<A NVIDIA.

LocateAnything: Fast and High-Quality Vision-Language
Grounding with Parallel Box Decoding

Shihao Wang'*, Shilong Liu**, Yuanguo Kuang'!, Xinyu Wei', Yangzhou Liu®, ZhiqiLi, Yunze Man**,
Guo Chen®*, Andrew Tao, Guilin Liu, Jan Kautz, Lei Zhang', Zhiding Yu'
Links: GitHub | HF Model | HF Demo | Project Page

Versatile Tasks
Multi Object Refering 8

|~ Five knobs on the
L stove's control panel

CREEK T [WEE:
0y 3
AMETHvsf!

Textual Digit Decoding  Arbitrary Length

<ref> ship <Iref> <box> 1 3 0 , 6 47 , 911, 8 8 7 </box>

Quantized Coordinate Decoding  Arbitrary Length Token Effiency

<ref> ship <Iref> <box> <130> <647> <911> <887> </box>

Parallel Box Decoding  Arbitrary Length Token Effiency Parallel Decoding

[Caret> [ ship || <iret> | <box> || <130> || <6ar> || <o11> || <o11> || <box> |

Figure 1: Versatile tasks of LocateAnything with parallel box decoding. Top: LocateAnything supports
diverse localization tasks under a unified vision-language model. Bottom: Textual digit decoding spells
coordinates digit by digit, and quantized coordinate decoding predicts coordinate tokens sequentially. In
contrast, Parallel Box Decoding predicts each geometric unit (e.g., a bounding box) in a single forward pass.

Abstract

Vision-language models (VLMs) commonly formulate visual grounding and detection as a coordinate-
token generation problem, serializing each 2D box into multiple 1D tokens that are learned and
decoded largely independently. This token-by-token decoding mismatches the coupled structure of
box geometry and creates a practical inference bottleneck due to strictly sequential generation. We
introduce LocateAnything, a unified generative grounding and detection framework based on Parallel
Box Decoding (PBD). By decoding geometric elements such as bounding boxes and points as atomic
units in a single step, LocateAnything preserves intra-box geometric coherence and unlocks substantial
parallelism. We show that PBD improves both decoding throughput and localization accuracy. We further
develop a scalable data engine and curate LocateAnything-Data, a large-scale dataset with more than 138
million training samples, substantially increasing data diversity for high-precision localization. Extensive
evaluations show that LocateAnything advances the speed-accuracy frontier, achieving significantly
higher decoding throughput while improving high-IoU localization quality across diverse benchmarks.
The results highlight the complementary benefits of Parallel Box Decoding and large-scale training data
in enabling efficient and precise unified visual grounding and detection.
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1. Introduction

Vision-language models (VLMs) (Bai et al., 2025b; Chen et al., 2025; Deshmukh et al., 2025; Huang et al., 2026;
Wang et al., 2025a; Yang et al., 2025a) are increasingly adopted as a general-purpose backbone for interactive
and embodied systems due to their broader knowledge and stronger instruction-following capabilities than
conventional specialized models (Carion et al., 2020; Liu et al., 2023d; Ren et al., 2016; Zhang et al., 2022).
To act in the world, VLMs (Azzolini et al., 2025; Bai et al., 2025b; Fu et al., 2025b; Wang et al., 2025a; Zhan
et al., 2024) must be tightly grounded in perception — in particular, they localize task-relevant entities (e.g.,
objects (Jiang et al., 2025a; Wang et al., 2023b; Yu et al., 2025; Zhang et al., 2024b), UI elements (Feizi et al.,
2025b; Lin et al., 2024a; Liu et al., 2025e; Nayak et al., 2025), regions (Cheng et al., 2024; Heinrich et al.,
2025; Lai et al., 2024a; Ranzinger et al., 2024; Ren et al., 2024b; Yuan et al., 2025)) from natural-language
intents with high quality and low latency, which requires high vision-language grounding capabilities.

Object detection and grounding in VLMs (Jiang et al., 2025a; Li et al., 2025a; Man et al., 2025; Peng et al.,
2023; Yu et al., 2025; Zhan et al., 2024; Zhang et al., 2024c) are often formulated as a generative problem.
Under the next-token prediction (NTP) paradigm (Chen et al., 2022b; Jiang et al., 2025a; Peng et al., 2023), a
VLM can answer open-ended queries by emitting spatial coordinates as a token sequence. As illustrated in
the bottom panel of Fig. 1, existing methods (Jiang et al., 2025a; Peng et al., 2023; Qi et al., 2025; You et al,,
2024; Zhang et al., 2024¢) commonly represent coordinates as either Textual Digits (e.g., “1024” as “1”, “0”,
“2”, “4”) or Quantized Tokens (e.g., z1 — y; — T2 — ¥2). Despite their differences, these representations
serialize a 2D geometric object into a 1D stream, forcing token-by-token generation at inference time. This
token-level sequential decoding becomes a practical bottleneck (higher latency and lower throughput) and
under-utilizes the strong structured correlation among coordinates (1, y1, T2, Y2).

Multi-Token Prediction (MTP) (Liu et al., 2025¢; Nie et al., 2025; Ye et al., 2025b; Zeng et al., 2025) offers a
natural approach to reducing decoding steps by predicting multiple tokens in parallel. In language modeling,
MTP is usually implemented by randomly (i) choosing positions in the sequence and training the model to
predict a following span in parallel (i.e., next-block prediction) (Cai et al., 2024b; Li et al., 2025¢; Liu et al.,
2024a, 2025¢), or (ii) masking some tokens of the sequence and training the model to reconstruct the original
text, such as masked diffusion modeling (Arriola et al., 2025; Li et al., 2022; Liu et al., 2025b; Nie et al.,
2025). However, these formulations are largely structure-agnostic: they treat inputs as generic token streams
and mainly capture correlations driven by co-occurrence. Inferring the missing tokens from random subsets
requires the model to represent complex and irregular conditional distributions. For tightly coupled units such
as bounding boxes, this supervision does not match well the training objective because it can learn to generate
token combinations across bounding-box boundaries and even object categories, as demonstrated in Fig. 2.
Consequently, the model must fit many unreliable patterns, inducing spurious correlations, sacrificing structured
decoding, and amplifying error propagation, which together reduce accuracy, reliability, and decoding speed.

To reconcile high-throughput decoding with reliable localization, we propose LocateAnything, a unified
framework for VLM-based visual detection and grounding built upon Parallel Box Decoding (PBD). Our
key idea is to align MTP blocks with structured units: during training, LocateAnything treats each bounding
box (or point) as an atomic unit and learns to predict the full coordinate set (x1,y;, z2,y2) in one parallel
step. This box-aligned training target avoids arbitrary chunking of coordinate tokens. As a result, our strategy
improves the localization performance of the model, while simultaneously unlocking the speed benefits of
parallel decoding.

With the proposed PBD, we study various strategies for structured bounding-box decoding to balance throughput
and accuracy. Our observations motivate a flexible inference design to meet different latency—robustness
requirements by providing three on-demand modes. (i) Fast Mode (MTP) predicts full boxes in parallel for
maximum throughput, which is suitable for latency- and compute-constrained settings, such as on-device
robotics and embodied agents. (ii) Slow Mode (NTP) decodes coordinate tokens autoregressively for maximum
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Figure 2: Comparison of Token Decoding Methods. The NTP generates coordinate values one-by-one. The
standard MTP method results in irregular distributions and non-coherent, unstructured patterns. Qur proposed
PBD generates a single atomic box (or point) unit in a parallel step, ensuring box-aligned and structured output.

stability, which is appropriate for high-precision labeling, final-pass dataset curation, and accuracy-oriented
offline evaluation. (iii) Hybrid Mode uses Fast Mode by default and falls back to Slow Mode when the parallel
output is unreliable, e.g., due to format or consistency violations; this mode is intended for production pipelines
that require both speed and accuracy. Overall, Hybrid Mode preserves most of the speed gains of parallel
decoding while maintaining robust outputs.

Our main contributions are summarized as follows:

* We introduce LocateAnything, an early exploration of applying multi-token prediction to VLM-based
detection/grounding via Parallel Box Decoding, performing box-aligned decoding to improve throughput
and accuracy.

* We present a Hybrid decoding policy that detects unreliable parallel blocks and performs localized NTP
re-decoding only for the problematic block, reducing worst-case failures while retaining most speed gains.

* Extensive evaluations, including layout grounding, long-tail detection, and GUI grounding, show that
LocateAnything advances the speed-accuracy frontier, outperforming the SOTA by a large margin. It
achieves up to 2.5 x higher decoding throughput while improving localization quality.

