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Abstract

Detecting objects in 3D space using a monocular image
is inherently a highly ill-posed problem: multiple plausi-
ble 3D bounding boxes can explain the same 2D obser-
vation of an object. Existing approaches typically fol-
low a single-point prediction paradigm, failing to capture
this multimodal nature and often regressing to an implau-
sible mean solution. This paper introduces MonoMH, a
novel multi-hypothesis framework for monocular 3D ob-
ject detection. By explicitly modeling and learning the
multimodal distribution of plausible 3D object configura-
tions, MonoMH not only significantly improves detection
performance but also provides richer information to sup-
port downstream decision-making. MonoMH introduces
three key innovations: (1) a novel multi-hypothesis pre-
dictor that leverages spatially diverse features across dif-
ferent windows within an Rol to generate a rich variety
of hypotheses without increasing model complexity; (2) a
new multi-hypothesis learning approach that derives di-
verse and relevant hypotheses from single-modal ground
truth by integrating uncertainty modeling with Best-of-
Many learning; and (3) a hypothesis filtering mechanism
that enhances detection capability by dynamically retain-
ing a variable number of plausible hypotheses based on
each object’s uncertainty. Experimental results demon-
strate the effectiveness of our approach. Notably, MonoMH
achieves 29.12/20.88/17.93 Car APsp (easy/mod./hard)
on the KITTI test set, significantly outperforming previ-
ous state-of-the-art methods. The code can be found at
https://github.com/HyeonjeongPark37/MonoMH.

1. Introduction

Monocular 3D object detection aims to detect objects in 3D
space using a monocular image. It holds significant promise
for a wide range of applications, including autonomous
driving, robotics, and extended reality. Compared with
multi-view [8, 39, 53] or LiDAR-based [26, 28, 65] 3D ob-
ject detection, the monocular setting offers a cost-effective
and widely deployable solution but faces substantial chal-
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Figure 1. (a) Visualization of multiple hypotheses predicted
by MonoMH for objects with varying levels of confidence.
MonoMH effectively captures the multimodal distribution of plau-
sible 3D bounding boxes for uncertain objects (purple), especially
in scenarios of occlusion or truncation. (b) Quantitative com-
parison of MonoMH against state-of-the-art methods on ‘Car’
category on the KITTI test set across three difficulty levels.

lenges due to the lack of explicit 3D information. Modern
monocular 3D object detectors [25, 32, 41, 46, 68] are built
on deep neural networks that learn strong semantic and ge-
ometric representations from images, using advanced archi-
tectures tailored to this task. Recent methods [34, 51] fur-
ther integrate physics-based geometric modeling with these
data-driven detectors to improve performance.

Despite notable progress, monocular 3D object detection
remains challenging due to its multimodal nature: multi-
ple plausible 3D bounding boxes can explain the same 2D
observation of an object, even after eliminating infeasible
solutions through geometric modeling. For example, prior
works [41, 51] infer depth using approximate vehicle height
and the ground plane assumption. Simple derivations (in
the supplementary material) reveal that even a one-pixel



change in image space can result in a wide range of depth
variations in the 3D world. Nevertheless, existing meth-
ods typically model a single 3D bounding box per object.
Since this single-point prediction inherently fails to capture
the multimodal nature of monocular 3D object detection, it
may regress to a mean estimate that does not correspond
to any plausible solution. In practice, relying solely on such
single-point predictions can pose safety risks in downstream
applications like autonomous driving or robotics, where un-
derstanding the full range of 3D configurations is critical.

This paper introduces a novel multi-hypothesis frame-
work, MonoMH, for monocular 3D object detection. As il-
lustrated in Fig. 1, unlike traditional approaches that rely on
single-point prediction, MonoMH models and learns mul-
tiple plausible 3D bounding boxes per 2D object, offer-
ing two significant advantages. First, by explicitly cap-
turing the multimodal distribution of 3D object configura-
tions, MonoMH overcomes the fundamental limitations of
single-point prediction, which often collapses into an im-
plausible mean estimate, and drastically enhances detection
performance. Second, MonoMH provides richer informa-
tion about possible 3D configurations of uncertain objects,
aiding downstream applications (e.g., autonomous driving
and robotics) in making more informed decisions.

MonoMH addresses three core challenges in multi-
hypothesis monocular 3D object detection:

(1) Multi-hypothesis Prediction. MonoMH introduces
Rol Division to generate multiple hypotheses from each 2D
detection. It divides a region of interest (Rol) into uni-
formly distributed windows and aggregates dense estimates
from each window to propose multiple plausible 3D bound-
ing boxes. Compared with naively using multiple detec-
tion heads, Rol Division leverages spatially diverse features
across different windows to yield a richer variety of hy-
potheses without the burden of increased model complexity.

