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Figure 1. LocateAnything3D unifies 3D detection and grounding in a single vision-language model. It supports open-world categories
with free-form text guidance and flexible visual prompts (e.g., drag boxes, click points). All examples are zero-shot, highlighting strong out-
of-domain generalizability. The bar chart (right) shows that LocateAnything3D achieves state-of-the-art AP3p on the Omni3D benchmark.

Abstract

To act in the world, a model must name what it sees and
know where it is in 3D. Today’s vision-language models
(VLMs) excel at open-ended 2D description and ground-
ing, yet multi-object 3D detection remains largely missing
from the VLM toolbox. We present LocateAnything3D, a
VLM-native recipe that casts 3D detection as a next-token
prediction problem. The key is a short, explicit Chain-
of-Sight (CoS) sequence that mirrors how humans reason
from images: find an object in 2D, then infer its distance,
size, and pose. The decoder first emits 2D detections
as a visual chain-of-thought, then predicts 3D boxes un-
der an easy-to-hard curriculum: across objects, a near-to-
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far order reduces early ambiguity and matches ego-centric
utility; within each object, a center-from-camera, dimen-
sions, and rotation factorization ranks information by sta-
bility and learnability. This VLM-native interface preserves
open-vocabulary and visual-prompting capabilities without
specialized heads. On the challenging Omni3D bench-
mark, our model achieves state-of-the-art results, with
38.90 AP3p, surpassing the previous best by +13.98 abso-
lute improvement even when the baseline is given ground-
truth 2D boxes. It also generalizes zero-shot to held-out cat-
egories with strong robustness. By turning 3D detection into
a disciplined next-token problem, LocateAnything3D offers
a practical foundation for models to perceive in 3D.
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1. Introduction

Vision-language models (VLMs) have rapidly advanced
open-ended perception in 2D: with a single model and
a single decoding interface, they localize, describe, and
reason about arbitrary image content across diverse do-
mains [3, 43, ]. Yet one capability has lagged behind:
general, multi-object 3D detection directly from monocu-
lar images. Existing monocular 3D detectors perform well
within narrow domains [ 1, 26, ], but rely on task-specific
heads, closed label spaces, and carefully calibrated cam-
eras; they do not inherit the versatility, compositionality,
or instruction-following behavior that makes VLMs com-
pelling. Recent work begins to bridge the gap by either
coupling specialized 3D heads to open-vocabulary 2D de-
tectors [ 105, ], or by prompting foundation models with
auxiliary geometric inputs, but they mostly address single-
object grounding or require customized modules that break
the simplicity of the VLM paradigm [18]. In short, we still
lack a VLM that can natively perceive 3D and produce reli-
able, multi-object 3D boxes from a single image.

The strong motivation behind teaching VLMs to reason
about 3D lies in the next frontier of the embodied intel-
ligence: not just perception, but action. 3D boxes are a
compact, metrically meaningful scene state: they connect
recognition to interaction, make supervision verifiable, and
enable calibration in diverse environments. Folding this ca-
pability into the same, token-based interface that already
handles 2D grounding simplifies system design and makes
scaling with data straightforward. The question we pursue
is focused: what is the most VLM-native recipe that makes
multi-object monocular 3D detection just work?

We answer this question with Chain-of-Sight (CoS), a
decoding and supervision scheme that teaches 3D the way
humans often reason from pictures: first commit to what is
visible in 2D, then infer distance, size, and pose [64, 75, 90].
Specifically, we cast detection as a short token sequence that
interleaves 2D and 3D per instance: the decoder emits a 2D
box, then the corresponding 3D box, and repeats until an
end-of-sequence token. The explicit 2D step serves as a
high-confidence visual chain-of-thought (CoT) that focuses
the search on the right pixels, ties subsequent tokens to veri-
fiable evidence, and reduces hallucination. In an autoregres-
sive model, this is not merely convenient formatting: early
tokens should be easy, highly informative, and attributable.
Committing to image space first provides strong condition-
ing for the rest of the sequence, shapes the likelihood land-
scape to be smoother for 3D tokens, and yields a natural
interface for prompting. Because the same decoder accepts
either text or visual cues, a user can supply text instruction
or a box/click, and the model continues with the 3D state
for that instance without switching heads or losses.

