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Abstract. Real-time monocular 3D object detection remains challeng-
ing due to severe depth ambiguity, viewpoint shifts, and the high compu-
tational cost of 3D reasoning. Existing approaches either rely on LIDAR
or geometric priors to compensate for missing depth or sacrifice efficiency
to achieve competitive accuracy. We introduce LeAD-M3D, a monocu-
lar 3D detector that achieves state-of-the-art accuracy and real-time in-
ference without extra modalities. Our method is enabled by three key
components. Asymmetric Augmentation Denoising Distillation (A2D2)
transfers geometric knowledge from a clean-image teacher to a MixUp-
noised student via a quality- and importance-weighted depth-feature loss,
enabling stronger depth reasoning without LiDAR. 3D-aware Consistent
Matching (CMsp) improves prediction-to-ground truth assignment by in-
tegrating 3D MGIoU into the matching score, yielding stable and precise
supervision. Finally, Confidence-Gated 3D Inference (CGIsp) accelerates
inference by restricting expensive 3D regression to confident regions. To-
gether, these contributions set a new Pareto frontier for monocular 3D
detection: LeAD-M3D achieves state-of-the-art accuracy on KITTI and
Waymo, and the best reported car AP on Rope3D, while running up to
3.6 x faster than prior high-accuracy models (e.g., MonoDiff). LeAD-
M3D demonstrates that high fidelity and real-time monocular 3D de-
tection is simultaneously attainable, without LiDAR, stereo, or strong
geometric assumptions.
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1 Introduction

Monocular 3d object detection (M3D) aims to predict the 3D position, orienta-
tion, and size of a scene’s objects from a single RGB image. This setup is broadly
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Fig.1: Runtime vs. Accuracy on KITTI test, using Ang‘MO Mod. (in %, 1) and
runtime (in ms, |). We provide a model family (sizes N to X) to balance runtime and
3D detection accuracy. LeAD-M3D offers a Pareto frontier over existing approaches.
Using TensorRT further improves the runtime, enabling >60 FPS real-time inference of
even our largest model size (X). Runtime is reported on the same hardware (NVIDIA
RTX 8000) wherever possible (i.e., code is publicly available).

available and M3D finds widespread application in autonomous driving |7}/12],
robotics |39], medicine [1], and city infrastructure |[67]. However, inferring depth
information from a single 2D image introduces strong ambiguities, and is the
dominant source of error in M3D [56},82]. This problem intensifies for non-zero
roll and pitch viewpoints (e.g., roadside camera views) [59}/88]. Moreover, recent
methods emphasize accuracy over runtime efficiency [48.|64], hindering deploy-
ment in real-world scenarios. A model that learns exclusively from 3D box super-
vision, providing accurate detections and efficient real-time inference, remains
currently lacking.

To obtain both accurate and efficient models, knowledge distillation (KD)
has been shown to be an effective paradigm [23,57]. In KD, a large and com-
putationally expensive teacher model transfers its knowledge to a smaller, more
efficient student model [23/57]. This process yields a student model that retains
high accuracy while significantly reducing computational cost. To perform ef-
fective KD for M3D, existing approaches create a teacher-student asymmetry
by giving the teacher access to additional information, typically in the form of
LiDAR [14,/27,48}|83]. However, LIiDAR is not always available in real-world ap-
plications, and the use of multiple modalities (e.g., imagery and LiDAR) leads
to complex pipelines. Here, we propose Asymmetric Augmentation Denoising
Distillation (A2D2), an image-only KD pipeline that leverages an asymmetric
denoising distillation |26] strategy for efficient and accurate M3D. Unlike prior
M3D distillation pipelines, A2D2 is conceptually simpler as we do not rely on
additional modalities (e.g., LIDAR).

Using our A2D2, we build an M3D model family composed of five models
(cf. Fig. [1)) with different model sizes, i.e., N /S /M / B / X, following the
YOLO family [75]. In particular, we train our largest variant (X) as a teacher
model to provide expressive target representations. We freeze the teacher and
distill different student models using A2D2 by denoising a MixUp-based [90]
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objective. Denoising is performed on object-specific depth features. By using a
dynamic feature loss that weights features according to the teacher’s prediction
quality and importance, we allow for effective feature distillation. This enables
the student to focus learning on reliable and informative cues, improving the
student’s depth reasoning and detection accuracy.

To complement our A2D2, we introduce two additional components. First, we
introduce 3D-aware Consistent Matching (CM3sp ), which improves the prediction-
to-ground truth assignment by incorporating a 3D Intersection over Union (IoU)
term into the matching criterion. This joint 2D-3D alignment allows the model
to learn from supervision that better reflects the actual 3D localization quality.
Second, we propose Confidence-Gated 3D Inference (CGlsp), a lightweight in-
ference strategy that restricts the costly 3D regression head to high-confidence
regions identified by an efficient 2D classifier. This reduces redundant computa-
tion and accelerates inference with virtually no loss in accuracy.

