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Abstract

Monocular 3D object detection is a cost-effective solution for
applications like autonomous driving and robotics, but re-
mains fundamentally ill-posed due to inherently ambiguous
depth cues. Recent DETR-based methods attempt to mitigate
this through global attention and auxiliary depth prediction,
yet they still struggle with inaccurate depth estimates. More-
over, these methods often overlook instance-level detection
difficulty, such as occlusion, distance, and truncation, lead-
ing to suboptimal detection performance. We propose Mon-
oDLGD, a novel Difficulty-Aware Label-Guided Denoising
framework that adaptively perturbs and reconstructs ground-
truth labels based on detection uncertainty. Specifically, Mon-
oDLGD applies stronger perturbations to easier instances
and weaker ones into harder cases, and then reconstructs
them to effectively provide explicit geometric supervision. By
jointly optimizing label reconstruction and 3D object detec-
tion, MonoDLGD encourages geometry-aware representation
learning and improves robustness to varying levels of object
complexity. Extensive experiments on the KITTI benchmark
demonstrate that MonoDLGD achieves state-of-the-art per-
formance across all difficulty levels.

Code — https://github.com/lsy010857/MonoDLGD

Introduction
Monocular 3D object detection aims to estimate the 3D loca-
tion, size, and orientation of objects using a single RGB im-
age. Owing to its low cost, ease of deployment, and compat-
ibility with high-resolution images, it has become an attrac-
tive solution for applications such as autonomous driving,
robotics, and augmented reality. However, unlike LiDAR-
based (Liu et al. 2024a; Wang et al. 2023; Lang et al. 2019)
or stereo-based (Chen et al. 2022; Guo et al. 2021; Li, Chen,
and Shen 2019) methods, monocular approaches inherently
suffer from a lack of depth cues, rendering 3D geometry es-
timation fundamentally ill-posed.

Recent advances in monocular 3D object detection
have been driven by the adaptation of Transformer-
based architectures, particularly the DEtection TRansformer
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Figure 1: Depth-Centric Detection: Elevating Depth and
BEV Accuracy via MonoDLGD. (a) Depth estimation ac-
curacy using MAE on the KITTI validation set for Mon-
oDGP (Pu et al. 2025), MonoDGP with our 3D-DAB, and
ours. (b) BEV visualization. MonoDLGD achieves more ac-
curate and robust detection across varying object distances,
highlighting its improved geometric understanding.

(DETR) (Carion et al. 2020), originally developed for 2D
object detection. MonoDETR (Zhang et al. 2023) first in-
troduces DETR into monocular 3D detection, moving be-
yond CenterNet-based approaches (Ma et al. 2021; Yang
et al. 2022; Zhang, Lu, and Zhou 2021) that focus on lo-
cal features. By leveraging the global attention mechanism
of Transformers, it effectively captures spatial and depth re-
lationships between objects. To compensate for the absence
of explicit depth cues, MonoDETR (Zhang et al. 2023) and
MonoDGP (Pu et al. 2025) incorporate auxiliary depth pre-
diction heads, injecting geometric priors into the detection
pipeline. However, since the depth estimation relies solely
on a single image, these methods remain constrained by the
ill-posed nature of monocular images, which limits the ac-
curacy of depth prediction. As illustrated in Figure 1, this
inherent limitation results in considerable errors in 3D ob-
ject localization.

MonoMAE (Jiang et al. 2024) attempt to improve robust-
ness to occlusion by masking and reconstructing object fea-
tures based on their depth levels, thereby enabling better 3D
representation learning for partially visible objects. While
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effective to some extent, its difficulty modeling is limited
to isolated factors such as occlusion status or depth range.
In monocular settings, however, detection difficulty arises
from a combination of factors including object scale, dis-
tance, truncation, and occlusion. Ignoring this multi-factor
complexity can degrade both training stability and represen-
tation quality (Zhang, Lu, and Zhou 2021; Jiang et al. 2024).

To address the fundamental limitations of monocular 3D
detection, we propose Difficulty-Aware Label-Guided De-
noising (MonoDLGD), a novel framework that injects adap-
tive perturbations into ground-truth labels and learns to re-
construct them, providing explicit geometric supervision
during training. Unlike prior DETR-based methods (Zhang
et al. 2023; Pu et al. 2025; Jiang et al. 2024), our approach
directly operates on 3D ground truth labels, enabling more
stable and geometry-aware representation learning. Mon-
oDLGD introduces two key components: (1) a denoising
strategy that perturbs and reconstructs ground-truth labels
containing rich 3D information, and (2) a difficulty-aware
perturbation (DAP) mechanism that modulates the strength
of perturbations based on instance-level detection difficulty.
Together, these components guide the model to learn robust
geometric representations across objects with diverse com-
plexities, with only a marginal inference-time overhead.

