SwiftVGGT: Scalable Visual Geometry Grounded Transformer
for Large-Scale Scenes

Supplementary Material

A. How Do VGGT’s DINO Enable VPR?

Although VGGT [15] was never designed for Visual Place
Recognition (VPR), we find that its DINO [10]-based en-
coder naturally contains several properties that make it un-
expectedly effective for place-level matching once appro-
priately normalized. In this section, we analyze why this
phenomenon occurs and explain how our lightweight post-
processing turns VGGT’s reconstruction-centric tokens into
competitive loop descriptors.

VGGT’s DINO Tokens. The VGGT encoder is ini-
tialized from DINO, a self-supervised vision transformer
known to produce highly semantic, spatially consistent
patch tokens. These tokens capture mid-level structures
such as building facades, vegetation patterns, and road
geometry—exactly the type of cues that are robust to illumi-
nation changes and viewpoint variations in VPR. Whereas
traditional VPR models [1, 3, 7, 17] explicitly learn such in-
variances through contrastive training, VGGT inherits them
“for free” from DINO. This provides a strong initialization
for transforming the patch tokens into global descriptors.
VGGT’s Frame/Global Attention. Unlike standalone
DINO, VGGT is trained for multi-view 3D reasoning us-
ing both frame attention and global attention. These mech-
anisms encourage (1) view-to-view feature consistency, (2)
stable representations for the same region observed under
different poses, (3) suppression of transient or dynamic de-
tails. This implicit geometric alignment effect makes the
encoder features more stable across large camera motions,
which is valuable for long-range place recognition.
Normalization. Despite these strengths, raw VGGT to-
kens cannot be used directly for VPR because: (1) they
contain strong low-frequency scene priors (dataset bias); (2)
Dominant feature directions lead to hubness, where unre-
lated frames appear spuriously similar; (3) VGGT is op-
timized for 3D reconstruction, not discrimination across
places. Hence, naive averaging of DINO tokens performs
poorly as shown in Tab. 2. A transformation is required
to emphasize discriminative directions while suppressing
dataset-shared ones.

Our transformation relies only on classical, training-free
normalization techniques. First, signed power normaliza-
tion step reduces the dominance of large-magnitude com-
ponents and amplifies weaker ones. Although reminiscent
of RootSIFT [2], classical VPR methods rarely apply it on
transformer global descriptors. In our case, it significantly
stabilizes the descriptor distributions across scenes. Sec-
ond, while PCA whitening is common in retrieval, it is al-

most always applied together with a learned VPR backbone,
not directly on features from a 3D foundation model. Our
key observation is that “VGGT’s DINO patch tokens be-
come VPR-discriminative once their shared low-frequency
directions are removed.”

To the best of our knowledge, no prior work has
demonstrated that DINO tokens from a 3D reconstruc-
tion model can function as reliable VPR descriptors with-
out any fine-tuning. This training-free pipeline is crucial
for SwiftVGGT, as it avoids the heavy cost of an addi-
tional VPR encoder while maintaining loop-closure accu-
racy comparable to fully trained models.

Novelty. The novelty of our Sec. 3.3 is not merely apply-
ing normalization tricks, but lies in the following:

e Discovering that VGGT’s 3D transformer already embeds
stable place-level signals, despite no VPR supervision.

e Showing a minimal, training-free normalization pipeline
unlocks these signals.

e Replacing a dedicated VPR model entirely, reducing
computation and enabling the large speedup reported in
the experiments.

B. Why We Use PIN-SLLAM as Pseudo GT

A key challenge in evaluating camera tracking accuracy on
the KITTI Odometry dataset [6] is that ground-truth poses
are available only for sequences 00-10, while sequences
11-21 do not provide any pose annotations. To enable quan-
titative evaluation on these sequences, we adopt the poses
produced by PIN-SLAM [11] as pseudo ground truth.

This choice is justified by the remarkable robustness of
PIN-SLAM, which leverages LiDAR measurements to esti-
mate trajectories. Unlike purely vision-based SLAM [8, 14]
systems that may drift significantly in long or texture-sparse
environments, PIN-SLAM benefits from accurate geomet-
ric constraints derived from high-resolution LiDAR scans.
As shown in Table 1, its trajectory error remains extremely
small across all kilometer-scale KITTI scenes, consistently
approaching near-zero ATE values even in challenging driv-
ing scenarios. This performance is well aligned with prior
observations that LIDAR-based SLAM methods can main-
tain long-term consistency without suffering from cumula-
tive drift.

