Fast Spatial Tracking with Visual Geometry Transformer
Supplementary Material

A. Training Data Generation

We train our tracker on nine datasets: Kubric, Dynamic
Replica, PointOdyssey, ScanNet, ARKitscenes, nuScenes,
Argoverse 2, DynPose100K++, and WildSDG. This section
details the data generation pipelines for each dataset.

Synthetic. For Kubric dataset, we follow the standard
data generation pipeline [5] and produce approximately
100,000 sequences, each containing 24 frames. Ground
truth 2D and 3D annotations are produced using the ren-
dered depth and object instance information provided by
the simulator. Unlike CoTracker3 [7], track generation is
integrated directly into our dataloader, providing higher di-
versity during training. Dynamic Replica and PointOdyssey
both provide 3D trajectories derived from mesh vertices in a
global coordinate system. For training, we transform these
world tracks into each camera’s coordinate system using the
provided extrinsic parameters.

Indoor. ScanNet and ARKitScenes contain dense depth
and camera poses but do not include tracking annota-
tions. However, since they represent static indoor envi-
ronments, 3D point tracks can be generated via reconstruc-
tion (Fig. 1a). Specifically, we first project all valid pixels
into the world coordinate system using depths and camera
poses. We then sample 3D points from the reconstructed
point cloud and project them into each frame’s coordinate
system to obtain the 3D camera tracks and 2D tracks. Visi-
bility is determined by comparing the projected depth with
the depth map at the projected pixel location.

Outdoor Driving. NuScenes and Argoverse 2 provide
sparse LiDAR point clouds with 3D bounding box anno-
tations. Due to the presence of dynamic objects, we create
background and objec tracks separately (Fig. 1b). For back-
ground, object points are first removed using the bounding
boxes, then the remaining points transformed into a global
coordinate system using vehicle poses. Background tracks
are then sampled and projected back to each frame. For
foreground objects, the object point clouds are extracted
and aligned in each object’s local coordinate system. Tracks
are sampled then placed into each frame using the object’s
bounding box. Since no dense depth map is available, accu-
rate visibility computation is not feasible and we omit visi-
bility supervision for these datasets. Our approach is similar
to DriveTrack [1], but differs in that we generate tracks for
the entire scene rather than a single object, and we do not
interpolate sparse LiDAR depth for visibility estimation.
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Figure 1. Training data generation pipeline for the three types of
datasets that lack tracking annotations.

VIiPE. ViPE [6] is a recent reconstruction framework that
jointly optimizes depth and camera parameters, and is used
to generate pseudo ground truth geometry for the Dyn-
Posel00K++ (YouTube videos) and Wild-SDG-1IM (Al-
generated) datasets. Due to the lack of annotations, we fol-
low CoTracker3 and employ an off-the-shelf 2D tracker [7]
to generate pseudo ground truth 2D tracks (Fig. 1c). These
2D tracks are subsequently lifted to 3D using depths and
camera parameters estimated by ViPE.

B. Qualitative Results

In figure Fig. 2, we show additional qualitative comparisons
with DELTA [8], the SOTA 3D tracker that also predicts
3D tracks in a feed-forward fashion. Overall, our method
can deal with complex motions and produce more consis-
tent and smoother tracks in both indoor and outdoor scenar-
ios.
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Figure 2. Qualitative comparisons with DELTA [8] on the TAPVid-3D benchmark. 3D tracks are aligned with the ground truth to have the
correct scale and shift. 2D tracks are visualized by projecting the 3D camera tracks using the known intrinsics provided by the benchmark.
To highlight object motion in DriveTrack, the tracks are also motion corrected using the ego vehicle pose.
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