Specifically, MonoDLGD perturb ground-truth labels
such as projected bounding boxes and depths during training
and learns to reconstruct them via a shared decoder, as illus-
trated in Fig. 2 (b). This denoising process provides strong
supervision signals that help the model better understand
3D structure from monocular cues. To further enhance this
effect, we introduce 3D Dynamic Anchor Box (3D-DAB),
which embeds spatial priors (object projections and depths)
into the queries, tightly aligning it with the perturbed label
representations in the decoder. The reconstruction of these
perturbed labels enables the decoder to transfer geometric
signals into the detection pipeline more effectively.

Crucially, not all objects are equally difficult to detect
in monocular settings. Small, distant, or occluded instances
present greater ambiguity, and applying uniform perturba-
tions may degrade their structural signals. To address this,
MonoDLGD estimates instance-wise uncertainty as a proxy
for detection difficulty and adaptively scales perturbation
strength. Hard instances receive weaker perturbations to pre-
serve their geometry, while easier ones are perturbed more
aggressively. This difficulty-aware strategy promotes stable
and discriminative feature learning across varying levels of
complexity, ultimately improving 3D detection accuracy.

Our main contributions are as follows:

• We propose Difficulty-Aware Label-Guided Denoising
(MonoDLGD), which introduces label perturbation and
reconstruction guided by prediction uncertainty, effec-
tively leveraging explicit geometric supervision.

• We show that modeling instance-level uncertainty
alone substantially improves detection accuracy, high-
lighting the importance of uncertainty-aware denoising
in monocular 3D object detection.

• Our method achieves state-of-the-art performance on
the KITTI benchmark without any additional inference
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Figure 2: Structural Comparison with MonoDGP (Pu et al.
2025). Our method introduces 3D-DAB queries to encode
spatial priors and explicitly provides 3D geometric super-
vision by reconstructing perturbed label queries within a
shared decoder.

overhead, as the difficulty-aware pertubation and recon-
struction are confined to the training phase.

Related Work
Monocular 3D Detection with Transformers
Recent advances in monocular 3D object detection have
been largely driven by Transformer architectures, which bet-
ter capture global context and long-range dependencies than
CNN-based approaches (Ma et al. 2021; Yang et al. 2022;
Zhang, Lu, and Zhou 2021). MonoDETR (Zhang et al. 2023)
introduced the first DETR-style monocular 3D detector with
a depth-guided transformer, using a predicted depth map and
depth-aware decoder to incorporate global context. Mon-
oDGP (Pu et al. 2025) further improved transformer de-
tectors by decoupling 2D and 3D query streams and intro-
ducing perspective-invariant geometry error priors to refine
depth estimation. Meanwhile, MonoMAE (Jiang et al. 2024)
tackled occlusion via a depth-aware masked autoencoder:
it masks parts of object queries and learns to reconstruct
them, thereby handling heavily occluded objects. However,
these methods inherently suffer from ill-posed geometric
constraints, as depth estimation relies solely on a single im-
age. Moreover, they tend to overlook instance-level chal-
lenges such as occlusion, distance, and truncation, leading
to unstable training and degraded 3D representation quality.

Denoising Strategies for Object Detection
Denoising has recently emerged as an effective technique
to stabilize training and enhance detection performance,
especially for Transformer-based detectors. DN-DETR (Li
et al. 2022a) introduced denoising to DETR by perturb-
ing ground-truth boxes and training the model to recon-
struct them, significantly accelerating training convergence
and reducing instability during bipartite matching. This ap-
proach has been further improved by DINO (Zhang et al.
2022), which introduced contrastive denoising by leverag-
ing noisy queries to explicitly model positive and nega-
tive query pairs, further enhancing detection accuracy and
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(a) Overall architecture of MonoDLGD
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Figure 3: Overview of the proposed MonoDLGD: (a) MonoDLGD adopts a two-stage architecture after extracting the encoder
feature fEnc containing depth and visual features. Stage 1 (red arrows) performs Difficulty-Aware Perturbation (DAP) by first
estimating the uncertainty of bounding box (σl, σt, σr, σb) and depth (σd) attributes and then adaptively perturbing the label
queries based on the estimated uncertainties. Stage 2 (blue and green arrows) feeds both the perturbed label queries and the
3D-DAB queries into the decoder. (b) illustrates the internal components of label queries and 3D-DAB queries, all of which
share a common structure.

training stability. Denoising techniques have also been ex-
tended to 3D detection. ConQueR (Zhu et al. 2023) applies
denoising to LiDAR-based detectors by perturbing and re-
constructing voxel space queries to achieve sparse predic-
tions, and SEED (Liu et al. 2024b) adopts denoising in point
cloud-based DETR frameworks, enhancing detection accu-
racy and robustness. In this paper, we leverage a denoising
strategy to explicitly incorporate geometric supervision. Un-
like previous methods that apply uniform denoising, our ap-
proach directly injects adaptive perturbations into ground-
truth labels based on instance-level detection difficulty, en-
abling the model to stably learn robust 3D representations.

