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Figure 1. DVGT is a large visual geometry transformer specifically designed for autonomous driving. It accepts a sequence of
unposed multi-view images and predicts a metric-scaled global 3D point map in the ego-centric coordinate system and the ego poses for
each frame, which outperforms the other geometry prediction models without post-alignment with external sensors.

Abstract

Perceiving and reconstructing 3D scene geometry from vi-
sual inputs is crucial for autonomous driving. However,
there still lacks a driving-targeted dense geometry percep-
tion model that can adapt to different scenarios and cam-
era configurations. To bridge this gap, we propose a Driv-
ing Visual Geometry Transformer (DVGT), which recon-
structs a global dense 3D point map from a sequence of
unposed multi-view visual inputs. We first extract visual
features for each image using a DINO backbone, and em-
ploy alternating intra-view local attention, cross-view spa-
tial attention, and cross-frame temporal attention to infer
geometric relations across images. We then use multiple
heads to decode a global point map in the ego coordi-
nate of the first frame and the ego poses for each frame.
Unlike conventional methods that rely on precise camera
parameters, DVGT is free of explicit 3D geometric pri-

∗Equal contributions. †Project leader. BCorresponding author.

ors, enabling flexible processing of arbitrary camera con-
figurations. DVGT directly predicts metric-scaled geome-
try from image sequences, eliminating the need for post-
alignment with external sensors. Trained on a large mix-
ture of driving datasets including nuScenes, OpenScene,
Waymo, KITTI, and DDAD, DVGT significantly outper-
forms existing models on various scenarios. Code is avail-
able at https://github.com/wzzheng/DVGT.

1. Introduction

Vision-centric autonomous driving has been widely ex-
plored due to its economic advantages and human-like sens-
ing capabilities [5, 6, 11, 12, 14, 18, 26, 44, 56–60]. Its cor-
nerstone is the accurate perception of 3D scene geometry
from visual inputs, where recent works have shown promis-
ing results with considerable potential [14, 16, 26, 33, 48].

Most existing methods focus on single-frame depth pre-
diction [2, 8, 22, 27, 47, 53] or 3D occupancy predic-
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Figure 2. Quantitative comparison of 3D scene reconstruction.
Our method (red) demonstrates superior accuracy (δ < 1.25 for
ray depth estimation) across all evaluated datasets.

tion [14–16, 33, 48, 50, 54, 55], which require ground-truth
poses for temporal fusion to achieve global 3D scene ge-
ometry understanding. They usually rely on strong geomet-
ric priors and employ explicit 2D-to-3D projection to ob-
tain 3D geometry [13, 14, 16, 23, 25, 26, 36]. This design
choice tightly couples the model design to specific sensor
configurations. Also, most existing models are trained on
limited data with a single camera configuration, hindering
the adaptability and scalability across different vehicles and
scenarios [24, 41]. Although recent general visual geometry
models [37, 45, 49, 61] have shown strong 3D reconstruc-
tion performance, there still lacks a dense visual geome-
try model specifically designed for autonomous driving that
can adapt to different scenarios and camera configurations.

To bridge this gap, we propose a Driving Visual Ge-
ometry Transformer (DVGT) to generate global dense 3D
point maps in an end-to-end manner, offering a continuous
and high-fidelity geometric representation of the scene, as
shown in Figure 1. Given a sequence of unposed multi-
view visual inputs, we first extract visual features for each
image with a vision foundation model and then employ al-
ternating intra-view local attention, cross-view spatial at-
tention, and cross-frame temporal attention to infer geo-
metric relations across images. We add multiple heads to
jointly predict the ego pose and the global 3D point map at
the metric scale. Since the multi-view images are captured
by fixed surrounding cameras in the ego car, we directly
generate the global point map in the ego car coordinate of
the first frame and predict the ego pose for each frame in-
stead of the camera pose for each image. Our model does
not contain any spatial inductive bias and thus has more
flexibility to adapt to different camera configurations. For

training, we construct a large-scale and diverse mixture of
driving datasets, including nuScenes, OpenScene, Waymo,
KITTI, and DDAD [1, 3, 7, 9, 31], and generate dense ge-
ometric pseudo ground truths by aligning general-purpose
monocular depth models [40] with projected sparse LiDAR
depth. Extensive experiments show that our DVGT demon-
strates superior performance over both general-purpose and
driving-specific methods for 3D scene geometry reconstruc-
tion on various driving scenarios, as shown in Figure 2.
DVGT directly predicts metric-scaled global 3D point maps
without the need for post-alignment with external sensors.

