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Abstract—Existing camera-based 3D object detection methods
yield inaccurate position, scale, and orientation results due to
the inherent challenge of ill-posed depth estimation from 2D
images. Recent research has demonstrated that pre-training
depth estimation from a single frame substantially enhances the
quality of camera-based 3D object detection. We hypothesize that
integrating multi-view stereo matching technology into the pre-
training process can equip the backbone model with superior ge-
ometric feature extraction capabilities, thereby further improving
3D object detection performance. Building upon this premise, we
propose MVS3D, a novel depth estimation pre-training method
for camera-based 3D object detection. MVS3D incorporates a
VMS (Video-stream-based Multi-view Stereo) module and a
PME (Pose and Motion Estimation) module, which collectively
encourage the backbone to explicitly learning 3D geometric infor-
mation from image streams through stereo matching. Our method
enables existing camera-based 3D object detection frameworks
to seamlessly integrate our pre-trained backbone weight, thereby
enhancing detection performance without necessitating extensive
modifications. Extensive experimental results on nuScenes dataset
show that loading the pre-trained weight from MVS3D can
significantly improve the mean average precision (mAP) and
nuScenes detection score (NDS) of both existing single-frame and
multi-frame camera-based methods.

I. INTRODUCTION

LIDAR and cameras are the two principal sensors utilized
in the realm of autonomous driving for the perception of
3D objects. Although LIDAR-based methodologies [1]–[5]
are typically associated with higher precision in determining
3D positions and orientations, camera-based techniques [6]–
[21] have attracted significant interest due to their cost-
effectiveness, rich semantic information, and superior capabil-
ity in long-range object detection. For a significant duration,
a notable discrepancy in recognition accuracy has been ob-
served between camera-based 3D object detectors and point
cloud-based methods, a divide stemming from the intricate
challenges of perspective transformation and the inherently
difficult task of depth estimation. This divide is intrinsically
connected with geometric information such as position, scale,
and orientation.

Historically, several approaches [9] have been undertaken
to secure a pre-trained model by directly fitting the depth
of a single 2D image from extensive datasets, with the goal
of augmenting the geometric representational capacity of the

backbone network tasked with fundamental feature extraction.
This method of pre-training has yielded promising results.
However, directly regressing depth from a single 2D image
is tantamount to an overfitting exercise. Such a method not
only lacks geometric validity, but also demonstrates fragility
in response to variations in camera intrinsics and extrinsics,
thereby constraining the potential of camera-based 3D object
detection techniques. So the question arises naturally: can
we exploit the capabilities of depth estimation pre-training to
further improve the performance of camera-based 3D object
detection? The answer is affirmative.

Intuitively, the conundrum of ill-posed depth estimation can
be considerably alleviated by employing multi-view stereo
(MVS) techniques [22]–[24]. MVS leverages multiple images
from various viewpoints to facilitate robust matching and
deduce depth. Autonomous vehicles, outfitted with cameras,
inherently produce video streams in sequence with consistent
triggering and exposure intervals, rendering them perfectly
suited for MVS-based depth estimation. By crafting a multi-
view setup from these sequential frames, we can more ef-
fectively deploy MVS methodologies. Based on that, by in-
corporating pose transformation constraints across successive
frames, we can refine the feature extraction network’s profi-
ciency in capturing geometrically informative features. Such
enriched features can markedly elevate the efficacy of camera-
based 3D object detection methods by supplying more robust
geometric priors and enhancing their detection capabilities.