2. Related Work

Visual Detection and Grounding in VLMs. Visual grounding/detection tasks traditionally rely on task-specific
heads ( s ; s ; s , ), but recent VLMs like Qwen-VL series (

s ,b), InternVL ( s ) and Shikra ( s ) formulate it as an autoregressive
token generation problem. This generative paradigm, however, often suffers from structural hallucinations and
high latency ( , ). To mitigate these issues, Rex-Omni ( , ) employs point-based
prediction, while Patch-as-Decodable-Token (PaDT) ( s ) and Groma ( s ) utilize
visual reference tokens to point directly to image patches. Complementary innovations such as Pink (

s ), ViP-LLaVA ( s ), Griffon ( s ), DnU ( s ) and PAM (

, ) focus on enhancing 2D referential comprehension through visual prompt engineering and multi-
granularity feature scaling. LLMDet ( s ) boosts detection recall by data distribution tuning.
To bypass serial decoding bottlenecks, WeDetect ( , ) treats detection as a parallel retrieval
task. Advanced perception logic is further integrated via Chain-of-Thought (CoT) ( , ), while
post-training strategies such as Vision-R1 ( s ), UniVG-R1 ( s ) and GW-VLM (

, ) utilize reinforcement learning to align model outputs with visual feedback and reduce grounding
errors ( s ).

Parallel Decoding via MTP and Diffusion LLMs. To mitigate autoregressive latency, parallel generation
techniques such as MTP ( s ; , ; s ) predict multiple future
tokens simultaneously, often coupled with speculative decoding to accelerate inference. Recent extensions such
as Future Summary Prediction ( . ) capture long-term dependencies via auxiliary heads.
Concurrently, Diffusion Language Models (DLMs) such as LLaDA ( , ), Dream ( s ), and
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Figure 3: Architecture and Block-Based Output Representation. LocateAnything formulates localization as
generating a sequence of fixed-length, box-aligned atomic blocks. Four functional block types—Semantic, Box,
Negative, and End blocks—are defined to jointly specify predicted entities or termination states.

DiffuCoder (Gong et al., 2025) frame sequence generation as a discrete denoising process, enabling bidirectional
context modeling and non-autoregressive decoding. Hybrid semi-autoregressive paradigms, including Block
Diffusion (Arriola et al., 2025), SDLM (Liu et al., 2025c¢) and Fast-dLLM v2 (Wu et al., 2025a), decode fixed-size
token blocks in parallel while maintaining causal dependencies to preserve KV-caching compatibility. More
advanced frameworks (Lu et al., 2025a; Wang et al., 2025b) unlock inter-block parallelism and adaptive block
scheduling. These paradigms have been extended to the multimodal domain via DiffusionVL (Zeng et al.,
2025), translating autoregressive LMMs into high-performance diffusion-based models.

LocateAnything differs from existing works in two key aspects. First, instead of generating bounding boxes via
slow NTP, we output the complete box in a single parallel step. Second, recent MTP paradigms group tokens
into arbitrary chunks. Instead, our PBD treats the entire coordinate set as a single atomic block, resolving
both the fragmentation of NTP and the arbitrary chunking of MTP, seamlessly unifying high throughput with
structural coherence.

3. Method

This section presents LocateAnything, a fast and effective framework that integrates Parallel Box Decoding
(PBD) into VLMs for visual detection and grounding. Section 3.1 introduces the model architecture and the
block-based output formulation. Section 3.2 details the joint training strategy, which aligns NTP with block-level
MTP. Section 3.3 describes the on-demand inference mechanism, featuring a hybrid mode that dynamically
balances decoding throughput and robustness. Finally, Section 3.4 outlines the construction of our large-scale
training dataset, LocateAnything-Data.

3.1. Model Architecture and Formulation

Overview. As illustrated in Fig. 3, LocateAnything builds upon a native-resolution VLM pre-trained on large-
scale image-text corpora. The architecture comprises a Moon-ViT (Kimi Team, 2025) vision encoder and a
Qwen2.5 (Qwen Team, 2024) language decoder, bridged by a MLP projector. Given an input image Z, the
vision encoder extracts visual tokens Z = Encoder(Z) at the native resolution, preserving the fine-grained
spatial details crucial for high-precision localization. These tokens are subsequently fed into the language
model, which directly converts them into a sequence of box-aligned block-level predictions.

Block-Based Output Formulation. To facilitate PBD, we abandon standard NTP coordinate generation. Instead,
continuous coordinates are normalized to [0, 1000], discretized into tokens (Chen et al., 2022b; Jiang et al.,
2025a), and reorganized into a sequence of blocks B = (by, ba, ..., by). Conditioned on the visual features Z
and a text query &, the joint probability is formulated as P(B | Z,€) = [[, P(b; | b<i, Z,€).

Each block b; acts as an atomic unit of constant length L = 6, accommodating a bounding box and two
structural tokens (e.g., <box> and </box>). To guarantee uniform tensor shapes for parallel decoding, any
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unoccupied positions are padded with a <null> token. As depicted in Fig. 3, we define four functional block
types. (1) Semantic Block: Encodes the linguistic identity. If an expression exceeds the capacity of a single
block, it is partitioned across multiple consecutive blocks. (2) Box Block: Uses four quantized coordinates
representing the bounding boxes. (3) Negative Block: Explicitly indicates the absence of a queried object. (4)
End Block: Signals the termination of the generation process.

3.2. Training Design

Our method treats bounding box coordinates as an indivisible atomic unit, enforcing structured supervision
and unlocking the capability for parallel generation. However, parallelizing the output directly in the training
phase risks disrupting the model’s inherent causal reasoning process. To resolve this issue, we introduce a
dual-formulation training strategy that jointly optimizes two aligned representations: the NTP sequence to
preserve the causal reasoning ability, and the block-wise MTP formulation for box-aligned predictions. To
implement this, a single concatenated input sequence is constructed: x5 = vis @ Zq D Tnep D Tpik, Where &
denotes sequence concatenation. The terms z. and x4 serve as the shared context (visual and text query
inputs), xn represents the standard NTP input sequence, and xy is the block-wise MTP input sequence.
Essentially, they represent the identical ground truth in two distinct formats: a token-level representation and a
block-level representation.

Specifically, inspired by ( , ,0), T is constructed by traversing xn, from left to right, splitting
and padding the sequence according to our previously defined block rules. Within each block, we retain the
first token to serve as the prediction context, while replacing all subsequent tokens with [mask] tokens. This
structure prompts the model to simultaneously predict all masked tokens within the block in a single cohesive
step. Notably, if the block size is set to 1, this MTP formulation naturally becomes equivalent to standard NTP.
(64 N B, B,

Target Input  Prefilling Next Token Predicton Multi Token Prediction
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Figure 4: Architecture and Block-Based Output Rep-
resentation. LocateAnything formulates localization as
generating a sequence of fixed-length, box-aligned atomic
blocks. Four functional block types—Semantic, Box, Nega-
tive, and End blocks—are defined to jointly specify pre-
dicted entities or termination states.

Causal Flow Across Blocks. To align with the
semi-autoregressive generation process, attention
across different blocks in xyy is strictly causal. To-
kens in the active block can attend to the shared context and all previously committed blocks, but cannot
see future blocks. This historical visibility enables the model to learn dependencies between different box
predictions, effectively mitigating duplicate or missing bounding boxes.

Bidirectional Intra-Block Attention. Following the block-causal design widely adopted in recent generative
modeling ( ; ; ; ; , ; , ; , b,
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Figure 5: Corrected NTP Re-decoding. When parallel decoding encounters Format Irregularity or Spatial
Ambiguity, the model discards the erroneous block and reverts to standard NTP to ensure robust predictions.

tokens within the same block share bidirectional attention. This fully-connected intra-block interaction allows
the model to capture complex internal relationships (e.g., geometric dependencies among a set of coordinates)
and resolve all internal tokens simultaneously within a single functional unit.

Objective. Guided by this mask, we jointly minimize the cross-entropy losses for both sequences, i.e., £ =
Lotp + Lok

3.3. On-Demand Inference Modes

While our proposed PBD significantly accelerates inference, parallel decoding faces an inherent exploration-
exploitation dilemma in highly complex scenes, as shown in Fig. 5. The first is Format Irregularity, which occurs
in complex scenes containing multiple instances across categories. During parallel decoding, the model may
struggle at category boundaries, hesitating between continuing to predict for the current class or transitioning
to a new class. This uncertainty manifests as malformed syntax within a single predicted block, erroneously
mixing structural and coordinate tokens (e.g., <box><211></ref><911><887></box>). The second is Spatial
Ambiguity, which arises when objects are densely arranged in regular grids, such as rows or columns. The MTP
approach can blur spatial boundaries and output an intermediate coordinate situated between two objects,
consequently producing low IoU predictions.

Both failure patterns can be effectively resolved using an NTP fallback mechanism. The NTP prediction can
achieve higher precision when handling complex category transitions and dense spatial layouts. Therefore,
during MTP inference, we continuously validate the syntactic integrity and monitor spatial confidence. Specif-
ically, an ambiguity trigger is activated if two conditions are met simultaneously: (1) the top-1 coordinate
token’s probability is below 0.7, and (2) the max-min difference among the top-5 coordinate tokens exceeds
80 within the [0, 1000] normalized space. Upon detection of a format violation or high spatial ambiguity, the
compromised block is discarded, and the generation reverts to the last verified prefix. NTP is then employed to
autoregressively generate the tokens for the specific problematic block. Once the block is completed, the model
seamlessly switches back to MTP for subsequent predictions.

