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Abstract

Optimizing the similarity between parametric shapes is cru-
cial for numerous computer vision tasks, where Intersection
over Union (IoU) stands as the canonical measure. How-
ever, existing optimization methods exhibit significant short-
comings: regression-based losses like L1/L2 lack correla-
tion with IoU, IoU-based losses are unstable and limited to
simple shapes, and task-specific methods are computation-
ally intensive and not generalizable across domains. As a
result, the current landscape of parametric shape objective
functions has become scattered, with each domain proposing
distinct IoU approximations. To address this, we unify the
parametric shape optimization objective functions by intro-
ducing Marginalized Generalized IoU (MGIoU), a novel
loss function that overcomes these challenges by projecting
structured convex shapes onto their unique shape Normals to
compute one-dimensional normalized GloU. MGIoU offers a
simple, efficient, fully differentiable approximation strongly
correlated with ToU. We extend MGIoU to MGIoU™ that
supports optimizing unstructured convex shapes. Together,
MGIoU and MGIoU™ unify parametric shape optimization
across diverse applications. Experiments on standard bench-
marks demonstrate that MGIoU and MGIoU" demonstrate
higher performance while reducing loss computation latency
up to 10-40x. Also, MGIoU and MGIoU" satisfy metric
properties and scale-invariance, ensuring robustness as an ob-
jective function. We further propose MGIoU™ for minimiz-
ing overlaps in tasks like collision-free trajectory prediction.

Code — https://Idtho.github.io/MGIoU/

Introduction

Parametric shape optimization is a core problem in computer
vision, robotics, and graphics, with applications spanning
2D/3D object detection (Redmon et al. 2016; Yang et al.
2021c¢,b; Bi and Hu 2021), 6D pose estimation (Brazil et al.
2023; Li et al. 2024), shape registration, and trajectory pre-
diction (Sun et al. 2020; Shi et al. 2022, 2023). This op-
timization seeks to maximize similarity between predicted
and ground-truth shapes, commonly quantified using Inter-
section over Union (IoU). Despite IoU’s popularity as a
standardized and scale-invariant metric, directly optimizing
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IoU (or GIoU (Rezatofighi et al. 2019)) for arbitrary con-
vex shapes presents significant challenges. Computing loU/-
GIoU analytically for complex shapes like 3D ellipsoids is
non-trivial, and even for simpler shapes, using loU/GloU
as an objective function remains computationally expen-
sive with unstable gradients. Consequently, aside from spe-
cific cases like axis-aligned boxes (Rezatofighi et al. 2019),
IoU/GIoU-based optimization has not been widely adopted
for general shape optimization.

As a result, objective functions for parametric shape
optimization remain fragmented across domains. Applica-
tions either: (i) use simple regression losses (e.g., L-norms),
OKS (Maji et al. 2022), or Chamfer distance (Qi et al. 2017),
or (ii) employ IoU/GIoU approximations, such as Gaussian-
based models for rotated boxes (Yang et al. 2021a,b, 2022)
and vertex-based methods for quadrilaterals (Bi and Hu
2021; He et al. 2018; Liu and Jin 2017; Liao, Shi, and
Bai 2018). However, these lack direct correlation with true
IoU/GIoU and may violate properties like scale invariance
or metric consistency. Many methods also require extensive
task-specific tuning (Yang et al. 2021b,c), ultimately yield-
ing suboptimal or overfit solutions. Currently, no unified
objective function works robustly across shape parameter-
izations while maintaining strong correlation with standard
IoU-based metrics. This fragmentation particularly affects
shape-alignment tasks that rely on IoU as their evaluation
metric, spanning detection, localization, and visual ground-
ing, serving as building blocks for higher-level applications.

