This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it isidentical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.

RARE: Learn to RAnk and REtrieve for Monocular 3D Object Detection

Hyeonjeong Park!  Peixi Xiong?

Xiaoqian Ruan'

Dian Jia!  Pei Yu? Wei Tang'

'University of Illinois Chicago Intel *Microsoft

{hpark233, xruan9,djia’, tangw}@uic .edu, peixi.xiong@intel.com, pei.yu@microsoft.com

Abstract

Monocular 3D object detection from a single RGB im-
age remains challenging due to two fundamental chal-
lenges: the ill-posed nature of 3D localization, where
multiple plausible configurations can correspond to the
same 2D observation, and unreliable confidence estima-
tion that fails to reflect true localization accuracy. Ex-
isting methods predict deterministic 3D boxes that often
collapse to implausible mean estimates and rely on ab-
solute confidence scores that are highly sensitive to lo-
calization errors. This paper introduces RARE, a unified
framework that addresses both challenges through learn-
ing to rank and retrieve. RARE formulates confidence es-
timation as a ranking problem, learning to order detec-
tions by their relative quality rather than regressing ab-
solute values. It provides more robust and stable confi-
dence estimates that are less sensitive to localization un-
certainty. Building on this improved confidence estimator,
RARE learns to construct a query set for each object that
predicts multiple diverse and plausible 3D configurations,
and retrieves the top-ranked prediction. It explicitly models
the multimodal nature of monocular 3D perception and pro-
duces more plausible localizations. Extensive experiments
demonstrate the effectiveness of RARE. The code is avail-
able at https://github.com/HyeonjeongPark37/RARE.

1. Introduction

Monocular 3D object detection aims to detect objects in 3D
space from a single RGB image. It is a core perception
task for autonomous driving, robotics, and aerial systems,
offering a low-cost and easily deployable alternative to the
LiDAR setup. Monocular 3D detection involves three sub-
tasks: localization, estimating an object’s position, size, and
orientation in 3D space; classification, identifying its se-
mantic category; and confidence estimation, assessing how
likely a detection corresponds to a true positive. Among
these, classification has been largely solved: for example,
modern 2D detectors [43, 67] achieve over 90% mAP for
car detection on the KITTI benchmark. However, accurate
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Figure 1. Comparison between conventional monocular 3D de-
tection and our proposed method. (a) Conventional detectors
predict deterministic 3D boxes that often collapse to implausible
mean estimates and rely on absolute confidence scores that are
sensitive to localization errors. (b) RARE improves both 3D local-
ization and confidence estimation by constructing a query set for
each object that predicts multiple diverse and plausible 3D config-
urations, and formulates 3D detection as a ranking-and-retrieval
process.

3D localization and reliable confidence estimation remain
significant challenges.

To improve 3D localization accuracy, extensive re-
search [16, 30, 35, 43] has focused on developing neural
architectures tailored for monocular 3D detection. More re-
cent works [20, 34, 45] integrate geometric modeling with
data-driven learning to enhance spatial reasoning. Never-
theless, localization remains difficult because the task is in-
trinsically ill-posed: multiple plausible 3D configurations
can correspond to the same 2D observation, even when ge-
ometric constraints are applied (see Sec. 3.2 for a formal
analysis). Existing methods predict a single deterministic
3D box for each object, which often collapses into a mean
estimate that does not correspond to any plausible solution.

Confidence estimation is equally critical, as it not only
directly impacts detection performance, e.g., true positive
rate and average precision, but also determines how trust-
worthy a perception system is. Early approaches [55] sim-
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ply reuse the classification score as a proxy for confidence,

which fails to reflect the reliability of 3D geometric esti-

mates. Later works introduce confidence measures based

on depth uncertainty [34, 67] or 3D box quality [50, 51].

However, recent diagnostic studies [36, 51] as well as

our own results (Sec. 3.1) show that confidence estimates

still substantially misalign with actual localization accuracy.

We conjecture a possible reason is that existing methods

regress absolute confidence values, which are highly unsta-

ble: small errors in estimated depth or orientation, which
are common in monocular setups, can drastically alter the
true confidence value.

This paper introduces RARE, a unified framework that
enhances both 3D localization and confidence estimation
through learning to rank and retrieve. RARE is built on
two key insights.

Confidence estimation should be relative, not abso-
lute. Instead of regressing only absolute confidence scores,
RARE learns to rank detections by their relative quality.
This is achieved through an integrated point-wise and pair-
wise ranking loss, which enforces both global calibration
and local ordering consistency. It eliminates the need to
predict the exact confidence values and instead focuses on
a more stable supervision signal: comparison between de-
tections within an image. Because the relative ranking of
detections is much less sensitive to localization errors, the
model learns a smoother, more generalizable mapping from
image features to detection reliability.

