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Figure 1. Overview of WildDet3D. Given a single RGB image and an optional depth map, WildDet3D performs open-vocabulary monocular
3D object detection with flexible prompt modalities—text, 2D point clicks, or 2D bounding boxes—and predicts full 3D bounding boxes for
the specified objects. The model gracefully leverages additional geometric cues when available. To train WildDet3D for broad generalization,
we also curate WildDet3D-Data, a large-scale in-the-wild dataset with approximately 1M human-verified samples spanning 13K categories.

Abstract

Understanding objects in 3D from a single image is a cor-001
nerstone of spatial intelligence. A key step toward this goal002
is monocular 3D object detection—recovering the extent,003
location, and orientation of objects from an input RGB im-004
age. To be practical in the open world, such a detector005
must generalize beyond closed-set categories, support di-006
verse prompt modalities, and leverage geometric cues when007
available. Progress is hampered by two bottlenecks: ex-008
isting methods are designed for a single prompt type and009

lack a mechanism to incorporate additional geometric cues, 010
and current 3D datasets cover only narrow categories in 011
controlled environments, limiting open-world transfer. In 012
this work we address both gaps. First, we introduce Wild- 013
Det3D, a unified geometry-aware architecture that natively 014
accepts text, point, and box prompts and can incorporate 015
auxiliary depth signals at inference time. Second, we present 016
WildDet3D-Data, the largest open 3D detection dataset to 017
date, constructed through a human-in-the-loop pipeline in 018
which crowd annotators select and rate the best 3D candi- 019
date per object, complemented by a VLM scorer aligned to 020
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Figure 2. Input modality comparison. LiDAR lacks reliable
height and 6-DoF rotation cues; RGB suffers from scale and occlu-
sion ambiguity. RGB with optional depth retains rich semantics
for open-vocabulary recognition while resolving metric scale when
depth is present.

these human judgments; this yields over 1M images across021
13.5K categories in diverse real-world scenes. WildDet3D es-022
tablishes a new state-of-the-art across multiple benchmarks023
and settings. In the open-world setting, it achieves 22.6/24.8024
AP3D on our newly introduced WildDet3D-Bench with text025
and box prompts. On Omni3D, it reaches 34.2/36.4 AP3D026
with text and box prompts, respectively. In zero-shot evalua-027
tion, it achieves 40.3/48.9 ODS on Argoverse 2 and ScanNet.028
Notably, incorporating depth cues at inference time yields029
substantial additional gains (+20.7 AP on average across030
settings).031

1. Introduction032

Understanding objects in 3D is fundamental to spatial in-033
telligence: robots, embodied agents, and AR/VR systems034
need not only to recognize objects but also to localize their035
extent, position, and orientation in 3D space. Despite rapid036
progress in open-vocabulary 2D recognition, monocular 3D037
object detection—recovering 3D boxes from a single RGB038
image—still lacks the generality needed for open-world use.039

We argue that a truly general-purpose monocular 3D de-040
tector must satisfy three requirements [6, 52, 53, 57]: (i)041
generalize to long-tailed, open-ended categories in the wild;042
(ii) support multiple prompt modalities—text queries, 2D043
point clicks, and 2D bounding boxes—within a single archi-044
tecture; and (iii) gracefully leverage extra geometric signals045
such as sparse LiDAR or partial depth when available. Prior046
work typically addresses only a subset: open-vocabulary047
methods [52, 53] focus on text queries, while oracle-prompt048
methods [45, 57] assume fixed geometric inputs. Neither049
provides a unified framework, nor accommodates additional050
depth at inference time.051

On the model side, we introduce WildDet3D, a052
geometry-aware architecture that unifies text, point, box,053
and exemplar prompts. A key design choice is RGB with054
optional depth (Figure 2): LiDAR lacks height and 6-DoF055
cues, pure RGB suffers from scale and occlusion ambigu-056
ity, while RGB+depth preserves open-vocabulary semantics057
and degrades gracefully to monocular inference when depth058
is absent. WildDet3D reflects this through dual vision en-059
coders, a depth fusion module, a promptable detector, and a060
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Figure 3. Overview of WildDet3D. Dual-vision encoders (Image +
RGBD) extract visual and depth features in parallel. A depth fusion
module injects depth latents into the image features, producing
enriched queries that are combined with input prompts via the
promptable detector. Outputs pass through cascaded 2D and 3D
heads; depth latents are separately decoded by the auxiliary depth
head.

3D detection head trained with multi-task supervision (Sec- 061
tion 2). 062

On the data side, we introduce WildDet3D-Data, a 063
large-scale in-the-wild dataset built by applying multiple 064
complementary methods to generate candidate 3D boxes for 065
2D annotations from diverse detection datasets [16, 26, 41, 066
46]. Crucially, final annotations are chosen by humans: 067
crowd annotators select the best candidate per object and 068
rate its quality, with quality control enforced by gold tasks 069
(84–98% pass rate). Images beyond the human-annotated 070
subset are handled by a VLM scorer aligned to human judg- 071
ments (perfect Spearman correlation with human rejection 072
rates), turning our pipeline into a scalable human-in-the- 073
loop annotation system. This yields over 1M images across 074
13.5K categories—a 138× increase in category coverage 075
over Omni3D—with broad open-world scene diversity (Sec- 076
tion 3). 077

Empirically, WildDet3D achieves 22.6/24.8 AP3D on 078
WildDet3D-Bench (700+ categories) with text/box prompts, 079
versus 2.3 AP for 3D-MOOD; 34.2/36.4 AP3D on Omni3D 080
with 10× fewer training epochs; and 40.3/48.9 ODS zero- 081
shot on Argoverse 2 and ScanNet. Adding depth at infer- 082
ence time yields +20.7 AP on average (Section 4). Beyond 083
benchmarks, WildDet3D powers real-world deployments in- 084
cluding an iPhone app, Meta Quest 3 AR integration, robotic 085
manipulation, and VLM-based spatial reasoning (Section 5). 086
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2. WildDet3D087

Given an RGB image I ∈R3×H×W , optional intrinsics K,088
optional partial or full depth D, and a prompt P , WildDet3D089
predicts 3D bounding boxes {Bi} with center ci∈R3 (me-090
ters), dimensions (w, h, l), rotation Ri ∈ SO(3), and con-091
fidence si ∈ [0, 1]. The architecture (Figure 3) consists of092
three components: (i) dual-vision encoders with a depth fu-093
sion module for geometry-aware features (Section 2.1); (ii)094
a promptable detector unifying diverse prompt types (Sec-095
tion 2.2); and (iii) a deeply-supervised 3D detection head096
with unambiguous rotation normalization (Section 2.3). Aux-097
iliary 2D detection and depth heads provide complementary098
supervision (Section 2.4).099

