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Abstract. Feed-forward 3D reconstruction provides an efficient paradigm
for scene modeling from image sequences. Scaling these models to large
monocular scenarios are constrained by excessive GPU memory foot-
print, degraded local geometry, and long-term trajectory drift. Exist-
ing chunk-based optimization strategies provide limited geometric con-
straints and fail to maintain global consistency over extended trajecto-
ries. We present a unified framework for stable and scalable feed-forward
3D reconstruction from long monocular sequences. Our approach builds
on coarse-to-fine trajectory alignment augmented by lightweight geomet-
ric prior injection. Distilling monocular geometric cues into the feed-
forward backbone via LoRA adaptation improves depth accuracy on fine
structures while preserving inference efficiency. We introduce a hybrid-
weight sparse ray-field optimization that leverages high-frequency geo-
metric features to guide local point-cloud refinement and enforce con-
sistent inter-frame ray constraints. Unlike prior chunk-based methods,
this establishes strong cross-frame geometric coupling while maintaining
scalability. Finally, an efficient trajectory stitching strategy with joint
ray-error optimization explicitly reduces accumulated drift. Extensive
experiments show that our approach achieves competitive trajectory ac-
curacy compared with representative SLAM systems, while maintaining
globally consistent 3D reconstruction in large-scale scenarios.

Keywords: Long-sequence Reconstruction · Ray-field Optimization ·
Feed-forward Mapping · Global Consistency

1 Introduction

Achieving accurate camera pose estimation and dense 3D scene reconstruction
from monocular RGB video streams remains a core challenge in 3D vision and
autonomous driving [8, 20]. Due to the inherent inability of monocular vision
to perceive absolute scale, the problem of accumulated drift in long-sequence
tracking is particularly severe, often leading to significant global scale incon-
sistencies. Traditional systems for processing large-scale monocular sequences
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Fig. 1: Large-scale 3D reconstruction using GRF-Recon. Our proposed frame-
work successfully reconstructs a globally consistent, low-drift point cloud map over a
kilometer-scale monocular video sequence (KITTI [11] Seq. 00, 3724m). The left panel
shows the accurately closed global trajectory, while the right panel highlights the high-
fidelity geometric details recovered at a complex urban intersection.

heavily rely on complex, multi-module pipelines consisting of camera calibra-
tion, visual odometry, multi-sensor fusion, and heavy backend graph optimiza-
tion [5,25,33]. In loosely coupled architectures, sensor noise and data association
errors inevitably amplify and accumulate over large-scale movements.

Recently, Transformer-based [36] end-to-end foundation models have emerged
in 3D vision, enabling efficient pose inference and high-quality dense point cloud
reconstruction. Ranging from DUSt3R [42] and MASt3R [15] to the latest VGGT [38]
and Depth Anything 3 (DA3) [16], these models are pre-trained on massive
datasets, integrating camera pose estimation, intrinsic regression, and 3D scene
representation into a tightly coupled framework. Their core advantage lies in en-
abling the end-to-end backpropagation of errors throughout the entire system,
thereby establishing a universal 3D reconstruction foundation model capable of
directly processing uncalibrated, raw RGB images.

While these models perform well on benchmark datasets and short sequences,
their scalability to complex, large-scale real-world scenarios remains limited.
Their computational and memory requirements grow quadratically with the
number of input tokens due to the Transformer attention mechanism, resulting
in substantial GPU memory consumption during inference [22, 27]. In practice,
this often restricts processing to only a few dozen frames on a consumer-grade
GPU. Moreover, the lack of explicit global constraints makes long sequences sus-
ceptible to trajectory drift. Local estimation errors accumulate over time, leading
to Sim(3) drift that degrades multi-view consistency and metric accuracy [9,19].
Robustness further deteriorates in large, unbounded scenes. Since these mod-
els are strongly influenced by their pre-training distributions, drastic viewpoint
changes or unseen geometric configurations can destabilize local reconstruction,
particularly around fine structures and depth discontinuities.
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In long-sequence settings, scaling feed-forward foundation models requires
reduced memory consumption and sensitivity to fine-grained geometric struc-
tures. We therefore incorporate feature redundancy filtering and lightweight ge-
ometric adaptation [13, 23] to construct an efficient local perception front-end.
Improving the local front-end alone does not address the challenge of main-
taining global consistency over kilometer-scale trajectories, where loosely cou-
pled chunk-stitching strategies often fail to enforce long-range geometric con-
straints. To overcome this limitation, we introduce GRF-Recon, a monocu-
lar reconstruction system for large-scale scenes (Fig. 1). It formulates a global
joint optimization scheme based on a hybrid-weight sparse ray-field to explic-
itly couple cross-view geometric constraints. Experiments on large-scale outdoor
autonomous driving benchmarks, including KITTI [11], show that our method
achieves accurate reconstruction of kilometer-scale environments without requir-
ing camera calibration or depth supervision. It outperforms prior feed-forward
models and achieves competitive performance compared to recent SLAM-based
approaches in trajectory accuracy and global map consistency [30,45].

