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A. Additional Experiments and Analysis
A.1. Quantitative Evaluation of 3D Grounding

Problem setting. To further evaluate our LocateAny-
thing3D’s capability in following spatial language instruc-
tions, we conduct experiments on indoor 3D grounding
benchmarks. We strictly follow the experimental proto-
col established by Cube-LLM [21]. Specifically, we repur-
pose the test sets of three standard indoor detection datasets:
Objectron [2], ARKitScenes [8], and SUN-RGBD [114]
into grounding benchmarks. The task requires the model
to localize particular objects based on text prompts that
vary in specificity: (1) Category-only: The prompt con-
tains only the object class name (e.g., “chair”); and (2)
Category+Location: The prompt includes the class name
augmented with spatial descriptions derived from the ob-
ject’s position relative to the camera (e.g., “chair on the
left”, “bookshelf close to camera”). The spatial quali-
fiers (left/right/center and close/medium/far) are generated
based on the 2D image coordinates and depth thresholds
defined in the baseline setting. We report the Average
Precision (AP3p) averaged over IoUsp thresholds of 7 €
{0.15,0.25,0.50}. If multiple objects match the text de-
scription, the maximum IoU among them is used for evalu-
ation.

Evaluation results. Table A summarizes the results on
the benchmark. We copy the Cube-LLM numbers for mod-
els pre-trained on the “LV3D-small” and full “LV3D” cor-
pora from their paper [21], and add our LocateAnything3D

model, which is trained using the Chain-of-Sight formula-
tion on our unified 3D corpus. Across all three datasets and
both metrics, Locate Anything3D substantially outperforms
Cube-LLM, despite no task-specific architecture changes
for indoor scenes.

From the table, we can also notice that Cube-LLM [21]
achieves lower performance for APSHT¢ than APS}, in
two out of the three evaluation scenarios. On the con-
trary, LocateAnything3D achieves consistent performance
improvement when location information is provided to the
model as additional conditions. This different clearly high-
lights the higher capability of our model to interpret spatial
descriptions and 3D understanding.

Problem with point-cloud grounding benchmarks. Ex-
isting indoor 3D grounding datasets such as ScanRefer [16]
and ReferIt3D [1] are explicitly built around point clouds
rather than images, and are therefore ill-suited to our
monocular 3D detection setting. Each scene in these bench-
marks is represented by a single reconstructed point cloud
but is associated with many RGB views that only partially
observe the scene. Referring expressions are written to
identify objects in the global 3D scene, not in a particular
camera view, and a single object may be visible in multiple
images with very different appearances and levels of occlu-
sion. As a result, there is no unambiguous way to assign a
unique image and 3D box pair to each language query, and
any attempt to project the point-cloud annotations into 2D
would depend on arbitrary choices of viewpoint and visibil-
ity thresholds. For this reason, we follow Cube-LLM [21]
and evaluate our model on indoor benchmarks derived from
Objectron [2], ARKitScenes [8], and SUN-RGBD [114],
where each image already comes with camera-specific 3D
boxes and thus naturally supports monocular 3D detection
and grounding.

A.2. Data Efficiency and Training Dynamics

To better understand the contributions of our Chain-of-Sight
(CoS) formulation and the role of 2D pretraining, we con-
duct a detailed analysis of our model’s performance under
limited data regimes and different initialization strategies.
Figure A visualizes these comparisons.

Impact of chain-of-sight on data efficiency. Figure
(left) compares our full 2D-3D CoS formulation against a
“pure 3D” decoder trained without any explicit 2D step. On
the horizontal axis we vary the fraction of our 3D training
corpus from 10% to 100%; the dashed line marks the per-
formance of DetAny3D [153] (32.2 AP3p).

Across all data regimes, the CoS model is consistently



Table A. Indoor 3D Object Grounding Performance. We compare Locate Anything3D against Cube-LLM trained on different data scales.
Cube-LLMjgpan is trained on the LV3D-small subset, while Cube-LLMju is trained on the full LV3D dataset containing approximately
9.6M images. In contrast, our model is trained on a much smaller curated dataset of 1.7M images. Despite this significant disparity in
data scale, LocateAnything3D outperforms the best baseline by a large margin across all benchmarks. We report Average Precision (AP)

cat

prompted with either category names (AP5{y) or category plus spatial location (AP;‘;’HOC).

