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MOTIVATION

O2M transformed 2D DETR training. Why is 3D still mostly one-to-one?
The missing bridge is an assignment rule that tolerates depth ambiguity and improves the recurrent 
query stream used at inference.

2D SUCCESS Dense positive supervision

O2M matching supervises multiple candidates per object, improving 
convergence and localization.

3D GAP Depth breaks naïve assignment

Early 3D IoU is too strict; k-Hungarian becomes unstable; auxiliary queries 
bypass operated temporal queries.

RAS BRIDGE Ray-tolerant, direct O2M

Supervise hard predictions along camera rays directly on the operated queries 
retained for training and inference.

Fig 1 · RAS pushes hard false positives closer to ground truth than O2O, allowing self-attention to 
eliminate them more effectively

Fig 2 · k-Hungarian or IoU-based assignment can yield suboptimal matching. RAS assigns positive candidates 
along the camera ray.

QUERY PATH O2M must supervise the recurrent queries used at inference

AUXILIARY O2M  ·  TRAINING ONLY RAS  ·  DIRECT ON OPERATED QUERIES

Extra Q O2M loss

Q_prop Operated Q Inference

Ray O2M

Q_prop Operated Q Inference
×

Same recurrent query stream is trained and deployed

METHOD

Three components make O2M reliable in 3D
TL,DR: A plug-and-play one-to-many training scheme applied directly to operated queries for Recurrent Transformer in Multiview 3D Detection.

1 Ray-based GT generation

Sample S pseudo boxes at multiple depths along each
ground-truth camera ray. The sampling range decays during
training, allowing more tolerance for candidate matching in 
early training but becoming stricter towards the end

RGG  ·  tolerate large early depth error in early training

2 Pseudo scoring & assignment

Combine classification, BEV overlap, and ray
proximity. Greedy O2M supplements the primary
Hungarian assignment.

PSA  ·  primary O2O + supplementary O2M

3 Proximity-aware weighting

Normalize regression weights within each object: nearby candidates receive stronger supervision, 
while distant high-loss samples cannot dominate. Closer candidate  →  larger weight  →  stable curriculum

PBW  ·  easy-to-hard regression curriculum

Cross-attention proposes candidates  →  self-attention + O2O supervision suppresses duplicates

RESULTS ON NUSCENES

Direct ray supervision improves accuracy without extra queries

RAS  ·  ResNet-50  ·  validation mAP

+1.6
mAP VS. BASELINE
(StreamPETR)

0
EXTRA QUERIES

Qualitative: fewer false positives

Fig 3 · Qualitative result. Top: baseline  ·  Bottom: RAS

Faster convergence and lower translation error

Fig 4 · RAS stays ahead during training and reduces high-confidence translation error.

GENERALIZES 50.3 (+1.1)
mAP ·  VoVNet-99

45.7 (+0.9)
mAP ·  SparseBEV

47.9 (+1.0)
mAP  ·  RayDN + depth

+3.2 ms
PER FRAME (NMS inclusion)

46.3 mAP ·  55.2 NDS

ResNet-50

TAKEAWAY & LIMITATION RAS bridges 2D O2M success to 3D by making assignment ray-aware and query-direct.
The current end-to-end detector still requires NMS at inference; NMS-free detection with O2M remains to be studied.
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