2 Related Work

Monocular 3D Reconstruction and SLAM. Classical Structure-from-Motion
(SfM) and visual SLAM systems estimate camera poses and sparse 3D structures
either implicitly or explicitly via multi-view geometry [12]. Traditional pipelines
like COLMAP [25] typically follow an incremental paradigm, relying heavily on
feature point detection [10, 34], cross-view matching [17, 24], and heavy bun-
dle adjustment [33]. While these methods demonstrate high robustness in ideal
environments, they exhibit extreme vulnerability in textureless regions and accu-
mulate irreversible scale drift over long sequences. Recently, fully differentiable
systems like VGGSfM [39] have demonstrated the immense potential of end-
to-end learning frameworks through pixel-level 2D point tracking and global
simultaneous recovery mechanisms. In terms of dense matching and tracking,
DROID-SLAM [30] innovatively integrates deep learning features with dense
bundle adjustment. Its backend essentially inherits the optimization logic of
sparse SLAM. Lacking explicit global geometric constraints, it remains prone
to 3D geometric inconsistencies in long sequences [18]. Recent efforts such as
MASt3R-SLAM [19] attempt to embed feed-forward priors into real-time SLAM
but still require complex traditional backend machinery.

Feed-forward 3D Foundation Models and Long-Sequence Scaling.
The most significant recent paradigm shift in 3D vision is the emergence of
end-to-end foundation models based on the Transformer architecture [15,36,42].
These methods are capable of directly generating remarkably stable local 3D
maps from uncalibrated overlapping images. The immense computational and
memory overhead induced by the self-attention mechanism strictly limits their
application to relatively short sequences. To break the bottleneck of processing
long sequences, Spann3R [37] and LONG3R [7] explore streaming reconstruc-
tion based on spatio-temporal memory, whereas MUSt3R [4] and Fast3R [44]
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focus on multi-view parallelization to eliminate pairwise matching errors. De-
spite some progress, streaming processing is susceptible to long-term feature
drift, and parallel networks still hit physical memory ceilings when facing ultra-
long trajectories. VGGT-Long [9] explores a minimalist "chunk-and-align" strat-
egy. While the chunking paradigm initially alleviates the memory crisis, existing
chunk stitching methods lack deep geometric constraints [43].

Efficient 3D Perception and Feature Redundancy Filtering. As feed-
forward foundation models process increasing viewpoints and resolutions, the
proliferation of tokens in Transformers leads to high inference costs. In real-
world 3D reconstruction, the density of geometric information across different
spatial regions is highly uneven, with substantial textureless backgrounds and
overlapping viewpoint redundancies. Recently, dynamic token pruning [22] and
token merging [3] techniques in visual architectures have been studied to accel-
erate inference. In the realm of 3D foundation models, Fast-VGGT [27] proposes
an efficient feature filtering paradigm. By identifying and suppressing redun-
dant features in overlapping views and stable regions, the model significantly
reduces computational burden and memory consumption with almost no loss in
local reconstruction accuracy. To recover high-frequency geometric details while
obtaining accurate poses, the research community (e.g., Fin3R [23]) has intro-
duced Parameter-Efficient Fine-Tuning and monocular knowledge distillation
techniques to enhance the model’s perceptual acuity [2, 41].

In this work, we propose a hybrid-weight sparse ray-field that constructs rig-
orous explicit geometric constraints. We leverage LoRA-based [13] lightweight
prior injection to accurately restore local geometric edges and ultimately estab-
lish strict global physical constraints. With minimal system overhead, this frame-
work successfully and stably extends the boundaries of feed-forward monocular
3D reconstruction to kilometer-scale unbounded scenes.

3 Method

3.1 Local Depth Refinement and Initial Trajectory Stitching

The proposed GRF-Recon system, an overview of which is illustrated in Fig. 2,
utilizes DA3 [16] as the perception backbone, introducing enhancements to en-
able low-drift 3D reconstruction over long sequences. Although DA3 is pre-
trained on large-scale datasets, applying it to sequential reconstruction often suf-
fers from geometric over-smoothing and degradation near occlusion boundaries.
Inspired by Fin3R [23], we adopt a re-normalized Low-Rank Adaptation [13]
strategy to fine-tune the DA3 encoder. This operation injects high-frequency
monocular geometric priors while preserving the model’s multi-view matching
generalization ability, thereby improving local reconstruction fidelity.