Uncertainty Estimation
(Kendall and Gal 2017) categorize uncertainty into aleatoric
uncertainty, which captures noise inherent in observations,
and epistemic uncertainty, which reflects uncertainty in
model parameters. Aleatoric uncertainty has been widely
explored in object detection (Choi et al. 2019; Chen et al.
2020; He et al. 2019; Zhang, Lu, and Zhou 2021): Gaus-
sian YOLOv3 (Choi et al. 2019) models bounding boxes as
Gaussian distributions to quantify localization uncertainty,
which helps to rectify detection scores and reduce false pos-
itives. (He et al. 2019) predict bounding boxes as Gaus-
sian distributions and utilize KL divergence as the regres-
sion loss, explicitly accounting for aleatoric uncertainty to
achieve accurate object detection. MonoPair (Chen et al.
2020) leverages uncertainty to weight pair-wise geometric
constraints during post-processing optimization, improving
detection stability and accuracy. MonoFlex (Zhang, Lu, and
Zhou 2021) models uncertainties of depth estimates from
multiple predictors, using aleatoric uncertainty to adaptively
combine depth from direct regression and keypoint-based
geometry, significantly improving localization accuracy. In

this paper, we leverage aleatoric uncertainty to enhance both
training stability and representation quality in monocular 3D
object detection. We incorporate this uncertainty into the de-
noising process for both 2D bounding box and depth super-
vision and use it to guide the adaptive perturbation strength
in our difficulty-aware label-guided denoising framework.

Method
Motivation and Overview
Existing DETR-based monocular 3D object detectors, such
as MonoDETR (Zhang et al. 2023) and MonoDGP (Pu et al.
2025), leverage auxiliary foreground depth maps to allevi-
ate depth ambiguity but still fundamentally suffer from the
ill-posed nature of monocular geometry. These methods also
uniformly treat all objects during training, overlooking key
difficulty factors such as object size, distance, occlusion, and
truncation. MonoMAE (Jiang et al. 2024) partially addresses
these issues via occlusion-aware masking, but its consid-
eration of detection difficulty remains limited to occlusion
alone, neglecting other critical complexity factors.

We propose MonoDLGD, a novel framework that lever-
ages rich geometric information from ground-truth labels
and explicitly models instance-level detection difficulty.
Fig. 3 illustrates the overall architecture of MonoDLGD,
consisting of a backbone, 3D detection encoder, and 3D
detection decoder. Following prior DETR-based architec-
tures (Pu et al. 2025; Zhang et al. 2023), the encoder layer
is composed of self-attention layers followed by feedfor-
ward layers, while the decoder conducts self-attention across
queries and cross-attention between encoder-generated fea-
tures and queries.

MonoDLGD adopts a two-stage architecture utilizing the
3D detection decoder. In Stage 1, label queries are passed
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through the decoder and two prediction heads to estimate de-
tection uncertainty for projected bounding boxes and depth
attributes. Based on the estimated uncertainty, Difficulty-
Aware Perturbations (DAP) are applied to generate per-
turbed label queries.

This strategy facilitates robust learning by adapting per-
turbation strength to instance-level difficulty. In Stage 2,
the perturbed label queries from Stage 1 and the 3D-DAB
queries, which explicitly embed spatial priors, are jointly
fed to the decoder. The decoder simultaneously performs
perturbation reconstruction and 3D object prediction, effec-
tively leveraging instance difficulty and geometric priors to
enhance monocular 3D detection.

3D-Dynamic Anchor Box (3D-DAB)
MonoDLGD initializes queries in the detection decoder as
3D-DAB, which explicitly encodes spatial priors rather than
using arbitrary learnable embeddings. Inspired by DAB-
DETR (Liu et al. 2022), our 3D-DAB extends dynamic an-
chor boxes to monocular 3D detection by incorporating pro-
jected geometry and class semantics. Each query in the 3D-
DAB set QDAB = {qi|i = 1, ..., N}, where N denotes the
number of 3D-DAB queries in a mini-batch, is defined as

qi = [bproji , di, ci] ∈ R7+C , (1)

where bproj = [xproj , yproj , ol, ot, or, ob] ∈ R6 denotes
the bounding box projected onto the normalized 2D image
plane, d ∈ R is the depth, and c ∈ RC is the class embed-
ding for C object categories. The projected bounding box
bproj consists of the center coordinates (xproj , yproj) and
the distances (ol, ot, or, ob) from this center to each of the
four sides. Here, the superscripts l, t, r, b correspond to the
direction from the projected center to each side (left, top,
right, bottom) of the bounding box.

