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Figure 1. For large-scale outdoor scenarios, previous work suffers from: 1) severe drift (CUT3R and Fast3R); 2) unable to complete the
entire long sequence (MASt3R-SLAM and VGGT). Our method VGGT-Long is able to complete the reconstruction of the kilometer-scale

scene while maintaining the accuracy of the scene.

Abstract

Foundation models for 3D vision have recently demon-
strated remarkable capabilities in 3D perception. How-
ever, extending these models to large-scale RGB stream
3D reconstruction remains challenging due to memory lim-
itations. In this work, we propose VGGT-Long, a sim-
ple yet effective system that pushes the limits of monocu-
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lar 3D reconstruction to kilometer-scale, unbounded out-
door environments. Our approach addresses the scalability
bottlenecks of existing models through a chunk-based pro-
cessing strategy combined with overlapping alignment and
lightweight loop closure optimization. Without requiring
camera calibration, depth supervision or model retraining,
VGGT-Long achieves trajectory and reconstruction perfor-
mance comparable to traditional methods. We evaluate
our method on KITTI, Waymo, and Virtual KITTI datasets.
VGGT-Long not only runs successfully on long RGB se-
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quences where foundation models typically fail, but also
produces accurate and consistent geometry across various
conditions. Our results highlight the potential of leverag-
ing foundation models for scalable monocular 3D scene in
real-world settings, especially for autonomous driving sce-
narios. Code is available at https://github.com/
DengKaiCQ/VGGT—-Long.

1. Introduction

Perceiving 3D environments from monocular RGB streams
is crucial for autonomous driving, yet existing methods
struggle with kilometer-scale and uncalibrated sequences.
Unlike the small-scale indoor 3D vision tasks, driving sce-
narios involve long trajectories with sparse frame corre-
spondence, dynamic objects and challenging outdoor con-
ditions. While some approaches [8, 45, 46] handle large-
scale monocular scenes, they often depend on sophisticated
multi-module pipelines or assume known camera intrinsics.
Others leverage additional sensors (LiDAR [48], IMU [47]
or stereo [5]), sidestepping the core challenge: scalable,
calibration-free reconstruction from monocular RGB alone
and it is a critical for autonomous systems.

A recent paradigm shift in 3D vision has witnessed
the rise of end-to-end foundation models, largely based
on the Transformer architecture [39]. A mainly of works
from DUSt3R [43] and MASt3R [17] to CUT3R [42],
Fast3R [44], and most recently VGGT [41], aim to replace
complex, multi-component StM and SLAM pipelines with
a single and unified deep learning model. These models are
trained on massive datasets to integrate camera pose estima-
tion, intrinsic parameter regression, and 3D scene represen-
tation (typically as a point map) into one cohesive frame-
work. A key goal is to enable backpropagation of errors
through the entire system, creating a powerful and versa-
tile foundation model for 3D reconstruction that operates
on raw and uncalibrated RGB inputs. However, foundation
models like CUT3R and Fast3R still struggle with severe
drift in outdoor environments, even on short sequences of a
few dozen frames, which limits their practical applicability.
In contrast, VGGT delivers remarkably stable and accurate
local reconstructions, establishing it as the state-of-the-art
in terms of reconstruction quality. Its primary limitation is
not performance, but its immense computational and mem-
ory footprint.

The computational and memory demands of Trans-
former based foundation models severely limit their scal-
ability. Standard self-attention [39] scales quadratically
with input size, and while techniques like Flash-Attention
[6, 7] reduce compute complexity to linear. However, GPU
memory requirement still remains prohibitive. For exam-
ple, VGGT can just process 60 to 80 images on a 24 GiB
RTX 4090 GPU; scaling to a KITTI Seq 00 trajectory (about

4,600 frames) would require 1,380 to 1,840 GiB, far ex-
ceeding current hardware. This bottleneck confines such
models to small-scale scenes, as both memory and drift ac-
cumulation become intractable over long sequences.

Our work is inspired by recent efforts to integrate these
foundation models into large-scale systems. A notable ex-
ample is MASt3R-SLLAM [24], which builds a sophisticat-
edly designed SLAM system on top of the MASt3R model.
To achieve global consistency, it employs a complex back-
end with pose graph optimization, bundle adjustment and
other heavy machinery. While powerful, such systems of-
ten entail significant engineering complexity, making them
difficult to adapt to down-streaming tasks.

This raises a fundamental question: must large-scale
reconstruction always equate to system-level complexity?
Our philosophy diverges significantly from this trend. We
advocate for a minimalist approach that unlocks the inher-
ent potential of the foundational model itself. We posit that
VGGT is already a remarkably powerful engine for large-
scale 3D perception, and the primary challenge is not a lack
of capability, but a lack of scalability. Instead of building
another intricate system around it, we ask: can we solve the
problem with the minimal overhead?