2. Related Work
Geometry Perception for Autonomous Driving. Early
methods explored depth prediction from multi-view im-
ages [2, 8, 10, 47] to capture scene geometry. Yet, these
methods often provide a 2.5-D representation and struggle
with producing a unified 3D scene. To achieve a complete
understanding of the scene geometry, TPVFormer [14] pro-
posed 3D occupancy prediction, which uses dense voxels
to describe the fine-grained geometry. Subsequent works
have followed this direction, including voxel-based meth-
ods [33, 43, 48, 55, 62] and object-centric methods [16,
17, 29, 32, 36, 63, 64]. However, discrete occupancy grids
introduce additional quantization errors (typically around
0.5m) [33, 43], which pose a challenge to represent ge-
ometry details accurately. In contrast, our DVGT predicts
dense, continuous 3D point maps, enabling a fine-grained
and complete representation of the scene geometry.

Generalization Across Camera Configurations. The
ability of driving perception models to generalize across
different camera configurations is crucial for practical de-
ployment. Conventional methods [13, 14, 16, 26] rely
on explicit 2D-to-3D geometric projection to constrain the
interaction between 2D images and 3D representations.
This creates a strong dependency on camera-specific pri-
ors, which fundamentally limits their ability to generalize
across different camera setups [41]. To mitigate this, re-
cent work [24] attempts cross-sensor generalization by pro-
jecting images into a unified virtual camera space. How-
ever, this approach remains dependent on geometric pro-
jection, and its performance degrades as camera parameters
vary widely. In contrast, our proposed DVGT is a universal
model that is adaptable to different camera configurations,
which enables unified scaling on data from diverse sources.

General Visual Geometry Models. Recent general
visual geometry models have shown significant progress,
which reconstruct 3D point maps from images [19, 20,
35, 37, 38, 42, 45, 49, 61]. This paradigm, pioneered by
DUSt3R [42] for image pairs and advanced by following-up
works [20, 35, 38], has been extended to multi-view recon-
struction across various scenes by recent models [37, 45].
However, most models can only recover scene geometry
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Figure 3. Framework of our DVGT for metric-scaled 3D scene geometry prediction. Given multi-frame, multi-view images, DVGT
predicts metric-scaled 3D point map in the ego coordinate system of the first frame and the ego pose from each frame to the first frame.

at a relative scale and require post-alignment with exter-
nal data like LiDAR points to obtain the metric scale of
the scene [35, 37, 42, 45, 61]. In contrast, our DVGT di-
rectly predicts metric-scaled scene geometry, which can be
directly exploited in downstream tasks. Also, existing mod-
els treat the multi-frame and multi-view images equally and
estimate the geometry and pose for each image. Instead,
we employ a spatial-temporal architecture to efficiently pro-
cess the driving inputs and directly generate the ego-aligned
global point maps and ego poses in an end-to-end manner.

3. Proposed Approach
3.1. Ego-centric 3D Point Map Reconstruction
We first formulate the driving scene geometry perception
as ego-centric 3D Point Map Reconstruction. This task
involves predicting a continuous, metric-scaled 3D coordi-
nate P̂u,v = (x, y, z) in a unified coordinate system for
each pixel (u, v) of an input image I. The resulting dense
and continuous 3D point map P̂ = {P̂u,v}u=1..H,v=1..W ,
where H,W are the image resolution, yields two key advan-
tages: 1. High-Fidelity: Its continuous coordinates elimi-
nate quantization errors, enabling the precise modeling of
scene geometry. 2. Completeness: Its pixel-aligned den-
sity ensures full coverage of visible regions, unifying the
foreground objects and the background environment.