Together, we present LeAD-M3D, Leveraging Asymmetric Distillation for
Real-time Monocular 3D Detection. Our LeAD-M3D model family yields a new
accuracy-efficiency Pareto frontier over existing M3D models (c¢f. Fig. [1)) without
relying on LiDAR, stereo, or ground-plane inputs. For example, on KITTI [22] we
achieve the highest AP3p across all difficulty levels among monocular methods
and even surpass LIDAR- and geometry-assisted approaches, while running 3.6 x
faster than the next-best high-accuracy model (MonoDiff [64]). LeAD-M3D also
achieves strong cross-view and domain generalization results, all while running
in real-time on a single GPU.

Our main contributions can be summarized as follows: (i) We propose A2D2,
a novel, LiDAR-free knowledge-distillation scheme for M3D. A2D2 transfers
knowledge using MixUp-based information asymmetry and a quality- and impor-
tance-weighted feature loss, strengthening the student’s depth reasoning without
requiring privileged depth information. (%) We introduce CM3p, a prediction-
to-ground truth assignment strategy that improves supervision by employing
3D cues. (@ii) We propose CGlsp, a lightweight inference strategy that restricts
costly 3D regression to high-confidence regions, effectively reducing inference ef-
ficiency without a degradation in detection accuracy. (iv) We demonstrate a new
accuracy-efficiency Pareto frontier (¢f. Fig.[1)) of LeAD-M3D across a wide range
of datasets, without relying on LiDAR, stereo, or geometric priors (e.g., inverse
height-depth consistency). Additionally, LeAD-M3D leads to strong cross-view
and domain generalization results.

2 Related Work

Monocular 3D Object Detection (M3D). Existing M3D methods can be
broadly grouped into three categories. The first uses extra data, such as Li-
DAR [27,61165},80L[81L87], object shape cues [40L[51], temporal consistency |11],
ground planes [9/69], or stereo images [19], during training to compensate for
sparse 3D box supervision. The dependency on additional data limits the applica-
bility to real-world scenarios where these modalities are unavailable, e.g., LIDAR



4 J. Meier et al.

is unavailable in certain traffic [73|97] or drone |16L|59] scenarios. While LiDAR
is often used to aid the annotation process, recent work removed LiDAR entirely
from the M3D annotation pipeline [16]|. The second category of M3D models in-
jects geometric constraints to regularize depth [31146153//63/82,93l96]. A common
assumption is that the apparent 2D height of an object is inversely proportional
to its depth, which yields a scale prior by relating the estimated 3D height to the
2D height [53193]. Current approaches [31,/63}/82,96] encode variants of perspec-
tive geometric priors. These assumptions largely hold under car-view settings
with near-zero roll and pitch but break for different viewpoints, restricting de-
ployment to forward-facing automotive cameras [59,/88.(97]. The third category
relies only on 3D bounding boxes for supervision without auxiliary modalities
or hard-coded priors [20,28,|29}|32,/43]. We focus on this category of models,
maximizing applicability across camera viewpoints and datasets. Our approach
fits this family, as it allows full flexibility with respect to object orientation, ex-
plicitly supporting arbitrary SO(3) rotations rather than being constrained by
viewpoint-specific priors like the inverse height-depth consistency.

Knowledge Distillation (KD) [6,23,57.[68] is a general technique for trans-
ferring knowledge from a large, high-capacity, and accurate teacher model to a
smaller, more efficient student model. Introducing asymmetry into the distilla-
tion process has been shown to improve the student’s accuracy [6}23}/57,/68].
Previous M3D methods achieve this teacher-student asymmetry by giving the
teacher an easier problem and/or more informative data, e.g., supplying LiDAR,
allowing the monocular student to learn high-quality 3D geometric cues [14,27]
48)83]. On the other hand, ADD [80] and FD3D |78| remove the LiDAR depen-
dency by providing the teacher with ground-truth object positions or object-wise
depth maps. Our approach takes a different angle on this paradigm. Instead of
giving the teacher more information, we give the student strongly augmented
MixUp images [90], while the teacher receives both clean images. Compared to
existing M3D distillation approaches, our approach is conceptually simpler, as
we do not use multiple modalities. This also allows both student and teacher to
share the same meta-architecture, reducing overall architectural complexity.

Real-Time Object Detection. Significant progress has been made in 2D
real-time detection [8}3538}54162}|74}77,94] on the accuracy-efficiency frontier.
Among real-time 2D detection approaches, the YOLO series |35}[38l|74] has con-
tinuously improved the accuracy-efficiency frontier. We base our real-time M3D
model on YOLOv10 [75], which enables accurate, efficient, and non-maximum
suppression-free inference. Existing M3D methods require long [61}|65[81] or
moderate inference times [43,49], and most provide only a single model size [43|
53.82|. To address this, we offer a model family with five model sizes where ac-
curacy is improved through A2D2 and task-aligned learning without increasing
inference cost, while CGI3p optimizes runtime. This allows our second-largest
model (B) to outperform the previous fastest baseline in terms of speed.
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Fig. 2: Overview of LeAD-M3D. (a) We distill high-dimensional instance-depth
features from a large teacher to a compact student. To create an information gap, the
teacher sees clean images. The student receives a MixUp image and must reproduce the
teacher’s intermediate features (Sec. . This frames distillation as a denoising task,
which removes MixUp-induced artifacts. CM3sp uses ground truth to pair corresponding
teacher and student predictions (cf. Sec. [3.2). (b) Detailed model architecture. Dim.
stands for dimension head, Orient. denotes for orientation head, and Uncert. stands
the depth uncertainty head.