Base on above discussions, we propose a novel multi-
frame stereo-matching-based 3D object detection pre-training
method, named MVS3D, focusing on improving the geometric
representation ability of the pre-trained model to improve 3D
object detection performance. Within MVS3D, the introduced
VMS module conducts temporal stereo matching during train-
ing, significantly enhancing the accuracy of depth predictions
and compelling the backbone to explicitly assimilate stereo-
scopic information, thereby focusing on the intrinsic geometric
relationships within the scene rather than merely overfitting to
depth perception. We then present the PME module, which
predicts the transformation matrices between the key frame
and each historical frame, further endowing the backbone with
a more potent stereo representation by explicitly mining the 3D
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geometric features. Once the pre-training phase is complete,
the backbone weights, now imbued with an enhanced capacity
for geometric representation, can be flawlessly integrated as
a pre-training step in most extant camera-based 3D object
detection frameworks to further amplify their performance.

Extensive experiments conducted on the nuScenes bench-
mark [25] demonstrate that integrating our pre-trained model
into existing CNN-based [7], [8], attention-based [14], [19],
and BEV-based [10], [11], [16] methodologies yields consis-
tent enhancements over models pre-trained on ImageNet [26]
or via traditional single-image depth pre-training [9]. In sum-
mary, the main contributions of this work are threefold:

• We propose a novel multi-frame stereo-matching-based
3D object detection pre-training method, which incorpo-
rates the VMS module to enable the backbone network
to explicitly extract 3D geometric information during
training.

• We introduce the PME module, which predicts the inter-
frame pose transformations, thereby facilitating the fea-
ture extraction network to acquire features with enhanced
geometric representational capabilities.

• Our experimental findings demonstrate that by utilizing
our pre-trained backbone, existing camera-based 3D ob-
ject detection frameworks can achieve substantial im-
provements in detection performance.

II. RELATED WORK

In this section, we first briefly divide the existing 3D
object detection methods into two categories, i.e., single-frame
approaches [6]–[15] and video-based multi-frame approaches
[16]–[21], and introduce their core ideas, flaws and admirable
points respectively. Then we introduce representative works
that utilize stereo matching technology to enhance depth
estimation capabilities [22], [23], [27]–[31].

A. Single-frame 3D Object Detection Methods

An early method for monocular 3D object detection from
single-view images is Mono3D [32], which utilizes geometric
priors to achieve the 2D-3D projection. Then many works have
made their effort on extending 2D detection approaches to
3D task [6]–[8]. DD3D [9] further explores the potential of
single-image depth estimation pre-training on the large-scale
datasets, and yields more accurate positions of 3D objects.
The above methods usually adopt CNN-based architectures
to process single-view images, failed to improve detection
performance through utilizing multi-view overlaps. To better
process the surround-view detection task, mainstream methods
are divided into two categories, i.e., sparse attention-based
detectors [13]–[15] and dense BEV-based [10]–[12] detectors.
Sparse methods are represented by PETR [14], which designs
the inspiring 3D position embedding strategy and employs
sparse queries to perform attention-based perception. Focal-
PETR [15] further limits the scope of global attention to the
foreground area, achieving dual improvements in accuracy and
computing efficiency. BEV-based methods transform image
features into bird-eye-view space through Lift, Splat, Shoot

(LSS) [33] or attention layers. BEVDet [11] and BEVDepth
[10] predict depth maps for multi-view images, and build
dense BEV feature maps by voxel-pooling [34], which is a
high-performance implementation of LSS. BEVFormer [12]
constructs grid-shaped queries in BEV space, and aggregates
image features based on the attention mechanism [35].

B. Multi-frame 3D Object Detection Methods

Unlike single-frame methods, multi-frame approaches [16]–
[21] extract features from the image stream and fuse them
to perceive the key-frame target objects. The fused temporal
features contain rich motion information, which can greatly
improve the location and velocity estimation performance,
leading to stable and accurate 3D object detection. Stream-
PETR [21] and Sparse4Dv2 [20] are the representative works
extending single-frame sparse attention-based detectors to
multi-frame video-based detectors, which design ingenious
motion fusion strategies to propagate the queries of historical
frames forward. To effectively explore the temporal informa-
tion and improve perception performance, multi-frame BEV-
based detectors [16]–[18] fuse the 4D BEV features through
explicit warping alignment. BEVDet4D [16] lifts the scalable
BEVDet paradigm from the spatial-only 3D space to the
spatial-temporal 4D space. VideoBEV [18] proposes a RNN-
style temporal fusion approach for camera-based BEV 3D
detection. SOLOFusion [17] balances low-resolution, long-
term and high-resolution, short-term temporal fusion to max-
imize camera-only depth estimation potential with high effi-
ciency. Although the above-mentioned multi-frame methods
significantly improve the perception accuracy and stability by
exploring inter-frame motion information, they still suffer from
the ill-posed single-image depth estimation without video-base
stereo matching.