We introduce Marginalized Generalized IoU (MGIoU),
a novel geometric loss function for flexible and stable op-
timization of arbitrary convex parametric shapes. MGIloU
simplifies complex shape overlap calculations by project-
ing shapes onto their normals (e.g., edge normals in 2D,
face normals in 3D) and marginalizing 1D GloU opera-
tions. This enables differentiable overlap optimization even
for non-overlapping shapes. MGIoU unifies shape optimiza-
tion into a single coherent loss term applied directly to shape
normals, enabling holistic adjustment of shape vertices and
parameters (e.g., position, size, and orientation) without re-
quiring balancing of multiple separate loss terms. Its sim-
plicity allows integration into existing pipelines as a drop-
in replacement across applications such as 2D oriented ob-
ject detection, 3D shape estimation, polygonal shape fit-
ting, and diffusion-based 6D grasp detection. The mathemat-
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Figure 1: MGIoU and its variants computation. Predicted (P, red) and ground-truth (G, blue) shapes are projected onto their
unique Normals (F;, G;) to calculate one-dimensional overlaps, measuring intersection (purple segments) relative to union
(green segments). To reduce visual clutter, some panels depict projections onto unique Normals of only one shape. Examples:
MGIoU ™ [A) unstructured quadrilaterals, B) general polygons], MGIoU[C) ellipses, D) 3D cuboids], and MGIoU™ [E) rotated

rectangles]. Best viewed zoomed in.

ical construction of MGIoU ensures compliance with scale-
invariance and metric properties, reinforcing its theoretical
soundness.

We propose three variations of this objective function,
making MGIoU applicable across a wide range of tasks.
The primary version, MGIoU, is designed for optimizing
structured convex shapes, where both the source and target
shapes share the same parametric domain, e.g. both being
rectangles, ellipses, cuboids etc. (see fig. 1 (C, D)).

Second, an extended version, denoted as MGIoU™, sup-
ports optimization between unstructured convex shapes,
where the source and target may belong to different shape
families or have differing numbers of vertices, such as
convex polygons or polyhedra with varying and arbitrary
vertex and edge counts (see fig. 1 (A, B) as two exam-
ples). To accommodate this flexibility, we use a vertex-based
parametrization for both shapes, under the condition that the
target shape always has more vertices than the source. In
MGIoU™, we introduce a convexity regularizer to ensure
predicted shapes remain convex during optimization.

Third, we propose MGIoU ™, a complementary loss de-
signed for minimizing overlap between arbitrary convex
shapes. This is useful for trajectory prediction, where the
goal is reducing collision risk. Unlike standard alignment
objectives, MGIoU ™ directly minimizes IoU between pre-
dicted and reference shapes. Using the same projection
mechanism to penalize overlaps, encouraging safer trajec-
tory predictions. We extend MGIoU™ to handle shape se-
quences, enabling spatio-temporal optimization for fore-
casting applications.

To validate our approach, we evaluate MGIoU and its
variants across multiple applications on standard bench-
marks. Our results demonstrate improved performance over
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traditional losses with reduced computational overhead.
Our key contributions can be summarized as follows:

* We propose MGIoU, a novel geometric loss function for
optimizing arbitrary convex parametric shapes in any di-
mension. MGIoU simplifies complex shape overlap cal-
culations into efficient 1D GloU operations by projecting
shapes onto their normals, unifying position, dimension,
and orientation into a single differentiable objective.

» We extend MGIoU to MGIoU™ for unstructured con-
vex shapes with different parametric structures, and
MGIoU~ for minimizing shape overlap in applications
such as collision-free trajectory prediction.

* We conduct experiments across diverse tasks, includ-
ing 2D/3D shape alignment, oriented object detection,
trajectory prediction, and 6D grasp detection, demon-
strating MGIoU’s effectiveness while reducing compu-
tational overhead.

Related Works

Loss functions have evolved across vision and robotics
tasks, including object detection, 6-DoF pose estimation,
and trajectory forecasting. This section reviews these devel-
opments, highlighting limitations that motivate MGIoU.

2D Axis-Aligned Object Detection. Early models (Redmon
et al. 2016; Redmon and Farhadi 2017; Ren et al. 2015) used
L1/L2 regression losses, which lack IoU correlation and lead
to suboptimal overlap (Rezatofighi et al. 2019). IoU-based
losses emerged with GIoU (Rezatofighi et al. 2019) intro-
ducing differentiable penalties for non-overlapping cases,
followed by DIoU (Zheng et al. 2020) and CIoU (Zheng
et al. 2021) incorporating distance and aspect ratio terms.
However, these remain limited to axis-aligned geometries.



2D Oriented Object Detection. For aerial imagery and
text recognition, specialized losses address rotation chal-
lenges. Methods include modulated rotation loss (Qian et al.
2021) for angle periodicity, and KFIoU (Yang et al. 2022),
GWD (Yang et al. 2021b), and KLD (Yang et al. 2021c¢)
modeling boxes as Gaussian distributions. SIoU (Yang et al.
2021a) targets skewed geometries. These approaches are
computationally intensive and rotation-specific.