3 Method: Accurate & Real-Time M3D

Problem Statement. The goal of M3D is to predict 3D bounding boxes and
object categories from a single RGB image. Formally, let I € R3*#*W he an
RGB image and let B(I) = {b3P,..., B3P} denote the set of estimated 3D
bounding boxes for objects in I. Each box B?D is defined by its 3D center location
(wi,9i,2;) € R3, 3D size (w;, hi,l;) € R3, orientation represented by a rotation
matrix R; € SO(3), and category ¢; € C (e.g., “Vehicle” or “Pedestrian”).

Overview. Prior M3D methods largely optimize accuracy, while runtime effi-
ciency is often secondary. We address this by introducing LeAD-M3D, Leveraging
Asymmetric Distillation for Real-Time Monocular 3D Detection, a novel M3D
method built on YOLOv10 . As shown in Fig. , we follow [43] and extend
YOLOvV10 with standard 3D detection heads (i.e., 3D offset, 3D dimension, ori-
entation, depth, and uncertainty heads), a postprocessing pipeline, and 3D losses.
This baseline establishes an efficient architectural foundation for M3D, which we
denote as YOLOv10-M3D. We show more details in the supplementary mate-
rial. Our overall pipeline (¢f. Fig. ) further extends the baseline M3D model
with three proposed components. A2D2 enhances standard KD techniques by
integrating a novel augmentation-based denoising task. CM3sp lifts the standard
2D prediction-to-ground truth assignment to 3D space. Finally, CGI3p reduces
head FLOPs during inference without impacting the predictions.

3.1 Asymmetric Augmentation Denoising Distillation (A2D2)

KD is an effective approach to balance accuracy with real-time requirements. KD
methods for M3D often create an information asymmetry, easing the teacher’s



6 J. Meier et al.

task and/or complicating the student’s task. As depth estimation is the core
bottleneck in M3D, these methods [14}/27,(83] simplify the teacher’s task enor-
mously by adding LiDAR [14,27{7880/83]. This further strengthens the transfer
for M3D yet introduces a modality dependency. Moreover, standard KD losses
transfer features uniformly [14,27,[78L|80L(83], ignoring variation in the teacher’s
quality and the varying influence of feature channels on the final depth. To ad-
dress these issues, we propose Asymmetric Augmentation Denoising Distillation
(A2D2), a LiDAR-free KD scheme that couples an asymmetric MixUp-based
denoising task with quality- and importance-weighted feature alignment.

MixUp-Based Information Asymmetry. Unlike previous methods, we use
MixUp [43}/59] to augment the student input, enabling the student to learn to
match the teacher’s instance-depth features despite augmentation, creating a
desired asymmetry without requiring extra modalities. In particular, we blend
two images at the pixel level and require the student to detect all objects for
both images. Unlike most other augmentation strategies, MixUp preserves the
full spatial extent of all objects in both images while still creating a denoising
task, so no GT annotations are lost. Crucially, MixUp preserves object geometry
in image coordinates, i.e., projected centers, depths, dimensions, and orientation
remain consistent. We exploit this invariance for distillation as a denoising task
in feature space.

As shown in Fig. 2h, first, we feed two clean images to the teacher and the
corresponding MixUp image to the student. Second, we use 3D-aware Consis-
tent Matching (CM3sp) to assign each ground-truth object to its best-matching
prediction from the teacher and separately to its best match from the student
(Sec. . It is worth noting that we distill the depth features from the depth
head rather than generic backbone activations, where the scalar depth is ob-
tained by regression using the teachers weight matrix W7T € R? and the teach-
ers depth features F;' € RY?. Where i denotes a specific object in the image.
This establishes explicit student-teacher pairs for the same underlying object,
enabling feature-level distillation between corresponding predictions. We found
that depth features yield more effective transfer for the 3D task than generic
backbone features.

Quality- and Importance-Weighted Distillation Loss. The standard KD
losses ignore variation in teacher quality and the unequal importance of feature
channels. To address this, we propose reweighting the feature loss based on the
teacher’s prediction quality and the importance of each feature. For the teacher’s
quality, we weight the distillation loss by a relative depth-error-based score:

Zi

i = (1)

max(|z; — 21|, €)’

where z; and 2] denote ground truth and teacher-predicted depth, respectively,
for object i. We set € = 0.1 for numerical stability. Using a relative error mitigates
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a higher weighting of nearby over distant objects, as nearby objects naturally
exhibit smaller absolute errors. For feature importance, channels with larger
absolute weights contribute more to the final prediction. Therefore, we define
the normalized importance per channel ¢ € {1,...,Q} as

Wy
Wo= =g oTr
Zq’:l ‘Wq’ |
We combine these weights with an L1 alignment on instance-depth features.
Let B(I) = {b3P ... b3P} be the ground-truth bounding box set of I matched

to the predictions by CM3p. We define our quality- and importance-weighted
feature-loss between the teacher ;' and student features FP € R? as:

(2)

[BM| Q

Edistill Z Z Wy i ’ _ ]_-ZS,q’ (3)

=1 g¢g=1

Training. We adopt offline KD with a frozen teacher. Regardless of the
student model size, the teacher is always uses our largest size (i.e., LeAD-M3D
X trained w/o A2D2). We first train the teacher using standard supervision ,
i.e., classification £, 2D bounding-box £2P, and 3D bounding-box £3P loss,
then freeze for distillation. During distillation, we train a student model, which
can be any model size from our family (N, S, M, B, or X), using the total loss

L= £CIS + £2D + £3D + ﬁdistill, (4)
composed of our distillation loss £3%! and the standard supervised losses. We

provide more details on the training and loss functions in the supplement.