Conventional visual geometry models often reconstruct
3D point maps in a reference camera coordinate system [19,
37]. They tightly couple the model output to the refer-
ence camera intrinsics and extrinsics, hindering its adapt-
ability to diverse sensor setups. To resolve this, we decouple
the scene geometry representation from camera parameters
by predicting 3D point maps in the ego-vehicle coordinate
system of a reference frame. This ego-centric formulation
yields a unified scene geometry representation that is invari-
ant to camera focal lengths, poses, and the number of views,
which is critical to a universal driving perception model.

Formally, given an input image sequence I =

{It,n}t=1..T,n=1..N from T frames and N views per frame,
our model M jointly predicts the 3D point maps P =
{P̂t,n}t=1..T,n=1..N and the ego-vehicle pose sequence
Tego = {T̂t}t=1..T . Here, P̂t,n ∈ RH×W×3 is the point
map for image It,n, with all points expressed in the uni-
fied ego-vehicle coordinate system of the reference frame.
T̂t ∈ SE(3) is the ego motion from the reference frame to
the frame t. The overall mapping is expressed as:

(P, Tego) = M(I). (1)

3.2. Spatial-Temporal Geometry Transformer
To achieve this goal, we propose DVGT, a universal driving
visual geometry transformer. As shown in Figure 3, our
model consists of three components: an image encoder E , a
geometry transformer F , and a set of prediction heads H.

Overall Framework. Given multi-frame, multi-view
image inputs, we adopt a pretrained vision foundation
model [30] to convert each input image It,n into a set of
image tokens:

Ft,n = E(It,n). (2)

To facilitate pose prediction, we augment each image’s to-
kens with a dedicated, learnable ego token Et,n:

Zt,n = concat([Ft,n,Et,n]), (3)

where concat denotes the concatenation operation. To dis-
tinguish tokens from different frames, all tokens are then
augmented with temporal positional embeddings:

Z′
t,n = Zt,n +Post. (4)

where Post denotes the temporal positional embed-
dings of the frame t. The resulting sequence Z =
{Z′

t,n}t=1..T,n=1..N is then fed into the geometry trans-
former F and subsequently prediction heads H for joint 3D
point map and ego pose prediction:

(P, Tego) = H(F(Z)). (5)

Geometry Transformer. Most existing visual geometry
models rely on global attention for interaction among all im-
age tokens. They incurs substantial computational costs and
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Figure 4. Comparison of our factorized spatial-temporal atten-
tion (left) against the global attention used in VGGT (right).

are infeasible for real-time autonomous driving. To lever-
age the strong spatial-temporal structure in visual inputs of
driving scenarios, we introduce an efficient factorized atten-
tion mechanism. Specifically, the geometry transformer F
is composed of L cascaded blocks, where each block se-
quentially performs three targeted attention operations:
• Intra-View Local Attention operates exclusively on to-

kens within each image to refine local features.
• Cross-View Spatial Attention aggregates spatial infor-

mation by attending to tokens across different views
within the same frame.

• Cross-Frame Temporal Attention captures consistent
statics and temporal dynamics by attending to tokens
from the same view across different frames.

As shown in Figure 4, this factorization efficiently factor-
izing the computationally expensive global attention while
maintaining effective spatial-temporal information fusion.

Prediction Heads. The geometry transformer F outputs
refined image tokens F′

t,n and ego tokens E′
t,n. We then

employ a 3D point map head Hpoint to decode the image
tokens into the metric-scaled 3D point map:

P̂t,n = Hpoint(F
′
t,n). (6)

For pose prediction, the ego tokens from all views within the
same frame are first aggregated into a global representation:

Ēt =

N∑
n=1

E′
t,n. (7)

This representation is then fed into a pose head Hpose to
regress the ego pose of the frame t:

T̂t = Hpose(Ēt). (8)
Prior-Free Design. A core principle of DVGT is the

3D prior-free design. Unlike traditional driving perception
models that rely on explicit camera parameters, our model
is structurally independent of camera parameters and 2D-to-
3D geometric projection designs. Instead, it learns to infer
the 3D scene geometry directly from 2D image features in
a purely data-driven, end-to-end manner. This fundamen-
tal design choice decouples the model from specific camera

configurations, thereby granting it robust adaptability to di-
verse camera setups and driving scenarios.

