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Abstract. Monocular 3D object understanding has largely been cast as
a 2D RoI-to-3D box lifting problem. However, emerging downstream ap-
plications require image-plane geometry (e.g., projected 3D box corners)
which cannot be easily obtained without known intrinsics, a problem for
object detection in the wild. We introduce MoCA3D, a Monocular,
Class-Agnostic 3D model that predicts projected 3D bounding box cor-
ners and per-corner depths without requiring camera intrinsics at in-
ference time. MoCA3D formulates pixel-space localization and depth
assignment as dense prediction via corner heatmaps and depth maps.
To evaluate image-plane geometric fidelity, we propose Pixel-Aligned
Geometry (PAG), which directly measures image-plane corner and
depth consistency. Extensive experiments under an oracle-2D box pro-
tocol demonstrate that MoCA3D achieves state-of-the-art performance,
improving image-plane corner PAG by 22.8% while remaining compa-
rable on 3D IoU, using up to 57× fewer trainable parameters. Finally,
we apply MoCA3D to downstream tasks which were previously imprac-
tical under unknown intrinsics, highlighting its utility beyond standard
baseline models. Project page: https://jeoncwcw.github.io/moca3d/.

Keywords: Monocular 3D Understanding · Dense Prediction · Pixel-
Aligned Geometry

1 Introduction

Monocular 3D object understanding is a long-standing goal in computer vision,
with applications in augmented reality [22, 32, 40], robotics [15, 42], and visual
servoing/control [8]. Most monocular 3D approaches [5, 20, 21, 56] represent an
object as a compact 3D entity in camera/world coordinates, such as an oriented
cuboid or a 6D pose. They are typically trained and evaluated in this 3D pa-
rameter space, and image-plane geometry is obtained only by projecting these
3D representations back to pixels when needed.

However, an increasing number of downstream applications (e.g., diffusion-
based editing, controllable generation) consume geometry primarily in the image
plane [3, 11, 31, 36, 47, 50, 54, 55]. In particular, they require accurate projected
3D bounding box corners (often with assigned depths) to enforce perspective-
consistent layout and spatial control. This mismatch highlights a key limitation
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of existing monocular 3D pipelines: projected 3D corners are only actionable
when camera intrinsics are known, which are often unavailable or inconsistent
in real-world settings.

A natural alternative is to predict the required image-plane geometry directly
from the RoI, as most instance lifting models attempt via direct regression of box
or pose parameters. However, Yu et al . [52] observe that direct corner regression
is inherently sparse, providing limited gradient signals and potentially degrading
performance; we therefore cast geometry recovery as a dense prediction task.

We propose MoCA3D, designed explicitly for image-plane-aligned recovery.
Given a single RGB image and a tight oracle 2D bounding box, MoCA3D pre-
dicts projected 3D box corners and per-corner depths. Importantly, MoCA3D
does not require camera intrinsics at inference time. When intrinsics are avail-
able at evaluation, we can lift corners and depths into a shared 3D representation
for fair comparison with monocular 3D detection baselines.

To realize accurate image-plane geometry from only a box, MoCA3D de-
parts from standard RoI-to-vector regression in two key ways. (i) Leveraging
transformer image priors. Instead of treating the box only as a crop, we
encode the box into a spatial prior that conditions dense image tokens, and fur-
ther inject box embeddings through cross-attention so that every spatial token
can directly incorporate the instance specification. (ii) Dense prediction for
corners and depth. To avoid sparse supervision, we cast recovery as dense pre-
diction: MoCA3D produces eight corner heatmaps and per-corner depth maps,
followed by differentiable soft-argmax extraction and depth sampling. This de-
sign yields stable gradients across the RoI and encourages pixel-to-geometry
alignment by construction.

A second challenge is evaluation: 3D metrics, such as 3D IoU, 3D corner
distance, and pose error, can obscure reprojection errors that matter for down-
stream controls. We therefore introduce Pixel-Aligned Geometry (PAG), a
complementary metric suite that directly measures projected-corner error in the
image plane (PAGuv) and depth error at the corners (PAGd). Together with a
3D-space corner metric (NHD) and IoU3D, PAG enables geometry-centric bench-
marking in both the image plane and 3D space, by mapping diverse outputs to
a unified evaluation protocol. We show that MoCA3D substantially improves
image-plane geometric fidelity over strong monocular 3D lifting baselines, while
remaining lightweight and efficient. Finally, we demonstrate the practical utility
of MoCA3D by integrating its outputs into controllable generation pipelines,
where accurate reprojection and depth ordering are essential.