3.2 3D-aware Consistent Matching (CMg3p)

Both supervised training and our A2D2 method require reliable assignments be-
tween model predictions and ground-truth objects. Without robust matching,



8 J. Meier et al.

noisy or misaligned pairs can degrade both training stability and final accu-
racy, especially in challenging scenarios like MixUp, where multiple objects with
similar 2D projections coexist. To address this, we propose 3D-aware Consis-
tent Matching (CM3p), which ranks prediction-ground truth pairs using class
confidence and both 2D as well as 3D box agreement (cf. Fig. [3)).

2D matches in our baseline (YOLOv10-M3D [75]) are obtained by ranking

all prediction-ground truth pairs using the score 77, and top-k selection. s77 is
computed by:
2D _ ~« (2D 1.2D)\8
Er :pzcj IoU(bi , b3 ) , (5)

where i indexes predictions, j indexes ground-truth bounding boxes, and p;
is the predicted probability for class ¢;. b?P and b?P are the predicted and
ground-truth 2D bounding boxes. & € Ry and § € Ry are weighting bound-
ing box overlap and classification. We extend this to 3D by incorporating the
Marginalized Generalized IoU (MGIoU) [37] between predicted and ground-truth
3D bounding boxes (cf. Fig. :

51030 = 2D MGIoU (BEP, biP)”, (6)
with the predicted B?D and the ground-truth b?D 3D bounding boxes. v € R is
used for weighting. MGIoU offers a 3D-overlap surrogate that remains informa-
tive even without 3D box intersection, which is common early in training or for
small objects. It is computed by projecting the 3D shapes onto a set of unique
directional normals and marginalizing the one-dimensional generalized IoU val-
ues across these projections. MGIoU aggregates location, size, and orientation,
and is invariant to object dimensions, unlike corner-based losses [46]. Note, using
MGIoU leads to a negligible increase in training time by less than 2 %.

Compared to static anchor-based assignments used in many monocular 3D
object detection (M3D) methods [49,/59], our dynamic 2D/3D scoring better
disambiguates crowded scenes and mixed content (e.g., under MixUp). The 2D
term stabilizes learning when 3D estimates are crude, while the 3D term helps
to separate overlapping predictions as accuracy improves.

3.3 Confidence-Gated 3D Inference (CGIzp)

M3D detectors typically run their regression heads densely over full feature maps.
As most locations correspond to background, a substantial portion of the compu-
tation is wasted. Therefore, we propose Confidence-Gated 3D Inference (CGlsp)
to restrict expensive regression to likely object locations as shown in Fig. [
Specifically, (1) after obtaining the neck features, we run the classification head
densely across the entire feature map to (2) select the top-k locations based on
class confidence. We then (8) extract 3x3 local patches centered at these loca-
tions and (4) apply the 2D and 3D regression heads only to these sparse patches
rather than the full map.

During training, we keep the dense head computation for simplicity. At in-
ference, we move the baseline top-k selection earlier and run the 2D /3D heads
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only on 3x3 patches around top-k locations, yielding outputs identical to dense
evaluation, because the heads’ effective receptive field is exactly 3x3 (one 3x3
convolution followed by two 1x1 convolutions). This is simpler than Region of
Interest (Rol)-Align (typically 7x7 grids [24,/66]) and avoids bilinear interpola-
tion, substantially reducing head-level FLOPs with no accuracy loss.

4 Experiments

We first compare our approach against lightweight and state-of-the-art (SOTA)
M3D methods, followed by domain generalization evaluations. Finally, we ana-
lyze individual model components and provide qualitative results.

Datasets and Metrics. We perform experiments on the primary M3D bench-
marks, KITTT [22] and Waymo [71]. To evaluate diverse camera perspectives,
we conduct experiments on Rope3D [88]. Rope3D includes different cameras and
viewpoints, enabling cross-view validation. To showcase domain generalization,
we use nuScenes (Front) [5]. We strictly follow standard protocols and met-
rics across all datasets. In particular, for KITTI [10], we report AP3pgr4o and
APggyirao at IoU thresholds of 0.7 (“Cars”) and£ 0.5 (“Pedestrians”/“Cyclists”).
Both metrics are computed for easy, moderate (Mod.), and hard objects. Note
that while our main experiments are performed on the KITTT test set (requiring
a submission to the official test server), analysis and ablations are performed
on the wvalidation set. Waymo evaluation follows the DEVIANT |[36] protocol
for front-camera images (AP3p/APH3sp at 0.5/0.7 IoU). For Rope3D, we use
the heterologous split and report APspjr4p and the Rope score [88] for “Car”
and “Big Vehicle” classes. To measure inference speed and efficiency, we report
model parameters, runtime, and floating point operations (FLOPs). Both run-
time and FLOPs are reported on the same hardware (NVIDIA RTX 8000), if
code is available, and for a single image forward pass.

