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Abstract. We present DRS-VPT, a feed-forward transformer archi-
tecture for foundational image-to-scan registration. Given query images
and a reference 3D point cloud, the model predicts the scan pose and
point map alongside the poses and point maps of each camera, all ex-
pressed in the first camera’s frame. It additionally predicts a coarse-to-
fine pyramid of per-point and per-pixel features for direct reprojective
alignment of the scan to the first image. This formulation unifies down-
stream tasks such as camera—LiDAR calibration in autonomous driv-
ing and indoor camera-to-map relocalization. A single DRS-VPT model
achieves state-of-the-art performance for image-to-LiDAR registration in
autonomous driving, competitive indoor relocalization without training
map-specific weights, and strong zero-shot transfer to unseen environ-
ments. We also show qualitatively that the model learns complex scan-
to-image projection properties such as occlusion of back-facing points.

1 Introduction

Recent progress in feed-forward visual geometry has shown that large trans-
former architectures can infer dense scene structure and camera poses directly
from images, without requiring explicit calibration or iterative optimization.
Models such as DUSt3R [38], MASt3R |16], VGGT [36], and MapAnything [15]
demonstrate that generalizable multi-view geometry can be learned at scale.
However, these approaches operate purely in the image domain. When geometry
priors are available [12|15], they are assumed to be co-registered with an image
view. In many applications—including robotics, autonomous driving, and digital
surveying—scene geometry is instead captured independently by sensors such as
LiDAR or structured-light scanners, and is not aligned to any camera. This is
the problem of image-to-scan registration: aligning a query image to a reference
3D point cloud (see [Figure 1J).

Image-to-scan registration takes different forms. In autonomous driving, it
arises as camera—LiDAR calibration. Classical methods [6,|17,/50] require con-
trolled targets, known intrinsics, or accurate initialization; learned approaches |7,
13| assume small pose offsets and train on a single sensor configuration, limiting
generalization. Similarly, in indoor and outdoor camera-to-map relocalization, a
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Fig.1: As input, our model ingests raw point clouds (without color information),
alongside images taken from different poses. The model accurately registers the pose of
the camera in the point cloud. (Left) camera to dense map localization on a 12scenes
(unseen during training). (Right) camera to sparse scan localization on the Oxford
Spires dataset.

query image must be registered against a 3D scan of the environment. Existing
methods perform image-to-scan alignment by either lifting image fea-
tures into SFM reconstructions, or rendering image views from dense XYZRGB
maps where an expensive TLS sensor provides per-point color. Both approaches
rely on an external source of pre-aligned per-point color baked into the 3D map.

In this work, we introduce DRS-VPT, a feed-forward transformer archi-
tecture for image-to-scan registration. By training at scale across diverse sen-
sors and environments, the model learns true cross-modal alignment between
raw point clouds and images without baking image features into the input 3D
points, or prior knowledge of the scan’s pose. For each camera, the model predicts
a dense point map and camera pose. For scan alignment, the model predicts a
coarse scan pose and dense cross-modal feature pyramids for both the scan and
first image, which together drive differentiable direct image-to-scan alignment,
achieving state-of-the-art camera—LiDAR registration and competitive relocal-
ization against raw point cloud maps.

Our contributions are as follows:

— We introduce DRS-VPT, a transformer architecture that unifies feed for-
ward geometry prediction with differentiable direct image-to-scan alignment,
enabling image-to-scan registration without pose initialization or per-point
image features in the reference map.

— Through foundational training across diverse sensors and environments, a
single DRS-VPT model achieves state-of-the-art camera—LiDAR registration
and competitive relocalization against raw point cloud maps, generalizing
across domains where existing single-dataset methods fail catastrophically.

— As we show in an ablation, reprojective feature-metric alignment significantly
outperforms geometric point-alignment alternatives such as ICP and Kabsch,
reducing mean translation error by 5x on camera-LiDAR registration.
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2 Related Work

Learned Wide Baseline Image—Scan Alignment. Motivated by online camera-
LiDAR calibration fault recovery for autonomous driving, DeepI2P [18| intro-
duced image—scan alignment from wide offsets (= 5m) without pose initializa-
tion. DeepI2P uses a decoupled two-stage design: a cross-modal classifier trained
with binary cross-entropy labels each scan point inside or outside the camera
frustum, then a separate inverse camera projection solver recovers the pose,
with no gradient flowing back to the classifier. Later, CorrI2P |25], Relal2P |10],
and VP2P [49] also employ the two-stage design but instead supervise point-
to-pixel correspondences end-to-end, by regressing pose via a differentiable PnP
solver. More recently, TrafficLoc [43] additionally applies attention supervision
to improve cross-modal feature alignment. Trained independently on KITTT and
nuScenes, these methods generalize poorly across datasets—even between the
two—a failure mode we confirm in our experiments.