By directly encoding the geometric correspondence be-
tween the 2D image plane and 3D object space through pro-
jected bounding boxes, 3D-DAB constrains the search space
to geometrically meaningful regions, rather than relying on
arbitrary learnable embeddings. This significantly reduces
detection ambiguity and facilitates more accurate and robust
monocular 3D object detection (Liu et al. 2022). By embed-
ding these explicit spatial priors into the query representa-
tion, 3D-DAB enables the model to localize objects in 3D
space more effectively.

Difficulty-Aware Perturbation (DAP)
To address the limited geometric cues and diverse instance
difficulty in monocular 3D detection, MonoDLGD intro-
duces the DAP strategy that computes instance-wise dif-
ficulty scores based on detector-estimated uncertainty and
adaptively scales the perturbation strength for each label
query, as shown in Fig. 3. Harder objects with higher un-
certainty receive smaller perturbations to preserve essential
geometric information, while easier objects are perturbed
more strongly to effectively regularize training. This results
in difficulty-adaptive perturbed label queries, which explic-
itly guide the model to learn geometry-aware representa-
tions through a reconstruction process. Since perturbation
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Figure 4: Difficulty-Aware Perturbation (DAP) for projected
bounding boxes. Objects with lower uncertainty (lower diffi-
culty scores) receives larger perturbations (e.g., yellow box).

and reconstruction are applied only during training, DAP in-
troduces negligible additional inference-time cost.

The perturbed label query set is denoted by QLP =
{q̃i|i = 1, ...,K}, where K denotes the number of objects
in a mini-batch. The proposed DAP consists of two stages:
(i) Difficulty score estimation and (ii) Difficulty-aware label
perturbation.

Difficulty Score Estimation Difficulty scores are com-
puted based on the estimation uncertainty of depth and pro-
jected bounding box for each instance. We estimate uncer-
tainty using ground-truth labels rather than label queries cor-
rupted with uniform noise, which often require careful hy-
perparameter tuning and may lead to unstable training dy-
namics. Ground-truth labels inherently encode object-level
geometry and supervision fidelity, offering a more stable and
reliable signal for uncertainty estimation. A detailed com-
parison with uniformly noised label queries is presented in
the supplementary material.

Specifically, as shown in Fig. 3, label queries, which con-
sist of the projected bounding box coordinates bproj , depth,
and one-hot class vector are first processed by the 3D de-
tection decoder in Stage 1. The resulting features are then
fed into two separate detection heads, the projected bound-
ing box head and depth head, to estimate the log-variance
uncertainties log(σv), where v ∈ {d, l, t, r, b}. The sub-
script i is omitted here for notational simplicity. Note that
the uncertainties of the projected bounding box are esti-
mated for (xl, yt, xr, yb), where (xl, yt) and (xr, yb) are
the top-left and bottem-right coordinates, instead of bproj =
(xproj , yproj , ol, ot, or, ob) used in 3D-DAB. This is be-
cause the latter would require additional uncertainty estima-
tion for the projection center xproj , yproj , complicating the
perturbation design.

To convert uncertainty into a certainty score, we compute
the inverse of the log-variance:

cv = exp(− log(σv)), v ∈ {d, l, t, r, b}. (2)

The resulting certainty values are then min-max normalized
to obtain a relative difficulty score ĉ ∈ [0, 1]:

ĉv =
cv − cvmin

cvmax − cvmin
, (3)
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where cvmin and cvmax represent the minimum and maximum
of the certainty c over entire training dataset. A higher ĉ indi-
cates greater prediction certainty. To ensure that normaliza-
tion captures the global distribution of prediction difficulties
throughout training, the minimum and maximum certainty
values are updated at each batch using an exponential mov-
ing average (EMA):

cvmin,t ← βcvmin,t−1 + (1− β)cvmin,t, (4)
where cvmin,t is the minimum certainty at iteration t, and β is
the momentum coefficient. cvmax,t is computed in the same
way. cvmin,0, cvmax,0 are initialized from the first mini-batch.