Beyond the 2D proxy, we align supervision to the natural
curriculum of autoregressive decoding. Across objects, we

serialize detections by depth, from near to far. This ordering
matches ego-centric utility (near objects matter first), pro-
vides high-evidence tokens early, and sets geometric con-
text that constrains scale and distance for later objects via
relative size and occlusion. Placing ambiguous, far in-
stances at the tail prevents them from derailing the prefix.

Within each object, we factorize the 3D box into a seman-

tically ordered tuple and decode center — size — rotation.

This ranking mirrors the observability of monocular cues:

“where is it?” before “how big is it?” before “how is it ori-

ented?”, and stabilizes learning by letting location constrain

the latter properties. Compared to corner-based encodings
that entangle all parameters and amplify early errors, this
factorization is both more learnable and better calibrated.
To train CoS end-to-end, we curate a camera-centric cor-
pus that presents supervision in exactly the sequence the
model will decode: 2D — 3D and near — far. We unify het-
erogeneous data sources into a shared schema, retain intrin-
sics and a consistent camera-frame parameterization, and
convert the data into VLM conversations with calibrated
negatives for anti-hallucination. The resulting package is
a high-quality dataset that comprises approximately 1.74M
training examples spanning indoor and outdoor scenes and
diverse camera rigs for 3D vision-language perception.
The results demonstrate the power of our 2D-as-proxy
and easy-to-hard curricula. On the challenging Omni3D
dataset [5], our method attains state-of-the-art performance
with 38.90 AP3p, surpassing the previous best by +13.98
absolute points. The same model shows strong zero-shot
generalization to held-out categories. Ablations corroborate
the design: replacing near-to-far with a left-to-right scanline
or random ordering drops performance by a large margin.

Removing the 2D CoS also collapses accuracy. Qualitative

results (Figs. | and 3) show depth-consistent ordering, scale

stability across repeated objects, and coherent orientations
under occlusion and truncation.
This paper makes three contributions:

* A Chain-of-Sight formulation that turns open-world
monocular 3D detection into a native next-token predic-
tion problem in a VLM. By coupling explicit 2D ground-
ing with 3D decoding, CoS improves reliability while pre-
serving text- or visual-prompting within one interface.

* A curriculum and representation tailored to autoregres-
sive decoding: near—far serialization across objects and
an intra-object tokenization that yields consistent decod-
ing, stronger performance, and robustness under camera
and category shifts.

* A camera-centric dataset that unifies heterogeneous
data sources into CoS-ready corpus, enabling scalable
and systematic ablations without task-specific heads.

These elements deliver simple and strong 3D perception

within a VLM, closing a long-standing gap between open-

vocabulary recognition and metric 3D understanding.
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2. Related Work

We situate our contributions at the intersection of three con-
verging directions: VLMs for visual perception that couple
recognition with fine-grained grounding; embodied vision
beyond static understanding toward spatial reasoning and
acting; and 3D object detection from closed-set training to
unified open-vocabulary formulations.

2.1. Vision-Language Models in Visual Perception

The 2D perception task provides a perfect playground for
vision-language models (VLMs) to learn localizing and
reasoning. Classical pipelines rely on specialized “vi-
sion experts” for recognition and grounding, including con-
trastive pretraining for open-set recognition and match-
ing [71], image-text pretraining for retrieval [40], and
strong detectors for region-level grounding [37, 52, 73].
Building atop these capabilities, recent VLM systems ei-
ther orchestrate experts as tools under a multimodal con-
troller [51, 97] or pursue unified backbones that natively
tackle a wide spectrum of perception tasks [48, 86, 87, 89,
, 99, ]. Within grounding, the long-standing line of
referring-expression comprehension (REC) frames 2D lo-
calization from unstructured language, with RefCOCO/+/g,
Flickr30k-Entities, and subsequent datasets pushing object-
level grounding in everyday scenes [34, 50, 63, 68, 94,
]. Recent VLMs further include grounding into train-
ing objectives, learning to output boxes or points directly
— e.g., bounding-box supervision in Kosmos-2, Qwen-
VL, and Gemini [3, 25, 33, 67], and point-based localiza-
tion in MoLMo and RoboPoint [20, ]. Beyond static
REC, task-conditioned and temporally aware grounding has
emerged as a key frontier for embodied use, including task-
driven pointing and procedure-aware grounding [100], and
2D grounding as reasoning chain-of-thought [62, 78]. Our
formulation adopts this 2D-first perspective: we leverage
2D detections as explicit intermediate tokens to structure
perception before lifting to full 3D inference, aligning with
evidence that tightly coupling grounding with reasoning
yields more reliable downstream behavior [3, 43].