2.1. Dual-vision encoder100

A naive single encoder forces a trade-off between detection101
features (for open-vocabulary recognition) and metric depth102
features (for 3D reasoning). We instead use a dual-encoder103
design with a fusion stage.104

Image encoder. A ViT-H with a SimpleFPN neck adopted105
from SAM 3 [8], initialized from a segmentation-pretrained106
checkpoint. The first 28 of 32 ViT blocks are frozen during107
training; SimpleFPN projects tokens to 256-channel feature108
maps.109

RGBD encoder. A DINOv2 ViT-L/14 [34] taking 4-channel110
RGBD input at 686×686 (49×49 tokens), adopted from111
LingBot-Depth [44] (pretrained for metric depth). A Con-112
vStack neck produces a 5-level pyramid from which depth113

latents Zd ∈ RCd×49×49 (Cd = 256) are obtained via aver-114
age pooling. The first 21 of 24 DINOv2 blocks are frozen.115
Training uses stochastic depth dropout (70% mono / 20%116
patch-masked / 10% full), enabling inference with or with-117
out depth. Using different backbones for the two encoders118
lets each specialize: segmentation-oriented for detection,119
depth-completion-oriented for geometry.120

Depth fusion module. A ControlNet-style [58] zero-121
initialized residual that injects depth latents into visual fea-122
tures before the transformer encoder:123

V
′
= V + Conv1×1(LN(Z↑

d)), (1)124

where Z
↑
d is bilinearly upsampled to the visual resolution.125

The convolution is zero-initialized, so at training start V′
=126

V; the depth branch is gradually learned without disrupting127
pretrained features.128

2.2. Promptable detector129

The promptable detector conditions the fused visual features130
on user-supplied prompts. It accepts four types:131
• Text: a category name, selecting all instances.132
• Point: one or more 2D coordinates with positive/negative133

labels, selecting the single object at that location [9, 12,134
55].135

• Box: a 2D bounding box, selecting the single object inside. 136
• Exemplar: a 2D box used as visual exemplar, detecting 137

all similar objects. 138

Text is encoded with a CLIP-style tokenizer + 24-layer causal 139
Transformer; box/point prompts use SAM 3’s geometry en- 140
coder combining coordinate projection, ROI-aligned fea- 141
tures, and sinusoidal positional encoding [8]. Encoded to- 142
kens serve as cross-attention memory for both the encoder 143
and decoder. Training batches at the per-prompt level (every 144
unique text category yields one batch entry), enabling fine- 145
grained supervision and arbitrary categories per image. All 146
four prompt types are jointly sampled. Full encoding details 147
are in Appendix B. 148

2.3. Deeply-supervised 3D detection head 149

The 3D head lifts query features to 3D boxes through L 150
Transformer decoder layers, each producing its own set of 151
predictions supervised with equal-weight losses (deep su- 152
pervision), which accelerates convergence and strengthens 153
intermediate representations. 154

Multi-source aggregation. At each layer, query states Hl
155

are enriched by two cross-attention modules. A camera 156
prompt branch fuses per-pixel ray directions encoded via 8th- 157
order real spherical harmonics: ϕ(r) = RSH8(r/∥r∥) ∈ 158

R81, and a depth prompt branch fuses depth latents Zd. The 159
two cross-attention modules have independent parameters 160
per layer (see Appendix B). 161

3D box parameterization. A two-layer MLP regresses 162
a 12-D encoding: 2D center offset (∆cx,∆cy), log-depth 163

d̂, log-dimensions (ŵ, ĥ, l̂), and a continuous 6D rotation 164
(r1, . . . , r6) [60]. At inference, the 3D center is recovered 165
by back-projecting the 2D offset at depth d = exp(d̂/sd). 166
To resolve the inherent 4-fold rotation–dimension ambiguity 167
of oriented 3D boxes, we apply an unambiguous rotation 168
normalization (dimension ordering + yaw folding) to ground 169
truth before loss computation; see Appendix B for the algo- 170
rithm. 171

3D confidence. A parallel MLP predicts a 3D confidence 172
s3D∈[0, 1] trained against a soft target that combines depth 173
quality qdepth=exp(−∣ log d̂ − log d

∗∣) and IoU3D. At infer- 174
ence the final score is s = s2D + α ⋅ s3D with α=0.5, letting 175
3D confidence re-rank detections with similar 2D scores but 176
different geometric quality. 177

2.4. Multi-task learning 178

During training each category in an image yields two 179
branches: a multi-target query (50% text-only / 50% exem- 180
plar box) supervised against all instances, and a single-target 181
geometric query (box or point) assigned to one selected in- 182
stance, ensuring all prompt types receive supervision. We 183
use one-to-many (O2M) matching [8] with top-k = 4 for 184
denser supervision. 185
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The total loss aggregates 3D regression, 3D confidence,186
auxiliary geometry (depth + camera rays), and 2D detection187
terms:188

L = L3D + LconfÍÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÑÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÏ
3D detection

+Lgeom + L2DÍÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÑÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒ Ï
auxiliary

. (2)189

L3D is an L1 on the 12-D encoding with per-component190
validity weights. Lconf is an IoU-aware focal BCE with191
adaptive soft targets. Lgeom combines L1 + SILog [13] depth192
losses, an affine-invariant point-map loss [47], a confidence-193
mask BCE, and a camera-ray L2. L2D combines IoU-aware194
BCE classification [8], L1+GIoU [38] box regression, and195
a per-category presence loss. Full formulations and loss196
weights are in Appendix B.197

Ignore-region suppression. Because 3D annotations in198
Omni3D and WildDet3D-Data are not exhaustive (e.g., heav-199
ily truncated or behind-camera objects are marked IGNORE),200
we suppress the negative classification loss for predictions201
whose 2D IoU with an ignore-annotated box exceeds 0.5.202
This aligns training with the evaluation protocol (ignored203
predictions counted as neutral), allowing confident detection204
regardless of 3D annotation availability.205

3. WildDet3D-Data206

Existing 3D detection datasets such as Omni3D [6] cover207
fewer than 100 categories in narrow domains, making open-208
world generalization difficult. Scaling 3D annotation is fun-209
damentally harder than 2D: metric depth and calibrated in-210
trinsics are costly to obtain at scale.211