Contributions. Our main contributions are:
– We propose MoCA3D, a box-conditioned, class-agnostic monocular 3D ob-

ject geometry model that directly predicts image-plane 3D geometry as pro-
jected cuboid corners and per-corner depths, without requiring camera in-
trinsics at inference.

– We reformulate box-conditioned monocular 3D recovery as a dense prediction
problem, using corner heatmaps and depth maps to provide richer supervi-
sion than direct RoI-to-3D regression.
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– We introduce Pixel-Aligned Geometry (PAG) to evaluate reprojection and
depth consistency in image space under an oracle-2D protocol, and show
that MoCA3D delivers strong gains in image-plane geometry and efficiency.

2 Related Work

Monocular 3D Object Detection. Early monocular approaches were largely
confined to specialized domains, such as autonomous driving [30, 33] or indoor
robotics [13]. However, these models struggle with “in the wild” scenarios due to
variations in camera intrinsics and a limited vocabulary of object classes. Cube
R-CNN [5] addressed these limitations by introducing a camera-agnostic virtual
depth space, enabling the first large-scale universal 3D detector trained on the
Omni3D benchmark.

Concurrently, keypoint-based detection [17,56] recasts object detection as key-
point estimation by predicting sparse landmarks such as box corners or cen-
ters as heatmaps and regressing box parameters. This paradigm has also been
adopted for monocular 3D detection: CenterNet-style designs regress 3D param-
eters (depth, dimensions, and orientation) at detected centers [19, 25, 45], while
RTM3D [20] predicts perspective keypoints of a 3D bounding box in the image
plane and recovers 3D boxes via geometric constraints. In contrast to predict-
ing sparse keypoints and regressing a compact 3D parameter vector, MoCA3D
directly predicts projected 3D box corners with per-corner depths via dense
heatmap and depth map prediction.

Coordinate Based Representations. A parallel line of research leverages
Normalized Object Coordinate Space (NOCS) [46] to bridge the gap between 2D
images and 3D geometry. While early NOCS methods were restricted to small-
scale indoor datasets, recent works like OmniNOCS [14] and SOCS [44] scale
this representation to hundreds of thousands of instances across diverse envi-
ronments. By predicting dense 3D coordinates and utilizing Perspective-n-Point
(PnP) solvers, these methods provide more granular shape information than tra-
ditional cuboid-regressing frameworks. Compared to these pipelines, MoCA3D
predicts pixel-aligned corner-depth pairs directly in the image plane, rather than
estimating object coordinates and solving for pose.

Open-World and Foundation Models. Recent advances have moved to-
ward open-vocabulary 3D detection. Rather than relying solely on 3D super-
vision, methods such as DetAny3D [53] and 3D-MOOD [49] leverage the rich
spatial priors of 2D foundation models (e.g., SAM [34], DINO [37]). These “lift-
ing” strategies allow for zero-shot generalization to novel categories and uncon-
strained camera configurations, representing the current state-of-the-art for 3D
perception in the wild. MoCA3D is complementary and similarly targets open-
world settings via class-agnostic, box-conditioned geometry recovery.
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Fig. 1: MoCA3D architecture. Given an RGB image and a tight oracle 2D bounding
box, MoCA3D uses a frozen DINOv3 backbone and a box-conditioned 3D Geometry
Transformer with dense modules to predict eight corner heatmaps and per-corner depth
maps, yielding pixel-aligned projected 3D box corners and depths.

3 Method

3.1 Overview

Given a single RGB image I ∈ RH×W×3 and a 2D bounding box b = (x1, y1, x2, y2)

around an object instance, MoCA3D predicts the output as P̂ = {(p̂i, d̂i)}8i=1

where p̂i = (ûi, v̂i) denotes the image-plane box corner location (in pixels) and d̂i
is the corresponding depth. As illustrated in Fig. 1, MoCA3D consists of three
stages. (i) Backbone feature extraction, where a frozen ViT foundation
model produces a feature map Fdino ∈ RC0×hd×wd from I. We use DINOv3 [37]
to obtain geometry-aware embeddings. (ii) Box-conditioned 3D Geometry
Transformer, where the 2D box b is encoded into a spatial box prior map
that conditions the encoder and box embeddings for the decoder, enabling the
transformer to refine image tokens within the object extent. (iii) Dense geom-
etry heads, where lightweight upsampling layers feed two heads: a corner head
predicting eight corner heatmaps and a depth head predicting per-corner depth
maps.