To implement this fine-tuning without degrading DA3’s cross-view corre-
lation capability, we freeze the decoder and insert low-rank adapters into the
Query–Key–Value projections of the DINOv2 [21] encoder attention layers. How-
ever, naive monocular distillation causes a feature norm drift, leading to a mis-
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Fig. 2: Overview of the GRF-Recon System Framework. GRF-Recon recon-
structs 3D geometry from uncalibrated long-sequence monocular RGB videos, building
on a pretrained model with LoRA fine-tuning to enhance geometric perception. The
system adopts a coarse-to-fine chunk-based parallel pipeline, performing confidence-
guided sparse ray sampling and hybrid-weighted ray matching to enforce cross-view
consistency. The orange module visualizes the projection of ray maps from neighboring
frames onto the 2D image plane. Global optimization is carried out in a factor graph
that jointly incorporates ray-field and loop-closure constraints, producing refined cam-
era trajectories and a globally consistent, high-fidelity 3D point cloud.

match with the frozen decoder’s expected input distribution. We address this by
constraining the updated effective weight W′ via a re-normalization term:

W′ =
(W0 +BA) · ∥W0∥F

∥W0 +BA∥F
(1)

where ∥ · ∥F denotes the Frobenius norm. This strategy introduces less than
1% additional trainable parameters while preserving the original weight norm,
effectively stabilizing the feature activation distribution.

Following the encoder adaptation, we mitigate the risk of dataset overfitting
during direct supervision by employing a teacher–student dual-branch distilla-
tion strategy. Specifically, a depth branch leverages high-quality pseudo-labels
generated by an advanced monocular geometry estimator [41], applying a log-
uncertainty-weighted ℓ2 loss to supervise the DA3 depth predictions. Concur-
rently, a point branch utilizes ground-truth 3D point clouds to provide regression
supervision, ensuring fundamental multi-view geometric consistency. The overall
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distillation loss is thus defined as L = Ldepth + λLpoint, where λ = 0.4 balances
the two modalities.

Once the perception front-end is capable of producing high-fidelity depth and
ray-field, we process the long sequences using a chunk-based alignment strategy.
To merge isolated local chunks into a unified global coordinate system, we ex-
tract the poses of the overlapping frames from two neighboring chunks Ck and
Ck+1. We compute the similarity transformation Msim ∈ Sim(3) via a decoupled
optimization process. The rotation covariance matrix Q is formulated from the
overlapping frames, and the optimal rotation R∗ is derived through Singular
Value Decomposition (SVD):

U,Σ,V⊤ = SVD(Q), R∗ = Udiag(1, 1, det(UV⊤))V⊤ (2)

We solve for the scale s∗ and translation t∗ via a least-squares formulation:

s∗, t∗ = argmin
s,t

m∑
i=1

∥∥∥t(i)k −
(
sR∗t

(i)
k+1 + t

)∥∥∥2
2

(3)

The resulting matrix Msim is applied to align Ck+1 with Ck. By propagating
this spatial alignment along the sequence, the system establishes a coarse but
globally consistent initial trajectory Tglobal.

3.2 Hybrid Sparse Ray-Field Construction

Unlike traditional methods that strictly rely on pinhole models for initial geo-
metric reasoning, our perceptual front-end directly utilizes the DA3 ray decoding
head to predict pixel-level features end-to-end. For a given pixel pi in the source
frame Ii, the network outputs a 7-channel ray vector. The first 6 channels formu-
late the 3D ray parameterized as ri = [d⊤

i ,o
⊤
i ]

⊤ ∈ R6, where di is the normalized
ray direction and oi indicates the ray origin in the local coordinate system. The
7th channel yields the ray prediction confidence crayi . Simultaneously, the depth
branch outputs the metric depth value zi along with its associated confidence
cdepth
i . Leveraging these metric properties, the local 3D point corresponding to

the pixel is precisely reconstructed as Pi = oi + zidi.
To manage the matching complexity inherent in long sequences, we sample

the predicted rays sparsely based on a dual confidence fusion mechanism:

cjoint
i = β · ĉdepth

i + (1− β) · ĉrayi (4)

where β = 0.5 acts as a trade-off parameter, and ĉdepth
i , ĉrayi are the min-max

normalized confidences. We then incorporate the depth gradient magnitude ĝi =
∥∇D(i)∥2 to construct a composite score si = γconf · cjoint

i +γgrad · ĝi (γconf = 0.8
and γgrad = 0.2). Pixels satisfying a predefined confidence threshold are sampled
according to the probability distribution P(i) ∝ si, followed by Non-Maximum
Suppression to ensure a uniform spatial distribution across the image.

