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Abstract

Visual localization plays a critical role for mobile robots to estimate their position and orien-
tation in GPS-denied environments. However, its efficiency, robustness, and generalization
are fundamentally undermined by severe viewpoint changes and dramatic appearance
variations, which present persistent challenges for image-based feature representation
and pose estimation under real-world conditions. Recently, map-free visual relocalization
(MFVR) has emerged as a promising paradigm for lightweight deployment and privacy
isolation on edge devices, while how to learn compact and invariant image tokens without
relying on structural 3D maps still remains a core problem, particularly in highly dynamic
or long-term scenarios. In this paper, we propose the Debiased Multiplex Tokenizer as a
novel method (termed as DMT-Loc) for efficient and versatile MFVR to address these issues.
Specifically, DMT-Loc is built upon a pretrained vision Mamba encoder and integrates
three key modules for relative pose regression: First, Multiplex Interactive Tokeniza-
tion yields robust image tokens with non-local affinities and cross-domain descriptions.
Second, Debiased Anchor Registration facilitates anchor token matching through proximity
graph retrieval and autoregressive pointer attribution. Third, Geometry-Informed Pose
Regression empowers multi-layer perceptrons with a symmetric swap gating mechanism
operating inside each decoupled regression head to support accurate and flexible pose
prediction in both pair-wise and multi-view modes. Extensive evaluations across seven
public datasets demonstrate that DMT-Loc substantially outperforms existing baselines
and ablation variants in diverse indoor and outdoor environments.

Keywords: visual localization; relative pose regression; Mamba codec; causal attention;
pointer network

1. Introduction

As a cornerstone of intelligent perception, visual localization (VL) aims to precisely
determine the six-degree-of-freedom (6DoF) pose of a mobile robot by referencing geo-
tagged imagery or preconstructed maps [1]. Despite its growing applications in smart
homes and cities, VL encounters persistent real-world challenges, such as viewpoint
ambiguity, motion blur, illumination shifts, appearance variations, dynamic occlusions
(e.g., pedestrians or vehicles), and their complex combinations.
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The standard VL pipeline comprises feature extraction, matching, and pose estima-
tion [2]. As illustrated in Figure 1, map-based methods represented by absolute pose
estimation (APE) incur high computational overhead during 2D-3D registration. Con-
versely, map-free visual relocalization (MFVR) approaches including relative pose esti-
mation (RPE) and visual place recognition (VPR) prioritize lightweight computation and
scene generalization. Throughout the past decade, the rich color, geometric, and semantic
information inherent in RGB images has been a major driver for deep learning research
in visual modeling. However, convolutional neural networks (CNNs) remain limited by
their inherent receptive fields, and vision Transformers (ViTs) leverage self-attention and
cross-attention to capture global context with parallel computation. Vision Mambas (ViMs)
further employ state space models (SSMs) for dynamic feature filtering in linear time
complexity [3]. Nonetheless, these advanced encoders can introduce inherent biases into
feature representations.

s Scene Scale » Large

Map-Based Visual Localization Map-Free Visual Relocalization (MFVR)

Absolute Pose Estimation Relative Pose Estimation Visual Place Recogntion

(APE) (RPE) (VPR)
High < Localization Accuracy

Figure 1. Main paradigms of visual localization. For a query image, absolute pose estimation (APE)
matches it directly to the 3D scene map, while relative pose estimation (RPE) and visual place
recognition (VPR) need to retrieve the reference dataset. Moreover, RPE is supposed to make a better
trade-off between scene scale and position accuracy.

To mitigate this issue, an effective tokenizer is essential for distilling invariant scene
features into robust image tokens. This tokenization strategy integrates image retrieval and
pose estimation into a unified relative pose regression (RPR) pipeline. Typical feature ex-
traction techniques broadly fall into two categories: global descriptors encode entire images
into comparable vectors but often neglect salient structural details, while local detectors
extract fragmented patterns from distinctive pixels or patches at the cost of enumera-
tion. Therefore, more discriminative descriptors are expected to fuse their complementary
strengths explicitly or implicitly.

It is also noteworthy that a domain gap persists between VPR’s discrete outputs and
RPR’s continuous embeddings despite their shared reliance on image retrieval [4]. This
discrepancy manifests as an out-of-distribution generalization problem between camera
extrinsics, where causal attention offers a pathway to remove confounders in image tok-
enization [5]. The term “causal” aspect here refers to autoregressive constraints commonly
used in sequence modeling (e.g., masked self-attention), rather than to statistical causal
inference frameworks [6]. Incidentally, since the regressive pipeline struggles to synthe-
size novel viewpoints, standard multi-layer perceptrons (MLPs) lack adaptive weight
modulation and geometric smoothness constraints despite their current prevalence in
pose regression.

In this paper, we propose a novel causal multiplex tokenizer named DMT-Loc as
an efficient MFVR framework for robust sensing and fast computing. As depicted in
Figure 2, DMT-Loc integrates three core modules: (1) Multiplex Interactive Tokenization
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(MXIT) enhances sparse voxel affinities in ViM-derived feature maps via refined non-local
self-attention [7], synergistically addressing spatial sparsity, frequency consistency, and
channel redundancy through its branch interventions for emergent robustness in feature
aggregation; (2) Debiased Anchor Registration (DAR) employs hierarchical navigable small
world (HNSW) graphs [8] for incremental retrieval of proximate tokens, and then creates
a specific Causal Mamba Pointer (CMP) for their autoregressive attribution, ensuring the
structural consistency with a visual backbone; (3) Geometry-Informed Pose Regression
(GIPR) introduces a novel symmetric swap gated (SSG) MLP, which employs routing-based
learning for intra-head self-sufficient feature interactions to regress 6DoF poses from single
or multiple frames, demonstrating superior convergence and generalization capabilities in
supervised learning.

Anchor
Query Feature Map Query Tokens Pose
> — = . BE— )
‘(.-5.’\‘ —_— 7 3 —— —
ViM DAR GIPR

Figure 2. The pipeline of our proposed method. Four modules are designed and cascaded for relative
pose regression (RPR): fronzen Pretrained ViM Encoder, Multiplex Interactive Tokenization (MxIT),
Debiased Anchor Registration (DAR), and learnable Geometry-Informed Pose Regression (GIPR).

Fundamentally, DMT-Loc establishes a self-attentive mapping from image homogra-
phy to feature proximity and a causal reasoning to pose correlation. It not only imposes
frequency calibration into feature description to overcome potential interferences from
motion blur or illumination changes, but also achieves linear time complexity via the
coupled Mamba codec and HNSW search. Compared with a series of mainstream methods,
DMT-Loc shows superiority in feature fidelity, localization accuracy, inference speed, and
scene adaptability on diverse datasets, exemplified by indoor 7Scenes [9] and outdoor
Cambridge Landmarks [10] datasets. In particular, all angular values are unified into unit
quaternions to prevent the gimbal lock problem [11].

The main contributions of this work can be summarized as follows:

*  The Debiased Multiplex Tokenizer is proposed for high-fidelity image tokenization
to eliminate the mapping burden on mobile robots, leveraging multiplex interactive
learning on preliminary feature maps along voxel, spatial, frequency, and channel
dimensions via an enhanced non-local self-attention mechanism.

e  Both tailored for token-pose debiasing that targets feature-level invariance to domain
shifts, CMP efficiently scores multi-view correspondences for anchor emergence with
uniform linear time complexity, while SSG-MLPs ensure decoupled and scalable pose
regression aligned with geometric consistency constraints and SE(3) robot kinematics.

e Comprehensive experiments on various scenes of eight VL datasets confirm the
efficacy of our proposed method in both indoor and outdoor environments, especially
under challenging circumstances of severe viewpoint and illumination changes.

2. Related Work
2.1. Visual Place Recognition

VPR is typically formulated as an image retrieval (IR) problem governed by similarity
thresholds. NetVLAD [12] integrates a CNN with the vector of local aggregated descriptors
(VLAD) [13], establishing a pioneering approach for global feature aggregation. DOLG [14]
employs orthogonal projection to decompose local descriptors and explicitly concatenates
them with global features. Patch-NetVLAD [15] and TransVPR [16] leverage ViTs to
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construct feature pyramids for patch-level fusion. To mitigate redundancy in explicit
methods, implicit techniques have gained traction. CosPlace [17] adopts generalized mean
pooling (GeM) for domain adaptation, while MixVPR [18] enhances context mining through
MLP-based mixer blocks. Recent approaches such as SALAD [19], SelaVPR [20], and
EffoVPR [21] further fine-tune the pre-trained DINOv2 [22] features using joint adaptation
of global and local features, enabling more effective assignment of static landmarks.