Difficulty-Aware Label Perturbation The computed
instance-wise difficulty score ĉvi for v ∈ {d, l, t, r, b} is sub-
sequently used as a perturbation scale factor. This perturba-
tion is independently applied to the depth d and the projected
bounding box coordinates b2D = [xl, yt, xr, yb].
(a) Projected Bounding box Perturbation:

Fig. 4 shows the overall procedure of the bounding box
perturbation. We inject perturbations into the bounding box
coordinates b2D = [xl, yt, xr, yb] using the computed diffi-
culty scores. Specifically, to calculate each coordinates per-
turbation scale, we independently sample a random sign s ∼
U{−1, 1} and multiply it by the difficulty score ĉ ∈ [0, 1],
the boundary distance [ol, ot, or, ob] and a bounding box per-
turbation scaling factor γb ∈ (0, 1). The resulting perturbed
coordinates b̃2D are computed as follows:
x̃v = CLIP(0,1)(x

v + ov · ĉv · sv · γb), v ∈ {l, r},
ỹv = CLIP(0,1)(y

v + ov · ĉv · sv · γb), v ∈ {t, b}.
(5)

CLIPa,b(x) = min(max(x, a), b) ensures that the per-
turbed bounding box remains within the normalized image
plane coordinates range [0, 1].

The perturbation is constrained within the range −1 <
ĉv · sv · γb < 1, so the perturbed coordinates satisfy x̃l <
x̃r and ỹt < ỹb. Through this approach, we ensure that the
perturbation scale of each b2D remains within the boundary
distances and satisfies the geometric constraints 0 ≤ x̃l <
x̃r ≤ 1 and 0 ≤ ỹt < ỹb ≤ 1 of a valid bounding box.
Alg. 1 shows the process of perturbing projected bounding
boxes.
(b) Depth Perturbation: The depth perturbation is per-
formed similarly to the bounding box perturbation. To de-
termine the depth perturbation scale, we multiply the depth
d by a randomly sampled sign sd ∼ U{−1, 1}, the depth
difficulty score ĉd ∈ (0, 1), and a depth perturbation scaling
factor γd ∈ (0, 1) as follows:

d̃ = d+ d · ĉd · sd · γd. (6)
(c) Class Perturbation: In monocular 3D object detection,
class information serves as a strong prior to constraining ob-
ject size and aspect ratio. Therefore, perturbing the class la-
bel during training can act as a useful form of regulariza-
tion. We adopt a label-flipping strategy where class labels
are randomly switched to another class with equal probabil-
ity. Unlike depth or bounding box perturbations, class per-
turbation is difficulty-agnostic and applied uniformly across
all instances. The final perturbed label query is defined as:

q̃i = [b̃i, d̃i, c̃i]. (7)

Algorithm 1: DAP for Projected Bounding Box

Input: bproj = (xproj , yproj , ol, ot, or, ob), (ĉl, ĉt, ĉr, ĉb)
Reparameterize
bproj → b2D = (xl, yt, xr, yb)
xl = xproj − ol, yt = yproj − ot

xr = xproj + or, yb = yproj + ob

Difficulty-Aware Label Perturbation
for each coordinate v ∈ {l, t, r, b} do

Sample random sign sv ∼ U{−1, 1}
Compute perturbation scale: ∆ = ov · ĉv · sv · γb

if v ∈ {l, r} then
Update coordinate: x̃v = CLIP(0,1)(x

v +∆)
else if v ∈ {t, b} then

Update coordinate: ỹv = CLIP(0,1)(y
v +∆)

end if
end for
Obtain perturbed box: b̃2D = (x̃l, ỹt, x̃r, ỹb)
Inverse-Reparameterize
b̃2D → b̃proj = (x̃proj , ỹproj , õl, õt, õr, õb),
where (x̃proj , ỹproj) are the center coordinates of the
reparameterized perturbed bounding box b̃2D.
Output: Perturbed projected bounding box b̃proj

Difficulty-Aware Reconstruction
The perturbed label queries QLP = {q̃i|i = 1, ...,K}, gen-
erated through DAP, are fed into the 3D detection decoder
along with the 3D-DAB queries QDAB = {qi|i = 1, ..., N}.
K and N are the number of objects in a mini-batch and the
number of 3D anchor queries, respectively. Both query sets
share the same detection heads (projected Bbox, depth, cat-
egory), as shown in Fig. 3. Additionally, both the projected
bounding box head and the depth head estimate the uncer-
tainty of each corresponding attribute.