Method Objectron ARKitScenes SUN-RGBD
APSE APGETC ARG AP ARG APGIT
Cube-LLMpan [21] 56.7 36.1 21.6 28.3 25.5 25.5
Cube-LLM e [21] 69.8 45.4 235 31.8 29.7 28.8
LocateAnything3D (Ours) 72.5 75.0 41.7 53.9 29.7 39.5
A vs. Cube-LLMypge +2.7 +29.6 +18.2 +22.1 +0 +10.7
407 performance with a dashed line.
35 Initializing from the 2D grounding stage yields a sub-
I stantial head start. After only 1k CoS steps, the pretrained
model already achieves 19.6 AP3p, whereas the model
B 9 trained from scratch is still at 7.3. As training proceeds,
820 3 both curves improve, but the gap persists. At the final
% Z checkpoint, the model with 2D pretraining converges to
E1s) E 36.1 AP3p, while the scratch model lags behind at 29.2.
10| This indicates that robust 2D localization capabilities serve
2D-3D w/ CoS w/ 2D pretraining as a critical foundation for 3D perception, allowing the
50 gi:r‘:’;g/ Zai(;ﬁne 777777 ‘gg Azriglgezfslzrnge model to focus its capacity on lifting 2D features to 3D
ol % - e ix 3K o - space rather than learning basic localization from scratch.

Data Efficiency (data %) Training Steps

Figure A. Data efficiency and training dynamics analysis. (1)
The left figure shows data efficiency: We report APsp vs. per-
centage of training data used. Our Chain-of-Sight (CoS) formula-
tion (blue) consistently outperforms direct 3D prediction (purple),
achieving competitive performance with only 10% of the data. (2)
The right figure shows training dynamics: We compare training
curves with and without 2D detection pretraining. 2D pretraining
( ) accelerates convergence significantly, surpassing the pre-
vious state of the art (dashed line) almost immediately, whereas
training from scratch ( ) is slower and yields lower final ac-
curacy.

stronger and markedly more data-efficient than the pure 3D
variant. With only 10% of the data, CoS outperforms pure
3D prediction baseline by a large margin. As we further
scale the data to 70% and 100%, the CoS curve continues to
climb to 32.7 and 36.1 AP3p, whereas pure 3D saturates at
19.5 and 22.7. This supports our central claim that explicitly
factorizing 3D detection into a 2D grounding step followed
by 3D lifting is not just more accurate, but also significantly
more sample-efficient.

Impact of 2D pretraining on convergence. Figure

(right) studies the effect of the 2D grounding pretraining
stage on our training dynamics. We plot AP3p as a function
of CoS training steps, comparing models initialized with
and without 2D pretraining, and again mark the DetAny3D

A.3. Impact of Token Serialization Strategy

To further validate our Chain-of-Sight (CoS) design of in-
terleaving 2D and 3D tokens on the per-object level (2D; —
3D;), we compare it against a “clustered” decoding strategy.
In the clustered setting, the model is trained to predict all
2D bounding boxes for the scene first, followed by all cor-
responding 3D bounding boxes (2D n — 3D;.. n). This
ablation tests whether the tight coupling of 2D visual evi-
dence with its corresponding 3D geometry is necessary, or
if the model can simply learn two separate phases of de-
tection. We report results trained for 1 epoch on three dis-
tinct datasets to analyze performance across different scene
complexities. As shown in Table B, our interleaved default
setting consistently outperforms the clustered strategy. The
magnitude of this performance gap is strongly correlated
with scene clutter and object density.

Object-centric scenes. On Objectron, which typically
contains only 1 or 2 prominent objects per image, the per-
formance gap is minimal (61.5 vs. 63.0). The additional
effort for the model to associate the i-th 3D box with the
1-th 2D box is negligible.

Structured outdoor scenes. KITTI scenes contain more
objects with large depth range, but they follow a structured
distribution (cars on a road) with relatively clear depth or-
dering. While the gap widens, the model can still maintain
reasonable 2D-3D association in the clustered setting.



Table B. Ablation of Token Serialization Strategy. We compare
our default Interleaved Chain-of-Sight strategy (2D; — 3D;)
against a Clustered strategy where all 2D boxes are predicted be-
fore all 3D boxes (2Di..n — 3Di...~n) with average precision
(AP3sp). Models are trained for 1 epoch. The results show that
the interleaved strategy is significantly more robust, especially in
cluttered scenes where associating separated 2D and 3D sequences
becomes difficult.

