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Abstract—Deploying indoor localization systems across real-
world environments fails not because models lack accuracy, but
because they are brittle — trained for one floor plan, one
anchor layout, one signal profile. We present Domain Aware
Generalized Transformer based Localization (DAG-TransLoc)
that addresses this fundamental deployment gap by jointly
handling domain shifts and variable anchor configurations within
a single unified architecture. The model uses self-attention to
fuse multi-anchor CIR features with a masking mechanism that
gracefully handles missing or variable anchors — eliminating
the need for architectural changes across deployments. To learn
representations that survive environment changes, we introduce
feature decoupling with domain-aware attention, separating in-
variant propagation characteristics from environment-specific
ones. A ray-tracing-based pipeline using Sionna and WiSegRT
enables systematic evaluation across geometry, anchor density,
and receiver sampling variations. Under moderate domain shifts,
the framework achieves up to 98.3% accuracy within 1m, with
RMSE as low as 0.275m, and under challenging combined BS and
geometry shifts, it achieves 95.8% accuracy at 0.493m RMSE.
Performance is strongly governed by training-target domain
compatibility; complementary domain combinations generalize
well, while highly heterogeneous or mismatched combinations
can substantially degrade accuracy, underscoring that domain-
aware training composition, not diversity alone, is key to robust
generalization.

Index Terms—Indoor localization, Positioning, Transformer,
Domain generalization, CIR, RSRP.

I. INTRODUCTION

Accurate indoor localization is a key enabler for applications
such as smart buildings, robotics, augmented reality, and next-
generation wireless systems. However, unlike outdoor environ-
ments where GPS is reliable, indoor localization must contend
with severe multipath propagation, signal attenuation, and
non-line-of-sight (NLoS) conditions [1]. These challenges are
particularly pronounced in sub-6 GHz bands (e.g., 2.4 GHz),
where richer multipath and stronger penetration produce
highly environment-dependent channel characteristics, making
learned models difficult to transfer across deployments. In
practice, real-world deployments exhibit substantial variability
in environmental geometry, anchor density, and receiver sam-
pling, leading to significant domain shifts that severely degrade
model performance.!

Tn this work, domain shift is instantiated as geometry, anchor-density, and
receiver-sampling variation within a single physical environment; extending
evaluation to distinct buildings or scenes is discussed as future work in
Section VIL.

While deep learning-based approaches have significantly
improved localization accuracy by learning complex mappings
from wireless signals such as CSI, CIR, and ToA [2]-[4],
they each address only a subset of the challenges in real
deployments. Transformer-based models such as Swin-Loc [5]
improve multi-anchor feature fusion through attention mecha-
nisms but assume a fixed environment and anchor layout. Do-
main generalization methods address environment variability
through feature disentanglement [6], [7] or adversarial align-
ment [8], [9], but are evaluated under single-anchor or fixed-
anchor settings. Domain-aware attention has been explored for
single-anchor UWB localization [10], demonstrating its utility
for cross-environment transfer, but does not address variable
anchor configurations or multi-anchor fusion. To the best of
our knowledge, no existing work jointly handles environment
shifts, variable anchor counts, and receiver distribution shifts
within a single architecture.

To this end, we propose DAG-TransLoc, a transformer-
based indoor localization framework specially designed to
eliminate trade-off between generalization and flexibility. The
model leverages self-attention to capture inter-anchor relation-
ships while employing a masking mechanism to support a
variable number of anchors. In addition, we construct a ray-
tracing-based cross-domain evaluation setup using Sionna [11]
and WiSegRT [12]. The main contributions of this work are
summarized as follows:

e We propose DAG-TransLoc, a transformer-based indoor
localization framework for domain generalization that
jointly addresses geometry, anchor density, and receiver
distribution shifts in sub-6 GHz environments.

o We introduce a masking-based multi-anchor fusion mech-
anism with domain-aware attention for robust localization
under heterogeneous deployment configurations and vary-
ing anchor availability.

+ We develop a ray-tracing-driven evaluation framework to
generate controlled cross-domain scenarios and systemat-
ically analyze generalization performance under realistic
wireless propagation conditions.