3.3. Dense Geometry Ground Truth Construction

Accurate 3D reconstruction in autonomous driving is hin-
dered by the scarcity of dense geometry ground truths.
While aligning monocular depth predictions [51, 52] with
projected sparse LiDAR depth [46] can generate pseudo-
labels, it is often unreliable due to two primary factors:
(1) the suboptimal generalization of general-purpose depth
models in complex driving scenarios, and (2) the spatial un-
evenness of sparse LiDAR points, which often concentrates
in small regions. These issues can lead to alignment fail-
ures or significant bias in estimated scale and shift param-
eters, resulting in grossly inaccurate pseudo-labels. To ad-
dress this, we develop a robust pipeline to filter out samples
where the depth model or alignment fails.

Failure Pattern Analysis. We conducted a rigorous
analysis of failure cases in the pseudo-labeling process.
We identified five dominant failure patterns: (a) Semantic
Misinterpretation: Large, low-texture surfaces (e.g., truck
trailers) are occasionally misclassified as sky. (b) Photo-
metric Instability: Exposure issues can lead to stochas-
tic depth predictions. (c) Structural Ambiguity: Complex
planar patterns (e.g., billboards) are misinterpreted as hav-
ing depth variance. (d) Motion Artifacts: Blur from high-
speed driving or camera jitter degrades accuracy. (e) Align-
ment Ill-Conditioning: Extremely sparse or concentrated
LiDAR points cause the alignment optimization to be ill-
posed, resulting in significant errors for alignment.

Threshold Filtering. We evaluated multiple meth-
ods and selected MoGe-2 [40] for depth annotation and
ROE [39] for alignment. We established thresholds based
on metric statistics to filter out low-quality pseudo-labels.
Our strategy includes: (1) Valid Point Overlap: We com-
pute the ratio of valid LiDAR points that are also predicted
as valid by the depth model. This effectively identifies and
removes samples suffering from patterns (a) and (b). (2)
Standard Depth Metrics: We use Absolute Relative Error
(Abs Rel) and δ < 1.25 metrics to discard poor predic-
tions caused by planar structures (c) or motion blur (d). (3)
Alignment Quality Metrics: To address (e), we filter out im-
ages with insufficient projected LiDAR points or low spatial
variance among those points, and constrain the output scale
and shift parameters from the alignment algorithm.

Large-Scale Dataset. We apply this low-quality
pseudo-label filtering pipeline to generate dense and accu-
rate 3D point maps for a large-scale, mixed-domain dataset
by aggregating five public autonomous driving benchmarks:
Waymo [31], nuScenes [1], OpenScene [3], DDAD [9], and
KITTI [7]. As illustrated in Figure 5, our annotations cap-
ture complex scene geometry with high fidelity. By train-
ing and validating our model on this mixed dataset, we
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Figure 5. We construct dense and accurate ground-truth 3D point maps for diverse driving scenarios. This figure showcases examples
from the Waymo [31], nuScenes [1], OpenScene [3], DDAD [9], and KITTI [7] datasets. For each scene, we display the multi-view RGB
images (left) and the corresponding high-quality 3D point map (right), highlighting the diversity and precision of our data.

demonstrate its strong generalization ability and effective-
ness across diverse, real-world driving scenarios.

3.4. Training of DVGT
Training Losses. We train the DVGT in an end-to-end
manner using a multi-task loss:

L = λLepose + Lpmap, (9)

where both the ego pose loss Lepose and the point map loss
Lpmap are metric-scaled. However, the numerical range of
the point map values is significantly larger than that of the
ego pose. We therefore set the ego pose loss weight λ = 5.0
to strike a balance. We describe each loss term in turn.