Learned Image—Dense Scan Alignment. A related line of work targets image-
to-dense-point-cloud alignment under high overlap. P2-Net [35] jointly detects
and describes keypoints in a shared cross-modal descriptor space, without fea-
ture fusion between modalities. 2D3D-MATR [19] removes the detection step,
matching coarse-to-fine patch descriptors with a detection-free transformer that
fuses image and point cloud features. UniCorrn |9] unifies 2D-2D, 2D-3D, and
3D-3D correspondence under a single shared-weight transformer. These meth-
ods address a considerably more constrained problem than the camera-LiDAR
setting above. The reference point cloud is back-projected from a dense depth
map, and image-scan overlap exceeds 50%. Neither of these conditions holds
when a narrow-FOV camera registers against a sparse 360° LiDAR sweep.

Image—Scan Alignment in Camera Relocalization. Motivated by camera relocal-
ization against pre-built 3D maps, these methods register query images to 3D
scans by embedding image appearance into the map. PixLoc [26] lifts appear-
ance features from mapping images into an SfM reconstruction and retrieves
query poses via feature-metric direct alignment. InLoc [29] and Zhang et al. [47]
instead render synthetic image views—from a posed RGBD database and a TLS
XYZRGB map respectively—and match against the query image. All require
per-point image appearance baked into the map, precluding localization against
geometry-only scans.

Fine Camera—LiDAR Alignment. Accurate camera—LiDAR alignment is funda-
mental to sensor fusion between these modalities. Where bespoke calibration
targets are available, classical methods optimize the joint alignment of plane
and line observations across both sensors [50], or the alignment of planar ge-
ometry alongside the intensity patterns of the target [6]. In unstructured envi-
ronments, calibration instead relies on mutual-information maximization [23],
intensity—edge matching [17], or online alignment of LiDAR and camera inten-
sity signals [22}24]. Learning-based approaches [11}21},45] directly regress the
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Fig. 2: DRS-VPT architecture. Query images and a reference 3D point cloud are
encoded using DINOv2 and a Sonata point transformer respectively. Their tokens are
fused using a transformer with alternating global cross-modal attention and modality-
specific local attention. From the fused representation the model predicts camera poses,
dense point maps, and alignment features for both modalities. The predicted scan pose
provides an initial alignment which is refined using differentiable direct image—scan
alignment, producing the final cloud pose in camera 1 frame.

camera—LiDAR transformation from paired observations, but exhibit poor gen-
eralization across sensor configurations [7]. DXQNet and VoxCal [7] improve
on this by coupling differentiable pose optimization into the training loop, al-
lowing pose supervision to shape the learned features. All these methods assume
a relatively accurate initial guess pose—they perform local refinement, not re-
covery from wide offsets.

Feed-Forward Visual Geometry Models. Farly convolutional models for joint
depth and motion estimation showed limited generalisation, prompt-
ing methods to embed geometry-grounded differentiable optimization into train-
ing . DUSt3R then demonstrated that dense two-view geometry
can be solved end-to-end with a large transformer trained at scale, motivating
MASt3R and VGGT [36], which extended this to many views. Pow3R
and MapAnything further extend these architectures to ingest ground-truth
geometry alongside images, but require the geometry to be frame-aligned to
camera views.

3 DRS-VPT

Our end-to-end model (see ingests a set of N RGB images together
with a reference 3D point cloud. We denote the image set as Z = {I;}~ | and the
reference point cloud as P.All predicted geometric quantities are expressed in
the coordinate frame of the first image I, which serves as the reference frame for
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the scene. During both training and inference the model operates on a small set
of image observations (typically up to four views) jointly with the reference point
cloud. Crucially, the reference point cloud is not assumed to be aligned with any
of the input images. As a result, the model must infer the alignment between
the visual observations and the 3D geometry of the scan while estimating the
camera poses of the remaining images relative to .