2.2. Absolute Pose Estimation

APE aims to establish precise stereo correspondences through map structures or neu-
ral encodings. Structure-based pipelines (SbP) [23,24] iteratively resolve 2D-3D matches,
albeit with high computational overhead. Deep learning has advanced scene coordinate
regression (SCR) and absolute pose regression (APR), represented by the DSAC family [25]
and PoseNet family [10], respectively. However, their effectiveness in dynamic environ-
ments is limited by mapping costs and the requirement for accurate pose regression [26].
SACNet [27], LENS [28], and Marepo [29] focus on feature compression, synthetic dataset
generation, and scene generalization, respectively.

2.3. Relative Pose Estimation

RPE recovers the 6DoF pose of a query image from similar reference images, offering
greater flexibility and generalizability. Unlike conventional hierarchical models [30] that
heuristically solve the essential matrix, Relative Pose Regression (RPR) directly predicts
pose errors between image pairs in a data-driven manner. AnchorNet [31] extends PoseNet
using anchor frame clusters. NN-Net [32] examines pairwise differences via Siamese
networks, while ReLocNet [33] and EssNet [34] enhance its accuracy through continual
learning and geometric constraints, respectively. RelFormer [35] employs a dual-branch
Transformer to address scene generalization challenges. RelPoseGNN [36] exploits multi-
frame collaboration using graph neural networks (GNNs). ReLoc3r [37] builds upon the
popular scene reconstructor DUSt3R [38] to incorporate multi-view geometric constraints,
achieving state-of-the-art (S0TA) RPR performance on the standard datasets; however, it
adapts poorly to real-world challenging environments.

3. Methodology

The overview of DMT-Loc framework is illustrated in Figure 3.

Visual Encoder Sparse Kernel Self-Attention (SKSA) Triplet Cross-Domain Aggregation (TCDA)
— *ViM C SEpme sparsemax/
1 onv @ -
1x1,c2 7 Flatten softmax_/ [ —» ~Permute ¢
: X : HxWxC RBF 7] /
State o 16 = £hd = SR C
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¥ Models 1x1,C12] | Y Eﬁeﬁ"{}” b (1351&;8’ B@_ﬂ
= (SSMs), I’
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Pretrained MambaVision
Proximity Graph Retrieval Autoregressive Anchor Attribution Pomter Pose Regressor
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Figure 3. Overview of the DMT-Loc framework. It sequentially performs self-attentive mapping
from images to tokens and causal attentive regressing to poses. RBF, DeConv, and GpConv stand for
radial basis function, deconvolution, and grouped convolution, respectively.
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3.1. Feature Map Encoding

Given a scene
image I € R"*%*3, a pretrained ViM model fyim(-) is adopted to extract preliminary feature
map X € RH XWxC qs X = fvim(I), where H, W, and C denote height, width, and channel
dimensions, respectively.

Leveraging SSMs, ViM efficiently coordinates global receptive fields with linear com-
putational complexity. A structural comparison among CNN, ViT, and ViM is provided
in Figure 4.

3.2. Multiplex Interactive Tokenization

MXIT aggregates X into a unique token v € R® through two complements: Sparse
Kernel Self-Attention (SKSA) and Triplet Cross-Domain Aggregation (TCDA).

3.2.1. Sparse Kernel Self-Attention

SKSA extends vanilla self-attention via Gaussian kernels and sparse responses, incor-
porating a voxel-wise residual for feature enhancement.

— d <

RelLU MLP MLP
BN2 Norm SSM
\\ Convy \ SiLU SiLU
. —
—T: N)Llﬂtl-l’:ead [ DWConv1d ‘ |
ention —
RelLU MLP MLP
BN1 i RMSNorm
\\ Convq \ Patchify Patchify
CNNs ViTs ViMs

Figure 4. Structural comparison of CNN, ViT, and ViM. ViM offers the global receptive fields of ViT
while maintaining linear computational complexity via state-space models (S5SMs).

Gaussian Kernels: To capture invariant non-local dependencies, the dot-product
attention is replaced with Gaussian kernels based on exponential Euclidean distance, which
is computed with affinity kernels 6(-) and ¢(-) as

fox(X) = exp(—7||[WoX — WpX| ), 1)

where Wy and W) are their learnable projection matrices, and <y > 0 is a scaling factor.

Sparse Response: To encourage the module to focus on more compact and informa-
tive features, sparsemax [39] activation is adopted to assign sparse voxel probabilities
(vs. softmax) and yield zero probability for less relevant features, thereby reducing the
influence of noisy affinities and leading to the SKSA response Y € RHW*C ag

Y = max{0, fgi(X) — ¢[fer(X)Jc1l}8(X), (2)

where ¢(-) denotes a cutoff threshold, and g(-) is a positional embedding function.
Jij = 1ixj hereinafter is an all-one matrix.
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At this end, Y is further raised to X’s original size via inverse function h(-) =g~ !(-),
and the residual is added to obtain an invariant feature map Z € RH*WxC;

Z=X+ YW, 3)

3.2.2. Triplet Cross-Domain Aggregation

TCDA processes Z through spatial, frequency, and channel branches to generate the
final token .

Spatial Branch: The spatial response S € R"*" is derived by channel summation as
S=Z]c,, and scaled to canonical form §’ € RHXW 55

' =[—> 5, @

(Jw,zS")x

Al

where « and B are scaling factors.
Frequency Branch: Considering motion blur and light shifts, the potential noise is
corrected by an adaptive frequency convolution:

Z' = R(F, (W, * R(F2(2)),I(F2(2)))) + Z, (5)

where * refers to 2D convolution; F,(-) denotes 2D fast Fourier transform [40] and F, *(-)
denotes its inverse; R(-) and Z(-) extract the real and imaginary components, respectively;
W, is the weight matrix of 1 x 1 grouped convolution.

Interim weighted pooling is then performed to yield the spatial-frequency token
{ € RC, defined as { = Jy yS’' Z'.

Channel Branch: The channel response Q € R¢ quantifies positive spatial activations:

1
Q= WIW,HH(Z >0), (6)

where I(+) is an indicator function.
For channel normalization, Q is logarithmically adjusted to w € R® with a stability

constant €:
Ce + Q]C,l

. 7
€+ Q ) @)

Thus, the final token v of I is obtained by v = { ® w, where © denotes the Hadamard
product. Specifically, reference tokens are referred to as u for clarity.

w = log(

3.3. Debiased Anchor Registration

DAR estimates relative pose differences between image pairs and refines their mis-
alignments to ensure geometric consistency. This two-stage process comprises Proximity
Graph Retrieval and Autoregressive Anchor Attribution.

Proximity Graph Retrieval: Given a query token v, and a reference database
G={uy, - ,uy} organized as proximity graphs [8], the HNSW algorithm fy,qw (-, ) is
performed to retrieve the top-k candidate tokens incrementally:

G’ :fhnsw(G, vq) =y, - up, e  uy), 8)

where i’ denotes the index of i-th proximate token.

This search initiates at a random entry point in the top layer of HNSW graphs and
iteratively traverses to its neighbors with the smallest cosine distance to v;, descending
through denser layers until k nearest neighbors in the bottom layer are identified.
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Autoregressive Anchor Attribution: A causal attention mechanism is adopted to
impose consistency and autoregressive constraints on Mamba decoding, so as to suppress
confounding matches and distill geometrically consistent anchors.

To filter out mismatched correspondences, a T-layer CMP f&,,, (-, -) refines the candi-
date set G’ into a reliable anchor set G”:

G":fcrmp(leq): (ul”/' o /uk”)/ )

U, -

where i” denotes the index of the i-th autoregressively refined anchor token.

CMP also outputs the normalized confidence scores # € (0,1)F for G”, derived from
its final hidden state after autoregressive processing.

Algorithm 1 provides the pseudocode for CMP. The self-SSM ensures its linear compu-
tational complexity, while the integrated causal masking mechanism overcomes the limited
autoregressive capability of the original Mamba.