3.2 3D Geometry Transformer

We build a box-conditioned transformer (Fig. 1 bottom left) following the canon-
ical formulation of Transformer [43] and the DETR-style encoder-decoder design
for vision [7].



MoCA3D: Monocular 3D Bounding Box Prediction in the Image Plane 5

Box prior map (relative-coordinate encoding) and Encoder. Starting
from the frozen DINOv3 [37] features Fdino ∈ RC0×hd×wd , we map them to
the transformer hidden size C and inject an explicit per-pixel box prior map
M(b) ∈ R4×hd×wd to condition dense tokens on the target instance. Specifically,
for each spatial location (x, y), we encode its position relative to the box using
four channels. Center-normalized offsets (dx, dy) which indicate whether a pixel
lies left/right or above/below the box center and box-normalized coordinates
(u, v) that measure the pixel’s relative location w.r.t. the top-left corner. We
project the prior map to the hidden dimension and inject it additively with a
learned gate:

Eprior = ψ(M(b)) ∈ RC×hd×wd , α = σ(γ), F̃ = F+ αEprior, (1)

where ψ(·) is a learnable projection and γ is a learnable scalar logit. We then add
a standard 2D positional encoding and flatten the feature grid into a sequence
of N = hdwd tokens. An Le-layer Transformer encoder contextualizes these
tokens with multi-head self-attention and feed-forward networks with residual
connections.
Decoder and box embeddings. Unlike detection transformers [7,18,23,29,57]
that use a small set of object queries to retrieve information from image features,
our goal is to refine dense image tokens for pixel-aligned prediction. We therefore
reverse the usual conditioning direction: the encoded image tokens act as queries,
while the box embeddings provide keys/values, so that every spatial token can
directly incorporate the oracle box signal. Concretely, we encode the oracle box
b into a small set of box embeddings B ∈ RC×Nq (we use Nq=9), then apply
an Ld-layer Transformer decoder that utilizes (i) self-attention over the image
tokens, (ii) cross-attention where image tokens attend to the box embeddings as
keys/values, and (iii) a feed-forward network, all with residual connections.

3.3 Dense Modules

Given the decoder output tokens, we reshape them back to the feature grid to ob-
tain a 2D feature map D ∈ RC×hd×wd . We fuse D with the box-conditioned back-
bone feature F̃ (Eq. (1)) using a lightweight fusion block, G = ϕfuse([D; F̃]) ∈
RC×hd×wd , where [·; ·] denotes channel-wise concatenation. We then progres-
sively upsample G with two lightweight stages to obtain a higher-resolution
feature map U ∈ RC/4×ho×wo for dense prediction. In our implementation, the
output resolution is ho = hd × 4, and the channel dimension is reduced from C
to C/4 for efficiency.
Dense prediction heads. From U, we predict (i) eight corner heatmaps and
(ii) per-corner depth maps using two small convolutional heads:

H = ϕhm(U) ∈ [0, 1]8×ho×wo , Z = ϕdep(U) ∈ R8×ho×wo
+ , (2)

where H and Z denote heatmap and depth map, and ϕhm and ϕdep denote corner
head and depth head. ϕhm ends with a sigmoid activation to ensure a bounded
heatmap interpretation consistent with the target heatmap values defined in our
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loss (Sec. 3.4), facilitating stable alignment between predictions and supervision.
In contrast, ϕdep ends with a softplus [10] to enforce non-negative depths. We
initialize the heatmap head bias to encourage low initial activations, which helps
stabilize early-stage training.
Soft-argmax [28] corner extraction and depth sampling. We convert each
corner heatmap Hi into a continuous coordinate p̂i ∈ R2 using a differentiable
soft-argmax function. Concretely, soft-argmax first forms a spatial probability
distribution by applying a softmax over all locations with an inverse-temperature
β:

