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B. Ill-Posedness of Monocular 3D Object De-
tection

In monocular 3D object detection, multiple plausible 3D
bounding boxes can explain the same 2D observation of an
object, even after eliminating infeasible solutions through
geometric modeling. For example, several methods [9, 13]
use approximate vehicle height, along with the assumption
that vehicles rest on the ground plane, to infer depth infor-
mation. However, inspired by previous works [6, 10, 12, 15,
22], our analysis below reveals that even a one-pixel change
in the image space can correspond to a wide range of depth
variations in the 3D world.

To better illustrate this phenomenon, we use a simple yet
realistic camera setting, where the optical axis is parallel to
the ground, to analyze the relationship between pixel po-
sitions in 2D image space and depth in 3D space. Based
on the pinhole camera model, we can estimate the vehicle
depth D from the focal length f , the vehicle height h ob-
served in the image, and the known vehicle height H in the
3D space:

D =
f ·H
h

(1)

If the observed 2D vehicle is 1 pixel taller, the estimated

depth D′ becomes:

D′ =
f ·H
h+ 1

(2)

The difference between these depth estimates is:

D −D′ =
f ·H
h

− f ·H
h+ 1

=
D2

f ·H +D
(3)

where we eliminate h and retain f ·H in the final formula
because h varies with the vehicle depth while f and H are
constants for a fixed camera and a specific vehicle.

When the vehicle is far from the camera, the term f ·
H becomes negligible compared to D, making the depth
difference approximately linear with D. This implies that
even a one-pixel change in the image space can correspond
to a wide range of depth variations in the 3D world.

C. More Analysis of Single-Point Prediction

When multiple plausible solutions exist for the same input,
single-point prediction tends to regress toward the mean of
these solutions. Below, we present a brief analysis of this
phenomenon. A more comprehensive discussion can be
found in the machine learning literature [1, 2, 17].

Let p(t,x) be the joint probability distribution of input
variables x and target variables t. In monocular 3D object
detection, x could be a 2D object observed in a monocular
image, t could be the 3D bounding box or position of the
object, and the conditional probability distribution p(t|x)
could be multimodal—meaning that the same 2D observa-
tion can correspond to multiple plausible 3D object config-
urations.

Let f(·;θ) be a single-point predictor (e.g., a neural net-
work) parameterized by θ. It takes an instance of x as in-
put and outputs an estimate of t. The training data consist
of pairs of input and target values sampled from p(t,x):
{(tn,xn) : n = 1, . . . , N}, where N is the number of
training samples.
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Method Car Ped. Cyc.
RoI 23.81 / 17.00 / 14.17 12.02 / 8.97 / 6.73 8.52 / 4.40 / 4.01

Central Window 23.68 / 17.04 / 14.12 11.39 / 9.09 / 6.82 8.06 / 4.22 / 3.84
Left Window 23.73 / 16.27 / 13.96 11.24 / 8.20 / 6.34 7.97 / 4.14 / 3.69

Top-right Window 22.54 / 15.87 / 13.61 10.39 / 7.50 / 6.02 9.05 / 4.61 / 4.12

Table 1. Comparison of predictions from different RoI regions
on KITTI Validation Set. Performance is reported in the format:
Easy/Moderate/Hard.

A common choice for the learning objective in regres-
sion problems is the ℓ2-norm loss:

1

2N

N∑
n=1

∥f(xn;θ)− tn∥22 (4)

In the limit of infinite training data, the ℓ2-norm loss be-
comes:

L =
1

2

∫ ∫
p(t,x)∥f(x;θ)− t∥22 dt dx (5)

Taking the derivative of L with respect to f(x;θ) and
setting it to zero, we obtain:

δL
δf(x;θ)

=

∫
p(t,x)(f(x;θ)− t) dt = 0 (6)

Rearranging this equation, the optimal single-point pre-
dictor is given by:

f∗(x;θ) =

∫
p(t|x)t dt (7)

which corresponds to the conditional mean of t given x.
If we replace the ℓ2-norm loss with the ℓ1-norm loss,

the optimal single-point predictor instead corresponds to the
conditional median of t given x. Notably, both the condi-
tional mean and conditional median may not correspond to
any mode of p(t|x), meaning that the predicted value may
not align with plausible solutions when the distribution is
multimodal. Tab. 1 compares AP from single-point predic-
tions using the RoI or individual windows, showing limited
performance variation among them.