The remainder of this paper is organized as follows. Sections
IT and IIT describe the system model and dataset generation
process. Section IV presents the proposed DAG-TransLoc
framework, while Section V discusses the training strategy.
Experimental results are presented in Section VI, followed by
the conclusion in Section VII.



II. SYSTEM MODEL

We consider an indoor wireless localization scenario where
multiple anchors are deployed within a structured environment,
and we estimate the 2D position of a receiver based on
observed wireless channel characteristics.

A. Environment and Propagation Model

The indoor environment is modeled using realistic geomet-
ric layouts derived from the WiSegRT dataset [12], where each
scene is represented using XML-based descriptions containing
structural elements and objects. Wireless propagation is simu-
lated using the Sionna RT ray-tracing framework [11], which
models line-of-sight (LoS), reflection, diffraction, and scat-
tering to capture complex multipath interactions between an-
chor-receiver pairs. Sionna RT enables reproducible geometry-
consistent domain variations, while WiSegRT provides realis-
tic XML-based scene descriptions.

The system operates at a carrier frequency of 2.4 GHz.
Both anchors and receivers are modeled using planar antenna
configurations, where anchors employ vertically polarized
dipole antennas and receivers use isotropic antennas with
cross-polarization. Multipath propagation is computed up to
a maximum depth of 4, ensuring accurate modeling of higher-
order interactions.

B. Channel Model and Feature Representation

For a given anchor-receiver pair, the wireless channel is
modeled as a multipath channel impulse response (CIR) [13]:

K
h(t) = apd(t— ) (1)
k=1

where a; € C and 7 denote the complex gain and propagation
delay of the k-th path, respectively, and K is the number
of multipath components. Since the number of multipath
components varies across links, the CIR is converted into
a fixed-dimensional representation. The ray-tracing process
P = {(ak, 1)}, is discretized as:

K Tk 1
k=1

where AT = Ti,ax/L is the delay resolution, L = 256 is the
number of delay bins, and 1(-) is the indicator function. The
maximum delay window T}, .« is estimated using a percentile-
based approach to retain the majority of multipath energy
while avoiding excessive sparsity. This discretized representa-
tion ensures consistent input dimensionality across all samples
and enables efficient neural network processing.

Assuming that the system consists B anchors, the CIRs
from all anchors corresponding to a receiver location are
aggregated as X; € CPB*L where each row corresponds to
one anchor-receiver link. In addition to CIR, received signal
strength (RSRP) is computed as:

L
RSRP = 10log; ( Y |h[n]|? 3)

n=1

which provides a coarse measure of signal power and comple-
ments the detailed multipath structure captured by the CIR.

III. DATASET GENERATION

To enable domain generalization evaluation, we utilize
Scene 5 from the WiSegRT dataset [12], which represents an
indoor environment of approximately 6 m x 4m x 2.4m.The
scene contains diverse objects’ which create rich multipath
propagation characteristics.

To study domain generalization, each dataset variant is
treated as a separate domain associated with a distinct joint
distribution P;(X,y), where X represents the multi-anchor
wireless input composed of CIR and auxiliary signal features,
and y denotes the receiver location. Multiple domains are con-
structed by varying environmental geometry, anchor density,
and receiver sampling using the Sionna RT simulation frame-
work [11]. Depending on the experimental setting, different
subsets of these domains are designated as source domains
{D!}X+ and unseen target domains D; for evaluating cross-
domain generalization performance.

Environmental variations are created by editing the XML-
based scene description to remove selected objects. In some
variants, large objects such as cupboards and tables are re-
moved, while in others, smaller objects such as televisions and
lamps are eliminated. These modifications alter the multipath
environment and simulate realistic changes in indoor layouts.

Anchor density variations reflect practical deployment con-
straints. While the original scene contains 7' = 18 anchors,
reduced configurations with 7' = 10 and 7" = 8 anchors are
generated. To construct reduced anchor sets while preserving
spatial coverage, structured selection strategies are employed
instead of random sub-sampling. First, a greedy max-min
distance selection strategy iteratively selects anchors that
maximize the minimum distance to already selected anchors,
ensuring maximal spatial spread. Additionally, a grid-based
strategy partitions the deployment area into spatial cells with
at most one anchor per cell, preventing clustering and ensuring
uniform coverage. These strategies maintain sufficient spatial
diversity essential for reliable localization and enable system-
atic analysis of anchor density effects on model generalization.
Receiver sampling variations modify the spatial grid interval
from 0.2 m to 0.25 m, creating different spatial distributions
of receiver positions.