3D localization should be multimodal, not determin-
istic. Instead of directly regressing a single 3D box, which
tends to collapse to an implausible mean solution, RARE
learns to construct a query set for each object that predict
multiple diverse and plausible 3D boxes. Each hypothe-
sis represents a distinct possible spatial configuration of the
object. From each query set, RARE then retrieves the top-
ranked prediction as the final detection, using its learned
confidence scores as the retrieval criterion. This process
explicitly models the multimodal nature of monocular 3D
perception and yields more plausible localizations.

Our main contributions are summarized as follows:

* We formulate confidence estimation in monocular 3D ob-
ject detection as a learning-to-rank problem. Unlike con-
ventional absolute confidence learning, our joint point-
wise and pair-wise formulation produces confidence esti-
mates that are more robust to localization uncertainty.

* Building on the improved confidence estimator, we con-
struct a query set for each object which is learned to pre-
dict diverse and plausible 3D configurations and retrieve
the top-ranked one as the final prediction. It explicitly
models the multimodal nature of monocular 3D detection
to produce more plausible localizations.

* RARE integrates the ranking and retrieval formulations
into a single detection transformer model trained end-

to-end. Extensive experiments demonstrate that RARE
outperforms state-of-the-art monocular 3D detectors. We
will make the code publicly available.

2. Related work

Monocular 3D object detection lifts 2D detections to 3D
from a single image but faces severe depth ambiguity. Many
methods mitigate this by adding auxiliary signals, such as
LiDAR-based training/distillation [15, 30, 39, 42, 46, 60],
CAD priors [24, 33], video [4, 56], or depth [40, 54, 57].
While effective, they require extra sensors or computational
overhead, motivating image-only approaches that train and
infer from a single image for practical deployment.

Most monocular 3D detectors build on convolutional
(conv.) architectures [3, 10, 20, 26, 32, 34, 35, 58, 61], and
transformer/DETR-style models have also been explored.
For instance, MonoDTR [15] uses a depth-aware trans-
former, and MonoDETR [67] derives object-level depth la-
bels to improve a depth-aware decoder. MonoDGP [43]
models geometry error with a decoupled decoder. Notably,
most still retain conv. backbones, which provide multi-
scale features and reduce feature size for computational ef-
ficiency. Complementary work [29, 37] explores test-time
and domain adaptation to address distribution shift. Despite
these advances, most image-only methods output a single
3D estimate per 2D detection, which can collapse to an im-
plausible mean across modes. This motivates predicting
multiple 3D box candidates per 2D object and raises the
central question of how to score and select them effectively.

Set-based prediction is a natural fit for monocular 3D
detection, where the mapping from a single image to a 3D
box is underdetermined. In 2D detection, DETR-style vari-
ants [8, 68, 71] densify supervision with one-to-many label
assignment, allowing multiple positives to match a single
ground truth, thereby improving recall. For other 3D vision
tasks, such as human/hand pose estimation and reconstruc-
tion, mixture density networks [1, 21, 64] and multi-head
predictors [18, 22] are used to preserve multiple modes. U-
CMR [13] proposes a camera-multiplex objective to han-
dle multiple viewpoints by optimizing a soft average of re-
construction errors for single-view reconstruction. How-
ever, monocular 3D object detection has been less explored
from this perspective. Related ideas exist in anchor-based
work [3], which outputs several boxes per object. However,
they depend on predefined anchors, making performance
sensitive to anchor coverage and class bias. Multi-depth
approaches [25, 61, 67] focus on depth cues and can under-
represent overall 3D quality, while introducing additional
hyperparameters such as thresholds for depth/score fusion.
In contrast, inspired by camera-multiplex [13], we generate
a compact, data-dependent set of whole 3D box candidates
per object and retrieve the best one with a learned confi-
dence, without fixed anchors or external depth cues.
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Figure 2. Overview of the RARE framework. RARE introduces two new mechanisms for monocular 3D object detection to improve
confidence estimation and 3D localization. First, RARE learns to rank detections based on their relative quality rather than regressing
absolute scores, which enforces both global calibration and local ordering consistency (Sec. 3.1). Second, RARE learns to construct a
query set for each object that predicts multiple diverse and plausible 3D configurations and retrieves the top-ranked one based on the
learned confidence ordering (Sec. 3.2). The two mechanisms are integrated within a detection transformer architecture that is trained end-

to-end (Sec. 3.3).