Algorithm 1 Pseudocode for Causal Mamba Pointer (CMP)

Require: Input batch proximate tokens u; € RE*¥*C batch query tokens v, € RBX1 xC
Ensure: Output batch anchor tokens u;» € RE*¥*C batch confidence scores 5 € (0,1)5%k
1t x < uy
2: forlayer/ = 1to 7 do
3: // Self-SSM block:
4:  h <« LayerNorm, (x)
5:  h < Mamba(h) ({State-space model}
6:  Xgeif < x + Dropout; (h)
7. // Cross-attention:
8:  if v; # None then
9 h < LayerNorm, (xgeit)

m < upper_tri(—oo, diagonal=1) {Causal mask}
11: h < MultiHeadAttn(h, v, vg,m)  {Autoregressive refinement}
12: Xcross — Xself + Dropout, (h)
13:  end if
14:  // Feed-forward network:
15 h < LayerNorms(Xcross)
16:  h <« FFN(h) {Linear — Activation — Linear}
17: X 4 Xcross + Dropouts (h)
18:  // Last layer:
19:  iflayer [ == 7 then
20: 1 + softmax(Linearc_,1(x)) {Confidence scores}
21:  endif
22: end for

23: ujn < LayerNorm, (x)
24: return u;, 1y

3.4. Geometry-Informed Pose Regression

Given an anchor token u,, GIPR employs decoupled 2-layer SSG-MLPs to regress
the relative pose difference Ap = [At € R?,Ag € R*]. As detailed in Algorithm 2, each
regression head performs an inner SSG operation on u,, which is first split into gate and
value partitions, then modulated bidirectionally, fused via learnable routing weights, and
finally projected to the output.

Therefore, the predicted absolute pose ﬁgr): [f,gr), qg’)] of the query image I, can be
computed using the known pose p, = [t;, q;| of u, as

8 = t,vat, gl

=q,R0q, (10)

where ® denotes quaternion multiplication.
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Algorithm 2 Pseudocode for symmetric swap gated multi-layer perceptrons (SSG-MLPs)

Require: Input anchor token u, € R¢

Ensure: Output relative pose difference Ap € R” (3 translation + 4 quaternion)
1: // SSG-MLP 1 for translation regression:

: gt,v¢ < Split(Linearc_,p;(ur))  {Split into gate and value partitions}

. pt + SiLU(g¢) ®v¢  {Gate to value modulation}

. p? <+ SiLU(v¢) ©® g {Symmetric swap}

: w; < softmax(®;) {Learnable routing weights}

T Zp wﬂp} + wtzpf

At + Lineary,_,3(z¢)

: // SSG-MLP 2 for rotation regression:

: 84, 0g < Split(Linearc_,p,(u,))  {Split into gate and value partitions}

© ® N U W N

10: py < SiLU(gy) ©®v;  {Gate to value modulation}
11 pg < SiLU(vy) © g,  {Symmetric swap)

12: wy < softmax(®,;) {Learnable routing weights}
13: 24 < W pg + Wop;

14: Aq < Lineary,_,4(z,)

15: // Concatenate outputs for 6DoF pose:

16: Ap < [At, Aq]

17: return Ap

3.5. Loss and Inference
3.5.1. Training Loss

The RPR loss Lypy is defined as the L1 norm of pose differences:
Lrpr: ||tq_fq||1+||2arCCOS|<qq'qu>|||1' (11)

where (-, -) denotes the dot product between quaternions, and arccos(+) returns the angle
in radians.
Overall, the total loss Ly is @ weighted sum of three terms:

Liotal = Lrpr + ALpnsw + ﬂLcmp/ (12)

where A, u > 0 are balance coefficients, and Lpngw, Lemp are the negative log-likelihood
(NLL) losses that encourage the true reference tokens for v, to be ranked at the top positions
of G' and G”, respectively.

3.5.2. Online Inference

DMT-Loc supports for two RPR modes of online MFVR inference: pair-wise calibration
and multi-view association.

Pair-wise Mode: Only the top-ranked anchor u» is selected from G”, so the absolute
pose error is computed as

e}

180
—). (13)

Epw(vg, uyn) = (||t — E||2, 2arccos |44

Multi-view Mode: Leveraging the confidence scores 5 € (0, 1) produced by CMP, the
final pose error is obtained as a weighted average over the top-k anchors:

k
EX (09, G") = Y tiEpw(vg, uim). (14)
i=1
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4. Experiments
4.1. Datasets

To validate the effectiveness of the proposed DMT-Loc framework and its components,
we conduct comprehensive experiments on a variety of public benchmark datasets, includ-
ing four APE/RPE datasets (i.e., 7Scenes [9], Cambridge Landmarks [10], InLoc [41], and
Aachen Day-Night v1.1 [42]) and three VPR datasets (i.e., Pittsburgh-250k [12], MSLS [43],
and Nordland [44]). As detailed in Table 1, APE/RPE datasets encompass both indoor and
outdoor environments and vary significantly in scale and conditions, while VPR datasets
are mainly captured from large-scale streetscapes. All datasets are publicly available to
ensure experimental reproducibility.

Table 1. Details of the adopted VL datasets. “*” and “¥” indicate presence and absence, respectively.
Note that the MSLS dataset provides two distinct splits (i.e., MSLS-val and MSLS-challenge).

Dataset # Refer. #Query Motion Light Season Occlusion

m 7Scenes [9] 26.0k 17.0k *kYr kW v PAOASAL

& Cambridge [10] 8.4k 48k kkk  kkfr fehh ok

o InLoc [41] 10.0k 329 *kve  kokYe  Yever * %k

271 Aachenv1.1 [42] 6.7k 1.0k *kve  kkok WY ok Kk
Pitts250k-test [12] 83.9k 8.2k *okve  kokve kv * Kk T

& MSLS-val [43] 18.9k 740 *kk kW kok * Ve Ve

> MSLS-challenge [43] 38.8k 27.1k *kve  kkk kokok * %k K
Nordland-test [44] 27.6k 3.5k PAQAQAS * Ve vy 2.8 8. ¢ PAQAQAS

4.2. Evaluation Metrics

APE/RPE performance is assessed by absolute pose errors Ey, or Eyy. To facilitate
an intuitive evaluation, we also report their medians, averages, standard deviations, and
accuracies under specific thresholds. VPR performance is quantified by Recall@1/5/10,
calculated as the ratio of correct matches among the top-ranked reference images.

4.3. Implementation Details
4.3.1. Models

MambaVision-L [45] pretrained on the ImageNet21K dataset [46] is chosen as the
visual encoder with fixed feature channel dimension C = 1536, removing its final average
pooling and fully connected layers to extract preliminary feature maps for scene images.

4.3.2. Hyperparameters

For MxIT, 6(+) and ¢(-) in Equation (1) are implemented by 1 x 1 radial basis function
(RBF) convolution [47], while g(-) is implemented by 1 x 1 bottleneck convolution. « and
B in Equation (4) are set to 0.5 and 2, respectively. € in Equation (7) is set to 1 x 10~%. For
DAR, HNSW's k is set to 10, and CMP’s T is 6. For GIPR, SSG-MLP’s hidden channel is set
to 1024. In addition, the loss balance coefficients A and y in Equation (12) are both set to 1.

The framework is optimized using adaptive moment estimation (Adam) with initial
learning rate of 0.01, momentum of 0.9, weight decay of 0.0001, and mini-batch size of 16.
Training is conducted for 30 epochs on indoor datasets and 200 epochs on outdoor datasets.

4.3.3. Platform

All experiments are performed on an Ubuntu 20.04 system equipped with an NVIDIA
GeForce RTX 3090 GPU and an Intel(R) Core i5-13400F CPU, running PyTorch 1.11.0 with
Python 3.8 and CUDA 12.1.
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4.4. Quantitative Comparisons
4.4.1. RPR Performance on Benchmark Datasets

Table 2 presents a comprehensive evaluation of DMT-Loc on RPR performance, alongside
representative VL methods on the 7Scenes and Cambridge Landmarks datasets. For pairwise
calibration, DMT-Loc achieves SoTA results among pair-wise RPR methods, with average
errors of 7.3 cm and 3.25° for indoor scenes and 15.5 cm and 1.02° for outdoor scenes. These
results underscore DMT-Loc’s significant potential for MFVR. Additionally, the integration of
CMP enables multi-frame weighted fusion, achieving centimeter-level precision. Compared
to competitive map-based methods such as DeViLoc, SACNet, and Marepo, DMT-Loc demon-
strates superior flexibility and responsiveness. Notably, translation errors are consistently
smaller in indoor environments than in outdoor settings, while rotation errors exhibit the
opposite trend, aligning with physical expectations. Smaller spaces and fewer images facilitate
higher accuracy after equivalent training epochs, as evidenced by Heads and Church scenes.