To this end, we propose VGGT-Long, a framework that
extends VGGT to long sequences through a simple yet ef-
fective framework: processing the sequence in overlapping
chunks, robustly aligning adjacent chunks, and correcting
for drift using a high-quality loop closure module. This
“chunk-and-align” paradigm avoids the need for a complex
graph-based optimization backend (such as bundle adjust-
ment [36]). It is a testament to the power of the underly-
ing VGGT model, demonstrating that with the right strat-
egy, its exceptional local reconstruction capabilities can be
seamlessly stitched together to form a globally consistent,
kilometer-scale map. Our work champions the idea that,
a sufficiently powerful base model may not necessarily
require a complex backend system to assist.

In summary, our contributions are as follows:

1. We present the first system that successfully extends
monocular 3D reconstruction models to kilometer-scale,
unbounded outdoor scenes, without requiring camera
calibration and depth supervision.

2. We introduce a simple yet effective chunk-and-align
pipeline that resolves the memory limitations of founda-
tion models like VGGT on long video sequences, while
achieving accuracy comparable to traditional methods
with calibrated cameras.

3. We address the accumulated Sim(3) drift problem in-
herent in processing long sequences with local models,
demonstrating that VGGT can serve as a robust front-
end for a large-scale reconstruction system without re-
quiring a complex backend.
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2. Related Work

Structure-from-Motion (SfM). SfM methods estimate
camera poses and sparse 3D structure from multi-view im-
ages. Classical SfM pipelines [1, 10, 27] typically follow
an incremental strategy: detecting keypoints [9, 37], match-
ing features [4, 19] and refining poses through bundle ad-
justment [36]. While robust, these pipelines rely heavily
on features extraction and are limited in textureless or am-
biguous scenes. Recent deep learning methods aim to en-
hance or replace traditional modules. Hybrid frameworks
such as PixSfM [18] and DFSfM [14] combine deep fea-
tures with classical optimization to refine both tracks and
structure. Fully differentiable SfM pipelines [28, 32, 33, 38]
further explore end-to-end learning of camera poses and
depth but often suffer from scalability issues or poor gen-
eralization. VGGSfM [40] demonstrates that learned sys-
tems can surpass classical SfM on real-world datasets by
integrating dense features and multi-view consistency into
a unified framework.

SLAM and Visual Odometry. To overcome the scal-
ability issue of foundation models, researchers have ex-
plored to integrate them into larger SLAM systems. Tra-
ditional SLAM systems [3, 22, 23] rely on handcrafted
features and optimization, while learning-based approaches
[2, 16, 34] integrate differentiable components into deep
networks. However, these methods either scale poorly to
long sequences or require pre-calibrated camera. MASt3R-
SLAM [24] builds a sophisticated real-time SLAM frame-
work around the MASt3R [17] without the calibration, em-
ploying complex backend machinery such as pose graph
optimization and bundle adjustment to ensure global con-
sistency.

Transformer based 3D Vision Method. A recent trend
of 3D vision is the development of end-to-end foundation
models, predominantly based on the Transformer architec-
ture. These methods target dense geometry reconstruction
from overlapping images, assuming unknown poses and
unknown camera calibration. A pioneering line of work,
including DUSt3R [43] and its successor MASt3R [17],
demonstrates the feasibility of jointly estimating camera pa-
rameters and dense 3D geometry from uncalibrated image
pairs. Subsequent models like CUT3R [42] and Fast3R [44]
further refined this paradigm. Most recently, VGGT [41]
obtained a new state-of-the-art in reconstruction quality,
producing remarkably stable and accurate local 3D maps
from raw RGB inputs. However, a common limitation of
these models is their significant computational and mem-
ory cost, which restricts their application to short image se-
quences.

Our work, VGGT-Long, distinguishes itself by adopt-
ing a minimalist philosophy. Instead of building a com-
plex system, we focus on unlocking the full potential of
the powerful VGGT model itself, using a simple yet effec-

tive chunk-and-align framework to extend its capabilities to
long-sequence, large-scale scenarios with the minimal over-
head.

3. Method

Our proposed method, VGGT-Long, processes long monoc-
ular RGB sequences by decomposing the problem into three
stages: chunking, chunk-wise alignment, loop closure and
loop correction. Our method maintains the local accuracy
of VGGT while ensuring global accuracy when handling
the outdoor long sequences.