A. Dataset Domain Analysis/Domain Characterization

To verify that the constructed domains represent meaningful
variations, we analyze statistical differences across the gener-
ated datasets.

Environmental Geometry: Fig. 1, Fig. 2, and Fig. 3 show
the effect of object removal on multipath propagation. The
modified environment (D,,3) exhibits a stronger dominant LoS
component and reduced energy in later delay taps, reflecting

2The scene contains both wall-touching and centrally placed objects,
including large and small cabinets, curtains, windows, a central chair-table
setup, and a television unit with a lamp, creating both LoS and NLoS
propagation conditions.
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Fig. 1: Average power delay profile (PDP) for the original and
modified (D,3) environments.
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Fig. 2: LoS power ratio distribution for the original and
modified environments.

weaker secondary reflections. This is further supported by
a higher LoS power ratio (Fig. 2) and a reduced delay
spread (peak ~22 vs. 28 taps), indicating loss of late-arriving
paths. These changes confirm that geometry modifications
significantly alter propagation characteristics.

Anchor Density: Figures 4 and 5 analyze the effect of
reducing anchor density (18 to 10). The 10anchor configu-
ration produces a more concentrated RSRP distribution due to
increased average link distances, whereas 18 anchor exhibits
greater variability. Coverage analysis shows that while both
configurations maintain high connectivity at low thresholds
(~93%), performance diverges at stricter thresholds, where
10 anchor degrades more rapidly. This indicates that reduced
anchor density not only limits anchor availability but also
increases sensitivity to signal quality constraints, forming a
distinct domain shift.

Receiver Sampling Distribution: Figure 6 shows that chan-
nel variability distributions remain nearly identical across grid
spacings (0.15m, 0.20 m, 0.25 m). This confirms that receiver
variation represents a pure spatial distribution shift, with no
change in underlying propagation statistics.

IV. PROPOSED METHOD

We propose a transformer-based framework for domain-
generalized indoor localization that supports variable anchor
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Fig. 3: Delay spread distribution for the original and modified
environments.
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Fig. 4: RSRP distribution for 18 anchor and 10 anchor config-
urations under identical scene geometry.

configurations. The overall pipeline is illustrated in Fig. 7.
Given wireless channel measurements, the objective is to
estimate the receiver’s coordinates while learning feature rep-
resentations that remain robust to domain shifts. As shown in
Fig. 7, the framework consists of four components: feature
representation, transformer-based multi-anchor fusion, feature
decoupling, and domain-aware attention, followed by a regres-
sion head.

A. Feature Representation

As depicted in the leftmost block of Fig. 7, each anchor
provides both CIR and RSRP measurements. For the i-th
anchor, the CIR x; € C'*L is processed using a 1D CNN
fFR = CNNcr(x;) € RYX4er. The corresponding RSRP
measurement for the ¢-th anchor is lifted into a higher dimen-
sional embedding via a shallow MLP f*** = MLP(r;),r; €
R, fa* € R1¥dax This nonlinear projection allows the model
to learn expressive representations of signal strength beyond a
simple linear scaling. The extracted features are concatenated
and projected into a shared space:

zi = WSTR[, 2 € RV model 4)

These representations form per-anchor tokens, as shown in

the Token Formation stage of Fig. 7.
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Fig. 6: Channel variability distribution across receiver grid

spacings of 0.15m, 0.20m, and 0.25 m.

B. Transformer-Based Multi-Anchor Fusion

To incorporate spatial geometry, anchor coordinates b; €
R1%3 are encoded and added to the feature tokens:

7 =2z; + Wpb;, #; € R Xdmodel (5)

As illustrated in the Multi-anchor Fusion block of Fig. 7,
the tokens are processed using a transformer encoder [14].
To support varying numbers of anchors, inputs are padded to
Brax and a binary mask m is used to ignore invalid entries.
A CLS token aggregates global information:

J,m) (6)

This enables the model to capture inter-anchor relationships
while remaining robust to varying deployment configurations.
The CLS token is initialized as a learned parameter z.s €
R1Xdmodet with zeros and optimized jointly during training.

