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Abstract. Image-to-point cloud registration aims to estimate the 6-DoF
camera pose of a query image with respect to a 3D point cloud, which
remains challenging due to the heterogeneous nature of dense visual ap-
pearance and sparse geometric structure. Most existing learning-based
methods follow an overlap–then–registration paradigm, where pose esti-
mation is restricted to a predicted overlapping region. Such a sequential
decomposition is inherently fragile, as inaccurate overlap prediction may
discard geometrically consistent regions and irreversibly constrain pose
optimization. In this work, we reformulate image-to-point cloud registra-
tion as a pose–geometry coupled reasoning problem, where camera pose
and scene geometry are treated as interdependent variables. Based on
this formulation, we propose PGCR, a unified framework that estimates
camera pose by explicitly reasoning over dense cross-modal geometry.
PGCR jointly predicts camera pose together with dense geometric rep-
resentations and grounds pose inference in global geometric consistency.
To enable effective pose–geometry coupling, we introduce a Geometry-
aware Pose Refinement mechanism to enforce prediction-level consistency
between pose and geometry, and a Pose-guided Progressive Refinement
strategy to adapt cross-modal interaction according to intermediate pose
estimates. Extensive experiments on two widely used outdoor and two
indoor benchmarks demonstrate that PGCR consistently outperforms
prior state-of-the-art methods across all evaluation metrics while remain-
ing computationally efficient.
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1 Introduction

Image-to-point cloud registration aims to estimate the 6-degree-of-freedom (6-
DoF) camera pose of a query 2D image with respect to a pre-built 3D point cloud.
This task is fundamental to numerous computer vision applications, including
visual localization [41], 3D reconstruction [16], and SLAM [18]. Compared to
single-modality registration, image-to-point cloud registration is inherently more
⋆ Corresponding author
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Fig. 1: Comparison between existing learning-based methods and our end-to-end
framework. (a) Conventional methods decouple overlap prediction and pose estima-
tion, making them vulnerable to early errors under sparse or ambiguous overlap. (b)
Our proposed method, PGCR, jointly reasons about pose and geometry, allowing vis-
ibility and correspondence to emerge implicitly through geometric consistency. This
coupled formulation enables global reasoning and avoids irreversible error propagation.

challenging due to the heterogeneous nature of the two modalities: images pro-
vide dense appearance cues on regular 2D grids, whereas point clouds capture
sparse geometric structures in irregular 3D space. Bridging this modality gap to
achieve accurate and robust registration remains a long-standing problem.

Existing learning-based methods [20,24,27,30,36,50] typically follow an over-
lap–then–registration paradigm, as shown in Figure 1(a). In these methods, fea-
tures are extracted independently from 2D images and 3D point clouds, followed
by an explicit overlap prediction stage that identifies potentially visible regions
between the two modalities. A registration stage is then performed by restrict-
ing optimization to the predicted overlapping region. While this decomposition
reduces the search space, it introduces a critical vulnerability: errors in overlap
prediction may discard geometrically consistent regions or introduce mislead-
ing correspondences. This issue becomes particularly severe in outdoor environ-
ments, where sparse and noisy LiDAR observations, together with repetitive
structures, make overlap prediction highly ambiguous.

In this work, we revisit the formulation of image-to-point cloud registration
from a geometric reasoning perspective [46]. Unlike single-modality registration,
this task exhibits a fundamental bidirectional dependency: camera pose directly
determines which subset of the 3D scene is visible, while observed scene geom-
etry simultaneously constrains the set of feasible pose hypotheses. This mutual
dependency implies that pose estimation and geometric reasoning are inherently
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coupled. However, existing pipelines explicitly decouple these two aspects by
first estimating overlap and then regressing pose within the predicted overlap-
ping region. Motivated by this observation, we formulate image-to-point cloud
registration as a tightly coupled pose–geometry reasoning problem. Instead of
treating overlap prediction as an explicit prerequisite, we directly model cam-
era pose and scene geometry as interdependent latent variables within a unified
framework, where visibility and correspondence are not predefined but emerge
implicitly through geometric consistency during joint optimization. As a result,
the model can reason globally over the entire scene, leverage partially visible
but geometrically informative structures, and avoid error propagation caused by
inaccurate overlap prediction. Based on this formulation, we propose PGCR,
an end-to-end Pose–Geometry Coupled Reasoning framework that estimates
camera pose by explicitly reasoning over dense cross-modal geometry. Specif-
ically, PGCR jointly predicts camera pose together with a dense depth map
in the image domain and a global point map in the 3D domain, as shown in
Figure 1(b). These geometric predictions are not auxiliary targets; rather, they
introduce structured geometric constraints that continuously regularize pose es-
timation. Concretely, the predicted dense geometry provides spatially distributed
reprojection signals across the entire image and point cloud, enabling the model
to evaluate pose hypotheses through global geometric consistency rather than
relying on sparse or local correspondences. This dense constraint distribution
improves optimization stability, enlarges the effective convergence basin, and re-
duces sensitivity to partial overlap or noisy observations. Moreover, as pose and
geometry are optimized in a mutually conditioned manner, visibility is deter-
mined implicitly by geometric alignment instead of being explicitly filtered at
an early stage. This global reasoning mechanism avoids discarding potentially
useful regions too early and allows the model to retain informative structures
throughout optimization.