Because PIN-SLAM provides stable and precise poses
over large-scale sequences where no official ground truth
exists, its trajectories serve as a reliable surrogate for evalu-



Table 1. Comparison of ATE RMSE performance between the LiDAR-based method (PIN-SLAM) and RGB-based methods.

Methods || Modality | 00 01 02t 03 04 o5t ost o7t 08’ 097 10 | Average
DPV-SLAM 8] RGB 11280 1150 12353 250 081 578 5486 1877 11049 7666  13.65 | 53.03
DROID-SLAM [14] RGB 92.10 3446 10761 238 100 1185 6247 2178 161.60 7232 11870 | 100.28
VGGT-Long [4] RGB 9.87 11106 3756 489 375 909 747 402 6286 4748 2549 | 2941
SwiftVGGT (Ours) RGB 817 10253 3649 812 48 1194 888 501 6468 4413 2618 | 29.18
PIN-SLAM[11] || LiDAR | 091 326 215 043 081 025 016 025 018 120 056 | 107

ating loop detection and camera tracking accuracy. Con-
sequently, using PIN-SLAM as pseudo ground truth al-
lows us to conduct fair and meaningful comparisons across
all KITTI scenes, including those without provided anno-
tations, while avoiding distortions that would arise from
qualitative-only assessments.

C. Depth Normalization to the Ref. Intrinsic

Our reliability-guided point sampling Sec. 3.2 relies on the
observation that, after rescaling all depth maps to a com-
mon reference intrinsic, overlapping frames from neighbor-
ing temporal chunks produce almost identical depth values
in static regions. Here we briefly derive the depth normal-
ization in Eq. (1) of the main paper.

Consider the standard pinhole camera model with focal
lengths f, and f,. Let D, denote the depth map estimated
by VGGT under the source intrinsic ( fz src, fy,src), and let
Dyt be the depth that would be obtained under the refer-
ence intrinsic (fy ref, fy,ref) While keeping the underlying
3D geometry fixed. Ignoring lens distortion and assuming a
locally planar pixel grid, the depths are related by a simple

scale factor:
1 fw ref
D FR = (’
re 2 .f.r,src

We adopt this symmetric scaling to account for potential
anisotropy in f, and f,. Empirically, this normalization
makes the overlapping regions between neighboring tem-
poral chunks highly consistent in depth, which is crucial for
our subsequent reliability-guided sampling strategy.

+ f“) Dare. (1)

fy,src

D. Reliability-Guided Point Sampling

After normalizing depths to the reference intrinsic, most
pixels in the overlapping regions of neighboring tempo-
ral chunks already exhibit small depth discrepancies, while
large deviations are concentrated near object boundaries
and occlusion edges. Our reliability-guided point sampling
exploits this structure by retaining only pixels whose depth
difference and confidence satisfy

|Drcf,t - Drcf,t+1 < )\Da
Yt > /\'y,UJ'ym 2)
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In practice, our sampling strategy does not aggres-
sively sparsify the overlap region. Instead, it selects pix-
els whose depths, after being normalized to the refer-
ence intrinsic, are mutually consistent between neighbor-
ing chunks and have sufficiently high confidence accord-
ing to VGGT’s depth-confidence head. This effectively re-
moves depth-discontinuous boundaries and low-confidence
regions, while retaining the geometrically stable portions
of the overlap. As a result, the correspondences fed to the
Umeyama solver are both reliable and well aligned, which
explains the substantial runtime reduction reported in Tab. 5
of the main paper and the improved ATE compared to using
all points.

E. Additional Ablation Studies.

We conduct further ablation experiments to supplement the
analyses presented in the main paper.