Formally, the network implements

fors.ver(Z, P) = {87 (Qi,ti, R, Dy, W)X,
(X, Q7,7 wh), (1)
l 1 1 l
(FI( )’F1(3)7W1( )7W}(9))?:1}7

Here s € RT denotes the predicted global metric scale. For each image 1,
the model predicts a unit quaternion ); € H representing camera rotation and
an up-to-scale translation t; € R® expressed in the coordinate frame of the first
image I;. The tilde notation (*) indicates quantities defined up to scale.

In addition, the model predicts per-view ray directions R; € R3*H*W and
up-to-scale ray depths D; € R *W  from which local point maps may be
recovered. For each reconstructed image point, the model also predicts confidence
weights WX € RZXW that estimate the reliability of the predicted geometry.

For the reference scan, the model predicts transformed scan points XP e
R3*K together with a quaternion rotation Q¥ € H and an up-to-scale translation
t? € R3 describing the pose of the scan relative to the first camera I;. The model
additionally predicts per-point confidence weights W¥ € R¥ that capture the
reliability of each transformed scan point. The predicted scan pose provides an
initialization for subsequent direct image—scan alignment.

To refine the scan’s pose, the network also predicts dense features for both
modalities. We produce a three-level pyramid of coarse-to-fine alignment fea-
tures {Fl(l)}f’=1 and {F 1&”}?:1 for the first image and point cloud branches
respectively, alongside corresponding feature confidence maps {Wl(l)}‘?:l and

{Wg)}?zl. These weighted feature pyramids are used for differentiable direct
alignment between the reference image and the 3D scan.

3.1 Encoding Images and Point Clouds

Given a set of N images and a reference point cloud, DRS-VPT encodes both
modalities into a shared latent space of dimension 1024. For image inputs, we use
the same frozen DINOv2 encoder as MapAnything [15]. Specifically, we extract
the final-layer patch features from DINOv2 ViT-L, producing

FI c R1024><H/14><W/147 (2)

which serve as the per-patch image tokens used throughout the model.
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For the reference point cloud, we employ the Sonata variant of PointTrans-
formerV3 [40,41]. We use adaptive voxel downsampling with grid sizes rang-
ing from 5mm to 10cm depending on the dataset and scene extent. For non-
metric datasets such as MegaDepth, the grid size is determined using the median
nearest-neighbour distance of the point cloud. To accommodate scenes of vary-
ing scale, the downsampled point cloud P e R¥*X ig normalized by the scene
scale (logarithm of the mean point range). Sonata is adapted to produce fea-
tures in the same latent dimension (1024). The resulting encoder produces a set
of per-point features

Fp={f{'Yio1, ' eRO (3)

To help regress the original scene scale, the normalization term is encoded and
added to the scan tokens via a learned gate initialised to zero.

3.2 Cross-modal Attention

The encoded tokens are processed by a transformer composed of alternating
global and local attention layers. An extra learnable scale token participates in
global attention to propagate metric information across the image and point
cloud representations. A single base-frame embedding is added to the tokens
of the first image I;, defining the reference coordinate frame and anchoring
the representation for subsequent geometric prediction. We adopt a 24-layer
alternating-attention architecture similar to MapAnything [15], consisting of 12
global and 12 local attention blocks with a latent dimension of 768 (projected
down from 1024 at input), 12 attention heads, and an MLP ratio of 4. The
transformer weights are initialized from the corresponding MapAnything model
and subsequently fine-tuned for the cross-modal registration task.

To maintain tractable attention complexity, the encoded point cloud tokens
are uniformly downsampled to 5,000 tokens in Sonata’s space-filling curve order
before entering the transformer. During the global attention blocks, all tokens
from both modalities and the scale token attend jointly. In the alternating local
attention blocks, the modalities are processed independently. Point cloud tokens
perform self-attention within the cloud branch and image tokens perform self-
attention within each image view independently.

