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Abstract—Accurate indoor localization with time-difference-
of-arrival (TDoA) requires reliable direct-path detection in each
anchor’s channel impulse response (CIR). In multipath-rich
environments, reflected components can dominate the direct
path, causing peak detectors to select a biased arrival. Most
non-line-of-sight (NLoS) identification and mitigation approaches
treat this as a per-anchor problem and operate on scalar range
measurements, leaving cross-anchor structure unexploited. We
propose a joint processing approach using an attention-based
neural network operating on the full multi-anchor CIR matrix.
For each anchor, the network predicts a direct-path placement
distribution and a visibility score, which directly parameterize
a residual-weighted TDoA framework without requiring hard
NLoS exclusion. Supervised by channel-derived soft labels,
the model captures spatial features rather than memorizing
environment-specific geometry. Evaluations on ray-traced indoor
scenes demonstrate that the proposed system achieves 91.96 %
direct-path detection accuracy, 95.68 % LoS/NLoS classification
accuracy, and a 2.33 m mean localization error, outperforming
all evaluated baselines in mean localization error. Furthermore,
the model retains strong localization performance in an entirely
unseen environment, whereas fingerprinting and range-based
baselines degrade substantially.

I. INTRODUCTION

Wireless localization has attracted ongoing research at-
tention as the demand for accurate positioning continues to
grow across diverse environments. Among available methods,
time-based positioning estimates the user location from signal
propagation delays measured at multiple anchors, using Time-
of-Arrival (ToA) or Time Difference of Arrival (TDoA) [1].
ToA requires tight transmitter—receiver synchronization, which
is hard to guarantee and introduces clock-offset bias. TDoA
avoids this by differencing arrival times across transmitters,
canceling the unknown transmit instant, and offering a more
practical ranging modality. In both cases, the key parameter
is the delay of the direct path, i.e., the shortest propagation
path between transmitter and receiver. This delay is obtained
from the channel impulse response (CIR), which character-
izes the received signal over time. Under line-of-sight (LoS)
conditions, the direct path typically corresponds to the first
significant peak in the CIR and can be reliably detected with
standard first-path estimators [1].
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In some scenarios, such as indoor environments, obstruc-
tions introduce non-line-of-sight (NLoS) conditions where the
signal reaches the receiver via longer paths, leading to a
positive bias in range estimates [2]. Classifying CIR obser-
vations as LoS or NLoS, known as identification methods,
has been studied extensively [1]. These approaches typically
extract statistical features from the CIR or received signal and
apply classical or learning-based classifiers [1]. Deep learning
models have extended this by learning representations directly
from raw CIR data [1], [3], [4].

Mitigation methods address how to incorporate measure-
ments with varying levels of uncertainty into localization [1].
In some approaches, NLoS and uncertain links are preferred to
be discarded to avoid potential range bias, but this exclusion
can remove useful geometric constraints [1], [5]. There are
also approaches that try to retain all measurements and
address NLoS effects at the localization stage, including bias-
correction, robust optimization and filtering techniques that
model uncertainty or use the temporal structure [1].

One of the main approaches in this direction is residual
weighting, which assigns different weights to anchors in the
localization optimization based on their measurement char-
acteristics or estimated uncertainties [1]. Depending on the
signal model, these weights can be derived from measurement
error statistics, distance-based metrics, or likelihood scores.
They can also be computed from channel parameters such
as path loss [6]. Moreover, weights can also be derived
from heuristic or functional approaches that use measurement
behavior and characteristics as a reliability proxy [7].

Most approaches operate on scalar range measurements
produced by peak or first-path detectors, attempting to mit-
igate uncertain estimates at the localization stage. However,
accurately identifying the direct path in multipath-rich CIRs
remains challenging, especially when a strong reflected com-
ponent arrives with higher power and the direct path is weak-
ened by partial obstruction. Several studies have addressed this
issue by exploring improved first-path detection or waveform-
based ranging methods that analyze the full CIR structure to
identify the earliest arrival component [1], [8], [9].