3.1. Sequence Chunking and Local Aligning with
Confidence

Given a long image sequence Z = {I;,...,Iy}, we par-
tition it into K overlapping chunks. Let L be the chunk
size and O be the overlap size. The k-th chunk, for & =
1,..., K, is defined as the subsequence of frames indexed
from (k — 1)(L — O) to (k — 1)(L — O) + L. Each chunk
Cy is processed independently by the VGGT model [41],
which outputs a set of locally consistent camera poses and
a 3D point map P;, € R¥*WX3 with the corresponding
confidence values cj, € RT*XW,

We fully leverage the confidence VGGT outputs to per-
form chunk alignment. In VGGT, the output confidence
reflects the model’s certainty about the point cloud. More
specifically, in outdoor environments, objects such as the
sky, oncoming vehicles, fast-moving pedestrians or rain-
drops during rainy conditions can affect the SIM(3) align-
ment calculation to some extent. VGGT’s final output
assigns lower confidence to these points, while assigning
higher confidence to static scenes (such as buildings or sta-
tionary vehicles). Our alignment strategy is designed to
achieve robust alignment based on this principle.

For each pair of adjacent chunks, C; and Cpyi, we
identify a set of 3D point correspondences {(p},, Pj;1)}
and {(cj, ¢ )} within their overlapping region. To ro-
bustly estimate the relative Sim(3) transformation Sy, ;11 €
Sim(3) that aligns C41 to Cy, we employ an Iteratively
Reweighted Least Squares (IRLS) optimization. The ob-
jective is to minimize the following robust cost function

Sh i1 = i i — Sp; , A
kk+1 argselgg(g)zi:p(\lpk pk+1H2) (1

where p(-) is the Huber loss function, which down-weights
the influence of outliers. The IRLS procedure solves this
non-linear problem by iteratively minimizing a weighted
sum of squared errors

gl+1) — : QI _ Spi 2 )
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Figure 2. Overview of VGGT-Long. VGGT-Long processes long sequences by dividing them into different chunks, thereby handling the
input RGB stream in a sliding window manner. We fully utilize VGGT’s pointmap and confidence to perform lightweight loop closure and
alignment on the output chunks, thus extending VGGT to long-sequence datasets for autonomous driving.

Chunk n

(b) The visualization of overlapping frames.

Figure 3. (a) VGGT-long divides a kilometer-scale sequence into
different chunks for processing. (b) The alignments are derived
from the consistency of overlapping frames in 3D space.

At each iteration ¢, the weight Wl(t) for the i-th corre-
spondence is a product of the model’s confidence c; and a
robustness term derived from the Huber loss

7(.(t)
w® —¢, . p'(r; )7 3)
i RO
i
where ) = |pi — S®pi_ |2 is the residual from the

previous iteration. Each weighted least-squares problem is
solved efficiently in closed form using a weighted version
of the Umeyama algorithm. Through this approach, we ex-
clude low-confidence points (e.g., rapidly moving objects
and sky regions) as outliers (see Fig. 4). For medium-
confidence objects (e.g., slowly moving vehicles), we as-
sign reduced alignment weights, while concentrating higher
weights on high-confidence structures (e.g., buildings). In
our implementation, we directly discard points with confi-
dence values below 0.1x the median confidence of the en-
tire chunk. The remaining low-confidence points that sur-
vive this filtering contribute minimally to the alignment pro-
cess due to their attenuated weights.

3.2. Loop Detection and Loop-wise SIM(3) Aligning

To correct the accumulated drift inherent in sequential es-
timation, we perform loop closure detection across the
entire sequence. This process involves identifying non-
adjacent chunks as the same scene and robustly estimating
the Sim(3) transformation between them.

First, we use a pre-trained Visual Place Recognition
(VPR) model [15], which leverages a DINOv2 backbone
[25], to extract a compact and descriptive global feature
vector d; for each image I; in the sequence. These descrip-
tors capture the high-level semantic and geometric content
of the images.

With global descriptors for all images, we identify po-
tential loop closure candidates. For each descriptor, we per-
form an efficient nearest neighbor search to find other im-
ages with high cosine similarity. A pair of images (I,,I;)
is considered as a potential loop closure if their similarity
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Figure 4. Confidence-aware alignment suppress the influence of
high-speed dynamic objects (such as vehicles) on alignment and
reconstruction. It could be observed that higher-density vehicles
cannot be effectively filtered out by the LiDAR, but VGGT-Long
has the ability to handle this situation.

score exceeds a threshold 7, and their frame indices are suf-
ficiently separated, i.e., |i — j| > Atynin. To ensure that the
detected loops are distinct and to avoid redundant matches
in temporally close frames, we apply Non-Maximum Sup-
pression (NMS). This filtering step selects the strongest
match within a local time window, yielding a set of high-
confidence image-level loop pairs.

For each validated loop pair (I;,1;), we adopt a special-
ized strategy to generate a high-quality local reconstruction
of the looped scene. We form a new, temporary image batch
by concatenating sub-sequences of frames centered around
the indices ¢ and j. This batch, containing temporally dis-
joint views of the same location, is then processed by the
VGGT model. Unlike the sequential, sliding-window pro-
cessing described in Sec. 3.1, this approach provides VGGT
with a more diverse, time-dispersed perspective, enabling
a more robust reconstruction of the scene’s geometry by
leveraging a wider baseline.