(2) Multi-hypothesis Learning. MonoMH learns multi-
hypothesis prediction from single-modal ground truth by in-
tegrating uncertainty modeling with Best-of-Many learning.
Unlike conventional uncertainty-based methods that focus
on single-point learning, MonoMH propagates instance-
level 3D bounding box supervision across all windows
within an Rol based on their uncertainties. This ensures
that the generated hypotheses are both diverse and relevant.

(3) Hypothesis Filtering. While the top hypothesis is
often the closest match to the true 3D bounding box for con-
fident objects, multiple hypotheses may be equally plausible
for highly uncertain objects, such as those that are distant
or heavily occluded. To address this, MonoMH introduces
a hypothesis filtering mechanism that dynamically retains a
varying number of hypotheses based on each object’s un-
certainty. This approach increases the likelihood of includ-
ing correct 3D bounding boxes for uncertain objects without
significantly degrading the precision.
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Note that while uncertainty has been commonly used in
existing monocular 3D object detectors [10, 31, 32, 41, 46]
for 3D confidence calibration, all these methods only out-
put a single 3D box prediction. DID-M3D [46] and Mon-
oDDE [31] model pixel or keypoint-level depth estimates,
but these estimates are eventually fused into a single depth
prediction, and they rely on LiDAR supervision or key-
points detection. In contrast, MonoMH adaptively outputs a
variable number of 3D box predictions based on the object’s
confidence level, without requiring additional supervision
or detection. Comprehensive experimental results validate
the effectiveness and applicability of MonoMH.

The contributions of this paper are summarized below:
We present a novel multi-hypothesis framework,
MonoMH, for monocular 3D object detection. Sub-
stantially different from the conventional single-point
prediction paradigm, MonoMH explicitly models and
learns the multimodal distribution of plausible 3D object
configurations, thereby not only significantly improv-
ing detection performance but also providing richer
information to support downstream decision-making.

We propose a novel multi-hypothesis predictor that lever-
ages spatially diverse features across different windows
within an Rol to generate a rich variety of hypotheses
without increasing model complexity.

We introduce a new multi-hypothesis learning and selec-
tion approach. The learning component integrates uncer-
tainty modeling with the Best-of-Many objective to learn
diverse, relevant hypotheses from single-modal ground
truth. The filtering component improves the detection ca-
pability by retaining a variable number of plausible hy-
potheses per object according to its predicted uncertainty.
Extensive experimental results confirm the contributions
of our approach. Notably, MonoMH consistently demon-
strates strong performance across diverse baselines and
benchmarks, including the KITTT test set.

2. Related Work

Monocular 3D object detection extends 2D detection to
3D, introducing new challenges due to the additional di-
mension. To address this, MonoCon [37] uses auxiliary
tasks for 3D context, and MonoDLE [42] improves lo-
calization through better 2D-3D box alignment. GUP-
Net [41] introduces uncertainty estimation and hierarchical
learning, while DEVIANT [25] employs scale-equivariant
steerable networks. DDML [10] adds a geodesic met-
ric loss, and MonoCD [64] decouples multi-depth predic-
tion via complementary depths. MonoUNI [19] unifies
vehicle- and infrastructure-side detection with normalized
depth targets and cube-depth supervision. FD3D [62] ex-
ploits auxiliary supervision and foreground depth maps.
MonoL.SS [32] suggests adaptive positive sample selec-
tion with the MixUp3D augmentation. On the other hand,



MonoTTA [35] adapts at test time via reliability-driven
batch normalization updates, while MonoCT [43] performs
unsupervised cross-domain adaptation with depth enhance-
ment and pseudo-label scoring. Meanwhile, detection trans-
formers (DETR) [5, 72] have been extended to 3D in sev-
eral studies [16, 38, 49, 68, 71]. MonoDETR [68] proposes
a depth-aware transformer, while MonoXiver [38] bridges
2D-to-3D and 3D-to-2D mappings using the Perceiver I/O
model [17]. MonoATT [71] improves online efficiency via
adaptive tokenization, and MonoDGP [49] models geome-
try error with a decoupled decoder.

Some approaches alleviate the lack of depth input by in-
corporating additional training data, such as LiDAR point
clouds [16, 36,45, 48,52, 63], CAD models [30, 40], videos
[4, 60], and depth data [46, 58, 61]. These works typically
follow the single-point prediction paradigm. A few meth-
ods [3, 47] predict multiple 3D boxes per 2D object, but
they rely on predefined fixed anchors and do not perform
any multi-hypothesis learning. In contrast, MonoMH learns
to dynamically generate variable distributions of 3D boxes
based on the uncertainty of each observed object.

Multi-hypothesis prediction has been explored in areas
such as 3D human pose estimation [18, 23, 27] and hand
pose estimation [6, 66], primarily to address the ambiguity
in recovering 3D information from monocular input. For
example, some methods [27, 66], based on Mixture Density
Networks (MDN) [2], sample multiple 3D pose hypothe-
ses consistent with a given 2D pose by utilizing a mixture
of Gaussians. On the other hand, adding multiple detec-
tion heads [23] enables a one-to-many mapping, and a re-
cent architecture [29] adds many-to-one relations across hy-
potheses to refine the final 3D pose. These multi-hypothesis
techniques have proven highly effective in overcoming the
multimodal depth ambiguity inherent in inverse problems.
Nevertheless, multi-hypothesis modeling and learning in
monocular 3D object detection remain unexplored.