We introduce WildDet3D-Data, a large-scale open-212
vocabulary 3D detection dataset covering 1M images, 3.7M213
annotations, and 13.5K object categories—a 138× in-214
crease over Omni3D. We repurpose mature 2D detec-215
tion datasets (COCO [26], LVIS [16], Objects365 [41],216
V3Det [46]) by lifting their annotations into 3D through217
a three-stage pipeline (Figure 4): (i) five complementary218
models generate candidate 3D boxes for each 2D annotation;219
(ii) rule-based geometric and semantic filters remove implau-220
sible candidates; (iii) the best candidate is selected by human221
annotators or by a VLM-based scorer fine-tuned on Omni3D.222
Qualitative examples appear in Figure 5; Appendix C details223
each stage.224

3.1. Pipeline overview225

Candidate generation. For each image, we apply 4×226
super-resolution [56], estimate metric depth with MoGe-227
2 [47], and recover camera pose/intrinsics with Perspec-228
tiveFields [18] and WildCamera [61]. Five complementary229
methods then produce candidate 3D boxes per 2D annota-230
tion: 3D-MOOD [52] (matched open-vocabulary predic-231
tions), DetAny3D [57] (direct regression), SAM-3D [45]232
(mesh reconstruction), RANSAC-PCA (geometric fitting233
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Figure 4. WildDet3D-Data pipeline. Five complementary models
generate candidate 3D boxes from an image with 2D boxes and
a depth-derived point cloud. After translation/rotation optimiza-
tion and rule-based filtering, candidates enter two parallel selection
branches: VLM scoring on six perceptual criteria and human anno-
tation (select best + rate quality).

with gravity alignment), and LabelAny3D [54] (analysis- 234
by-synthesis). Each candidate is refined by depth-based 235
translation optimization and PCA-based rotation alignment; 236
details in Appendix C. 237

Filtering. Candidates pass through multi-stage filtering: 238
(i) geometric rules (edge contact, occlusion, 3D-to-2D pro- 239
jection ratio); (ii) a VLM-based classifier (Qwen3.5-9B [2]) 240
that removes depicted objects (pictures, reflections, screens) 241
and composite images; (iii) GPT-4.1-mini-estimated [33] per- 242
category physical dimensions filtering absolute size, depth- 243
to-width ratio, and axis proportions; and (iv) a small-object 244
upgrade that re-evaluates small objects via VLM criteria. 245
Annotations failing any check are flagged ignore3D=1 246
rather than deleted, preserving 2D recall. Full rules are in 247
Appendix C. 248

Candidate selection. Final annotations come from 249
two complementary paths. Human selection via Pro- 250
lific [35]: annotators view four viewpoints per candi- 251
date (image overlay + three orthographic point-cloud 252
views), select the best candidate, and rate its qual- 253
ity (good_fit/acceptable/unacceptable); quality 254
control uses gold tasks, yielding 84–98% pass rates. VLM 255
selection uses a Molmo2 [10] checkpoint fine-tuned on 256
Omni3D-generated positive/negative pairs; it scores each 257
candidate on six perceptual criteria (category, scale, trans- 258
lation, shape, rotation, vertical tilt) for a maximum total of 259
11, retaining the highest-scoring candidate above threshold. 260
VLM scoring exhibits a monotonic correlation with human 261
judgment (Spearman ρ=−1.0) and its top-2 covers 73.4% 262
of human selections; detailed validation is in Appendix C. 263

3.2. Statistics 264

Table 1 summarizes WildDet3D-Data. The human- 265
annotated portion (∼103K images) has quality ratings: 35– 266
48% good_fit, 33–50% acceptable, and 24–39% 267
unacceptable (flagged as ignore). The VLM-filtered 268
portion adds ∼896K images. Images span three macro- 269
scenes (Indoor 52%, Urban 32%, Nature 15%). Of 881 270
val categories, 826 (99.9%) have ≥ 1 training annotation 271
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Figure 5. Qualitative examples from WildDet3D-Data. Each pair shows 3D annotations overlaid on the image (left) and rendered in the
reconstructed point cloud (right). The dataset spans indoor, outdoor, and in-the-wild scenes with diverse categories, scales, and layouts.

Table 1. WildDet3D-Data statistics. Human annotations are rated by crowd-source workers; synthetic annotations are auto-selected by
VLM scoring. Combined, WildDet3D-Data spans 13.5K categories—a 138× increase over Omni3D’s 98.

Split Source Images Ann. Categories Type Scene Max depth

Existing datasets

Omni3D [6] KITTI, nuSc., SUNRGBD, etc. 234K 3M+ 98 Human Driving, Furniture 67 m

COCO-3D [54] COCO 18K 92K 80 Synthetic In-the-wild 35 m

CA-1M [21] ARKitScenes 3,500 (videos) 400K Class-agnostic Human Indoor 5 m

WildDet3D-Data

Train (Human) COCO, LVIS, Obj365, V3Det 102,979 229,934 12,064 Human In-the-wild

Train (Synthetic) COCO, LVIS, Obj365, V3Det 896,004 3,483,292 11,896 VLM filter In-the-wild

Val COCO, LVIS, Obj365 2,470 9,256 785 Human In-the-wild

Test COCO, LVIS, Obj365 2,433 5,596 633 Human In-the-wild

WildDet3D-Data (total) 1,003,886 3,728,078 13,499 Human + VLM In-the-wild 81 m

and ∼820 have ≥ 3. Candidate-model distribution, scene272
breakdown, and additional statistics appear in Appendix C.273

4. Experiments274

We evaluate WildDet3D on our proposed in-the-wild bench-275
mark WildDet3D-Bench (Section 4.2), the standard Omni3D276
benchmark (Section 4.3), and zero-shot transfer to Argov-277
erse 2 and ScanNet (Section 4.4), followed by ablation stud-278
ies (Section 4.5). Evaluation on Stereo4D (real stereo depth),279
qualitative comparisons under text prompts, per-dataset abla-280
tion breakdowns, and training details appear in Appendix D.281

4.1. Experimental setup282

Datasets. We use (i) WildDet3D-Bench (ours), 700+ open-283
vocabulary categories with human-verified 3D annotations,284
split into rare (<5), common (5–20), and frequent (>20)285
groups; (ii) Omni3D [6], unifying KITTI [15], nuScenes [7],286
SUNRGBD [42], Hypersim [39], ARKitScenes [4], and287

Objectron [1]; and (iii) zero-shot evaluation on Argov- 288
erse 2 [50] and ScanNet [11] following 3D-MOOD [52]. 289