Based on the above discussion, we propose three on-demand inference modes to balance throughput and spatial
robustness. (1) Slow Mode, which generates the output token-by-token using standard NTP. (2) Fast Mode,
which leverages MTP to predict box-aligned blocks. For each block, <null> padding tokens are discarded, and
the remaining tokens are appended to the output; the committed tokens are stored in the key-value cache and
serve as causal context for subsequent prediction steps. (3) Hybrid Mode, which employs MTP by default but
seamlessly switches to NTP when parallel outputs become unreliable.

Inference-Time Attention Mask. During inference, the attention mask for each MTP decoding step mirrors the
training-time block-causal pattern illustrated in Fig. 4. All previously committed tokens in the KV cache follow
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Figure 6: Overview of the LocateAnything-Data dataset. The pie charts illustrate the task distribution across
natural language queries, bounding boxes, and unique images. The bottom panel provides a detailed breakdown
specifically for the language queries, showing the absolute count and percentage for each task category.

standard causal attention, while the ngre tokens in the current MTP block attend to each other bidirectionally,
enabling parallel token prediction. Meanwhile, the current block can attend to all preceding blocks but is
prevented from accessing subsequent ones. After each MTP step, the KV cache is truncated to retain only
committed tokens, evicting mask tokens and the duplicated anchor to ensure the cache stays consistent with
the causal prefix seen during training.

3.4. LocateAnything-Data
To train a highly capable model for general-purpose visual detection and grounding, we curate LocateAnything-
Data, a large-scale, multi-domain dataset. The dataset construction details can be found in the supplementary.

As illustrated in Fig. 6, the dataset contains 12M unique images and 138M natural language queries. Further-
more, the dataset includes 785M annotated bounding boxes, providing massive and dense supervisory signals to
guide the spatial learning of the LocateAnything model. The training corpus is categorized into six distinct tasks.
(1) General object detection constitutes the foundation, representing 66.9% of the queries and providing the
essential bounding box supervision (83.1%) to help the model achieve precise and dense coordinate alignments.
(2) Grounding user interface elements (16.5% of queries) enable the model to support embodied agents and
graphical user interface navigation tasks. (3) Natural language referring comprehension (7.3% of queries)
enables the model to link complex linguistic intents to specific spatial regions. (4) Text localization (3.6%
of queries) ensures that the model can perceive and tightly ground textual information within images. (5)
Document and scene layout grounding (3.5% of queries) enriches the structural reasoning capabilities of the
model. (6) Point-based localization tasks (2.2% of queries) further refine the spatial precision of the model
for fine-grained predictions.
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Table 1: Results on LVIS and COCO. Throughout all tables, “-” means that the information was not reported in
the respective papers or the model does not support the corresponding task, bold and underline highlight the
best and second-best, and BPS (Boxes Per Second) measures decoding throughput.

Zero-Shot | IVIS (F1@IoU) | Zero-Shot | COCO (F1@IoU)
(IVIS) | 05 0.95 Mean| (COCO) [ 0.5 0.95 Mean

Open-set Specialized Detectors

Method ‘ Throughput

Grounding DINO-Swin-T ( , ) | - | Yes | 47.7 22.7 388 | Yes | 69.8 23.0 56.6
Closed-set Specialized Detectors
Faster RCNN-R50 ( , ) - - - - - No 60.6 7.1 48.1
DETR-R50 ( s ) - - - - - No 65.9 13.6 48.3
Deformable-DETR-R50 ( s ) - - - - - No 69.7 17.7 54.7
DINO-R50 ( B ) - - - - - No 68.8 21.1 55.6
DINO-Swin-L ( , ) - - - - - No 75.6 254 62.1
Vision-Language Models
DeepSeek-VL2-Small ( R ) - - 56.2 21.0 41.8 - 60.9 149 459
MiMo-VL-7B ( , ) 1.0 - 49.5 8.8 31.4 - 56.5 6.7 35.9
OVIS2.5-2B ( s ) 1.3 - 54.4 15.8 37.4 - 56.2 10.3 38.7
Qwen3-VL-4B ( S ) 1.1 - 59.8 20.0 43.5 - 63.0 14.2 46.1
Qwen3-VL-8B ( s ) 1.0 - 61.5 20.2 44.8 - 62.8 14.0 45.7
Cosmos-Reason2-8B ( , ) 1.0 - 564 9.8 40.2 - 564 9.8 39.3
SEED1.5-VL ( 5 ) - Yes 65.6 19.5 46.7 Yes 71.3 143 51.4
Rex-Omni-3B (. s ) 5.0 Yes 64.3 20.7 46.9 Yes 72.0 159 529
LocateAnything-3B 12.7 Yes 62.3 31.1 50.7 Yes 70.1 19.3 54.7

4. Experiments

4.1. Training Details and Evaluation Setup

Training Details. We first conduct an initial training on the base VLM with focus entirely on world-knowledge
alignment, during which all detection and grounding data are excluded. We then apply a two-stage supervised
fine-tuning to the base VLM to train our LocateAnything model. In Stage-1, we incorporate a massive mix-
ture of 138M queries into the overall training data to equip the model with comprehensive grounding and
detection capabilities. In Stage-2, we reduce the proportion of general training data to 20% while significantly
increasing the proportion of data containing many objects per image (e.g., MOT20Det ( , ),
SKU110K ( s )) to enhance the model’s ability in dense detection. For model ablations,
we train all models exclusively on the COCO dataset ( , ) to strictly isolate PBD’s architectural
benefits from our massive 138M data. Detailed configurations for both the base VLM and the subsequent
LocateAnything model training are provided in the supplementary materials.

Compared Methods. We compare LocateAnything against three categories of methods. (1) Specialized
detectors, including representative general detection models such as DETR ( , ) and Deformable-
DETR ( , ), etc., open-set detectors such as Grounding DINO ( R ), leading document
layout analysis model DocLayout-YOLO ( , ), and text detection model PaddleOCRv5 (
s ). (2) General-purpose VLMs with grounding capabilities, including Qwen3-VL ( s
), DeepSeek-VL2 ( s ), OVIS2.5 ( s ), MiMo-VL ( s ), and
SEED1.5-VL ( , ), etc. These models adopt textual coordinate representations with standard
next-token prediction, providing a direct comparison to our parallel box decoding paradigm. (3) VLM-based
detection and grounding specialists, including Rex-Omni ( , ), which is the most related
work to ours targeting unified detection and grounding in a VLM framework. For GUI grounding, we also
include several domain-specific expert models ( R ; s ,€; : ; :

> > > > )'

Evaluation Setup. Following the evaluation framework established in Rex-Omni ( s ), we
conduct a comprehensive assessment across multiple visual perception tasks. Object Detection is evaluated on
COCO for common objects, IVIS ( s ) for long-tailed distributions, and VisDrone ( s
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Table 2: Results on dense object detection benchmark Dense200 and VisDrone.

Score \ Dense200 | VisDrone

Method Thresh. Fl@IoU Fl@IoU Fl@IoU Fl@IoU Fl@IoU Fl@IoU

: 0.5 0.95 Mean 0.5 0.95 Mean

Open-set Specialized Detectors
Grounding DINO-Swin-T ( s ) \ 0.25 \ 36.9 19.7 33.1 \ 55.2 3.9 38.5
Vision-Language Models

DeepSeek-VL2-Small ( s ) - 16.0 3.9 12.7 35.8 1.7 23.3
OVIS2.5-2B ( ) ) - 17.9 0.0 6.7 21.0 0.1 9.2
MiMo-VL-7B ( s ) - 29.7 0.4 15.9 27.7 0.3 14.3
Qwen3-VL-4B ( 5 ) - 17.5 2.4 12.5 42.3 1.4 26.0
Qwen3-VL-8B ( , ) - 13.5 1.7 9.6 42.8 1.4 25.8
Cosmos-Reason2-8B ( s ) - 25.1 1.1 15.1 40.2 1.3 22.3
SEED1.5-VL ( , ) - 76.9 5.3 53.2 55.9 0.6 27.4
Rex-Omni-SFT-3B (. , ) - 60.2 10.6 46.4 55.6 1.9 32.4
Rex-Omni-3B ( s ) - 78.4 10.3 58.3 61.6 1.5 35.8
LocateAnything-3B - 74.0 18.5 58.7 63.0 3.2 39.9

Table 3: Results for the GUI Grounding task. The * denotes our reproduced results.