Implementation Details. We train our student and teacher models using
the Adam optimizer [34] with an initial learning rate of 0.001, a weight decay of
0.0005, and a 3-epoch warmup cosine learning rate schedule [52]. CM3p hyperpa-
rameters are set to « = 0.5, f = 1.0, and v = 1.0. All experiments are conducted
on a single NVIDIA RTX 8000. The teacher training (LeAD-M3D w/o A2D2
requires 34 hours; subsequent student training scales with model size, peaking at
60 h for the largest model (size X) on KITTI. Despite the focus on optimized in-
ference speed for real-world applications, our training remains resource-efficient,
requiring only a single GPU. As our direct baseline, we use YOLOv10 by adding
3D detection heads (YOLOv10-M3D). For all implementation details, please re-
fer to the supplement.

4.1 Comparison with Lightweight M3D Models

In Tab. |1} we compare our model with existing lightweight M3D models (<30 M
parameters) in terms of accuracy, FLOPs, model size, and runtime. Mono-
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Table 1: Comparison with lightweight M3D methods (< 30 M parameters)
on the KITTTI |22] test set for the category “Car” using APgS‘MO and AP%‘EV‘MO (both
in %, 7). Extra indicates the use of auxiliary training data. Params reports no. of model
parameters in millions. GFLOPs measured for single image inference. Time is reported
in ms for single image inference without TensorRT on an NVIDIA RTX 8000 GPU.
Best and second-best results are highlighted in blue M and light blue ", respectively.

0.7 0.7
AP3p|Rao T APEEviR4ao T
Method Extra Params | GFLOPs | Time |
Easy Mod. Hard Easy Mod. Hard
MonoNERD |81] LiDAR 6.6 4220 1380.3 22.75 17.13 15.63 31.13 23.46 20.97
MonoSGC |30 LiDAR 23.1 173 35.0 27.01 16.77 14.61 35.78 23.27 19.92
OccupancyM3D |61] LiDAR 28.3 389 213.9 25.55 17.02 14.79 35.38 24.18 21.37
DPLprex 91) Unlabeled 21.5 152 28.9 24.19 16.67 13.83 33.16 22.12 18.74
MonoUNT |31] Geometry 22.7 122 23.2  24.75 16.73 13.49 33.28 23.05 16.39
MonoCD |82] Geometry 21.8 171 28.1 25.53 16.59 14.53 33.41 22.81 19.57
MonoCon [49] — 19.6 115 15.5 22.50 16.46 13.95 31.12 22.10 19.00
DDML [13] — 19.6 115 15.5 23.31 16.36 13.73 — — —
MonoLSS 43| — 21.5 127 20.2 26.11 19.15 16.94 34.89 25.95 22.59
LeAD-M3D N (Ours) — 3.8 14 9.7 24.31 16.49 14.14 32.22 21.72 19.41
LeAD-M3D S (Ours) — 10.1 38 10.2 27.28 18.87 16.37 34.86 24.17 21.32
LeAD-M3D M (Ours) 19.7 88 13.3 28.08 19.47 17.66 36.21 25.46 22.89
LeAD-M3D B (Ours) 24.9 133 13.9 29.10 20.17 18.34 37.65 26.63 23.75

NeRD [81] uses fewer parameters than any prior method (6.6 M). Despite this,
our second-smallest model (S) surpasses MonoNeRD in accuracy while being
trained LiDAR-free. Notably, LeAD-M3D S has an over 100x faster inference
than MonoNeRD. We attribute MonoNeRD’s low speed to its compute-heavy 3D
volume processing, which dominates its inference cost. Among models trained
without extra data, MonoLSS is the most accurate existing approach. Still,
LeAD-M3D B outperforms MonoLSS on almost all accuracy metrics, while being
34 % faster in runtime. In terms of FLOPs, our third-largest model (M) requires
25 % fewer FLOPs than the fastest alternatives, DDML [13] and MonoCon [49],
yet outperforms all existing models on 5 out of 6 accuracy metrics. Our second-
largest model (B) maintains a faster runtime than the fastest existing lightweight
baseline while surpassing all prior methods in accuracy.

4.2 Comparison with SOTA M3D Models

KITTI [22] Test Set. In Tab. 2| we compare our largest model LeAD-M3D
X with SOTA models on the KITTI test set (requiring submission to the test
server). LeAD-M3D outperforms all existing methods in AP3p|r49, including
those that leverage perspective geometric priors (e.g., inverse height-depth con-
sistency) or extra training data. Furthermore, our model runs 3.6 x faster than
the previous SOTA MonoDiff [64] (cf. supplement).