Confidence is critical because, in evaluation and down-
stream decision making, predictions are ordered by the
score and then selected according to that ranking, so the
score should reflect localization quality (i.e., 3D IoU).
In monocular 3D, proxy scores have been proposed:
MonoDIS [50] derives a confidence from the 3D box re-
gression loss, and PL [51] encodes order only in the target
for relative confidence supervision, updating a single con-
fidence value. Uncertainty-based proxies also appear; for
example, GUPNet [34] converts depth uncertainty into a
3D confidence, yet depth alone may not capture full box
quality. In the point-cloud regime [47, 48, 53, 62], de-
tectors often optimize a 3D IoU head to guide NMS and
refinement, which is effective but not designed to super-
vise ranking. Meanwhile in 2D, ranking-oriented methods
have been extensively explored. They can be categorized
into point-wise [17, 23, 44, 66], pair-wise [5, 31, 38], and
list-wise [7, 59, 63] losses, depending on whether they su-
pervise individual boxes, box pairs, or entire ranked lists.
Point-wise losses push predicted IoUs toward one and use
IoU-aware classification confidences for individual boxes;
pair-wise losses impose relative ordering between box pairs
(e.g., within the positive set or between positives and neg-
atives), and list-wise losses directly optimize surrogates of
ranking metrics (e.g., AP) over the entire ranked list. By
contrast, we supervise the ranking with a joint point-wise
(IoU-aligned confidence regression) and pair-wise (IoU-
ordered constraints) objective, without defining positive or

negative sets. Rather than pushing IoU predictions toward
one, RARE learns a confidence aligned with true 3D box
quality so that the score encodes the relative quality of com-
peting predictions and enables reliable retrieval.

3. Method

Monocular 3D object detection aims to infer object classes,
3D bounding boxes, and confidence scores from a single
RGB image. We propose RARE, a novel rank-and-retrieve
framework, to improve the confidence estimation and 3D
localization accuracy. It includes two new mechanisms for
monocular 3D object detection. First, RARE learns to rank
detections based on their relative quality rather than regress-
ing absolute scores, which enforces both global calibration
and local ordering consistency. Second, RARE learns to
construct a query set for each object that predicts multiple
diverse and plausible 3D configurations and retrieves the
top-ranked one based on the learned confidence ordering.
We describe the learning-to-rank and learning-to-retrieve
formulations in Sec. 3.1 and Sec. 3.2, respectively, and sum-
marize the RARE architecture in Sec. 3.3.

3.1. Learning to Rank

Motivation. Confidence estimation is crucial for monocu-
lar 3D object detection, as it affects both detection perfor-
mance and the trustworthiness of a perception system. Ex-
isting methods learn an absolute confidence score for each
3D detection, typically using depth uncertainty or IoU with
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the ground truth. However, recent diagnostic studies and
our own observations in Fig. 3 show that confidence es-
timates still substantially misalign with actual localization
accuracy. We conjecture that a possible reason is that ab-
solute confidence values are highly unstable: small errors
in estimated depth or orientation, which are common in
monocular setups, can drastically alter the true confidence.
This motivates us to explore a different confidence model
that learns to rank detections by their relative quality in-
stead. As shown in Fig. 3, this substantially improves the
confidence estimates and detection performance of a Mon-
oDETR baseline.

Ranking-based Confidence Learning. For a detected
object with 3D box b; and class vy;, its ground truth confi-
dence ¢; should depend on both the accuracy of the 3D box
and the correctness of the class. Therefore, we formulate
the following definition:

& = max §(y; = §;)ToU3D(b;, b;) M)
J

where g; and l;j are the class and 3D box of the j-th ground
truth object, respectively, § is an indicator function return-
ing 1 for a true statement and O otherwise, and IoU3D cal-
culates the IoU between two 3D boxes.

RARE learns to rank 3D detections by their relative qual-
ity, based on an integrated point-wise and pair-wise ranking
loss:

Crank _ Zpoint 4 epair (2)

The point-wise loss promotes consistency between the
confidence estimate and its corresponding ground truth:

. 1 R
gPoml — ﬁ Z(Cz _ Ci)Z (3)
1€D

where D is the set of 3D object detections predicted from
an image, and ¢; € (0, 1) is the estimated confidence. The
point-wise loss ensures that the learned confidence predic-
tions are aligned with its true quality. However, relying
solely on point-wise supervision makes the confidence esti-
mator sensitive to small localization errors.

The pair-wise loss enforces relative ordering between
pairs of detections. We first define the pair preference la-
bel as:

fi,j = sign(éi — éj) S {—17 +1} 4)
where i,7 € D index a pair of 3D object detections with

¢; # ¢;. Then, the pair-wise loss is formulated as a logistic
loss:

1
= 2 los(l+es(=ri; (5 - %) ©)
(

i,j)EP

Epair

where P is a set of randomly sampled detection pairs, and
z; € Ris the unnormalized confidence logit that converts to
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Figure 3. Confidence quality and 3D detection accuracy on
KITTI/Car (validation). (a) Confidence quality evaluated by the
rank (Spearman) and linear (Pearson) correlations between esti-
mated and ground truth confidence values. (b) AP3p for all diffi-
culties.

