
This may help explain why adversarial supervision does
not consistently improve performance under large sensor
shifts. If this interpretation holds, the relative insensitivity
to placement may persist in more complex architectures that
employ comparable modality-fusion strategies. Nevertheless,
confirming this hypothesis for deeper or more specialized
architectures remains an important direction for future work.

From a practical perspective, the absence of statistically
significant performance differences between domain head
placements suggests that earlier attachment points in the
network may be preferable. Placing the domain head closer
to the input affects a smaller subset of network parameters,

which can reduce the computational cost of adversarial
training and limit the extent of gradient propagation through
the backbone. Moreover, enforcing domain invariance at
earlier feature stages may be advantageous in incremental
adaptation scenarios, where large portions of the network
are frozen when adapting to new sensors. Earlier placements
can also improve architectural modularity, as the domain-
adversarial component can be integrated as a relatively
self-contained module that interacts with a limited portion
of the network. This may simplify experimentation and
facilitate the reuse of pretrained backbone components
when adapting models across different sensor configurations.
While these potential benefits are not directly evaluated in
the present study, they follow naturally from the observed
performance equivalence across placements and highlight a
pragmatic design consideration for future domain-adversarial
architectures.

V. CONCLUSION
In this work, we conducted a systematic empirical study
of domain-adversarial training for cross-sensor 6D pose
estimation, with a specific focus on the placement of
gradient reversal-based domain heads within a multi-modal
RGB–point cloud fusion network. Rather than proposing
a new architecture, our goal was to rigorously evaluate
whether the location at which domain-adversarial supervision
is applied has a measurable and reliable impact on generaliza-
tion under sensor-induced domain shifts.

Across controlled synthetic experiments with multiple
independent training runs, we find that differences between
domain head placements are dominated by run-to-run
variability. While weak trends are observed, most notably a
tendency toward lower mean loss when applying the domain
head at the point cloud encoder, none of the evaluated
placements yields a statistically significant improvement over
the others. These findings highlight the importance of multi-
seed evaluation when studying architectural design choices
in domain-adversarial learning, as single-run results can be
misleading.

Experiments on real-world RGB-D datasets with sub-
stantially larger domain gaps show similarly small absolute
differences between placements. Although these results
are limited to single training runs due to computational
constraints and are therefore interpreted qualitatively, their
relative ordering broadly aligns with trends observed in the
synthetic setting. Importantly, real-world results further indi-
cate that domain-adversarial training does not consistently
improve performance over a baseline without adversarial
supervision, suggesting that adversarial alignment alone may
be insufficient under large or heterogeneous sensor shifts.
Together, these results suggest that domain head placement
alone is not a dominant factor in cross-sensor generalization
within the studied architecture and training regime.

A further consideration concerns the architectural simpli-
fication applied to the original FFB6D network. To make
the multi-seed experiments computationally tractable,
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we removed some of the deeper recursive fusion pathways
while preserving the overall bidirectional RGB–point cloud
fusion structure. This simplification enabled the repeated
training runs required to quantify run-to-run variability.
However, it is possible that deeper or more complex
fusion architectures could interact differently with domain-
adversarial supervision, potentially amplifying differences
between placement strategies. Evaluating whether domain-
head placement behaves differently in larger or more complex
fusion architectures therefore represents an interesting
direction for future work.

In addition, we evaluated validation domain-based check-
point selection as a practical model selection strategy under
unknown target domains. Our analysis indicates that early
stopping on a held-out validation domain yields near-optimal
target-domain performance on average, despite occasional
mismatches. This supports the use of validation domain
model selection in realistic deployment scenarios where no
target-domain data is available during training.

Overall, our results indicate that while domain-adversarial
training remains a viable tool for promoting domain-invariant
representations, its practical effectiveness is highly context-
dependent and sensitive to stochastic variation, domain
gap magnitude, and dataset-specific factors. In particular,
differences between domain head placement variants are
often dominated by run-to-run variability.