While coupling pose estimation with dense geometry improves robustness,
it exposes an important optimization gap. In typical architectures, camera pose
is predicted from a compact global token. Although this design is computation-
ally efficient, it introduces two limitations. First, spatially distributed geomet-
ric evidence must be compressed into a global representation, which inevitably
discards fine-grained structural constraints. Second, pose and dense geometry
are predicted through separate output heads, and nothing explicitly enforces
their geometric consistency. To address these issues, we introduce a Geometry-
aware Pose Refinement (GPR) mechanism that establishes a feedback loop
between pose and geometry: inconsistencies between the current pose estimate
and dense geometric predictions generate corrective signals that refine the pose.
By grounding pose estimation in spatially distributed geometric evidence and
aligning it with predicted scene structure, GPR improves both geometric fidelity
and optimization stability, leading to more accurate and robust registration.

Beyond prediction level consistency, robust cross-modal alignment still faces
a complementary challenge at the interaction level. Blindly performing dense
2D–3D interaction over the entire scene not only introduces substantial geo-
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metric noise but also leads to unnecessary computational overhead. Therefore,
effective pose–geometry coupling requires the interaction mechanism itself to
evolve according to the current pose estimate. To this end, PGCR incorporates
a Pose-guided Progressive Refinement (PPR) strategy that conditions
cross-modal interaction on intermediate pose hypotheses. Starting from a coarse
pose estimate, the model progressively focuses attention on increasingly plausi-
ble and visible 3D regions. By reducing irrelevant interactions and concentrat-
ing computation on geometrically consistent areas, this progressive alignment
improves both optimization stability and computational efficiency.

Together, PGCR provides a unified pose–geometry coupled reasoning frame-
work for image-to-point cloud registration. Extensive experiments on two widely
used outdoor and two indoor datasets demonstrate that PGCR consistently out-
performs prior state-of-the-art methods across all evaluation metrics, validating
the effectiveness, robustness, and generality of the proposed formulation.

Our main contributions are summarized as follows:

– We propose PGCR, a unified framework for image-to-point cloud registration
that formulates camera pose estimation as a pose–geometry coupled reason-
ing problem, enabling joint inference of camera pose and scene geometry
through dense 2D–3D interaction without explicit overlap prediction.

– We introduce a Geometry-aware Pose Refinement mechanism and a Pose-
guided Progressive Refinement strategy, which together make pose–geometry
coupling accurate and stable by enforcing pose–geometry consistency at the
prediction level and adapting cross-modal interaction at the interaction level.

– Extensive experiments on two widely used outdoor and two indoor datasets
show that PGCR consistently outperforms prior state-of-the-art methods
across all evaluation metrics, while remaining computationally efficient.