¢i € (0, 1) through a Sigmoid function. This term explicitly
enforces that detections with higher quality receive higher
confidence scores, thereby improving discriminability and
ranking consistency across examples.

Discussion. Altogether, the point-wise term provides a
global confidence calibration, while the pair-wise term re-
fines local ordering relationships among detections. Em-
pirically, we find that using only the pair-wise loss leads
to slow convergence and unexplainable confidence scores.
The joint optimization of point-wise and pair-wise objec-
tives provides the best of both worlds: the point-wise term
anchors the confidence range, while the pair-wise term
sharpens the relative ranking.

It is worth noting that our learning-to-rank formula-
tion differs from conventional ranking or sorting losses in
2D object detection [31, 38], which partition predictions
into positive (i.e., foreground) and negative (i.e., back-
ground) sets and optimize their separation. Such binary
separation schemes need to pre-define an evaluation metric-
dependent IoU threshold to distinguish positives from neg-
atives. Moreover, these formulations treat all positive or
negative samples equally and ignore their relative quality.
As a consequence, the model is not explicitly encouraged
to rank higher-quality detections above lower-quality ones.

3.2. Learning to Retrieve

Motivation. In monocular 3D object detection, multiple
plausible 3D configurations can correspond to the same 2D
observation even after applying geometric constraints, e.g.,
an object has a known physical size and lies on the ground.
Inspired by prior work [25, 35, 41, 49, 69], we provide a
formal analysis of this phenomenon. Consider a simple yet
realistic camera setting, where the optical axis is parallel to
the ground. Based on the pinhole camera model, the depth
D of an object on the ground can be estimated from the fo-
cal length f, the observed object height / in the image, and
the known physical height H: D = f - H/h. If the visually
observed height increases by one pixel, the estimated depth
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becomes D' = f- H/(h+1), yielding the depth difference:

f-H f-H D?

- h h+1 f-H+D’

This formulation shows that the depth variation induced
by a one-pixel change increases with distance. Due to image
quantization, as D grows, a single-pixel difference in image
space leads to a substantial change in 3D depth, introducing
inherent ambiguity. To ground this observation, consider
KITTI with focal length f ~ 721.54 pixels and average
car height H ~ 1.5 m. At depths of 20 m, 30 m, and 40
m, the corresponding depth variations induced by a one-
pixel change are approximately 0.36 m, 0.81 m, and 1.43
m, respectively.

As a result, multiple distinct 3D configurations can pro-
duce nearly identical 2D observations. A standard single-
point regression model therefore tends to predict their con-
ditional mean, often leading to physically implausible esti-
mates. This “mean-collapsing” effect is well known in the
machine learning literature [1, 2, 52].

Query Set Construction, Learning, and Retrieval. To
address this issue, RARE learns to construct a query set for
each object that predicts multiple diverse and plausible 3D
configurations to capture the multimodal nature of monoc-
ular 3D perception. From each query set, RARE then re-
trieves the top-ranked prediction as the final detection, using
its learned confidence scores as the retrieval criterion.

Following Deformable DETR [70], we first locate re-
gions of interest (Rols) on the feature map obtained by the
transformer encoder and then use Rol features to generate
content-dependent object queries, which speed up conver-
gence compared to random initialization. Instead of gener-
ating a single query per Rol, we construct a set of K queries
for each object:

D-D

(6)

{@i1,- G} =MLP(FY), i=1,....N (7

where F?OI denotes the features of the i-th Rol, and N is
the number of Rols. All queries are processed by the trans-
former decoder. Each updated query predicts a candidate
3D box by = (@ik,dik, Sik,0ir) along with its con-
fidence score c; i, where x; j, denotes the 2D center, d; j
the depth, s;; the 3D size, and 0; ;, the yaw. Each set
{bi1,...,b; k} represents K possible 3D configurations
for the object in the i-th Rol.

We design a 3D box multi-hypothesis loss to encourage
the query set to predict 3D boxes that are both plausible
and diverse. Let M be the number of Rols in a mini-batch.
For each Rol, we convert the confidence logits of K hy-
potheses into a probability distribution: {p; 1,...,pix} =
Softmax({z;1,...,%, K }). Theloss is defined as

. 1 M K
[, :Mz:k

K
Pikl™ (bik, bi) + > ok — %] ®)
1 k=1

where £°°% is a common 3D box regression loss (see supple-
mentary material), and p; = ﬁ Zf\il Dik 1is the average
selection probability of the k-th hypothesis in the batch.