h = Transformer([zs, Z1, - . -

C. Feature Decoupling

Following the transformer encoder, the global feature repre-
sentation h is decomposed into domain-invariant and domain-
specific components ziyy = finy(h), Zgee = fopec(h) Where
fine(+) and fopec(+) are implemented as two independent mul-
tilayer perceptron (MLP) projection heads, each consisting
of stacked linear layers with nonlinear activations. These
projection networks transform the shared transformer embed-
ding into separate feature subspaces, enabling complementary

representations while preserving the expressive capacity of
the transformer features. Finally, both embeddings are /5-
normalized to stabilize optimization and encourage structured
feature learning in the latent space.

D. Domain-Aware Attention and Regression Head

Although domain-invariant features promote generalization,
relying solely on them may discard useful environment-
specific information. To address this, we introduce a domain-
aware attention mechanism that incorporates domain context
in a controlled manner (see Fig. 7). For each domain d, a
prototype is computed from domain-specific features, where
|Dg4| denotes the number of samples in domain d:

1 A
Pi = 5 > 2, (7)
d 1€Dy

This prototype captures characteristic propagation patterns
of the domain. We then compute attention between invariant
features and the domain prototype using learnable projections:

Qi =Wopa, ki=Wgz) v, =Wyz) (8)

The attention scores are given by

sz dd

, Q=
VD

exp(s;)

25 exp(s;)

(€))

S; =

Using these weights, a domain context vector is obtained
cq = »_,; a;v;. Finally, the invariant feature is adaptively fused
with the domain context using a gating mechanism:

g = (Wylzhlled) . 2" = g0zl +(1-gi)oca (10)

At inference time, domain labels are unavailable; therefore,
the batch-level mean of domain-specific features is used as a
pseudo-prototype?, allowing the attention mechanism to adapt
to the target distribution without explicit supervision.

Finally, as shown in the rightmost block of Fig. 7, the refined
representation z*" is passed through a fully connected regres-
sion network to predict the receiver coordinates y = freq(2™")
where § € R1*2 denotes the estimated position.

V. TRAINING STRATEGY

We train the proposed model to achieve both accurate local-
ization and robustness across domains. This is accomplished
using a balanced multi-domain training scheme and a combi-
nation of localization and domain generalization objectives.

3This construction assumes batch-level domain homogeneity; for a single
query or a domain-mixed batch, the pseudo-prototype reduces to a less-
informative global average. Adaptive prototype estimation independent of
batch composition is left to future work.
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Fig. 7: Overview of the proposed transformer-based domain-generalized indoor localization framework.

A. Balanced Multi-Domain Training

We consider multiple source domains {Dj, ..., Dy, }, each
representing a distinct environment. To prevent bias toward
domains with more samples, we adopt a balanced sampling
strategy. Given a batch size B, each mini-batch is constructed
by sampling an equal number of samples from every domain:

By

= (1)

B

N
~ B=UB
d=1

where B, denotes the number of samples drawn from do-
main Dy, and B, represents the corresponding sample set.
This ensures uniform domain contribution and enables stable
computation of domain alignment losses.

B. Training Objectives and Optimization

The model is trained using a combination of localization
and domain generalization losses. The primary objective is
the localization loss L., = SmoothL1(y,y), operating on
normalized coordinates. To additionally penalize large errors
in meters, two auxiliary losses are included: a mean distance
loss Lpean over all batch samples, and a tail loss L restricted
to the worst k£ = |0.2B] predictions, where T}, denotes their
indices:

Z Hyz yZ||27

mean -

1 .
Luir = o >y - yilla
i€Th
(12)

Domain invariance is enforced via an adversarial classification
loss Lecs = CE(fes(2Ziny), d) and an MMD [15] alignment loss
over all domain pairs P={@G7):i<jh

j{: MMD? (2" 7
(z Jj)EP

()

ﬁMMD Ziv

) (13)

To encourage decoupling, a separation term is maximized by
negating it in the total loss.

Cbep |D| Z MMD2( (d)

inv

7(d)

spec

) (14)

The total loss is:

L= Lreg+a£mean +6£tail+ ()\1£CIS+)\2£MMD7>\3£SCP (15)

Domain losses are ramped up via r(f) = min(1, 42) after
epoch 5, with «=0.05, 5=0.1, A;=0.05, Aa=A3=0.02. The
model is optimized using AdamW [16] with learning rate
2x10~%, with 5 warm-up epochs of linear scaling followed
by cosine annealing decay.