2D Quadrilateral Detection. Document analysis methods
like Quadbox (Keserwani, Singh, and Shukla 2021) use ver-
tex regression with L1 losses, Textboxes++ (Liao, Shi, and
Bai 2018) employs rectangular distances for vertex order-
ing, and QRN (He et al. 2018) sorts vertices by polar angles.
These solutions are hand-crafted and lack IoU correlation.
3D Object Recognition & 6-DoF Object Pose Estima-
tion. 3D detection requires handling position, dimensions,
and orientation simultaneously. While early approaches as-
sumed 1-DoF rotation (yaw), recent work addresses 3-DoF
rotations for VR (Brazil et al. 2023; Ahmadyan et al. 2021;
Roberts et al. 2021; Baruch et al. 2021) and 6-DoF pose es-
timation (Chang et al. 2015; Dai et al. 2017). SO3 losses (Su
et al. 2020) operate on rotation manifolds, while Cham-
fer distance (Qi et al. 2017) measures point set distances.
However, both lack IoU correlation, limiting optimization
of spatial-rotational alignment.

Collision-aware Penalties Losses. Trajectory prediction
methods incorporate collision avoidance penalties through
auxiliary losses like off-road loss (Niedoba et al. 2019),
LaneLoss (Kim et al. 2022), and RouteLoss (Zhang et al.
2022). However, these primarily address static-ego inter-
actions, neglecting multi-agent dynamics. TrafficSim (Suo
et al. 2021) approximates objects as circles for collision
avoidance but lacks precise boundary representation.
Diffusion-based 6D Grasp Detection. 6-DoF grasp de-
tection involves predicting pose and grasp configurations
simultaneously. Traditional methods use separate L1/L.2
losses for translation and rotation, facing discontinuities and
misalignment with grasp success metrics. Recent diffusion
approaches (Nguyen et al. 2024a; Vuong et al. 2024; Nguyen
et al. 2024b) introduce Gaussian noise to parameters and
predict it using L2 loss, but they lack alignment with grasp
coverage and geometry comprehension.

Summary and Motivation for MGIoU. Existing loss
functions exhibit trade-offs between accuracy, efficiency,
and generalizability. Regression losses lack IoU alignment,
while ToU-based losses struggle with non-axis-aligned ge-
ometries. Task-specific solutions are computationally expen-
sive and narrowly focused. MGIoU addresses these limita-
tions through a unified, efficient approach using 1D projec-
tions to optimize spatial relationships across diverse tasks.

Methodology

We introduce Marginalized Generalized IoU (MGIoU), a
novel loss function designed to optimize shape alignment
for structured convex shapes in object detection tasks, along
with its variants: MGIoU™ for unstructured convex shapes
and MGIoU™ for minimizing overlaps. The key idea is to
project vertices of convex shapes onto their normals, com-
puting GIoU in 1D projection space. This enables MGIoU
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to generalize across 2D rotated, 3D 6-DoF detection and
grasping tasks, unifying position, size, and orientation op-
timization in a single, differentiable loss term. MGIoU™ ex-
tends this to unstructured shapes with a convexity regular-
izer, quantified on quadrilateral object detection task, while
MGIoU™ adapts it to penalize overlaps, enhancing collision
avoidance in trajectory prediction.

Identifying Shape Normals

Given two arbitrary shapes P, G C RP (D = 2for2D, D =
3 for 3D), with vertices P € RVPXD and G € RNexD,
where Np and N are the numbers of vertices for P and G
respectively, MGIoU begins by constructing a set of unique
directional Normals A . In 2D polygons, these Normals orig-
inate from edges, computed as 90-degree rotations of con-
secutive vertex difference vectors. For ellipses or ellipsoids,
the normals align with semi-axes directions. In 3D shapes,
these Normals correspond to face normals derived from the
surface geometry. Extremely regular shapes (e.g., rectangles
in 2D, cuboids in 3D, see fig. 1) typically produce dupli-
cate or parallel Normals; these redundancies are eliminated,
leaving only a small number of unique directional Normals
that capture essential geometric attributes. For example, a
2D rotated rectangle (/N = 4) has just two unique Normals;
a3D cuboid (N = 8) only three. This reduces computational
complexity.