2 Related Works

In this section, We briefly overview methods that are related to image registra-
tion, point cloud registration and image-to-point cloud registration.
Image registration. Image registration under varying illumination, viewpoint,
or scene appearance has been a long-standing topic in computer vision. Classi-
cal methods rely on sparse keypoint detection and matching, either using hand-
crafted descriptors such as SIFT [31] and ORB [38], or learned features like Su-
perPoint [15], D2-Net [19], R2D2 [37], and SuperGlue [40]. While keypoint-based
pipelines remain efficient, their performance degrades in textureless or repetitive
regions. Recent detector-free approaches [42, 43, 47, 51] directly learn dense cor-
respondence fields through coarse-to-fine attention mechanisms, achieving more
reliable matching across complex conditions. These methods have inspired sub-
sequent registration frameworks beyond the single-modality setting.
Point cloud registration. Rigid alignment between 3D point sets is another
extensively studied problem. Early works focus on feature-based matching us-
ing geometric descriptors such as FPFH [39] or PPF [17], followed by iterative
optimization or RANSAC [21]. Learning-based approaches [1,14,32,34,49] have
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since demonstrated improved robustness by encoding local and global geometric
structures through neural networks. CoFiNet [49] introduces a coarse-to-fine re-
finement pipeline without explicit keypoint detection, while GeoTransformer [34]
jointly learns correspondence and pose estimation within a transformer frame-
work. Despite their success, these techniques operate purely within 3D geometry
and are not directly applicable to heterogeneous 2D–3D settings.
Image-to-point cloud registration. Image-to-point cloud registration poses
additional challenges due to the significant modality gap between dense 2D visual
signals and sparse 3D geometry. A prevalent paradigm constructs 2D–3D corre-
spondences and estimates the camera pose through PnP-style solvers [26]. Early
cross-modal pipelines such as 2D3D-MatchNet [20] extract independent key-
points and features for each modality, but their reliance on hand-crafted detec-
tors often results in poor geometric consistency. Subsequent learning-based ap-
proaches [2,4–8,10,12,13,24,27,29,30,36,50] focus on bridging modality discrep-
ancies through feature-level fusion. CorrI2P [36] predicts overlapping regions be-
fore matching dense features, while voxel-based designs such as VP2P-Match [50]
integrate differentiable PnP solvers for end-to-end optimization. CoFiI2P [24]
adapts the LoFTR [43] architecture for cross-modal correspondence learning,
but still relies on explicit overlap prediction that is unreliable under LiDAR
sparsity. Implicit regression methods [30] bypass explicit correspondence estima-
tion, yet their geometric reasoning remains limited by weak spatial priors. More
recent frameworks like GraphI2P [2] incorporate auxiliary depth estimation to
reduce domain gaps, but at the cost of heavy computation.

3 Method

3.1 Overview

Given a query RGB image I ∈ RH×W×3 and a pre-built 3D point cloud P =
{pi ∈ R3}Ni=1, our goal is to estimate the 6-DoF camera pose T = [R | t] ∈ SE(3)
that maps points from the world frame to the camera frame.

PGCR formulates image-to-point cloud registration as a pose–geometry cou-
pled reasoning problem. Instead of predicting camera pose from a compact latent
representation or relying on explicit correspondence construction, PGCR explic-
itly maintains a pose hypothesis throughout the network and uses it to drive
dense geometric interaction. Crucially, geometric structures predicted during in-
ference are not treated as auxiliary outputs; they serve as explicit carriers of
geometric evidence that continuously inform pose estimation.

As illustrated in Figure 2, PGCR operates as a closed-loop reasoning frame-
work. Image and point cloud features are first encoded and fused through iter-
ative cross-modal attention, conditioned on a learnable camera token represent-
ing the current pose hypothesis. Intermediate pose estimates are periodically
extracted and used to progressively restrict cross-modal interaction to geomet-
rically plausible and visible 3D regions, enabling robust reasoning under sparse
observations and partial overlap. From the fused representations, the framework
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Fig. 2: Overview of the proposed PGCR framework. PGCR formulates image-to-point
cloud registration as a pose–geometry coupled reasoning process. Given an input im-
age and a 3D point cloud, image and point features are encoded and iteratively fused
through cross-modal attention, conditioned on a learnable camera token representing
the current pose hypothesis. Pose-guided Progressive Refinement leverages intermedi-
ate pose estimates to progressively restrict 2D–3D interaction to geometrically plausible
regions. The framework jointly predicts camera pose and dense geometric structures,
including a depth map and a point map. A Geometry-aware Pose Refinement module
explicitly enforces consistency between the estimated pose and predicted geometry,
closing the loop between pose inference and geometric reasoning.

jointly predicts camera pose together with dense geometric structures, includ-
ing a depth map in the image domain and a point map in the 3D domain. A
geometry-aware pose refinement module then explicitly enforces consistency be-
tween the estimated pose and the predicted geometry, closing the loop between
pose inference and geometric reasoning.