C. Stereo-matching-based Depth Estimation

As mentioned before, despite considerable progress, the
bottleneck of the existing 3D object detection methods is the
inability to solve the depth estimation problem well. Predicting
depth from a single image is obviously ill-posed, therefore,
many multi-view depth estimation approaches [22], [23], [27]–
[31] are proposed. Based on multi-view stereo matching, many
algorithms [22] construct cost volume to predict high-quality
depth maps. MVSNet [27] is the first learning-based model to
apply stereo matching to depth estimation, and many works
derived from it [28]–[31] have been proposed to optimize its
computational efficiency and performance.

In this paper, we incorporate stereo matching depth estima-
tion into 3D object detection task, and surprisingly discover
that the backbone obtains the ability to explicitly dig geometric
features in this way, leading to significant improvements in the
performance of both single-frame and multi-frame 3D object
detection methods when loading our pre-trained backbone.

III. METHODOLOGY

In this section, we delineate the architecture of MVS3D, a
pre-trained model architected to augment 3D object detection
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Fig. 1. Illustration of MVS3D. The Multi-frame Feature Extraction Module extracts features of all frames through a shared-weight backbone, and estimates
the rough depth map of key frame. The VMS module performs stereo matching from key frame to each historical frame, and refines the predicted depth map.
The PME module predicts the inter-frame transformation matrices.
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Fig. 2. Detailed illustration of Multi-frame Stereo Matching Module. The image coordinate mapping (Pt[u, v]) from key frame to each historical frame is
calculated by Eq (4), which is used to warp the historical feature. The aligned historical feature will be fed into the Geometry-Net together with the key-frame
feature to explore the rich geometric information which contains valuable clues for depth estimation refinement.

capabilities for both single-frame and multi-frame camera-
based systems. MVS3D harnesses multi-view stereo matching
technology to extract superior geometric features. Figure 1
illustrates the four main modules of MVS3D: the multi-frame
feature extraction module, the video-stream-based multi-view
stereo (VMS) module, a conventional 3D object detection
head, and an additional pose and motion estimation (PME)
module.

A. Multi-frame Feature Extraction Module

For training, MVS3D ingests a series of images {It ∈
RH×W×3 |T − N ≤ t ≤ T}, where t indexes the tempo-
ral sequence, with IT denoting the current key frame and
{It |T − N ≤ t ≤ T − 1} representing the preceding
frames. Each frame is accompanied by a transformation matrix
TFt ∈ R4×4, which relates the ego-vehicle’s coordinate

system to a global frame of reference. The transformation
matrix between frames is computed as:

TFt1,t2 = TF−1
t2 × TFt1. (1)

A shared-weight neural backbone network is employed
to extract features across all frames, as per the following
formulation:

{Ft ∈ RHd×Wd×C |T −N ≤ t ≤ T} = {Backbone(It)}
(2)

where Hd and Wd denote the height and width of the down-
sampled feature maps, respectively. Subsequently, the feature
map of the current frame FT is fed into the Depth-Net which
consists of several cascading convolution layers to predict a
dense depth map of the scene:

DT ∈ RHd×Wd = DepthNet(FT ). (3)
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As previously discussed in Section I, traditional depth
estimation from 2D images is prone to overfitting and general-
ization issues. To mitigate this, we propose the VMS module,
which explicitly exploits the 3D geometric structure of the
scene.