ScreenSpot-Pro
Method Dev. Creative CAD Sci. Office 0S Av
Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon &
InfiGUI-R1-3B ( , ) 51.3 124 449 7.0 330 141 583 20.0 655 283 439 124 357
JEDI-3B ( , ) 61.0 138 535 84 274 94 542 182 644 321 383 9.0 361
Rex-Omni-3B (. B ) 61.7 9.7 525 126 223 94 59.0 264 633 283 241 15.7 36.8
ScaleCUA-3B ( , ) 57.8 186 38.8 429 16.8 320 543 281 479 64.6 355 52.0 408
GTA1-7B ( s ) 62.6 18.2 533 172 669 20.7 764 31.8 825 509 486 259 50.1
Qwen3-VL-30B-A3B* ( , )| 76.0 248 69.2 203 51.8 156 764 27.3 808 37.7 75.7 382 53.7
GUI-Owl-7B ( , ) 76.6 31.0 59.6 273 645 219 79.1 373 77.4 39.6 59.8 33.7 549
MAI-UI-2B ( s ) 76.6 324 69.2 21.7 614 234 81.2 345 859 396 682 416 574
UI-Venus-1.5-2B ( , ) 70.1 43.4 63.6 287 543 328 76.4 382 819 472 738 517 57.7
GUI-Owl-32B ( , ) 84.4 393 652 182 624 281 82.6 391 81.4 39.6 70.1 36.0 580
LocateAnything-3B 70.8 50.3 60.1 469 579 40.6 694 582 772 69.8 654 438 60.3
) and Dense200 ( , ) for dense and tiny object scenarios. Language-aware Grounding
tasks include Referring Expression Comprehension (REC) on RefCOCOg ( , ) and
HumanRef ( s ). Interactive tasks are evaluated through GUI Grounding on ScreenSpot-Pro (
, ). Additionally, Layout Grounding on DocLayNet ( , ) and MéDoc ( ,
), along with OCR (text detection and recognition) on TotalText ( s ), are reported

together under scene text and document understanding tasks.

The metric for each task is summarized as follows. (1) Box-based outputs: For detection, layout, and OCR tasks,
a prediction is considered correct (i.e., a true positive) if its Intersection over Union (IoU) with the ground truth
exceeds a certain threshold. The F1-score is reported at ToU = 0.5, IoU = 0.95, and as a mean over thresholds
(mlIoU). (2) Point-based outputs: For pointing tasks, a prediction is considered correct if the predicted point
falls within the ground-truth segmentation mask or bounding box. We similarly report the F1-score for these
point-based outputs based on this correctness criterion.

4.2. Main Results

In this section, we report the accuracy metrics and the throughput (measured in boxes per second, BPS on a
single NVIDIA H100 GPU with a batch size of 1) of LocateAnything under the default Hybrid Mode. The results
of Fast and Slow Mode are provided in the supplementary materials.

High-Quality Multi-Object Detection. Our model exhibits robust generalization in both common and complex
dense object detection scenarios. On general detection benchmarks reported in Tab. 1, LocateAnything improves
the mean F1 by +3.8% on LVIS and +1.8% on COCO compared to Rex-Omni, despite sharing an identical
model size. Crucially, the model effectively learns the generalized spatial distribution, transferring its detection
capabilities to unseen, heavily packed object types. This is evidenced by its performance on the dense detection
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Table 4: Performance comparison on document layout grounding and OCR tasks.

Score \ DoclLayNet | M6Doc | TotalText

Method Thresh. Fl@loU Fl@IoU Fl@IoU | Fl1@loU Fl@IoU Fl@IoU | F1@loU Fl@IoU Fl@IoU

) 0.5 0.95 Mean 0.5 0.95 Mean 0.5 0.95 Mean

Specialized Detectors
DocLayout-YOLO ( 5 ) 0.3 91.2 52.1 81.1 - - - - - -
PaddleOCRvV5 ( 5 ) - - - - - - - 40.2 0.7 25.7
Vision-Language Models

SEED1.5-VL ( s ) - 54.9 4.3 28.7 48.0 3.4 28.0 35.0 0.3 19.5
Qwen3-VL-4B ( s ) - 60.8 8.2 37.2 30.6 4.9 19.0 55.4 3.6 36.1
Qwen3-VL-8B ( s ) - 54.7 6.7 34.1 37.2 4.9 22.7 59.4 2.7 37.3
Rex-Omni-3B ( s ) - 89.5 28.4 70.7 76.3 18.7 55.6 56.6 39 40.6
LocateAnything-3B - 91.1 35.8 76.8 90.6 25.8 70.1 58.9 5.1 43.3

Table 5: Evaluation results on referring expression comprehension benchmarks.

Score ‘ HumanRef | RefCOCOg val | RefCOCOg test

Method Thresh Fl@loU Fl@IoU Fl@IoU | F1@loU Fl@IoU Fl@IoU | F1@loU Fl@IoU Fl@IoU

’ 0.5 0.95 Mean 0.5 0.95 Mean 0.5 0.95 Mean

Open-set Specialized Detector
Grounding DINO-Swin-T ( , )| 025 | 280 165 252 | 529 209 459 | 538 229 468
Vision-Language Model

DeepSeek-VL2-Tiny ( 5 ) - 39.1 16.9 31.4 67.4 16.1 50.5 69.3 16.9 52.1
OVIS2.5-2B ( 5 ) - 70.6 12.3 50.0 87.4 29.3 73.4 87.6 30.5 73.8
MiMo-VL-7B ( ) ) - 77.6 26.4 63.4 84.9 14.4 65.3 84.6 14.9 65.5
DeepSeek-VL2-Small ( , ) - 72.0 46.5 64.7 92.4 45.6 81.4 91.8 47.0 81.6
Qwen3-VL-4B ( s ) - 77.7 54.9 71.1 88.0 34.0 74.7 87.6 33.9 74.6
Qwen3-VL-8B ( , ) - 78.6 55.7 72.0 88.6 33.4 74.9 88.6 33.8 75.2
SEED1.5-VL ( s ) - 88.2 60.0 81.6 84.7 30.9 71.9 85.2 32.1 73.2
Rex-Omni-3B (. , ) - 85.4 65.4 79.9 86.6 35.3 73.6 86.8 36.6 74.3
LocateAnything-3B - 82.9 68.8 78.7 88.6 41.5 76.7 88.8 43.4 77.6

benchmarks in Tab. 2, where it achieves 39.9 mean F1 on VisDrone, substantially outperforming Rex-Omni
which scores 35.8. Similarly, it reaches a competitive 58.7 mean F1 on Dense200, demonstrating superior
boundary delineation and instance separation in heavily overlapping environments.

Precise Open-World Localization Ability. LocateAnything demonstrates exceptional fine-grained localization
capabilities across diverse open-world benchmarks, including user interface grounding, document layout
parsing, and referring expression comprehension. As shown in Tab. 3, on the ScreenSpot-Pro ( . ),
it achieves a SOTA mean F1 of 60.3, surpassing generalist VLMs like Qwen3-VL-30B-A3B and specialized
models tailored for UI tasks such as GUI-Owl-32B. Furthermore, in document understanding tasks detailed in
Tab. 4, LocateAnything establishes a new standard by reaching 76.8 and 70.1 mean F1 on DocLayNet and
M6Doc, respectively, outperforming Rex-Omni by substantial margins. This precise spatial reasoning extends
to complex referring tasks, as shown in Tab. 5, where the model seamlessly aligns nuanced human intents with
visual regions, achieving 78.7 mean F1 on the HumanRef benchmark and remaining highly competitive on
RefCOCOg against top-tier models.

Superior Decoding Speed. A key advantage of our model is its drastically reduced decoding steps. As shown
in Tab. 1, our model achieves 12.7 BPS under the default hybrid mode, over 10x faster than textual-based
Qwen3-VL (1.1 BPS) and 2.5x faster than quantized-based Rex-Omni (5.0 BPS).

4.3. Ablation Study
We conduct ablation studies on the COCO dataset to validate our core designs. The results are shown in Tab.
and Fig.

Coordinate Representation. As Tab. 6(a) shows, under the NTP paradigm, Textual and Quantized represen-
tations yield sub-optimal performance (49.1 and 50.1 mean F1, respectively) due to forced token-by-token
generation. Our PBD (Slow Mode) achieves the highest F1-score of 52.1, proving that a box-aligned formulation
provides stronger supervision for spatial reasoning than 1D serialization, without sacrificing throughput.
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Table 6: Ablation Studies on the COCO dataset. We decouple the analysis into three aspects: (a) coordinate representation,
(b) block-based MTP Formulation, and (c) effectiveness of our on-demand decoding modes and loss design. Throughput is
measured in boxes per second. For brevity, we report the Average metric across IoU thresholds for Recall (R), Precision (P),
and F1 Score. “B” indicates block size in MTP.