Evaluation. We test in two modes: text prompt (category 290
names as open-vocabulary queries) and box prompt (GT 2D 291
boxes as geometric prompts, isolating 3D regression). For 292
Omni3D we follow the standard protocol (AP3D at 3D IoU 293
[0.05 ∶0.50 ∶0.05]), treating ignored objects as neutral. For 294
zero-shot we report ODS, the Open Detection Score of 3D- 295
MOOD [52]. For WildDet3D-Bench (open-vocabulary, non- 296
exhaustive), we report AP3D using center-distance match- 297
ing [52] with thresholds [0.50 ∶ 1.00 ∶ 0.05], applying the 298
LVIS federated protocol [16] so predictions matching 2D- 299
only annotations are neutral. 300

Implementation. WildDet3D is trained in three stages with 301
AdamW [29] on 32 GPUs (effective batch 128). Stage 1: 302
12 epochs on Omni3D. Stage 2: 12 epochs on a mix- 303
ture of Omni3D, WildDet3D-Data, and supplementary 3D 304
datasets (CA-1M [21], Waymo [43], 3EED [24], Founda- 305
tionPose [49]), collectively “Others”, for geometric diversity. 306
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Stage 3: 3 epochs fine-tuning on Omni3D + WildDet3D-307
Data (human) with mask-guided point/box training. Inputs308
are resized to 1008×1008; inference uses per-category NMS309
at IoU 0.6. Full hyperparameters are in Appendix D.310

4.2. In-the-wild evaluation on WildDet3D-Bench311

Table 2 shows that WildDet3D trained on Omni3D alone312
already surpasses 3D-MOOD by 3.0× on text prompts313
(6.8 vs 2.3). Adding WildDet3D-Data raises performance314
to 22.6 (text) / 24.8 (box)—a 9.8× improvement over 3D-315
MOOD. GT depth at test time yields dramatic gains: text316
AP jumps from 6.8 to 20.7 for the Omni3D-only model, and317
from 22.6 to 41.6 for the full model, confirming that our ar-318
chitecture effectively leverages depth signals. Improvements319
are consistent across frequency splits, with the largest gains320
on rare categories (47.4 vs 2.4 for 3D-MOOD).321

4.3. Results on Omni3D322

Table 3 reports Omni3D results. WildDet3D achieves323
34.2 AP with text prompts (+5.8 over 3D-MOOD) with 10×324
fewer training epochs (12 vs 120), and 36.4 in the box setting325
(+2.0 over DetAny3D with 6.7× fewer epochs). Gains are326
largest on indoor datasets (ARKitScenes, Objectron), reflect-327
ing stronger geometry estimation in cluttered scenes. Sparse328
depth further pushes box-prompt AP to 45.8 (+11.4 over329
DetAny3D), with dramatic gains on depth-equipped indoor330
datasets.331

4.4. Zero-shot evaluation332

Zero-shot results. WildDet3D reaches 40.3 ODS on AV2333
and 48.9 on ScanNet, outperforming 3D-MOOD Swin-B by334
+16.5 and +17.4 ODS; AP is dramatically higher (43.4 vs335
14.8 on AV2; 56.5 vs 28.8 on ScanNet). GT depth helps336
more on ScanNet (48.9→50.2) where indoor depth resolves337
scale ambiguity; the AV2 gain is marginal.338

4.5. Ablation339

Table 5 reports the ablation. The single most critical choice340
is joint 2D+3D prediction: removing the 2D head and pre-341
dicting 3D directly collapses AP from 30.2 to 11.1 (−19.1),342
confirming that 2D detection provides essential spatial priors.343
Among training objectives, O2M matching is most impactful344
(−2.5), especially on dense driving scenes; explicit geom-345
etry supervision contributes −1.7, concentrated on indoor346
datasets. The 3D confidence head, deep supervision, and347
ignore-aware suppression each give smaller but consistent348
improvements.349

4.6. Qualitative results350

Figure 6 compares WildDet3D against OVMono3D [53]351
and DetAny3D [57] on four in-the-wild scenes using box352
prompts. WildDet3D produces tighter, better-oriented 3D353
boxes on outdoor animals, cluttered indoor desks, street354

scenes with varied depths, and fine-grained food items, 355
where competing methods either hallucinate large boxes 356
or mis-estimate orientation. 357

5. Applications 358

Beyond benchmark evaluation, we demonstrate WildDet3D 359
across a range of real-world deployment scenarios spanning 360
on-device mobile inference, AR headsets, robotic manipula- 361
tion, and vision-language model integration. 362

WildDet3D in your pocket. We deploy WildDet3D on 363
iPhone via a client-server architecture where the iPhone cap- 364
tures RGB frames and LiDAR depth via ARKit and streams 365
them to a cloud-hosted inference endpoint (Figure 7a). The 366
app supports open-vocabulary text queries, 2D bounding box 367
prompts for geometric detection, and real-time camera-based 368
inference; detected 3D boxes are rendered as AR overlays 369
anchored via ARKit world tracking, enabling interactive 370
3D perception on consumer hardware. The app is publicly 371
available on the App Store. 372

WildDet3D for Augmented Reality (AR). We integrate 373
WildDet3D with Meta Quest 3 (Figure 7b). A Unity client 374
captures passthrough camera frames with calibrated intrin- 375
sics and 6-DoF pose from the Quest’s tracking system, sends 376
them to the WildDet3D API, and renders detected 3D bound- 377
ing boxes as overlays in the passthrough view. This enables 378
spatial understanding for AR where users query objects in 379
their environment by category and see metric 3D boxes an- 380
chored in physical space. 381

WildDet3D for Robotics. We apply WildDet3D to robotic 382
manipulation with a Franka Emika Panda arm (Figure 7c). 383
A third-view camera captures the scene, and WildDet3D 384
produces open-vocabulary 3D bounding boxes that are trans- 385
formed into the robot’s coordinate frame. The predicted box 386
centers and dimensions are directly consumed for grasp pose 387
generation and fed to an IK-based interpolation planner—a 388
zero-shot alternative to task-specific 3D perception modules 389
that require per-object training or CAD models. 390

6. Related work 391

Monocular 3D object detection. Monocular 3D detection 392
recovers 3D boxes from a single RGB image, an ill-posed 393
problem due to scale ambiguity and missing geometric cues. 394
Early work focused on closed-set driving [5, 28, 37, 48, 59] 395
and indoor scenes [11, 22, 40, 42]. Omni3D [6] unified 396
multiple datasets into a cross-domain benchmark, and Uni- 397
MODE [25] further improved unified monocular 3D detec- 398
tion. Recent work extends toward open-set/open-vocabulary 399
scenarios: OVMono3D [53], 3D-MOOD [52], OVM3D- 400
Det [17], and LocateAnything3D [30] explore lifting open- 401
vocabulary 2D detections into 3D, while DetAny3D [57] 402
emphasizes promptable box-based prediction. These ap- 403
proaches specialize to a single prompt interface; in con- 404

6



CVPR
#*****

CVPR
#*****

CVPR 2026 Submission #*****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 2. WildDet3D-Bench evaluation. (1) WildDet3D outperforms baselines when trained on Omni3D alone; (2) WildDet3D-Data
improves performance substantially (6.8→22.6 text, 8.4→24.8 box); (3) depth input at test time nearly doubles performance.