VI. EXPERIMENTAL RESULTS

We evaluate the proposed framework under multiple domain
generalization scenarios, analyzing the effects of environmen-
tal geometry, anchor density, and receiver distributions.

A. Experimental Setup

We construct multiple domains from WiSegRT Scene 5 [12]
using Sionna RT [11]. The following domains are defined:

Dorig: Original scene with full geometry and 18 BS.



TABLE I: Generalization Performance on D4

Training Domains RMSE Median P90 Acc < 1m
Dorig + Dv1 + Doz 0954 0720 1.280  76.0%
Dorig + Dv2 +Dy3 1465 1.002 2297  49.7%
Dy1 + Dy2 +Dy3 1230 0903 1.775  56.8%

TABLE II: Generalization under Moderate Geometry Shifts

TABLE III: Two-Domain Generalization to D4

Training Domains RMSE (m) Median (m) P90 (m) Acc < 1m (%)

Dorig + D2 0.802 0.652 1.058 86.2%
Dy1 + Dy2 0.933 0.737 1.190 71.7%

TABLE 1IV: Effect of Increasing Training Domains on D,4

Train — Test

RMSE (m) Median(m) P90(m) Acc < 1m

Dorig + Dv1 + Dy2 — Dy3 0.298 0.088 0.450 97.8%
Dy1 + Dy2 + Dysa — Dy3 0.275 0.091 0.381 98.28%
Dy1 + Dy3 + Dya — Doz 0.298 0.112 0.319 98.3%
Dorig + Dv2 + Dy3 — Dy1 0.501 0.081 0.254 97.5%
Dyi + Dy3 + Dya — Dorig 0.289 0.115 0.346 98.46%

Training Domains RMSE (m) Median(m) P90(m) Acc

Dorig + Do 0.909 0.695 1.332 75.5%
Dorig + Duv1 + Du2 0.954 0.720 1.280 76.0%
Dorig + Dv1 + Dyz + Dys 1.430 1.294 2.006 30.8%

e D,1: Modified geometry with selected large objects re-
moved (18 BS).

e D,5: Small object removal configuration (18 BS).

e D,3: Multiple objects removed (18 BS).

e D,4: Reduced BS configuration (8 BS) with significant
object removal (combined BS and geometry shift).

e D,5: Reduced BS configuration (10 BS) with original
geometry preserved (isolated BS sparsity).

e D,15: Receiver grid with finer spacing (0.15 m)

o D,o5: Receiver grid with coarser spacing (0.25 m)

All domains contain 5,510 receiver locations, except D,i5
(14,625) and D,s5 (2,760). Models are trained using the
multi-domain strategy described in Section V and evaluated
using Euclidean localization error. We report RMSE, median,
P90, and accuracy within 1 m to capture both average and
worst-case behavior. Although RMSE and sub-meter accuracy
remain strong across most experiments, the P90 metric is
higher in cross-domain settings due to a small number of
challenging samples under severe propagation mismatch. In
these cases, most predictions remain accurate, while a limited
set of difficult receiver locations with altered multipath or
reduced anchor visibility dominate the tail-error statistics [17].

B. Generalization Across Environmental Variations

We first evaluate generalization across geometry variations
while keeping anchor configuration fixed (18 anchors). Results
on D,4 (Table I) show a clear degradation due to reduced
multipath richness caused by object removal. Despite this, the
model maintains around 75% accuracy within 1 m, indicating
robustness under severe domain shifts. For moderate geometry
variations (Table II), the model achieves consistently strong
performance, with sub-meter RMSE and accuracy above 97%.
Notably, high accuracy is also maintained when evaluating on
Dorig after training on modified domains, indicating that the
model learns transferable representations without overfitting to
simplified environments.