3.2 2D–3D Feature Encoding

Image Encoding. The input image I is encoded by a DINO transformer [33] to
produce a set of image patch tokens:

F
(0)
img = {f (0)j ∈ Rd}M+1

j=1 , (1)

where M denotes the number of image patches and d is the feature dimension.
A learnable camera token f

(0)
cam is prepended to the image tokens to represent a

global pose hypothesis and to aggregate scene-level geometric evidence.
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Point Cloud Encoding. The 3D point cloud P is processed using KPConv [44],
generating geometry-aware point features:

Fpc = {gi ∈ Rd}Ni=1. (2)

These features capture local shape and spatial context, and serve as 3D keys and
values in subsequent cross-modal attention layers.

3.3 Transformer-Based Pose–Geometry Fusion

PGCR employs stacked transformer layers to perform dense pose–geometry in-
teraction between image and point cloud features. At layer l, the image tokens
(including the camera token) are updated through intra-modal self-attention:

F
(l)
img = SelfAttn(F(l−1)

img ), (3)

followed by cross-modal attention that aggregates geometric information:

F
(l)
img = CrossAttn(F(l)

img,Fpc). (4)

Through iterative fusion, image tokens progressively acquire 3D geometric
context, while the camera token evolves to encode the current pose hypothe-
sis conditioned on global scene structure. This iterative attention mechanism
enables dense, bidirectional information exchange between modalities without
relying on explicit correspondence construction.

3.4 Pose-guided Progressive Refinement

Dense attention over entire point cloud is computationally inefficient and domi-
nated by irrelevant regions outside the field of view. To address this, we introduce
a Pose-guided Progressive Refinement strategy that dynamically narrows
attention toward geometrically consistent 3D regions.

Intermediate Pose Prediction. Every Lp layers, the current camera token is
passed through a camera head (MLP) to predict an intermediate pose:

(R(k), t(k)) = MLPcam(f (Lp·k)
cam ), (5)

where k ∈ {1, . . . , Lc} indexes the refinement stage. These intermediate poses
provide auxiliary supervision that stabilizes training and generate visibility cues
to guide attention in subsequent layers.

Pose-guided Filter. At each refinement stage k, a subset of geometrically plau-
sible points M(k) is selected based on the intermediate pose. A 3D point pi is
retained if its projection lies within a relaxed image boundary:

[u
(k)
i , v

(k)
i , 1]⊤ ∝ K(R(k)pi + t(k)), (6)

−δ
(k)
pix ≤ u

(k)
i ≤ W + δ

(k)
pix, −δ

(k)
pix ≤ v

(k)
i ≤ H + δ

(k)
pix, (7)



8 X. Li et al.

or if its transformed distance to the camera center satisfies:

∥R(k)pi + t(k)∥2 ≤ δ
(k)
trans. (8)

The tolerance thresholds δ
(k)
pix and δ

(k)
trans decay across refinement stages:

δ(k) = δ(1) · ηk−1, η ∈ (0, 1), (9)

allowing coarse global reasoning at early stages and fine-grained geometric con-
sistency at later stages.

Refined Cross-Attention. Given M(k), the subsequent cross-attention layers at-
tend only to filtered point subset:

F
(l)
img = CrossAttn

(
F

(l)
img,Fpc[M(k)]

)
, (10)

allowing transformer to focus computation on visible, informative regions. This
stage-wise refinement forms a feedback loop between pose estimation and atten-
tion modulation, leading to efficient and geometrically consistent convergence.

3.5 Multi-Task Geometric Prediction

From the fused representations, PGCR jointly predicts camera pose and dense
geometric structures:

– Camera Head: An MLP regresses the camera pose (R, t) from the refined
camera token, with rotation represented as a normalized quaternion.

– Depth Head: A Dense Prediction Transformer (DPT) [35] outputs a per-
pixel depth map D ∈ RH×W .

– Point Map Head: A parallel DPT head predicts a per-pixel 3D point map
M ∈ RH×W×3 in the world frame.

These predictions are supervised jointly to enforce geometric consistency
across pose, depth, and point estimation.