The resulting 3D point map, which we can call it the
“loop-centric” chunk, is then aligned with the original point
maps of the corresponding chunks C; and C; (which were
generated from temporally continuous frames). To com-
pute the final loop-closing transformation S;;, we chain the
alignments through this new chunk. Specifically, we com-
pute the transformations from the original chunks to the
loop-centric chunk and then compose them

Sji = Sj,loop © S;’]})opa 4
where S 1o0p and S; joop are the transformations that align
the loop-centric chunk to the coordinate frames of chunks
C; and C; respectively (described in Sec. 3.1). The com-
position S joep © S;liop effectively chains the transforma-
tions to compute the direct alignment from chunk C; to C;
(i.e., © — loop — j). This provides a robust geometric
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Figure 5. Without loop constraints, errors will be accumulated
continuously at the kilometer scale. The use of Global LM Opti-
mization can alleviate this accumulated error.
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Figure 6. The loop optimization can be converged in just 3 itera-
tions and can achieve millisecond-level performance.

constraint for the global optimization by bridging the two
distant chunks through a shared, high-quality local recon-
struction.

3.3. Global SIM(3) LM-based Optimization

To achieve global consistency, We follow [8, 20, 29], per-
forming a global optimization over the Sim(3) transforma-
tions of all chunks. Instead of constructing a complex factor
graph, we directly minimizes a non-linear least-squares ob-
jective function composed of two types of geometric con-
straints: sequential constraints from adjacent chunks (Sec.
3.1) and loop closure constraints from non-adjacent chunks
(Sec. 3.2). The goal is to jointly optimize the transforma-
tions {Si}X_, for all chunks to be maximally consistent
with these relative measurements. The optimization prob-
lem is formulated as

K-—1
{Si} = argmin Z 1108im(3) (S k+15% Skr1)ll5
s )
+ Z || 10gSim(3) (Sz_Jlsz_lsj)Hgv
(i,7)€L

where Sy, ;.41 is the relative transformation between adja-
cent chunks, S;; is the loop closure transformation between
chunks 4 and j, and L is the set of all loop closures. The
logSim(3)(-) map converts a Sim(3) transformation into its



7-dimensional tangent space representation in the Lie alge-
bra sim(3), allowing for unconstrained optimization. We
solve this non-linear least-squares problem efficiently us-
ing the Levenberg-Marquardt (LM) algorithm. The global
optimization operates chunk-wise, maintaining a small set
of SIM(3) variables (typically dozens even for KITTI, see
Fig. 5). Convergence is achieved within few iterations, with
processing times in milliseconds (see Fig. 6).

4. Experiments

We evaluate VGGT-Long on three datasets — KITTI
Dataset Odometry Track [13], Waymo Open Dataset
(v1.4.1) [31], and Virtual KITTI Dataset (v1.3.1) [11] to
assess its performance in large-scale monocular 3D recon-
struction. Our experiments are conducted on the computer
with Ubuntu 22.04, and equipped with 12 Intel Xeon Gold
6128 3.40 GHz CPUs, 67GiB of RAM, and an NVIDIA
RTX 4090 GPU with 24GiB of VRAM.

4.1. Metrics

We report four different metrics. For tracking performance,
following the recent literature, we use the Absolute Trajec-
tory Error (ATE) metric [30] to evaluate the model’s long-
term consistency over extended sequences. For reconstruc-
tion metrics, we adopt the settings from VGGT [41] and em-
ploy: 1) Accuracy: Euclidean distance from each predicted
point to its nearest Ground Truth (GT) point; 2) Complete-
ness: Euclidean distance from each GT point to its nearest
predicted point; 3) Chamfer Distance: The average of the
above two metrics. Due to the scale ambiguity inherent in
monocular 3D methods, we first perform coarse alignment
between the predicted poses and GT poses before calculat-
ing the reconstruction metrics. Subsequently, we refine the
alignment using the Point-to-Point Iterative Closest Point
(ICP) method [26] and then compute these metrics.

4.2. Experiments Settings

For the calculation of reconstruction performance metrics,
to avoid interference from outlier point clouds, we uni-
formly retain points with confidence values greater than
0.75x the average confidence for Transformer-based 3D
methods. As for models like DROID-SLAM, which do not
output confidence values, we retain points with depth values
larger than 0.75x the average inverse depth as the filtered
point cloud.

Following the VGGT’s configuration, we downsample
input images to 518-pixel width while the hight maintaining
aspect ratio during inference. Due to the more “elongated”
image aspect ratios in KITTI and Virtual KITTI datasets, we
set the chunk size to 75 frames, while adopting 60 frames
for Waymo (nearly saturating the whole capacity of RTX
4090 24GiB VRAM). Our inference pipeline first processes
all images through VPR, then releases the VPR model’s

memory occupancy to allocate sufficient GPU memory re-
sources for VGGT.