Rope3D |88 Validation Set. In Tab. 3] we provide results on Rope3D [38|
(traffic view), evaluating accuracy for views different from car mounded cameras.
LeAD-M3D X scores the best result for the “Car” category. For the rare category



Table 2: KITTI test results.
Comparison with state-of-the-art M3D
methods on the KITTI test set for the cat-
egory “Car” using APgb?\mo (in %). Extra
indicates the use of auxiliary train. data.
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Table 3: Rope3D results. Com-
parison with with state-of-the-art M3D
methods on the Rope3D heterlog. bench-
mark. GPF indicates ground-plane-free
models. We report APg.i:Z|R40 and Rope

score in %. BV denotes “Big Vehicle” class.

APYT 1
Method Extra 3D|R40 p -
Easy Mod. Hard Method GPF ar T T
LiDAR 24.31 18.47 15.76 AP Rope AP Rope
LiDAR 25.61 16.81 13.79  M3D-RPN X 11.09 28.17 3.39 21.01
LiDAR 22.01 13.61 13.10  MonoDLE X 12.16 28.39 3.02 19.96
LiDAR 24.35 16.46 13.84 MonoFlex X 11.24 27.79
LiDAR 25.33 16.13 13.35  BEVHeight [36] X 5.4123.09 1.16 18.53
Stereo  25.77 16.70 14.22  CoBEV |69 X 6.59 24.01 2.26 19.71
LiDAR 25.63 16.82 13.81
LiDAR 27.91 19.43 16.51  M3D-RPN /  6.0523.84 2.78 20.82
Kinematic3D /  5.8223.06 1.27 18.92
MoGDE |96 Geometry 27.25 17.93 15.80  MonoDLE 56 v 3.77 21.42 2.31 19.55
MonoDGP Geometry 26.35 18.72 15.97  MonoFlex [93) v/ 10.86 27.39 0.97 18.18
BEVFormer [45] /  3.87 21.84 0.84 18.42
- —_ 5 —
f&ggEchN — gggg };'2; 12'22 BEVDepth [41] v/ 0.8519.38 0.30 17.84
MonoPSTR. E‘E o 26'15 17'01 13'70 MonoCon aﬂ v 10.71 27.55 1.61 19.25
FD3D o 25.38 17.12 14.50 GroundMix v 12.86 29.37 3.90 21.06
MonoDifi — 30.18 21.02 18.16  LeAD-M3D N (Ours) +  9.67 25.46 1.80 19.17
MonoMA — 25.60 18.84 16.78  1eAD-M3D S (Ours) ¢ 13.33 28.59 4.16 21.25
GATE3D — 26.07 18.85 16.76  LeAD-M3D M (Ours) ¢ 14.31 29.62 4.95 22.14
MonoA? — 23.24 17.55 15.26  LeAD-M3D B (Ours) ¢ 15.05 30.13 5.40 22.41
LeAD-M3D X (Ours) v [16:4531.34 8.71 25.15

LeAD-M3D X (Ours) —

“Big Vehicle”, it performs second-best to MonoFlex [93], which requires ground-
plane inputs, while LeAD-M3D does not. In a fair comparison (i.e., MonoFlex
w /o ground-plane input), LeAD-M3D significantly outperforms MonoFlex.

‘Waymo Validation Set. Similarly, our largest model (X) achieves the
best results on the Waymo validation set (¢f. Tab. @) without perspective
geometric priors or extra training data. In APf:’ Level 1, we surpass the previous
best model by 2.97 AP. Even our second-largest model (B) attains a higher
AP35 than all existing methods.

Domain Generalization. In Tab. [ we evaluate the robustness of LeAD-M3D
B to domain shifts. In particular, we analyze domain generalization by training
on nuScenes |5] and evaluating on the KITTI validation set. LeAD-M3D B
outperforms all domain generalization (DG) approaches, even MonoGDG ,
a specialized approach for DG, requiring alignments for focal length, distortion,
and camera orientation. In contrast, LeAD-M3D B generalizes using only virtual
depth without specific components designed for DG. Notably, LeAD-M3D
remains competitive with unsupervised domain adaptation (UDA) methods that
leverage target data for adaptation. This demonstrates that LeAD-M3D learns
highly generalizable representations effective in diverse sensor setups.
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Table 4: Waymo |[71] results. Compar-
ison with state-of-the-art M3D methods
on the Waymo validation set. We report
AP35 & APYS (both in %, 1) for the “Ve-
hicle” category. We compare with methods
following the DEVIANT 36| protocol.

Table 5: Domain generalization re-
sults for nuScenes [5| to KITTI [22] val.
using APgS|R40 (in %, 1). We compare
to domain generalization (DG) and unsu-
pervised adaptation approaches (UDA, in
gray) that use target-domain data.