B. Video-stream-based Multi-view Stereo Module

The VMS module refines the depth map by applying multi-
frame features {Ft|T − N ≤ t ≤ T} and the preliminary
key-frame depth estimation DT through stereo matching. As
shown in Fig. 2, the process begins by computing the image
coordinate mapping PTn [u, v] ∈ RHd×Wd×2 from the key
frame (t = T ) to each historical frame (t = Tn) using the
equation:

P ′
Tn

[uz, vz, z] = K × TFT,Tn
×K−1 × (DT · P ′

T [u, v, 1]),

PTn
[u, v] = P ′

Tn
[..., 0 : 2]/P ′

Tn
[..., 2 : 3], (4)

where K is the intrinsic camera matrix, and u,v represent
the pixel coordinates. The historical feature maps {Ft|T −
N ≤ t ≤ T − 1} are then warped to align with the key-
frame coordinates. The aligned features F align

t are combined
with the key feature FT and processed by Geometry-Net,
which refines the depth map by leveraging the geometric
correspondence between them. Geometry-Net is a stack of
convolutional layers.

Contrary to traditional stereo matching that depends on sim-
ilarity metrics for depth map validation [36], our Geometry-
Net autonomously learns to extract geometric features, en-
abling the backbone to explicitly infer 3D geometric infor-
mation that is critical for accurate depth estimation. The
cumulative refinement features produce a depth residual map,
which is added to the initial depth map, resulting in a refined
depth estimation. This refined depth map Drefine

T , together
with the key-frame feature FT , is input into the 3D detection
head.

The introduction of the stereo matching mechanism al-
lows the MVS3D backbone to more effectively extract 3D
geometric information compared to conventional methods
that predict depth from single images. Existing methods can
readily integrate MVS3D’s pre-trained backbone, benefiting
from its enhanced geometric feature extraction capabilities,
which leads to more precise depth estimation and 3D object
detection.

C. Pose and Motion Estimation Module

To further emphasize the extraction of 3D geometric fea-
tures, we incorporate a PME module that predicts the trans-
formation matrices between the key frame and each historical
frame. This module encourages the backbone to concentrate
on stereo information, thereby improving its representational
strength and generalization capacity.

D. Loss Function

Training of MVS3D is supervised by three signals: the
ground truth for target 3D objects {objGT

i |1 ≤ i ≤ M},
the ground truth for the key-frame depth map DGT

T , and

the ground truth for the motion transformation matrices
{TFGT

t,T |T − N ≤ t ≤ T − 1}, with M indicating the
total number of target objects. The composite loss function
is expressed as:

L = L3D + 0.5× Ldepth + 0.5× LTF ,

Ldepth = L1(DGT
T , DT ) + L1(DGT

T , Drefine
T ),

LTF =
1

N

∑
L1(TFGT

t,T , TF ′
t,T ), (5)

where L3D is consistent with traditional 3D object detection
approaches [8], [11], [14], incorporating a focal loss [37] for
classification and an L1 loss for bounding box regression. The
ground truth transformation matrix TFGT

t,T is derived using
Equation (1), and TF ′

t,T is the output of the PME module.

IV. EXPERIMENT

In this section, we first explain the dataset and evaluation
metrics adopted in our experiments. Then, we provide a
detailed introduction to the implementation settings. Finally,
to further demonstrate the universality of our method, we
conduct multiple sets of comparative experiments on various
mainstream methods.