4.3. CPU Memory Management Strategy

To handle large-scale scenarios where CPU memory cannot
accommodate all VGGT outputs, we implement a memory-
efficient strategy: after processing each chunk, we store the
results on disk. During subsequent alignment phases, we
selectively load only relevant chunk pairs into CPU mem-
ory for SIM(3) computation, and immediately freeing the
memory after calculation. This design offloads CPU mem-
ory pressure to disk storage, and will effectively prevents
the operating system crashes, freezes, or other catastrophic
failures caused by excessive CPU memory consumption.
Upon completing computations, the model purges all in-
termediate results to minimize the storage overhead. The
final outputs (colored point clouds and camera poses) em-
ploy stream writing techniques to bypass CPU memory con-
straints during large-scale reconstruction, effectively elim-
inating RAM pressure from handling massive point cloud
datasets.

4.4. KITTI, Waymo & Virtual KITTI

We begin with the KITTI odometry dataset, a classic bench-
mark for SLAM evaluation. Due to the long sequence
lengths and outdoor settings, KITTI presents significant
challenges for monocular reconstruction. Table 1 reports
the ATE across 11 sequences.

VGGT-Long outperforms the learning-based methods
such as DROID-SLAM and DPVO. Unlike ORB-SLAM?2
or LDSO, our method does not rely on calibrated camera
intrinsics and still maintains competitive accuracy. Notably,
VGGT-Long runs successfully on all sequences, while
foundation models like Fast3R, CUT3R, and VGGT fail due
to memory overflow. This verifies that our chunk-and-align
framework effectively extends VGGT to long sequences
without sacrificing scalability.

To validate generalization, we test VGGT-Long on the
Waymo Open Dataset, which features urban driving with
high variability in scene appearance and traffic condi-
tions. VGGT-Long achieves an average ATE of 1.996m
across ten 200-frame segments. Compared to methods like
CUT3R and MASt3R-SLAM, VGGT-Long yields signifi-
cantly lower errors, as shown in Table 2. On segments with
strong viewpoint diversity, VGGT-Long consistently pro-
duces more accurate and complete 3D reconstructions.

We further assess robustness under synthetic domain
shifts using the Virtual KITTI dataset, which offers multiple
weather and lighting conditions. As Table 4 shows, VGGT-
Long maintains stable ATE across all tested conditions, in-
cluding fog, rain, and sunset. Unlike DROID-SLAM, which
occasionally fails to track, and CUT3R, which exhibits large
drifts, our method remains robust without requiring retrain-



Methods ‘ LC Calibration Recon. Avg. Avg* 00 01 02 03 04 05 06 07 08 09 10
2109 2210 4542 11 4661 801 271 2761 1101 1101 4071 1591 1201
2012.243 | 1968.147 | 3724.19 5067.23  560.89 393.65 220558 1232.88 649.70 3222.80 1705.05 919.52
se (m/ frame) - - - 0.95 0.89 0.82 1.09 0.70 145 0.80 112 0.59 0.79 1.07 0.77
contc op v v X X v v v X v x
-2 | ORB-SLAM2 (w/o LC) [22] | X Required Sparse 69.727 26.480 40.65 502.20 47.82 [0.94] 1.30 29.95 40.82 16.04 (43.09) (38.77) [5.42]
% | ORB-SLAM2 (w/ LC) [22] v Required Sparse 54.816 [9.464] [6.03] 508.34 [14.76] (1.02) 1.57 [4.04] (11.16)  (2.19) [38.85] [8.39] (6.63)
O | LDSO[12] v Required Sparse | [22.425] 23.500 9.32 (11.68)  (31.98) 2.85 122 (5.10) 13.55 2.96 129.02 21.64 17.36
DROID-VO [34] X Required Dense 54.188 51.187 98.43 84.20 108.80 2.58 0.93 59.27 64.40 24.20 64.55 71.80 16.91
DPVO [35] X Required Sparse 53.609 57.701 113.21 12.69 123.40 2.09 [0.68] 58.96 54.78 19.26 115.90 75.10 13.63
3 | DROID-SLAM [34] - Required Dense 100.278 75.846 92.10 344.60 107.61 2.38 1.00 118.50 62.47 21.78 161.60 72.32 118.70
é‘ DPV-SLAM [20] v Required Sparse 53.034 57.187 112.80 [11.50] 123.53 2.50 0.81 57.80 54.86 18.77 110.49 76.66 13.65
op | DPV-SLAM++ [20] 4 Required Sparse | (25.749) 27.138 (8.30) 11.86 39.64 2.50 (0.78) 5 11.60 [1.52] 110.90 76.70 13.70
& —
‘E | MASB3R-SLAM [24] v Dense / / TL TL TL TL TL TL TL TL TL TL TL
;]5 CUT3R [42] X Dense / / ooM ooM ooM 148.07 22.31 ooM ooM ooM ooM oom oOoM
Fast3R [44] X Dense / / 0oM 0OOM 00OM 00OM 0O0OM 00OM 0O0OM 00OM 00OM ooM 0O0OM
VGGT [41] X Dense / / ooM 0O0OM 00OM OOM 0OOM 00OM OOM ooM OOM ooM O0OM
| VGGT-Long (Ours) | v NoNeed ~ Dense | 27.637 | (18.284) | 867 121.17 32.08 6.12 423 8.31 [534] 4.63 53.10 4199 1837