πi(x, y) =
exp(βHi(x, y))∑

x′,y′ exp(βHi(x′, y′))
, (3)

and returns the expected coordinate under πi:

ûi =
∑
x,y

xπi(x, y), v̂i =
∑
x,y

y πi(x, y), p̂i = (ûi, v̂i). (4)

The larger β approaches the hard argmax (more peak-like responses), while
smaller β yields smoother averaging, allowing sub-pixel localization with stable
gradients. Finally, we sample per-corner depths from Z at the predicted corner
locations using bilinear interpolation.

d̂i = Sample(Zi, p̂i) , i = 1, . . . , 8. (5)

For consistency with our evaluation setting, the coordinates are scaled from
the heatmap grid back to the image resolution, yielding the final predictions.
P̂ = {(p̂i, d̂i)}8i=1.

3.4 Loss

We supervise MoCA3D with a peak-weighted heatmap regression loss and a
coordinate-level refinement loss for corner localization, together with a confidence-
weighted depth loss. Let {pi}8i=1 and {di}8i=1 denote the ground-truth projected
corners and depths.
Target heatmap generation. By placing a Gaussian-like peak around each
ground-truth corner, we construct a soft target heatmap W ∈ [0, 1]8×ho×wo :

Wi(x, y) = exp

(
−∥(x, y)− pi∥22

2σ2
i

)
, (6)

where 2σ2
i is set adaptively based on the object size, following Yu et al . [52] (we

set 2σ2
i as the squared one-fifth of pixel distance between object’s 2D center and

each corner).
Peak-weighted heatmap loss (coarse). A naive heatmap regression treats
background and peak pixels similarly; however, peak supervision is inherently
sparse and can be overwhelmed by the vast background, leading to diffuse re-
sponses that are less informative for downstream coordinate extraction. To ex-
plicitly prioritize peak alignment, we upweight pixels whose target heatmap value
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Peak weight = 50.0a) Peak weight = 1.0b)

Fig. 2: Heatmap Comparison. Predicted corner heatmaps with (a) peak weight
= 50.0 and (b) = 1.0 (uniform). Larger peak weight sharpens and localizes responses
near GT corners, improving soft-argmax stability, while uniform weighting yields flatter
heatmaps.

exceeds a threshold τ :

Ai(x, y) =

{
λ, Wi(x, y) > τ,

1, otherwise,
(7)

where λ > 1 is a peak emphasis factor. We then apply robust regression loss:

Lcoarse =

∑
i,x,y Ai(x, y) · SmoothL1(Hi(x, y)−Wi(x, y))∑

i,x,y Ai(x, y) + ϵ
. (8)

As visualized in Fig. 2, increasing the peak weight concentrates gradients around
the true corner locations, producing sharper and more localized maxima, while
uniform weighting yields flatter and less reliable heatmaps.
Coordinate refinement loss (fine). To encourage accurate sub-pixel local-
ization, we apply a coordinate-level loss on the soft-argmax outputs:

Lfine =
1

8

8∑
i=1

SmoothL1(p̂i − pi) , (9)

Importantly, Lcoarse and soft-argmax make Lfine more effective: as the peak-
weighted coarse loss sharpens Hi, the soft-argmax concentrates around the true
mode, producing sub-pixel coordinates and cleaner gradients for refinement.
Confidence-weighted depth loss (pixel-aligned depth supervision). Fol-
lowing Cube R-CNN [5], MoCA3D regresses virtual depth to alleviate scale ambi-
guity, and supervises per-corner depth with a confidence-weighted loss in which
the predicted heatmaps act as per-pixel reliability weights. Let d̄i ∈ Rho×wo
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denote the ground-truth for that corner (broadcast to the heatmap grid). We
define:

Ldepth =

∑
i,x,y Hi(x, y) · SmoothL1

(
Zi(x, y)− d̄i

)∑
i,x,y Hi(x, y) + ϵ

. (10)

This formulation explicitly couples localization and depth estimation: pixel-
aligned heatmaps indicate where each corner is likely to lie, thereby focusing
depth supervision on spatial regions that are consistent with predicted corner
location. Consequently, more reliable heatmaps (Fig. 2) not only improve p̂i,
but also provide more accurate and stable sampling for per-corner depth.
Total loss and warm-up. The final objective is:

L = wcoarseLcoarse + wfineLfine + wdepthLdepth. (11)

We use a warm-up schedule: we first optimize only the coarse heatmap loss, then
enable the refinement and depth terms and linearly re-balance the weights over
training (wcoarse : 50→1, wfine : 0→2, wdepth : 0→5).