After the transformer layers, we fuse the output cloud tokens with their
respective original high-resolution point features using a learned gating mecha-
nism. For each point, the final feature representation is computed as

R = o(ge) f + (1= o(gr) £2, (4)

where f*™ denotes the contextual feature obtained from the transformer to-
kens, fioc@l is the original point encoder feature, and o(gy) is a learned gating
weight predicted from the concatenated features. The gated fusion is specif-
ically valuable because it recovers high-resolution per-point features that the
transformer would otherwise lose due to the 5,000-token downsampling, with
performance degrading when fewer points are available (see Tab. @
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Fig. 3: Coarse-to-fine Direct Alignment. The cloud pose estimate (A) is refined by
aligning the cloud dense features (B) to the image features (C). (A) in the first row
shows the pose head output for the cloud pose in camera 1 frame. Notice that it is
slightly misaligned. The heatmap in (D) shows the cosine similarity of the queried
cloud point marked in red in (A) to the feature at each pixel in (C). Note that this
heatmap evolves from global saliency at the coarsest level (first row), to sharper, more
local saliency at finer levels. (E) and (F) show the feature weights of the cloud and
image features respectively. The post-alignment overlay for each pyramid level is shown
in (G). See also for a more detailed example on ETH3D.

3.3 Output Reconstruction

For each image view 4, the model predicts ray directions R;, up-to-scale ray
depths D;, camera rotation Q;, and up-to-scale translation t;, all expressed in
the coordinate frame of the first image I,. The image branch uses the same
DPT-based depth and convolutional pose heads as MapAnything . For the
scan_output, a lightweight linear decoder maps each upsampled cloud token
(see to transformed coordinates X in the frame of I, alongside per-
point confidence weights. A global pose head additionally predicts scan rotation
QF and up-to-scale translation t¥, providing a coarse initialization for the direct
image—scan alignment stage. The global metric scale s is predicted using the scale
token via a two-layer MLP with exponential output to ensure positivity.

From the first image and point cloud tokens, we decode three-level coarse-to-
fine feature pyramids for cross-modal alignment. Image features (dimension 24
at each level) are decoded using DPT heads with upsampling skip connections;
point cloud features are decoded using a lightweight MLP with skip connections.
Both branches also output per-element confidence weights. These pyramids drive
the differentiable direct image—scan alignment described next.

3.4 Unrolled Direct Image—Scan Alignment Refinement

While the network predicts a decent initial pose for the reference scan, accurate
cross-modal localization benefits from fine direct alignment as illustrated by the
coarse-to-fine optimization process in Fig.

Let 15j denote the input 3D measurements from the reference scan. These
points are not assumed to be aligned with the camera coordinate frame and
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remain in their original sensor coordinates. Instead, the predicted global scale s
is used to rescale the translation component of the predicted scan pose (QF,t7),
yielding the initialization t” = st” while the rotation is given by R(QF) €
SO(3). This scaled pose provides the initial alignment of the scan relative to the
first camera view.

Since the predicted scan pose is expressed in camera 1 coordinates, each

scan point P; is projected into the image of camera 1 via the standard projec-
tion u;; = H(R(QP) Pj + tP), given known intrinsics. Following PixLoc [26],
at pyramid level p we compute a feature residual between the point-cloud fea-
ture and the image feature bilinearly sampled at the projected pixel location,
vl =Fp  —Fi(u;) € RP» | where F, ; is the feature of point j in the point-cloud
branch and F¥(-) is the image feature map evaluated at the projected location.

The alignment energy at level p is then E, = >, wf wj p([[ef]|?), where w!

J
and wJI» are learned confidence weights for the point cloud and image features
respectively, and p(-) is a robust penalty to suppress outliers. The product of
confidence weights allows the optimizer to jointly downweight unreliable geo-
metric observations and ambiguous image regions. Remarkably, the point-cloud
weights wJP often learn to downweight geometrically occluded points, such as
scan measurements lying behind visible surfaces from the current camera view-
point (see [Figure 5)).