The first term softly aggregates box regression errors
across hypotheses, weighting each by its selection proba-
bility. This probabilistic weighting encourages the model to
pull confident hypotheses closer to the ground truth while
providing gentle guidance to less certain ones. The second
term regularizes the selection distribution by penalizing de-
viation from a uniform prior, thereby preventing the model
from collapsing its probability mass onto a few dominant
hypotheses and promoting diversity within each query set.

During inference, the final 3D detection for each ob-
ject is retrieved as the top-ranked prediction from the corre-
sponding query set:

{(bs =, iy Cipr) - K" = argmkaXCz‘,k;i =1,....,N} 9

where the object class y; is predicted from the Rol features.

3.3. Summary of RARE

RARE integrates learning-to-rank and learning-to-retrieve
within a detection transformer architecture that is trained
end-to-end. Given an RGB image, a DLA34 backbone [65]
extracts multi-scale feature maps, which are then processed
by a multi-scale deformable self-attention encoder. Mean-
while, an aggregated feature map is fed to a 2D head to
locate Rols by predicting centerness, 2D size, and 2D offset
heatmaps. We retain the top-N Rols based on their center-
ness scores. For each Rol, we use Rol Align to extract its
features, generate a set of K queries through an MLP, and
predict the object class probabilities. A deformable trans-
former decoder updates the queries by attending to visual
tokens obtained from the encoder. Each updated query pre-
dicts a 3D bounding box and a confidence score.
The learning objective includes three losses:

Eall _ )\ZDEZD + A3D£3D + Arankﬁrank (10)

where \ denotes a balancing hyper-parameter. £2° is mean
square error loss between the predicted 2D heatmaps and
the corresponding ground truth. £3P and £ have been
introduced in Sec. 3.2 and Sec. 3.1. At inference, RARE
retrieves the top-scoring candidate per Rol as the final pre-
diction based on the learned confidence score.

4. Experiments
4.1. Setup

Datasets and Evaluation Metrics. @ We evaluate our

method on KITTI [12] and nuScenes [6] benchmarks.

* KITTI includes 7,481 training and 7,518 test images. Fol-
lowing the common split [9], we use 3,712 images for
training and 3,769 for validation. The dataset defines
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AP3pia0 APppv a0 Ped., AP3p |40 Cyc., AP3p4

Methods Easy Mo&. Hard | Easy Mod.‘ Hard Methods Easy Mod? : (Hard Easyy Modd. ‘ I[ilard
CaDDNT [46] (°21) 19.17 13.41 1146 | 2794 1891 17.19 CaDDNT [46] (°21) 12.87 8.14 6.76 7.00 341 3.30
MonoDTRT [15] (°22) 2199 1539 12.73 | 2859 20.38 17.14 MonoDTR' [15] (°22) 15.33 10.18 8.61 505 327 3.19
DID-M3DT [40] (°22) 2440 1629 13.75 | 3295 2276 19.83 CMKDT [14] (22) 17.79  11.69 10.09 | 9.60 524 450
CMKD' [14] ('22) 25.09 1699 1530 | 33.69 23.10 20.67 OM3DT [42] ("24) 14.68 9.15 7.80 7.37 356 284
LPCGT [39] (22) 2556 17.80 1538 | 3596 24.81 21.86 MonoTAKD' [30] (°25) | 16.15 1041 9.68 | 13.54 723 6.86
MonoNeRD' [60] (23) | 22.75 17.13 15.63 | 31.13 23.46 20.97 MonoDLE [35] ("21) 9.64 655 544 | 459 266 245
OM3D' [42] (24) 2555 17.02 1479 | 3538 24.18 21.37 GUPNet [34] (°21) 1472 9.53 7.87 418 2.65 2.09
MonoTAKD! [30] (25) | 27.91 19.43 16,51 | 3875 27.76 24.14 DEVIANT [20] (*22) 1343 865 7.69 | 505 313 259
MonoDLE [35] (21) 1723 1226 1029 | 2479 18.89 16.00 MonoCon [32] (22) 1310 841 694 | 280 192 155
GUPNet [34] (°21) 20.11 1420 1177 | - - - MonoJSG [27] (22) 11.02 749 641 | 545 321 257
DEVIANT [20] (°22) 21.88 1446 11.89 | 29.65 2044 1743 MonoDDE [25] (°22) 11.13  7.32 6.67 5.94 378 3.33
MonoCon [32] (°22) 2250 1646 1395 | 31.12 22.10 19.00 MonoDETR [67] (°23) 12.65 7.19 6.72 512 274 202
GeoAug [28] (°22) 2341 1526 12.80 | 31.58 20.75 17.66 DDML [10] ('23) 1490 1028 870 | 538 289 283
MonoJSG [27] (°22) 2469 16.14 13.64 | 3259 21.26 18.18 MonoUNI [16] (*23) 1578 1034 874 | 734 428 3.78

MonoDDE [25] (°22) 2493 17.14 15.10 | 33.58 23.46 20.37
MonoDETR [67] (23) | 25.00 16.47 13.58 | 33.60 22.11 18.60

DDML [10] (°23) 2331 1636 1373 | - - .
MonoUNI [16] (°23) 2475 1673 1349 | - . .