A. Dataset and Evaluation Metrics

We evaluate all of our experiments on nuScenes [25], a
large-scale autonomous driving benchmark with 700, 150 and
150 scenarios for training, validation and testing, respectively,
which are captured from multiple onboard sensors including
six cameras, one LIDAR, and five radar. Each sequence is
roughly 20s long, with a sampling rate of 20 frames/second.
For camera-based 3D detection task, we report the standard
NDS (nuScenes Detection Score) as the key indicator, which
is a consolidated scalar metric capturing all aspects of the
detection task including mAP(mean Average Precision) and
five TP (true positive) metrics, i.e., mATE (mean Average
Translation Error), mASE (mean Average Scale Error), mAOE
(mean Average Orientation Error), mAVE (mean Average
Velocity Error) and mAAE (mean Average Attribute Error),
via

NDS =
1

10
[5mAP +

∑
mTP

(1−min(1,mTP ))]. (6)

B. Implementation Details

Our MVS3D is implemented in PyTorch. We train our
model using a batch size of 32 for 24 epochs, which takes
about 50 hours using two NVIDIA A100 GPUs. Input images
are randomly cropped and scaled to 512×1408. Adam opti-
mizer [38] is used to optimize our network with default param-
eters (β1 = 0.9 and β2 = 0.999). We use the representative
ResNet-50 [39] as the image backbone to train our MVS3D
and conduct experiments. For the depth supervision signal
used in the training process, we project the point cloud data
in nuScenes from LIDAR coordinate to image plane utilizing
camera intrinsics and extrinsics, without introducing external
depth estimation dataset.
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TABLE I
QUANTITATIVE RESULTS OF STATE-OF-THE-ART 3D OBJECT DETECTORS ON THE NUSCENES VALIDATION DATASET. WE HIGHLIGHT THE BEST RESULTS

IN BOLD.

Architecture Method Pre-training Resolution mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓ NDS↑

CNN-based
PGD [7] R50-ImageNet 900× 1600 0.2848 0.8024 0.2718 0.5326 1.2236 0.1765 0.3640

R50-MVS3D 900× 1600 0.3334 0.7533 0.2650 0.5254 1.3116 0.1887 0.3935

FCOS3D [8] R50-ImageNet 512× 1408 0.2701 0.8272 0.2649 0.5091 1.1562 0.1680 0.3581
R50-MVS3D 512× 1408 0.3170 0.7974 0.2662 0.5099 1.1430 0.1557 0.3856

Attention-based
PETR [14] R50-ImageNet 512× 1408 0.3174 0.8397 0.2796 0.6158 0.9543 0.2326 0.3665

R50-MVS3D 512× 1408 0.3683 0.7934 0.2881 0.6120 0.8812 0.2305 0.4036

PETRv2 [19] R50-ImageNet 256× 704 0.3490 0.7000 0.2750 0.5800 0.4370 0.1870 0.4560
R50-MVS3D 256× 704 0.3682 0.6808 0.2813 0.5777 0.4301 0.1931 0.4678

BEV-based

BEVDet [11] R50-ImageNet 256× 704 0.2828 0.7734 0.2884 0.6976 0.8637 0.2908 0.3500
R50-MVS3D 256× 704 0.3096 0.7564 0.2818 0.6448 0.8087 0.2756 0.3781

BEVDepth [10] R50-ImageNet 256× 704 0.3304 0.7021 0.2795 0.5346 0.5530 0.2274 0.4355
R50-MVS3D 256× 704 0.3559 0.6717 0.2731 0.5442 0.4818 0.2212 0.4588

BEVDet4D [16] R50-ImageNet 256× 704 0.3139 0.6908 0.2818 0.5492 0.3809 0.1963 0.4470
R50-MVS3D 256× 704 0.3381 0.6898 0.2856 0.5255 0.3311 0.2067 0.4652

TABLE II
ABLATION EXPERIMENTAL RESULTS ON THE NUSCENES VALIDATION DATASET. WE HIGHLIGHT THE BEST RESULTS IN BOLD. SDE DENOTES THE

CONVENTIONAL SINGLE-FRAME DEPTH ESTIMATION PRE-TRAINING.