2.2. Vision-Language Models for Embodied Vision

Foundation models are increasingly leveraged as embodied
agents that perceive, reason, and act in long-horizon tasks.
Early systems primarily rely on prompting to elicit plan-
ning behaviors from VLM backbones [27, 35, 79, 81, 82],
with code and API-centric tool interfaces further improv-
ing reliability [44, 80]. Subsequent work introduces su-
pervised finetuning, yielding compact yet capable agents
for manipulation [28, 36, 38, 49, 57, , , ] and
household or procedural reasoning [14, 32, 98]. In paral-
lel, spatial intelligence has emerged as essential competen-
cies for open-world embodiment, with lines of work tar-
geting distance/metric understanding and counting [7, 10,

, 23, 46, 83, s ], as well as benchmark suites that
synthesize complex 3D scenes and tasks [16, 72]. Em-
bodied pointing and grounding further connect perception
to action [26, 39, ], and recent efforts augment spatial
reasoning with structured reasoning [54, ]. Integrated
frameworks exemplify the trend toward generalist embod-
ied VLMs and unify perception, reasoning, and planning at
scale [31, 85], while curated benchmarks continue to ex-
pand the supervision landscape [15, 17, 21, 60, 65, 69, 70,

, s s ]. Beyond supervision fine-tuning (SFT),
reinforcement-driven training also starts to revolutionize the
role of reasoning traces in embodiment [ 12, s 1. Our
work is synergistic with these directions: we target multi-
object 3D perception as a VLM-native next-token problem
by structuring 3D detection with intermediate 2D reasoning
and curriculum design. Our formulation provides an ex-
plicit, language-aligned perception interface that can plug
into embodied agents.

2.3. 3D Object Detection

Classical monocular 3D object detection has been driven by
single-dataset optimization on benchmarks, yielding strong
in-domain performance with task-specific architectures but
limited robustness under distribution [6, 11, 13, 24, 29, 41,

, 91, 92, X s ]. Parallel lines of work study
multi-sensor fusion and spatio-temporal reasoning to boost
accuracy, yet typically inherit closed-set label space con-
straints [45, 47, 61]. To reduce dataset and camera bias,
Omni3D unifies diverse sources and introduces Cube R-
CNN, showing that multi-dataset training improves cross-
scene generalization for monocular detectors [5]. Subse-
quent efforts further explore bird’s-eye-view formulations
across indoor and outdoor settings [30, 42]. Moving be-
yond closed vocabularies, open-vocabulary 3D detection
seeks to recognize and localize categories beyond those
seen during training. Much of the early progress assumes
point clouds as input or supervision [8, 9, 58, 59, 66, 77,

, R s , s ]. Closer to our setting, OV-
Mono3D lifts open-vocabulary 2D detections (e.g., from
Grounding DINO) into 3D with a unified head [53, ].
DetAny3D proposes a promptable 3D foundation model
that transfers knowledge from 2D foundation models to
monocular 3D via feature aggregation [116]. We pursue a
VLM-native decoding that treats multi-object 3D detection
as disciplined next-token inference, leveraging explicit 2D-
to-3D factorization to improve generalization across cate-
gories and camera configurations.

3. LocateAnything3D Methodology

Overview. We study the monocular, open-world 3D de-
tection task in a VLM-native setting, as demonstrated in
our architecture diagram in Fig. 2. A single RGB image
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Figure 2. Architecture of LocateAnything3D. (1) Model input: a single RGB image with text and optional visual prompts (boxes/clicks).
(2) Chain-of-Sight (CoS) decoding: a VLM decoder first emits 2D detections as an explicit visual evidence, then continues the sequence to
3D. Decoding follows three layers of design: inter-object curriculum ordering detections from near to far; intra-object factorization using
2D as CoS to robustly infer 3D; and intra-3D tokenization that outputs center, size, and rotation. (3) We output calibrated multi-object 3D
boxes with open-vocabulary categories and flexible prompting, yielding strong results on Omni3D. We use turbo colormap for boxes to
demonstrate their depth, where reddish and blueish colors indicate closer and farther objects, respectively.

and free-form text query drive an autoregressive (AR) de-
coder that emits a short, structured sequence comprising
2D proposals and their 3D counterparts. The core idea is
our Chain-of-Sight (CoS) factorization, which makes 3D a
native next-token prediction problem.