Table 1. Camera Tracking Results (ATE RMSE [m] ) on the KITTI Dataset. /L.C/ denotes loop closure.

Since the Seq. 01 is a high-speed

sequence, its movement pattern is significantly different from those of other sequences. [Avg.” /] shows the mean ATE excluding Seq O1.
VGGT-Long achieves relatively good tracking accuracy without the input of camera intrinsic matrix. /OOM] is short for CUDA Out-Of-
Memory on a single RTX 4090. /7L] is short for Tracking Lost. See Fig. 7 for trajectory visual results. Color defination: [first], (second),

third.

Segment ID Calib. Avg. 163453191 183829460 315615587 346181117 371159869 405841035 460417311 520018670 610454533
Frame num. 198 198 199 199 199 196 199 198 199 198
Segment length 172.533 159.963 42.301 165.149 351.213 272.661 85.743 265.906 134.552 62.739
Segment speed 0.871 0.808 0.213 0.830 1.765 1.391 0.431 1.343 0.676 0.317
Traffic - Low High Low Low Medium Low Medium Low High
DROID SLAM [34] Required | (4.396) (3.705) [0.301] [0.447] (8.653) 9.320 7.621 (4.170) TL [0.264]
MASt3R-SLAM [24] | No Need 5.560 4.500 (0.556) 1.833 12.544 (8.601) [1.412 5.428 (7.910) 1.195
CUT3R [42] I 9.872 8.781 3.810 5.790 24.015 13.070 7.261 13.206 8.597 3.229
Fast3R [44] N e / OOM oOoM OooM OOM OooM OOM OOM OoM OOM
VGGT [41] No Need / ooM ooM ooMm ooM oom ooMm ooM oom ooM
VGGT-Long (Ours) | NoNeed | [1.996] | [1.753] 2,629 (0.559) [3.452] [3.343] (1.444) [1.541] [2.547] (0.455)

Table 2. Camera Tracking Results (ATE RMSE [m] J) on the Waymo Open Dataset. Color defination: [first], (second).

ing or domain adaptation.

In the experiments, the previous methods achieve lower
tracking accuracies. The reasons for DROID-SLAM’s poor
performance on long outdoor sequences have been thor-
oughly discussed in [8, 20]. MASt3R-SLAM works in short
sequences but often fails in longer ones, a limitation tied to
its reliance on MASt3R [17] for feature matching. In au-
tonomous driving scenarios with less scene variation than
that in indoor scenarios, like on a long straight road, the sys-
tem may not generate new keyframes for extended periods.
When it finally does, the significant distance from the last
keyframe causes feature matching to fail, leading to track-
ing loss. As for CUT3R, it employs continuous state tokens
to encode the entire 3D scene, which is analogous to NeRF
[21] in novel view synthesis. Consequently, CUT3R faces
similar challenges as NeRF in large-scale outdoor scenes.
That is, a compact representation struggles to capture the
vast geometric details of expansive large-scale outdoor en-
vironments.

4.5. Loop Optimization Analysis & Ablation Study

Table 5 reports the runtime of VGGT-Long on several
KITTI sequences. All measurements exclude disk I/O time,
as it can vary depending on OS background programs, disk
bandwidth, and memory throughput. On our computer,
each chunk takes approximately 25ms to load and 95ms to

write, which is negligible given that each KITTI sequence
contains only a few dozen chunks. Therefore, disk latency
does not significantly impact overall runtime.

Our system achieves efficient chunk-wise processing
(about 2.6-2.8s per chunk) and fast Sim(3) alignment
(about 0.2s). We evaluate the effectiveness and efficiency
of our loop optimization module in Fig. 6. The pro-
posed Sim(3)-based Levenberg-Marquardt solver converges
within 3 iterations on average and takes less than 15ms
per step (taking 0.4-1.3ms/iter in C++ or 3.5-13ms/iter
in Python). These results demonstrate the practicality of
our system in real-time or near real-time scenarios even on
kilometer-scale sequences.