The ego pose loss Lepose supervises the predicted ego
motion sequence Tego. We apply a standard L1 loss to the
7-dimensional pose representation, consisting of a 3D trans-
lation vector and a 4D rotation quaternion. We compute the
difference between the predicted pose T̂t and the ground
truth Tt for each frame t. It can be described as below:

Lepose =
1

T

T∑
t=1

∥T̂t −Tt∥1. (10)

We adopt the same loss functions as VGGT [37] for 3D
point map supervision, which can be expressed as:

Lpmap =
∑
t,n

(
∥ΣP

t,n ⊙ (P̂t,n −Pt,n)∥2

+ ∥(∇P̂t,n −∇Pt,n)∥2 − α logΣP
t,n

)
, (11)

where the sum
∑

t,n iterates over all input images across T
frames and N views. P̂t,n is the predicted 3D point map
and Pt,n is the corresponding ground-truth. ΣP

t,n is the ad-
ditionally predicted per-pixel uncertainty map, measuring
the uncertainty of the model’s prediction for each pixel. ⊙
refers to the channel-broadcast element-wise product. ∇
denotes the 2D spatial gradient operator, and ∥ · ∥2 is the
L2 norm. The final term −α logΣP

t,n is a regularizer that
encourages the model to be confident (with low uncertainty
prediction), and we set the hyperparameter α = 2.0.
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Table 1. Quantitative 3D reconstruction results across diverse datasets. * indicates that the predicted 3D point map is aligned with the
sparse LiDAR depth using the Umeyama [34] algorithm to recover the metric scale. The inference time test is conducted on 128 images (16
frames × 8 views). Note that for CUT3R [38] and StreamVGGT [61], we report the cumulative inference time for streaming all images.

KITTI NuScenes Waymo OpenScene DDAD Time

Method Acc ↓ Comp ↓ Acc ↓ Comp ↓ Acc ↓ Comp ↓ Acc ↓ Comp ↓ Acc ↓ Comp ↓

CUT3R* [38] 0.965 2.050 2.054 2.603 3.391 4.216 1.864 2.258 2.774 4.677 ∼5.6s
VGGT* [37] 1.154 1.294 1.300 1.498 1.641 2.053 1.422 1.496 1.741 2.473 ∼13.7s

MapAnything [19] 1.880 1.014 4.499 4.886 10.205 8.494 3.353 4.303 8.015 8.493 ∼5.8s
StreamVGGT* [61] 3.421 2.196 2.588 2.414 3.630 3.275 2.304 2.098 2.717 2.788 ∼31.0s

Driv3R* [4] 0.864 1.083 0.742 1.345 0.800 1.311 0.884 1.693 0.950 1.259 ∼9.0s
DVGT 0.846 1.468 0.457 0.494 1.714 2.216 0.402 0.481 0.751 1.009 ∼4.0s

Table 2. Quantitative ray depth results across diverse datasets.

KITTI NuScenes Waymo OpenScene DDAD

Method Abs Rel ↓ δ<1.25 ↑ Abs Rel ↓ δ<1.25 ↑ Abs Rel ↓ δ<1.25 ↑ Abs Rel ↓ δ<1.25 ↑ Abs Rel ↓ δ<1.25 ↑

CUT3R [38] 0.217 0.659 0.332 0.547 0.291 0.562 0.278 0.593 0.870 0.315
VGGT [37] 0.158 0.801 0.243 0.729 0.176 0.811 0.241 0.719 0.613 0.476

MapAnything [19] 0.188 0.725 0.568 0.269 0.507 0.211 0.486 0.240 1.971 0.195
StreamVGGT [61] 0.362 0.469 0.412 0.540 0.339 0.584 0.319 0.607 0.838 0.415

Driv3R [4] 0.164 0.784 0.189 0.721 0.168 0.770 0.188 0.740 0.185 0.740
DVGT 0.136 0.849 0.069 0.953 0.106 0.921 0.049 0.971 0.152 0.837

Table 3. Quantitative ego pose results across diverse datasets.
KITTI NuScenes Waymo OpenScene DDAD

Method AUC@30 ↑ AUC@30 ↑ AUC@30 ↑ AUC@30 ↑ AUC@30 ↑

CUT3R [38] 51.8 43.5 50.1 34.7 48.6
VGGT [37] 96.9 87.8 87.7 66.3 92.8

MapAnything [19] 90.6 85.0 82.8 65.6 87.0
StreamVGGT [61] 95.8 86.2 85.6 74.1 91.9

DVGT 87.6 86.5 86.4 74.7 95.1

4. Experiments

We conduct extensive experiments to evaluate the perfor-
mance of our DVGT. We provide dataset, implementation,
and evaluation details in the appendix.