APg']:S, 1 Apgg 1 Method Type Easy Mod. Hard
Method

L1 L2 L1 L2  STMono3sD [i]] UDA 29.01 19.88 17.17

MonoCT 53] UDA 42.80 32.24 27.36
PatchNet [55] 2,92 2.42 0.39 0.38
PCT |76] 4.20 4.03 0.89 0.66 DGMono3D |95 DG 28.77 24.82 23.67
GUPNet (53] 10.02  9.39 2.28 2.14  MonoGDG [84] DG 33.48 27.14 26.37
DEVIANT [36] 10.98 10.29 2.69 2.52  LeAD-M3D B (Ours) DG 45.50 32.14 28.56
MonoJSG [47] 5.65 5.34 0.97 0.91
MonoCon [49] 10.07 9.44 2.30 2.16 . .
Stereoscopic |33 7.18 7.17 1.72 1.61 Table 6: CM3p & A2D2 analysis on
MonoRCNN+TF [70] 11.37 10.79 4.28 4.05  KITTI val. using AP (in %, T, “Car”)
. 3D|R40 s s
MonoUNT 31] 10.98 10.38 3.20 3.04 . ,
MonoXiver-GUPNet [50]  11.47 10.67 — — & median depth error (MDE, in %, |).
MonoXiver-DEVIANT [50] 11.88 11.06 — — ; ; _
pDOML 9] 104 580 2.50 2.84 Conﬁguratlon lis YOLOle M3D B (our
MonoAux [42] 9.82 9.25 3.92 3.57 baseline); config. 5 is LeAD-M3D B.
NF-DVT [60] 11.32 11.24 2.76 2.64
MonoLSS [43) 13.49 13.12 3.71 3.27
SSD-MonoDETR [25] 11.83 11.34 [4.54 4.12 CMap| APYS] T
GroundMix [59] 11.89 1050 3.10 273 Config. A2D2 3D 3D|R40 MDE |
MonoCD [82] 11.62 11.14 3.85 3.50 2D 3D |Easy Mod. Hard|® ™
MonoDGP [63] 12.36 11.71 4.28 4.00
1 v 25.68 19.60 17.47| 61

LeAD-M3D N (Ours) 12.14 10.73 2.96 2.61 o v v |26.26 20.43 17.71| 60
LeAD-M3D S (Ours) 13.24 12.08 3.53 3.11
LeAD-M3D M (Ours) 14.55 12.86 3.98 3.51 3 VS 27.12 21.81 19.34| 57
LeAD-M3D B (Ours) 15.04 13.29 4.29 3.78 4 v v |26.34 21.49 19.12| 57
LeAD-M3D X (Ours) 160461454822 5 (full) v/ v/ |28.44 22.65 19.87| 56

4.3 Analyzing LeAD-M3D

We conduct multiple analyses and ablations to demonstrate the effectiveness of
our key contributions. We report results using the KITTT [22] validation and use
LeAD-M3D B if not noted differently. Further analyses are in the supplement.

Main Analyses. Table |§| analyzes both A2D2 and CM3p w.r.t. the detection
accuracy. Starting from our baseline (YOLOv10-M3D B), adding 3D cues in
CM3p (config. 2) improves the AP (Moderate) by 0.83 % and the depth error by
1cm. Adding distillation using A2D2 (config. 5) further improves the accuracy
by 2.22% in AP (Mod.) and significantly reduces the depth error by 4 cm w.r.t.
configuration 2. These results demonstrate that the A2D2, our core contribution,
is the key driver to strong detection and depth accuracy of LeAD-M3D. Still,
both A2D2 and CMj3p improve the accuracy independently of each other (cf.
config. 2, 3 & 4 in Tab. @

A2D2 Ablation. In Tab. [7] we ablate individual components of our A2D2
approach in detail by removing or adding specific components from our full
configuration (LeAD-M3D B). Distilling backbone features instead of depth fea-
tures yields a reduced AP (Mod.) by 0.35 %, confirming that depth features are



Table 7: Detailed A2D2 ablation on
KITTI |22| validation using car category
APgb7|R40 (in %) and model size B. We
ablate the key components of A2D2 and
report results without A2D2 for reference.
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Table 9: Runtime analysis of CGIsp
on KITTI [22| validation using car cate-
gory APgS‘MO (in %), model size N, and
single image inference. Ch. denotes the
number of regression head channels. Time

is reported in ms.

Method Easy 1t Mod. 1 Hard 1
LeAD-M3D B (Ours) 28MANR2EIIOET) CGIsp Ch.|APJ g, 7| GFLOPs | Time |
w/ backbone features 27.56  22.30 19.82
w/o quality indicator 27.79 22.28 19.63 128 18.33 81.0 16.2
w/o importance indicator 27.33 22.04 19.37 v 128 18.33 19.5 10.9
w/ online self-distillation 27.45 21.80 19.57 64 18.38 15.8 15.5
1 i 27.19  21.57 19.27 . o -
w/o clean images v 64 ‘ 18.38 ‘ 14.2 8.2
Ours w/o A2D2 26.26 20.43 17.71

Table 8: A2D2 augmentation anal-
ysis. We analyze different augmenta-
tion strategies for distillation on the
KITTI |22| validation set using our B
model and report Car Moderate AnglR40
in %. For reference, we also report results
without distillation (w/o A2D2).

Table 10: Analysis of augmentation
difficulty. We measure teacher (LeAD-
M3D X w/o A2D2) depth error (in cm, |)
on augmented KITTI [22] val. sets. MixUp
induces the highest error, providing an ef-
fective asymmetry for distillation.