Learning-based approaches have emerged as effective solu-
tions for this problem. For example, [9] utilizes convolutional
neural networks to identify the direct-path component directly
from raw CIR data. A recent work, [5], proposes Neural
Network architectures that jointly process the coupled CIRs



of an anchor pair to estimate TDoA, rather than estimating
each anchor’s range independently. However, each CIR pair
is still treated in isolation, without access to observations
from other anchors. As a result, cross-anchor correlations and
spatial information that could improve direct-path detection
are not exploited, either in the direct-path estimation process
or measurement weight assignment.

Another research direction bypasses ranging estimation
entirely and uses neural networks to map CIR observations
directly to position coordinates, commonly known as finger-
printing [10], [11]. While these models can achieve high
positioning accuracy, the learned representations are site-
specific, tied to the geometry and multipath characteristics
of the training environment. As a result, such systems often
struggle to generalize to unseen deployments.

In CIR-based localization, Transformer-based models have
shown strong performance, particularly in ultra-wideband
(UWB) systems that provide high-resolution CIRs [12], as
well as in fingerprinting formulations [10], [11]. Attention
mechanisms are well suited to this setting, as they capture
dependencies across the entire delay axis, allowing the model
to better exploit the rich multipath structure of the CIR.

Despite extensive prior work, jointly analyzing the full
multi-anchor CIR matrix to exploit cross-anchor relationships
for direct-path detection and LoS/NLoS classification remains
unaddressed. We tackle this gap by processing the complete
multi-anchor CIR measurements together, rather than operat-
ing on individual or paired anchor observations [5], [9].

Analyzing all anchor CIRs jointly enables the system to
exploit cross-anchor spatial correlations in the received sig-
nals, which is particularly important for resolving direct-path
ambiguities when strong reflections dominate weakened direct
paths. To fully leverage this structure, the system employs an
attention-based model, which can capture global dependencies
across the entire multi-anchor CIR input, unlike convolutional
approaches limited to local receptive fields.

The proposed system is a two-head neural network that
takes the full CIR matrix as input and produces two per-anchor
outputs: (i) a direct-path placement distribution, representing
the estimated location of the direct-path component across de-
lay taps, and (ii) a reliability scalar, quantifying the likelihood
that a distinct direct path is present at the predicted arrival.

These outputs address both key objectives in the liter-
ature: the placement distribution enables direct-path-based
LoS/NLoS identification, while the reliability scalar provides
per-anchor confidence for soft mitigation.

Unlike fingerprinting, the model is trained on channel-
level targets rather than position coordinates. This grounds
the learned representations in channel-level and cross-anchor
features rather than environment-specific geometry, improving
generalization to unseen deployments.

The main contributions of this work are:

« An attention-based architecture that jointly processes the

full multi-anchor CIR matrix for direct-path detection,
producing per-anchor outputs via a Cross-Covariance Image

Transformer (XCiT) backbone [13], resulting in linear
complexity with respect to the CIR length.

o A residual weighting strategy for TDoA localization that
mitigates NLoS effects by weighting anchor contributions
based on direct-path detection reliability, aiming to retain
NLoS measurements rather than discarding them.

o A supervised training strategy using constructed channel-
level labels, grounding the model in cross-anchor geometric
and physical signal features to enhance generalization in
new environments.

II. SYSTEM MODEL

We consider a positioning system comprising M transmit-

ters (e.g., base stations), referred to as anchors, located at
o M . .

known positions {am € R3}m:1, and a single target device,
with unknown position p € R?, to be localized. For TDoA
processing, one anchor is designated as the reference, denoted
by arf, which requires at least M > 3 anchors for 2D
localization. The system operates over a bandwidth B Hz
with subcarrier spacing Af and N subcarriers, yielding a
sampling rate f; = Ng.Af and corresponding time resolution
Ts = 1/fs. Given a maximum excess delay Tyax set by
the scene geometry, the CIR is sampled with period T,
yielding Ny = [Tmax/Ts| discrete delay taps indexed by
ne{l,..., N}