4.1. 3D Reconstruction and Depth Estimation

As shown in Table 1 and Table 2, we evaluate the 3D point
reconstruction accuracy and ray depth accuracy (defined as
the distance from a 3D point to the ego-vehicle center). Our
analysis yields several key insights. First, DVGT demon-
strates significantly superior 3D point and depth accuracy
across driving datasets when compared to general visual ge-
ometry models [19, 37] and driving geometry models [4].
This highlights the effectiveness of our architecture in re-
formulating the autonomous driving perception problem.

A crucial distinction is the handling of scale. Models like
CUT3R [38] and VGGT [37] necessitate post-hoc align-
ment with ground-truth point clouds to recover the metric
scale. In contrast, DVGT directly predicts accurate, metric-
scaled scene structure in a single, end-to-end forward pass.
While MapAnything [19] also predicts metric scale with-
out post-processing, its reconstruction error is substantially
larger (e.g., 4.303 vs. 0.481 for DVGT on OpenScene [3]),

underscoring the superior accuracy of our approach.
Furthermore, we note that DVGT’s performance on

Waymo [31] is less competitive. We attribute this to dis-
proportionate data sampling: Waymo [31] was assigned the
same weight as smaller datasets despite being 5× larger
during training. Unlike nuScenes [1], which benefits from
a distribution similar to the dominant OpenScene [3] data,
Waymo lacks this alignment. We expect that optimizing the
sampling weights of different datasets will bridge this gap.

4.2. Ego-Pose Estimation
In addition to scene geometry, DVGT jointly estimates
ego pose. Table 3 presents the results for pose predic-
tion. Our model achieves better results on OpenScene [3]
and DDAD [9], while attaining comparable performance to
VGGT [37] on nuScenes [1] and Waymo [31]. This demon-
strates that DVGT effectively serves as a comprehensive vi-
sual geometry model, capable of accurately estimating joint
scene structure and ego-vehicle pose.

We note that DVGT’s pose prediction performance on
KITTI [7] is slightly lower. We attribute this to KITTI’s
high-overlap dual-camera setup, which limits full 3D and
ego-motion understanding compared to surround-view data.

4.3. Comparison with Driving Models
We perform a comparison with existing driving models for
depth estimation on the widely used nuScenes [1] dataset.
Our model directly reconstructs 3D point maps, whereas
most driving models predict depth maps that are evaluated
against sparse LiDAR ground truth. For a fair comparison,
we convert our 3D point map prediction into depth maps
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Figure 6. Visualization of our DVGT on 3D point map reconstruction.
Table 4. Comparison with driving models for depth estimation
compared with LiDAR GT on the nuscenes [1] dataset.

Method Scale Method Abs Rel ↓ δ < 1.25 ↑
MonoDepth2 [8] Median Scaling 0.29 0.64

SurroundDepth [47] SfM Pretrain 0.28 0.66
R3D3 [28] Extrinsic 0.25 0.73

SelfOcc [15] Pose GT 0.23 0.75
Dist4D [10] Pose GT 0.39 0.58

OmniNWM [21] Pose GT 0.23 0.81
DVGT None 0.13 0.86

and compute the same metrics.
Table 4 shows that our DVGT achieves state-of-the-art

performance, obtaining the best scores on both Abs Rel
and δ < 1.25 accuracy. Note that while other methods
require post-processing like median scaling or depend on
ground-truth camera poses for scale recovery, DVGT oper-
ates without any post-alignment or pose information. This
demonstrates the effectiveness of our model in recovering
metrically accurate 3D geometry directly from images.

4.4. Experimental Analysis
Ablation Study on Scene Scale. A significant challenge in
autonomous driving perception is the vast dynamic range of
scene geometry, with distances often exceeding 100 meters.
Directly regressing large-valued 3D coordinates can intro-

Table 5. Ablation study on ground truth coordinate normaliza-
tion on the nuScenes [1] dataset. 1, 10, and 100 denote linearly
scale dividing by 1, 10, and 100, respectively. And asinh denotes
the arcsinh function for non-linearly scaling.