3.1. Preliminaries: Monocular 3D Detection

Let I € R¥XWX3 be a monocular RGB image and let
c € X" denote a free-form textual description of a target
category (e.g., “car,” “any cup,” or “red chair”’). The goal is
to predict a variable-sized set of 3D bounding boxes of that
category, denoted as B, = {bl}ficl We represent a 3D box

in the camera coordinate frame as
b, = (t;,d;,R;) t; € R*d; € R:;R; € SO(3), (1)

where t; = (X;,Y;, Z;) " is the 3D center from the camera,
d; = (W;, H;, L;) " denotes the metric dimensions, and R;;
is the object rotation. In scenes that admit the upright-world
assumption (e.g., autonomous driving), R; can be parame-
terized by a single yaw angle; our formulation remains valid
for the general case.

Given I and ¢, monocular 3D detection can be posed as
set inference B, = arg maxp P(B|I, ¢) where P(B|I, c) is
the conditional distribution of all 3D boxes of the queried
category. With an autoregressive decoder, a standard factor-
ization of the Eq. | is

Nec
P(B‘I?C)ZHP(biII7Cab<i)a (2)

i=1

where b.; denotes previously generated boxes and an end-
of-sequence token handles the unknown cardinality V..
For later use, we also define the 2D bounding box
of instance i as q; = (zPin, ymin gnax gmax) ¢
{0,1,...,1000}* in normalized integer image coordinates,
and a (known or estimated) pinhole projection operator 11
mapping (t;, d;, R;) to image space. We write II(b;) = q;
when the 2D box is obtained by projecting the 3D cuboid.

3.2. Chain-of-Sight (CoS) Factorization

The key innovation is to interleave 2D and 3D in the token
sequence so that 2D localization acts as a visual chain-of-
thought, which we call chain-of-sight (CoS), that constrains
3D inference. Concretely, the decoder emits

S: (q17b17q27b27"'7<eos>)7 (3)

where each 2D box q; is immediately followed by its 3D
counterpart b;. The resulting conditional probability de-
composes as

Ne

P(S | I,C) :HP(qZ | I7C7S<i)P(bi | Ia078<i7qi)
i=1

3D estimation

: P((eos) | Ia ¢, SSNc)a 4

2D localization

where S.; denotes all tokens emitted before step ¢. Com-
pared to Eq. (2), this CoS factorization introduces a high-
confident intermediate q; that: (i) focuses the search on the
right pixels, (ii) reduces hallucination by tying 3D tokens
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to visible evidence, and (iii) aligns naturally with AR de-
coding, where early tokens should be both easy and highly
informative. By committing to q; first, the model learns to
ground each instance before decoding its 3D state, mirror-
ing how textual chain-of-thought stabilizes hard reasoning.

Inter-object curriculum. Conventional 2D detectors of-
ten impose a scanline or left-to-right ordering when serial-
izing detections for AR decoders [43, ]. Such policies
are agnostic to 3D geometry: two boxes that are adjacent
in 2D may be at very different depths. Hence, far-away in-
stances that are intrinsically ambiguous in monocular views
can appear adjacent and early in the sequence and derail
subsequent decoding. We therefore adopt a near-to-far cur-
riculum across objects. Placing nearer objects first improves
three properties relevant to 3D: (1) utility: nearer instances
matter most for interaction and safety; (2) evidence qual-
ity: close objects provide stronger monocular cues, yielding
confident early tokens; and (3) context: once nearby geom-
etry is established, it constrains the plausible size and depth
of distant objects via relative scale and occlusion relation-
ships. In practice, the depth-aware order leads to more sta-
ble, well-calibrated sequences than 2D scanline order.

Intra-object factorization (2D =- 3D). Although 3D de-
tection does not require predicting 2D boxes, we deliber-
ately ask the model to do so. Prior monocular methods com-
monly rely on an external 2D detector to propose boxes and
then lift them to 3D with a specialized head [53, s ].
In contrast, our VLM performs both 2D localization and
3D estimation within the same decoder and the same inter-
face. This tight coupling is beneficial for the same reason
textual chain-of-thought helps language problems: interme-
diate commitments break a hard prediction into easier, veri-
fiable steps. Here, the 2D prediction serves as a visual CoT
— our Chain-of-Sight — that anchors subsequent 3D tokens.
The design also naturally supports visual prompting: when
a user supplies a 2D cue (e.g., a box or a click), the de-
coder can immediately continue with the corresponding 3D
tokens for that instance, preserving the AR workflow.