D. More Analysis of Hypothesis Filtering
For highly uncertain objects, the precision of all hypotheses
is low, e.g., around 20% precision in the confidence interval
[0.1, 0.2]. In this case, retaining multiple hypotheses with
similar precision levels will increase the likelihood of in-
cluding accurate 3D bounding boxes without significantly
compromising precision. We first present a simple analysis
below and then show some empirical results.

Consider K hypotheses {Hk : k = 1, . . . ,K} after fil-
tering. Suppose each hypothesis Hk has a probability p of

Figure 1. Effect of multiple hypotheses on recall and precision.
For highly uncertain objects, retaining multiple (K) hypotheses
with similar precision levels p will increase the recall (solid lines)
without significantly compromising precision (dashed lines).

having sufficient overlap with the ground-truth 3D bound-
ing box. For single-point prediction, the expected num-
ber of true positives is p regardless of the chosen hypoth-
esis. Hence, the precision and recall are Psingle = p and
Rsingle = p, respectively. For multi-hypothesis prediction,
the expected number of true positives is 1 − (1 − p)K

with K hypotheses. Therefore, the precision and recall are
Pmulti =

1−(1−p)K

K and Rmulti = 1− (1− p)K , respectively.
Obviously, multi-hypothesis prediction yields a recall

improvement compared to single-point prediction Rmulti >
Rsingle: 1 − (1 − p)K > p. This inequality holds because
1−p > (1−p)K for p ∈ (0, 1). The plot of 1−p−(1−p)K

in Fig. 1 also confirms this claim. To characterize the
precision difference, we need to compare Psingle = p and

Pmulti = 1−(1−p)K

K . When p is close to 0, based on the
first-order Taylor expansion: (1 − p)K ≈ 1 − Kp, which
means Pmulti will be roughly p. This aligns with the plot of
p− 1−(1−p)K

K shown in Fig. 1.
To empirically validate the analysis, we conduct exper-

iments on the KITTI dataset, focusing on the performance
of uncertain objects under varying confidence ranges. As
can be seen in Fig. 2, we observe the same trend by evaluat-
ing the precision and recall changes using three hypotheses.
Compared to the single-point estimation approach, where
only one hypothesis is used, employing all three hypothe-
ses demonstrates a slight decrease in precision. However,
this minor precision drop was outweighed by a substan-
tial improvement in recall. From this perspective, multi-
hypothesis filtering also plays a role in enhancing the likeli-
hood of detecting accurate 3D bounding boxes, particularly
for uncertain objects. As a result, retaining multiple hy-
potheses demonstrates a practical trade-off, enhancing re-
call without significantly degrading precision.



(a) (b)

Figure 2. The trend of recall and precision in the confidence
ranges (a) [0, 0.1] and (b) [0.1, 0.2] on the KITTI dataset.

E. More Details of Base Detector and Imple-
mentation.

We adopt a common architecture of recent state-of-the-art
methods [3, 7, 9, 11, 19, 21] as a generic base detector. It
consists of a feature backbone, 2D detection heads, and 3D
detection heads.

Backbone and 2D Detection Heads. Taking as input
an image I ∈ RW×H×3, where W and H are the im-
age width and height, the backbone network (i.e., DLA34
[20]) produces a feature map F ∈ RW/4×H/4×C , where
C is the feature dimension. The feature map F is then
fed into three separate 2D detection heads, each predict-
ing specific outputs: a 2D heatmap H ∈ RW/4×H/4×B

where B is the number of categories, a 2D size map S2D ∈
RW/4×H/4×2 for bounding box dimensions, and a 2D off-
set map O2D ∈ RW/4×H/4×2 for positional adjustment. By
combining these predictions, the 2D bounding boxes can be
obtained. Finally, RoI-Align is applied to extract object fea-
tures F roi ∈ RN×M×M×C , where N is the number of RoIs,
and M ×M denotes the RoI region size.