(a) Coordinate Representations

(b) MTP Formulations

Method

(c) Decoding Modes & Losses

Method Throughput R P F1 Throughput R p F1 Lyyp Lp Mode  Throughput R P F1
Textual 1.3 457 523 49.1 SDLM-B4 ( ) 5.2 454 481 46.5 v Slow 3.9 482 522 50.1
Quantized 3.9 482 522 50.1 SDLM-B6 ( ) 5.5 451 475 46.1 v Fast 16.7 456 49.0 47.2
SDLM-B8 ( ) 6.7 447 472 458
PBD (Slow) 3.9 49.4 552 52.1 - v v Slow 3.9 49.4 552 52.1
PBD (Fast) 16.9 45.6 54.6 49.6  Block Diff-B6 ( ) 47 451 443 448 v v Fast 16.9 456 54.6 49.6
PBD (Hybrid) 13.2 48.7 548 51.6 PBD (Fast) 16.9 45.2 54.6 49.6 v v Hybrid 13.2 48.7 548 51.6
I
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Figure 7: Ablation Study on Box Ordering and Decoding Speed. Left: Effect of different box sorting strategies
on the F1-score. Right: Comparison of Generation Time (bars) and Throughput (lines) across varying numbers
of predicted boxes for Textual, Quantized, and Parallel box decoding.

MTP Formulation. Tab. 6(b) compares our box-aligned MTP against existing structure-agnostic MTP formula-
tions. Methods like SDLM and Block Diffusion force the model to learn spurious, unaligned cross-boundary
patterns, suffering from lower accuracy and limited acceleration (e.g., SDLM-B6 achieves 46.1 F1-score at
5.5 BPS). Furthermore, structure-agnostic methods (e.g., SDLM-B4, B6, B8) exhibit a strict speed-accuracy
trade-off, where increasing the block size yields only marginal throughput gains while consistently degrading
the F1-score. In contrast, our PBD strictly aligns MTP blocks with structured bounding box units, dramatically
outpacing existing methods in throughput (16.9 BPS) while improving the mean F1 to 49.6.

Decoding Mode. Tab. 6(c) ablates the impact of our dual-formulation training (L, and Ly). Training with
isolated losses limits the model’s potential; joint training successfully pushes the Slow Mode upper bound
from 50.1 to 52.1 F1-score. During inference, Fast Mode (MTP) maximizes throughput (16.9 BPS) but induces
accuracy drops in complex scenes. Hybrid Mode seamlessly resolves this trade-off, preserving most speed gains
(13.2 BPS) while achieving robust, high-precision localization (51.6 F1-score).

Box Output Order. We investigate four spatial sorting strategies in Fig. 7 (left): X-Y Corner Order (sorting by
the x-coordinate of the left-top corner, then by the y-coordinate), Center Distance (the distance of the bounding
box center point to the origin), Area (sorted from largest to smallest), and Random (shuffled randomly). Results

show X-Y Corner Order yields the highest F1-score. We take this setting as default in dataset construction.

Throughput. We compare generation time and throughput with NTP methods in Fig. 7 (right). As target boxes
increase from 20 to 300, NTP methods suffer from a severe latency bottleneck. In contrast, the Parallel method
exhibits little increase in generation time, increasing throughput from 12 BPS to ~25 BPS in dense scenes.
These findings confirm that PBD effectively breaks the decoding bottleneck, achieving a 2x to 6x speedup.

4.4. Qualitative Results

Fig. 8 visualizes representative grounding results of our model. Visual comparisons with other methods
are provided in the supplementary materials. We observe three consistent behaviors. (i) Compositional
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Figure 8: Qualitative results. Each row shows test cases with varying numbers of target objects and diverse
box scales. Different colors indicate different query categories, including attribute, part, reasoning, and spatial
queries. Our model consistently localizes targets across diverse scene domains, arbitrary image resolutions,
free-form textual queries, and an arbitrary number of objects, demonstrating strong robustness.

grounding: our model handles attribute/part/spatial/reasoning-style queries well with consistent spatial
alignment, supported by the diversity and coverage of our training data. (ii) Robustness to large instance
counts: as targets grow from sparse to crowded settings, the predicted boxes remain structured and accurate,
reflecting the precision of our box-level decoding. This robustness is further strengthened by our Stage-2 training
that emphasizes many-object images, improving dense localization in practice. Moreover, our Hybrid Mode
maintains most of the parallel decoding speed while improving output stability in multi-instance generation.
(iii) Reliable localization in clutter: boxes stay compact and well-separated under occlusion, repetitive
textures, and grid-like dense layouts. Our hybrid inference mode further stabilizes these hard cases by detecting
unreliable parallel blocks and falling back to NTP re-decoding when needed.

5. Conclusion

We presented LocateAnything, a unified framework that reformulates visual grounding and detection in
VLMs via Parallel Box Decoding. By elevating geometric elements to atomic units rather than 1D streams,
LocateAnything aligned the training supervision with the inherently coupled nature of spatial coordinates. With
massive 138M text-image training queries and a flexible on-demand inference mechanism, LocateAnything not
only delivered SOTA accuracy across diverse tasks, but also achieved up to a 2.5x speedup over competitive
methods. Our method provided a practical and scalable route for real-time visual perception, opening the door
to deploying general-purpose VLMs in latency-sensitive embodied robotics and interactive agents.

Limitation. Currently, our model is primarily trained with supervised fine-tuning. Reinforcement learning
is an important next step to further optimize the block-level decoding policy, reduce fallback frequency, and
encourage effective exploration in hard dense/long-tail cases, which could improve both robustness and
worst-case decoding speed. We leave it for future work.
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A. Training and Inference Configurations

A.1. Training Details

In this section, we provide extended details regarding our data mixture strategy, the multiphase training
pipeline of our base VLM and the LocateAnything model. We also elaborate on two key system-level techniques
that are critical for efficient training under our dual-formulation design: Stream Packing for maximizing GPU
utilization, and MagiAttention ( . ) for natively supporting the heterogeneous attention
masks required by our NTP+MTP joint training.

To provide a comprehensive overview of our entire training pipeline, Tab. 7 summarizes the detailed optimization
hyperparameters and configurations across all four progressive stages of LocateAnything.

Table 7: Detailed configuration for each training stage of LocateAnything.

Stages ‘ Stage 1 ‘ Stage 2 ‘ Stage 3 ‘ Stage 4

N World Knowledge Detection & Grounding
Objective L

Injection Enhancement

Dataset ‘ Caption ‘ General VQA ‘ Detection & Grounding ‘ 20% Previous + Dense
Learning Rate 2 x10~* 4 x107° 4 x107° 1 x107°
Optimizer AdamW AdamW AdamW AdamW
Weight Decay 0.01 0.01 0.01 0.01
LR Schedule Cosine Cosine Cosine Cosine
Max Sequence Length 32768 32768 25600 25600
Trainable Components MLP All All All
Number of GPUs 64 256 256 256
Training Steps 2000 20000 25000 5000

A.1.1. Base VLM Training (World Knowledge Injection)

To establish a robust foundational understanding of world knowledge before introducing specialized detection
and grounding tasks, we first pretrain our base VLM. This initial alignment phase strictly excludes any detection
or bounding-box grounding data and is divided into the first two progressive stages. (1) Stage 1 (Visual
Concept Initialization): In this stage, the model is trained exclusively on caption-related datasets, detailed in
the “Captioning & Knowledge” category of Tab. 8. This enables the native any-resolution visual encoder to align
fundamental visual features with textual descriptions effectively. (2) Stage 2 (Comprehensive Multimodal
Learning): Building upon the basic captioning capability, we expand the training corpus to encompass all
datasets listed in Tab. 8. This comprehensive mixture spans a wide spectrum of domains, including Mathematics
& Code, Science, Chart & Table reasoning, extensive OCR tasks (Naive OCR and OCR QA), General VQA,
Text-only instruction tuning, and basic Counting. Fully integrating these diverse datasets ensures the base
model develops strong reasoning and comprehensive multimodal capabilities.

A.1.2. LocateAnything Fine-Tuning (Detection and Grounding Enhancement)

Following the initial world-knowledge alignment, we then train the LocateAnything model using a carefully
designed two-stage SFT strategy tailored for fine-grained detection and grounding. This constitutes the final two
stages of our pipeline (leveraging the data presented in Fig. 5 of the main text). (1) Stage 3 (Comprehensive
Detection and Grounding): We incorporate a massive mixture of 138M queries into the overall training data
to equip the model with comprehensive grounding and detection capabilities. During this stage, all model
components are fully unfrozen and trained. We set the maximum sequence length to 25,600 and employ a
learning rate of 4 x 10~° with a Cosine schedule. (2) Stage 4 (Dense Detection Enhancement): To further
boost the model’s recall in dense scenes, we reduce the proportion of general training data to 20% while
significantly increasing the proportion of data containing many objects per image (e.g., MOT20Det, SKU110K).
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Table 8: Datasets used for the initial world-knowledge alignment. We pretrain the base VLM on this diverse
mixture of datasets across various domains to ensure broad coverage of general knowledge. Specifically, Stage-1
incorporates only the caption-related datasets shown here. In Stage-2, all datasets listed in this table are fully
integrated into the training process to build robust, comprehensive multimodal capabilities.