Table 2. Median errors (cm/ °) of baseline methods on benchmark VL datasets. “]” indicates that
lower values are better. Best RPR results are highlighted in bold and second best are underlined.
Overall best results are marked in blue and second best are in green. “pw” and “mv” represent

u_

pair-wise and multi-view modes respectively.
wutn

means the value is unconverged or unobtainable.
means the method is unreproducible to our effort.

7Scenes (Indoor, Normal) | Cambridge Landmarks (Outdoor, Normal) |
Method Chess Fire Heads Office PumpkinKitchen Stairs Average College Hospital Shop Church Average-4 Court
AS [23] 4/2.00 3/1.50 2/1.50 9/3.60 8/3.10 7/3.40 3/2.20 5.1/2.47 42/0.60 44/1.00 12/0.40 19/0.50 29.3/0.63 —/-
A~ PixLoc [48] 2/0.80 2/0.73 1/0.82 3/0.82 4/121 3/1.20 5/1.30 2.9/0.98 14/0.24 16/0.32 5/0.23 10/0.34 11.3/0.28 30/0.14
0 DeViLoc [24] 2/0.78 2/0.74 1/0.65 3/0.82 4/1.02 3/1.19 4/1.12 2.7/0.90 12/0.21 13/0.28 4/0.18 7/0.23 9.0/0.23 18/0.11
FaVoR [49] 1/0.20 1/0.40 1/0.60 2/0.40 1/0.30 1/0.30 6/1.60 1.9/0.50 18/0.30 27/0.50 5/0.30 11/0.40 15.3/0.38 29/0.20
DSAC-star [25] 2/1.10 2/1.24 1/1.82 3/1.15 4/1.34 4/168 3/1.16 2.7/1.36 18/0.30 21/040 5/0.30 15/0.60 14.8/0.40 49/0.30
ACE [26] 2/1.10 2/1.80 2/1.10 3/1.40 3/1.30 3/1.30 3/1.20 2.7/1.31 28/0.40 31/0.60 5/0.30 18/0.60 20.5/0.48 43/0.20

6NeuMap [50] 2/0.81 3/1.11 2/117 3/098 4/1.11 4/1.33 4/1.12 3.1/1.09 19/0.14 36/0.19 25/0.06 53/0.17 33.3/0.14 10/0.06

@ HSCNet++[51] 2/0.70 2/0.72 1/0.80 2/0.69 4/1.00 4/1.15 3/1.02 2.6/1.36 19/0.34 20/0.31 6/0.24 9/0.30 13.5/0.30 39/0.23
D2S [52] 2/0.57 2/0.74 1/0.75 2/0.62 3/0.83 3/1.04 13/2.02 3.7/0.94 7/0.12 15/029 3/0.17 8/0.25 8.3/0.21 23/0.11
SACNet  [27] 2/0.53 2/0.71 1/0.59 3/0.65 2/0.65 3/0.93 2/0.40 2.1/0.64 17/0.30 18/0.30 6/0.30 12/0.30 13.3/0.31 47/0.32
PoseNet [10] 32/8.1247/14.429/12.048/7.68 47/8.42 59/8.64 47/13.844.1/10.4192/5.40231/5.40 146/8.10266/8.50208.8/6.80 —/—

PAE [53] 12/4.9524/9.3114/12.519/5.79 18/4.89 18/6.19 25/8.7418.6/7.48 90/1.49 207/2.58 99/3.88 164/4.16140.0/3.03 —/-
g DFENet [54] 5/1.88 17/6.45 6/3.63 8/2.48 10/2.78 22/5.4516/3.2912.0/3.71 73/2.37 200/2.98 67/2.21 137/4.03119.3/2.90 —/-
< LENS ' [28] 3/1.30 10/3.70 7/5.80 7/1.90 8/2.20 9/2.20 14/3.60 8.3/2.96 33/0.50 44/0.90 27/1.60 53/1.60 39.3/1.15 —/-

PMNet  [55] 4/1.70 10/4.51 7/4.23 7/1.96 14/3.33 14/3.36 16/3.6210.3/3.24 —/- -/- /- -/- -/- -/-

Marepo [29] 2/1.24 2/139 2/2.03 3/1.26 4/1.48 4/1.71 6/1.67 3.3/154 /- -/- -/- -/- -/- -/-

NN-Net [32] 13/6.5026/12.714/12.321/7.40 24/6.40 24/8.0027/11.821.3/9.30 —/- -/- -/- -/- -/~ -/~

ReLocNet [33]  12/4.1026/10.414/10.518/5.30 26/4.20 23/5.1028/7.5021.0/6.73 —/- -/- -/- -/- -/- -/-

iAnchorNet [31] 8/4.12 16/11.1 9/11.2 11/5.38 14/3.55 13/5.2921/11.913.1/7.51 79/0.95 211/3.05 77/3.25 122/3.02122.3/2.57 589/3.53
oz NC-EssNet [34] 12/5.6026/9.6014/10.720/6.70 22/5.70 22/6.30 31/7.9021.0/7.50 61/1.60 95/2.70 71/3.40 112/3.60 84.8/2.80 —/-

& Map-free [56]  9/2.66 13/4.5411/4.8111/2.77 16/3.11 14/3.48 18/4.7013.1/3.72244/2.54373/5.23 97/3.17 291/5.10251.3/4.01840/4.56
RelFormer [35]  11/4.0123/8.5717/10.916/4.92 15/4.15 19/4.89 24/6.4617.8/6.27 83/2.90 184/3.80 86/3.70 117/4.10117.5/3.63367/3.80
DMT-Loc (Ours) 8/3.59 7/3.53 4/2.60 9/3.81 8/355 9/3.51 6/219 7.3/3.25 23/1.19 18/1.02 9/0.87 12/0.98 15.5/1.02 24/0.94

> CamNet " [57]  4/1.73 3/1.74 5/198 4/1.62 4/1.64 4/1.63 4/151 40/1.69 —/—  —/—  —/—  —/- . iy

E RelPoseGNN [36] 8/2.70 21/7.5013/8.7015/4.10 15/3.50 19/3.70 22/6.5016.1/5.24 48/1.00 114/2.50 48/2.50 152/3.20 90.5,/2.30 320/2.20

E ReLoc3r [37] 3/0.99 4/1.13 2/1.23 5/0.88 7/1.14

™ DMT-Loc (Ours) 2/0.74 3/0.95 2/1.18 4/0.72 5/0.97 4/1.16 4/1.80 3.6/1.12 9/0.54 8/0.56 5/0.37 6/0.44 7.0/0.48 11/0.39

4.4.2. MFVR Performance on Challenging Datasets

Several competitive methods are further evaluated on more challenging datasets to
assess their MFVR benefits, as detailed in Table 3. On the difficult indoor InLoc dataset,
DMT-Loc attains accuracies of 64.9%/84.8%/91.3% on DUC1 and 75.6%/88.3%/92.8% on
DUC2 under the (0.25/0.5/1.0 m, 10°) threshold, surpassing SoTA performance among all
competitive methods. For challenging outdoor VL, map-based methods such as HLoc and
DeViLoc achieve excellent accuracy on the Aachenv1.1 dataset. However, DMT-Loc still
delivers highly competitive performance in both daytime and nighttime conditions with
significantly lower computational overhead. Specifically, it reduces storage requirements
by two orders of magnitude (0.2 GB vs. 15.9 GB for DeViLoc) and cuts training time to
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under 2.5 h compared to over 99 h for most map-based competitors. These results highlight
DMT-Loc’s effectiveness and universality in complex workspaces.

Table 3. Average accuracies (%) and training overheads of competitive methods on challenging VL
datasets. “1” indicates that higher values are better, and vice versa for “]”. Overall best/second best
results are marked in blue/green. Best/second best overheads are highlighted in bold /underlined.