The channel between the target and the m-th anchor is mod-
eled as a superposition of L propagation paths, represented in

discrete time as:
L—1

hm[n] = @m0 6[n — o] + Z Qe 0[N — N ], (1)
=1

where o, ¢ € C is the complex gain of the /-th path, and
nme € {0,1,..., N} is its discrete delay index, obtained
by discretizing the physical delay as n, ¢ = |Tm.e/Ts|. The
term ¢ = 0 denotes the direct path, while ¢/ > 1 represents
NLoS multipath components. The discrete-time CIR vector
is then given by hy, = [Am[l],..., hm[Ne]]| € CM¢, and
hm[n] denotes its n-th element. Under LoS conditions, the
direct-path component «,, o is the strongest in the CIR and
can be reliably detected by standard first-path estimators; in
practice, however, this dominance is not guaranteed.

We denote the magnitude CIRs from all M anchors as
a matrix H = [|h,,[]*_; € RM*N:, Using a conventional
peak detection method [2], [5], the direct-path delay index
is estimated as 1,, 0. The corresponding range is then given
by 7, = cTsTm,0, where ¢ denotes the speed of light.
By selecting a reference anchor, the TDoA measurement for
anchor m is then 7,,, — Tr. Under ideal LoS conditions, and
tight synchronization between anchors, the TDoA error can
be modeled as an independent zero-mean Gaussian random
variable with variance o2, [7].

Under this assumption, the Maximum Likelihood Estimate
of the target position reduces to the Weighted Least Squares
(WLS) problem [2]:

~ . ~ ~ \2
P = argmin > win(Ip = amll = P = awtll = Fn + ), (2)
m#ref



where w,, is the weight associated with anchor m. To achieve

the best linear unbiased estimator, the optimal weights are
wm = 1/02,, i.e., measurements with smaller error variance
are assigned larger weights [7], [14].

In practice, however, NLoS propagations introduce positive
bias and non-zero-mean ranging errors, which violate the
WLS optimality conditions. Moreover, since the true error
distributions are generally unknown, the variances o2, are
not available, and the optimal w,, = 1/02, cannot be set.
A common strategy is therefore to retain the same WLS for-
mulation but to employ heuristic weighting functions, where
the weights are chosen to be inversely related to the ranging
residuals rather than to the exact error variances [1], [6].

Another challenge in TDoA-based localization is selecting
the reference anchor. Common heuristics choose the anchor
with the strongest received signal, highest SNR, or most
reliable LoS characteristics [5]. However, these methods risk
selecting an NLoS anchor as the reference, which can bias all
TDoA measurements and degrade localization performance.

Section III addresses the challenges of anchor weighting
and reference selection by introducing a model that jointly
estimates the direct path and its reliability for each anchor’s
CIR. These range estimates and reliability measures are then
integrated into the localization framework.

III. PROPOSED SOLUTION

Rather than relying on LoS/NLoS classification and conven-
tional peak-based detection, we use a neural network to infer
direct-path information directly from the full multi-anchor
CIR matrix H € RM*Ne, For each anchor m = 1,..., M,
the network maps H to two per-anchor outputs: a placement
distribution q,, € [0,1]"t, representing a soft profile over
CIR tap indices that indicates the likely location of the direct
path, constrained as a probability distribution ) Gm.n = 1,
and a visibility score v,, € [0,1], capturing the prominence
and detectability of the direct-path arrival through the fraction
of channel energy concentrated around estimated tap 7i,, o.

This formulation reflects two practical considerations. First,
in multipath-rich environments, the direct-path delay cannot
always be assigned to a single tap with high confidence;
representing it as a distribution over CIR tap indices explicitly
captures this uncertainty. Second, the direct path is not equally
detectable across anchors; v, serves as a per-anchor reliability
measure, quantifying the prominence of the direct-path arrival
and directly indicating the likelihood that a distinct direct-path
component is present at the expected delay tap. Together, these
outputs provide, for each anchor, an estimate of the direct-path
location and its reliability.