Category Dataset

ShareGPT40 OpenGVLab (2024), KVQA Shah et al. (2019), Movie-Posters skvarre (2024), Google-
Landmark Weyand et al. (2020), WikiArt HugGAN (2024), Weather-QA Ma et al. (2024a), Coco-Colors hazal
karakus (2024), music-sheet EmileEsmaili (2024), SPARK Yu et al. (2024b), Image-Textualization Pi et al. (2024),
SAM-Caption PixArt-alpha (2024), Tmdb-Celeb-10k Ashraq (2024), CC3M Sharma et al. (2018), pixmo-cap Deitke
et al. (2025), Multi-UI Liu et al. (2024b), RICO Deka et al. (2017)

GeoQA+ Cao and Xiao (2022), MathQA Yu et al. (2023a), CLEVR-Math/Super Li et al. (2023b); Lindstrom
Mathematics | and Abraham (2022), Geometry3K Lu et al. (2021a), MAVIS-math-rule-geo Zhang et al. (2024d), MAVIS-math-
& Code metagen Zhang et al. (2024d), InterGPS Lu et al. (2021b), Raven Zhang et al. (2019a), GEOS Seo et al. (2015),
UniGeo Chen et al. (2022a), Design2Code Si et al. (2025), OpenMathInstruct Toshniwal et al. (2024)

AI2D Kembhavi et al. (2016), ScienceQA Lu et al. (2022a), TQA Kembhavi et al. (2017), PathVQA He et al.
Science (2020), SciQA Auer et al. (2023), Textbooks-QA, VQA-RAD Lau et al. (2018), VisualWeblInstruct TIGER-Lab (2024),
PMC-VQA Zhang et al. (2023a)

ChartQA Masry et al. (2022), MMC-Inst Liu et al. (2023b), DVQA Kafle et al. (2018), PlotQA Methani et al. (2020),
LRV-Instruction Liu et al. (2023a), TabMWP Lu et al. (2022b), UniChart Masry et al. (2023), Vistext Tang et al.
Chart & Table | (2023), TAT-DQA Zhu et al. (2022), VQAonBD VQAonDB, FigureQA Kahou et al. (2017), Chart2Text Kantharaj
et al. (2022), RobuT-{Wikisql, SQA, WTQ} Zhao et al. (2023), MultiHiertt Zhao et al. (2022), MMTab Zheng et al.
(2024a)

SynthDoG Kim et al. (2022), MTWI He et al. (2018), LVST Sun et al. (2019), SROIE Huang et al. (2019),
FUNSD Jaume et al. (2019), Latex-Formula OlechyO (2024), IAM Marti and Bunke (2002), Handwriting-Latex aida-
pearson (2023), ArT Chng et al. (2019), CTW Yuan et al. (2019), ReCTs Zhang et al. (2019b), COCO-Text Veit
et al. (2016), SVRD Yu et al. (2023b), Hiertext Long et al. (2023), RoadText Tom et al. (2023), MapText Li et al.
Naive OCR (2024b), CAPTCHA parasam (2024), Est-VQA Wang et al. (2020), HME-100K TAL (2023), TAL-OCR-ENG TAL
(2023), TAL-HW-MATH TAL (2023), IMGURS5K Krishnan et al. (2023), ORAND-CAR Diem et al. (2014), Invoices-
and-Receipts-OCR mychen76 (2024), Chrome-Writting Mouchere et al. (2016), IIITSk Mishra et al. (2012),
K12-Printing TAL (2023), Memotion Ramamoorthy et al. (2022), Arxiv2Markdown, Handwritten-Mathematical-
Expression Azu (2023), WordArt Xie et al. (2022), RenderedText wendlerc (2024), Handwriting-Forms ift (2024)

DocVQA Clark and Gardner (2018), InfoVQA Mathew et al. (2022), TextVQA Singh et al. (2019), ArxivQA Li et al.
(2024a), ScreencQA Hsiao et al. (2022), DocReason mPLUG (2024), Ureader Ye et al. (2023), FinanceQA Sujet
Al et al. (2024), DocMatrix Laurencon et al. (2024a), A-OKVQA Schwenk et al. (2022), Diagram-Image-To-
OCR QA Text Kamizuru00 (2024), MapQA Chang et al. (2022), OCRVQA Mishra et al. (2019), ST-VQA Biten et al. (2019),
SlideVQA Tanaka et al. (2023), PDF-VQA Ding et al. (2023), SQUAD-VQA, VQA-CD Mahamoud et al. (2024),
Block-Diagram shreyanshu09 (2024), MTVQA Tang et al. (2024), ColPali Faysse et al. (2024), BenthamQA Mathew
et al. (2021), VSR Zhang et al. (2021), pixmo-docs Deitke et al. (2025)

LLaVA-150K Liu et al. (2023c), LVIS-Instruct4V Wang et al. (2023a), ALLaVA Chen et al. (2024), Laion-
GPT4V LAION (2023), LLAVAR Zhang et al. (2023b), SketchyVQA Tu et al. (2023), VizWiz Gurari et al.
(2018), IDK Cha et al. (2024), AlfworldGPT, LNQA Pont-Tuset et al. (2020), Face-Emotion FastJobs (2024),
SpatialSense Yang et al. (2019), Indoor-QA keremberke (2024), Places365 Zhou et al. (2017), MMinstruct Liu
et al. (2024c), DriveLM Sima et al. (2023), YesBut Nandy et al. (2024), WildVision Lu et al. (2024), LLaVA-
General VQA | Critic-113k Xiong et al. (2024), RLAIF-V Yu et al. (2024a), VQAv2 Goyal et al. (2017), MMRA Wu et al. (2024a),
KONIQ Hosu et al. (2020), MMDU Liu et al. (2024d), Spot-The-Diff Jhamtani and Berg-Kirkpatrick (2018),
Hateful-Memes Kiela et al. (2020), COCO-QA Ren et al. (2015), NLVR Suhr et al. (2017), Mimic-CGD Laurencon
et al. (2024b), Datikz Belouadi et al. (2023), Chinese-Meme Contributors (2024), IconQA Lu et al. (2021c),
Websight Laurencon et al. (2024¢), OmniAlign Zhao et al. (2025), pixmo-cap-qa Deitke et al. (2025), pixmo-ask-
model-anything Deitke et al. (2025), Cauldron Laurencon et al. (2024b)

Orca Lian et al. (2023), Orca-Math Mitra et al. (2024), OpenCodelnterpreter Zheng et al. (2024b) MathInstruct Yue
et al. (2023), WizardLM Xu et al. (2023), TheoremQA Chen et al. (2023b), OpenHermes2.5 Teknium (2023),
Text-only NuminaMath-CoT LI et al. (2024), Python-Code-25k flytech (2024), Infinity-Instruct BAAI (2024), Python-Code-
Instructions-18k-Alpaca iamtarun (2024), Ruozhiba LooksJuicy (2024), InfinityMATH Zhang et al. (2024a),
StepDPO Lai et al. (2024b), TableLLM Zhang et al. (2024¢), Ultralnteract-sft Yuan et al. (2024)

Counting FSC147 Ranjan et al. (2021), TallyQA Acharya et al. (2019)

Captioning &
Knowledge

All components remain trainable, and the maximum sequence length is maintained at 25,600. The learning
rate is decayed to 1 x 107°.
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A.1.3. Stream Packing

A key challenge for training with our dual-formulation (NTP + MTP) design is that different samples, after block-
wise expansion, exhibit highly variable sequence lengths. Naive padding-based batching leads to significant
GPU memory waste and low arithmetic utilization. To address this, we adopt an online stream packing strategy
that dynamically assembles multiple variable-length samples into a single, densely packed sequence of a target
budget (e.g., 36,864 tokens). Concretely, our packing pipeline operates through three core mechanisms. First,
via Weighted Sampling, an infinite iterator draws samples from multiple heterogeneous datasets according to
pre-specified mixing weights. Second, utilizing Best-Fit Buffering, a fixed-size buffer (default size 32) stores
pending samples. When assembling a batch, the packer first scans the buffer for the largest sample that still
fits into the remaining token budget—a best-fit decreasing heuristic that empirically yields >95% packing
efficiency. If no buffered sample fits, a freshly drawn sample is either appended directly (if it fits) or placed
into the buffer for future use. Third, through Big-Rocks-First Seeding, after yielding a completed batch, the
packer seeds the next batch with the largest sample currently in the buffer, ensuring that oversized samples
are never starved. Each packed sequence carries a sub_sample_lengths tensor that records the constituent
sample boundaries. This metadata is consumed downstream by the attention kernel to construct the correct
per-sample attention mask within the packed sequence, preventing cross-contamination between unrelated
samples.

A.1.4. MagiAttention for Heterogeneous Mask Training

Our dual-formulation training produces a heterogeneous attention mask that combines standard causal attention
(for the NTP stream) with block-causal and bidirectional intra-block patterns (for the MTP stream), all within a
single packed sequence potentially containing multiple samples. When further combined with stream packing,
the resulting attention mask becomes highly irregular and sample-dependent, making it incompatible with
conventional Flash-Attention kernels that assume a uniform causal or full-attention pattern.