InLoc (Indoor, Difficult) Aachenvl.1 (Outdoor, Difficult) Training Storage

Acc.@(0.25/0.5/1.0 m, 10°) 1 Acc.@(0.25/0.5/5.0 m, 2/5/10°) 1 Time | Size |
Method DUC1 DUC2 Day Night (Hours) (GB)
o~ VLAD [13] 0.20/12.5/18.7 0.30/13.8/19.1 0.00/0.10/22.8 0.00/1.00/19.4 18 52
& NetVLAD[12] 8.20/24.7/489 6.40/26.3/549 0.00/0.20/18.9  0.00/0.00/14.3 30 4.8
VLAD+In. [58] 6.40/26.3/50.9 10.3/32.3/61.5 0.00/0.20/22.1  0.00/1.00/22.4 34 7.1
AS 23] -/=/- ~/=/- 85.3/92.2/97.9  39.8/49.0/64.3 60 3.2
D2Net [59] 44.4/58.6/712 31.3/49.6/679 84.8/92.6/97.5 84.7/90.8/96.9 >72 223
B PixLoc [48] 25.5/47.3/68.8 32.4/54.7/79.5 743/79.3/874 61.0/65.8/79.3 >72 48.5
< HSCNet++ [51] ~/=/~ =/=/- 72.7/81.6/914 43.9/57.1/76.5 >72 274
DeViLoc [24] 55.8/63.8/88.9 61.0/72.5/89.4 87.4/94.8/98.2 87.8/93.9/100.0 >72 15.9
HLoc (SP+SG) [30] 49.0/68.7/80.8 53.4/77.1/824 89.6/95.4/98.8  86.7/93.9/100.0 - 35.7
& RelFormer [35] 51.5/73.7/86.4 55.0/74.0/81.7 60.2/67.1/78.5 51.4/62.5/73.5 27 8.5
#  ReLoc3r [37] 59.6/79.3/90.9  71.2/87.0/91.6 615/77.0/89.6  53.8/63.7/75.8 85 4.9
DMT-Loc (Ours) 64.9/84.8/91.3  75.6/88.3/92.8 88.7/95.0/98.3  86.2/91.8/99.5 <2.5 0.2

4.4.3. VPR Performance
As listed in Table 4, DMT-Loc is further compared across a series of VPR bench-

marks, which consistently outperforms existing approaches on both large-scale urban
datasets (Pitts250k-test, MSLS-val) and challenging diurnal or seasonal environments
(MSLS-challenge, Nordland-test). These results confirm that the image tokenization scheme
provides a more discriminative and generalizable representation than global-local fusion
techniques commonly used in VPR.

Table 4. Recall@1/5/10 (%) comparisons on VPR datasets. “1” indicates that higher values are better.
Best results are in bold and second best are underlined.

Method Pitts250k-Test © MSLS-Val © MSLS-Challenge 1 Nordland-Test 1
NetVLAD [12] 81.9/91.2/93.7 52.4/64.7/69.4 31.5/42.1/46.2 10.9/19.2/24.5
DOLG [14] 89.9/95.4/96.7 82.0/88.9/914 75.6/87.1/90.8 51.3/66.8/69.8
CosPlace [17] 88.4/94.5/95.7 82.8/89.7/92.0 61.4/72.0/76.6 54.4/69.8/75.9
Patch-NetVLAD [15] 87.5/94.5/96.0 79.5/86.2/87.7 48.1/57.6/60.5 449/50.2/52.2
TransVPR [16] 89.0/94.9/96.2 86.8/91.2/924 63.9/74.0/77.5 61.3/71.7/75.6
MixVPR [18] 91.5/95.5/96.3 88.0/92.7/94.6 64.0/75.9/80.6 58.4/74.6/80.0
SelaVPR [20] 92.7/98.0/98.9 87.7/95.8/96.6 69.6/86.9/90.1 47.2/66.6/74.1
DMT-Loc (Ours) 93.5/98.3/99.2 88.3/96.6/97.0 76.4/87.7/91.6 63.7/79.3/84.8

4.5. Qualitative Visualization
4.5.1. Instances of Visual Localization

Figure 5 illustrates the visualization results of DMT-Loc across five query images,
representing VL challenges such as viewpoint ambiguity, motion blur, illumination shifts,
and dynamic occlusions, respectively. DMT-Loc exhibits exceptional robustness across
these diverse scenarios. Comparing columns (b) and (c), feature maps emphasize geometric
details such as corners and edges, while heatmaps highlight semantic cues from discrimina-
tive landmarks (e.g., indoor signs and outdoor buildings), effectively avoiding distractions
like closets or pedestrians that could cause mismatches. Comparing columns (d) and (e),
the CMP demonstrates its efficacy in optimizing the selection of correct reference frames,
particularly for orientation correction. Finally, we reconstruct a 3D grid space of each scene
to calibrate these camera frustums and visualize their pose errors as shown in column (g).
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Figure 5. An illustration of DMT-Loc’s pipeline on representative queries from 7Scenes dataset
(rows A,B) and Cambridge Landmarks dataset (rows C-E). From left to right: (a) raw image; (b) fea-
ture map from the ViM encoder; (c) attention heatmap from the SKSA module, with key regions
highlighted by white dashed boxes; (d—f) retrieval results showing the top-1 match from HNSW (d),
the re-ranked top-1 (e), and top-2-5 (f) matches from the CMP module; (g) 3D localization grid, with
camera frustums indicating ground truth (red), nearest reference (yellow), and predicted pose (cyan).
The main challenges and localization errors are indicated at the far right.

In addition, Figure 6 compares the top-1 retrieval results for challenging queries with
severe appearance variations. DMT-Loc correctly retrieves the corresponding reference
images under both day—night (MSLS-challenge) and winter—fall (Nordland-test) transfor-
mations, while SelaVPR and NetVLAD fail in both scenarios. This demonstrates DMT-Loc’s
superior robustness to illumination and seasonal changes, challenges where existing global
description and transformer-based methods often fail.

Query image DMT-Loc (Ours) SelaVPR NetVLAD

Figure 6. Rank-1 examples of VPR methods under challenging condition changes. (A) Query image
from MSLS-challenge dataset with day—night transformation. (B) Query image from Nordland-test
dataset with winter—fall transformation. Each method returns its most similar database image, with
correct matches framed in green and incorrect matches in red.

4.5.2. Statistics of Image Tokenization

The storage efficiency of DMT-Loc is analyzed with a fixed feature dimension of 1536.
As shown in Figure 7, the image tokenization scheme achieves significant compression
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ratios across eight VL datasets. For instance, the 7Scenes dataset (23.6 GB) is compressed
to 287.4 MB of tokens and 163.6 MB of HNSW graphs, while the Cambridge Landmarks
dataset (38.5 GB) is reduced to 88.2 MB of tokens and 52.7 MB of HNSW graphs. Similar
compression rates are observed for other datasets, demonstrating that DMT-Loc enables
lightweight deployment for MFVR while preserving essential geometric information.

107 7Scenes Cambridge Landmarks InLoc Aachenvl.1l
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Figure 7. Storage efficiency of image tokenization across VL benchmarks with feature dimension 1536.
The logarithmic y-axis scale intuitively reflects that the proposed method compresses raw datasets by
orders of magnitude into compact tokens and HNSW graphs for efficient MFVR.

4.5.3. Calibrations of Camera Frustums

Based on dense voxel reconstruction of each scene of 7Scenes dataset, we calibrate
the corresponding camera poses within the reconstructed map as shown in Figure 8. This
joint visualization not only illustrates the accuracy of pose estimation but also provides
an intuitive assessment of geometric consistency across the entire test sequence, thereby
supporting the robustness of DMT-Loc for MFVR.

7Scenes: Chess 7Scenes: Fire 7Scenes: Heads

ol e
"7

7Scenes: Office 7Scenes: Pumpkin 7Scenes: RedKitchen 7Scenes: Stairs

Figure 8. Qualitative results of camera calibration by DMT-Loc on the 7Scenes dataset. Each voxel
map is reconstructed with 1000 frames per scene. Ground-truth and predicted 6DoF poses are
visualized as red and green camera frustums, respectively.