C. Impact of Training Domain Diversity

We analyze how the number and composition of training
domains affect generalization to D,4. Tables III and IV
summarize the results. When using only two training domains
(Table III), certain combinations outperform more diverse

settings. For example, Do, + Dy2 achieves better accuracy
than other pairs. This indicates that domain compatibility
is more important than simply increasing diversity. When
domains are too dissimilar, the model struggles to align
conflicting propagation patterns, leading to higher tail errors.
As the number of training domains increases (Table IV),
performance initially remains stable, but begins to degrade as
more heterogeneous domains are introduced. While accuracy
is comparable between two and three domains, a significant
drop is observed when all domains are included, along with
a sharp increase in P90 error. These results highlight a key
trade-off: while diversity aids generalization, excessive het-
erogeneity destabilizes alignment, particularly in tail errors.
For moderate shifts, all configurations exceed 96% accuracy,
confirming that degradation is driven by mismatch severity
rather than domain count.

D. Base Station and Geometry Generalization

We analyze the combined impact of BS density and geome-
try. Results are summarized in Table V. Two key observations
emerge. First, generalization from high to low BS density
is feasible but depends on the training distribution. Training
on Dy, + Dyo leads to performance degradation on Dy
due to reduced anchors and simplified geometry. However,
adding D, 5 significantly improves performance, indicating that
intermediate BS configurations help bridge dense and sparse
deployments and improve robustness. Second, generalization
is asymmetric. Models trained only on reduced-BS domains
(Dys + Dys) perform poorly on Dye, failing to capture
the richer multipath structure of dense environments. This
suggests that exposure to complex propagation patterns is
essential for learning transferable representations. Overall,
both BS configuration and geometry jointly affect generaliza-
tion. Strong performance is achieved when training domains
provide complementary variations, whereas limited structural
diversity or insufficient complexity leads to degraded accuracy,
particularly in tail errors.

These results also validate the masking-based architecture.
The model generalizes across configurations ranging from
18 anchors (Dyig) to 8 anchors (D,4) without architectural
changes or retraining. The strong performance retained across
these settings, including 95.8% accuracy on D,,4, demonstrates
that the masking mechanism effectively handles anchor spar-
sity while preserving learned inter-anchor relationships.



TABLE V: Results for BS and Geometry Generalization

TABLE VIII: Ablation Study under Moderate Shift (— D,3)

Train — Test

RMSE (m) Median (m) P90 (m) Acc < 1m

Dorig + Dy2 — Dya
Dorig + Dys — Dua
Dys + Dys — D(yrig

0.802
0.493
1.982
0.304

0.652
0.286
1.837
0.172

1.058
0.720
2.799
0.451

86.2%
95.8%
16.2%
98.3%

Dorig + Dys — Dus

TABLE VI: Results for Receiver Distribution Generalization

Train — Test RMSE (m) Median (m) P90 (m) Acc < 1m

Dorig + Dr2s — Dris 0.452 0.095 0.261 97.6%
Dorig + Dr15 — Dras 0.397 0.056 0.152 98.5%
Dras + Dy2 — Dy3 0.307 0.106 0.443 97.5%
Dr15 + Dy3 — Dy2 0.498 0.076 0.218 97.5%

TABLE VII: Performance under Mixed Domain Shifts (Target:
Dv4)

Configuration RMSE (m) P90 (m) Acc < 1m (%)
Full Model 0.295(13)  0.429(17) 97.8(0.5)
w/o Dom. Attn.  0.285(18)  0.432(40) 98.1(0.4)
wlo L 0.290(9)  0.427(3) 97.9(0.4)
w/o Lmmp 0.298(7)  0.433(21) 97.7(0.2)
w/o Lep 0.301(2)  0.444(14) 97.9(0.1)
w/o All Losses  0.299(15)  0.448(24) 97.7(0.3)

TABLE IX: Ablation Study under Severe Shift (— D,4)

Configuration RMSE (m) P90 (m) Acc < 1m (%)
Full Model 0.490(21)  0.724(6) 96.0(0.2)
w/o Dom. Attn.  0.472(32)  0.726(29) 96.2(0.5)
w/o Leis 0.487(19)  0.720(13) 96.0(0.3)
w/o Lymmp 0.505(22)  0.742(51) 95.5(1.0)
w/o Lgep 0.477(15)  0.732(36) 96.0(0.6)
w/o All Losses  0.477(22) 0.719(46) 96.1(0.5)