To train the neural network, we first construct a carefully
designed dataset with per-anchor ground-truth annotations.
The model is then trained in a supervised manner to predict
the placement distribution q,,, € [0,1]¢ and the visibility
score Uy, € [0,1]. In the following, we describe the dataset
construction process and the training procedure in detail.

A. Supervised Target Construction

Assuming the direct-path index n,, o is available for all
anchors, we explicitly construct two per-anchor supervision
targets from it: q,, and v,,. This approach contrasts with bi-
nary LoS/NLoS class labels and instead generates continuous
soft labels directly from the CIR structure, framing the task
as a supervised regression problem.

Direct-path placement distribution. Since the model outputs
a distribution over delay taps, we construct the training targets
to mirror this structure. The target q,, € [0,1]"* is defined
as a narrow discrete probability distribution over the CIR tap
indices, satisfying > ¢m ., = 1 and centered at the direct-
path tap n,,, 0. We generate this target by placing a fixed sym-
metric template (e.g., a sharp triangular pulse with a support
smaller than N;) at n,, o and zero-padding it to length IV;.
This formulation addresses the inherent mismatch between
the continuous direct-path delay and the discretely sampled
CIR. In practice, the physical signal arrival rarely aligns with
the sampling resolution. By using a soft distribution rather
than a strict single-index label, we assign probability mass to
adjacent taps, which take into account quantization error and
encourages stable direct-path estimation.

Visibility score. The scalar variable v,, quantifies how clearly
the direct-path component stands out relative to surrounding
multipath and how reliably it can be detected given n,, o.

We compute this in three steps. First, to suppress noise
and emphasize propagation paths, the squared CIR magnitude
is smoothed by cross-correlating it with a short symmetric
template g[n]: spm[n] = (Jhy,|*> * g)[n]. Here, g[n] (e.g., a
triangular pulse) acts as a matched filter to enhance structured
energy over the noise floor. Next, we extract the set of local
peaks P, from s,,[n] and compute the energy of each peak

k € P,, over its prominence support:
Tk

Er =Y smlnl, 3)
’I’L:l)c
where i, i, denote the left and right boundaries of the peak.
Finally, given a window of half-width A around n,, o and
monotonically decaying weights {I';}5, (indexed by the
offset d = |k — ny 0|), the visibility score is defined as

ZkGPm s k—1m 0| <A Flkfnm,o\Ek
Uy = i . 4
Zker k

The decaying weights penalize energy farther from n, g,
S0 v, — 1 when the direct-path component is dominant
and well-isolated, and v,,, — 0 when it is weak or masked
by multipath. Together, q,, and v,, provide complementary
supervision, enabling the model to learn direct-path location
and reliability. The construction pipeline is shown in Figure 2.

B. TDoA Localization via Placement and Visibility

The predicted outputs q,, and v,, can directly be used
to embody the three components of the WLS formula-
tion: reference anchor selection, per-anchor range estima-
tion, and reliability weighting. The reference anchor is se-
lected as the one with highest predicted visibility score,
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Fig. 1. The proposed Transformer-based neural network architecture. The model processes the full multi-anchor CIR matrix H jointly, with dual output heads

producing visibility scores Uy, and placement distributions Gy, .
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Fig. 2. Per-anchor supervision targets construction: placement distribution
qm centered at direct-path index n.,,0 (top), and visibility score vy, derived
via cross-correlation (4) (bottom).

ref = argmax,,c(1,... m} Um. This criterion naturally favors
anchors whose direct-path component is strongly dominant,
which in practice corresponds to reliable LoS links and avoids
ranging bias in TDoA. Subsequently, for each anchor m, we
formulate the estimated range as a direct function of q,,. By
extracting the mode of the placement distribution to serve as
the direct-path delay index, we obtain:
m = cTy ﬁm,07 ﬁm,O £ arg

mMax  Gm,n- 5)
ne{l,...,N¢}

Finally, to account for the reliability of the estimated ranges
in the WLS formulation (2), we define the weights directly as
Wm = Up,. The motivation is that ¥, encodes the reliability
of the estimated direct-path arrival for anchor m, making it
a natural per-anchor confidence measure: anchors with higher
visibility scores have greater influence on the position esti-
mate, while those with lower visibility may have experienced
more obstruction or attenuation and are thus automatically
down-weighted. With these assignments, the WLS position
estimate becomes:

~ . I 82
P = argmin Z O (1P — am|| — [|P — avefl| — T + Trer) . (6)
m#ref

C. Proposed Neural Network Architecture

To obtain the visibility scores and placement distributions,
we propose a multi-task architecture (illustrated in Figure 1)
that processes H as input and jointly outputs {0, }*2_, and
{@m }M_,. Since these two estimates are correlated, unifying
them within a single multi-task system enables the shared
backbone to extract richer intra-anchor and cross-anchor fea-
tures than two separate models. The neural network processes

data through three main stages: feature extraction, cross-
anchor attention, and dual output heads. Moreover, a residual
connection [15] is employed to preserve per-anchor indexing
and feature dimensionality through to the output heads.
Feature extraction maps H € RM*Nt to a higher-
dimensional representation H' € RM*N¢xC For each anchor
m, the CIR magnitude |h,,| is normalized by its maximum
value to yield the scale-invariant sequence h,,,, which is then
processed independently using a shared 1D convolution with
Ciem filters. The resulting features are projected to C' channels
via a linear transformation, followed by batch normalization
and ReL.U, yielding per-anchor feature sequences in RV <€
For the cross-anchor attention stage, we employ a
multi-head XCiT architecture [13], which computes cross-
covariance attention along the channel dimension rather than
across token positions. Treating H' as a sequence of N =
M - Ny tokens, standard self-attention scales as O(N?), which
is prohibitive for large M or N;. XCiT addresses this by
using a C'x C' cross-covariance matrix, reducing complexity to
O(NC?); since C < N, this yields linear scaling with N. We
stack Lxcyr such attention layers to enhance feature extraction.
Sinusoidal positional encodings [16] along the anchor and
delay dimensions are summed into a composite encoding and
added to H’ before the XCiT blocks. The output is then
combined with H’ via a residual connection, producing the
enriched tensor H” € RM*N:XC yith cross-anchor context.
From H”, two independent output heads predict q,, and
Uy, for each anchor. Each head applies its own lightweight
depthwise-separable 1D convolution [17] (a per-channel
depthwise filter followed by a pointwise projection), keeping
the parameter count low so that the XCiT backbone carries
the primary computational burden.
Visibility Estimator: The per-anchor features are compressed
via global average pooling, then passed through batch nor-
malization, ReLLU, dropout, and a linear—sigmoid projection
to produce Uy, € [0,1].
Placement Estimator: Unlike the visibility head, the place-
ment estimator retains full temporal resolution: per-tap fea-
tures are passed through batch normalization, ReLU, dropout,
and a linear projection, and softmax over the delay axis yields
the distribution q,,, € [0, 1],
Unlike standard convolutional approaches, the attention-
based architecture captures long-range dependencies across
both the delay axis and anchor dimension, promoting gener-



alization to new environments. Candidate direct-path taps are
evaluated using all anchor observations, enabling the model
to leverage geometric consistency while learning features
related to signal morphology and multipath occlusion. In
new scenes or changed layouts, decisions remain grounded in
cross-anchor relationships and per-anchor statistics captured
by attention across delay and anchor dimensions.

At training, we minimize a joint loss defined over the
predicted v,,, and qj,,. For the visibility head, we use the Sym-
metric Absolute Relative Error (SARE), |(V, — vm)|/(|0m] +
|vm|), which is bounded and scale-invariant, and for the
placement head, we use the Total Variation Distance (TVD),
> |@m,n — @m |, measuring the discrepancy between proba-
bility distributions over delay taps. The overall objective com-
bines these two terms with a weighting parameter A € [0, 1]:

M [ — v o
Low = D2 (A e (N 3l =) )
n=1

U] + |vm

m=1
IV. EXPERIMENTS

To construct supervision targets for training, we gener-
ate multi-anchor CIRs using the Sionna ray-tracing simu-
lator [18]. We model indoor environments of 72 x 130 m
with 10 m-high walls. Eight training scenes share the same
outer boundaries but differ in internal layout and obstacle
materials, producing diverse multipath conditions. The system
uses a 100 MHz bandwidth, a 122.88 MHz sampling rate, and
N; = 128 delay taps.