We establish multidimensional local constraints to associate observations
across frames. For a reconstructed 3D point Pi originating from pi, we deter-
mine its initial search anchor in the target frame Ij via perspective projection:
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pinit
j = π(Kj(RjPi + tj)), where π(·) denotes homogeneous normalization and

Kj represents the camera intrinsics. Using this anchor as the center, feature
matching is performed within a local search window W. The primary geometric
criterion is the ray distance metric eray, defined as the perpendicular Euclidean
distance from the target candidate ray rj to the point Pi:

eray(Pi, rj) =
∥(Pi − oj)× dj∥2

∥dj∥2
(5)

To further disambiguate structural and textural similarities, we introduce a gra-
dient similarity term egrad = 1 − (∇I⊤i ∇Ij)/(∥∇Ii∥∥∇Ij∥) and a photometric
error ephoto, computed via the Sum of Absolute Differences (SAD) over a local
patch. The comprehensive matching score is thus constructed as:

S(pi, pj) = wr · eray + wg · egrad + wp · ephoto (6)

where wr = 0.6, wg = 0.2, and wp = 0.2 are the optimal weighting coefficients
(evaluated in Sec. 4.5). The target match p∗j is obtained by minimizing this com-
posite score S. To filter out spurious correspondences, bidirectional symmetry
verification is conducted: the 3D point reconstructed from p∗j is projected back
to the source frame. The match is accepted only if the reprojection error satisfies√
(uback

i − ui)2 + (vback
i − vi)2 < τsym, with τsym = 5.0.

3.3 Loop Detection and Global Graph Optimization

To balance geometric constraints and computational overhead, we dynamically
extract keyframes and detect loop closures using a unified feature similarity
metric. For any two frames It and Is, we extract DINOv2 global descriptors ft
and fs, and compute their visual cosine similarity [32]:

sim(It, Is) =
f⊤
t fs

∥ft∥∥fs∥
(7)

Based on this metric, a new keyframe is triggered when the similarity between
the current frame and the last keyframe drops below a threshold τkf = 0.70. This
adaptive strategy ensures dense sampling during complex viewpoint transitions
and sparse sampling during smooth linear motion, empirically yielding an aver-
age interval of 3 to 5 frames on the KITTI [11] sequences. To recognize revisited
areas and close the trajectory loops, a valid loop candidate is identified when
the similarity between the current keyframe and a historical keyframe exceeds a
strict threshold τsim (set to 0.85), provided that the temporal interval (∆t > 100
frames) is sufficient to avoid redundant local constraints.

Upon detecting a loop candidate, we expand the temporal windows to in-
clude adjacent frames and leverage DA3 to extract high-confidence relative pose
transformations T̂ij . To eliminate the accumulated drift and achieve global con-
sistency, we jointly optimize the entire set of camera poses {Tk ∈ SE(3)} [28]
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using a unified factor graph. The global objective function balances the hybrid
ray-field constraints against the multi-frame loop pose priors:

E({Tk}) =
∑
i,j,p

ρ
(
eray(T

−1
j TiPi, rj)

)
+ λpose

∑
i,j

ρpose(Ti,Tj , T̂ij) (8)

where the first term ensures geometric consistency across sparse ray-fields by
transforming local points Pi into the target frame j, and the second term anchors
the trajectory using the multi-frame predictions, weighted by λpose (set to 10.0
to balance the point-level scale). The function ρ(·) denotes the robust Huber
loss. With the metric-scale initialization provided by the piece-wise trajectory
alignment (Sec. 3.1), the Levenberg-Marquardt algorithm converges, yielding a
globally consistent reconstruction with reduced drift.

4 Experiments

We evaluate GRF-Recon on large-scale, long-sequence monocular 3D reconstruc-
tion using outdoor driving benchmarks and standard depth datasets. Trajectory
estimation and scene reconstruction are evaluated on KITTI [11] and the Waymo
Open Dataset [29], while depth estimation is evaluated on ETH3D [26], SIN-
TEL [1], and DIODE [35]. All experiments are conducted on a local workstation
running Ubuntu 22.04, equipped with an Intel Core i9-13900K CPU, 128 GB
RAM, and a single NVIDIA GeForce RTX 3090 GPU (24 GB).