Intra-3D tokenization. A 3D box can be represented in
several ways. Corner-based encodings list eight projected
or 3D vertices [5], but they are ambiguous to an AR decoder
(which corner comes first?), and amplify early-token errors.
Instead, we adopt the structured representation of Eq. (1)
and, crucially, a semantic ordering for AR decoding: center
t — size d — rotation R. This order reflects information
value and difficulty: “where is it?” before “how big is it?”
before “how is it oriented?”, and we find it substantially
improves the robustness.

Coordinate and rotation systems. We predict boxes in
the camera frame rather than the world frame. This avoids
burdening the model with estimating scene-level coordi-
nates (which vary across datasets and camera rigs) and im-

proves cross-domain generalization. Projection to image
space uses the usual pinhole model, II : (t,d,R) — q,
with intrinsics known or estimated. For rotation, our for-
mulation supports either a full SO(3) rotation or a yaw-
dominant parameterization when the upright assumption is
reasonable (e.g., driving scenes). The latter allocates most
capacity to the most observable angle under monocular cues
while retaining the general case when needed. Overall, the
CoS factorization (Eq. 4), together with a near-to-far inter-
object curriculum and center—size—rotation intra-object
ordering, turns open-world monocular 3D detection into a
compact sequence that is easy for a VLM to learn and robust
to decode, all within a single, unified interface. Training
uses standard cross-entropy losses over tokens; additional
details follow in subsequent sections.

4. LocateAnything3D Data Curation at Scale

Goal. We construct a large, camera-centric corpus that na-
tively supports our Chain-of-Sight decoding (Fig. 2) and the
formulation in Sec. 3. The data are presented to the model
exactly in the sequence it will decode at test time: first 2D,
then 3D, and from near to far. We unify heterogeneous
monocular 3D benchmarks into a single representation and
package them as VLM conversations for both single-object
grounding and multi-object detection.

Datasets and Unification. We leverage six public 3D de-
tection datasets: ARKitScenes [4], SUN-RGBD [84], Hy-
persim [74], Objectron [2], KITTI [24], and nuScenes [6]
into a shared JSONL format. Across datasets we retain
camera intrinsics and adopt a camera-coordinate convention
for 3D boxes to maximize cross-domain transfer.

4.1. Stage I: Canonical Multi-Box Normalization

Output unit. For each image and category we create one
JSONL line containing all instances of that category, or-
dered by depth. Formally, each line corresponds to a tu-
ple (image_path, category-name) and carries a list of
per-instance fields aligned by index.

Geometry-based filtering and quality control. We drop
instances that are behind the camera or entirely outside the
image frustum relative to the camera frame. When the
dataset provides visibility and truncation metadata, we keep
items with visibility greater than 0.16 and truncation less
than 0.84; otherwise we approximate these terms using 2D
projections, depth ordering, and border intersection. These
thresholds balance coverage and precision, removing am-
biguous supervision that is particularly harmful early in au-
toregressive decoding.

2D and 3D representations. To represent 2D objects, we
store both tight pixel boxes q = (™", ymin pmax g max)
and normalized coordinates in [0,1000] (integers). The
2D representation can also be conveniently converted to
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center point format for prompting variants (e.g., points).
For 3D reprensetation, we keep multiple redundant pa-
rameterizations to support ablations and alternative super-
vision choices for each instance: (i) the center in cam-
era coordinates t = (X,Y,Z) (meters); (i) dimensions
d = (W, H, L) (meters); and (iii) rotation as a 3 X 3 matrix
R, Euler angles (ZYX) rescaled to [0, 1], and their element-
wise sine/cosine (mapped from [—1,1] to [0, 1]). Numeric
fields are rounded to two decimals (zero preserved) to
control entropy while retaining salient signal. Each line
also stores image width/height and the intrinsic matrix K.
Within each grouped line we sort by increasing depth of the
3D center from the camera. This stage yields approximately
480K single-image, multi-object training entries.

4.2. Large-Scale Text Auto-Annotation

To supply rich referring expressions without manual label-
ing, we prompt strong VLMs [33, 89] on images where
exactly one target instance is highlighted at a time (a sin-
gle tight 2D box overlay; the scene remains otherwise un-
touched). Prompts ask for concise, unambiguous descrip-
tions that uniquely identify the target using semantic at-
tributes, spatial layout (left/right/top/bottom; nearby ob-
jects), coarse pose, and contextual anchors.