3. Method

Monocular 3D object detection estimates 3D boxes from a
single RGB image. This task remains challenging due to its
multimodal nature, where multiple plausible 3D bounding
boxes may explain the same 2D observation of an object.
We introduce MonoMH, a novel multi-hypothesis frame-
work for monocular 3D object detection. Unlike traditional
single-point prediction, which often collapses into an im-
plausible mean estimate, MonoMH explicitly models and
learns the multimodal distribution of plausible 3D object
configurations, i.e., multiple 3D bounding box hypotheses
and their uncertainties. Consequently, MonoMH not only
improves detection performance but also provides richer in-
formation to support downstream decision-making.
MonoMH builds upon a base detector and introduces
three key innovations: multi-hypothesis prediction, multi-
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hypothesis learning, and hypothesis filtering. We first
briefly describe the base detector below and then elaborate
on our main contributions in Sec. 3.1-Sec. 3.3.

Base Detector. We adopt a common architecture used in
recent state-of-the-art methods [9, 32, 41, 46, 64, 69, 70]
as our generic base detector. A backbone network (i.e.,
DLA34 [67]) extracts image features, and 2D detection
heads predict an object class distribution, a 2D box size,
and a 2D offset at each position of the feature map. Fi-
nally, 3D heads lift each 2D detection to a 3D box by re-
gressing the object’s depth, uncertainty, orientation, cen-
ter projection offset, and 3D size. Following prior work
[32, 41, 46], we model the Laplacian aleatoric uncertainty,
which is parametrized as the standard deviation of a Laplace
distribution. The 2D and 3D heads are trained by compar-
ing their predictions with the corresponding ground truth,
weighted by uncertainty estimates [32, 41, 46]. Further de-
tails are provided in the supplementary material.

3.1. Multi-hypothesis Prediction

A straightforward approach for multi-hypothesis predic-
tion is to apply multiple 2D-to-3D lifting heads to the Rol
features, with each head predicting a separate hypothesis.
However, this method has two critical limitations. First, it
lacks scalability: both model size and computational com-
plexity increase with the number of hypotheses. Second, as
each head shares the same input, i.e., the Rol features, the
learning process must be carefully designed to ensure diver-
sity among hypotheses. To overcome these limitations, we
propose a fundamentally different solution: Rol Division,
which is added to the base detector as a separate branch.

Let F™ ¢ RM*MxC denote the Rol feature map pooled
from a 2D object detection, where M x M is the pooled
region size (typically 7 x 7) and C' is the feature dimen-
sion. This Rol feature map is fed into parallel branches,
each comprising two convolutional layers, to predict a depth
map D" € RM*M "an uncertainty map U™ € RM*M 4
3D size s € R3, a 3D center projection offset 0™ € R2,
and an orientation #™'. We then convert the uncertainty map
U™ to a confidence map C™ € [0,1]M*M using a sig-
moid function: C™ = o(—U™). This transformation en-
sures that high uncertainty corresponds to low confidence,
and low uncertainty corresponds to high confidence.

Rol Division generates K hypotheses by partitioning the
2D Rol feature map into K fixed grid of spatial windows, as
illustrated in Fig. 2, and aggregating dense estimates within
each window. The k-th hypothesis is represented as

Hi = {2k, Yk, di, Sk, O, e, k= 1,... K (D)
where (2, ), dk, Sk, Ok, and ¢y, are the k-th hypothesis’s
x and y-coordinates in 3D space, depth, 3D size, orientation,
and confidence, respectively.
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Figure 2. MonoMH overall framework. Different from existing methods that predict a single 3D bounding box for each 2D object
detection, MonoMH learns to predict a variable number of 3D bounding boxes based on the object’s confidence level. To this end,
MonoMH comprises multi-hypothesis prediction via Rol Division, hypothesis filtering, and multi-hypothesis learning with a soft Best-of-
Many loss. All panels depict inference except the gray ‘Training’ panel.
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Egs. (2) and (3) calculate (zy, yk)Abased on the depth dj,
the 3D center projection offset 0™ = (o}, 0}"), and the

camera intrinsic matrix [f; 0 ;0 f, ¢,;0 0 0]
Egs. (4) and (7) calculate dj and c as the confidence-
weighted depth and confidence averages within Wj,, where
W is the k-th window in the Rol. Here, d™® and ' de-
note the i-th elements of D™ and C™, respectively. Egs.
(5) and (6) assign the Rol-based size and orientation predic-
tions to s; and 6y, respectively. Since it is always the in-
accurate 3D localization rather than the bounding box size
or orientation that leads to incorrect detections, we allow
independent localization and confidence across hypotheses
while sharing bounding box size and orientation.