3.5 MoCA3D-Cube

To demonstrate MoCA3D’s adaptability to standard 3D bounding box pre-
diction, we design MoCA3D-Cube, a lightweight 3D bounding box adapter.
MoCA3D-Cube takes as input (i) MoCA3D’s projected corner coordinates p̂

and depth outputs d̂ and (ii) a RoI-aligned embedding pooled from the decoder
feature map. These features are concatenated and passed to a compact two-layer
Cube MLP that regresses a parametric 3D bounding box, including center, size,
and rotation with uncertainty, conditioned on camera intrinsics K. For training
and supervision, we follow the Cube R-CNN [5] protocol for 3D box parameteri-
zation and losses. We initialize from a pretrained MoCA3D and jointly fine-tune
the adapter with MoCA3D while keeping the backbone frozen.

4 Experiments

4.1 Experimental Settings

Datasets and Baselines. We evaluate MoCA3D on the Omni3D bench-
mark [5] that provides diverse spatial coverage across multiple domains (urban,
indoor, and general) by integrating datasets and annotations from nuScenes [6],
KITTI [9], SUN RGB-D [38], ARKitScenes [2], Hypersim [35] and Objectron [1].
However, Omni3D contains instances with missing 2D boxes; we complete them
using SAM2 with projected 3D corners as prompts (see supplementary material
for preprocessing details).

We compare MoCA3D against Cube R-CNN [5], OVMono3D-Lift∗ [51],
and DetAny3D [53]. Although these methods are developed for monocular 3D
detection, we benchmark them under a unified protocol that removes detector
confounds: given the box as input, and each method receives the 2D box and
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Input: Image + 2D box MoCA3D Results DetAny3D Results

Fig. 3: Qualitative Results. MoCA3D vs. DetAny3D predictions under oracle 2D
boxes on samples from the KITTI, Omni3D, and Hypersim datasets. Detections in
green have a 3D IoU of less than 0.1, making them low-quality detections.

predicts a 3D box, which is then mapped to a shared representation using camera
intrinsicsK for evaluation. Cube R-CNN operates in a closed-set setting, whereas
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OVMono3D and DetAny3D are open vocabulary models. To isolate the effect of
category priors, we additionally train Cube R-CNN∗ variant by removing class
priors while keeping the remaining training and inference settings unchanged.

Because MoCA3D predicts cuboid corners in the image plane, we focus on in-
stances whose projected corners are valid in image plane. The same test subset
is used for all compared methods. At the same time, it does not fully elimi-
nate differences in training protocols, since MoCA3D is trained on the filtered
all-corner-visible subset while some baselines follow their original training pro-
cedures. We therefore view the results as a controlled comparison within this
visible-corner setting, rather than as a detection benchmark over all Omni3D
annotations.

Implementation Details. We use DINOv3 ViT-L/16 [37] as the frozen image
backbone and train on Omni3D [5] with oracle tight 2D boxes. Inputs are resized
to 512× 512 using aspect-ratio preserving letterboxing (padding), and the same
transform is applied to ground-truth 2D boxes and projected corners. Training is
performed for 120 epochs on 3 NVIDIA RTX 3090 GPUs (50,000 instances per
epoch; ∼60 GPU-hours total). For efficiency, we pre-extract and cache backbone
features, which requires ∼4 GPU-hours. We optimize with AdamW [27] using a
learning rate of 2 × 10−4 and a cosine schedule [26] with a 5-epoch warm-up.
We apply standard augmentations including box jittering, feature dropout, hor-
izontal flipping, and rotation; further details are provided in the supplementary
material.

4.2 Metrics

Following CatFree3D [4], we report Normalized Hungarian Distance (NHD).
NHD computes an optimal one-to-one correspondence between the eight cor-
ners using Hungarian matching and sums their Euclidean distances, normalized
by the ground-truth box diagonal:

NHD(Mgt,Mpred) =
1

dgt

8∑
i=1

∥∥ai − bπ(i)

∥∥
2
, (12)

where π is the optimal assignment and dgt denotes the diagonal length of the
ground-truth 3D box Mgt.