FD3D [58] ("24) 2538 17.12 1450 | 3420 2372 20.76
MonoCD [61] (*24) 2553 1659 1453 | 3341 2281 19.57
MonoDGP [43] ('25) 2635 1872 1597 | 35.24 2523 22.02
RARE 28.83 19.57 17.38 | 38.46 26.37 23.46

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

three difficulty levels (Easy, Moderate, Hard) based on
occlusion, truncation, and the minimum height of a 2D
bounding box. We report AP3p 49 and APy |49 (bird’s-
eye view) using IoU thresholds of 0.7 for ‘Car’ and 0.5 for

‘Pedestrian’ and ‘Cyclist’ [50].

* nuScenes consists of 28,130 images and 6,019 validation
images captured from the front camera. We use the vali-
dation set for cross-dataset evaluation following [20, 26].
After matching predictions to the ground truths based on
an loUsp overlap threshold of 0.7, we compute the mean
absolute error (MAE) of the depths of the predictions and
the ground truth boxes [49].

Implementation Details. RARE is trained on two
NVIDIA A100 GPUs with a total batch size of 32. We
adopt Hierarchical Task Learning (HTL) [34] with a linear
warm-up strategy for stable training. To mitigate the limited
dataset size, we apply MixUp3D [26] and DivAlign [11] as
data augmentation. We use the Adam optimizer [19] with
an initial learning rate of 0.001 and train for 800 epochs.
We set A\2P and AP to 1, while A" is set to 10 for ¢Point
and 0.5 for /P¥", Each Rol is pooled to 7x 7 and the number
of candidate queries K is set to 3. The transformer uses 3
encoder and 3 decoder layers with 8 attention heads; all hid-
den dimensions are 256. At inference, detections with 2D
scores below 0.2 are discarded, and we do not apply NMS.

4.2. Main Results

Results on Car Category of KITTI Test Set. Tab. |
compares RARE with recent state-of-the-art methods
on the KITTI test set for the Car category. RARE

MonoDGP [43] (°25) 1504 989 838 | 528 282 2.65
RARE 1485 1079 9.04 | 11.17 5.96 5.28

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

KITTI Val. nuScenes frontal Val.
0-20 20-40 40+ All | 0-20 20-40 40+ Al
MonoRCNN [49] | 046 127 259 1.14 | 094 2.84 8.65 239
GUPNet [34] 045 1.10 1.85 0.89 | 082 170 6.20 145
DEVIANT [20] 040 1.09 1.80 0.87 | 076 1.60 4.50 1.26
MonoCon [32] 040 108 1.78 0.85| 078 1.65 6.02 140
MonoUNI [16] 038 092 179 0.87 | 072 1.79 498 143
MonoCD [61] 037 1.04 172 083|073 159 578 133
RARE 035 094 1.67 0.69 | 0.59 148 4.03 1.05

Methods

Table 3. Cross-dataset depth evaluation on Car category of
KITTI and nuScenes validation (Val.) sets. Models are trained
on the KITTI training split and evaluated by depth MAE (lower
is better) on the KITTI val. set (within-dataset reference) and the
nuScenes frontal val. set (cross-dataset generalization). Best and
second-best results are shown in bold and underlined, respectively.

achieves the highest AP3pj4 and APppy 40 across all
difficulty levels, yielding substantial margins over the
second-best monocular approach, MonoDGP. Specifically,
RARE attains relative gains of 9.4%/4.5%/8.8% in
AP3p|so and 9.1%/4.5%/6.5% in APpgv 4 on the
Easy/Moderate/Hard levels, respectively. Despite relying
solely on monocular RGB supervision, RARE also remains
competitive with LiDAR-augmented approaches such as
MonoTAKD', outperforming it on AP3p|40 with rela-
tive gains of 3.3%/0.7 %/5.3 % while achieving comparable
APpEv |40 across all difficulty levels. This demonstrates
that our ranking-and-retrieval framework is significantly ef-
fective at handling the inherent 3D ambiguity in a purely
monocular setting.