Serialization Strategy Average Precision (AP3p)

Objectron KITTI  Hypersim

Clustered (2D1.. n — 3D1..N) 61.5 17.4 4.7
Interleaved (2D; — 3D;, Ours) 63.0 22.1 11.2
Performance Gap +1.5 +4.7 +6.5

Highly cluttered scenes. The most significant drop oc-
curs on Hypersim which is characterized by chaotic indoor
scenes with dozens of objects and frequent occlusions. In
these scenarios, the clustered strategy fails catastrophically.
The model struggles to maintain the implicit alignment be-
tween the k-th 2D box generated early in the sequence and
the k-th 3D box generated much later, resulting in a big dif-
ference between the two setting.

A.4. Runtime Analysis

Although LocateAnything3D is primarily designed as a
general 3D perception VLM rather than a real-time per-
ception system, we report its end-to-end inference latency
for completeness. On average, processing a single image-
query pair with LocateAnything3D takes 683 ms under our
evaluation setup with a single H100 GPU. This wall-clock
time consists of three main components: (1) vision encod-
ing of the input image, (2) LLM pre-filling with the tex-
tual prompt, and (3) autoregressive generation of the mixed
2D/3D box tokens produced by the Chain-of-Sight decoder.

To isolate the cost of the Chain-of-Sight factorization,
we compare our full 2D-3D CoS model with a pure-3D vari-
ant that directly predicts 3D boxes without emitting inter-
mediate 2D boxes. Introducing the 2D step increases the av-
erage latency by only 121 ms (from roughly 562 ms to 683
ms), yet enables the substantial accuracy gains and data-
efficiency improvements, as reported in the Section 5 of the
main paper. In other words, CoS adds a modest computa-
tional overhead while making 3D detection both easier to
learn and significantly more accurate.

We emphasize that LocateAnything3D is not meant
to replace highly optimized real-time detectors used in
latency-critical loops (e.g., onboard obstacle avoidance).
Instead, our goal is to endow a general-purpose VLM with
strong 3D grounding capabilities so that it can serve as a
foundation for downstream tasks such as offline planning,
scene understanding, and multimodal agent reasoning. In
this context, a sub-second per-image latency is well within
an acceptable range, especially given the unified interface

and performance benefits brought by the Chain-of-Sight
formulation.

B. Implementation Details
B.1. Models, Tokenization, and Prompting

Model designs. (1) vision encoder. We use SigLIP [150]
with FlashAttention 2 [24] enabled. (2) Language model.
We use a Qwen2 8B causal LM [122] with FlashAttention 2,
trained end-to-end (no freezing). (3) Multimodal connector.
We use an MLP projector, which maps SigLLIP tokens to the
LLM hidden space with two-layer MLP.

Image tokenization. A tiling-based tokenization where
we decompose images into patches of a forced image size of
448. The total image tokens scale linearly with the number
of tiles.

Conversation format. Qwen2-chat template. Im-
age tokens are inserted by replacing each <image>
placeholder with <IMG_START> followed by repeated
<IMG_CONTEXT> tokens and <IMG_END>. The repeat
count equals per-tile tokens times the number of tiles for
that image; we assert a strict match between precomputed
and actual counts.

Labels. Only assistant spans are supervised; all instruc-
tion tokens are masked. Truncation safety checks keep
training targets valid.

B.2. Dynamic Tiling and Packing

Tiling and image processing. Images are decomposed
into an adaptive grid of 448-pixel tiles, min 1 and max 12
tiles, plus an optional global thumbnail. Tiling policy se-
lects the closest aspect ratio while favoring large area cov-
erage for stability.

Sequence construction and online packing. Our con-
text length is 16,384 tokens per sample. We enable online
packing to concatenate multiple short samples until the con-
text budget is filled while tracking sub-sample boundaries
in the attention mask. A dummy image is inserted only if
the entire packed sample is text-only. Position ids respect
packed boundaries; the model supports sequence parallel
groups but we run with degree 1 in our experiments.

B.3. Optimization and Systems

We use a precision of bfloat16 across vision and language.
For memory handling, gradient checkpointing is enabled for
both the SigLIP encoder and the LLM; fused ops are used
to reduce memory overhead. For the loss function, we fuse
the linear cross-entropy with per-sample normalization us-
ing the number of valid answer tokens. For the optimizer
and schedule, we use AdamW with a learning rate of le-5,
a weight decay of 0.05, a cosine decay, and a warm-up of
3%.