To evaluate image-plane geometry, we additionally report Pixel-Aligned Ge-
ometry (PAG) metrics that operate on the predicted corner-depth pairs. Recall
from Sec. 3 that MoCA3D predicts P̂ = {(p̂i, d̂i)}8i=1, where p̂i ∈ R2 is the
image-plane corner location and d̂i is its depth; ground truth is denoted by
P = {(pi, di)}8i=1. We define the image-plane corner error (in pixels) as:

PAGuv =
1

8

8∑
i=1

∥p̂i − pi∥2 , (13)
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PAGuv (px) ↓

Model kitti nuscenes objectron arkitscenes sunrgbd hypersim

Cube R-CNN 10.10 11.73 23.57 22.47 23.17 13.92
Cube R-CNN∗ 10.38 11.86 31.28 23.75 24.06 14.17
OVMono3D-LIFT∗ 10.29 11.82 23.55 22.55 22.36 13.02
DetAny3D 4.90 6.75 27.41 17.15 21.06 10.71
MoCA3D 3.12 5.63 18.60 14.90 16.99 9.56

PAGd (%) ↓

Model kitti nuscenes objectron arkitscenes sunrgbd hypersim

Cube R-CNN 12.63 12.05 15.03 13.22 13.92 20.66
Cube R-CNN∗ 13.85 13.04 33.18 14.92 16.61 22.81
OVMono3D-LIFT∗ 13.20 12.45 12.68 12.60 14.61 19.94
DetAny3D 4.82 6.07 12.55 8.87 8.71 16.81
MoCA3D 5.04 7.17 14.59 8.78 10.08 19.57

Table 1: Image-plane geometry metrics: MoCA3D outperforms or is compa-
rable to prior models across all datasets. All results were computed with oracle
2D bounding boxes and ground truth intrinsics were used to calculate pixel-space coor-
dinates for models other than MoCA3D. Green indicates the best and orange indicates
the second-best results. Cube R-CNN∗ is trained in a class-agnostic setting.

and the relative depth error (%) as:

PAGd =
100

8

8∑
i=1

|d̂i − di|
di

, (14)

Unless otherwise specified, we compute PAG on images resized to 512 × 512
for consistent comparison across methods. Together, NHD and IoU3D evaluate
geometric accuracy in 3D bounding box space, while PAG measures pixel-aligned
geometry via image-plane corner error (PAGuv) and relative depth error (PAGd).
IoU3D is implemented using PyTorch3D [16].

4.3 Comparisons with Baselines

Qualitative comparisons in Fig. 3 show that MoCA3D produces more pixel-
aligned cuboids than DetAny3D under the oracle-box setting.
Image-plane Evaluations Table 1 evaluates pixel-aligned geometry under
the oracle-2D protocol. Across all six domains, MoCA3D achieves the lowest
PAGuv, indicating the most accurate projected corner localization. This sug-
gests that MoCA3D yields stronger pixel-level supervision than detection-style
lifting pipelines. Aggregated over Omni3D, MoCA3D improves PAGuv by 22.8%.
MoCA3D ranks second overall on PAGd across the six domains, achieving the
best on ARKitScenes [2] (8.78%) and the second on KITTI [9], nuScenes [6], SUN
RGB-D [38], and Hypersim [35], while remaining competitive on Objectron [1].
3D Box Evaluation Table 2 reports NHD and IoU3D under oracle-2D pro-
tocol. On NHD, MoCA3D achieves the best performance on KITTI [9] and
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NHD ↓

Model kitti nuscenes objectron arkitscenes sunrgbd hypersim

Cube R-CNN 0.2811 0.3067 0.2462 0.3590 0.4466 1.0603
Cube R-CNN∗ 0.3504 0.3758 0.5282 0.4074 0.5642 1.1875
OVMono3D-LIFT∗ 0.3177 0.3458 0.2132 0.3527 0.4864 1.0216
DetAny3D 0.1911 0.2428 0.2107 0.2593 0.3026 0.8970
MoCA3D 0.1902 0.3002 0.2519 0.2529 0.3381 1.0406