Augmentation strategy Depth Error (cm) |

Augmentation strategy Car Ang|R4o T Mean Median
LeAD-M3D w/o A2D2 20.43 No aug. (KITTI val.) 118 59
RandAugment [15] 21.10 RandAugment [15] 129 62
CutMix [89] 22.28 CutMix [89) 137 66
MixUp [90] 22.65 MixUp [90] 167 75

a more effective KD target than generic backbone features. Removing quality
and importance indicators reduces AP (Mod.) by 0.37% and 0.61 %, respec-
tively. Performing online, i.e., distilling during initial supervised training, in-
stead of offline distillation, reduces AP (Mod.) by 0.85 %. This is likely because
the strongest distillation targets emerge only late in training, coinciding with the
learning rate decay necessary for depth convergence. Finally, feeding the teacher
the same MixUp image as the student, i.e., removing asymmetry from augmen-
tations, yields a drop in AP (Mod.) of 1.08 %, demonstrating that augmentation
asymmetry/denoising is beneficial for effective distillation.

Runtime Analysis. In Tab.[] we analyze the effect of CGI3p on the inference
efficiency and accuracy of LeAD-M3D N. In particular, we analyze our two core
modifications of the baseline (YOLOv10-M3D): First, applying CGIsp during
inference, and second, reducing the head channels from 128 to 64. Applying
CGI3p significantly reduces the runtime by two-thirds and FLOPs by about
75 %, while retaining the accuracy. Reducing head channels further improves
the runtime by 0.7 ms and FLOPs by ca. 40 %.The AP remains about the same.
Together, our modifications significantly improve inference efficiency without
sacrificing accuracy. Please see the supplement for additional results and insights.
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Ours
Ours

i
B 0
R ;

Fig. 5: Qualitative results on the KITTI val. set. We visualize LeAD-M3D X’s
predictions in 2D (left) and compare LeAD-M3D X to our baseline (YOLOv10-M3D
X) in the bird’s eye view (BEV) (right). LeAD-M3D X achieves more accurate depth
estimates than our baseline (YOLOv10-M3D X). We highlight improved detections.
Best viewed in color; zoom in for details. BEV color coding: Ground truth =, YOLOv10-
M3D X M, LeAD-M3D X M, and field of view

Ours
Ours

=]

ad

Augmentation Strategies for A2D2. A2D2 enables the student to improve
the accuracy by artificially complicating the student’s task. A key component
during this distillation is the data augmentation strategy, which introduces asym-
metry and requires denoising. To analyze the effectiveness of MixUp in A2D2,
we report results with different augmentation strategies in Tab. 8] In particular,
we perform distillation with MixUp [90], CutMix [89], and RandAugment
(omitting geometric transforms). MixUp outperforms both CutMix and Ran-
dAugment. Still, all augmentation strategies improve over performing no distil-
lation, demonstrating the general effectiveness of A2D2.

To further analyze why A2D2 is effective, we generate augmented versions
of the KITTI validation set. In particular, we utilize different augmentation
strategies (i.e., MixUp, CutMix, and RandAugment) to generate augmented
validation sets. On these augmented validation sets, we report the depth error
using LeAD-M3D X w/o A2D2 in Tab. All augmentation strategies lead to
an increased depth error over the error on the clean validation set (no aug.),
while MixUp leads to the largest depth error. This shows that augmentations
effectively introduce an information asymmetry, i.e., complicating the student’s
objective. As demonstrated by the results in Tabs. [7]and [§] the student benefits
from the large asymmetry introduced by MixUp, leading to increased detection
accuracy and depth reasoning.

4.4 Qualitative Results

In Fig. 5] we show qualitative results on the KITTI validation set. Compared
to the baseline, LeAD-M3D’s detections entail noticeably more accurate depth
estimates. The improvements are particularly pronounced for moderate- and
far-range objects, where estimating depth is especially challenging. For more
qualitative results, please refer to the supplement.
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w/o denoise & distill. w/ denoise & distill.

Fig. 6: Saliency analysis. Integrated gradients |72| w.r.t. object depth (left bottom
car) on KITTI val. Without denoising & distillation (middle), saliency attends to noisy
background regions. With both (right), saliency concentrates on the object.

4.5 Understanding Denoising and Distillation.

Our approach combines denoising and distillation (¢f. Fig.[2]) to obtain accurate
3D detections. However, both components entail different mechanistic properties.
MixUp-based denoising increases detection difficulty (cf. Tab. , thereby using
annotations more effectively. Denoising also acts as a regularizer, forcing the
student to rely on robust and MixUp-invariant cues, e.g., object structure, rather
than noisy background structure, as demonstrated qualitatively in Fig.[6}] Depth
feature distillation by A2D2 acts as an effective guidance signal for denoising
(¢f. Tab. . Together, denoising and distillation enable the student to improve
3D reasoning and detection accuracy.

5 Conclusion

We presented a real-time monocular 3D detection framework that employs asym-
metric augmentation denoising distillation, 3D-aware matching, and confidence-
gated inference. Our LeAD-M3D model family establishes a new accuracy-effi-
ciency Pareto frontier for M3D, without using LiDAR supervision, stereo, or
perspective geometric assumptions/inputs (e.g., height-depth consistency as-
sumption or ground-plane input). LeAD-M3D achieves robust accuracy across
viewpoints and datasets while also demonstrating strong domain generalization.
While we focus on the supervised setting, our distillation could extend to semi-
supervised settings, providing an avenue for scaling M3D.
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