To optimize the pose, we linearize the residuals with respect to an incremental
pose update & € R in the Lie algebra of SE(3). Stacking the residuals across all

. . . or?
points and feature channels yields the Jacobian Jyi(;_1)p, = g—gk, where r? &

denotes the k-th feature channel of the residual r? . Let W denote a diagonal
weight matrix containing the combined confidence weights and robust kernel
derivatives. The Gauss-Newton approximation to the Hessian is H = JTW.J,
and the pose increment is obtained by solving the normal equations,

H¢=—J Wr, (5)
and applying the update via the SE(3) exponential map,

] —ew@ 4], ©)

We unroll a fixed number of Gauss—Newton iterations (typically five) at each
pyramid level and proceed from coarse to fine across the feature hierarchy. The
final supervision is applied using a reprojection loss between the predicted and
ground-truth poses,

Lo = X o (52 + ) -1 (w3 2y +)[) . )
pPoJ

where (R,t) denotes the ground-truth pose and (R%,,th,) denotes the pose
after the final unrolled optimization step at pyramid level p. This coarse-to-fine
optimization allows the model to refine the initial scan alignment and achieve
accurate image-to-scan localization.
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Fig. 4: Coarse-to-fine direct alignment on ETH3D Facade. The first column
shows the model’s input image, the input misaligned cloud, and the final aligned over-
lay. Each subsequent column corresponds to one pyramid level, showing (top to bot-
tom): the cloud overlay at the current estimate with a query point in red, point cloud
features, image features, the query point’s cross-modal similarity heatmap, and the
overlay after refinement. The starting pose at the first level (top row) is produced by
the transformer’s scan pose head.

3.5 Training Loss Formulation

We supervise the predicted ray directions R;, rotations @, translations t;, depths
DZ, local point maps L;, world-frame point maps XZ, and confidence maps C;
against their ground-truth counterparts R,, Q,, t,, Dl, L“ and X;.

The ray and rotation losses are computed using /o distances,

Lrags = S |Ri — Rill2 and Loy = Y, min([|Q; — Qill2, || — Qi — Qill2),
which accounts for the two-to-one symmetry of unit quaternions. Translations
&
27 %

are optimized in a scale-invariant manner, L ansiation = Zl , where 2

and Z denote the ground-truth and predicted scene scales.

We train depth and point-map predictions in log-space using,
Jiog(2) = |z” log(1 + ||z||). The corresponding losses are
Edepth - Zz ||f10g(Di/Z) - flog(Di/g)”Zv ﬁlpm = Zz ||flog(Li/2) - flog(Li/Z)”Z’
and the confidence-weighted point-map loss,
Lpointmap = 2_; Cill fiog(Xi/2) — fiog(Xi/2)||l2 — alog C;.
The global metric scale s is optimized using Lgcale = || fiog(2) — fiog (#metric) ||25

where zpetric = $-8¢(Z), combines the predicted scale s with a detached normal-
ization term Z to prevent gradient coupling through scale.

Confidence-weighted point-map supervision is applied to both image and
point cloud outputs. Scale supervision is included only for datasets with metric
ground truth.

The final training objective combines geometric supervision with the repro-
jection loss from the differentiable alignment stage,
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Fig. 5: Learned feature saliency and confidence weighting on Oxford Spires. The model
assigns high saliency to geometrically distinctive structures while the learned confidence
weights (columns 4) suppress scan points that are occluded from the current camera
viewpoint (pillars behind the facade of the building shown as dark streaks).

Etotal =10 £pointmap + L:rays + Erot + Etranslation
+ Edepth + Llpm + ﬁscale + ‘Creproj- (8)

3.6 Datasets and Multi-View Sampling

We train DRS-VPT on a diverse collection of multi-modal datasets spanning
indoor, outdoor, and large-scale driving environments: MegaDepth , Oxford-
Spires , KITTI , ETH3D , Argoverse , nuScenes , PandaSet ,
7-Scenes , ScanNet++ , WildRGBD , and GrandTour . These
datasets provide a wide range of sensing modalities including structure-from-
motion reconstructions, LIDAR scans, and dense laser-scanner depth maps. Train-
ing across this heterogeneous collection enables the model to generalize across
both metric and up-to-scale geometric regimes as well as across different sensor
configurations.