Category Dataset
I ShareGPT4o [98], KVQA [108], Movie-Posters [1 ]3], Google-Landmark [132], WikiArt [40], Weather-QA [&1], Coco-Colors [34], music-
Captioning & Knowledge sheet [27], SPARK [146], Image-Textualization [100], SAM-Caption [101], Tmdb-Celeb-10k [4]
Mathematics GeoQA+ [13], MathQA [ ], CLEVR-Math/Super [ ], Geometry3K [75], MAVIS-math-rule-geo [ ], MAVIS-math-metagen [ 1,
h InterGPS [76], Raven [152], GEOS [107], UniGeo [18]
Science AI2D [49], ScienceQA [78], TQA [50], PathVQA [36], SciQA [5], Textbooks-QA, VQA-RAD [57], VisualWeblInstruct [ 124]
Chart & Table ChartQA [85], MMC-Inst [69], DVQA [45], PlotQA [89], LRV-Instruction [68], TabMWP [79], UniChart [86], Vistext [120], TAT-DQA [163],
VQAonBD [128], FigureQA [46], Chart2Text [48], RobuT-{ Wikisql, SQA, WTQ} [159], MultiHiertt [158]
SynthDoG [53], MTWI [35], LVST [117], SROIE [39], FUNSD [43], Latex-Formula [97], IAM [84], Handwriting-Latex [3], ArT [20],
CTW [148], ReCTs [154], COCO-Text [127], SVRD [145], Hiertext [73], RoadText [125], MapText [64], CAPTCHA [99], Est-VQA [130],
Naive OCR HME-100K [118], TAL-OCR-ENG [!18], TAL-HW-MATH [ 18], IMGURSK [54], ORAND-CAR [25], Invoices-and-Receipts-OCR [95],
Chrome-Writting [93], IIITSk [90], K12-Printing [ | 8], Memotion [104], Arxiv2Markdown, Handwritten-Mathematical-Expression [6], Wor-
dArt [134], RenderedText [131], Handwriting-Forms [42]
DocVQA [22], InfoVQA [88], TextVQA [112], ArxivQA [62], ScreencQA [38], DocReason [94], Ureader [140], FinanceQA [116], DocMa-
OCR QA trix [58], A-OKVQA [106], Diagram-Image-To-Text [47], MapQA [15], OCRVQA [91], ST-VQA [10], SlideVQA [119], PDF-VQA [26],
SQuAD-VQA, VQA-CD [82], Block-Diagram [ 10], MTVQA [121], ColPali [29], BenthamQA [87]
LLaVA-150K [70], LVIS-Instruct4V [129], ALLaVA [17], Laion-GPT4V [56], LLAVAR [157], SketchyVQA [126], VizWiz [33], IDK [14],
General VQA AlfworldGPT, LNQA [103], Face-Emotion [28], SpatialSense [!3&], Indoor-QA [51], Places365 [161], MMinstruct [71], DriveLM [111],
YesBut [96], WildVision [30], LLaVA-Critic-113k [135], RLAIF-V [144], VQAV2 [31], MMRA [133], KONIQ [37], MMDU [72], Spot-The-
Diff [44], Hateful-Memes [52], COCO-QA [105], NLVR [1 15], Mimic-CGD [59], Datikz [9], Chinese-Meme [23], IconQA [77], Websight [60]
Orca [65], Orca-Math [92], OpenCodelnterpreter [160] MathInstruct [149], WizardLM [136], TheoremQA [19], OpenHermes2.5 [123],
Text-only NuminaMath-CoT [61], Python-Code-25k [30], Infinity-Instruct [7], Python-Code-Instructions-18k-Alpaca [41], Ruozhiba [74], Infinity-
MATH [151], StepDPO [55], TableLLM [156], Ultralnteract-sft [147]
q . RefCOCO/+/g (en) [83, 1, Objects365 [109], COCO [66], EgoObjects [162], BLIP3-OCR [137], BDD100K [I41], Nuimages [I1],
2D Grounding & Counting Flick30K [107], LVIS [32]

Table C. Summary of our extensive and diverse supervised fine-tuning datasets for 2D pretraining. We use a comprehensive col-
lection of numerous large-scale datasets spanning multiple domains and tasks to pretrain our model, ensuring broad coverage and robust
performance across diverse visual and language understanding scenarios.

Packing target. We use dynamic online packing to sat-
urate the 16K context; the scripts set an iteration-level to-
ken target of 2!7 (= 128K) to govern accumulation and
throughput.

Training scale. We train our model using 64 H100 GPUs.
The whole training takes 46 hours with 37K steps, dis-
tributed with torchrun and DeepSpeed ZeRO-3.

