DVGT: Driving Visual Geometry Transformer
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Figure 1. Video demonstration of our DVGT’s reconstruction of scene geometry from images on the validation set.

Appendix
A. Implementation Details

Architecture. We utilize a ViT-L model pretrained by DI-
NOV3 [9] as the image encoder. The subsequent geometry
transformer is composed of L = 24 attention blocks, bring-
ing the model size to approximately 1.7 billion parameters.
Each block consists of three specialized layers: an intra-
view local attention layer, a cross-view spatial attention
layer, and a cross-frame temporal attention layer. Follow-
ing the ViT-L configuration [9], each attention layer is set
to a feature dimension of 1024 with 16 heads. To enhance
training stability, we incorporate QKNorm [5] and Layer-
Scale [11] (initialized at 0.01) into each layer. For dense
prediction, we follow the design in [15] and feed tokens
from the 4th, 11th, 17th, and 23rd blocks into a DPT [§]
decoder for upsampling.

Training. We train our model on a mixture of public
datasets using the AdamW [7] optimizer for 160K itera-
tions. We employ a cosine learning rate scheduler with a
peak learning rate of 10~* and a linear warmup of 8K iter-
ations. To ensure training stability and efficiency, we apply
gradient norm clipping with a threshold of 1.0 and leverage
bfloat16 precision alongside gradient checkpointing. The

training process takes about six days on 64 H20 GPUs.

During training, we construct each batch (batch size of
1) by first sampling a dataset based on its weight, followed
by a random scene. From this scene, we dynamically sam-
ple views (from 2 to the maximum available) and frames
to yield a total of 48 images per batch. Input images are
isotropically resized to a long-edge resolution of 518 pixels.
We then apply a central crop on the shorter edge to a random
size between 144 and 224 pixels (ensuring divisibility by
the 16-pixel patch size), resulting in aspect ratios between
1.5 and 3.3. Following VGGT [13], we apply aggressive
per-frame augmentations—including color jittering, Gaus-
sian blur, and grayscale conversion—to improve robustness
against varying lighting conditions.

B. Evaluation Metrics

We evaluate our method’s performance on two primary
tasks: 3D point map reconstruction and ego-pose estima-
tion. For 3D point map reconstruction, we adopt two sets of
metrics. First, following prior works [6, 13, 14], we mea-
sure overall geometric quality using Accuracy and Com-
pleteness. Formally, let P = {p;} and G = {g;} denote
the sets of valid points from the predicted point map P,.cq
and the ground truth P, respectively. These metrics are



Table 1. Detailed statistics of the datasets used in our experiments. All temporal statistics are reported at a 2Hz sampling rate.

Dataset | Train Scenes | TestScenes | MinFrames | Max Frames | AvgFrames | AvgAspectRatio | Num of Views
nuScenes 700 150 32 41 40 1.77 6
KITTI 138 13 2 1033 62 3.31 2
OpenScene 19376 2026 1 41 38 1.77 8
Waymo 798 202 34 40 40 1.77 5
DDAD 150 50 10 20 17 1.59 6

calculated as:
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where || - ||2 denotes the Lo distance, quantifying the prox-
imity between the prediction and the underlying scene ge-

ometry.

Second, we evaluate the ray depth accuracy using the
Absolute Relative error (Abs Rel) and threshold accu-
racy (0 < 1.25). Here, ray depth refers to the distance from
a 3D point to the ego-vehicle center of its corresponding
frame, which measures the local structure of the 3D point
map reconstruction. Let €2 be the set of valid pixels with
available ground truth, and u index a pixel within €. Given
the predicted ray depth D,,..q and ground truth D, the
metrics are defined as:
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where I(+) is the indicator function that equals 1 if the con-
dition holds and O otherwise.

For ego-pose estimation, following [12], we report the
Area Under the Curve (AUC) of the pose accuracy at a
30° threshold. Specifically, we first compute the Relative
Rotation Accuracy (RRA) and Relative Translation Accu-
racy (RTA) for all frame pairs. RRA measures the geodesic
distance between the predicted and ground truth rotation
matrices, while RTA evaluates the angular deviation be-
tween the translation vectors. The accuracy at a specific
threshold 7 is defined as the percentage of pairs satisfying
max(RRA,RTA) < 7. The final AUC@30 is obtained by
integrating this accuracy over the threshold range:
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where Acc(7) represents the fraction of camera pairs with
both angular errors smaller than 7.

C. Video Demonstration

Figure | shows a sampled image from the video demo that
demonstrates our model’s reconstruction of 3D scene geom-

etry on the validation set. Given multi-frame, multi-view
images as input, DVGT generates dense point maps which
recover scene geometry with high fidelity and consistency,
validating the effectiveness of our method.

D. Dataset Details

We utilize five diverse datasets for training and evaluation:
Waymo [10], nuScenes [1], OpenScene [2], DDAD [4], and
KITTI [3]. Detailed statistics for each dataset are summa-
rized in Table 1. All data sequences are downsampled to a
temporal frequency of 2Hz, and the frame counts reported
in the table are calculated based on this sampling rate.

During the training phase, the sampling ratio across
datasets is set as nuScenes : KITTI : OpenScene : Waymo
: DDAD =6 : 5 : 77 : 6 : 6. For each training itera-
tion, we first select a dataset according to these weights and
sample a batch from it. To ensure robust feature learning
across various sensor configurations, we implement a dy-
namic sampling strategy:

* A target aspect ratio is randomly sampled from the range
[1.5,3.3].

* The number of camera views is randomly selected from
[2,8].

* Given a hardware constraint of 48 images per GPU per
iteration, we determine the maximum possible sequence
length T} 04

* A specific frame number is then sampled from [2, T}, 42],
and the final batch size is calculated to saturate the GPU
memory efficiency.
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