Datasets. For MlegaDepth, we use the publicly available structure-from-motion
reconstructions, treating the recovered 3D points as up-to-scale supervision for
the point cloud branch. OxfordSpires provides synchronized camera—LiDAR
data collected in outdoor environments; we use sparse LIDAR returns within the
camera frustums for geometric supervision. In KITTI, Argoverse, nuScenes,
and PandaSet, the model ingests full LIDAR scans captured by autonomous
driving platforms, providing the low-overlap alignment challenge between narrow-
FOV cameras and full 360° vehiclee-mounted LiDAR sweeps. ETH3D, Scan-
Net++, and 7-Scenes, WildRGBD provide dense indoor reconstructions ob-
tained from structured-light, depth camera or laser scanning systems, which we
treat as depth-derived point clouds associated with the corresponding camera
views. Finally, the GrandTour dataset contributes camera-LiDAR sequences
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Table 1: Camera-LiDAR alignment under wide initialization. For each dataset we
report translation ¢ (in meters) and rotation r (in degrees) errors, shown as mean
followed by median. Accuracy is the percentage of predictions within 2m translation
and 5° rotation error.

KITTI nuScenes
Method t [m]| r [°] Acc t [m]| r [°] Acc
CorrI2P [25] 3.78 / - 5.80 /-~ 7242  3.04 /- 3.73 /- 49.00
VP2P [19] 1.91 /123 5.17 /2.69 64.13  0.89 / 2.15 / 88.33
CoFil2P |14] 0.32 /0.27 1.27 /1.06 99.41 1.21 /0.75 2.54 /1.70 90.87
TrafficLoc [43)| 0.17 /0.14 0.82 /0.55 99.18 2.26 /0.23 5.68 / 1.63 90.06

DRS-VPT (Ours) 0.09 / 0.05 0.34 / 0.25 99.73 0.33 / 0.13 0.67 / 0.33 97.76

from a robot-mounted platform across deployment-relevant in-the-wild settings
such as forests and warehouses, providing the model with registration experience
in the unstructured environments where robotic systems must operate.

Multi- View Sampling. To ensure consistent geometric overlap during training,
we adopt a covisibility-based sampling strategy similar to MapAnything [15].
For each dataset, we precompute pairwise frame overlaps using reprojection-
based visibility checks derived from ground-truth poses or depth maps. Training
samples are constructed such that all selected image views share at least 25%
geometric overlap with the reference scan.

During training, we sample connected sets of N covisible images together
with a reference point cloud. The reference scan may correspond either to a Li-
DAR frame or to a reconstructed point cloud associated with one of the views.
To encourage generalizability, we apply random rotation and translation aug-
mentations to the input scan during training.

For datasets with smaller-scale scenes (e.g., WildRGBD, and ScanNet-++),
we occasionally aggregate several nearby point clouds into a single reference
frame before presenting them to the model. This produces larger map-like scans
while preserving the single-scan input formulation of the network. For 7-Scenes,
all posed depths are aggregated into a map frame and downsampled to train
relocalization. Consequently, the model is consistently trained in an image-to-
scan relocalization setting rather than in a local reconstruction configuration.

4 Experiments

We evaluate DRS-VPT on the task of image-to-scan relocalization across both
outdoor autonomous driving and indoor RGB-D environments. Unlike most prior
relocalization approaches, which train scene-specific models tied to a fixed map
representation, DRS-VPT directly ingests a 3D scan and image at inference time
and predicts camera poses relative to that scan.

We evaluate the method in three complementary settings. First, we measure
wide-baseline camera-LiDAR alignment accuracy on two autonomous driving
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datasets — KITTI and nuScenes. Second, we evaluate indoor camera relocaliza-
tion on the 7Scenes benchmark, where DRS-VPT dynamically ingests the scene
map instead of learning a dedicated scene model. Finally, we test cross-dataset
generalization by localizing images in completely unseen environments without
fine-tuning.

Together, these experiments evaluate in-domain performance as well as the
ability of a unified multi-modal transformer to generalize across different sensors,
scene scales, and environmental statistics.

4.1 Autonomous Driving Alignment

We first evaluate wide-baseline camera—LiDAR alignment on KITTT and nuScenes.
Following prior work, we report translation and rotation errors together with the
percentage of predictions within 2m translation and 5° rotation thresholds.

For this experiment, we use KITTI odometry sequences 9 and 10 for the wide-
baseline localization task. None of these sequences are included in our training
set, making this a genuine held-out evaluation.

In the wide-baseline setting, we perturb the LiDAR point cloud with a ran-
dom rigid transformation of up to +10m in the x—z plane and an arbitrary
rotation about the vertical (y) axis, following the standard evaluation protocol
of prior camera-LiDAR registration methods [25[49]. This yaw-and-translation
protocol reflects the dominant degrees of freedom in ground-vehicle operation;
the model receives no initial pose and must recover the full alignment globally
from the perturbed input.