3.6 Geometry-Aware Pose Refinement

While transformer-based fusion enables effective pose–geometry interaction, com-
pressing spatially distributed geometric evidence into a single camera token in-
evitably discards fine-grained constraints. Moreover, pose and dense geometry
are predicted through separate output heads, without any mechanism explicitly
enforcing their geometric consistency. To address these issues and keep pose es-
timation continuously grounded in dense geometry, we introduce a Geometry-
aware Pose Refinement module. First, all predicted modalities are projected
into a shared embedding space through MLPs:

Edepth = MLPdepth(D), Epoint = MLPpoint(M), (11)
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while the final image tokens F
(LpLc)
img are projected and upsampled to obtain

Eimg. The final camera token f
(LpLc)
cam is projected and repeated to match spatial

dimensions, forming Ecam. All embeddings are concatenated and fused through
another MLP followed by average pooling:

zfuse = AvgPool
(
MLPfuse([Edepth,Epoint,Eimg,Ecam])

)
, (12)

and the refined pose is obtained as:

(R, t) = MLPpose(zfuse). (13)

This module explicitly enforces consistency between the estimated pose and
predicted geometry, forming a closed geometric feedback loop that improves
robustness under sparse and ambiguous observations.

3.7 Loss Functions

The overall training objective is:

L = λpLpose + λdLdepth + λmLpoint,

where λp = 5, λd = 1, and λm = 1. The pose loss supervises both intermediate
and final predictions:

Lpose =

Lc∑
k=1

(∥Rgt −R(k)∥2 + ∥tgt − t(k)∥2) + ∥Rgt −R∥2 + ∥tgt − t∥2,

where we adopt the continuous 6D representation for rotation learning on SO(3).
The depth/point map losses are:

Ldepth = ∥Dgt −D∥2, Lpoint = ∥Mgt −M∥2.

Since ground-truth depth/point maps are obtained by LiDAR projection using
ground-truth poses, losses are computed only on valid projected pixels using a
validity mask.

4 Experiments

4.1 Implementation Details

The image encoder follows a DINO-style transformer [33]. For outdoor datasets,
input images are resized while preserving aspect ratio, resulting in resolutions
of 154× 518 for KITTI and 154× 308 for nuScenes. For indoor datasets, images
are resized to 476×630 to preserve fine-grained geometric details. Each image is
divided into non-overlapping 14×14 patches to generate image tokens. The point
cloud encoder adopts KPConv [44]. For outdoor scenes, a voxel size of 0.15m is
used, while for indoor scenes, we employ a finer voxel size of 0.025m to better
capture small-scale structures. Both image and point features are projected into
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Table 1: Image-to-point cloud registration accuracy on the KITTI and nuScenes
benchmarks. † denotes methods that rely on external depth estimation models. PGCR
consistently achieves the best performance across all metrics on both datasets.

Method KITTI nuScenes
RTE(m)↓ RRE(◦)↓ Acc(%)↑ RTE(m)↓ RRE(◦)↓ Acc(%)↑

DeepI2P(3D) [27] 4.06±3.54 24.73±31.69 3.77 2.88±2.12 20.65±12.24 2.26
DeepI2P(2D) [27] 3.59±3.21 11.66±18.16 25.95 2.78±1.99 4.80±6.21 38.10
CorrI2P [36] 3.78±65.16 5.89±20.34 72.42 3.04±60.76 3.73±9.03 49.00
VP2P-match [50] 0.75±1.13 3.29±7.99 83.04 0.89±1.44 2.15±7.03 88.33
CFI2P [48] 0.63±1.19 1.72±2.58 97.15 0.86±1.47 1.83±1.28 95.23
FreeReg† [45] 0.95±1.05 2.06±3.21 91.68 - - -
CoFiI2P [24] 0.31±0.20 1.24±0.84 - 1.21±9.55 2.54±8.93 -
ICL [30] 0.20±0.21 1.24±2.34 97.49 0.63±0.44 2.13±3.75 90.94
GraphI2P† [2] 0.32±0.81 1.65±1.32 99.61 0.49±1.22 1.73±1.63 99.48
Ours 0.15±0.15 0.44±0.34 100.00 0.43±0.42 0.88±1.16 99.51

Table 2: Performance on indoor image-to-point cloud benchmarks. PGCR significantly
outperforms prior methods on both RGB-D Scenes V2 and 7-Scenes, despite being
trained under the same unified formulation as outdoor datasets.