Method Acc ↓ Comp ↓ Abs Rel ↓ δ<1.25 ↑ AUC@30 ↑

1 (base) 1.584 1.424 0.261 0.676 68.4
10 1.349 1.053 0.195 0.756 79.8

100 1.646 1.431 0.257 0.694 80.7
asinh 1.411 1.390 0.222 0.719 80.8

duce numerical instability during training, as model param-
eters may be pushed to large magnitudes, potentially lead-
ing to performance degradation.

Therefore, we investigate strategies for scaling the target
3D points to a more stable numerical range for regression.
As shown in Table 5, we conduct an ablation study compar-
ing three distinct scaling methods:
• Linear Scaling (10x): Linearly dividing all target coordi-

nates by 10.
• Linear Scaling (100x): Linearly dividing all target coor-

dinates by 100.
• Non-linear Scaling (arcsinh): Applying the arcsinh func-

tion to non-linearly compress the coordinate range.
The experimental results indicate that linear scaling by

10x achieves the best performance. We analyze that scaling
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Figure 7. Comparison of our DVGT with VGGT on 3D metric-scaled point map reconstruction. Notably, VGGT performed post-
alignment with LiDAR points GT while our DVGT eliminates the need for any post-processing.

Table 6. Ablation study on attention mechanisms on the
nuScenes [1] dataset. We compare combinations of different
attention components: G (Global Attention), L (Intra-View Lo-
cal Attention), S (Cross-View Spatial Attention ), T (Cross-Frame
Temporal Attention), and TE (Temporal Positional Embedding).

Method Acc ↓ Comp ↓ Abs Rel ↓ δ<1.25 ↑ AUC@30 ↑ Time

L+G 1.131 1.129 0.178 0.789 74.6 ∼8.2s
L+S+T 1.584 1.424 0.261 0.676 68.4 ∼4.0s

L+S+T+TE 1.458 1.139 0.227 0.725 77.6 ∼4.0s

by 100x makes the scene scale too small, which degrades
precision for near-field geometry. The arcsinh transforma-
tion offers an adaptive scaling (less compression for near),
but this non-linear operation may distort the inherent geo-
metric structure, resulting in sub-optimal performance.

Ablation Study on Attention Design. We perform an
ablation study on the attention mechanism within our ge-
ometry transformer in Table 6. We compare our decom-
posed attention mechanism against a standard global atten-
tion baseline, where all tokens interact with all others. Our
method yields a significant improvement in efficiency and
a faster inference speed. This decomposition, however, in-
troduces a minor performance trade-off. To mitigate this,
we incorporate temporal positional embeddings, providing
the model with explicit sequential information. This ad-
dition successfully narrows the performance gap, allowing
our model to achieve a compelling balance between high
performance and computational efficiency.

Qualitative Analysis. We provide qualitative visual-

izations to further analyze the capabilities of our model.
In Figure 6, the visualization confirms that the ego-pose
is accurately estimated. Furthermore, the model exhibits
high multi-frame and multi-view consistency for static ele-
ments, like road surfaces and buildings. Dynamic objects,
such as pedestrians and vehicles at the intersection, are also
faithfully reconstructed, while fine-grained details, includ-
ing roadside trees, are well-preserved.

Figure 7 shows that VGGT struggles with both static el-
ements (e.g., trees, lanes) and dynamic objects (e.g., vehi-
cles, pedestrians), often failing to capture accurate geome-
try. In contrast, our DVGT, leveraging dense annotations
and large-scale training, successfully recovers scene geom-
etry while maintaining high efficiency.

5. Conclusion
In this paper, we introduced DVGT, a universal visual ge-
ometry model for autonomous driving. DVGT generates
a dense, metric-scaled 3D global point map from unposed
images, enabling an accurate and complete understanding
of scene geometry. Its 3D prior-free transformer architec-
ture enables adaptability to different camera configurations,
overcoming a major bottleneck for scalability. To validate
our approach and facilitate future research, we also con-
structed a large-scale driving dataset with dense 3D point
annotations. Experiments demonstrate that DVGT signif-
icantly outperforms existing methods, paving the way for
more robust and versatile vision-centric driving systems.
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