4.1 Experimental Setup

Evaluation Metrics. We adopt standard protocols to assess performance across
all tasks. For long-sequence camera tracking, we report the absolute trajectory
error as RMSE (ATE RMSE [m] ↓) to measure global consistency and accumu-
lated drift. For monocular depth estimation, we evaluate relative error (Rel ↓)
and threshold accuracy (δ1 ↑), capturing both metric fidelity and scale stability.
For large-scale point cloud reconstruction, we measure point-level geometric ac-
curacy using Accuracy (↓), Completeness (↓), and Chamfer Distance (↓). Given
the scale ambiguity inherent in monocular predictions, all estimated trajectories
and point clouds are aligned to LiDAR ground truth via a global Sim(3) transfor-
mation before metric computation. To assess downstream novel-view synthesis
quality, we report PSNR and SSIM to measure rendering fidelity.

Data Preprocessing and Ground Truth. During inference, we resize each
input image to a width of 504 pixels while preserving the aspect ratio, rounding
the other dimension to a multiple of 14 to match the patch partitioning of the
ViT-based front end. To ensure fair comparison, we apply a unified point filtering
rule: for methods predicting confidence, we retain 3D points with a confidence
score greater than 0.7 times the global mean.

In autonomous driving datasets like the Waymo Open Dataset [29], the
vehicle-mounted LiDAR ground truth is physically constrained by sensor height
and vertical field of view, leaving upper structures such as building tops and
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Fig. 3: Qualitative comparison of monocular depth estimation. We compare
the baseline DA3 with the LoRA-enhanced model (Ours) on the KITTI dataset. The
original DA3, using the DA3 NESTED-GIANT-LARGE-1.1 weights, exhibits over-
smoothing and fails to capture thin, high-frequency structures. We fine-tune this model,
and experiments show that it can recover sharp geometric details and cleanly separate
slender utility poles, foliage, and complex vehicle structures from the background.

tree canopies unobserved. Vision-based feed-forward reconstruction successfully
recovers these regions. When evaluated against sparse LiDAR references, these
valid geometric reconstructions are often heavily penalized under distance-based
metrics such as Accuracy (Fig. 4). Consequently, qualitative visual comparison
serves as an essential complement to quantitative evaluation when assessing the
true geometric reconstruction capabilities.

4.2 Monocular Depth Estimation

High-fidelity local geometric priors underpin the hybrid-weight ray-field and en-
able accurate correspondence search. Since LiDAR scans in the original KITTI
odometry split are highly sparse, we evaluate depth on the semi-dense ground
truth provided by the KITTI Depth [11] (Fig. 3). Zero-shot generalization across
diverse scene geometries is assessed on ETH3D [26], SINTEL [1], and DIODE [35].

The perception backbone is initialized from a pre-trained DA3 [16] model.
Following a monocular knowledge-distillation paradigm, the decoder responsible
for cross-view feature matching remains frozen. Only the image encoder and
depth head are updated. To prevent feature distribution shift, we insert a re-
normalized low-rank adaptation (Re-normalized LoRA, r = 8) layer into the
encoder. Fine-tuning runs on a single NVIDIA RTX 3090 with automatic mixed
precision (AMP), using a batch size of 16 for 15 epochs (≈ 14 hours). The total
parameter increase remains strictly below 3%.

Tab. 1 summarizes the quantitative results. After fine-tuning (DA3+Ours),
front-end depth accuracy improves significantly: on KITTI, Rel decreases from
5.14 to 4.50, and δ1 increases from 92.4 to 97.1. On ETH3D and dynamic high-
illumination scenes, the model maintains high stability, reducing average Rel
to 6.95 and pushing average δ1 to 91.4, tightly approaching the teacher model
(MoGe [41]). Compared to full fine-tuning, our LoRA-based scheme effectively
mitigates overfitting while producing sharp, high-fidelity local geometry. These
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Table 1: Quantitative results for monocular depth estimation.

Method KITTI [11] ETH3D [26] SINTEL [1] DIODE [35] Avg

Rel ↓ δ1 ↑ Rel ↓ δ1 ↑ Rel ↓ δ1 ↑ Rel ↓ δ1 ↑ Rel ↓ δ1 ↑

DA3 [16] 5.14 92.4 3.25 97.6 16.20 73.5 6.31 94.2 7.73 89.4
DA3+Ours 4.50 97.1 2.48 99.2 15.21 74.3 5.62 94.9 6.95 91.4

MoGe (Teacher) [41] 4.39 97.2 2.10 99.8 11.50 81.4 4.50 96.6 5.62 93.8

Table 2: Camera Tracking on KITTI [11] (ATE RMSE [m] ↓). To ensure a fair
comparison, the Average (Avg.) is computed by excluding the high-speed Seq. 01, which
typically causes catastrophic scale drift in monocular methods. Methods are catego-
rized based on their requirement for camera intrinsic calibration. TL and OOM denote
Tracking Lost and Out-of-Memory, respectively. The top three results are highlighted
in red, orange, and yellow.