Method Training data APrare APcommon APfrequent AP3D

Text Prompt

3D-MOOD [52] Omni3D 2.4 2.1 2.6 2.3

WildDet3D Omni3D 9.0 6.5 5.2 6.8

WildDet3D w/ depth Omni3D 23.0 21.5 16.1 20.7

WildDet3D Omni3D, Others, WildDet3D-Data 28.3 21.6 18.7 22.6

WildDet3D w/ depth Omni3D, Others, WildDet3D-Data 47.4 40.7 37.2 41.6

Box Prompt

OVMono3D-LIFT [53] Omni3D 7.4 8.8 5.1 7.7

DetAny3D [57] Omni3D, Others 9.9 7.4 6.3 7.8

WildDet3D Omni3D 12.0 7.9 5.3 8.4

WildDet3D w/ depth Omni3D 26.4 24.4 19.6 23.9

WildDet3D Omni3D, Others, WildDet3D-Data 30.0 24.2 20.3 24.8

WildDet3D w/ depth Omni3D, Others, WildDet3D-Data 53.7 46.1 42.5 47.2

Table 3. Omni3D evaluation. WildDet3D outperforms prior methods in both text and box settings and further improves with depth input.

Method KITTI [15] nuScenes [7] SUNRGBD [42] Hypersim [39] ARKitScenes [4] Objectron [1] AP3D

Text Prompt

Cube R-CNN [6] 32.6 30.1 15.3 7.5 41.7 50.8 23.3

Uni-MODE* [25] 29.2 36.0 23.0 8.1 48.0 66.1 28.2

3D-MOOD Swin-T [52] 32.8 31.5 21.9 10.5 51.0 64.3 28.4

3D-MOOD Swin-B [52] 31.4 35.8 23.8 9.1 53.9 67.9 30.0

WildDet3D 37.0 31.7 38.9 16.5 64.6 60.5 34.2

WildDet3D w/ depth 36.1 32.0 51.1 26.6 73.3 68.3 41.6

Box Prompt

OVMono3D-LIFT [53] 31.4 32.5 23.2 11.9 54.2 63.5 29.6

DetAny3D [57] 38.7 37.6 46.1 16.0 50.6 56.8 34.4

WildDet3D 44.3 35.3 43.1 17.3 66.6 60.8 36.4

WildDet3D w/ depth 42.8 35.9 58.7 30.4 76.6 68.5 45.8

Table 4. Zero-shot evaluation from Omni3D to Argoverse 2 and
ScanNet. ODS [52] combines AP with translation/scale/orientation
errors (higher is better). Full metric breakdown in Appendix D.

AV2 [50] ScanNet [11]

Method AP↑ ODS↑ AP↑ ODS↑

Cube R-CNN [6] 8.6 8.9 20.0 19.5

3D-MOOD Swin-T [52] 14.8 22.5 27.3 30.2

3D-MOOD Swin-B [52] 14.7 23.8 28.8 31.5

WildDet3D 43.4 40.3 56.5 48.9

WildDet3D w/ depth 43.4 40.4 57.6 50.2

Table 5. Ablation on Omni3D with box prompts. Joint 2D+3D de-
tection is critical; O2M matching and geometry loss also contribute
substantially. Per-dataset breakdown in Appendix D.

Configuration AP3D

Full model 30.2

w/o 2D head (3D only) 11.1 (−19.1)

w/o 3D confidence head 29.4 (−0.8)

w/o O2M matching 27.7 (−2.5)

w/o geometry loss 28.5 (−1.7)

w/o deep supervision 29.9 (−0.3)

w/o ignore-aware suppression 30.0 (−0.2)

trast, we target a unified setting accepting text, point, or box405
prompts, with optional depth cues available at test time.406

Open-vocabulary and promptable visual perception. Our407
work builds on progress in open-vocabulary 2D perception408
(GLIP [23], OWL-ViT [31, 32], Grounding DINO [27])409
and promptable segmentation (SEEM [62], SAM 3 [8]),410
as well as multimodal LLMs with grounding capability411
(LISA [3, 20, 51], Molmo [9, 10, 12]). Existing 2D systems412

already support text, clicks, or boxes flexibly, but compa- 413
rable flexibility is rare in monocular 3D detection, which 414
typically exposes only category queries or externally pro- 415
vided 2D boxes. Our goal is to bring this prompt flexibility 416
into 3D while preserving open-vocabulary recognition and 417
enabling graceful improvement with depth. 418

3D annotation pipelines and open-world 3D data. Data is 419
a major bottleneck for generalized 3D detection. Omni3D [6] 420
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Prompts

GT

WildDet3D

OVMono3D

DetAny3D

Figure 6. Qualitative comparison on in-the-wild images with box prompts. Each block shows a scene detected by three models with
2D box prompts: ground truth 3D boxes, WildDet3D, OVMono3D, and DetAny3D. WildDet3D produces more accurate 3D localization
and tighter boxes across diverse categories (animals, vehicles, indoor electronics, small food items). Text-prompt comparisons are in
Appendix D.

(a) Mobile APP (iPhone): text prompt detection in an office (left), 2D
box prompt for geometric detection (middle), and open-vocabulary animal
detection outdoors (right).

(b) Augmented Reality (Meta Quest 3): passthrough AR with 3D bounding
boxes rendered in real time across three desk scenes.

(c) Robotics: Franka Emika Panda autonomously grasping objects specified
by open-vocabulary text prompts (“Green Chips”, “Can”, “Orange”).