We generate three paraphrases per target with mild sam-
pling for lexical diversity, then conduct automated unique-
ness checks: (i) contrastive A/B re-rendering on another in-
stance of the same category; (ii) candidate-index selection
tests; and (iii) rejection of hedged or unverifiable language.
The resulting corpus contains ~1.0M high-quality single-
object grounding samples.

4.3. Negative Samples for Anti-Hallucination

We explicitly supervise no-match behavior. For each image
we know the exact set of present categories from the canon-
ical lines. We sample absent categories, including hard neg-
atives chosen via semantic proximity (e.g., car and van),
and produce queries that should yield no detections. Nega-
tives are capped at 10% of training examples (at most 2 per
training image), so positives dominate while every batch
carries calibrated rejection pressure. Packaging is identi-
cal to positives except the model must emit a sentinel token
<no_object/>. This simple design significantly reduces
false positives without harming recall.

4.4. Stage II: Packaging for VLM Training

We convert the canonical JSONL into conversational sam-
ples suitable for an autoregressive decoder.

Conversation record. Each example has a unique 1d, an
image pointer, and a two-turn dialogue: a human prompt
and a model response. The response concatenates one or
more instance segments, each containing a 2D box im-
mediately followed by its 3D counterpart (mirroring CoS).

Multi-object examples preserve the near-to-far order inher-
ited from Stage I.

Scale and generalization. The same processing applies
to all datasets. The unified schema allows us to scale train-
ing without dataset-specific heads, and enables consistent
ablations on ordering, representation choices, and instruc-
tion phrasing across all sources. Combining normalized de-
tection entries, single-object grounding, and calibrated neg-
atives yields approximately 1.74M training conversations
spanning diverse categories, camera rigs, and scene types,
which will be made publicly available.

5. Experiments

Benchmarks and metrics. We evaluate on Omni3D [5],
a large-scale monocular 3D detection suite covering both
indoor and outdoor imagery. Omni3D provides official
trainval and test splits. The test set is held out strictly:
no images or labels from test are used during training
or hyperparameter tuning. For evaluation metrics, unless
otherwise stated, we adopt the benchmark metrics used
in Omni3D. Reported scores are 3D Average Precision
(AP3p) computed over a sweep of 3D IoU thresholds (7 €
{0.05,0.10,...,0.50}). Intersections are measured volu-
metrically in the camera frame, consistent with Sec. 3. All
evaluations follow a target-aware protocol, as advocated in
prior open-vocabulary work [105, 116]: for each image, the
detector is prompted only with the categories that actually
occur in its annotations rather than an exhaustive vocab-
ulary. This simple change alleviates naming inconsisten-
cies and focuses the comparison on 3D localization quality
rather than on taxonomy alignment.

Baselines. We compare against methods that are most
compatible with our open-world, prompt-driven setup: (1)
Cube R-CNN [5]: the reference baseline released with
Omni3D, a unified detector trained as a close-vocabulary
model. (2) OVMono3D [105]: an open-vocabulary monoc-
ular 3D detector tailored to Omni3D. It “lifts” 2D detections
to 3D by wiring an open-vocabulary 2D localizer [52] to a
3D prediction head. (3) DetAny3D [116]: a promptable
monocular 3D detector that accepts category text and out-
puts 3D boxes directly, designed for open-world settings.

Pretraining of 2D detection and grounding. Before
training the full Chain-of-Sight model, we conduct a 2D de-
tection and grounding pretraining phase to equip the model
with strong 2D localization capabilities. This stage focuses
exclusively on predicting 2D bounding boxes from text or
visual prompts, establishing a robust foundation for the sub-
sequent 2D-to-3D learning. After pretraining, we train the
complete CoS sequence (2D — 3D) end-to-end using a
standard cross-entropy loss over the autoregressive token
sequence. Additional training details, hyperparameters, and
ablations are provided in the supplementary material.
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Table 1. 3D detection on the Omni3D benchmark. Our LocateAnything3D achieves state-of-the-art results over all baselines, even
outperforming DetAny3D with additional ground-truth 2D inputs on metrics. The first three columns (Omni3D_OUT) show outdoor-only

results, while the remaining columns show results on the full unified dataset spanning indoor and outdoor scenes.