Method RGB-D Scenes v2 7-Scenes
RTE(m)↓ RRE(◦)↓ RTE(m)↓ RRE(◦)↓

2D3D-MATR [28] 0.077±0.066 3.026±2.649 0.079±0.076 3.291±3.058
B2-3Dnet [9] 0.059±0.055 2.600±2.410 0.076±0.073 3.232±2.988
CA-I2P [11] 0.061±0.055 2.559±2.190 0.076±0.069 3.200±2.825
Ours 0.035±0.023 2.215±1.207 0.049±0.029 2.622±1.603

a shared latent space and fused through LpLc = 8 transformer layers alternating
between self- and cross-attention. Each transformer block maintains a learnable
camera token, which encodes the current pose hypothesis and is iteratively up-
dated through pose–geometry interaction. Intermediate poses are predicted every
Lp = 2 layers, resulting in Lc = 4 progressive refinement stages. For outdoor
datasets, the initial pixel tolerance δ

(1)
pix and translation tolerance δ

(1)
trans are set

to 80 pixels and 8m, respectively. For indoor datasets, we use δ
(1)
pix = 160 pixels

and δ
(1)
trans = 1m. All tolerances decay by a factor of η = 0.5 across refinement

stages. The entire framework is trained end-to-end using AdamW with a batch
size of 8 and an initial learning rate of 5 × 10−5. Training is performed for 20
epochs on a single NVIDIA RTX 3090 GPU.

4.2 Datasets

We evaluate PGCR on two widely used outdoor benchmarks and two challenging
indoor benchmarks, covering diverse sensing conditions and scene geometries.
KITTI Odometry [22]. The KITTI odometry dataset contains 22 driving
sequences captured in urban environments, among which 11 sequences provide
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ground-truth calibration. Following common practice, sequences 0–8 are used
for training and 9–10 for testing. To simulate realistic sensor misalignment, we
apply random 2D translations within ±10m on the ground plane and random
yaw rotations. All images are resized to 154 × 518, and each point cloud is
uniformly downsampled to 40,960 points.
nuScenes [3]. We construct image–LiDAR pairs using official SDK by aggregat-
ing LiDAR scans from neighboring frames and pairing them with images from
the current frame. We follow the official train/test split with 850 training and
150 testing scenes. The same perturbation strategy as KITTI is applied. Images
are resized to 154× 308, and each point cloud is downsampled to 40,960 points.
RGB-D Scenes V2 [25]. RGB-D Scenes V2 contains 11,427 RGB-D frames
from 14 indoor scenes. For each scene, we fuse a point cloud fragment from
every 25 consecutive depth frames and sample one RGB image every 25 frames.
Image–point cloud pairs with at least 30% overlap are retained. Scenes 1–8 are
used for training, 9–10 for validation, and 11–14 for testing, resulting in 1,748
training, 236 validation, and 497 testing pairs.
7-Scenes [23]. The 7-Scenes dataset consists of 46 RGB-D sequences from 7 in-
door environments. We follow the same pairing procedure as above and preserve
pairs with at least 50% overlap. The official split is adopted, yielding 4,048 train-
ing, 1,011 validation, and 2,304 testing pairs. Compared to prior benchmarks,
this setting includes richer viewpoint changes and smaller overlap ratios.

4.3 Evaluation Metrics

We follow the evaluation protocol of VP2P-Match [50] and report Relative Trans-
lation Error (RTE), Relative Rotation Error (RRE), and registration accuracy
(Acc). Acc is defined as the percentage of test samples with RTE < 2 m and
RRE < 5◦ for outdoor datasets. All test pairs are evaluated without discarding
high-error samples to provide a comprehensive assessment of robustness.

4.4 Comparison with State-of-the-art Methods

Outdoor Datasets. Table 1 reports quantitative results on KITTI and nuScenes.
PGCR consistently achieves the best performance across all metrics on both
datasets. On KITTI, PGCR attains an average RTE of 0.15m and RRE of 0.44◦,
surpassing the previous best method ICL [30] by 25.0% and 64.5%, respectively.
Notably, it achieves a perfect registration accuracy of 100%, indicating robust
convergence across all test cases. These gains are significant given the sparse
LiDAR observations and repetitive structures that challenge overlap-dependent
pipelines. On nuScenes, which features diverse scenes and more complex motion
patterns, PGCR maintains strong performance with an RTE of 0.43 m and RRE
of 0.88◦. Compared with the strongest baseline GraphI2P [2], further reduces
translation and rotation errors by 12.2% and 49.1%, demonstrating robustness
under large viewpoint changes and partial overlap. These results validate the
effectiveness of pose–geometry coupled reasoning in outdoor environments.
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Fig. 3: Qualitative visualization of pose–geometry coupled reasoning. We show the
input image, predicted depth and point maps, intermediate pose refinement stages,
and the final refined pose. As refinement progresses, the estimated pose converges
toward the ground truth, while the retained 3D points gradually concentrate within
the true visible region. The final Geometry-aware Pose Refinement further improves
alignment by enforcing consistency between pose and dense geometry.