Results on Pedestrian and Cyclist Categories of KITTI
Test Set. In Tab. 2, we report AP3p 40, the standard
metric for ‘Pedestrian’ and ‘Cyclist’ on the KITTI test
set. For ‘Pedestrian’, RARE achieves better or compara-
ble performance across all difficulty levels, with relative

11561



Learn to Rank Learn to Retrieve | Easy Mod. Hard
2493 19.04 16.57

v 26.54 21.15 18.20
v 27.81 20.64 17.56
v v 28.58 22.05 19.21

Table 4. Overall ablations on ranking and retrieval. Learn
to Rank consists of point-wise and pair-wise ranking-based con-
fidence losses, while Learn to Retrieve comprises query set con-
struction, learning and retrieval.

gains of 4.4% and 3.4% over the second-best monocu-
lar method, MonoUNI, on the Moderate and Hard lev-
els, respectively. The gains are most pronounced for
‘Cyclist’, where RARE surpasses the second-best method
with large relative improvements of 52.2%/39.3%/39.7 %
on the Easy/Moderate/Hard levels, respectively. Remark-
ably, RARE also effectively narrows the gap to LiDAR-
augmented approaches such as MonoTAKD' across both
categories. These results highlight that the learning to rank-
and-retrieve framework is particularly well-suited to sce-
narios with large depth ambiguity caused by small-scale or
slender objects, where single-point 3D box regression often
becomes unreliable.

Cross-dataset Evaluation. Tab. 3 reports depth mean
absolute error (MAE) for models trained solely on the
KITTI training split and then frozen. We evaluate each
model both on the KITTI validation set (within-dataset
for reference) and on the nuScenes frontal validation split
(cross-dataset generalization). RARE achieves the best
or comparable MAE across all distance ranges on both
datasets, overall outperforming recent monocular 3D de-
tectors, indicating that it learns depth-aware representations
that transfer well under dataset shift, even without any ded-
icated depth-specific component. Notably, RARE even sur-
passes MonoCD, which explicitly leverages multiple depth
cues. This suggests that explicitly modeling the multimodal
nature by ranking and retrieving multiple plausible 3D hy-
potheses can be more effective than relying solely on depth-
specific components.

4.3. Ablation Studies

In this subsection, we further analyze the effectiveness
of key components. Our baseline employs a single-point
prediction (i.e., one candidate per Rol) and uses a depth
uncertainty-based confidence score, following conventional
schemes such as MonoDETR [67]. Unless specified other-
wise, we set the number of queries per object to three and
report results for the ‘Car’ category on the KITTI validation
set using the AP3p)|49 metric (denoted as AP3p for brevity).

Effectiveness of Each Component. Tab. 4 analyzes the
contribution of ranking (Sec. 3.1) and retrieval (Sec. 3.2).
First, even though the model still outputs a single-point es-
timate per object, adding ranking-based confidence learn-

Methods Pearson Spearman | Easy Mod. Hard
Baseline 0.540 0.480 2493 19.04 16.57
Point-wise only | 0.827 0.650 26.48 20.15 17.06
Pair-wise only 0.820 0.719 25.02 2051 17.81
Ours 0.825 0.754 26.54 21.15 18.20

Table 5. Ablations on confidence learning. Four different meth-
ods are compared in terms of confidence estimation and 3D object
detection (AP3p). Confidence estimation is evaluated by the lin-
ear (Pearson) and rank (Spearman) correlations between estimated
and ground truth confidence values. Higher is better.

ing, jointly optimizing point-wise and pair-wise losses, al-
ready yields clear gains over the baseline, whose depth-
uncertainty—based confidence is only weakly correlated
with true 3D quality, as shown in Fig. 3a. This shows that
reshaping scores to respect the 3D IoU-based ordering alone
can substantially improve box selection under the same ge-
ometric predictions. Second, enabling retrieval without the
ranking loss encourages the network to generate diverse,
plausible 3D hypotheses and again surpasses the baseline,
despite still relying on the weak depth uncertainty-based
confidence for selection.

Finally, our full model, RARE, which combines both
ranking and retrieval, achieves the best performance with
relative gains of 14.6%/15.8%/15.9% over the baseline
on the Easy/Moderate/Hard levels, respectively. The im-
provement is larger than that of either component alone,
indicating a strong synergy: the ranking loss provides re-
liable confidence to choose among candidates, while the re-
trieval module supplies rich, multimodal hypotheses for the
ranking to act on. Together, they transform a single-point,
uncertainty-scored predictor into a framework that can ef-
fectively sort and retrieve multiple plausible 3D boxes.