Figure 7. Real-world deployment demos. Each row shows three
frames from a different deployment platform, demonstrating Wild-
Det3D across diverse interaction modes and environments.

offers a multi-dataset benchmark but with limited vocab-421
ulary. LabelAny3D [54] introduces analysis-by-synthesis422
3D box annotation and the COCO3D benchmark, and 3D-423

MOOD [52] and SAM-3D [45] demonstrate 2D-to-3D lifting 424
and reconstruction-based annotation. Automatic annotations 425
remain noisy on scale, rotation, and extent. Our pipeline 426
combines multiple complementary candidate generators, 427
VLM-based scoring, human selection, and geometry-aware 428
filtering to provide large-scale in-the-wild open-vocabulary 429
3D supervision. 430

7. Conclusion 431

We presented WildDet3D, a geometry-aware monocular 3D 432
detector unifying text, point, and box prompts with op- 433
tional depth, and WildDet3D-Data, a human-in-the-loop 434
1M-image, 13.5K-category dataset (138× Omni3D). Wild- 435
Det3D sets new state-of-the-art on Omni3D (34.2/36.4 AP3D 436
text/box) with 6–10× fewer epochs, reaches 40.3/48.9 ODS 437
zero-shot on Argoverse 2 / ScanNet, and 22.6/24.8 AP on 438
700+ in-the-wild categories, with +20.7 AP on average when 439
depth is provided. 440
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A. Limitations795

WildDet3D has several limitations. First, predicted cam-796
era intrinsics are less accurate than ground-truth calibration,797
degrading metric 3D localization when intrinsics are unavail-798
able. Second, monocular 3D detection is inherently ill-posed:799
distant or heavily occluded objects remain challenging with-800
out depth input, as evidenced by the substantial gains from801
sparse depth (Table 3). Third, rotation prediction remains the802
weakest component, particularly for near-symmetric objects803
(round tables, square boxes) where visual orientation cues804
are ambiguous. Fourth, the dual-backbone design increases805
memory and compute versus 2D-only detectors, limiting806
real-time on-device inference without distillation. Fifth, per-807
formance on rare long-tail categories still exhibits higher808
variance than frequent ones. Finally, the applications demon-809
strated in Section 5 are research prototypes—predictions810
may contain errors without guaranteed bounds—and Wild-811
Det3D is not intended for safety-critical applications.812

B. Method details813

B.1. Prompt encoding814

We adopt SAM 3’s prompt encoding [8]. Text prompts are815
tokenized with a CLIP-style [36] BPE tokenizer and encoded816
by a 24-layer causal text Transformer (width 1024, 16 heads),817
then linearly projected to d= 256. Box and point prompts818
are encoded by a geometry encoder that sums three com-819
plementary representations: (1) a direct linear projection820
of coordinates, (2) ROI-aligned features pooled from the821
image backbone (for boxes) or grid-sampled features (for822
points), and (3) sinusoidal positional encoding. A learnable823
positive/negative label embedding is added, and the result824
is refined by a 3-layer Transformer with cross-attention to825
image features. Exemplar prompts reuse the box encoding826
pipeline but are differentiated by a special text token (“vi-827
sual”) and a multi-target matching strategy that assigns all828
instances of the same category as ground truth. Encoded text829
and geometry tokens are concatenated into a single prompt830
sequence, which serves as cross-attention memory in both831
the encoder and decoder stages.832

B.2. Multi-source aggregation in 3D head833

For each decoder layer l ∈ {1, . . . , L}, hidden states H
l
∈834

RS×d are sequentially enriched with camera geometry and835
depth through two cross-attention modules. First, a camera836
prompt branch incorporates spatial ray features. Given in-837

trinsics K, we generate per-pixel rays ri,j = K
−1[u, v, 1]⊤838

and encode them with 8th-order real spherical harmonics839
ϕ(r) = RSH8(r/∥r∥) ∈ R81. Ray features are fused via840
cross-attention:841

H̃
l
= FFN(CrossAttn(SelfAttn(Hl), fr(ϕ(r)))), (3)842

where fr ∶ R81
→ Rd projects the SH features. A depth 843

prompt branch then fuses depth latents: 844

Ĥ
l
= FFN(CrossAttn(SelfAttn(H̃l), fd(Zd))), (4) 845

with fd ∶ R
Cd →Rd projecting depth latents into the query 846

embedding space. Both cross-attention modules use a single 847
head, with independent parameters per decoder layer. 848

B.3. 3D box parameterization 849

Following Equation (5), the 12-D encoding is: 850

p3d = (∆cx,∆cyÍÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÑÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÏ
center offset

, d̂ÍÑÏ
log depth

, ŵ, ĥ, l̂ÍÒÒÒÒÒÒÒÒÒÒÒÑÒÒÒÒÒÒÒÒÒÒÒÏ
log dims

, r1, . . . , r6ÍÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÑÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÒÏ
rotation

). (5) 851

The components are: (i) center offset (∆cx,∆cy)— 852
displacement between the 2D projection of the 3D center 853
and the 2D box center, normalized by sc = 10; (ii) log- 854
depth d̂ = sd ⋅ log(d) with sd = 2.0; (iii) log-dimensions 855
(ŵ, ĥ, l̂)=sdim ⋅log(w, h, l) with sdim=2.0; (iv) the first two 856
rows of the 3×3 rotation matrix in continuous 6D form [60], 857
with Gram–Schmidt orthogonalization to recover the full 858
rotation. 859

B.4. Unambiguous rotation normalization 860

Oriented 3D boxes have an inherent rotation ambiguity: a 861
box with dimensions (w, h, l) rotated by yaw θ is geomet- 862
rically identical to one with swapped (l, h, w) rotated by 863
θ + 90

◦, and a 180
◦ yaw flip yields the same box for sym- 864

metric objects. We resolve this ambiguity with a two-step 865
normalization applied to ground-truth rotation and dimen- 866
sions before loss computation: 867
1. Dimension ordering. If w > l, swap (w, l) and rotate by 868

Ry(90◦) so that w ≤ l always holds. 869
2. Yaw folding. Fold the yaw angle into [0, π) by applying 870

Ry(180◦) when yaw < 0 or yaw ≥ π. 871
Together these reduce the 4-fold rotation–dimension ambi- 872
guity to a unique unambiguous form, yielding a one-to-one 873
mapping between box geometry and regression target. The 874
same normalization is applied to predictions at inference 875
time before evaluation. 876

B.5. 3D confidence 877

The 3D confidence branch is a two-layer MLP predicting 878
a scalar score s3D ∈ [0, 1]. The soft target combines depth 879
quality and 3D IoU: 880

q
∗
= β⋅qdepth+(1−β)⋅IoU3D, qdepth = exp(−∣ log d̂−log d∗∣),

(6) 881
with β=0.7 emphasizing depth accuracy (the primary bot- 882
tleneck in monocular 3D detection). At inference the final 883
score is 884

s = s2D + α ⋅ s3D, α=0.5, (7) 885

letting 3D confidence re-rank detections with similar 2D 886
scores but different geometric quality. 887
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B.6. Loss formulations888

3D regression loss L3D. An L1 loss on the 12-D encoding:889

L3D =
1

Npos
∑
i∈M

∑
k

wk
»»»»»p

(i)
k − p

∗(i)
k

»»»»» , (8)890

where M is the matched index set and wk are per-component891
validity weights (set to zero when depth or dimensions are892
unavailable).893