A remaining question is how to divide the Rol into win-
dows. We follow three principles. First, each window
should cover a part-level region, e.g., 3 X 3 windows in a
7 x 7 Rol. Second, the number of windows determines the
number of hypotheses: too few may miss plausible configu-
rations, while too many can introduce redundancy. We find

that 9 windows arranged in a 4 x 4 grid often work well.
Third, the windows should have minimal overlap to encour-
age diversity. Our experiments in the supplementary mate-
rial show that MonoMH is robust to these design choices.

Discussion. Rol Division leverages spatially diverse fea-
tures from different windows to generate a rich variety of
high-quality hypotheses without the burden of increased
model complexity. Concretely, features from distinct parts
of an object, such as the front wheels or trunk of a car,
are crucial for accurate 3D localization. Each window em-
phasizes a particular part while still capturing global object
context, thanks to the large receptive fields in deeper back-
bone layers. This allows Rol Division to produce relevant
hypotheses from different perspectives. Even when certain
parts are occluded, the visible regions can still yield reliable
predictions. Moreover, since the prediction head is shared
across all windows, Rol Division avoids a larger model size
or a higher risk of overfitting.

3.2. Multi-hypothesis Learning

Since the box size and orientation are shared across hy-
potheses, they can be learned similarly to the base detec-
tor by comparing s™' and 6™ with their respective ground
truth. The x- and y-coordinates {(zx, yx) : k=1,..., K}
vary across hypotheses due solely to differences in depth.
Thus, the main challenge is to effectively learn the multi-
hypothesis predictions for depth and their associated confi-
dences {(dg,cx) : k=1,..., K}

We draw inspiration from the Best-of-Many (BoM) loss
[1], which has shown effectiveness in learning multimodal
trajectory predictions from single-modal supervision. BoM
selects the prediction closest to the ground truth from mul-
tiple hypotheses and minimizes the difference between this
best prediction and the ground truth. To learn multi-
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hypothesis predictions for both depth and confidence with
only depth ground truth, it is intuitive to integrate BoM [1]
and uncertainty modeling [41]:

V2
= 22| dp
U+

¢bom — d®| + log uy- (8)

€))

k* = arg min |dy — d®

where d&' is the ground truth depth, £* is the index of the
best hypothesis, and uy, is the confidence-weighted uncer-

tainty averaged within a window.

The loss function in Eq. (8) has proven effective in our
experiments, but it has one potential drawback: since only
the closest hypothesis is supervised, only pixels within its
corresponding window receive gradients, which may limit
the learning effectiveness. This motivates us to explore
a variant of our loss function by relaxing the hard BoM
to a soft BoM. Instead of selecting only the best hypoth-
esis, we approximate dy- and ug~ as confidence-weighted
depth and uncertainty averages over the Rol, respectively:
A = Y0, ¢/ 37, e and ug- OO ST e
Note that uncertainty is optimized only through this objec-
tive and learned end-to-end via backpropagation without ex-
tra supervision, similar to [22]. This relaxation (i) allows all
pixels to receive gradients proportional to their confidence
and (ii) avoids back-propagating conflicting gradients from
multiple hypotheses to overlapping pixels. Empirically, the
soft BoM consistently outperforms the hard BoM variant.

Overall Training Objective. Having defined depth and
confidence learning (soft BoM) and the standard 2D/3D
heads, we summarize the total loss. The 2D loss £2P fol-
lows CenterNet [70] (heatmap, 2D size, 2D offset). The 3D
loss £3P uses a MultiBin orientation loss [9], Smooth-L;
for the 3D center projection offset, L; for 3D size, and a
pixel-wise Laplacian depth loss [32, 46]. We simply sum
all terms without specific weights:

Etotal _ £2D + £3D 4 gbom (10)

Discussion. We do not add explicit regularizers to en-
courage diversity, as Rol Division (Sec. 3.1) inherently in-
duces it, as supported by our statistics (Fig. 4). In monoc-
ular 3D detection, similar 2D observations can map to very
different 3D ground truths. Therefore, the BoM loss re-
quires at least one hypothesis to align well with each single-
modal ground truth, so it is minimized only when the di-
verse hypotheses effectively capture the multimodal distri-
bution of 3D configurations conditioned on each 2D ob-
ject. Associating each hypothesis with an uncertainty al-
lows the detector to express confidence in different hypothe-
ses, which is necessary for hypothesis filtering (Sec. 3.3).
The soft BoM loss stabilizes training by distributing gra-
dients across windows proportionally to their confidence,
reducing conflicts.
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3.3. Hypotbhesis Filtering

During inference, a simple way to use multi-hypothesis
predictions from Rol Division is to select the highest-
confidence hypothesis or use a soft best estimate (i.e.,
confidence-weighted average). This works well for confi-
dent objects. However, for highly uncertain cases, such as
distant or heavily occluded objects, confidence levels across
all hypotheses tend to be low. In such scenarios, even the
best hypothesis may fail to capture the true 3D configura-
tion, and each hypothesis remains a plausible candidate.