Loop detection. Tab. 2 reports an ablation study on the
loop detection pipeline using the 12 KITTI sequences con-
taining loops. Removing loop detection entirely eliminates
the need for loop-centric chunk inference, reducing runtime
by approximately 16 seconds, but results in a substantial
degradation of ATE (over 16 m). A naive baseline that di-
rectly averages VGGT’s DINO patch tokens followed by
£5 normalization achieves better accuracy than the no-loop
variant, but still performs worse than our full pipeline due
to incorrect loop associations. Adding signed power nor-
malization improves performance by producing more bal-
anced and discriminative descriptors. Finally, incorporating
PCA whitening yields the best overall ATE, confirming that
both power normalization and whitening are necessary to
transform VGGT patch tokens into reliable loop descriptors
without requiring a dedicated VPR encoder.

Reliability-guided point sampling. Tab. 3 presents a
more detailed ablation of our reliability-guided point sam-
pling strategy. Using all overlap pixels leads to suboptimal
alignment accuracy and slightly higher runtime due to the
large number of point correspondences. Applying only the
depth difference threshold already produces the best accu-
racy, demonstrating that depth alignment alone is a strong
reliability indicator. We additionally retain depth confi-



Table 2. Additional ablation study on loop detection methods.

Method ‘ Average ATE (m) Elapsed Time (s)
w/o Loop Detection 44.01 126.35
w/ Token Avg. + ¢2 Norm. 34.39 142.98
w/ Signed Power 27.77 143.13
Full (Ours) \ 27.33 142.67

Table 3. Additional ablation study on loop detection methods.

Method | Average ATE (m)
w/IRLS \ 29.23
w/ Whole Points 32.95
w/ Depth Diff. Only 28.42
w/ Depth Conf. Only 30.23
Full (Ours) ‘ 29.18

dence filtering because, despite a marginal decrease in aver-
age ATE, it yields more stable performance across all scenes
and generalizes better to the Waymo Open [13] and Virtual
KITTTI datasets [5]. This trade-off makes it the preferred
configuration in our final model.

F. Additional Results

Virtual KITTI dataset. We evaluate our method on the
Virtual KITTI dataset [5], and the quantitative results are
summarized in Tab. 5. Although DROID-SLAM [14]
achieves the best average ATE, it completely fails to track
camera poses in the 0006_rain sequence. CUT3R [16]
and FastVGGT [12] show poor tracking results, exceed-
ing 10m ATE in most sequences, and FastVGGT addi-
tionally runs out of GPU memory on 0020. In contrast,
both VGGT-Long [4] and our method maintain consistently
strong performance across all scenes. Notably, SwiftVGGT
achieves slightly better accuracy while being significantly
faster, demonstrating its robustness even in short, loop-free
sequences.

Waymo Open dataset. Following the evaluation proto-
col described in the main paper, we report 3D reconstruc-
tion metrics in Tab. 4. Since the ground-truth point clouds
are generated directly from Waymo [13] LiDAR measure-
ments and camera parameters, their density and coverage
differ from the reconstructed outputs. As a result, complete-
ness scores are generally low across all methods. MASt3R-
SLAM and CUT3R yield relatively large errors, whereas
FastVGGT, VGGT-Long, and SwiftVGGT achieve compa-
rably strong results. Considering the point cloud metrics
in this table together with the camera tracking performance
and runtime comparisons in Tab. 3, SwiftVGGT offers the
most favorable balance of accuracy and efficiency.

KITTI Scene 11-20. Using pseudo ground-truth trajec-
tories generated by PIN-SLAM [11], we evaluate scenes

11-20 of the KITTI dataset [60], covering both loop and non-
loop sequences. The results are presented in Tab. 6. Regard-
less of whether loops are present, SwiftVGGT consistently
outperforms prior SLAM-based and VGGT-based methods.
These results highlight that our loop detection mechanism
remains effective when loops exist, but does not degrade
performance when they do not, further demonstrating the
general applicability of our approach.



Table 4. Performance comparison on the Waymo Open dataset [13]. Acc. and Comp. denote accuracy and completeness, respectively; CD
stands for Chamfer Distance.