3D Detection Heads. The RoI features F roi are passed
into 3D detection heads to estimate 3D bounding boxes.
These heads regress 3D sizes Sroi ∈ RN×3, orientations
Θroi ∈ RN×k×2 (using a multi-bin approach [9], with
k bins), and offsets for the 3D center projection O3D ∈
RN×2. Additionally, two heads respectively predict depth
maps Dpixel ∈ RN×M×M , and uncertainty maps U roi ∈
RN×M×M . The uncertainty U roi is converted to confidence
as Croi = σ(−U roi), where Croi ∈ RN×M×M .

MonoMH builds upon this base detector and intro-
duces three key innovations described in the paper: multi-
hypothesis prediction, multi-hypothesis learning, and hy-
pothesis filtering. We keep the depth estimate and super-
vision in the base detector for better performance.

Architectural Setup. The backbone model is initialized
with ImageNet weights, while the detection heads are ini-
tialized using the Xavier algorithm [4]. All feature dimen-
sions are set to 256, with each head’s output dimensions
varying based on the type of prediction (e.g., offset, size,
and orientation). For both datasets, we predict three fore-

KITTI GPU memory (GB) Time (ms/image) Model
Size (M)Train. Infer. Train. Infer.

Base detector 2.55 1.66 45.2 25.9 20.52
Ours 2.56 1.69 48.5 26.6 20.68

Table 2. Efficiency analysis. ‘Train.’ and ‘Infer.’ indicate training
and inference, respectively.

ground categories, excluding the ‘Sign’ class in the Waymo
dataset [5, 14]. In RoI Division, the uncertainty estimate is
scaled by -0.01 before being fed to a sigmoid function for
confidence prediction. This ensures that high uncertainty
results in low confidence and avoids being over-sensitive to
noisy uncertainty estimates.

Data Augmentation. During training, we apply hori-
zontal flipping with a probability of 0.5 and scale augmen-
tation with a factor of 0.4 [5, 7, 9]. For the KITTI dataset,
we additionally employ Mixup3D [7] with a mix proportion
of 0.5 to address its smaller training set size and prevent
overfitting.

Pre-processing. Following the conventional settings [5,
7, 11], KITTI images with a resolution of [370, 1242] and
Waymo images with a resolution of [1280, 1920] are resized
to [384, 1280] and [512, 768], respectively.

Training. For Waymo, we follow the settings in [5, 10],
including boxes with more than 100 LiDAR points for the
vehicle class and more than 50 LiDAR points for the cyclist
and pedestrian classes. Weight decay is set to 0.00001, and
the learning rate decays by a factor of 0.1 at the 120th and
160th epochs for the validation set, and at the 240th, 360th,
and 480th epochs for the test set. All loss terms are assigned
equal weights. In our configuration settings, training the
KITTI split set or the Waymo dataset takes approximately
18 hours, while training the full KITTI training set for test
set evaluation requires about 2 days.

Inference. We limit the maximum number of objects
per image to 50. For filtering, we discard 2D boxes with
category confidence lower than 0.2 for KITTI and 0.1 for
Waymo.

F. More Analysis of Efficiency Compared to
the Base Detector

Tab. 2 compares GPU memory usage, training time, infer-
ence time, and model size between our method and the base
detector. All evaluations are conducted on a single V100
GPU with a batch size of 1. MonoMH introduces minimal
computational overhead in terms of the network’s training,
inference, and model size compared to the base detector.

G. More Experimental Results and Analysis
Additional Analysis of Multi-hypothesis Prediction. Fig.
3 further verifies the diversity of hypotheses produced by



Figure 3. Distribution of mean depth differences between hy-
potheses generated by RoI Division within an RoI across three
depth ranges. RoI Division yields broader depth hypotheses for
farther (more ambiguous) objects.

Method Ped. (E/M/H) Cyc. (E/M/H)
Baseline 12.02/8.97/6.74 8.52/4.40/4.01
RoI Div., MH loss 14.84/10.96/8.48 9.65/4.80/4.35
RoI Div., MH loss, filtering 15.67/11.78/9.34 10.55/5.60/5.08

Table 3. Comparison of main contributions for the Pedestrian
and Cyclist categories. ‘RoI Div.’ means RoI Division, ‘MH loss’
means soft BoM loss, ‘filtering’ means hypothesis filtering. Per-
formance is reported in the format: Easy/Moderate/Hard. Detailed
ablation experiments for the Car category and alternative designs
are provided in the manuscript.