To efficiently handle this, we leverage MagiAttention ( , ), a distributed attention
framework designed for ultra-long contexts with heterogeneous masks. Together, stream packing and MagiAt-
tention form a synergistic training infrastructure: packing maximizes token-level utilization within each GPU,
while MagiAttention ensures that the resulting heterogeneous attention masks are handled both correctly and
efficiently across the distributed training cluster.

A.2. Inference Details

We provide a detailed description of the inference pipeline, including the generation modes, the semi-
autoregressive generation loop, the box-aware decoding strategies, and the hyperparameter configurations
used across all evaluations.

A.2.1. Generation Hyperparameters

We employ nucleus sampling with a temperature of 0.7 and top-p of 0.9 to balance diversity and precision.
A repetition penalty of 1.1 is applied to discourage duplicate predictions. KV cache is enabled throughout
inference to avoid redundant computation. The block size for MTP generation is set to 6 (i.e., nfyure = 6),
meaning each parallel decoding step predicts up to 6 tokens simultaneously. The maximum number of newly
generated tokens is set to 8,192. All models are evaluated in BF16 precision with a batch size of 1.

A.2.2. KV Cache Management

After each MTP step, the KV cache is truncated to include only the positions corresponding to actually committed
tokens (i.e., the prefix up to the current generation frontier). The mask tokens and the duplicated anchor token
are evicted, ensuring that subsequent steps attend only to the ground-truth generation history. This truncation
is essential for maintaining consistency between the causal prefix seen during training and the KV cache state
during inference.

16



LocateAnything: Fast and High-Quality Vision-Language Grounding with Parallel Box Decoding

Table 9: Overview of supported perception tasks and their corresponding prompt templates. [PHRASE] denotes a
free-form natural language description, and [CATEGORIES] denotes a comma-separated list of category names.

Task Output Question Template
. . Locate all the instances that matches the following description:
Object Detection Box [CATEGORIES] .
Single Box Locate a single instance that matches the following description: [PHRASE].

Phrase Grounding ) ] . o
Multiple Boxes Locate all the instances that match the following description: [PHRASE].

Text Grounding Box Please locate the text referred as [PHRASE].

Scene Text Detection Box Detect all the text in box format.

Document Layout Detect all the objects in the image that belong to the category set:

Box

Analysis [CATEGORIES].
. Box Locate the region that matches the following description: [PHRASE].
GUI Grounding . .
Point Point to: [PHRASE].
Pointing Point Point to: [PHRASE].

B. LocateAnything-Data Construction

B.1. Leveraging Existing Open-Source Data

We begin by collecting high-quality detection and grounding datasets from the open-source community and
performing unified format cleaning and normalization. As illustrated in Fig. 6 of the main paper, the collected
data span six domains, covering diverse visual scenarios.

Except for GroundCUA (Feizi et al., 2025a), we use the original labels for all other GUI datasets. The
GroundCUA dataset, however, requires additional processing because its original labels typically correspond
only to short descriptions of Ul elements. To enrich the grounding queries for this specific dataset, we augment
the GroundCUA annotations using Qwen3-VL (Bai et al., 2025a). Specifically, given the original bbox, label,
and category, we first render the target bounding box on the screenshot and crop a local region around
it. The full screenshot, the cropped region, together with the label, category, and platform metadata are
then provided to Qwen3-VL (Bai et al., 2025a). After determining whether the target element is visually
identifiable, the model generates natural language descriptions from three complementary perspectives:
appearance, describing visual attributes such as color, shape, iconography, or textual content; spatial, describing
the element’s relative position with respect to other UI components; and functional, describing the user intent
or interaction semantics associated with the element. Through this process, the original discrete text labels of
GroundCUA are transformed into richer, multi-dimensional grounding queries that are both descriptive and
interpretable.

Referring and grounding datasets themselves are relatively limited in scale. To address this, we aggregate several
widely used benchmarks, including Flickr30k Entities (Plummer et al., 2016), gRefCOCO (He et al., 2023),
RefCOCO (Yu et al., 2016), HumanPart (Yu et al., 2016), and HumanRef (Jiang et al., 2025a). In addition, we
incorporate large-scale detection datasets such as Openlmages (Kuznetsova et al., 2020), Objects365 (Shao
et al., 2019), and images collected from Unsplash. These datasets serve as raw sources for constructing our
multi-target grounding data engine, as discussed in Sec. B.2.

Another critical issue in existing detection and grounding datasets is that they almost exclusively contain
positive samples. Training on such data can lead to hallucination behaviors, where the model predicts bounding
boxes even when the query is unrelated to the image. To mitigate this issue, we explicitly construct negative
samples across domains. The proportion of negative queries varies depending on the domain statistics (see
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Figure 9: Data engine for multi-targets grounding. Top: For detection datasets with gt boxes, we use
each box category as a prompt to Qwen3-VL (Bai et al., 20252a) to synthesize detailed object-centric queries,
including attributes, spatial relations, and reasoning cues. These queries are then fed to Molmo (Deitke et al.,
2025) to predict candidate points, from which we retain the points falling inside the corresponding gt boxes
as reliable supervision. Bottom: For a large collection of high-quality unlabeled images, Qwen3-VL directly
generates diverse queries from the image. Such queries can be used to prompt Molmo for point prediction,
followed by SAM 3 (Carion et al., 2025) to produce boxes, or directly prompt Rex-Omni (Jiang et al., 2025a)
to generate boxes. All generated boxes are finally post-verified by Qwen3-VL.

Tab. 10). Concretely, we generate queries referring to objects that do not exist in the image, and assign them
the negative block described in Fig. 3 of the main paper. This design enables the model to learn to abstain when
no valid grounding target is present.

B.2. Multi-Targets Grounding Data Engine

Existing open-source grounding datasets are relatively limited in scale and diversity. To construct a large-scale
multi-target grounding dataset, we design a data engine that automatically synthesizes grounding annotations
from both labeled detection data and unlabeled images, as illustrated in Fig. 9.

From Detection Datasets:

We first leverage high-quality detection datasets such as Open Images (Kuznetsova et al., 2020) and Ob-
jects365 (Shao et al., 2019). For each ground-truth bounding box, we use its category label as a prompt to
Qwen3-VL (Bai et al., 2025a) to generate a set of detailed object-centric queries, including attributes, spatial
relations, and reasoning cues. These queries are then used to prompt Molmo (Deitke et al., 2025) to predict
candidate points. Since the ground-truth boxes are known, we retain only the points that fall inside the
corresponding bounding boxes, which serve as reliable grounding supervision.

From Unlabeled Images:

To further expand the diversity of grounding targets, we additionally collect large amounts of high-quality
unlabeled images from Unsplash and SA-1B (Kirillov et al., 2023). For each image, Qwen3-VL directly generates
a diverse set of natural language queries describing potential objects or regions. These queries can be used
to prompt Molmo (Deitke et al., 2025) to predict points, which are subsequently converted into bounding
boxes using SAM 3 (Carion et al., 2025). Alternatively, the queries can directly prompt Rex-Omni (Jiang et al.,
2025a) to predict bounding boxes.
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Table 10: Statistics of the collected data across six domains. We report the total number of queries and negative
samples, together with the maximum and mean numbers of targets and categories per query (/ Q), and targets
per image (/ I). Query length measures the number of words in the target description after removing template
text, reflecting the actual linguistic content used to describe grounding targets.

Domain #Queries | #Negative Targets / Q ‘ Categories / Q ‘ Query Length ‘ Targets / 1
Max Mean Max Mean Max Mean Max Mean
Detection | 93,351,373 | 21,021,509 | 745 6.29 43 2.47 251 24.19 | 3,725 30.68
GUI 23,009,535 0 14 1.03 14 1.03 351 4.07 8,690 7.95
Referring | 10,141,597 93,396 818 2.12 1 0.89 53 5.48 6,938 9.65
OCR 5,052,040 0 2,337 11.89 | 1,258 10.4 51 1.17 2,337 28.67
Layout 4,859,914 1,384,804 176 4.92 15 1.31 30 2.2 880  21.17
Pointing 3,148,098 353,366 675 3.25 1 0.89 189 2.63 1,575 14.92
To ensure annotation quality, all generated boxes are finally verified by Qwen3-VL( , ) through a

post-checking stage, filtering out inconsistent predictions.

B.3. Task-Specific Prompt Design

As detailed in Tab. 9, we present a comprehensive overview of the versatile perception tasks supported by
our unified framework, alongside their corresponding output formats and question templates. To seamlessly
integrate diverse visual grounding and detection capabilities, we design specific textual prompts for each
task. The model handles a wide spectrum of region-based tasks that output bounding boxes, including
Object Detection, Text Grounding, Scene Text Detection, and Document Layout Analysis. Furthermore, it
supports fine-grained localization tasks such as Pointing, which outputs specific coordinate points. For complex
referring and interactive tasks like Phrase Grounding and GUI Grounding, the framework flexibly predicts
either single/multiple boxes or points depending on the user’s intent. Within the prompt templates, [PHRASE]
represents a free-form natural language description, while [CATEGORIES] denotes a comma-separated list
of target category names. This unified prompting strategy enables the model to effectively bridge natural
language instructions with precise spatial coordinate decoding.