Methods 163453191 183829460 315615587 346181117 371159869
) Acc. Comp. CD Acc. Comp. CD Acc. Comp. CD Acc. Comp. CD Acc. Comp. CD
CUT3R [16] 3.015 8.071 5.543 0.485 11.700 6.093 1.667 8.556 5.117 3.216 11.450 7.333 2.801 13.062 7.932

FastVGGT [12]
VGGT-Long [4]

0.349 3.157 1.753 0.305 8.058 4.182 0.738 4.845 2.792 0.882 4.601 2.741 0.937 8.170 4.554
0.401 4319 2.360 0.200 9.489 4.844 0.222 5.409 2.816 0.326 4.932 2.629 1.113 7.880 4.497

MAS3R-SLAM [9] 0.475 35.440 17.960 0.560 17.790 9.180 1.003 12.210 6.608 1.554 9.980 5.767 0.810 32.001 16.405

Ours 0.492 4.171 2.331 ‘ 0.595 9.150 4.872 ‘ 0.329 5.181 2.755 ‘ 0.451 5.552 3.001 ‘ 1.234 7215 4.224
Methods 405841035 460417311 520018670 610454533 Average
) Acc. Comp. CD Acc. Comp. CD Acc. Comp. CD Acc. Comp. CD Acc. Comp. CD

CUT3R [16] 2.008 7.947 4.977 1.335 6.501 3.918 1.567 9.337 5.452 1.003 35.220 18.110 1.900 12.428 7.164
FastVGGT [12] 0.243 6.668 3.455 0.707 2.827 1.767 0.624 9.748 5.186 0.774 5.204 2.989 0.618 5.920 3.269

MASt3R-SLAM [9] 0.284 11.630 5.959 1.109 5.080 3.095 1.015 12.810 6.913 0.840 5.889 3.365 0.850 15.870 8.361
VGGT-Long [4] 0.185 7.434 3.810 0.197 3.604 1.900 0.251 9.558 4.904 0.487 5.287 2.887 0.376 6.435 3.405

Ours H 0.151 7.570 3.861 ‘ 0.547 3.172 1.859 ‘ 0.333 9.488 4.910 ‘ 0.440 5.537 2.989 ‘ 0.508 6.337 3.422

Table 5. Performance comparison on the Virtual KITTI dataset [5]. The orange and yellow cells respectively indicate the highest and
second-highest value.

Methods Scene 0001 Scene 0002 Scene 0006
Clone Fog Morning Overcast ~ Rain ~ Sunset | Clone Fog Morning  Overcast  Rain Sunset | Clone Fog Morning  Overcast Rain Sunset

DROID-SLAM [14] 1.027  1.868 0.989 1.015 0.776  1.145 0.098 0.040 0.049 0.048 0.036 0.113 0.063  0.024 0.030 0.051 TL 0.0197
CUT3R [16] 43304  62.191  50.608 38.744  51.548 43.785 | 23771 9.948 28415 24.644 7963 25973 | 0.836  0.408 0.599 0.720 1.059 1.013
FastVGGT [12] 57.097 58.584  59.552 56.839 58383 57.999 | 2.958 2.997 2.946 2.965 2974 2.955 3731  3.812 3.731 3.742 3.792 3.732
VGGT-Long [4] 0.838  1.288 0.791 0.755 1474 0.894 0.702 0.674 0.734 0.662 0.673 0.656 0435 0.549 0.430 0.439 0.534 0.444
Ours || 0888 1170 1.668 0.797 1.431 1792 | 0.725 0.637 0.747 0.630 0.689 0.687 | 0.398 0433 0.396 0.398 0.461 0.409
Methods Scene 0018 Scene 0020 Average

) Clone Fog Morning Overcast Rain  Sunset | Clone Fog Morning Overcast ~ Rain Sunset 0001 0002 0006 0018 0020 Average
DROID-SLAM [14] || 2478  2.032 1.894 2.332 2.549  1.943 3.592 5.079 3.733 3.852 3.780  4.907 1.137  0.064 0.038 2.205 4.157 1.571
CUT3R [16] 19.440  8.628 6.720 20212 16777 31.119 | 129.498 76.962 117.948 114.512 66.700 116.529 | 48.363 20.119  0.772 17.149  103.692  38.019
FastVGGT [12] 4.781 4795 4.662 5.449 4570  4.707 OOM  OOM OOM OOM OOM  OOM | 58.076 2.966 3.762 4.827 OOM 17.406
VGGT-Long [4] 1.778  0.796 1.324 1.425 1900 1.998 | 13.094 14.762  6.649 3.460 5.191 3.749 1.006  0.684 0.472 1.537 7.817 2.303
Ours || 1747 0.787 1.516 1.653 1572 1780 | 9.599  14.087  3.141 5.969 5.031 6.339 | 1.291  0.686 0.416 1.509 7.361 2.253

Table 6. Performance comparison on the KITTI Odometry dataset [6] Scene 11-20. The T denotes sequences containing loops, and Dense®
indicates semi-dense 3D reconstruction.