MGIoU and MGIoU™ for Structured and
Unstructured Shapes

MGIoU~ for Minimizing Shape Overlaps

For structured convex shapes (e.g., rectangles, cuboids),
MGIoU maximizes overlap between the predicted shape P
and ground truth G by projecting their vertices onto A. The
GIoU'? is computed per Normal a; € A using a simpli-
fied version of GloU for 1D (see Appendix), and then av-
eraged across normals MGIoU = ﬁ Y acA GIoUP, fi-

nally Lygiou = MU We have Lygiou = 0 for perfect
overlap (MGIoU = 1), Lymcglou — 17 as shapes separate
(MGIoU — —17). As shown in algorithm 1, the MGIoU
is positive when projections overlap and negative when they
are disjoint, resulting in MGIoU € (—1,1], and the final
loss Lyciou € [0, 1). Given its connection to the Jaccard in-
dex and the properties of GloU, Lygiou satisfies key metric
properties (See Appendix):
1. Non-negativity: Lyiciou(P,G) > 0
2. Identity: ;CMGIOU(P, G) = (0 if and Olﬂy ifP=G
3. Symmetry: EMGIQU(P, G) = £MGIOU(G7 P)
4. Triangle Inequality:

Lyciou (P, R) < Lucou(P, Q) + Lyvciou(Q, R)
5. Scale Invariance: LyGiou(sP, sG) = Lyaiou(P, G) for

any scalar s > 0

These properties enhance Lygu correlation with IoU by
measuring shape overlap in projected space, making it reli-
able and consistent.

For unstructured convex shapes (e.g., polygons with vary-
ing vertices), we apply GloU!'” to all shape Normals and



Algorithm 1: MGIoU and MGIoU™ - Maximize
Shape Overlap

Predicted vertices P € RYP XD, ground truth
vertices G € RY6*P | convexity weight A,
shape type (structured or unstructured)
output: Lol

input :

1 Compute unique normals A of P and G
2 Initialize overlap sum S = 0
3 for each unique normal a; € A do
4 Projp o, = P - ai, projg ,, = G- a;
5 minp a;, = min(projp ,.),
maxp,a; = max(projp ,.)
6 ming,a, = min(projg ,, ).
maxg,a; = Max(projg 4,)
7 |Pa, N Ga,| = max(0, min(maxp a,, Maxg,a, )
8 — max(minp a,, MinG,a, ))
9 |P| = mMaxp,a; — MiNp a,
10 |G| = maxg,a; — MingG,a,
11 |Pa; UGa;| = |P| + |G| = |Pa; N Ga,
12 |C| = max(maxp,a,, Maxq,a; )
13 — min(minp a,;, Ming,a, )
14 TIoU = Iigg}
15 GloU!? = IoU — [“= 20l
16 S =S + GloU;?
17 MGloU = %
18 Lygioy = =500
19 if shape is unstructured then

20 COmPUte Econvexily:
21 for eachi =0to Np — 1 do
22 €; = P(i+1) mod Np — Pi
23 n; = (—€iy,€iz)
Np—1
24 S1 = j:Po max(0, —(p; — pi) - Nz)
Np—1
25 sz =y ;5 max(0, (pj — pi) - )
26 penalty, = min(si, sz2)
27
1 Np—1
28 »Cconvexily = Np ZZ:FE) penaltyi
29 else
30 | return Lyciou

31
32

Lyigiou+ = L£Ma610U + ALconvexity
return L0+

introduce a convexity regularizer (Lconyexity) t0 €nsure geo-
metric consistency. The convexity 10ss, Lconvexity, 1S added
for unstructured shapes like polygons to prevent unrealis-
tic concavities, which the MGIoU loss alone might allow. It
penalizes vertices that fall on the wrong side of any edge’s
outward normal, using signed distances to enforce a con-
vex shape, as outlined in algorithm 1. Specifically, for each
edge i, we compute the outward normal n; and then calcu-
late the signed distances of all other vertices to this edge.
If a vertex lies inside the half-plane defined by the edge
(i.e., on the wrong side), it contributes to the penalty. The
penalty for each edge is the minimum of the sums of posi-
tive and negative signed distances, ensuring that the loss is
zero only when all vertices are on the correct side of every
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Algorithm 2: MGIoU™ - Minimize Shape Overlap

input : Trajectory boxes T = {T! € R**? |t =
1,...,T;i=1,..., B}, masks M = {m!},
scores S = {s;}
output: L, —
1 Initialize £y,5,,,— =0
2 foreacht =1toT do