RoI Division. As distance increases, depth diversity in-
creases. This indicates that RoI Division generates broader
depth hypotheses to reflect depth ambiguity that far objects
exhibit.

Main Ablation Results on Other Categories. Tab. 3
shows main ablation results on ‘Pedestrian’ and ‘Cyclist’.
The soft BoM loss is used as the multi-hypothesis (MH)
loss, and the most confident hypothesis is retained from RoI
Division when hypothesis filtering is not applied. Note that
applying RoI Division without any multi-hypothesis loss is
meaningless. The results reconfirm the effectiveness of the
main contributions of MonoMH.

Comparison of Hypotheses Processing Methods on
Other Categories. To further validate our hypothesis fil-
tering strategy, we compare three ways to process hy-
potheses from RoI Division: confidence-weighted averag-
ing (‘Mean’), selecting the highest-confidence hypothesis
(‘Best’), and our uncertainty-based filtering (‘Filtering’),
which extracts multiple hypotheses when confidence is low,
on ‘Pedestrian’ and ‘Cyclist’. Our filtering strategy yields
the best results across all difficulties over the other methods,
reconfirming that keeping a small set of plausible hypothe-
ses under uncertainty is most effective.

Impact of Hyper-parameters. Tab. 5 shows the perfor-
mance of MonoMH under varying window sizes and num-
bers of hypotheses. The results demonstrate that MonoMH

Method Ped. Cyc.
Mean 14.69/10.60/8.64 8.21/4.29/3.80
Best 14.84/10.96/8.48 9.65/4.80/4.35

Filtering 15.67/11.75/9.34 10.55/5.60/5.08

Table 4. Comparison of hypotheses processing methods for the
Pedestrian and Cyclist categories. Performance is reported in the
format: Easy/Moderate/Hard.

w size # h Car Ped. Cyc.

2 × 2
5 27.61/19.86/16.93 14.75/10.82/8.63 9.45/4.92/4.36
9 27.89/20.32/17.43 14.85/10.94/8.64 10.00/5.26/4.74
16 27.41/20.00/17.05 14.55/10.62/8.36 9.11/4.86/4.36

3 × 3
5 27.61/19.86/16.93 14.75/10.82/8.63 9.45/4.92/4.36
9 28.13/20.91/18.02 14.99/11.14/8.85 10.06/5.38/4.85
16 27.67/20.20/17.33 14.45/10.47/8.27 8.78/4.57/4.20

4 × 4
5 28.63/21.15/18.20 15.21/11.27/8.90 10.53/5.49/5.05
9 28.94/21.53/18.43 15.67/11.78/9.34 10.55/5.60/5.08
16 28.11/20.63/17.67 15.11/11.18/8.83 9.36/4.94/4.51

5 × 5 5 28.67/20.97/18.11 15.02/11.39/8.96 10.91/5.70/5.30
9 28.14/20.46/17.48 15.09/11.34/8.98 10.76/5.79/5.29

Table 5. Impact of the window size and the number of hypothe-
ses. Performance is reported in the format: Easy/Moderate/Hard.

Method N=1,000 N=5,000 N=9,000
TP (↑) FP (↓) FN (↓) TP (↑) FP (↓) FN (↓) TP (↑) FP (↓) FN (↓)

MonoLSS 516 484 2,331 1,201 3,799 1,646 1,223 7,212 1,624
+ Ours 533 467 2,314 1,187 3,813 1,660 1,374 7,626 1,473

MonoDETR 490 510 2,357 1,316 3,684 1,531 1,351 6,407 1,496
+ Ours 516 484 2,331 1,216 3,784 1,631 1,509 7,491 1,338
Base. 513 487 2,334 1,182 3,818 1,665 1,204 7,130 1,643

MonoMH 553 447 2,294 1,195 3,805 1,652 1,357 7,643 1,490

Table 6. TP/FP/FN analysis for Car category at the Easy diffi-
culty. For each method, we keep the top-N detections on valida-
tion data and report TP/FP/FN for single prediction baselines and
their multi-hypothesis counterpart (‘+ Ours’). The total number of
ground truth detections on the validation data is 2,847.

is highly robust to these hyper-parameters and consistently
outperforms the baseline by a substantial margin. Since the
4 × 4 window with nine hypotheses provides reliable per-
formance, we adopt this setting for all other experiments
without category-specific tuning.