The analysis motivates us to explore a hypothesis filter-
ing mechanism that dynamically retains a variable number
of hypotheses based on uncertainty. If the confidence of the
top hypothesis is higher than a threshold, only that hypoth-
esis is retained (e.g., the green 3D boxes in Fig. 2). Oth-
erwise, all hypotheses whose confidence values are within
a specified range of the highest confidence are kept to cap-
ture multiple modes of the uncertain 3D object configura-
tion (e.g., the red 3D boxes in Fig. 2).

Discussion. Despite its simplicity, our hypothesis fil-
tering proves both practically valuable and theoretically
sound. In practice, it provides richer information about
all plausible 3D configurations of uncertain objects, en-
abling downstream applications to make more informed de-
cisions and improve safety. For example, recent advance-
ments in autonomous driving [15, 50, 55, 57] and robotics
[11, 13,21, 44] have integrated uncertainty in 3D perception
into planning, grasping, and manipulation algorithms for
improved robustness. Characterizing the multimodal dis-
tribution of 3D detections has the potential to significantly
impact these areas. Theoretically, for highly uncertain de-
tections, retaining multiple predictions or modes with simi-
lar precision levels increases the likelihood of finding all ob-
jects of interest in 3D space without severely compromising
precision. A detailed mathematical analysis and illustration
are provided in the supplementary material. This enhanced
detection capability further justifies the value of hypothesis
filtering in practical applications.

4. Experiments

4.1. Setup

Datasets and Evaluation Metrics. @ We evaluate our
method on KITTI [12] and Waymo [56] benchmarks.

* KITTI includes 7,481 training and 7,518 test images.
Following the common split [7], we use 3,712 images
for training and 3,769 for validation. The dataset de-
fines three difficulty levels (Easy, Moderate, Hard) based
on occlusion, truncation, and the minimum height of a
2D bounding box. We report APsp 40 and APppy a0
(bird’s-eye view) using IoU thresholds of 0.7 for ‘Car’
and 0.5 for ‘Pedestrian’ and ‘Cyclist’ [54].

Waymo contains 52,386 training and 39,848 validation



) AP3p 40 APprvi40

Methods Easy Mo&. Hard | Easy Mod.‘ Hard
CaDDNT [52](°21) 19.17 1341 1146 | 2794 1891 17.19
MonoDTRT [16](22) | 21.99 1539 1273 | 2859 2038 17.14
DID-M3Df [46](22) 2440 1629 13.75 | 3295 2276 19.83
CMKD' [14](°22) 25.09 1699 15.30 | 33.69 23.10 20.67
LPCGT [45](°22) 2556 17.80 1538 | 3596 24.81 21.86
MonoNeRD' [63](°23) | 22.75 17.13 15.63 | 31.13 23.46 20.97
OM3D' [48](°24) 25.55 17.02 14.79 | 3538 24.18 21.37
MonoTAKD! [36] (°25) | 27.91 1943 1651 | 38.75 2776 24.14
MonoDLE [42](°21) 17.23 1226 10.29 | 2479 18.89 16.00
GUPNet [41](°21) 20.11 1420 11.77 - - -
DEVIANT [25](°22) 21.88 1446 11.89 | 29.65 2044 1743
MonoCon [37](22) 2250 1646 1395 | 31.12 22.10 19.00
MonoJSG [33](22) 24.69 16.14 13.64 | 32.59 21.26 18.18
MonoDDE [31](°22) 2493 17.14 15.10 | 33.58 23.46 20.37
MonoDETR [68](23) 25.00 1647 13.58 | 33.60 22.11 18.60
MonoXiver [38](°23) 2524 19.04 16.39 | 34.14 2537 22.20
DDML [10](°23) 2331 1636 13.73 | - - -
MonoUNI [19](23) 2475 1673 1349 | - - -
MonoATT [71](°23) 2472 1737 15.00 | 36.87 24.42 21.88
FD3D [62](°24) 2538 17.12 1450 | 3420 23.72 20.76
MonoCD [64](°24) 2553 1659 1453 | 3341 2281 19.57
MonoMAE [20](°24) 25.60 18.84 16.78 | 34.15 2493 21.76
MonoLSS [32](°24) 26.11 19.15 1694 | 3489 2595 22.59
MonoDGP [49] (°25) 2635 18.72 1597 | 3524 2523 22.02
MonoMH 29.12 20.88 17.93 | 37.85 28.06 24.53

Table 1. Comparison on Car category of the KITTI test set.
All methods follow the official evaluation protocol [12]. Methods
marked with 1 use LiDAR as auxiliary training data. Best and
second-best results are shown in bold and underlined, respectively.