3 Initialize loss; = 0 fori =1,...,B
4 for each pair (i, j), i # j do
5 A}; = {normals of T}, T%}
6 Initialize O}; = ]
7 for each a;, € A}; do
8 projpe = Ti - ak, projpe j, = T - ax
9 Compute min and max oprrosz k> PIOj e
10 |P N G| = max(0, min(maxq, maxr: )J—
max(minTi , minT§ )
11 |P| = maxp+ — minge,
|G| = max:r; — min:r;
12 |[PUG| =|P|+|G|—|PNG]|
|C| = max(maxr:, maXTE_) -
min(minT§ , minTj_ )
13 TIoU = }ggg}
14 GloU;,” = ToU — 19l eel
15 B Append GIOU}CD to ij
16 Take the smallest GloU, from O};
17 K}; = ReLU (GloUy)
18 | loss; = loss; + Kj;
19 for eachi =1to B do
20 L, = Zthl m! - loss}
21 maclou— = Lnmcrou— T+ 8i - Li
22 return L., .~

edge. This convexity loss is then averaged over all edges to
obtain Leonvexity- The signed distance provides a continuous
measure of deviation from convexity, guiding the optimiza-
tion toward a valid shape, especially critical for polygons
with variable vertex counts. Combined with MGIoU loss as
Lyicou+ = Lmciou + ALlconvexity, it ensures both accurate
overlap and geometric consistency.

Instead of maximizing parametric shape overlaps like
MGIoU and MGIoU™, we propose MGIoU™ variant min-
imize them. We chose trajectory prediction task to show-
case our loss capability. Here, the goal shifts from maxi-
mizing overlap to minimizing it, ensuring predicted trajec-
tories remain separated. Inspired by Separating Axis The-
orem, MGIoU~ adapts the MGIoU framework by com-
puting pairwise overlaps between trajectory boxes at each
timestep £. MGIoU™ naturally extends to temporal scenar-
ios by computing overlap penalties between predicted tra-
jectory boxes at each timestep ¢ for all pairs of trajecto-
ries ¢+ and j. For each timestep ¢, the algorithm evaluates
the smallest 1D GloU (GloU!P) across the normals of tra-
jectory pairs, penalizing overlaps using a ReLLU function.
These penalties are summed across all timesteps t = 1 to 7',



weighted by ground truth masks m!, ensuring the loss ac-
counts for the entire prediction horizon. For each trajectory
i, the loss L; integrates temporal penalties over T" timesteps,
modulated by masks to handle invalid or variable-length se-
quences. The final MGIoU™ loss is computed by summing
each trajectory’s loss L;, weighted by prediction scores s;,
prioritizing confident predictions across all timesteps. This
temporal formulation ensures that overlaps are minimized
throughout the sequence, promoting collision-free trajecto-
ries over 1" timesteps. The final £,;;,,;— is normalized by
the classification head’s confidence scores, encouraging the
model to either select safer trajectories or adjust their loca-
tion/orientation regressions to reduce overlaps. Efficiency-
wise, MGIoU ™ also benefits from parallelizable projections,
with a cost of O(B?-T-|A|) per batch, where B is the num-
ber of trajectories, T is the number of timesteps, and |.A| is
typically 4 in 2D, as outlined in algorithm 2.

In summary, MGIoU and its variants form a general
framework for shape optimization tasks, offering a solution
for convex shape optimization.

Experimental Settings

This section describes datasets, baselines, and training se-
tups to evaluate MGIoU, MGIoU™, and MGIoU™ across
tasks: 2D oriented object detection, monocular 3D 6-DoF
object regconition, quadrangle object detection, collision
avoidance in trajectory prediction, and 6D Grasp Detection.
2D Oriented Object Detection: We used the
DOTAvVI1.5 (Xia et al. 2018) dataset (single-scaled split).
The baseline model was RetinaNet (Lin et al. 2017) (similar
baseline to (Yang et al. 2021c,b, 2022)), trained for 12
epochs with SGD, a step LR scheduler (epochs 8 and 11),
and a 500-iteration linear warmup.