Method Omni3D_OUT Omni3D

APKt T APISt AP T | APKS T APHS T APSY T APIE T APQ 1 APRP T APyt
ImVoxelNet [76] 235 234 21.5 - - - - - - 9.4
SMOKE [55] 25.9 20.4 20.0 - - - - - - 10.4
OV-Uni3DETR [95] 35.1 33.0 31.6 - - - - - - -
Cube R-CNN [5] 36.0 32.7 31.9 3250 30.06 1533 41.73 50.84 7.48 23.26
OVMono3D [105] - - - 2545 2433 1520 4160 5887 7.75 22.98
DetAny3D [116] 35.8 33.9 322 31.61 30.97 1896  46.13 54.42 7.17 24.92
DetAny3D,,, Groud-Trun 20 Box | 38-0 36.7 35.9 38.68  37.55 46.14 5062  56.82 15.98 34.38
LocateAnything3D (ours) ‘ 39.8 33.9 36.1 ‘ 43.75 35.26 45.12 59.89 71.90 18.12 38.90

Table 2. LocateAnything3D achieves the best zero-shot 3D detec-
tion performance, demonstrating strong generalization to unseen
object classes. Notably, baseline methods rely on an external de-
tector for 2D box as an additional input, while our method jointly
predicts both 2D and 3D boxes end-to-end from a single image
alone. Following existing methods, we report APsp using the
target-aware metric (per-image existing categories for prompting).

Novel Categories

Method .

APKS  APg APy
OVMono3D,,/ Grounding-DINO 2D Boxes 471 1678 1321
DetAnySDw/ Grounding-DINO 2D Boxes 25.73 21.07 2456
LocateAnything3D ;.\ image, no externai2py ~ 25:87  26.33  29.06
A vs. DetAny3D +0.14 +5.26 +4.50

Implementation details. Our work is built on SigLIP vi-
sion encoder [114] and Qwen2-8B backbone [3] coupled
by a lightweight MLP projector. Images are decomposed
into up to 12 adaptive tiles plus a global thumbnail, each
with 448 pixel size, and the resulting visual tokens replace
repeated <IMG_CONTEXT> tokens in a Qwen2-style chat
template. We train with bfloat16 and FlashAttention 2 [19]
for both vision and language, apply dynamic online packing
to fill a 16,384-token context per sample, and optimize with
AdamW [56] and a learning rate of le-5, a weight decay of
0.05, a cosine scheduler, and a 3% warm-up, under ZeRO-3
with gradient checkpointing. Training uses 64 H100 GPUs
for 46 hours over 37K steps. Please refer to the supplemen-
tary material for complete implementation details.

5.1. Main Performance

Overall evaluation and protocal. Table | summarizes re-
sults on the Omni3D benchmark. Our LocateAnything3D
attains the best score on every metric and every split. On
the outdoor-only training/evaluation track (Omni3D_OUT),
our method reaches 36.1 AP3p, overperforming DetAny3D
(32.2) and DetAny3D aided by ground-truth 2D boxes
(35.9). When trained and evaluated on the full unified in-
door and outdoor dataset, we also markedly lead across
all domains against existing methods, and we even outper-
form previous method with ground-truth 2D visual prompts

in 5 out of 7 metrics. Our overall mean APsp reaches
38.90, surpassing the prior best with privileged 2D boxes
by +4.52. These improvements reflect the benefits of CoS
decoding: accurate 2D grounding as a first-class step sim-
plifies monocular 3D inference without relying on any aux-
iliary detectors or oracle boxes.

Following Omni3D, the Omni3D_OUT setting trains
solely on outdoor driving data (KITTI+nuScenes) and re-
ports per-domain and aggregated outdoor metrics; the full
Omni3D setting trains on the entire corpus and evaluates
across both indoor and outdoor domains. Importantly, all
training excludes the official test images and labels. No-
tably, even methods that receive ground-truth 2D boxes at
inference lag behind our end-to-end approach, which high-
lights that learning 2D and 3D jointly within a single autore-
gressive interface is more effective than bolting a 3D head
onto externally supplied 2D proposals.