In each scene, M = 4 anchors are placed, one per wall
at random coordinates. User locations are sampled at 1.5 m
height on a grid with spacing 64 = 0.4 m; points with fewer
than two LoS anchors are discarded. The collected CIRs are
split 80/20 for training and validation. Figure 3 shows a
3D view of a simulated indoor environment, illustrating the
scene layout, random anchor placement, and their orientations
toward the center. A ninth scene, unseen during training, is
reserved exclusively for generalization testing.

We augment the simulated CIRs to narrow the gap to real-
world conditions. Complex Gaussian noise is added across all
taps, followed by log-normal power fluctuations to emulate
small-scale fading [19]. We also attenuate the strongest mul-
tipath tap or the direct path at random, simulating shadowing
and dropout [2]. These perturbations reduce overfitting and
spatial leakage, forcing the network to learn robust features.

The supervision targets q,, and v,, are constructed as
described in Section III, with a triangular template of width 5
taps for the placement distribution and visibility parameters
A =3,T =1, 0.6, 0.3, 0.1. The network uses C = 32
channels, Lxcir = 5 XCiT layers, 8 attention heads, and
A = 0.5. Our model contains ~ 70k learnable parameters.

To evaluate our proposed method, we compare it against
four baselines: (1) a VAE classifier [3] and (2) a CNN-
LSTM [4], both supervised binary LoS/NLoS classifiers that
perform TDoA localization using anchors classified as LoS
(requiring at least three); (3) ANN-TDoA [5], which clusters
anchors into LoS/NLoS in an unsupervised manner to define

TABLE I
LOS/NLOS AND DIRECT-PATH DETECTION ACCURACY.
Seen Scenes (%) Unseen Scene (%)

Model LoS /NLoS Direct-Path  LoS/NLoS Direct-Path
Our model 95.68 91.96 87.50 85.47
VAE classifier 79.18 N/A 77.16 N/A
CNN-LSTM 92.44 N/A 88.98 N/A
ANN-TDoA (Unsupervised) 58.73 N/A 56.69 N/A

ranging weights and estimates TDoA for each anchor pair
relative to the reference using a learning-based model; and
(4) CIR-TF [10], an attention-based fingerprinting method
which maps H directly to coordinates. For this experiment,
this network is configured with approximately 819k parame-
ters due to the substantial scaling of vanilla transformers [16],
and exhibits clear overfitting to the test dataset. All models
are trained for 100 epochs.

Path Gain

Fig. 3. Top-down view of a simulated scene showing internal layout, anchor
placement, and the path-gain map at 1.5 m height (the maximum gain across
all anchors).

We first evaluate the model’s ability to locate the direct path
and, as a by-product, classify LoS conditions. An anchor is
inferred to be LoS if the estimated tap 7, o = arg maxy, Gm.n
matches the maximum of |h,,|. Table I reports direct-path
detection and LoS classification accuracy compared to the
VAE, CNN-LSTM, and unsupervised method used at ANN-
TDoA, which output binary LoS/NLoS labels.

The unsupervised ANN-TDoA performs substantially
worse, as LoS and NLoS CIRs are not well separated in
its feature space. While our approach leverages channel-level
supervision, ANN-TDoA relies on unsupervised clustering,
underscoring the performance gains from explicit direct-path
supervision, even though ANN-TDoA has access to nominal
pairwise TDoA labels during its own supervised training. On
seen scenes, our model achieves 95.68% LoS accuracy and
outperforms all baselines. On the unseen scene, it maintains
87.50% LoS accuracy and 85.47% direct-path detection. In
both settings, the LoS classification is competitive with the
CNN-LSTM, while additionally providing direct-path local-
ization, which the classifiers do not.