Method ImageNet SDE VMS PME mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓ NDS↑

FCOS3D [8]

✓ 0.2701 0.8272 0.2649 0.5091 1.1562 0.1680 0.3581
✓ ✓ 0.2913 0.8192 0.2711 0.5127 1.1533 0.1669 0.3687
✓ ✓ 0.3101 0.8025 0.2703 0.5108 1.1536 0.1502 0.3817
✓ ✓ ✓ 0.3170 0.7974 0.2662 0.5099 1.1430 0.1557 0.3856

TABLE III
THE EFFECTIVENESS OF STEREO MATCHING IN MULTI-FRAME PRE-TRAINING. WE CONDUCT EXPRIMENTS ON THE NUSCENES VALIDATION DATASET.

WE HIGHLIGHT THE BEST RESULTS IN BOLD.

Method Pre-trained Backbone mAP↑ mATE↓ mASE↓ mAOE↓ mAVE↓ mAAE↓ NDS↑

PETR [14] R50-Stream-PETR 0.3251 0.8105 0.2773 0.6201 0.9259 0.2318 0.3760
R50-MVS3D 0.3683 0.7934 0.2881 0.6120 0.8812 0.2305 0.4036

PETRv2 [19] R50-Stream-PETR 0.3417 0.6984 0.2779 0.5819 0.4413 0.1899 0.4519
R50-MVS3D 0.3682 0.6808 0.2813 0.5777 0.4301 0.1931 0.4678

C. Experimental Results Analysis

To prove the effectiveness of MVS3D, we conduct ex-
tensive experiments on extant state-of-the-art methods on
the nuScenes val set [25]. The comparative trials covers
various mainstream network architectures including CNN-
based methods (PGD [7] and FCOS3D [8]), sparse attention-
based approaches (PETR [14] and PETRv2 [19]) and dense
BEV-based algorithms (BEVDet [11], BEVDepth [10] and
BEVDet4D [16]), in which PETRv2 and BEVDet4D are
video-based multi-frame detectors and the others are single-
frame frameworks. For fairness, we only load the backbone
weights of MVS3D during model initialization, leaving other
training parameters such as image resolution and training
epochs unchanged.

1) Quantitative Analysis: All the above existing single-
frame and multi-frame detectors directly regress depth from a
single 2D image, which is an ill-posed problem severely hin-
dering their high-quality camera-based perception. In Table I,
we carry out comparative experiments on existing approaches
to verify the effectiveness of our pre-trained backbone. First,
among typical monocular CNN-based detectors, PGD [7] and
FCOS3D [8] achieve the NDS improvements of 2.95% and
2.75% respectively, with general promotions in mAP (4.86%
and 4.69% respectively) and five TP metrics. It is worth
noting that MVS3D-pre-trained FCOS3D [8] outperforms the
native-pre-trained PETR [14], which is generally regarded as
a powerful attention-based multi-view detector than CNN-
based monocular detectors, comprehensively showing that
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Fig. 3. Visualization of the detection results of MVS3D-pre-trained FCOS3D on the nuScenes test dataset.

MVS3D endows the backbone with a more potent geometric
representation. Then we perform experimental analysis on
the single-frame attention-based vision detector PETR [14].
Since the original PETR [14] directly perceives the target
3D objects without explicit supervision of depth ground truth
during training, loading our MVS3D-pre-trained backbone
brings it the most significant performance improvement in
all trials, with the 5.09% mAP and 3.71% NDS increase.
This considerable enhancement of perception capacity is at-
tributed to our geometry-aware stereo depth estimation pre-
training. Moreover, it is gratifying that even for BEV-based
detectors that have explicitly deduced and supervised the
dense depth distribution during training, MVS3D still supplies
an further enhanced geometric representational capacity for
the backbone, resulting in the 2.81% and 2.33% promotion
in NDS for BEVDet [11] and BEVDepth [10] respectively.
This improvement in depth-supervised BEV-based methods
confirms the fact that securing a pre-trained model that di-
rectly fits the depth without stereo matching constrains the
potential of digging stereoscopic information, and can be
further improved by compelling the backbone to explicitly
explore geometric features with rich stereo clues. Finally, we
also perform experiments on two representative multi-frame
frameworks, i.e., attention-based PETRv2 [19] and BEV-
based BEVDet4D [16], surprisingly find that MVS3D pre-
training still works for them. The mAP and NDS of PETRv2
increase by 1.92% and 1.18% respectively, and MVS3D-pre-
trained BEVDet4D surpasses the native-pre-trained model on
mAP and NDS by 2.42% and 1.82% respectively. Although
these video-based detectors perform temporal feature fusion to
explore the inter-frame motion transformation, they still lack
the explicit geometry-aware feature extraction, so that MVS3D
can still markedly elevate their vision perception. Overall,
integrating our MVS3D-pre-trained backbone yields consistent
enhancements for existing state-of-the-art 3D object detectors
under various architectures, whether single-frame or video-
based approaches, with or without depth supervision during