TP/FP/FN Analysis. Tab. 6 reports counts on KITTI
val for the ‘Car’ category at ‘Easy’ difficulty with fixed
detection budgets. For each method, we keep the global
top-N detections by confidence to compare the number of
TP/FP/FN. For the small number of detections, such as
1,000 and 5,000, our multi-hypothesis variants are better
or comparable to their single-prediction counterparts. As
the detection number increases (i.e., 9,000), they consis-
tently convert more detections into TP and reduce FN, in-
dicating that keeping multiple plausible modes helps re-
cover missed objects. Importantly, these gains come with
little FP inflation for MonoLSS and the Base detector (of-
ten slightly lower FP), while MonoDETR shows a modest
FP rise yet still improves TP and FN. Overall, the trend in-
dicates that MonoMH improves recall (safety) without sig-



nificantly sacrificing precision for strong baselines.

H. Qualitative Results
Qualitative Results on KITTI. The qualitative results in
Fig. 4 demonstrate the accuracy of our MonoMH predic-
tions (pink bounding boxes) in capturing the 3D positions
and dimensions of objects. MonoMH predicts a single 3D
bounding box that aligns well with the ground truth (green
boxes) in the Bird’s-Eye-View (BEV) space for certain ob-
jects that are nearby or not occluded. In contrast, for un-
certain objects, such as those heavily occluded or located
at a far distance where accurate prediction is challenging,
MonoMH predicts multiple bounding boxes, effectively in-
creasing the likelihood of capturing the correct bounding
box. The visualizations highlight MonoMH’s robustness in
providing reliable 3D localization for handling diverse en-
vironments.

Moreover, Fig. 5 illustrates MonoMH in dense urban
scenes, including all class categories. For confident objects
(typically nearer and unoccluded), MonoMH outputs a sin-
gle 3D box that aligns well with ground truth in BEV. For
uncertain objects, it retains a small set of spatially clustered
hypotheses, increasing the chance of capturing the correct
box. Overall, the visualizations highlight that MonoMH
provides reliable 3D localization while maintaining prac-
ticality in scenes with substantial clutter and occlusion.

Qualitative Results on Waymo. Fig. 6 illustrates the
effectiveness of our proposed MonoMH compared to the
baseline on the Waymo dataset. The pink bounding boxes
(ours) demonstrate improved alignment with the bright
green ground truth boxes (in the BEV space), especially in
challenging cases involving objects at greater distances or
severely occluded, as highlighted in the magnified regions.
In contrast, the blue bounding boxes (baseline) often fail
to accurately capture the object’s 3D position and size, ex-
hibiting higher deviations. These results emphasize the ca-
pability of our multi-hypothesis framework to better handle
depth ambiguity and generate more precise 3D bounding
boxes, even in complex scenarios.

I. Limitation
The uncertainty estimates in existing methods [8, 9, 11,
16, 18] often do not exhibit a perfect linear relationship
with depth accuracy. We found that MonoMH still faces
this common limitation. Improving the uncertainty esti-
mates could benefit both MonoMH and other state-of-the-
art methods, which we plan to investigate in future work.



Figure 4. Qualitative results on KITTI. Each row shows the image with projected 3D boxes (left) and the corresponding BEV (right).
MonoMH predictions align closely with the Ground Truth in the BEV space. Particularly for uncertain objects, such as those occluded or
distant, MonoMH generates multiple bounding boxes, increasing the likelihood of accurate prediction.

Figure 5. Qualitative result on a crowded scene in KITTI. The image with projected 3D boxes (left) and the corresponding BEV
(right) are shown. To validate our method in a crowded scene, we illustrate all classes: car (pink), pedestrian (purple), and cyclist (olive).
MonoMH yields a small, spatially clustered set of hypotheses only for uncertain objects while keeping single top predictions for confident
ones, illustrating practicality under heavy occlusion and clutter.



Figure 6. Qualitative results on Waymo. Each row shows the image with projected 3D boxes (left) and the corresponding BEV (right).
MonoMH can capture more precise 3D bounding boxes that align closely with Ground Truth in BEV space, outperforming the baseline.
Magnified regions emphasize MonoMH’s ability to address depth ambiguity from distant or occluded objects, resulting in accurate 3D
localization.
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