images from the front camera. Following [25, 52, 59], we
sample every third frame for training and evaluate on the
validation set, focusing on the ‘Vehicle’ class. Evaluation
is conducted at Level 1 and Level 2, across three distance
ranges: [0, 30), [30, 50), and [50, co) meters, where each
level reflects LiDAR point density. We report AP5p and
APHj3p, where AP Hjsp incorporates heading accuracy.
Implementation Details. MonoMH is trained on a sin-
gle Tesla V100 GPU with batch sizes of 16 for KITTI and
40 for Waymo. To stabilize training, we employ Hierarchi-
cal Task Learning (HTL) [41] with a linear warm-up strat-
egy. For KITTI, we apply MixUp3D [32] data augmen-
tation to address its limited training size. We use Adam
optimizer [24] with an initial learning rate of 0.00125.
The number of epochs is set to 600 for KITTI and 30 for
Waymo. The Rol size is set to 7x 7. We generate 9 hypothe-
ses using a 4 x4 window for KITTI and 5 hypotheses using
a 5x5 window for Waymo. Additionally, the confidence
threshold is 0.75 and 0.5 for KITTI and Waymo, respec-
tively. We only consider hypotheses with a depth difference
within two meters of the top hypothesis, which helps ex-
clude outliers, such as those from occluded regions.

4.2. Main Results

Results on Car Category of KITTI Test Set. Tab. 1
compares MonoMH with recent state-of-the-art methods
on the KITTTI test set for the Car category. Under the

"MonoLSS repository issue: link
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Ped., APgD 40 CyC., AP?D 40
Methods Easy Mod. : Hard | Easy Mod. ‘ Hard
CaDDNT [52](21) 1287 8.14 6.76 | 7.00 341 3.30
MonoDTR' [16](’22) | 15.33 10.18  8.61 505 327 319
CMKDT [14](°22) 17.79 11.69 10.09 | 9.60 524 450
OM3DT [48]("24) 1468 9.15 780 | 7.37 356 284
MonoDLE [42](21) 9.64 655 544 | 459 266 245
GUPNet [41](°21) 1472 953 787 | 418 265 2.09
DEVIANT [25](C22) | 1343 865 7.69 | 505 3.13 259
MonoCon [37](’22) 13.10 841 694 | 280 192 155
MonoJSG [33](°22) 11.02 749 641 545 321 257
MonoDDE [31](22) | 11.13 732  6.67 | 594 378 3.33
DDML [10](°23) 1490 1028 870 | 538 289 2383
MonoUNI [19](°23) 1578 1034 874 | 734 428 3.78
MonoLSS [32](°24) 17.09 1127 10.00 | 7.23 434 3.92
MonoMH 1842 1215 1036 | 11.39 6.70 5.83

Table 2. Comparison on Pedestrian and Cyclist categories of
the KITTI test set. All methods follow the official evaluation
protocol [12]. Methods marked with t use LiDAR as auxiliary
training data. Best and second-best results are shown in bold and
underlined, respectively.

ToU AP5p APH;p
/D. Method Al 030 30-50 50+ | Al 0-30 30-50 50+
OMB3DT [48] | 1061 29.18 449 041 | 1053 2896 446 040

07 | MonoLSST[32] | 371 982 114 016|360 975 LI13 0.6
1| GUPNel[4l] [ 228 615 081 003|227 611 080 003
DEVIANT[25] | 269 695 099 002 | 267 690 098 0.2
MonoMH 278 696 135 011 276 690 133 0.1

OMB3DT [48] | 10.02 2838 438 036 | 994 2817 434 036

07 | MonoLSST[32] | 327 979 11l 015|325 973 110 0I5
o GUPNet[dI] [ 214 613 078 002] 212 608 077 002
DEVIANT [25] | 252 693 095 002 | 250 687 094 0.02
MonoMH 261 693 130 010 | 259 688 128 0.10

OM3DT [48] | 2899 61.24 2325 3.65 | 28.66 60.63 23.00 3.59

0.5 | MonoLSS' [32] | 1349 3364 645 1.9 | 1338 3339 640 126
1| GUPNel[4I] 1002 2478 484 022 994 2459 478 022
DEVIANT [25] | 1098 2685 5.13 0.18 [ 10.89 2664 508 0.18
MonoMH | 1228 2856 7.18 0.65 | 1217 2832 7.09 0.65

OMB3DT [48] | 2721 61.09 2259 3.18 | 2690 6049 2234 3.13

0.5 | MonoLSST[3] | 1312 3356 628 115 |13.02 3332 622 LI3
5| GUPNel[4l] [ 939 2469 467 0.9 | 941 2450 462 0.9
DEVIANT [25] | 1029 2675 495 0.6 | 10.20 2654 490 0.16
MonoMH | 1151 2845 692 0.57 | 1140 2821 683 0.56

Table 3. Comparison on the Vehicle category on the
Waymo validation set. ‘D.” denotes difficulties (L1=Level_1,
L2=Level 2). Methods marked with { use extra training data.