training.
2) Qualitative Analysis: To prove the effectiveness of

our proposed MVS3D, we visualize the detection results of
MVS3D-pre-trained FCOS3D [8] in Fig. 3. It shows that the
single-frame CNN-based monocular detector can also deliver
trustworthy detection results through loading our geometry-
aware backbone.

D. Ablation Studies

We verify the effectiveness of our VMS module and PME
module in Table II. The baseline method is FCOS3D [8] pre-
trained on ImageNet [26], which achieves 27.01% mAP and
35.81% NDS. Since VMS module uses additional point cloud
data to supervise the depth prediction compared with the native
ImageNet pre-training, we set up a comparative experiment
of conventional SDE (single-image depth estimation) pre-
training, as shown in the second row of Table II, which
performs single-image depth prediction without stereo match-
ing. Consistent with the conclusion of previous works [9],
SDE makes the backbone more proficient in depth perception,
leading to a 1.06% improvement in NDS. Despite progress,
directly deducing depth from a single 2D image lacks geomet-
ric validity, and can be further enhanced through multi-frame
stereo matching. As shown in the second row of Table II,
our VMS pre-training significantly outperforms SDE under
the same training data and supervision, fully demonstrating
that the VMS module imbues backbone with an improved
capability for geometric representation. In the last row of the
table, we further verify the effectiveness of our PME module,
which enables the backbone to further assimilate stereoscopic
information and achieves the best increase in mAP (4.69% ↑)
and NDS (2.75% ↑).

E. Effectiveness of Stereo Matching

In addition to introducing stereo matching technology,
MVS3D also performs multi-frame temporal fusion during
training, both of which can improve the representation and
generalization of backbone to some extent. We point out that
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the powerful performance of MVS3D-pre-trained backbone
mainly comes from stereo matching technology rather than
temporal feature fusion. To verify our point, we compare
MVS3D-pre-trained PETR [14] and PETRv2 [19] with load-
ing weights from StreamPETR [21], which is a video-based
detector fusing temporal features. As shown in Table III, the
proposed MVS3D achieves higher mAP (4.32% ↑ and 2.65%
↑ respectively) and NDS (2.76% ↑ and 1.59% ↑ respectively)
on both downstream 3D detection models, further verifying the
effectiveness of the VMS module and PME module. It is worth
noting that we only perform stereo matching during training
and directly load the pre-trained model for the downstream 3D
detection task, which means that the model can guarantee very
fast inference speed, just like the single-frame algorithms.

V. CONCLUSION

In this paper, we exploit the potential of multi-frame stereo
depth estimation pre-training for existing camera-based 3D
object detectors. The introduced VMS and PME module
enhance the representation and generalization of backbone by
compelling the model to explicitly assimilate geometric in-
formation, significantly alleviating the conundrum of ill-posed
depth estimation. Extensive experiments shows that loading
our MVS3D-pre-trained backbone considerably promotes the
performance of extant single-frame and multi-frame 3D object
detection frameworks, providing an inspiring idea to achieve
higher-quality 3D detection pre-training.
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