Zero-shot novel categories. @ We follow the evaluation
protocol used by prior open-vocabulary methods [105, 116]:
images are prompted only with the categories present in
their annotations, and the held-out classes are never seen
during training. As shown in Table 2, LocateAnything3D
delivers the strongest zero-shot performance on all bench-
marks, with 25.87 on KITTI novel classes [24], 26.33 on
SUN-RGBD [84], and 29.06 on ARKitScenes [4], while
competing approaches depend on an external 2D detec-
tor (Grounding DINO [52]) to supply proposals. Rela-
tive to DetAny3D+2D, we gain +0.14, +5.26, and +4.50
points on the three metrics, respectively; compared to OV-
Mono3D+2D, our margins widen further. These results sup-
port our motivation that predicting 2D and 3D rogether —
rather than lifting from external 2D — improves transfer to
unseen categories.

5.2. Analysis and Ablations

In this section, we conduct ablation study to verify the de-
sign choices of our Chain-of-Sight learning paradigm.

Inter-object ordering. Replacing our depth-aware near
— far order with common alternatives degrades quality (Ta-
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Figure 3. Qualitative results of LocateAnything3D. For each example, the left sub-figure overlays the projected 3D bounding boxes on
the input image, while the right sub-figure shows the corresponding bird’s-eye view with 1mXx 1m grids as the background. We use a turbo
colormap based on depth, where redish colors indicate objects closer to the camera, and blueish colors indicate objects farther away.

Table 3. Ablation study of Chain-of-Sight (CoS) design choices.
We evaluate each component of our three-layer decoding design
on Omni3D_OUT. All results are reported using AP, Our full
design (highlighted) achieves the best performance, validating the
importance of each design choice.

Design Component

Variant | APSE 1

Random Ordering 17.5
Left-to-Right Ordering 30.6
Near-to-Far Ordering 33.1

Inter-Object Curriculum

No 2D (Direct 3D) 22.7
Intra-Object Factorization | 3D-then-2D 26.2
2D-then-3D (CoS) 33.1
Rotation-Size-Center 28.8
Intra-3D Tokenization Center-Rotation-Size 329

Center-Size-Rotation 33.1

ble 3). A random order performs worst (17.5), confirming
that the sequence position carries semantic information in
AR decoding. A left-to-right scanline policy is better (30.6)
but still inferior to our near-to-far curriculum (33.1), indi-
cating that 3D-aware serialization (high-evidence instances
first) yields more stable and informative token prefixes.

Intra-object factorization. Removing the 2D step and
predicting 3D directly drops performance to 22.7. Emit-
ting 3D before 2D (“3D-then-2D”) recovers some accuracy
(26.2) but remains far from our CoS layout (33.1). These
trends validate the role of 2D as a visual chain-of-thought:
committing to image-space evidence makes the subsequent
3D tokens both easier to learn and better calibrated. And it
shows that 2D is a helpful signal to learn, especially when
predicted before the 3D signal.

Intra-3D token order. Within each object, decoding with
the center, size, and rotation ordering performs the best.
Switching to Rotation-Size-Center harms results (28.8), and
Center-Rotation-Size is slightly worse (32.9), suggesting
that anchoring location, then scale, before resolving orien-

tation is the most learnable and robust schedule for monoc-
ular cues. The small but consistent gap between CSR and
CRS further indicates that deferring rotation until after size
stabilizes the pose estimate.

5.3. Qualitative Results

Figure 3 showcases representative predictions of Lo-
cateAnything3D. In each example, the left panel overlays
the projected 3D cuboids on the RGB frame, while the right
panel renders a bird’s-eye-view with Imx1m grids. The
turbo colormap encodes depth, revealing a depth-consistent
ordering that mirrors our CoS decoding: near instances are
resolved first and anchor the subsequent geometry. The
model handles moderate occlusion and truncation, main-
tains scale consistency across repeated objects, and pre-
serves orientation structure even at distance.

Supplementary material. In the supplementary material
we include more implementation details, extended analyses,
limitations/failure cases, and broader impact.

6. Conclusion

We present LocateAnything3D, a VLM-native framework
that turns monocular 3D detection into a concise next-token
task via Chain-of-Sight decoding. By committing to 2D lo-
calization before 3D, ordering objects near-to-far, and fac-
torizing each box as center, size, and rotation, our approach
aligns supervision with the natural curriculum of autore-
gressive models. Coupled with a CoS-conformant, multi-
domain corpus and a simple training recipe, the method de-
livers state-of-the-art results on Omni3D, both in-domain
and zero-shot to novel categories. We hope that our CoS
principle provides a practical route for scaling 3D percep-
tion within general-purpose VLMs and opens the door to
future extensions in video, multi-view reasoning, and em-
bodied planning.
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