Method Avg. 00 01 02 03 04 05 06 07 08 09 10

M
et

ad
at

a seq. frames 2210 4542 1101 4661 801 271 2761 1201 1101 4071 1591 1201
seq. length (m) 1968.15 3724.19 2453.20 5067.23 560.89 393.65 2205.58 1232.88 649.70 3222.80 1705.05 919.52
seq. speed (m/f) 0.89 0.82 2.23 1.09 0.70 1.45 0.80 1.12 0.59 0.79 1.07 0.77
contains loop - ✓ × ✓ × × ✓ ✓ ✓ × ✓ ×

C
al

ib
ra

te
d ORB-SLAM3 [5] 7.93 5.12 7.23 11.50 1.35 2.15 4.60 13.41 1.55 25.30 8.50 5.85

DROID-SLAM [30] 74.88 95.10 334.20 117.31 4.38 2.20 128.50 54.47 15.58 151.60 67.33 112.32
DPVO [31] 54.79 123.34 8.29 113.34 4.09 1.68 48.56 44.78 20.36 104.21 64.10 23.43
DPV-SLAM [18] 59.04 113.20 9.50 132.53 2.31 0.79 54.80 52.34 16.37 132.44 74.26 11.35
DPV-SLAM++ [18] 24.25 7.67 10.36 10.36 3.45 1.28 5.34 13.57 2.01 124.46 63.64 10.67

U
n
ca

li
b
ra

te
d MASt3R-SLAM [19] - TL TL TL TL TL TL TL TL TL TL TL

VGGT [38] - OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
DA3 [16] - OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM OOM
VGGT-Long [9] 19.78 11.16 111.36 34.16 6.83 5.16 9.35 6.68 5.23 56.15 42.24 20.87
Pi-Long [43] 19.01 10.82 170.92 77.59 5.67 0.92 6.13 4.82 3.24 36.84 20.27 23.82
DA3-Streaming [16] 12.72 9.34 83.64 37.84 4.32 3.92 5.87 3.73 4.83 30.82 10.93 15.57
GRF-Recon (Ours) 7.18 4.35 76.52 16.50 1.65 0.85 3.25 2.35 1.64 26.40 7.25 6.55

precise priors constrain the search space for subsequent ray-field optimization,
laying a solid foundation for stable long-sequence reconstruction.

4.3 Camera Tracking on Long Sequences

Camera pose estimation is evaluated on KITTI [11] and the Waymo Open
Dataset [29]. All compared methods operate under a strictly monocular set-
ting, producing scale-ambiguous trajectories. Prior to evaluation, each predicted
trajectory undergoes a similarity transformation to align with the ground truth.

As reported in Tab. 2 and Tab. 3, existing approaches struggle to maintain
stability over extended sequences. DROID-SLAM [30] accumulates severe drift
on several trajectories. MASt3R-SLAM [19] frequently fails when sudden scene
changes enlarge the keyframe baseline, resulting in tracking loss (TL). Feed-
forward foundation models like VGGT [38] and the original DA3 encounter fatal
out-of-memory (OOM ) errors on long sequences.

As shown in Fig. 4, among long-sequence feed-forward variants, DA3-Streaming
maintains reasonable accuracy on most runs but exhibits clear pose disconti-
nuities at street junctions. This limitation stems from inadequate long-range
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Fig. 4: Qualitative comparison of dense local reconstruction on KITTI.

Table 3: Camera Tracking Results (ATE RMSE [m] ↓) on the Waymo Dataset [29].

Method Avg. Seq.163 Seq.183 Seq.315 Seq.346 Seq.371 Seq.405 Seq.460 Seq.520 Seq.610

seq. frames 198 198 199 199 199 196 199 198 199 198
seq. length (m) 172.53 159.96 42.30 165.15 351.21 272.66 85.74 265.91 134.55 62.74
seq. speed (m/f) 0.87 0.81 0.21 0.83 1.77 1.39 0.43 1.34 0.68 0.32

DROID-SLAM [30] 5.43 3.82 0.31 0.47 8.82 9.45 7.82 4.25 13.65 0.28
MASt3R-SLAM [19] 5.01 4.61 0.59 1.89 12.85 8.75 1.46 5.54 8.12 1.25
CUT3R [40] 9.99 8.95 3.92 5.92 24.52 13.45 7.42 13.55 8.85 3.31
VGGT-Long [9] 2.03 1.83 2.72 0.59 3.55 3.43 1.49 1.59 2.62 0.47
DA3-Streaming [16] 1.76 1.72 1.86 0.55 3.25 2.92 1.39 1.47 2.22 0.42
GRF-Recon (Ours) 1.39 1.49 1.55 0.45 2.52 2.15 1.15 1.12 1.78 0.29

geometric consistency modeling: DA3-Streaming strictly optimizes inter-chunk
pose constraints, leaving intra-chunk poses entirely reliant on feed-forward pre-
dictions. GRF-Recon overcomes this by introducing an explicit ray-field repre-
sentation into the global optimization, directly encoding 3D geometry and cou-
pling it with depth priors to enforce rigid scale constraints. This design allows
our method to achieve trajectory accuracy comparable to traditional calibrated
SLAM systems [5], entirely without requiring known camera intrinsics.