The decoder is supervised by (i) reconstructing original
labels from QLP and (ii) detecting objects from QDAB .
Since the perturbed label query q̃i has a known corre-
sponding ground truth label, Hungarian matching is not
required for reconstruction loss (Lrecon). For reconstruct-
ing the projected bounding box and depth, we employ the
Laplacian aleatoric uncertainty loss, enabling uncertainty-
adaptive training:

Ld
recon =

K∑
i=1

(√
2

σd
i

||dgt,i − drecon,i||1 + log(σd
i )

)
, (8)

Lbbox
recon =

K∑
i=1

( ∑
v∈{l,r}

(

√
2

σv
i

∥∥xv
gt,i − xv

recon,i

∥∥
1
+ log(σv

i ))

+
∑

v∈{t,b}

(

√
2

σv
i

∥∥yvgt,i − yvrecon,i
∥∥
1
+ log(σv

i ))

)
(9)

where (xgt, ygt) and (xrecon, yrecon) represent ground truth
and reconstructed coordinates of reparameterized projected
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bounding boxes, respectively. Class reconstruction utilizes
standard cross-entropy loss.

The overall reconstruction loss is defined as:

Lrecon = λbboxL
bbox
recon + λdL

d
recon + λclsL

cls
recon, (10)

where λ denotes the weighting factor to balance losses. Our
proposed module can be easily integrated as a plug-in into
existing DETR-based 3D object detectors, introducing neg-
ligible additional inference-time computational overhead as
perturbation and reconstruction occur only during training.

Loss Function
The overall training objective comprises the label recon-
struction loss Lrecon and the detection loss Ldet adopted
from baseline methods. For predictions from the 3D-DAB
queries, we perform Hungarian matching with ground truth
labels, and then apply the same loss function as Mon-
oDGP (Pu et al. 2025) for orientation, 3D size, 2D projected
bounding box, depth, and class:

L = Lrecon + Ldet. (11)

Experiments
Experimental Setup
Dataset We evaluated our method on the KITTI 3D object
detection benchmark (Geiger, Lenz, and Urtasun 2012), a
widely used dataset in monocular 3D detection. The dataset
contains 7,481 training images and 7,518 testing images, and
provides annotations for three object categories (Car, Pedes-
trian, and Cyclist). Each object is further classified into three
difficulty levels (Easy, Moderate, Hard). Following the com-
mon protocol established in (Chen et al. 2015), we split the
7,481 training images into 3,712 for training and 3,769 for
validation.

Evaluation Metrics We reported results across the three
difficulty levels (Easy, Moderate, Hard) using Average Pre-
cision (AP) for 3D bounding boxes AP3D and bird eye view
projection APBEV . These metrics are computed over 40 re-
call positions in accordance with the official KITTI proto-
col (Simonelli et al. 2019). All methods were ranked based
on the Moderate AP3D score for the Car category.

Implementation Details Our method is implemented on
top of MonoDGP (Pu et al. 2025), which employs ResNet-
50 (He et al. 2016) as the backbone network. The loss
for detection Ldet follow the MonoDGP setup. We con-
ducted both main and ablation experiments based on the
MonoDGP-based implementation. The model was trained
for 250 epochs using the Mixup3D (Li, Jia, and Shi 2024)
strategy following (Pu et al. 2025). The batch size and ini-
tial learning rate were set to 8 and 2 × 10−4, respectively.
The AdamW optimizer (Loshchilov and Hutter 2018) was
used with a weight decay of 10−4 and the learning rate de-
cayed by a factor of 0.5 at epochs 85, 125, 165, and 225.
Training was conducted on an NVIDIA RTX A6000. During
inference, we discarded queries with category confidence
scores fall below 0.2. In addition, we applied our method to
a MonoDETR-based implementation. Training follows the
same setup as MonoDGP.

Main Results
We evaluated our proposed method, implemented on top of
the MonoDGP (Pu et al. 2025) architecture. Table 1 reports
results on the KITTI 3D test set, evaluated using the offi-
cial online server (Geiger, Lenz, and Urtasun 2012) for fair
comparison. To facilitate better learning of 3D geometric
information from objects with varying levels of difficulty,
our method introduces a difficulty-aware label-guided de-
noising strategy. As shown, MonoDLGD achieves state-of-
the-art performance across all difficulty levels, without rely-
ing on any additional training data. Compared to the Mon-
oDGP baseline, MonoDLGD significantly improves APR40

3D
by +2.76 (Easy), +1.15 (Moderate), and +1.77 (Hard) on
the test set. These consistent gains demonstrate that Mon-
oDLGD effectively enhances 3D geometric reasoning in
monocular settings, especially under challenging conditions
such as occlusion, truncation, and depth ambiguity.