5. Discussions

5.1. Efficiency Analysis
5.1.1. Efficiency of Image Retrieval

To evaluate the efficiency of DMT-Loc for fast and incremental IR, HNSW is compared
against brute-force k-nearest neighbor (kNN) and other two popular approximate nearest
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neighbor algorithms, i.e., k-dimension tree (K-D Tree) [60] and locality-sensitive hashing
(LSH) [61]. As shown in Figure 9, the recall-latency curves on the MSLS-challenge dataset
demonstrate the superior performance of HNSW search. At 5000 queries, HNSW achieves a
520x speedup over brute-force kNN (0.43 s vs. 275.43 s) while maintaining a high recall of
0.91, compared to 0.93 for kNN. In contrast, K-D Tree and LSH are significantly faster than
kNN (62x and 237 x, respectively) but suffer from lower recall rates (0.80 and 0.72). These
results highlight HNSW’s optimal balance between speed and accuracy for large-scale IR,
making it well-suited for real-time VPR tasks.

Query Time Comparison Recall Performance Comparison
- 1.00-99 0.98
< 0.96
&
[®)]
o
- 0.9
%)
hel —
S ®
I~ ©
8 Goe
] 0.8s
'E 0.5s —— kNN o—
>107 —— K-D Tree 0.7{ —o—
g —— LSH ——
< 10-2 —— HNSW —e— HNSW
0.6
2,000 4,000 6,000 8,000 10,000 10! 102 103 104
Number of Queries Number of Queries

Figure 9. Performance comparison of IR algorithms on MSLS-challenge dataset. HNSW achieves the
best trade-off between speed and accuracy.

5.1.2. Efficiency of Visual Encoders

Figure 10 visualizes attention heatmaps of VGG16, DINOv2, and our ViM encoder
for indoor and outdoor scenes. ViM focuses on distinctive objects (e.g., telephones, bill-
boards) while ignoring repetitive patterns (e.g., sculpture heads) and textureless regions
(e.g., building walls). In contrast, VGG16 and DINOV2 attend to less informative areas.
This explains the superior performance of DMT-Loc (using ViM) as listed in Tables 2 and 4.

p——

(a) Raw image (b) VGG16 (c) DINOv2 (d) YiM (Ours)

Figure 10. Attention heatmaps of visual encoders on indoor (A) and outdoor (B) scenes.
(a—d) correspond to the raw images and heatmaps of VGG16, DINOv2, and ViM (ours), respectively.
Warmer (cooler) colors correspond to higher (lower) attention.

5.2. Generality Analysis
5.2.1. Descriptor Transfer

To investigate the transferability of VPR descriptors to the RPR task, a set of VPR
descriptors are integrated with the GIPR module to evaluate their 6DoF poses. As shown in
Table 5, the prominent advantage of DMT-Loc is consistent across 7Scenes and Cambridge
Landmarks datasets. Notably, global descriptors from retrieval-oriented models such as
NetVLAD or MixVPR exhibit a clear geometric inconsistency when applied to continuous
pose regression, whereas the MxIT module of DMT-Loc preserves structural cues with
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feature reusing that are essential for both VPR and RPR. In addition, it is proven that the
DAR module could provide more geometrically informative and transferable reference
tokens for efficient MFVR.

Table 5. Median errors (cm/°) of different descriptors (transfered with GIPR) on 7Scenes and
Cambridge Landmarks datasets. “]” indicates that lower values are better. Best results are highlighted
in bold and second best are underlined.

7Scenes (Indoor, Normal) |

Method Chess Fire Heads Office  Pumpkin Kitchen Stairs Average
NetVLAD [12] 17/847  19/103  14/11.2  23/101  24/108  21/100  18/6.27  19.4/9.58
DOLG [14] 43/115  43/132 25/14.6  40/17.5 35/11.1 54/15.0 30/7.79  38.6/12.9
CosPlace [17] 28/143  23/11.2 17/149  27/11.1 25/13.4 26/10.9 24/944  243/122
Patch-NV [15] 21/109  29/11.5  15/11.7 29/122 25/9.19  24/13.1 18/7.11  23.0/10.8
MixVPR [18] 24/143 17/106  16/12.4  33/16.9 23/10.7 27/9.64 19/7.03  22.7/11.6
SelaVPR [20] 26/151  22/16.8  15/14.7  32/195 21/13.6 37/21.4 16/890  24.1/15.7

DMT-Loc (Ours)  8/3.59 7/3.53 4/2.60 9/3.81 8/3.55 9/3.51 6/2.19 7.3/3.25
Cambridge Landmarks (Outdoor, Normal) |

Method College Hospital Shop Church  Average-4  Court  Average-5  Street
NetVLAD [12] 182/540 109/5.12 66/828 150/10.3 127/7.28 621/159  226/9.00 -/-
DOLG [14] 392/6.73 218/6.01 291/104 416/10.7 329/846 969/17.3  457/10.2 -/~
CosPlace [17] 96/450 119/6.05 71/6.77 111/6.72  99/6.01 157/4.92  111/5.79 -/~
Patch-NV [15] 228/5.48 119/596 139/891 237/12.2 181/8.14 840/16.2 313/9.74 955/24.8
MixVPR [18] 61/452  46/4.27 32/477 48/943  47/575  56/5.88  49/5.77  356/24.3
SelaVPR [20] 59/595  48/5.09 37/5.83 51/7.52 49/6.10 64/6.17 52/6.11 -/-

DMT-Loc (Ours) 23/1.19  18/1.02 9/0.87 12/0.98 15.5/1.02 24/0.94 17/1.00 33/2.68

5.2.2. Scene Generalization

Furthermore, the generalization capability of DMT-Loc is evaluated under a leave-one-
scene-out training protocol. As shown in Table 6, DMT-Loc substantially outperforms all
prior RPR baselines on both benchmark datasets under the more challenging scene-agnostic
settings, where ReLoc3r is not included since it relies on DUSt3R’s inherent pre-training
on large-scale multi-scene corpora. It is worth noting that the multi-view mode exhibits a
slight performance degradation on unseen scenes compared to its pair-wise counterpart on
the 7Scenes dataset, which can be attributed to the increased likelihood of false-positive
matches when aggregating multiple anchors in an unfamiliar environment. Nevertheless,
DMT-Loc-mv still achieves competitive performance (i.e., 0.59 m/0.72°) on Cambridge
Landmarks dataset, underscoring the robustness of our design.

Table 6. Average errors of scene-specific/agnostic RPR on 7Scenes and Cambridge Landmarks
datasets. “|” indicates that lower values are better. Best results are highlighted in bold and second

”

best are underlined. “~” means the value is unconverged or unobtainable.

7Scenes (m/°) | Cambridge (m/°) |
Method Scene-Specific Scene-Agnostic Scene-Specific Scene-Agnostic
NN-Net [32] 0.21/9.30 0.36/18.4 —-/- -/-
ReLocNet [33] 0.21/6.73 0.29/11.3 -/- -/-
EssNet [34] 0.22/8.03 0.89/40.2 1.08/3.42 10.4/85.8
NC-EssNet [34] 0.21/7.50 0.82/26.2 0.85/2.83 7.98/24.4
RelPoseGNN [36] 0.16/5.24 0.36/13.6 1.68/3.60 -/-
Relformer [35] 0.18/6.27 0.30/8.53 1.37/2.30 3.35/10.7
DMT-Loc-pw (Ours) 0.07/3.25 0.16/6.09 0.17/1.00 1.59/4.36
DMT-Loc-mv (Ours) 0.03/1.12 0.22/7.65 0.08/ 0.46 0.59/0.72

5.3. Ablation Study
5.3.1. Ablations on Model Components

Four key components (i.e., SKSA, TCDA, CMP, and SSG) are eliminated in turn to
evaluate their contributions to the proposed method. As shown in Table 7, removing any
component leads to noticeable performance degradation. The absence of CMP results in
the largest error increase, particularly for orientation estimation (e.g., from 1.00° to 3.47°
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on Cambridge), highlighting its critical role in fusing complementary cues and reducing
ambiguities between similar poses. Disabling SSG also leads to consistent performance
drop (e.g., translation errors increase by ~30% and rotation errors by ~75% on 7Scenes),
confirming its effectiveness in geometric feature interaction for pose regression. Removing
SKSA or TCDA similarly raises translation and rotation errors, demonstrating that both
the symmetric attention mechanism and token-level feature aggregation contribute to
robust feature representation. The entire model, integrating all four components, consis-
tently achieves the lowest errors across both indoor and outdoor datasets, showing their
synergistic enhancement of relative pose estimation.