Methods || Catib. | Recon. | 11 12 137 14 15t 16 17 18t 197 20 | Average
DPV-SLAM [8] | v | Sparse | 2600 5706 5373 972 5120 3415 5729 1796 22936 873 | 5452
DROID-SLAM [14] H v ‘ Dense® ‘ 1718 961 4840 893 3997 3041 086 1158 18282  1.04 35.08
VGGT-Long [4] X Dense | 3845 2593 776 1298 633 1871 2222 684  118.10  10.13 2675
Ours [| X | Dense | 3877 3642 672 8.38 630 1627 1759 760 11173 1673 | 26.65
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Figure 1. Failure cases of KITTI scenes. The pseudo ground-truth point cloud is obtained by combining the LiDAR point cloud with

camera poses either provided by the dataset or estimated by PIN-SLAM [11]. The gray dashed line represents the ground-truth trajectory,
while the green solid line denotes the estimated trajectory.



G. Failure Case Analysis

In this section, we analyze failure cases observed in several
KITTI [6] sequences. As illustrated in Fig. 1, SwiftVGGT,
DROID-SLAM [14], and VGGT-Long [4] all exhibit de-
graded performance on sequences 02, 08, and 19, both
quantitatively and qualitatively. A common characteris-
tic of these sequences is that loop closure is not success-
fully detected. For instance, in KITTI 02, DROID-SLAM
completely diverges, while VGGT-Long incorrectly detects
non-existent loops (red box in Fig. 1) and simultaneously
misses true loops (blue box). In contrast, our method avoids
hallucinated loops but still fails to identify the missing true
loops. Similarly, in sequences 08 and 19, all three meth-
ods consistently fail to detect valid loop closures. Interest-
ingly, as shown in Fig. 2, relaxing the loop detection thresh-
old enables SwiftVGGT to correctly detect the loop in se-
quence 19, resulting in noticeably improved reconstruction
quality. However, this adjustment does not reliably solve
all failure cases across all sequences. Nonetheless, these re-
sults suggest that VGGT’s DINO transformer features can
outperform classical VPR encoders when appropriately pro-
cessed, even without training or fine-tuning. A promising
direction for future work is to incorporate feature-level or
correspondence-level loop detection strategies (e.g., point
tracking or feature matching) to further improve robustness
under challenging loop conditions.

Finally, beyond loop detection failures, some sequences
still exhibit relatively high ATE (greater than 10m even
when loops are correctly found). As discussed in Sec. 5
of the main paper, this limitation largely stems from the ab-
sence of bundle adjustment, meaning accumulated drift re-
mains uncorrected. Integrating a lightweight or learned BA
module into SwiftVGGT may address this remaining chal-
lenge and enable more precise large-scale reconstruction.

H. Point Cloud Visualization

We provide qualitative dense reconstruction results on the
KITTI [6], Waymo Open [13], and Virtual KITTI [5]
datasets in Figures Fig. 3, Fig. 4, and Fig. 5. The re-
constructed point clouds are visualized with a depth-based
color map, where the color corresponds to the z-axis value
of each point. These results demonstrate that, in addition
to achieving fast inference and state-of-the-art tracking ac-
curacy, SwiftVGGT is capable of producing high-quality
dense 3D reconstructions across diverse large-scale driving
scenarios.

Sequence 19

Relax v

Figure 2. Relaxing loop detection threshold on KITTI sequence
19.
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Figure 3. Point cloud visualization of KITTI dataset [6].
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Figure 4. Point cloud visualization of Waymo Open dataset [13].
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Figure 5. Point cloud visualization of Virtual KITTI dataset [5].
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