To further evaluate the versatility of our approach,
we integrated MonoDLGD into the MonoDETR (Zhang
et al. 2023) architecture without modifying its core design.
Specifically, we applied our label denoising strategy in con-
junction with 3D-DAB queries. As shown in Table 2, this in-
tegration yields consistent improvements. These results sug-
gest that our method can serve as a complementary com-
ponent to existing DETR-based monocular 3D detection
pipelines, potentially benefiting a broader range of architec-
tures with similar formulations.

Ablation Study
Efficiency Comparison Table 2 compares the inference
time on the KITTI validation set. All methods were eval-
uated under the same computational environment using a
single NVIDIA Titan RTX GPU with a batch size of 1 to
ensure fair comparison. The average inference time per im-
age for MonoDGP (Pu et al. 2025) and MonoDETR (Zhang
et al. 2023) is 42.4 ms and 35.2 ms, respectively. When inte-
grated with the proposed method, the inference time remains
nearly unchanged. The training time increases slightly due
to the added perturbation and reconstruction operations in
Stage 1 (see Fig. 3), which are applied only during training.
A detailed analysis is provided in the supplementary.

Effectiveness of Label-Guided Denoising with 3D-DAB
and DAP Table 3 presents an ablation study evaluating
the core components of MonoDLGD framework. Starting
from the MonoDGP baseline (a), simply replacing anchor
queries 3D-DAB (b) slightly degrades performance due to
the lack of accompanying supervision despite encoding spa-
tial priors. However, combining 3D-DAB with uniform la-
bel perturbation (c) yields immediate performance gains,
demonstrating that label-guided denoising enhances 3D ge-
ometric learning by providing explicit supervision to the
anchor queries. Further gains are achieved by introducing
Difficulty-Aware Perturbation (DAP) based on predictive
uncertainty, i.e. (d) vs. (e). Unlike the uniform noise scheme
of DN-DETR (Li et al. 2022a), DAP adaptively regularizes
easy instances while preserving the geometric structure of
hard examples. Overall, while 3D-DAB provides strong ge-
ometric supervision for monocular 3D detection, DAP en-
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Table 1: Comparisons on the KITTI test and validation sets (Car category). We bold the best results and underline the
second-best results.

Test, APBEV |R40 Test, AP3D|R40 Val, APBEV |R40 Val, AP3D|R40Methods Extra data Reference
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard

MonoDTR (Huang et al. 2022) CVPR 2022 28.59 20.38 17.14 21.99 15.39 12.73 33.33 25.35 21.68 24.52 18.57 15.51
DID-M3D (Peng et al. 2022) ECCV 2022 32.95 22.76 19.83 24.40 16.29 13.75 31.10 22.76 19.50 22.98 16.12 14.03
OccupancyM3D (Peng et al. 2024)

LiDAR

CVPR 2024 35.38 24.18 21.37 25.55 17.02 14.79 35.72 26.60 23.68 26.87 19.96 17.15
MonoPGC (Wu et al. 2023) ICRA 2023 32.50 23.14 20.30 24.68 17.17 14.14 34.06 24.26 20.78 25.67 18.63 15.65
OPA-3D (Su et al. 2023)

Depth
RAL 2023 33.54 22.53 19.22 24.60 17.05 14.25 33.80 25.51 22.13 24.97 19.40 16.59

DEVIANT (Kumar et al. 2022) ECCV 2022 29.65 20.44 17.43 21.88 14.46 11.89 32.60 23.04 19.99 24.63 16.54 14.52
MonoDDE (Li et al. 2022b) CVPR 2022 33.58 23.46 20.37 24.93 17.14 15.10 35.51 26.48 23.07 26.66 19.75 16.72
MonoUNI (Jinrang, Li, and Shi 2023) NeurlPS 2023 - - - 24.75 16.73 13.49 - - - 24.51 17.18 14.01
MonoDETR (Zhang et al. 2023) ICCV 2023 33.60 22.11 18.60 25.00 16.47 13.58 37.86 26.95 22.80 28.84 20.61 16.38
MonoCD (Yan et al. 2024) CVPR 2024 33.41 22.81 19.57 25.53 16.59 14.53 34.60 24.96 21.51 26.45 19.37 16.38
FD3D (Wu et al. 2024)