Table 7. Average errors + standard deviations of DMT-Loc’s model components for ablation study
on 7Scenes and Cambridge Landmarks datasets. “|” indicates that lower values are better. Best
results are highlighted in bold and second best are underlined. “v"” denotes module presence.

SKSA TCDA CMP SSG 7Scenes (m/°) | Cambridge (m/°) |
v v v v 0.073 + 0.017/3.25 + 0.56  0.173 £ 0.061/1.00 + 0.11
v v v 0.118 +0.032/5.53 + 0.85 0.196 + 0.096/1.99 + 0.64
v v v 0.129 4+ 0.045/4.96 +0.97 0.203 + 0.112/2.12 + 0.77
v v v 0.153 £ 0.086/7.82 = 1.65 0.281 +0.177/3.47 +1.08
v v v 0.095 + 0.028/ 4.18 £ 0.73  0.183 + 0.079/1.75 &+ 0.39

5.3.2. Ablations on Design Strategies

Table 8 validates the core design of DMT-Loc. Under the same ImageNet-21K pre-
training, the ViM encoder outperforms CNN (VGG16, ResNet50) and ViT (DINOv2) back-
bones, confirming its superiority for feature extraction. The notably higher errors of DUSt3R
underscore that geometric reconstruction priors alone are insufficient for robust feature
aggregation. Within MxIT, the combined SKSA and TCDA design is proven to be essential;
either ablating or replacing them with standard pooling (VLAD, GeM) significantly de-
grades performance. For DAR, HNSW offers an optimal efficiency—accuracy balance, while
CMP emerges as crucial for robust matching compared to standard decoder alternatives. In
GIPR, accurate pose estimation hinges on the SSG mechanism, with its symmetric swap
and gating operations being more critical than specific activation function. Overall, these
results demonstrate that each component uniquely contributes to DMT-Loc’s superior
performance, with the full framework achieving the lowest errors and highest stability
across both indoor and outdoor benchmarks.

5.3.3. Ablations on Key Hyperparameters

Figure 11 presents a systematic analysis of key hyperparameters in DMT-Loc. The
results indicate that optimal performance is achieved with a feature dimension of 1536,
30 training epochs, 10 reference tokens for refinement, and a dual-path swap configuration.
This combination effectively balances representational capacity, training efficiency, and
geometric interaction. Notably, the SSG-MLP with two swap paths outperforms both single-
and multi-path variants, enabling complementary feature reasoning without introducing
redundancy or excessive computation. These well-tuned hyperparameters collectively
contribute to DMT-Loc’s strong performance in terms of accuracy, speed, and generalization
across diverse environments.

Table 9 further quantifies the sensitivity of several modular hyperparameters, report-
ing the maximum relative change in median pose error on the 7Scenes and Cambridge
Landmarks datasets when varying each hyperparameter across its tested range while keep-
ing others at default values. The results demonstrate consistently low sensitivity for each
hyperparameter, while all of them are kept constant across datasets without per-dataset tun-
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ing, confirming that DMT-Loc’s performance stems from architectural design rather than
overfitting. This aligns with its strong generalization in leave-one-scene-out evaluation.

Table 8. Average errors + standard deviations of DMT-Loc’s design strategies for ablation study on
7Scenes and Cambridge Landmarks datasets. “|” indicates that lower values are better. Best results
are highlighted in bold and second best are underlined.

Module Technique

7Scenes (m/°) |

Cambridge (m/°) |

5 VGG16 0.129 + 0.026/5.96 + 0.89 0.396 + 0.102/3.12 + 0.77
= g ResNet50 0.119 + 0.023/5.42 + 0.81 0.331 4+ 0.094/2.75 + 0.52
g +» DINOv2-ViT 0.101 £ 0.022/4.66 £ 0.75 0.273 £+ 0.083/2.45 4+ 0.23
- DUSt3R 0.096 + 0.020/4.57 £ 0.72 0.315 4+ 0.086/2.59 4+ 0.44
<« NLSA 0.103 £+ 0.028/4.74 £ 0.71 0.212 £+ 0.085/1.82 4+ 0.60
‘Q w/o0 RBFConv 0.097 + 0.021/4.15 £ 0.66 0.195 4+ 0.071/1.46 4+ 0.29
P w/o Sparsemax 0.085 4 0.019/3.93 £ 0.61 0.188 £ 0.069/1.37 & 0.43
% VLAD 0.144 + 0.033/7.49 £ 1.15 0.744 4+ 0.781/4.69 + 1.72
S < GeM 0.156 + 0.029/7.84 +£ 091 0.971 4+ 0.265/4.64 + 1.09
8 w/o Spatial 0.142 + 0.026/6.62 + 1.03 0.251 4+ 0.108/2.58 + 0.82
= w/o Frequency 0.096 + 0.041/4.59 £ 1.15 0.207 £+ 0.086/1.74 4+ 0.93
w/o0 Channel 0.129 + 0.025/5.13 £ 0.77 0.235 4+ 0.097/2.05 4+ 0.59
Z kNN 0.076 + 0.018/3.14 + 0.58 0.174 + 0.057/1.21 + 0.16
(2 K-D Tree 0.083 + 0.024/3.82 £ 0.65 0.192 +0.074/1.48 4+ 0.23
% T LSH 0.095 + 0.029/4.37 £ 0.78 0.236 4+ 0.092/1.86 + 0.31
A g, Transformer Decoder 0.183 £ 0.070/5.05 £ 1.34 0.238 +£0.172/2.19 4+ 0.85
=  Mamba Decoder 0.257 +0.182/7.49 +£2.16 0.744 + 0.781/4.69 + 1.72
“ Mamba Pointer 0.092 + 0.027/3.65 £ 0.61 0.194 + 0.083/1.33 4+ 0.26
& w/o Gate 0.121 + 0.031/4.60 £ 0.79 0.214 4+ 0.096/2.91 + 0.68
= o w/o Swap 0.096 + 0.027/3.97 £ 0.67 0.192 4+ 0.084/1.73 + 0.35
© w/o SiLU 0.083 + 0.023/3.49 + 0.62 0.187 4+ 0.082/1.65 + 0.28
DMT-Loc (Ours) 0.073 + 0.017/3.25 + 0.56 0.173 + 0.061/1.00 + 0.11
g 921 e ]
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Figure 11. Systematic hyperparameter analysis of DMT-Loc: (A) feature dimension; (B) training
epochs; (C) reference tokens; and (D) swap paths. The left and right columns reflect translation
errors (m) and rotation errors (°), respectively. Optimal settings are highlighted: 1536 dimension, 30
epochs, 10 tokens, and 2 swap paths.
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Table 9. Sensitivity analysis of modular hyperparameters. Sensitivity is reported as the maximum
relative change in median pose errors (averaged over translation/rotation and both 7Scenes and
Cambridge Landmarks datasets), varying each parameter within the tested range while keeping
others at default. * Performance plateaus after 6 CMP layers.

Symbol Description Equation Default Value Tested Range Sensitivity
v Gaussian kernel scale Equation (2) 1.0 [0.5,2.0] <8%
« Spatial scaling factor 1 Equation (4) 0.5 [0.3,0.7] <5%
B Spatial scaling factor 2 Equation (4) 2.0 [1.5,2.5] <5%
€ Stability constant Equation (7) 1x107* {1075,1073} <1%
k Number of HNSW candidates ~ Equation (8) 10 [5, 20] <6%
T Number of CMP layers t Equation (9) 6 [2,10] <10%
A Loss balance coefficient 1 Equation (12) 1 [0.5,1.5] <2%
U Loss balance coefficient 2 Equation (12) 1 [0.5,1.5] <4%

5.4. Latency and Memory

Table 10 outlines the computational overheads of various RPE models processing a
query image in 640 x 480 resolution. With superior indoor accuracy, DMT-Loc is 3.11 and
8.16 times faster than Map-free and ReLoc3r respectively in feature extraction. With the
integration of SSG-MLPs for rapid convergence, DMT-Loc reduces pose regression time to
just 6.09 ms. In contrast, ReLoc3r incurs a significant memory overhead exceeding 400 GB
FLOPs due to implicit stereo computations, whereas DMT-Loc reduces this by 34.61%.
These results confirm that DMT-Loc is more suitable for real-time robotic applications
where both low latency and high precision are required.