IoU3D ↑

Model kitti nuscenes objectron arkitscenes sunrgbd hypersim

Cube R-CNN 0.4387 0.4118 0.3501 0.3135 0.2908 0.0895
Cube R-CNN∗ 0.3738 0.3569 0.2748 0.2534 0.2260 0.0769
OVMono3D-LIFT∗ 0.3812 0.3755 0.3706 0.3060 0.2419 0.0899
DetAny3D 0.4834 0.4311 0.3587 0.3826 0.3272 0.1079
MoCA3D 0.4735 0.3962 0.3015 0.3180 0.2753 0.0713
MoCA3D-Cube 0.4549 0.3993 0.3163 0.3435 0.2455 0.0899

Table 2: 3D camera space metrics: MoCA3D is competitive with prior work
such as DetAny3D despite a significantly smaller parameter count and com-
pute requirements. Metrics were computed using ground truth camera intrinsics and
oracle 2D bounding boxes. Green indicates the best and orange indicates the second-
best results.

ARKitScenes [2] and is comparable to the strongest 3D lifting baseline (De-
tAny3D [53]) across domains, indicating accurate 3D corner geometry even with-
out explicitly enforcing a cuboid parameterization.

To compute IoU3D, we rectify MoCA3D’s unprojected corners into the closest
valid cuboid using a Kabsch-based [12] rigid alignment. Specifically, we unproject
(p̂i, d̂i) with K to obtain 3D corner points, then align them to a canonical
cuboid template via a Procrustes/Kabsch solve and recover per-axis scale to form
an oriented cuboid. This produces a cuboid with a consistent vertex topology,
allowing direct evaluation with PyTorch3D [16] IoU3D. MoCA3D achieves the
second-best performance on KITTI [9], and is comparable to Cube R-CNN and
OVMono3D-Lift∗ across the remaining datasets.

Finally, MoCA3D-Cube explicitly adapts image-plane geometry to a para-
metric box representation. As a result, it consistently improves IoU3D over
MoCA3D except on SUNRGBD [38] and KITTI [9] and attains second-best per-
formance on ARKitScenes [2] and Hypersim [35], demonstrating that MoCA3D’s
representation can be readily mapped to conventional 3D detection outputs when
box-level evaluation is desired.

Efficiency of MoCA3D MoCA3D is lightweight (19.0M trainable param-
eters, 57× smaller than DetAny3D), runs efficiently at inference time (0.14
s/ex) at CV-Bench [41]. Moreover, in Fig. 4(b), MoCA3D attains the lowest
PAGuv while remaining highly efficient, demonstrating a favorable efficiency-
performance trade-off.
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MoCA3D DetAny3DCube R-CNN OVMono3D
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(b) Efficiency vs Performance
MoCA3D

DetAny3D

OVMono3D

Cube R-CNN

Fig. 4: Efficiency of MoCA3D. We compare (a) trainable parameters and (b) trade-
off between efficiency and performance (PAGuv). Efficiency is defined as the inverse of
end-to-end inference time per example on CV-Bench [41].

2D box MoCA3D DetAny3D

IoU3D ↑ PAGd ↓ PAGuv ↓ PAGuv ↓

GT 0.2405 13.44 11.11 14.14
Detected 0.2258 13.85 12.48 15.44
∆ -0.0147 +0.41 +1.38 +1.30

Table 3: Robustness to detected boxes. Results are reported on the matched
subset obtained using GroundingDINO [24] detections.

Robustness to Detected Boxes To assess sensitivity to realistic 2D box noise,
we run GroundingDINO [24] on the test images and replace the oracle box
with the highest-IoU detected box. As shown in Table 3, MoCA3D degrades
moderately under detected boxes, suggesting that the proposed training protocol
and architecture are robust to detector noise. Since ground-truth annotations are
used to associate objects with detections, we treat this as a robustness analysis
rather than fully oracle-free detection benchmark.