The observed run-to-run variability also has implications
for how domain-adversarial methods should be evalu-
ated. Our experiments show that performance differences
between domain-head placements are often smaller than
the variance introduced by stochastic training effects. As a
result, reporting results from a single training run may
lead to misleading conclusions about the effectiveness of
architectural modifications. We therefore recommend that
future studies report results over multiple random seeds and
include measures of variability such as standard deviations or
confidence intervals. While multi-seed experiments increase
computational cost, they provide a more reliable estimate of
expected model performance and reduce the risk of over-
interpreting noise-driven improvements.

Beyond the specific architectural question studied in this
work, the evaluation procedure used here may also provide
a useful methodological template for analyzing architectural
micro-choices in domain-adaptive perception systems. In par-
ticular, the use of datasets with controlled domain shifts
allows individual architectural modifications to be studied in
relative isolation. By varying specific sensor characteristics
while keeping scenes and annotations consistent, it becomes
easier to attribute observed performance differences to
architectural factors rather than uncontrolled variations in the
data distribution.

At the same time, the datasets used in this study represent
only a limited subset of possible domain shifts. Real-world
perception systems may encounter additional variations such
as illumination changes, environmental dynamics, or sensor-
specific noise characteristics. Consequently, a comprehensive

benchmark for evaluating architectural design choices in
domain adaptation would ideally include a broader range
of domain shifts and sensing configurations. The evaluation
framework used in this study can therefore be viewed as
a starting point for such analyses rather than a complete
benchmark.

Future work should therefore explore complementary
strategies that address sensor-induced domain shift beyond
the placement of adversarial supervision. One promising
direction is the development of fusion mechanisms that more
explicitly account for cross-modal and cross-sensor discrep-
ancies, for example through learned alignment modules,
sensor-aware normalization, or intermediate representations
that reduce sensor-specific variability prior to fusion.

In addition, adaptation-efficient training protocols repre-
sent an important avenue for further investigation. Since
earlier domain head placements interact with a smaller
subset of network parameters, they may offer advantages
in scenarios where models are adapted incrementally as
new sensor data becomes available. Systematic studies of
such incremental or continual adaptation settings could help
clarify whether architectural choices influence retraining cost
or stability.

More broadly, our findings suggest that domain head
placement is not a dominant factor for final cross-sensor
performance within the studied architecture. This observation
implies that placement decisions can be guided by practical
considerations, such as modularity or computational con-
straints, rather than expected accuracy gains alone. While
these aspects are not explicitly evaluated in the present work,
they point to potential directions for designing more flexible
adaptation pipelines.

From a practical design perspective, the observed perfor-
mance equivalence across domain head placements suggests
that earlier attachment points in the network may be
preferable. Placing the domain head closer to the input
affects a smaller subset of parameters and limits the extent of
adversarial gradient propagation, which can reduce computa-
tional overhead during training. Moreover, enforcing domain
invariance at earlier feature stages may be advantageous
in incremental adaptation scenarios, where large portions
of the backbone are frozen when adapting to new sensors.
While these potential benefits are not explicitly evaluated in
the present study, they follow naturally from the empirical
finding that later domain head placements do not yield
systematic accuracy gains.

Finally, while this study deliberately isolates a single
domain-adversarial head to enable controlled comparison,
future work may consider combining adversarial supervision
with complementary adaptation strategies, such as sensor-
aware normalization schemes, explicit feature alignment
modules, or consistency-based objectives. In practical adap-
tation pipelines, these mechanisms are often used together to
address different aspects of the domain gap. The stochastic
variability observed in our experiments suggests that careful
evaluation becomes particularly important when multiple
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adaptation components interact, as small architectural or
training modifications may otherwise lead to differences
that fall within the variance introduced by stochastic opti-
mization. To ensure reproducibility, future studies combining
domain-adversarial supervision with additional adaptation
mechanisms should therefore evaluate configurations across
multiple random seeds and report measures of variability such
as standard deviations or confidence intervals. Investigating
how such complementary strategies interact with multi-
modal fusion architecturesmay ultimately lead tomore robust
cross-sensor adaptation pipelines than adversarial training in
isolation.
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