OM3D' uses LiDAR for training. MonoLSS' has a bug in its
code' that uses validation images for training data augmentation.

purely monocular setting, MonoMH achieves the high-
est AP3pj40 and APpgyv |4 across all difficulty lev-
els, with relative gains of +10.51%/49.03%/+5.84% in
AP3pjq0 and +2.66%/+8.13%/+8.58% in APpEgv|i0
over the second-best results on the Easy/Moderate/Hard
levels, respectively. Moreover, despite using only monoc-
ular supervision, MonoMH also surpasses MonoTAKD, a
BEV-oriented method with LiDAR-guided distillation, in
AP3p)40 for all difficulty levels and in APg gy |40 On the
Moderate and Hard levels while remaining competitive on
the Easy level. These results highlight the strength of our
multi-hypothesis modeling in purely monocular settings.
Results on Pedestrian and Cyclist Categories of KITTI
Test Set. In Tab. 2, we evaluate the AP3 D|40> which is the



. AP3pa0
Architecture Method Easy Mo d‘ Hard
MonoDLE [42] | 17.45 13.66 11.68
+ Ours 21.77 16.57 14.34
Improvement +4.32  +291 +2.66
GUPNet [41] 22776 1646 13.72
+ Ours 24.53 18.63 16.30
Conv.-based Improvement +1.77  +2.17 +2.58
’ DEVIANT [25] | 24.63 16.54 14.52
+ Ours 2542 19.09 16.49
Improvement +0.79  +2.55 +1.97
MonoLSS [32] | 2591 1829 1594
+ Ours 28.07 20.01 16.80
Improvement +2.16 +1.72  +0.86
MonoDETR [68] | 28.84 20.61 16.38
DETR-based + Ours 30.25 22.00 18.54
Improvement +1.41 +1.39 +2.16

Table 4. Applicability to other methods. To show generalizabil-
ity, we integrate our approach into four Conv.-based baselines and
one DETR-based method. Best results are in bold.

Inference Time (ms)

MonoMH
(Ours)

MonoLSS
(3DV 24)

MonoCD
(CVPR 24)

MonoDETR
(1cev 23)

GUPNet
(Iccv 217)

20 25 30 35 40

Figure 3. Inference time comparison. Per-image inference time
is measured with each model’s official code on a single V100 GPU
(batch size=1), averaged over the KITTI validation set.

commonly reported evaluation metric for ‘Pedestrian’ and
‘Cyclist’ on the KITTI test set. Our method consistently
outperforms all comparable approaches across all classes
and difficulty levels. Especially, our method achieves sig-
nificant improvements in the ‘Cyclist’ category. Specif-
ically, it achieves relative improvements of +55.2% for
Easy, +54.4% for Moderate, and +48.7% for Hard com-
pared to the previous best-performing method.

Results on Vehicle Category of Waymo Validation
Set. We assess generalization on the Waymo dataset, which
is larger and more diverse than KITTI. Since recent papers
have not released code for Waymo, we use GUPNet [41] as
our strong, reproducible baseline and implement our multi-
hypothesis approach on it. Tab. 3 shows that MonoMH con-
sistently outperforms the other methods across all ranges
under the monocular setting without extra training data.

Applicability to Other Methods. Tab. 4 demon-
strates the effectiveness and generalizability of our ap-
proach by integrating multi-hypothesis modeling and learn-
ing into four convolution (Conv.)-based baselines and one
DETR-based detector. Our method consistently yields no-
table performance improvements across all settings, un-
derscoring its broad applicability. In particular, when ap-
plied to the DETR-based MonoDETR, our method adopts
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Method Easy Mod. Hard
Baseline 2381 17.00 14.17
Multi-head 24.13  16.59 13.65
Rol Division (ours) | 28.94 21.53 18.43

Table 5. Comparison of multi-hypothesis prediction methods.

[0., 0.25)
[0.25, 0.5)

= 0.5, 0.75)

== [0.75, 1.]

0 1 2 3 a5 6 7

Mean Depth Difference (m)

Figure 4. Distribution of mean depth differences between hy-
potheses generated by Rol Division within an Rol across four
confidence ranges. Rol Division yields broader depth hypotheses
at lower confidence.

content-dependent object queries inspired by Deformable
DETR [72]. These improvements confirm that MonoMH
is architecture-agnostic and broadly effective across diverse
monocular 3D detection architectures.

Efficiency. Fig. 3 compares inference time of MonoMH
and representative state-of-the-art methods. All networks
are evaluated under the same computing environment.
MonoMH achieves an inference speed that is faster or com-
parable to other methods.

4.3. Ablation Studies

In this subsection, we conduct ablations to analyze the im-
pact of key components. The base detector in Sec. 3 serves
as the baseline. Unless specified otherwise, results are re-
ported for the ‘Car’ category on the KITTI validation set
using the AP3p)49 metric.