None

AAAI 2024 34.20 23.72 20.76 25.38 17.12 14.50 36.98 26.77 23.16 28.22 20.23 17.04
MonoMAE (Jiang et al. 2024) NeurlPS 2024 34.15 24.93 21.76 25.60 18.84 16.78 40.26 27.08 23.14 30.29 20.90 17.61
MonoDGP (Pu et al. 2025) CVPR 2025 35.24 25.23 22.02 26.35 18.72 15.97 39.40 28.20 24.42 30.76 22.34 19.02
Ours None 36.63 25.3 23.13 29.11 19.87 17.74 41.68 30.53 27.76 34.89 25.19 21.78
Improvement over Second-Best Method - +1.39 +0.07 +1.11 +2.76 +1.03 +0.96 +1.42 +2.33 +3.34 +4.13 +2.85 +2.76
Improvement over MonoDGP Baseline - +1.39 +0.07 +1.11 +2.76 +1.15 +1.77 +2.28 +2.33 +3.34 +4.13 +2.85 +2.76

Table 2: More results with computational cost. The
proposed method was implemented on top of Mon-
oDETR (Zhang et al. 2023) and MonoDGP (Pu et al. 2025).
* indicates results reproduced from the authors’ official
code. Performance was evaluated on the KITTI validation
set for Car category.

Method Val, APBEV |R40 Val, AP3D|R40 GFLOPs↓ Time
(ms)↓Easy Mod. Hard Easy Mod. Hard

MonoDETR* 36.38 26.19 22.29 27.34 19.33 16.04 59.7 35.2
+Ours 38.59 27.65 23.62 29.79 21.63 18.17 59.8 35.5

MonoDGP 39.40 28.20 24.42 30.76 22.34 19.02 69.0 42.4
+Ours 41.68 30.53 27.76 34.89 25.19 21.78 69.3 42.7

Table 3: Ablation on the KITTI val set (Car). (a) serves
as our baseline with the same architecture as MonoDGP (Pu
et al. 2025). UN indicates uniform noise ignores instance-
level detection difficulty, equivalent to DN-DETR (Li et al.
2022a). Lbbox

recon means the type of projected bounding box re-
construction loss. LU is Laplacian Uncertainty Loss adopted
in our method.

Idx 3D-DAB Perturb. Lbbox
recon

Val, APBEV |R40 Val, AP3D|R40
Easy Mod. Hard Easy Mod. Hard

(a) × × × 39.40 28.20 24.42 30.76 22.34 19.02

(b) O × × 36.85 26.72 23.21 27.82 20.64 17.78
(c) O UN L1 40.32 30.13 26.53 31.99 23.82 20.65
(d) O UN LU 41.16 30.31 26.54 33.82 24.7 21.19

(e): Ours O DAP LU 41.68 30.53 27.76 34.89 25.19 21.78

Table 4: Ablation study on denoising target configura-
tions on the KITTI validation set (Car category).

Denoising Setup Val, APBEV |R40 Val, AP3D|R40
Easy Mod. Hard Easy Mod. Hard

Baseline (MonoDGP) 39.40 28.20 24.42 30.76 22.34 19.02

Bbox (proj.) + Class 40.58 29.75 26.18 30.93 23.36 20.30
Bbox (proj.) + Class + Depth 41.68 30.53 27.76 34.89 25.19 21.78

ables more robust learning by adapting to instance-level dif-
ficulty.

Effectiveness of Uncertainty in Denoising We extend the
use of aleatoric uncertainty to the bounding box denoising
process. As shown in Table 3, this extension yields a no-
table performance improvement, i.e. (c) vs. (d). Incorporat-
ing uncertainty-aware estimation into the denoising process
helps the model downweight unreliable supervision from
hard or ambiguous objects, allowing it to focus on more
confident and informative signals. These results suggest that
aleatoric uncertainty provides a meaningful signal for mod-
eling instance-level detection difficulty in label denoising.

Effectiveness of Depth Information To evaluate the con-
tribution of depth information in our method, we conducted
an ablation study by excluding depth attributes from both
the label queries and the denoising process. As shown in
Table 4, applying our denoising strategy solely to the pro-
jected bounding boxes and class labels improves the moder-
ate APR40

3D from 22.34% to 23.36%, validating the effective-
ness of denoising core detection components. More impor-
tantly, further incorporating depth into the denoising process
yields a significant performance boost to 25.19%, highlight-
ing the importance of depth supervision in enhancing geo-
metric representation.

Conclusion
We have presented MonoDLGD, a novel framework for
monocular 3D object detection that introduces difficulty-
aware label-guided denoising via label perturbation and
reconstruction. By adaptively modulating perturbation
strength based on reconstruction uncertainty, our method ex-
plicitly incorporates geometric supervision and effectively
mitigates the ill-posed nature of monocular 3D object de-
tection. Furthermore, our uncertainty-aware estimation strat-
egy leads to consistent performance gains, highlighting the
importance of modeling instance-level uncertainty. Exten-
sive experiments on the KITTI benchmark demonstrate that
MonoDLGD consistently improves 3D detection perfor-
mance across all difficulty levels.
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