Indoor Datasets. Table 2 presents results on RGB-D Scenes V2 and 7-Scenes. De-
spite being designed without indoor-specific heuristics, PGCR significantly out-
performs prior methods on both datasets. This improvement is attributed to its
unified formulation, which jointly reasons about pose and dense geometry with-
out relying on explicit overlap estimation. The strong performance across both
indoor and outdoor benchmarks highlights the generality of proposed framework.

4.5 Qualitative Results

Figure 3 visualizes the pose–geometry coupled reasoning process. We show the in-
put image, predicted depth and point maps, intermediate pose refinement stages,
and final refined pose. As refinement progresses, estimated pose gradually con-
verges toward the ground truth, while the retained 3D points become increasingly
concentrated within the true visible region. The final geometry-aware refinement
further improves alignment by enforcing consistency between predicted geome-
try and pose. These visualizations confirm that PGCR performs pose estimation
as a geometry-grounded reasoning process rather than a single-step regression.

Video Demonstration. We provide a supplementary video demonstrating full-
sequence registration results over 1,587 consecutive image–point cloud pairs. The
video visualizes complete camera trajectories and includes challenging scenarios
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Table 3: Average inference time per image–point cloud pair (RTX 3090). Our method
achieves the fastest inference speed. PPR improves both accuracy and efficiency.

Method CorrI2P VP2P-match CoFiI2P ICL Ours (w/o PPR) Ours

Inference Time (s) 8.96 0.19 0.18 0.24 0.26 0.17

such as sparse observations, severe viewpoint changes, partial overlap, and repeti-
tive structures. This long-horizon evaluation further validates the robustness and
temporal consistency of the proposed pose–geometry coupled formulation.

4.6 Inference Efficiency

Table 3 reports average inference time on a single RTX 3090 GPU. PGCR
achieves the fastest runtime among recent transformer-based approaches while
maintaining state-of-the-art accuracy. Removing Pose-guided Progressive Refine-
ment increases runtime, confirming its role in reducing redundant computation
by focusing attention on geometrically relevant regions. Overall, the unified for-
mulation eliminates costly overlap prediction and external optimization steps,
enabling both high accuracy and low latency.

Table 4: Ablation of the Geometry-aware Pose Refinement (GPR). GPR improves
pose accuracy by enforcing pose–geometry consistency.

GPR KITTI nuScenes
RTE(m)↓ RRE(◦)↓ RTE(m)↓ RRE(◦)↓

w/o 0.17±0.18 0.49±0.36 0.50±0.66 1.06±1.33
w 0.15±0.15 0.44±0.34 0.43±0.42 0.88±1.16

4.7 Ablation Study

We conduct comprehensive ablation studies on KITTI and nuScenes to disen-
tangle the contribution of each proposed component and to better understand
their roles in improving registration accuracy and stability.
Effect of Geometry-aware Pose Refinement. We first evaluate the effec-
tiveness of the proposed Geometry-aware Pose Refinement (GPR) module by
removing it from the full model. As reported in Table 4, the absence of GPR
leads to noticeable degradation in both translation and rotation accuracy on both
datasets. By explicitly feeding back geometric consistency between the predicted
dense structure and the estimated pose, GPR provides corrective signals that
refine pose estimation in a geometry-aware manner. This explicit geometric feed-
back effectively reduces pose ambiguity and stabilizes optimization, resulting in
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consistently lower RTE and RRE. These results confirm that incorporating geo-
metric reasoning directly into pose refinement is crucial for accurate and robust
image-to-point cloud registration.
Effect of Pose-guided Progressive Refinement. We further investigate the
proposed Pose-guided Progressive Refinement (PPR) strategy, with quantita-
tive results summarized in Table 5. Removing PPR (“w/o PPR”) increases both
translation and rotation errors, indicating that direct one-shot alignment is in-
sufficient for precise cross-modal registration under large viewpoint and modality
gaps. Introducing intermediate supervision already leads to steady performance
improvements, as stage-wise optimization imposes progressive geometric con-
straints and alleviates optimization instability. As the refinement proceeds from
Stage-1 to Stage-4, both RTE and RRE consistently decrease, demonstrating
that progressive refinement effectively stabilizes pose estimation and prevents
error accumulation. When pose-guided filter is further incorporated (Full PPR),
the model achieves the best performance across all stages. The pose-guided fil-
ter suppresses attention to background, occluded, or geometrically inconsistent
regions, allowing the network to focus on reliable 3D structures during refine-
ment. Together with intermediate supervision, PPR enables robust stage-by-
stage pose correction, yielding accurate and stable convergence. These quantita-
tive improvements are further supported by qualitative visualizations in Figure 3.