Multi-hypothesis Prediction. To assess the effective-
ness of different multi-hypothesis generation strategies, we
compare the conventional multi-head approach with our
Rol Division. Specifically, we add nine 3D heads in the
multi-head approach, whereas Rol Division generates nine
hypotheses from a single 3D head. As shown in Tab. 5, our
method consistently outperforms the multi-head approach
across all difficulty levels, highlighting the benefit of lever-
aging spatially diverse features within a Rol. Fig. 4 veri-
fies the diversity of hypotheses produced by Rol Division,
despite the absence of any explicit diversity regularization
during training. Depth diversity increases as confidence de-
creases, indicating that Rol Division yields broader depth
hypotheses to reflect depth ambiguity.

Fig. 5 provides insight into the spatial behavior of hy-
potheses by showing the distribution of the best hypothesis,
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Figure 5. Spatial distribution of the best hypothesis (i.e.,
true positive) across the nine window regions under the
Easy/Moderate/Hard levels. Each bar indicates the proportion of
true positives located in a specific region. (TL = top-left, TC =
top-center, TR = top-right, CL. = center-left, CC = center-center,
CR = center-right, BL = bottom-left, BC = bottom-center, BR =
bottom-right)

i.e., true positive (TP), across nine window regions. Most
TPs are concentrated near the center, confirming that cen-
tral views are typically informative. As difficulty increases,
however, non-central regions gain importance. Specifically,
the top-left region becomes more prominent from Easy to
Moderate, and the bottom-left from Moderate to Hard. This
trend underscores the importance of spatial diversity: plau-
sible hypotheses often emerge from peripheral regions un-
der occlusion or truncation. These findings validate our
design choice to preserve multiple localized perspectives
rather than rely solely on central predictions.

Multi-hypothesis Learning. Tab. 6 shows that integrat-
ing Best-of-Many loss with uncertainty modeling achieves
effective multi-hypothesis learning, with the soft variant
yielding additional performance gains. Additionally, we ob-
serve that supervising the depth estimate at each pixel using
only the depth ground truth results in inferior performance.

Hypothesis Filtering. To validate our hypothesis fil-
tering strategy, we compare three ways to process hy-
potheses from Rol 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.
As depicted in Tab. 7, all strategies surpass the baseline,
confirming the general benefit of multi-hypothesis model-
ing and learning. Our filtering strategy yields the best re-
sults across all difficulties, indicating that keeping a small
set of plausible hypotheses under uncertainty is most effec-
tive. Furthermore, Fig. 6 reports the precision—-recall curve
comparing MonoMH, MonoMH-best, MonoLSS, and Base
(our base detector) for the ‘Car’ category at easy difficulty.
MonoMH-best, keeping only the top hypothesis, matches or
exceeds the precision of single-point prediction (MonoLSS,
Base). MonoMH maintains similar precision yet lifts re-
call in the high-recall regime, where low-confidence detec-
tions become important, by retaining only a few hypothe-
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Method | Easy Mod. Hard
Baseline 2381 17.00 14.17
Pixel-wise depth supervision | 2442 17.56 14.71
Hard Best-of-Many 26.29 1996 17.05
Soft Best-of-Many (ours) 28.94 21.53 18.43

Table 6. Comparison of loss functions for multi-hypothesis
learning.

Method Easy Mod. Hard
Baseline 2381 17.00 14.17
Mean 2596 1845 16.13
Best 26.89 19.62 17.27
Filtering (ours) | 28.94 21.53 18.43

Table 7. Comparison of hypotheses processing methods.

1.0

=— MonoMH
MonoMH-best
08 <— MonolLSS
Base
506
0
'S
204
o
0.2 X
YTt
0.0
0.0 0.2 0.4 0.6 0.8 1.0
Recall
Figure 6.  Precision-recall curve for the ‘Car’ category

at the ‘Easy’ difficulty, comparing MonoMH, MonoMH-best,
MonoLSS, and Base.

ses whose confidences are near the top; these capture dis-
tinct, plausible modes of uncertain 3D configurations. This
strategy increases the likelihood of finding all 3D objects
without significantly sacrificing precision (formal analysis
is available in the supplementary material).

More results, including hyper-parameter studies, abla-
tions of key components on other categories, and qualitative
examples, are available in the supplementary material.

5. Conclusion

We introduce MonoMH, a novel multi-hypothesis modeling
and learning framework for monocular 3D object detection.
MonoMH combines (i) Rol Division for diverse hypothe-
sis generation, (ii) soft Best-of-Many loss to learn multi-
modal 3D object configurations, and (iii) hypothesis filter-
ing to selectively retain hypotheses for confident and uncer-
tain objects. Extensive experiments validate its robustness
and effectiveness. As future work, we will explore better
uncertainty models and adaptive hypothesis filtering to fur-
ther enhance MonoMH.
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