4.4 Ablations

We conduct controlled ablations on Objectron [1], keeping the overall MoCA3D
pipeline unchanged. Table 4 reports PAG (positive delta indicates degradation),
and IoU3D (negative delta indicates degradation). In addition, it reports the
trainable parameter count and training compute for each variant.
MoCA3D with Depth Anything [21]. We augment MoCA3D with Depth
Anything v3 [21] depth cues by fusing mono and metric predictions into a feature
stream alongside the DINOv3 [37] feature map. This variant shows a marginal
degradation on all metrics (+0.09px in PAGuv, +0.09% in PAGd, and -0.0086
in IoU3D), suggesting that MoCA3D’s box-conditioned dense geometry learning
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Method PAGuv ↓ (px) PAGd ↓ (%) IoU3D ↑ #Params (M) Train (GPU-hrs)

MoCA3D (baseline) 16.05 10.83 0.3768 19.0 27.0

MoCA3D w/ DA 16.14 10.92 0.3682 19.8 –
∆ vs. MoCA3D +0.09 +0.09 -0.0086

MoCA3D w/o box prior 16.35 10.88 0.3736 19.0 27.0
∆ vs. MoCA3D +0.29 +0.05 -0.0032

Direct Regressor 17.38 14.89 0.3064 22.1 19.2
∆ vs. MoCA3D +1.32 +4.06 -0.0704

Table 4: MoCA3D ablations. We report PAGuv, PAGd (lower is better) and IoU3D

(higher is better); ∆ denotes method − MoCA3D.

already provides sufficiently strong cues, while injecting external depth features
can introduce redundancy or noise.
Removing box prior map. Disabling box prior map conditioning degrades
on all metrics (+0.29px in PAGuv, +0.05% in PAGd, and -0.0032 in IoU3D),
indicating that explicit box-relative geometry cues are important for pixel-level
corner localization.
Direct regression head. We replace the dense heatmap and depth heads with
an RoI-aligned direct regressor that predicts corner (u, v, d) values in a single
shot. This yields the largest performance drop (+1.32px in PAGuv, +4.06% in
PAGd, and -0.0704 in IoU3D), supporting our design choice that dense, pixel-
aligned supervision is critical for stable optimization and precise image-plane
geometry recovery.

4.5 Downstream Task: Controllable Driving Scene Generation

Recent controllable street-view synthesis methods [39,48,50,55] rely on explicit
3D geometric controls (e.g., perspective-projected layouts). For instance, PerLD-
iff [55] leverages perspective projection cues as geometric priors and uses text
prompt to manipulate lighting and weather conditions of street scenes. However,
these controls are typically sourced from 3D annotations, where projected 3D
boxes provide eight 2D corner points per object.

We show that MoCA3D can replace this annotation-dependent geometric in-
put. Given a single real driving image, we run MoCA3D to obtain image-plane
geometry for vehicles as projected cuboid corners. We then use the recovered ge-
ometry as the object-level control signal in a diffusion-based generation pipeline,
while changing the text and class prompt to specify the desired environmental
condition. As shown in Fig. 5, this produces diverse driving-scene variations
that preserve the underlying viewpoint and vehicle layout, demonstrating that
image-plane geometry is sufficient to enable practical, annotation-free control-
lable generation from raw images.
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Original Driving Scene Projected Box Corners

MoCA3D Inference

Driving Scene Generation

Geometry (projected corners)
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night,
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golden hour,
nature grade
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high-quality,

Class Prompt:
Truck

Geometry (projected corners) Geometry (projected corners)

Fig. 5: Driving scene variation guided by MoCA3D. MoCA3D recovers image-
plane vehicle geometry (projected 3D box corners) from a single image and uses it to
condition diffusion-based generation for diverse prompt-driven edits.

5 Conclusion and Future Work

In this work, we introduce MoCA3D, a monocular, class-agnostic approach that
represents object geometry directly in the image-plane as projected 3D cuboid
corners with depths. By casting recovery as dense prediction, MoCA3D yields
stable, accurate pixel-aligned geometry without relying on camera intrinsics. We
also introduce Pixel-Aligned Geometry (PAG) to directly evaluate corner and
depth consistency in the image plane. MoCA3D achieves state-of-the-art PAG
performance while remaining competitive on standard 3D metrics.

MoCA3D currently assumes that all eight corners are visible, and thus strug-
gles with truncated objects. Future work could mitigate these issues via truncation-
augmented preprocessing or by incorporating directional cues and auxiliary key-
points. Moreover, corner-only geometry leaves orientation ambiguity for sym-
metric instances. In addition, MoCA3D focuses on box-conditioned geometry
recovery. Although our analysis shows moderate robustness to predicted boxes,
a fully oracle-free detection pipeline remains future work.
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