B.4. 2D Grounding Pretraining

Dataset composition. We pretrain on a large-scale
2D grounding corpus covering four domains with dif-
ferent data mixture percentage: (1) General detection:
Object365 [109] (5 epochs), COCO [66] (12 epochs),
and LVIS [32] (3 epochs); (2) Ego-centric & driv-
ing: BDDIOOK [141] (3 epochs), nulmages [12] (3
epochs), and EgoObjects [162] (3 epochs); (3) Referring-
expression grounding: RefCOCO [142] (3 epochs), Ref-
COCO+ [83] (3 epochs), RefCOCOg [83] (3 epochs), and
Flickr30k [102] (3 epochs); (4) Text grounding: a BLIP3-
OCR subset [137] (= 1.0M samples). Overall, this results
in over 15M multi-turn dialogues in the grounding corpus,
which we mix with an additional 8M samples for general
instruction tuning, as demonstrated in Table

Annotation format. For each image, we construct a
multi-turn dialogue where each turn follows the instruc-
tion template “Detect all the objects in the image that
belong to the category set {c}.” The response is ei-
ther a comma-separated list of 2D bounding boxes in
[£1,y1,%2,y2] format (top-left to bottom-right, integer-
quantized to [0, 1000]), or “None” if no instance exists. We
include all positive categories present in the image and sam-
ple 10 absent categories as negatives, yielding per-image
supervision that mixes existence and non-existence signals

across multiple dialogue turns.

C. Limitations and Future Work

While LocateAnything3D establishes a strong foundation
for VLM-native 3D perception, several avenues remain for
future exploration. Our work primarily focuses on validat-
ing the Chain-of-Sight (CoS) decoding mechanism within a
single-frame, end-to-end setting. Below, we outline key di-
rections where our framework can be naturally extended to
incorporate additional geometric signals and temporal con-
texts.

Integration of explicit depth priors.  Currently, our
model infers metric depth solely from monocular RGB cues
and semantic context. While the near-to-far curriculum ef-
fectively regularizes this process, the model does not yet
leverage explicit depth maps. Future work could introduce
a depth encoder or use depth images as an additional condi-
tioning input. This would allow the model to utilize output
from state-of-the-art monocular depth estimators as a ge-
ometric prompt, potentially improving metric accuracy in
texture-less or ambiguous scenes.

Explicit camera intrinsic conditioning. Our current ap-
proach normalizes 3D coordinates into a unified camera-
centric space to maximize cross-dataset generalization.
However, it implicitly relies on the vision encoder to handle
variations in focal length and field of view. An extension is
to explicitly tokenize camera intrinsic matrices (e.g., focal
length, principal point) and feed them as positional prompts.
This would allow the decoder to mathematically adjust its
size and depth predictions based on the specific camera op-
tics, rather than learning an average projection model.

Extension to multi-frame and video settings. The cur-



rent framework operates on single images. However, the
autoregressive nature of our decoder is naturally suited for
temporal sequences. Future iterations could extend the
context window to include visual tokens from preceding
frames. The model could learn to track objects over time,
estimate velocity, and leverage multi-view consistency to
resolve depth ambiguities that are ambiguous in a single
frame.

D. Broader Impact

The development of LocateAnything3D represents a step
toward unifying semantic understanding and metric per-
ception within general-purpose foundation models. By en-
abling VLMs to perceive the physical world in 3D without
specialized heads, we lower the barrier to entry for devel-
oping capable embodied agents and home robotics. This
has positive implications for industries ranging from au-
tonomous driving to assistive robotics.

However, we acknowledge potential risks associated
with this technology. Like all deep learning models trained
on web-scale data, our model may inherit biases present in
the training corpora, such as geographic or cultural biases in
object distributions. This could lead to uneven performance
across different regions. We encourage the research com-
munity to prioritize the development of diverse, representa-
tive 3D datasets and to consider the ethical implications of
spatial intelligence in deployment scenarios.

E. More Case Visualization

We provided more qualitative visualization in this section.

Failure case visualization. Figure B demonstrates some
representative failure cases of our method. Despite the great
performance, our model still suffers from the lack of di-
verse and high-quality 3D annotations compared to the 2D
scenario. Hence, similar to the baselines [139, ], it faces
challenges when presented with scenes that exhibit very dif-
ferent focal length, spatial layouts, and textural details.

More successful visualization. demonstrates

more successful cases.

Figure
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Figure B. Visualization of failure cases. We show several failure cases of our model. Due to the lack of diverse 3D annotations, similar
to the baselines [139, 153], our model faces challenges when presented with scenes that exhibit very different focal length, spatial layouts,
and textural details.
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Figure C. Visualization of more indoor and outdoor successful cases.
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