3D confidence loss Lconf. An IoU-aware focal BCE with894
adaptive soft targets. For each matched prediction with raw895
logit ci, the target is896

ti = σ(ci)α ⋅ q∗i
1−α

, α=0.25, (9)897

and the total loss combines a positive term over matched898
queries and a focal-weighted negative term over unmatched899
ones:900

Lconf =
1

Npos
∑
i∈M

w+⋅BCE(ci, ti)+
1

Nneg
∑
j∉M

σ(cj)γ⋅BCE(cj , 0),

(10)901
with w+=5 and focal exponent γ=2 to down-weight easy902
negatives.903

Auxiliary geometry loss Lgeom. The geometry backend904
aggregates the following losses on predicted depth map905
and camera intrinsics: (i) L1 metric depth at valid pix-906
els; (ii) scale-invariant logarithmic (SILog) depth [13] at907
valid pixels,908

LSILog =

√
√√√√√⎷ 1

N
∑
i

g2i −
λ
N2 (∑

i

gi)
2

, gi = log d̂i−log d
∗
i ,

(11)909
with λ = 0.85; (iii) confidence mask BCE supervising910
per-pixel depth validity; (iv) affine-invariant point-map911
losses (global alignment, multi-scale local alignment, edge-912
aware) [47] on back-projected 3D point maps; (v) camera913
ray L2 loss supervising predicted intrinsics against ground914
truth.915

Auxiliary 2D detection loss L2D. (i) IoU-aware BCE clas-916
sification [8] with 2D IoU as soft target; (ii) Box regression917
combining L1 on center-size representation and general-918
ized IoU [38]; (iii) Per-category presence loss supervising919
whether a queried category exists in the image; (iv) One-to-920
many matching [8]: each ground-truth object is paired with921
its top-k=4 scoring predictions, providing denser gradient922
signals for both 2D and 3D heads.923

C. Data pipeline details924

C.1. Monocular depth and camera estimation925

We first apply 4× image super-resolution [56] to increase spa-926
tial detail. MoGe-2 [47] then produces a metric depth map927

at 1024-long-edge resolution, while PerspectiveFields [18] 928
and WildCamera [61] estimate camera pose (roll/pitch) and 929
intrinsics (fx, fy, cx, cy) respectively. The depth map is re- 930
projected into a 3D point cloud using the estimated camera 931
parameters. 932

C.2. 3D box optimization 933

After initial prediction, each candidate undergoes two refine- 934
ment steps: (i) translation optimization, which aligns the 935
predicted depth to the estimated depth map using percentile- 936
based scaling or anchor-based optimization; and (ii) rotation 937
optimization, which corrects orientation using PCA-based 938
gravity alignment and 2D projection constraints. The refined 939
candidates from all five models are then merged into a uni- 940
fied 10-D format (center, dimensions, quaternion), yielding 941
up to five candidates per 2D annotation. 942

C.3. Rule-based filtering 943

All candidates and annotations undergo multi-stage filter- 944
ing. Failed annotations are never deleted but flagged as 945
ignore3D=1, preserving the full 2D annotation set for 2D 946
recall evaluation. 947

Geometric rules. Candidates are filtered by three geometric 948
criteria: edge contact ratio ≥3%, occlusion ratio >15% (for 949
RANSAC-PCA), and 3D-to-2D projection size ratio outside 950
[0.5, 1.5]. 951

Depicted object filter. A Qwen3.5-9B [2] classifier identi- 952
fies and discards annotations of depicted objects (pictures, 953
posters, reflections, screen displays) that portray objects 954
rather than real 3D instances. 955

Composite image filter. Images composed of multiple sub- 956
images are detected with Qwen3.5-9B and removed, since 957
they often yield inaccurate depth maps. 958

LLM-estimated size and geometry filter. GPT-4.1- 959
mini [33] estimates per-category physical dimensions (axis 960
ranges, depth-to-width bounds, fixed/variable size class). We 961
filter by (i) absolute size—each axis must fall within the 962
LLM-estimated range; fixed-size categories (person, car) 963
use 1.5× tolerance, variable-size categories (toy, sculpture) 964
use 3.0×, relaxed to 2.5×/5.0× for fine-grained datasets; 965
(ii) depth-to-width ratio—catches depth-stretching arti- 966
facts; (iii) axis proportion—for non-flat, non-elongated 967
objects. 968

Small object upgrade. Objects initially filtered as “small” 969
(2D area < 0.5% of image) are re-evaluated using the VLM 970
criteria; qualifying small objects are upgraded to valid anno- 971
tations, recovering long-tail supervision. 972

C.4. Candidate selection 973

Human selection (Prolific). Crowdsourced annotators 974
on Prolific [35] evaluate up to five candidates per object, 975
each visualized from four viewpoints (perspective overlay 976
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+ three orthographic point-cloud views). Annotators se-977
lect the best candidate and rate its quality as good_fit,978
acceptable, or unacceptable. Each batch contains979
50 regular tasks plus 5 gold (quality-control) tasks with980
known-bad annotations; batches where annotators fail to981
identify ≥ 2/5 gold tasks are discarded and reassigned. Over-982
all pass rates range 84–98% across splits.983

VLM selection. A Molmo2 [10] checkpoint is fine-tuned984
for candidate selection with synthetically generated positive985
and negative candidate pairs from Omni3D. Each candidate986
(cropped image overlaid with the projected 3D box wire-987
frame) is scored on six perceptual criteria: category correct-988
ness (0–1), scale accuracy, translation accuracy, shape fi-989
delity, rotation correctness, and vertical tilt alignment (each990
0–2), for a maximum total of 11. We retain the highest-991
scoring candidate when its total score exceeds 10.992

C.5. Pipeline validation993

To validate the annotation pipeline, we analyze the human-994
annotated train split (230K accepted annotations).995

Table 6. Candidate model selection share and human rejection
rate on the human-annotated train set. Rejection rates vary by
> 3× across models.

Model Sel. Share Rej. Rate

SAM-3D 40.4% 17.3%

RANSAC-PCA 28.2% 12.5%

DetAny3D 14.5% 42.9%

LabelAny3D 13.0% 21.3%

3D-MOOD 3.8% 25.7%

Overall — 22.0%

Table 7. VLM composite score vs. human rejection rate. Scores
correlate perfectly with human judgment (Spearman ρ=−1.0).