Table 10. Latency and memory for online RPR inference on a single image within 640 x 480 resolution.
“1” indicates that lower values are better. (FLOPs: floating point operations). Best results are
highlighted in bold and second best are underlined.

Method Extraction Regression Params  FLOPs
Latency (ms) | Latency(ms)] (MB)] (GB)J|
NN-Net [32] 40.19 8.41 47.32 87.6
ReLocNet [33] 41.80 9.32 75.30 116.4
Relformer [35] 106.47 18.92 291.45 359.8
Map-free [56] 31.71 11.20 87.26 107.1
RelPoseGNN [36] 72.63 28.28 204.41 284.2
ReLoc3r [37] 83.09 135.36 353.89 419.8
DMT-Loc-pw (Ours) 10.18 6.09 269.17 274.5
DMT-Loc-mv (Ours) 10.18 8.27 269.17 274.5

To assess feasibility on edge deployment, we further estimate theoretical throughput
on the NVIDIA Jetson AGX Orin. Based on its 275 TOPS INT8 and 204 GB/s bandwidth,
DMT-Loc (274.5 GFLOPs) could achieve ~15-20 FPS, which is sufficient for real-time
robotics. Although SSM kernels are currently less mature than optimized CNNSs, recent
advances (e.g., official Mamba CUDA implementation) are rapidly bridging this gap.

6. Conclusions

This paper has presented DMT-Loc, a debiased multiplex tokenizer that reframes
MFVR as a unified process of invariant feature aggregation and autoregressive anchor
interaction. Beyond achieving SoTA accuracy and efficiency, our work establishes that
explicit causal modeling of visual-geometric relationships is key to bridging discrete
retrieval and continuous pose estimation. The synergistic integration of CMP and SSG-
MLP offers a principled and validated MFVR framework.

Limitations: The proposed DMT-Loc highly depends on pre-trained 2D features in
challenging conditions, while its causal modeling is applied solely during token matching.
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Despite demonstrating cross-scene generalization on held-out datasets, its zero-shot per-
formance on radically heterogeneous domains remains to be validated. Extending causal
reasoning throughout the feature encoding pipeline represents a significant avenue for
improving robustness and interpretability.

Future work will focus on novel view synthesis for multi-view rendering to mitigate

viewpoint redundancy and enhance model generalization. Moreover, it is also critical to
validate DMT-Loc on physical edge devices (e.g., NVIDIA Jetson) and advance efficient
SSM implementations for resource-constrained platforms, toward deploying robust spatial
intelligence in real-world environments.
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Abbreviations

The following abbreviations are used in this manuscript:

MFVR Map-Free Visual Relocalization

APE Absolute Pose Estimation

RPE Relative Pose Estimation

VPR Visual Place Recognition

RPR Relative Pose Regression

MXIT Multiplex Interacive Tokenization
SKSA Sparse Kernel Self-Attention

TCDA Triplet Cross-Domain Aggregation
DAR Debiased Anchor Registration
HNSW Hierarchical Navigable Small World
CcMmP Causal Mamba Pointer

GIPR Geometry-Informed Pose Regression

SSG-MLP  Symmetric Swap Gated Multi-Layer Perceptron

Appendix A. Encoder Structure and Versions

During the process of feature map encoding, MambaVision [45] is taken as the visual
backbone to yield a preliminary feature map for each scene image. The pre-trained encoder
is shown in Figure Al. It is a hybrid backbone that combines convolutional blocks with
Mamba blocks effectively to perform local feature extraction and capture long-range spatial
dependencies, respectively.
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Figure A1l. The pipeline of pre-trained visual backbone for DMT-Loc: MambaVision [45]. There are
four stages with the first two convolution blocks and the last two Mamba blocks, while the needless
average pooling layer and fully connected layer are omitted.

Concretely, MambaVision comes in three versions as summarized in Table Al: tiny
(MambaVison-T), base (MambaVison-B), and large (MambaVison-L). The large version
achieves the best performance at the cost of greater overhead. To understand the impact
of pre-training, MambaVision-L pre-trained on ImageNet-1K is also compared against
the default 21K version, demonstrating that larger-scale pre-training unlocks additional
potential of the Mamba architecture for visual representation.

Table Al. Model overheads and median errors of different versions for the pretrained Mamba Vision
on 7Scenes and Cambridge Landmarks datasets. “]” indicates that lower values are better. Best RPR
results are highlighted in bold and second best are underlined.

Model Pretrain Params (MB) || FLOPs (GB) | 7Scenes (cm/°) | Cambridge (cm/°) |
MambaVision-T  ImageNet-21K 31.8 4.4 8.6/4.31 16.9/1.57
MambaVision-B  ImageNet-21K 97.7 15.0 7.9/3.83 16.1/1.39
MambaVision-L.  ImageNet-1K 241.5 37.5 7.7/3.58 15.8/1.26
MambaVision-L.  ImageNet-21K 241.5 375 7.4/3.25 15.5/1.02

Appendix B. Token and Error Distributions

To analyze the discriminative power of the learned tokens, we visualize their distri-
butions using t-SNE on the 7Scenes and Cambridge Landmarks datasets. As shown in
Figure A2, tokens generated by DMT-Loc form more compact and well-separated clusters
than those from NetVLAD, MixVPR, and SelaVPR. This clear structural separation indi-
cates stronger discriminative power and aligns with DMT-Loc’s superior generalization
performance in scene-agnostic evaluations (Section 5.2.1). The well-formed token distribu-
tion captures invariant scene characteristics with minimal inter-scene overlap, providing a
robust foundation for both image retrieval and pose regression, and further supports the
efficiency and versatility of DMT-Loc as demonstrated in the main experiments.

(a) NetVLAD (b) MixVPR (c)SelaVPR  (d) DMT-Loc (Ours)

: - ' chess
. . w fire
g heads
(A) office
- : pumpkin
Ty T —— I TR T T N N 5 ETSE TN TR N SR redkitchen
o ) stairs

- “ o GreatCourt

» » . o KingsCollege
(B) o . . OldHospital
ShopFacade
StMarysChurch

Figure A2. t-SNE visualizations of token distributions on (A) 7Scenes and (B) Cambridge Landmarks
datasets, corresponding to: (a) NetVLAD; (b) MixVPR; (c) SelaVPR; and (d) our proposed DMT-Loc.

To further validate the robustness of our debiased design, the full distribution of pose
errors is analyzed beyond median statistics. Table A2 reports the 90th and 95th percentile
errors of DMT-Loc compared with competitive baselines on the most challenging scenes
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(i.e., 7Scenes Stairs and Cambridge Church) as well as the average over all scenes of each
dataset. DMT-Loc consistently achieves lower tail errors, e.g., reducing the 95th percentile
translation error on the Stairs scene by 46.4% (0.15 m vs. 0.28 m) and rotation error on the
Church scene from 1.8° to 0.9°. These results demonstrate that DMT-Loc not only improves
average performance but also effectively mitigates large errors in difficult cases, confirming
the robustness of its feature-level debiasing across diverse environments.

Table A2. The 90th and 95th percentile pose errors (cm/°) on representative scenes and overall
averages of 7Scenes and Cambridge Landmarks datasets. “|” indicates that lower values are better.
Best RPR results are highlighted in bold and second best are underlined.

7Scenes (Stairs) | 7Scenes (Average) | Cambridge (Church) | Cambridge (Average) |

Method P90 P95 P90 P95 P90 P95 P90 P95

Map-free [56] 31/4.2 35/5.1 26.3/32 31.9/46 42/38 51/4.9 30.8/3.7 35.5/3.6
RelFormer [35] 38/5.6 44/6.8 23.7/36 29.6/45 31/29 39/3.7 27.8/4.3 33.8/5.2
ReLoc3r [37] 24/38 28/4.5 142/19 175/24 18/12 22/1.8 18.8/24 21.7/29
DMT-Loc (Ours) 12/2.1 15/2.8 7.1/1.2 9.3/1.5 9/0.7 12/0.9 9.4/1.4 13.1/2.0
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