4.4 Optimization and Reconstruction Quality Analysis

We analyze system efficiency by decomposing the runtime of the frontend pipeline
and backend optimization (Tab. 4). A lightweight trajectory-based chunking
strategy replaces dense point cloud registration.

By exploiting pipeline parallelism, the computational cost of inter-chunk ray
matching (≈ 0.16 s per keyframe) and chunk alignment (≈ 0.15 s per chunk)
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(b) Per-frame Error (c) Error Distribution(a) 3D Trajectory(a) 3D Trajectory

Fig. 5: Evaluation of intra-chunk pose estimation on KITTI sequence 07.
Under loop-free conditions, our proposed ray optimization method (Ray (Opt.)) signif-
icantly mitigates local drift and improves intra-chunk pose accuracy compared to the
DA3 camera decoder (CamDec) and raw ray predictions (Ray).

Table 4: Runtime of GRF-Recon on Key KITTI [11] Sequences. End-to-
end runtime excludes model loading and disk I/O. Our parallel pipeline masks the
overhead of chunk alignment and ray matching behind feed-forward inference, while a
sparse C++ backend minimizes global optimization cost for long sequences.

Seq. Frames Frontend Pipeline Backend & Total

Chunk Size = 60 VPR Model
(s / chunk)

Ray Match
(s / keyframe)

Chunk Align
(s / chunk)

Loop Det.
(ms / q)

LM Opt.
(s / seq) Total Time

KITTI 00 4542 8.1 0.16 0.142 32.5 10.23 11min 45s
KITTI 07 1101 8.3 0.17 0.164 30.7 2.72 2min 41s
KITTI 09 1591 8.4 0.16 0.157 27.8 4.08 4min 03s

is effectively hidden by the dominant feed-forward inference (≈ 8 s per chunk),
introducing negligible additional latency to the system.

In the backend, our system filters noise to retain only high-confidence sparse
ray constraints, resulting in a highly sparse factor graph. Even for sequences
exceeding a thousand frames, the full Levenberg–Marquardt optimization con-
verges within approximately 10 seconds. This synergy between lightweight fron-
tend alignment and sparse backend refinement achieves an optimal balance be-
tween trajectory accuracy and computational efficiency under a strict 24 GB
memory budget. As illustrated in Fig. 5, we compare the raw ray decoding
from DA3 [16] with our refined ray estimation under loop-free conditions. The
results demonstrate that frontend optimization effectively regularizes the trajec-
tory and mitigates accumulated drift, confirming that high-quality ray matching
inherently provides strong geometric constraints for monocular reconstruction.

Tab. 5 reports the 3D reconstruction results on Waymo [29]. Operating
strictly under the uncalibrated monocular setting, GRF-Recon consistently achieves
Accuracy, Completeness, and Chamfer Distance across most sequences. The
global constraints imposed by our ray-field representation actively mitigate point
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Table 5: 3D Reconstruction on Waymo Open Dataset [29]. Performance is
evaluated using three geometric metrics: Accuracy ↓, Completeness ↓, and Chamfer
Distance ↓. All methods operate under the uncalibrated monocular setting. The best
result for each metric is highlighted with bold and underline.

Method Metric Seq.163 Seq.183 Seq.315 Seq.346 Seq.371 Seq.405 Seq.460 Seq.520 Seq.610

MASt3R-SLAM [19]
Accuracy ↓ 3.420 3.250 4.050 4.950 4.850 1.250 5.020 6.850 2.850
Completeness ↓ 1.850 3.550 2.220 3.250 2.920 3.150 2.180 4.820 7.150
Chamfer ↓ 2.650 3.320 3.150 4.150 3.880 2.220 3.550 5.850 4.950

VGGT-Long [9]
Accuracy ↓ 1.120 0.420 1.020 1.820 2.750 0.740 0.850 1.480 1.350
Completeness ↓ 2.950 3.680 1.880 3.550 3.050 3.480 2.010 5.050 2.220
Chamfer ↓ 2.080 2.050 1.450 2.680 2.920 2.120 1.420 3.250 1.780