Learning to Rank. To further analyze the effect of
ranking-based confidence learning (i.e., Eq. 2) without re-
trieval, we compare four variants of confidence: depth-
uncertainty (baseline), point-wise only, pair-wise only, and
ours (joint point- and pair-wise learning), using three di-
agnostics: Pearson (linear calibration), Spearman (mono-
tonic ranking), and APsp in Tab. 5. The baseline shows
only moderate correlation with true 3D IoU and relatively
low AP3p. Introducing only the point-wise loss sub-
stantially improves Pearson correlation (0.540 to 0.827)
and yields clear APsp gains, but its ranking alignment
(Spearman) remains weaker than the pair-wise counter-
part. Conversely, using only the pair-wise loss leads to
stronger monotonic agreement with IoU (Spearman 0.719)
and higher AP3p than the baseline, at the cost of slightly re-
duced linear calibration. Our full variant, which jointly op-
timizes both, achieves the best balance, with near-optimal
Pearson (0.825), the highest Spearman (0.754), and con-
sistently superior APsp across Easy/Moderate/Hard. This
confirms that combining point-wise calibration and pair-
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Methods Easy Mod. Hard

Baseline 2493 19.04 16.57
Naive learning 2591 19.85 16.86
Retrieval learning 26.44 1999 17.00

Retrieval learning loss w/ reg. | 27.81 20.64 17.56

Table 6. Ablations on retrieval learning. Four different types of
objectives are compared using 3D localization quality (AP3p).

wise ordering is crucial for learning confidence that is both
well-calibrated and rank-faithful.

Learning to Retrieve. To verify the effect of retrieval
(i.e., Eq. 8), we use the same depth uncertainty-based con-
fidence as the baseline and vary only the training loss for
candidate queries, as presented in Tab. 6. We first apply a
naive query set objective, where all queries for an object are
supervised equally against the same ground truth, similar to
group-based training in prior work [8]. The result is slightly
better than the baseline, as different query initializations can
produce mildly diverse outputs. But it provides no explicit
incentive to maintain diversity and thus remains vulnerable
to collapse, where all candidates converge to nearly iden-
tical boxes. We then adopt our retrieval learning, corre-
sponding to the first term in Eq. 8, which performs retrieval-
aware supervision over multiple hypotheses and further im-
proves AP3p. However, the model may still under-exploit
the multimodal nature of 3D geometry since a single query
can dominate the learning signal. Finally, adding the second
regularization term, which explicitly encourages diverse yet
plausible candidates, yields the best performance. This pro-
gression shows that simply increasing the number of queries
is insufficient; retrieval-aware supervision together with di-
versity regularization is crucial for turning multiple candi-
dates into complementary 3D hypotheses.

Geometric Diversity. Our learning-to-retrieve loss in
Eq. 8 induces a mixture-like behavior, where multiple hy-
potheses compete via responsibility weights and specialize
in different regions of the solution space. Fig. 4 shows the
pair-wise dissimilarity among hypotheses as a function of
distance. Geometric diversity increases with distance for
depth, orientation, and IoU, while remaining relatively sta-
ble for height. This pattern reflects the underlying projec-
tive geometry: depth is highly sensitive to pixel-level vari-
ations at long range, whereas height is more constrained by
physical priors. Moreover, the depth range covered by mul-
tiple hypotheses (e.g., 0.45 x 3 = 1.35 m at 40 m) closely
matches the depth variation induced by pixel quantization
(e.g., VD = 1.43 m at 40 m). This suggests that the learned
hypotheses adapt to the intrinsic ambiguity of the imaging
process, producing diverse yet physically meaningful can-
didates that cover plausible 3D configurations.

Computational Efficiency. Tab. 7 compares compu-
tational efficiency of RARE against recent DETR-based
methods. RARE offers a favorable accuracy—efficiency
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Figure 4. Geometric diversity of multi-hypothesis predictions
across distance.

Test, Mod. AP3p  Params. (M) Runtime (ms)
MonoDETR [67] 16.47 35.9 28.9
MonoDGP [43] 18.72 38.9 36.5
Ours 19.57 329 353

Table 7. Computational efficiency and accuracy comparison.
Model size (Params.) and per-image inference time are measured
with each model’s official code on a single A100 GPU, averaged
over the KITTI validation set, while AP3p is reported on the
KITTI test set for the Car category. Lower is better for Params.
and runtime, and higher is better for AP3p.

trade-off: it has the smallest model size, significantly out-
performing the other methods on Moderate difficulty on the
KITTT test set for Car category, and adds only a modest run-
time overhead compared with MonoDETR. Notably, RARE
is both smaller and slightly faster, yet more accurate com-
pared with the most recent method, MonoDGP.

5. Conclusion

In this work, we present RARE, a novel framework that
tackles the fundamental challenges of confidence estima-
tion and 3D localization in monocular 3D object detection
through a unified ranking and retrieval approach. By refor-
mulating confidence estimation as a ranking problem rather
than absolute regression, RARE produces more robust and
stable confidence scores that better reflect true localization
quality. Combined with its ability to predict and retrieve
from multiple diverse 3D configurations, RARE explicitly
addresses the inherent multimodal uncertainty in monocular
3D perception. Our extensive experimental results validate
the effectiveness of this approach.
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