Monocular 3D 6-DoF Object Recognition: We select
Omni3D (Brazil et al. 2023) large-scale dataset, which in-
cludes SUNRGBD (Song, Lichtenberg, and Xiao 2015), Hy-
persim (Roberts et al. 2021), ARKitScenes (Baruch et al.
2021), Objectron (Ahmadyan et al. 2021), KITTI (Geiger
et al. 2013), and nuScenes (Caesar et al. 2020) datasets. This
ensures robust evaluation across indoor and outdoor envi-
ronments. The baseline model is CubeRCNN (Brazil et al.
2023) proposed by dataset authors, trained for 5,568,000 it-
erations on a 4090 GPU. Training followed Omni3D (Brazil
et al. 2023), using SGD with a step learning rate scheduler.
Quadrangle Object Detection: The quadrangle object de-
tection task, we choose ICDAR2017 (Gomez et al. 2017)
dataset. The ICDAR2017 competition includes the MLT
(Multilingual Text Detection) task, covering text in nine lan-
guages and various orientations. This dataset suits quadran-
gle detection due to irregular text region shapes. The base-
line model selected was YOLO-NAS (Aharon et al. 2021)
due to performance and ease of implementation, we train
for 40 epochs with AdamW and a cosine LR scheduler.
Collision Avoidance in Trajectory Prediction: The
Waymo (Sun et al. 2020) motion prediction dataset was
utilized together with MTR (Shi et al. 2022) baseline. We
trained the model on a subset of 20% of the training set and
report results on validation set, values in table 4 is for the
most confident trajectory per object (not the average of top 6
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Figure 2: Qualitative visualisation (Test set images) compar-
ing MGIoU vs KLD losses on DOTA dataset, and MGIoU™
vs OKS distance on ICDAR2017 Dataset. MGIoU and
MGIoU™ can capture the orientation (2D oriented detection)
and vertices better (quadrilaterals detection)

ICDAR2017

trajectories). The original architecture was retained to isolate
and evaluate MGIoU ™ effectiveness in reducing collisions.
Diffusion-based 6D Grasp Detection: We -evaluated
MGIoU on the Grasp-Anything-6D dataset (Vuong et al.
2024), containing over 3 million objects with 6-DoF grasp
poses. We trained the diffusion model on 20% of the data for
20 epochs using AdamW with Step LR scheduler, replacing
the standard L2 denoising loss with MGIoU demonstrating
improved grasp metrics.

Comparisons with Losses and Discussions

‘We evaluate MGIoU on five tasks accross domains, demon-
strating consistent improvements over existing losses. 2D
Oriented Object Detection. On DOTAv1.5 with Reti-
naNet(Lin et al. 2017), MGIoU achieves the highest mAP
(0.554) with minimal computational overhead (0.45ms la-
tency). table 3 shows MGIoU significantly outperforms
KFIoU (51.1x slower), GWD (16.9x slower), and on par
with KLD while 17.3x faster.

Monocular 3D 6-DoF Object Recognition. For 3D 6-DoF



Loss \ SUNRGBD Hypersim ARKitScenes Objectron KITTI nuScenes Omni3Dg,y Omni3Dy, Omni3D
L1+SO03 | 1409 6.44 4127 52.87 3086 2642 2022 1934 221
Distangled-L1 14.64 6.89 40.59 54.94 2837 27.07 29.93 20.02 2282
+ Chamfer

“MGIoU | 1682 8.22 4376 5684 3195  29.66 32.08 21.87 24.86
Abs Imp. 2181 1.331 3171 1907 3581 2591 2151 1.851 2,047
Rel Imp. 1834%  19.30% 7.81% 346%  12.62%  9.57% 7.18% 924%  8.94%

Table 1: mAP3D Comparison for 3D 6-DoF Object Detection on Omni3D. Baseline model is CubeRCNN (Brazil et al. 2023).
Improvement values are relative to the Distangled-L1+Chamfer loss (Brazil et al. 2023). MGIoU consistently outperform the

baselines in both indoor and outdoor settings

Nuscenes

Objectron

Figure 3: Qualitative visualisation on Omni3D dataset. Best viewed zoomed in.
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Method CR? EMD,] CFR*t
Baseline 0.2505 2.5459  0.865
MGIoU (Ours) 0.2763 2.5394  0.875

Table 2: Comparison of grasp quality metrics on Grasp-
Anything-6D dataset.