Table [1| shows that DRS-VPT achieves state-of-the-art performance on both
datasets. Despite operating with a unified architecture that directly processes
point clouds and images, our method outperforms specialized correspondence-
based methods such as CorrI2P, VP2P, CoFil2P, and TrafficLoc. Notably, the
model achieves the lowest translation and rotation errors on KITTI while main-
taining strong performance on nuScenes, demonstrating that the learned geo-
metric representation transfers effectively across different autonomous driving
sensor configurations.

4.2 Indoor Camera—Map Localization

We evaluate indoor relocalization on the 7Scenes dataset, a standard benchmark
for camera pose estimation in RGB-D environments. Unlike most existing meth-
ods, which train scene-specific neural models that encode a map representation
during training, DRS-VPT directly ingests a 3D geometric map at inference time
and predicts the camera pose relative to that map.

For this experiment, 3D maps are constructed from the RGB-D sequences
provided with the dataset. 3D maps are constructed from the training sequences
of each scene; at evaluation time, query images are drawn from the held-out test
split and localized against these training-sequence maps.
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Table 2: Pose estimation results on the 7Scenes dataset (indoor). Values are translation
error (cm) / rotation error (deg). The last column reports overall recall (%).

Method Chess Fire Heads Office Pumpkin Kitchen Stairs Recallt
InLoc [29] 3/1.05 3/1.07 2/1.16 3/1.05 5/1.55 4/1.31 9/2.47 66.3
DSAC* 2] 2/1.10 2/1.24 1/1.82 3/1.15 4/1.34 4/1.68 3/1.16 85.2
PixLoc [26] 2/0.80 2/0.73 1/0.82 3/0.82 4/1.21 3/1.20 5/1.30 75.7
ACE (1] 2/0.68 2/0.87 1/0.67 3/0.84 4/1.15 4/1.34 5/1.25 75.6

DRS-VPT (ours) 3/0.84 2/1.01 2/1.00 3/0.88 7/1.67 5/1.30 27/3.26 66.4

Table [2| compares our approach to several established relocalization systems.
Methods such as DSAC* and ACE learn scene-specific neural scene representa-
tions, while PixLoc performs feature-based alignment between query images and
reference images stored in a map. In all cases, these baselines operate entirely
within the image domain, matching pixels between query and reference views
captured by the same camera and relying on scene-specific training to encode
the map structure.

In contrast, DRS-VPT localizes query images directly against a 3D map con-
structed from depth observations, introducing a cross-modal alignment problem
between RGB images and point clouds. Despite this additional modality gap and
the absence of scene-specific training, our method remains competitive with ex-
isting approaches, demonstrating that the learned cross-modal features provide
sufficient geometric signal for reliable localization.

Performance on the Stairs scene is noticeably lower than on other scenes.
This environment contains highly repetitive staircase structures that produce
strong geometric aliasing, making pose disambiguation difficult even for special-
ized relocalization systems.

These results suggest that dynamic map ingestion may provide a viable alter-
native to scene-specific relocalization models. We further validate this hypoth-
esis in the next experiment, where we localize images in a completely unseen
indoor dataset using only the provided 3D map, demonstrating strong cross-
environment generalization.

4.3 Zero-Shot Indoor Relocalization

To further evaluate cross-environment generalization, we test DRS-VPT on the
12Scenes [34] dataset, which contains indoor environments similar to 7Scenes but
was never used during training. As in the previous experiment, the model local-
izes query images against 3D maps constructed from depth-camera observations
of each scene.

Table |3| reports aggregated results across subscenes, showing median trans-
lation and rotation errors together with recall under the standard 5cm and 5°
accuracy threshold. Despite never observing these environments during training,
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Table 3: DRS-VPT results on Twelve Table 4: KITTI — nuScenes generaliza-

Scenes (scene-level aggregation). tion for image-to-point alignment.
aptl apt2 officel office2 Method t[m] r[°] Recall (%)
Trans (cm) 4 5 4 7 TrafficLoc 16.55 95.55 1.9
Rot (deg) 1.92 2.23 1.82 2.78 CoFil2P 17.46 93.40 2.9
Recall (%) 56.8  48.9 62.0 33.7 DRS-VPT 0.538 1.14 66.74

DRS-VPT achieves consistent localization across all scenes with an overall recall
of 53.6%.