DA3-Streaming [16]
Accuracy ↓ 1.050 0.380 0.960 1.680 2.250 0.710 0.820 1.360 1.180
Completeness ↓ 2.680 3.350 1.680 3.150 2.780 3.050 1.820 4.450 2.020
Chamfer ↓ 1.820 1.900 1.350 2.450 2.650 1.920 1.580 2.980 1.580

GRF-Recon (Ours)
Accuracy ↓ 0.910 0.410 0.820 1.350 1.980 0.620 0.740 1.150 1.020
Completeness ↓ 1.980 3.050 1.450 2.850 2.450 2.620 1.600 4.150 1.800
Chamfer ↓ 1.560 1.680 1.250 2.120 2.320 1.680 1.480 2.550 1.350

Table 6: Ablation study of GRF-Recon (ATE RMSE [m] ↓). The entry (0,0,0)
under the Ray Comp. column indicates that the ray-matching module is completely
removed. w/o Opt. disables both loop closure and ray matching, and the trajectory
is obtained by directly concatenating sequential camera poses. The Baseline uses the
default configuration with C/O = 60/10.

Dataset Baseline
(Full)

w/o
LoRA

Sparse
KF

Ray Comp. (wr, wg, wp) w/o
Loop

w/o
Opt.

Config (C/O)

(1,1,0) (1,0,1) (0,1,1) (0,0,0) 30/10 60/10 60/20

KITTI 00 4.35 6.80 5.45 5.62 6.95 6.42 7.35 8.12 12.35 4.41 4.35 4.32
KITTI 07 1.64 2.65 2.15 2.45 2.92 3.12 4.85 5.85 6.65 1.61 1.64 1.66

Seq. 346 2.52 3.10 3.15 3.52 3.25 3.55 6.60 6.85 7.40 2.58 2.52 2.49
Seq. 371 2.15 2.80 2.74 3.25 3.85 3.15 4.25 6.10 8.20 2.18 2.15 2.17

cloud layering and ghosting artifacts over long trajectories, yielding structurally
accurate and geometrically consistent scene reconstructions.

4.5 Ablation Study and Applications

Tab. 6 details our ablation study, quantifying the contribution of each core
module. Front-end depth fine-tuning (w/o LoRA) and the hybrid-weight ray-
matching module prove essential. Completely removing the ray matching module
((0,0,0)) or disabling the global backend optimization (w/o Opt.) forces the sys-
tem to degrade into pure sequential camera concatenation, triggering a drastic
increase in ATE RMSE. This confirms that both components are indispensable
for suppressing drift and preserving geometric consistency.

The spatio-temporal configuration ablation (C/O) demonstrates that, equipped
with precise geometric constraints and a robust backend optimizer, the system
exhibits robustness to varying chunk sizes and overlap ratios. To balance memory
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Fig. 6: Novel view synthesis on large-scale uncalibrated UAV sequences. We
use the point clouds reconstructed by GRF-Recon to initialize 3D Gaussian Splatting,
eliminating the need for a separate COLMAP-based structure-from-motion stage. With
this geometry-aware initialization, 3DGS converges within approximately 1,000 itera-
tions while maintaining accurate structural consistency.

footprint and computation speed, we select C/O = 60/10 as the default baseline,
securing a practical trade-off between performance and resource consumption.

We deploy GRF-Recon for UAV-based urban building reconstruction (Fig. 6).
Operating in GPS-denied environments, the system achieves robust trajectory
closure and generates high-fidelity dense point clouds. Utilizing these point
clouds to initialize 3D Gaussian Splatting [14] accelerates convergence compared
to traditional SfM-based initialization (e.g., COLMAP [25]) and can effectively
mitigate artifacts in edges and fine structures, demonstrating its considerable
potential for downstream dense neural SLAM [6] and rendering tasks.

5 Conclusion

We present GRF-Recon, a scalable framework for uncalibrated monocular 3D
reconstruction over long sequences. By distilling high-fidelity geometric priors
through re-normalized LoRA adaptation, we mitigate local depth degradation.
To address long-term drift under strict memory constraints, we introduce a
hybrid-weight sparse ray-field optimization. Experiments on autonomous driv-
ing datasets show that GRF-Recon outperforms existing feed-forward models,
achieving trajectory accuracy that surpasses traditional calibrated SLAM sys-
tems in selected scenarios. The method offers a practical, geometry-aware ini-
tialization for downstream applications, including UAV-based urban mapping,
virtual reality, and rapid digital twin generation via 3D Gaussian Splatting. Al-
though robust in rigid environments, it remains challenged by highly dynamic
objects. Future work will focus on improving reconstruction accuracy and real-
time consistency in complex scenes.
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