Table 6 presents an ablation study on KITTI sequences.
“LC” indicates whether loop closure is enabled. “IRLS”
denotes the use of iterative reweighted least squares in
chunk alignment; disabling it results in a single-pass
confidence-weighted alignment. “Weight” refers to whether
confidence-based weighting is applied during alignment. To
disable it, we normalize the VGGT confidence map to a
uniform value across all points. Removing either the loop
closure module or the IRLS weighting results in noticeable
accuracy degradation. Specifically, removing loop closure
increases the ATE to 58.69m on Seq. 00, while disabling
IRLS leads to a 13% drop in performance. The best per-
formance is achieved when all components, loop closure,



Segment ID Metric ‘ Calib. ‘ Avg. ‘ 163453191 183829460 315615587 346181117 371159869 405841035 460417311 520018670 610454533
- 198 198 199 199 199 196 198 199 198
172.533 159.963 42.301 165.149 351.213 272.661 265.906 134.552 62.739
0.871 0.808 0.213 0.830 1.765 1.391 1.343 0.676 0.317
Traffic - Low High Low Low Medium Medium Low High
Accuracy | 1.201 [0.781] 1.136 2.247 2393 [1.090] [0.539] [0.740] TL [0.677]
DROID-SLAM [34] Completeness | | Required 8.540 4.610 10.245 5.540 8.669 8.592 11.144 5.320 TL 14.201
Chamfer | 1.870 2.696 5.691 3.893 5.531 4.841 5.842 3.030 TL 7.439
Accuracy | 3.772 3.189 2.988 3.787 4.689 4.436 1.166 4.637 6.417 2.637
MASt3R-SLAM [24] | Completeness | | No Need 3.177 [1.715] [3.284] 2.047 [2.981] [2.679] [2.895] 2.002 4.429 6.560
Chamfer | 3.474 2452 3.136 2917 3.835 3.558 2.031 3.319 5423 4.599
Accuracy | 3.884 3.580 1.144 2418 3.712 3.679 4.346 2.012 12.320 1.744
CUT3R [42] Completeness | | No Need | 6.801 8.251 9.352 8.748 8.537 5.467 3.393 6.164 [2.302] 8.999
Chamfer | 5.343 5916 5.248 5.583 6.125 4.573 3.869 4.088 7.311 5.371
Accuracy | [1.182] 1.002 [0.395] [0.925] [1.668] 2.580 0.679 0.784 [1.358] 1.246
VGGT-Long (Ours) | Completeness | | No Need | [2.860] 2.762 3417 [1.738] 3.261 2.791 3.216 [1.840] 4.694 [2.022]
Chamfer | [2.021] [1.882] [1.906] [1.331] [2.465] [2.685] [1.948] [1.312] [3.026] [1.634]

Table 3. Point Map Estimation Results on the Waymo Open Dataset. The GT point cloud is collected by LiDAR, which on vehicles is
typically scanning at a height below human eye level, the GT point cloud’s coverage is actually narrower than the observation range of RGB
cameras. As can be seen in Segment 371159869, the LiIDAR-captured GT point cloud fails to perceive the 3D structure of the overpass,
whereas almost all visual-based methods can, to varying degrees, detect and reconstruct this structure. Therefore, the numerical values in
this table should be taken as reference only, and readers are encouraged to refer to Fig. 9 to Fig. 12 for a more intuitive visual comparison
between methods. However, whether by visual comparison or the reference numerical values, it is evident that VGGT-Long achieves high
reconstruction performance than other methods. Color defination: [first].

| Calib. | Scene 01  Speed: 0.743, Num.: 447, Length 332.487 m Scene 02 Speed: 0.509, Num.: 223, Length 113.603 m
Condition | - | Clone Fog Morning  Overcast Rain Sunset | Clone Fog Morning ~ Overcast Rain Sunset
DROID-SLAM [34] | Required | (1.0267) (1.8679) (0.9886)  (1.0146) [0.7763] [1.1453] | [0.0981] [0.0401] [0.0493] [0.0478] [0.0363] [0.1127]
MAS3R-SLAM [24] | No Need 1L TL TL 7L TL TL TL TL TL TL TL TL
CUT3R [42] No Need | 43.3039  62.1908  50.6081 38.7345  51.5482  43.7854 | 23.7711 9.9484  28.4150  24.6440 7.9632 25.9732
Fast3R [44] NoNeed | OOM ooM ooM ooM ooM ooM ooM ooM 0oM ooM ooM oom
VGGT [41] NoNeed | OOM ooM oom ooM 00oM ooM ooM ooM 0oM ooM oom ooM
VGGT-Long (Ours) | No Need | [0.7632] [0.8739] [0.9279] [0.6704] (1.7991) (1.2593) | (0.7229) (0.7086) (0.7214) (0.6809)  (0.6930)  (0.6890)