Although recall is lower than on 7Scenes due to the domain shift and the
absence of scene-specific training, the results demonstrate that the model can
successfully localize images in completely unseen environments using only a pro-
vided geometric map. This experiment highlights the ability of DRS-VPT to
generalize beyond the training distribution and operate in a true zero-shot relo-
calization setting.

4.4 Cross-Dataset Generalization

Finally, we evaluate cross-dataset generalization in the autonomous driving set-
ting. For this experiment, baseline methods are trained on KITTI and evaluated
directly on nuScenes, following the protocol used in prior work. For DRS-VPT,
we train a single model on our full multi-dataset training corpus while explicitly
excluding nuScenes.

Table [] reports localization performance on nuScenes. Methods trained only
on KITTI fail to generalize under the significant domain shift between the two
datasets, resulting in extremely large pose errors and near-zero recall. In con-
trast, DRS-VPT maintains accurate alignment with a median translation error
of 0.538 m and rotation error of 1.14°, achieving a recall of 66.74%.

These results demonstrate that the geometric representations learned by
DRS-VPT transfer effectively across different autonomous driving platforms
and sensor configurations. More broadly, the ability to localize images in previ-
ously unseen environments using only a provided 3D map suggests that dynamic
map ingestion can serve as a practical alternative to scene-specific localization
pipelines.

4.5 Ablation: Refinement Strategy and Point Density

We also explored geometric alignment on predicted point maps as an alterna-
tive refinement strategy. Tab. 5| compares Iterative Closest Point (ICP, aligning
the camera-view point map to the input cloud) and Kabsch (aligning the in-
put cloud to the cloud-head point map). While these methods improve rotation,
neither significantly reduces translation error. We observe that point-based align-
ment demands globally accurate metric depth from the model—a fundamentally
harder regression target than learning cross-modal feature alignment. Feature-
metric direct alignment instead exploits discontinuities in learned cross-modal
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features at surface boundaries, a signal the end-to-end training naturally pro-
duces, reducing mean translation error by 5x. Tab. [] further shows performance
improving with point density, demonstrating the benefits of the gated fusion

mechanism (see [Equation 4)) in recovering high-resolution per-point detail.

Table 5: Comparison of refinement strategies Table 6: Robustness of GN refine-

on KITTI. ment to point cloud density on KITTI.
Method t [m] r [°] Acc N Points t [m] r [°] Acc
Raw pose head 0.50 / 0.44 1.45 / 1.38 99.64 5,000 0.14 / 0.09 0.46 / 0.35 99.64

+ ICP refinement 0.52 / 0.45 1.25 /1.12 99.57 10,000 0.10 / 0.06 0.35 / 0.29 99.71
+ Kabsch alignment 0.61 / 0.52 0.94 / 0.83 98.82 20,000 0.09 / 0.06 0.34 / 0.25 99.71
+ Feature-metric 0.09 / 0.05 0.34 / 0.25 99.73 50,000 0.08 / 0.05 0.32 / 0.23 99.71

5 Discussion and Future Work

We presented DRS-VPT, a feed-forward transformer for image-to-scan relocal-
ization that unifies geometric prediction and differentiable direct alignment in a
single architecture. Unlike prior methods that explicitly classify frustum overlap
before solving for correspondences, DRS-VPT learns to identify relevant scan re-
gions implicitly through the reprojective inductive bias of the alignment objective
(see . Strikingly, the learned confidence weights suppress back-facing,
occluded scan points without any explicit occlusion supervision (see ,
evidence that the reprojective objective instils physically meaningful geometric
understanding. Across autonomous driving and indoor benchmarks, DRS-VPT
achieves state-of-the-art wide-baseline camera—LiDAR alignment, remains com-
petitive with specialized indoor relocalization systems, and generalizes well to
unseen environments.

Several open directions remain. The current formulation assumes a single
rigid reference scan, therefore, extending to multi-scan or hierarchical map rep-
resentations would broaden applicability to large-scale environments. Handling
articulated and dynamic objects would open applications in robot state tracking.
Additionally, generalizing to allowing multiple output instances per point cloud,
unlocks object-level instance detection as a downstream task.
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