Table 5: Ablation of the Pose-guided Progressive Refinement (PPR). Progressive re-
finement improves accuracy, and the pose-guided filter further enhances performance.

Method KITTI nuScenes
RTE(m)↓ RRE(◦)↓ RTE(m)↓ RRE(◦)↓

w/o PPR 0.33±0.26 0.94±1.19 0.74±0.73 1.66±2.55
Intermediate supervision (without pose-guided filter)

Stage-1 0.35±0.31 0.96±0.79 0.77±0.76 1.34±1.68
Stage-2 0.29±0.18 0.88±0.70 0.71±0.73 1.29±1.57
Stage-3 0.26±0.17 0.85±0.66 0.66±0.73 1.26±1.55
Stage-4 0.25±0.16 0.82±0.64 0.67±0.73 1.24±1.55
Full PPR (intermediate supervision + pose-guided filter)
Stage-1 0.35±0.47 0.98±0.80 0.81±0.86 1.70±1.99
Stage-2 0.27±0.35 0.74±0.55 0.70±0.73 1.54±1.70
Stage-3 0.20±0.21 0.50±0.40 0.58±0.70 1.20±1.47
Stage-4 0.17±0.18 0.49±0.36 0.50±0.66 1.06±1.33

Impact of Multi-task Supervision. We further analyze the contribution of
depth and point map supervision, with results shown in Table 6. Removing
both dense geometric heads (“w/o D & P”) yields the weakest performance, in-
dicating that pose supervision alone provides insufficient dense constraints for
cross-modal registration. Enabling either branch individually already improves
accuracy: depth supervision (“w/ D only”) brings larger gains than point map
supervision (“w/ P only”) on both datasets, suggesting that metric-scale depth
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cues are particularly effective for stabilizing relative pose estimation. Combining
both heads (“w/ D & P”) consistently achieves the best results, outperforming all
single-branch variants on every metric. This indicates that depth and point map
predictions provide complementary geometric signals (depth emphasizes contin-
uous metric structure, while point maps offer explicit 3D correspondences) and
their joint supervision encourages geometrically consistent dense representations
that regularize pose estimation and reduce ambiguity.

Table 6: Ablation on depth (D) and point map (P) supervision. ✓/✗ indicate whether
the corresponding prediction head is supervised during training.

D P KITTI nuScenes
RTE(m)↓ RRE(◦)↓ RTE(m)↓ RRE(◦)↓

✗ ✗ 0.21±0.25 0.60±0.53 0.57±0.68 1.44±1.81
✗ ✓ 0.20±0.24 0.57±0.51 0.55±0.71 1.31±1.56
✓ ✗ 0.18±0.21 0.53±0.42 0.52±0.68 1.18±1.49
✓ ✓ 0.17±0.18 0.49±0.36 0.50±0.66 1.06±1.33

5 Conclusion

We presented a unified, pose–geometry coupled reasoning framework for image-
to-point cloud registration that integrates dense geometric reasoning, explicit
pose-level feedback, and progressive refinement within a single transformer archi-
tecture. By introducing Geometry-aware Pose Refinement and Pose-guided Pro-
gressive Refinement, the proposed method effectively addresses key challenges
in cross-modal alignment, including pose ambiguity, visibility inconsistency, and
optimization instability, without relying on explicit overlap prediction. Exten-
sive experiments on both outdoor and indoor benchmarks demonstrate that our
approach consistently outperforms previous state-of-the-art methods across all
evaluation metrics, while maintaining high computational efficiency. Further-
more, the strong performance across diverse environments and extreme con-
ditions highlights the robustness and generalization capability of the proposed
framework. We believe this work provides a principled and extensible solution for
accurate cross-modal registration, and offers valuable insights for future research
in geometry-driven multi-modal perception.
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