| Calib. | Scene 06  Speed: 0.192, Num.: 270, Length 51.899 m Scene 18 Speed: 0.751, Num.: 339, Length 254.443 m
Condition | - | Clone Fog Morning  Overcast Rain Sunset | Clone Fog Morning ~ Overcast Rain Sunset
DROID-SLAM [34] | Required | [0.0633] [0.0243]  [0.0302]  [0.0509] TL [0.0197] | [2.4775] (2.0316) (1.8939) (2.3317) (2.5497) (1.9434)
MASER-SLAM [24] | No Need TL TL TL TL TL TL TL TL TL TL TL TL
CUT3R [42] No Need | 0.8358  (0.4078)  0.5990 07204  (1.0590)  1.0127 | 19.4402 8.6279  6.7201 ~ 202124 167768  31.1191
Fast3R [44] NoNeed | OOM ooM oom [l oom ooM 0oM ooM oom ooM ooM oom
VGGT [41] No Need | OOM 0oM oom 00M ooM ooM 00M 0oM ooM o0oM 0oM ooM
VGGT-Long (Ours) | NoNeed | (0.3649)  0.5425  (0.3761)  (0.4024) [0.5585] (0.3819) | (1.6509) [0.7969] [1.2879]  [1.2556]  [1.6480] [1.7402]

‘ Calib. ‘ Scene 20 Speed: 0.849, Num: 837, Length 711.229 m Average
Condition ‘ - ‘ Clone Fog Morning ~ Overcast Rain Sunset 01 Avg. 02Avg. 06Avg. 18 Avg. 20 Avg.  All Avg.
DROID-SLAM [34] | Required | [3.5915] [5.0789] [3.7332]  [3.8521] [3.7800] (4.9074) | (1.1366) [0.0640] [0.0377] (2.2046) [4.1572] [1.5200]
MASER-SLAM [24] | No Need TL TL TL TL TL TL / / / / / /
CUT3R [42] No Need | 129.4984 769624  117.9483 1145124 66.7003  116.5289 | 48.3618  20.1191 07724  17.1494 103.6918  38.0189
Fast3R [44] No Need |  OOM 0oM oom 0oM ooM ooM / / / / / /
VGGT [41] NoNeed | OOM ooM ooM ooM 0oM ooM / / / / / /
VGGT-Long (Ours) | NoNeed | (9.6553) (8.1851) (6.3447)  (4.5642) (6.4990) [4.8500] | [1.0490] (0.7026) (0.4377) [1.3966]  (6.6830) (2.0538)

Table 4. Camera Tracking Results (ATE RMSE [m] ) on the Virtual KITTI Dataset. Color defination: [first], (second).

Chunk Size = 75 VPR Model Chunk Process Chunk Align LM Opt. (C++) LM Opt. (Python)
Seq. | Seq. Frames | Time/Frame  Time / Chunk Time / Iter Time / Iter Time / Iter
00 4542 21.264 ms 2.811s 0.284 s 1.249 ms 13.394 ms
05 2761 17.023 ms 2.614s 0.273s 0.862 ms 8.446 ms
06 1101 18.523 ms 2728 0278 s 0.436 ms 3.592 ms

Table 5. Runtime Analysis of each components of VGGT-Long.
All the components are able to operate in almost real-time.

LC IRLS Weight | 00 05

X v v | 5869 3601
X v | 1229 1098
4 X | 1128 1013
o/ v | 867 831

Table 6. Ablation study (ATE RMSE [m] |). Experiments demon-
strate that loop closure significantly reduces cumulative errors, and
the combination with all components yields optimal performance.

IRLS and confidence-weighted alignment are enabled.

5. Conclusion

In this work, we presented VGGT-Long, a simple yet ef-
fective framework that extends monocular RGB-only 3D
reconstruction to long, unbounded video sequences using
foundation models. Our method overcomes the GPU mem-
ory limitations of existing 3D vision models without requir-
ing camera calibration. Through extensive experiments on
KITTI, Waymo, and Virtual KITTI, we demonstrated that
VGGT-Long achieves accurate and scalable 3D reconstruc-
tion across diverse real-world and synthetic environments.
In the future, we will continue researching ways to improve
the accuracy and consistency of 3D foundation models for
long outdoor sequences.
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Figure 7. Trajectory visual results of KITTI Dataset. Although there is overlap in 3D space in Sequence 08, it often corresponds to different
driving directions within the same lane. In such cases, the 2D RGB loop detection module fails to identify potential loops. Nevertheless,
even under such circumstances, according to Table 1, VGGT-Long still outperforms many existing methods in terms of numerical accuracy.
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Figure 8. Visual results of Virtual KITTI Dataset.
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Figure 9. Visual comparison of Waymo Open Dataset. Part 1.
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Figure 10. Visual comparison of Waymo Open Dataset. Part 2.
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Figure 11. Visual comparison of Waymo Open Dataset. Part 3.
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Figure 12. Visual comparison of Waymo Open Dataset. Part 4.
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