To assess how direct-path detection translates to position-
ing, we evaluate localization error on samples where each
model identifies at least three usable anchors (LoS for the
classifiers, direct-path for ours; ANN-TDoA and CIR-TF use
all samples). We report results on the full dataset and two
subsets: direct-path localizable (a direct path exists at three
or more anchors, regardless of whether it is the strongest tap)
and LoS-localizable (at least three true LoS anchors).

Table II reports the mean (i) and 95"-percentile (P95)
localization errors. On the seen scenes, our model achieves a
2.33 m mean error, slightly outperforming CIR-TF (2.75 m),



TABLE 11
LOCALIZATION ERROR STATISTICS: MEAN (1) AND 95™ PERCENTILE (P95) IN METERS

Seen Scenes (Validation)

Unseen Scene (Test Only)

Model % Local.” All Samples  Direct-path Loc. LoS Loc. % Local.” All Samples  Direct-path Loc. LoS Loc.

% © P95 g P95 & P9s % © P95 g P95 & P95
Our model 87.51 2.33 8.75 2.16 7.45 141 3.52 90.35 4.49 20.79 4.34 20.16 2.99 12.88
VAE classifier 65.93 16.35 61.82 15.17 59.20 10.55 48.61 73.19 10.06  42.03 9.91 41.19 5.99 31.38
CNN-LSTM 60.98 10.08  49.18 9.58 48.24 8.33 45.20 72.73 7.69 36.71 7.47 36.00 5.56 30.71
ANN-TDoA 100.00 1298  36.21 12.73 35.97 9.80 28.59 100.00 13.15 4454 13.00 44.40 10.29  36.84
CIR-TF 100.00 2.75 6.77 2.62 6.23 2.06 4.78 100.00 15.61 4128 1554 40.52 1453  35.28

Percent of localizable samples. For supervised classifiers and our method, error statistics include only samples meeting three-anchor criterion.

(a) Validation Set

CDF (%)

10 15 20 25
(b) Unseen Scene
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Position Error (m)

Fig. 4. Cumulative Distribution Function (CDF) of the localization error on
(a) the validation set, and (b) the unseen scene.

which attains a tighter P95 (6.77 m vs. 8.75 m) but requires
over 11x more parameters (819k vs. 70k). Both methods
comfortably surpass ANN-TDoA and the LoS/NLoS classi-
fication pipelines. The CDF in Figure 4(a) confirms these
bounds. By relying on direct-path detection rather than strict
LoS classification, our model also localizes roughly 25% more
samples than the VAE and CNN-LSTM.

The generalization advantage of our approach is clearest on
the unseen scene. CIR-TF collapses to 15.61 m mean error
and 41.28 m P95 (Table II, Figure 4(b)), while our model
retains 4.49 m mean error, substantially outperforming the
best baseline (CNN-LSTM at 7.69 m). It continues to localize
about 27% more samples than the VAE and CNN-LSTM.
These results confirm that jointly estimating per-anchor direct-
path placement and visibility from the full CIR matrix yields
consistent gains in both accuracy and environmental reliability
over per-anchor and coordinate-supervised alternatives.

V. CONCLUSION

We presented a joint attention-based framework that ex-
tracts per-anchor direct-path placement and visibility from the
full multi-anchor CIR matrix. By capturing cross-anchor spa-
tial features and feeding soft-label predictions into a residual-
weighted TDoA solver, the method enables robust localization
without hard NLoS exclusion. Experiments show our approach
improves both direct-path detection and localization accuracy

over existing baselines, and the system maintains strong
performance in an unseen environment where fingerprinting
and range-based methods degrade substantially.

The current evaluation relies on ray-traced channels; vali-
dation on hardware-measured CIRs is needed to confirm real-
world applicability. Future work will prioritize training on
measured data and extending the framework to address prac-
tical challenges such as unsynchronized anchors and possible
intermittent measurement misses due to anchor outages.
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