Training Domains Shift Type RMSE (m) Acc < 1m
Dorig + Du2 Geometry 0.802 86.2%
Dorig + Dus Severe Geometry 1.264 54.9%
Dyo + Dys Geometry 0.871 78.2%
Dorig + Dus Anchor sparsity 0.493 95.8%
Dys + Dy Anchor sparsity + Geometry 0.463 96.6 %
Di2s + Dorig Receiver + Geometry 0.800 80.1%
Dios + Dy2 Receiver + Geometry 1.062 76.5%

E. Receiver Distribution Generalization

We next analyze receiver distribution shifts (Table VI).
When only sampling density varies, the model generalizes well
across grids, with slightly better performance when trained
on finer resolutions due to improved spatial coverage. When
combined with environmental variations, performance remains
strong for moderate shifts, indicating that the model can
separate spatial sampling effects from propagation character-
istics. However, under severe domain mismatch (e.g., D,4),
performance degrades, showing that geometry remains the
dominant factor.

F. Mixed Domain Shift: Unified Evaluation

Finally, we evaluate combined domain shifts (Table VII).
The results show that performance is largely governed by the
most severe mismatch between training and target domains.
Training configurations that include intermediate domains,
particularly D,5, consistently achieve the best performance,
as they help bridge structural differences between domains.
Receiver distribution shifts alone have a relatively smaller
impact, but when combined with environmental changes,
they contribute to additional degradation. Overall, the results
demonstrate that the proposed framework achieves strong
robustness under mixed domain conditions, with best perfor-
mance obtained when training domains are complementary
and aligned with key characteristics of the target environment.

G. Ablation Study

To evaluate the contribution of the proposed domain-
generalization components, we selectively remove domain-
aware attention and the individual domain-generalization loss
terms, namely Lcls, LMMD, and L, while keeping all other

hyperparameters, training domains, and evaluation settings
unchanged. We additionally evaluate the effect of removing
all domain-generalization losses simultaneously to examine
their combined contribution. The masking-based multi-anchor
fusion mechanism is not separately ablated, as its contribution
to handling varying anchor configurations is evaluated inde-
pendently in Section VI-D.

Table VIII presents the ablation results under a representa-
tive moderate domain shift, Dorig+Dv1l+Dv2 — Dv3, while
Table IX evaluates a more challenging combined domain shift,
Dorig+Dvd — D,4. All results are reported as mean(std) over
three random seeds (42, 123, and 7).

Under the moderate domain shift, all configurations achieve
strong localization performance, indicating that the task re-
mains relatively robust when the target domain is close to the
training domains. However, removing Lymvp or Lgep increases
both RMSE and P90 relative to the full model. In addition,
removing all domain-generalization losses simultaneously pro-
duces the largest P90 error, suggesting that these objec-
tives provide complementary benefits, particularly in reducing
larger localization errors. The contribution of the loss terms
becomes more pronounced under the severe domain shift. Re-
moving the MMD-based invariance-alignment objective Lymvp
produces the clearest degradation, increasing RMSE from
0.490m to 0.505m and P90 from 0.724m to 0.742m, while re-
ducing the accuracy within 1m from 96.0% to 95.5%. Notably,
this is the only evaluated ablation that consistently degrades all
three metrics relative to the full model under the severe shift.
This result highlights the importance of explicitly aligning
invariant feature distributions when the target domain differs
substantially from the source domains. Overall, the ablation
results indicate that the proposed domain-generalization ob-
jectives provide complementary benefits, with Lyyp making
the most consistent contribution to robust generalization under
challenging domain shifts.

VII. CONCLUSION

We proposed DAG-TransLoc, a transformer-based indoor
localization framework jointly addressing domain general-
ization and variable anchor configurations. The masking-



based architecture with feature decoupling and domain-aware
attention achieves up to 98.3% accuracy within 1m under
moderate shifts and 95.8% under challenging combined BS
and geometry shifts, though performance depends strongly on
training-target domain compatibility, as detailed in Section VI.
Results show that domain compatibility matters more than
diversity, transfer is asymmetric, and high-complexity training
domains are essential for robust generalization. Future work
includes real-world hardware validation to characterize the
sim-to-real gap (e.g., phase noise and clock synchronization
errors not captured by ray-tracing simulation), dynamic user
tracking, and lightweight adaptation for highly heterogeneous
environments.
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