Baseline MGI

Figure 4: Qualitative results for Diffusion-based 6D Grasp
Detection on Grasp-Anything-6D dataset. MGIoU shows
better geometric understanding and compliance compared to
the baseline L2 loss, generating more accurate and feasible
grasp poses that better align with object geometry. Left - Get
the juicy orange, Right - Grasp the shiny metal fork.
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Loss \ mAP Latency (ms) Rel. Latency
L1 0.522 0.03 x0.10
KFIoU 0.546 23 x51.1
GWD 0.547 7.6 x16.9
KLD 0.55 7.8 x17.3
MGIoU (ours) \ 0.554 0.45 x1.00

Table 3: Comparison of Losses on DOTAv1.5 dataset

object recognition on the Omni3D dataset, we evaluated
MGIoU using CubeRCNN (Brazil et al. 2023) as the base-
line model. Performance was assessed with AP3D across in-
door and outdoor scenes. table 1 demonstrates that MGIoU
consistently improved AP3D across all datasets compared
to Distangled-L.1 + Chamfer, with gains from 1.15% (Ob-
jectron) to 18.34% (SUNRGBD). The overall Omni3D im-
provement was 2.04 (9% relative improvement), showing
MGIoU’s robustness in both indoor (Omni3Dy,) and out-
door (Omni3Dgy) settings. Other losses typically involve
multiple components—such as separate terms for location,
dimension, and rotation—requiring hyperparameter tuning.
For example, in the baseline Distangled-L1 + Chamfer loss,
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Figure 5: Qualitative visualisation on Waymo dataset, we visualize the predicted future bounding boxes of road agents in the
next 8 seconds (80 timesteps), with and without MGIoU™ during training. With MGIoU™ incorporated in the training stage,
model now have a better understanding of the physical world and can make safer interactions between road agents. A) 2 cars
avoid collision at an intersection, B) Pedestrian stops and wait, C) Smooth interaction among three vehicles without collisions,

D) Car appropriately yields to a pedestrian

Metric Without MGIoU~  With MGIoU™
mAP? 0.2823 0.2961
minADE| 1.3668 1.3449
minFDE| 3.3398 3.3046
MissRate/ 0.4466 0.4407
# Collisions | 7493 6443 (| 14%)

Table 4: Trajectory Prediction task on Waymo Dataset (out
of 192,172 predicted trajectories). Detailed in Appendix.

the L1 loss handles location and dimension, while Cham-
fer distance addresses rotation discrepancies. This multi-
component setup necessitates careful tuning to optimize the
trade-off between these aspects, as illustrated in fig. 3. In
contrast, MGIoU unifies location, dimension, and rotation
into a single loss function, optimizing them holistically with-
out additional hyperparameters. There are cases where the
baseline predicts a nearly perfect location, but slight errors
in dimension or rotation lead to significant drops in 3D IoU,
and vice versa. As shown in fig. 3, the baseline’s predicted
boxes often show misalignments, whereas MGIoU’s boxes
better match the ground-truth boxes, mitigating these issues.
Quadrangle Object Detection. On ICDAR2017 with
YOLO-NAS (Aharon et al. 2021), MGIoU™ achieves supe-
rior AP (49.84) and AR (44.91) compared to QRN and OKS
distance losses (table 5), demonstrating effectiveness for ir-
regular quadrilateral shapes.

Collision Avoidance in Trajectory Prediction. On
Waymo with MTR baseline, MGIoU™ improves
mAP (0.2823—0.2961) and reduces collisions by 14%
(7,493—6,443) (table 4). As shown in fig. 5, MGIloU~
enables safer agent interactions by penalizing trajectory
overlaps, encouraging collision-free path generation while
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Loss AP AR

QRN 48.60 42.67
OKS distance 49.10 43.39
MGIoU" (Ours) 49.84 44.91

Table 5: Comparison of Losses on ICDAR2017 dataset.

maintaining prediction accuracy.

Diffusion-based 6D Grasp Detection. table 2 shows
MGIoU outperforms L2 loss across all metrics:
CR improved 10.3% (0.2505—0.2763), EMD de-
creased (2.5459—2.5394), and CFR increased 1.2%
(0.865—0.875). These improvements validate that
MGIoU’s shape-aware optimization better captures ge-
ometric constraints for successful grasping (fig. 4).

Conclusion

We introduce Marginalized Generalized IoU (MGIoU),
a novel loss function that unifies parametric shape opti-
mization across computer vision applications. Experiments
across five tasks demonstrate that MGIoU and its variants
consistently outperform existing objective functions without
additional inference overhead, providing a robust solution
for convex shape optimization.
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