VLM Score Rej. Rate n

< 7 71.9% 1,992

7 67.4% 13,670

8 45.3% 18,665

9 36.1% 83,882

10 16.7% 310,329

11 9.2% 52,684

VLM Top-2 Coverage: 73.4%

Candidate model quality. Table 6 shows the selection share996
and rejection rate of each candidate model. SAM-3D ac-997
counts for the largest share of accepted annotations (40.4%),998
followed by RANSAC-PCA (28.2%), DetAny3D (14.5%),999
LabelAny3D (13.0%), and 3D-MOOD (3.8%). Rejection1000
rates vary by more than 3×: RANSAC-PCA achieves the1001

Indoor
52%

Nature
15%

Urban
32%

Home/Apartment

Public Space
Nature

Urban

Figure 8. Scene category distribution of WildDet3D-Data. Im-
ages span three macro-categories: Indoor (52%), Urban (32%), and
Nature (15%).

lowest (12.5%) while DetAny3D is rejected most frequently 1002
(42.9%). This disparity confirms that candidate quality dif- 1003
fers substantially across models and can only be reliably 1004
distinguished through human evaluation. 1005

VLM-human correlation. VLM scores exhibit a perfect 1006
monotonic correlation with human rejection rates (Spearman 1007
ρ=−1.0; Table 7): rejection decreases steadily from 71.9% 1008
at score < 7 to 9.2% at score 11 (AUC = 0.66, point-biserial 1009
r = 0.30, p < 10

−100, n = 481K). Among the six VLM 1010
dimensions, scale (AUC = 0.60) and shape (AUC = 0.56) 1011
are the strongest predictors. VLM top-2 ranked candidates 1012
cover 73.4% of human selections. Despite strong correlation, 1013
VLM scoring alone cannot substitute for human judgment: 1014
even at score 10 (64.5% of all candidates), the human re- 1015
jection rate is 16.7%. This motivates our two-stage design: 1016
VLM scoring as pre-filter, followed by human verification 1017
for quality-critical subsets. 1018

C.6. Additional statistics 1019

Val/test sampling strategy. For validation and test sets, we 1020
use a three-phase balanced sampling algorithm: (1) greedy 1021
set cover for 100% category coverage, (2) multi-objective 1022
balanced fill optimizing category rarity, scene diversity, 1023
depth distribution, and source balance, and (3) targeted patch- 1024
ing to ensure ≥ 3 samples per category. 1025

Candidate model distribution. Among valid synthetic an- 1026
notations, SAM-3D contributes ∼55% of selected boxes, 1027
RANSAC-PCA ∼28%, and LabelAny3D ∼17%, reflecting 1028
the complementary strengths of mesh-based reconstruction, 1029
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geometric fitting, and single-image 3D reconstruction.1030

Filtering impact. The multi-stage filtering pipeline removes1031
15–20% of annotations via size/geometry checks, with the1032
absolute size filter contributing the largest share. The de-1033
piction filter catches ∼2% of annotations across human and1034
synthetic splits.1035

D. Additional experiments1036

D.1. Stereo4D evaluation with real depth1037

To further validate generalization with real depth, we evalu-1038
ate on Stereo4D [19], a video dataset with real stereo depth1039
maps (383 images, 78 categories after filtering), with 2D an-1040
notations collected using the SVG2 pipeline [14]. Categories1041
are split into rare (<5), common (5–10), and frequent (≥10)1042
groups. AP is computed with center-distance matching. All1043
models are evaluated zero-shot (not trained on Stereo4D).1044

Table 8. Stereo4D zero-shot evaluation with box prompts.

Method APrare APcommon APfrequent AP3D

OVMono3D-LIFT [53] 12.3 7.1 11.4 9.9

DetAny3D [57] 8.3 8.2 4.9 7.1

WildDet3D 8.1 6.3 8.5 7.5

WildDet3D w/ depth 26.2 31.1 24.6 27.7

Without depth (Table 8), our monocular model (7.5 AP)1045
is competitive with DetAny3D (7.1 AP), while OVMono3D-1046
LIFT achieves the highest monocular AP (9.9) due to1047
stronger monocular depth estimation on this low-resolution1048
stereo domain. When real depth is provided, performance1049
improves dramatically to 27.7 AP, a 2.8× improvement over1050
OVMono3D-LIFT, demonstrating effective use of real depth1051
signals.1052

D.2. Per-dataset ablation1053

Table 9 expands the ablation from Section 4.5 with per-1054
dataset breakdowns. The most dramatic drop from re-1055
moving the 2D head is on indoor datasets (SUNRGBD:1056
33.9→5.1, Objectron: 56.8→10.9). The O2M matching1057
effect is most pronounced on driving datasets (KITTI:1058
27.9→23.2, nuScenes: 28.2→23.9). Geometry loss con-1059
tributes most on indoor scenes (SUNRGBD: 33.9→28.6, Hy-1060
persim: 13.2→11.1). We expect ignore-aware suppression1061
to have a larger effect on WildDet3D-Bench than Omni3D,1062
since partial 3D annotations are far more common there.1063

D.3. Qualitative comparison with text prompts1064

Figure 9 compares WildDet3D against 3D-MOOD [52] on1065
four in-the-wild scenes under text-prompt evaluation. Wild-1066
Det3D consistently detects more categories and produces1067
more realistic 3D placements.1068

16



CVPR
#*****

CVPR
#*****

CVPR 2026 Submission #*****. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Table 9. Full ablation with per-dataset breakdown. Evaluated in the oracle (box-prompt) setting on Omni3D.

Configuration KITTI [15] nuScenes [7] SUNRGBD [42] Hypersim [39] ARKitScenes [4] Objectron [1] AP3D

Full model 27.9 28.2 33.9 13.2 59.4 56.8 30.2

w/o 2D head (3D only) 18.3 15.6 5.1 9.7 28.5 10.9 11.1 (−19.1)

w/o 3D confidence head 28.0 27.9 32.1 13.0 58.2 56.9 29.4 (−0.8)

w/o O2M matching 23.2 23.9 30.8 12.2 56.8 53.5 27.7 (−2.5)

w/o geometry loss 28.3 27.7 28.6 11.1 57.0 56.4 28.5 (−1.7)

w/o deep supervision 28.1 28.3 32.4 12.6 58.7 56.6 29.9 (−0.3)

w/o ignore-aware suppression 28.2 29.4 33.2 13.0 59.2 56.4 30.0 (−0.2)

Prompts: Car, SUV, Pickup 
Truck, Helicopter Prompts: Fireplug, Ladder Prompts: Cat, Stapler Prompts: Bear

WildDet3D

3D-MOOD

Figure 9. Qualitative comparison with text prompts. Each block shows the same scene detected by WildDet3D (top) and 3D-MOOD
(bottom), prompted with text categories only. WildDet3D consistently detects more object categories with more realistic placement,
orientation, and shape.
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