B.4. Data Statistics and Distribution

We analyze the statistical characteristics of the collected dataset. Tab. 10 summarizes the dataset statistics
across six domains. In total, the dataset contains over 139M queries with more than 22M negative samples.

Our dataset also exhibits strong multi-target grounding characteristics. The number of targets associated with
each query varies substantially across domains. As illustrated in Fig. 10, the distribution of targets per query
follows a long-tailed pattern: most queries correspond to a small number of targets, while a non-negligible
portion involve a large number of instances.

We further analyze the linguistic properties of the queries. As shown in Fig. 11, query length varies across
domains, reflecting different grounding paradigms and language patterns used to describe visual targets.

Overall, these statistics highlight the scale, diversity, and multi-target nature of our dataset, which together
provide a strong foundation for training models capable of handling heterogeneous visual domains and complex
language queries.
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Figure 10: Distribution of the number of targets per query across different domains. The x-axis shows the
number of targets associated with a query, while the y-axis (log scale) indicates the number of queries.
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Figure 11: Distribution of query length across domains. The x-axis represents the number of words in the target
description (excluding template text), and the y-axis (log scale) shows the number of queries.

C. Additional Experiments

C.1. Results on Pointing Tasks

To further evaluate the fine-grained spatial perception of our model, we benchmark LocateAnything-3B on
point-based localization tasks, where the model must predict a point that falls within the target’s bounding box
or segmentation mask. As detailed in Tab. 11, LocateAnything-3B (evaluated under Hybrid Mode) achieves
state-of-the-art results across a diverse suite of benchmarks.

It significantly outperforms contemporary vision-language models, including larger networks like OVIS2.5-
9B and point-centric specialists such as Rex-Omni-3B. Notably, our model scores 83.9 F1@Point on COCO
and exhibits exceptional resilience in heavily packed environments, reaching 87.6 F1@Point on Dense200.
Furthermore, it demonstrates superior alignment of complex human intents to spatial regions, achieving
84.7 F1@Point on HumanRef and 91.0 F1@Point on the RefCOCOg test set. These results underscore the
effectiveness of our box-aligned training paradigm and the massive scale of LocateAnything-Data in establishing
precise geometric alignments, extending seamlessly to point-based generation.

C.2. Comprehensive Performance Across Decoding Modes

In this section, we provide a detailed breakdown of LocateAnything’s performance across its three on-demand
decoding modes: Fast, Hybrid, and Slow. These modes allow for a dynamic trade-off between geometric
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Table 11: Performance evaluation for the object pointing task across a diverse range of benchmarks (COCO,
LVIS, Dense200, VisDrone, RefCOCOg, HumanRef). F1-scores are used as the primary metric. The results of
the Hybrid Mode are reported here.

Method COCO LVIS Dense200 VisDrone | HumanRef RefCOCOgval RefCOCOg test
Fl@Point Fl@Point | F1@Point Fl@Point | F1@Point F1@Point F1@Point

OVIS2.5-2B 73.4 52.8 36.4 23.8 72.5 83.1 83.1
Qwen2.5-VL-3B 65.9 48.3 4.3 13.9 64.1 77.4 77.8
Qwen2.5-VL-7B 61.1 56.5 2.0 14.2 65.1 78.9 79.4
OVIS2.5-9B 72.6 61.7 35.0 18.8 62.3 85.0 84.5
Molmo-7B-D 77.3 40.3 33.1 29.2 70.0 83.7 83.6
SEED1.5-VL 78.2 70.7 72.1 56.7 83.1 83.6 84.2
Rex-Omni-SFT-3B 76.0 66.7 72.9 49.5 82.1 83.3 83.9
Rex-Omni-3B 80.5 70.8 82.5 58.9 83.8 84.7 85.1
LocateAnything-3B 83.9 76.6 87.6 60.4 84.7 91.3 91.0

Table 12: Comprehensive performance of our Fast, Hybrid, and Slow configurations across multiple visual
tasks. Throughput (measured in Boxes Per Second, BPS) is reported in the header for each mode. For general
detection (COCO, LVIS), we report Average Precision (AP), Average Recall (AR), and F1@mloU. For other tasks,
we report the primary comprehensive metric (e.g., Fl@mloU, F1@mloU, Avg Acc).

) Fast Model Hybrid Model Slow Model
Task Group Dataset Metric
(15.3 BPS) (12.7 BPS) (4.3 BPS)
P@mIoU 58.9 60.8 60.8
COCO R@mloU 46.8 49.7 50.3
Fl@mloU 52.2 54.7 55.1
) P@mIoU 64.3 68.4 68.0
Detection
LVIS R@mloU 37.1 40.3 42.8
Fl@mloU 47.0 50.7 52.6
Dense200 Fl@mloU 46.8 61.3 61.5
VisDrone Fl@mloU 34.4 39.8 40.2
HierText Fl@mloU 28.8 29.1 43.2
OCR ICDAR2015 Fl@mloU 26.6 26.4 27.3
TotalText Fl@mloU 44 .4 44.6 47.5
SROIE Fl@mloU 38.8 39.3 64.4
DocLayNet Fl@mlIoU 67.2 77.7 80.4
Layout
M6Doc Fl1@mloU 64.1 70.5 69.7
GUI ScreenSpot-Pro Acc ‘ 59.7 60.3 60.5
HumanRef Fl@mloU 66.8 78.5 79.1
Referring RefCOCOg val Fl@mloU 70.8 73.4 72.4
RefCOCOg test Fl@mlIoU 72.5 74.8 73.8
COCO F1@Point 83.1 83.9 84.8
.. LVIS F1@Point 74.4 76.6 76.9
Pointing .
Dense200 Fl@Point 89.4 87.6 88.3
VisDrone F1@Point 58.1 60.4 61.3

precision and inference latency, as summarized in Tab.
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C.3. Backbone Generalization

To examine whether Parallel Box Decoding (PBD) depends on a specific vision-language backbone, we instantiate
the same decoding design on Qwen3-VL-4B ( s ). Following the controlled setting used for
the ablation study in the main paper, this variant is trained exclusively on COCQO, isolating the effect of the
decoding formulation from large-scale data scaling. To examine whether Parallel Box Decoding (PBD) depends
on a specific vision-language backbone, we instantiate the same decoding design on Qwen3-VL-4B ( ,
). Following the controlled setting used for the ablation study in the main paper, this variant is trained
exclusively on COCO, isolating the effect of the decoding formulation from large-scale data scaling.

As shown in Tab. 13, PBD consistently improves the speed- Table 13: Backbone generalization.
accuracy trade-off on Qwen3-VL-4B. The Hybrid configuration  p.ckbone Decoding F1 BPS
improves COCO F1 from 50.8 to 52.0 while increasing through- X

put from 2.8 to 9.4 BPS. These results indicate that the benefits gnggﬁj{g TTngDa(SSTE\r/IVE):) ggg ig
of box-aligned parallel decoding are not tied to a particular Qwen3-VL-4B + PBD (Fast) 496 11.4

backbone architecture. Qwen3-VL-4B + PBD (Hybrid) 52.0 9.4

C.4. Mode Analysis and Throughput

Our on-demand decoding modes allow for a dynamic trade-off between geometric precision and inference
latency. (1) Slow Mode (Next-Token Prediction): Utilizing standard autoregressive generation, this mode
consistently establishes the upper bound for localization accuracy (e.g., peak F1@mloU of 55.1 on COCO and
79.8 on DocLayNet). By processing tokens sequentially, it maintains superior spatial awareness and robust
handling of dense object clusters. (2) Fast Mode (Multi-Token Prediction): This mode maximizes inference
throughput to 15.3 BPS by predicting full geometric elements in parallel. While it incurs slight accuracy drops
in complex or highly dense scenarios, its high-velocity output makes it ideal for real-time applications. (3)
Hybrid Mode (Adaptive Decoding): Serving as the optimal choice for production pipelines, this mode defaults
to parallel decoding and selectively falls back to autoregressive generation only when spatial ambiguity or
format irregularities are detected. Operating at a highly competitive 12.7 BPS, it preserves the speed gains of
parallelization while maintaining precise outputs.

C.5. Experimental Setup

To ensure transparency and reproducibility, all performance metrics are reported under specific configurations.
For Throughput Benchmarking, all values, measured in Boxes Per Second (BPS), were evaluated specifically
on the COCO dataset to provide a consistent baseline for speed comparison. Regarding Input Resolution,
images for the COCO and LVIS benchmarks were resized with the short side set to 840 pixels. For all other
benchmarks, the model was evaluated using the original resolution of the source data.
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C.6. Qualitative Comparisons
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Figure 12: Qualitative comparison on Referring Expression Comprehension (REC). Compared to Qwen3-VL
and Rex-Omni, LocateAnything demonstrates superior compositional grounding capabilities. It accurately
aligns nuanced, free-form human intents (e.g., spatial or attribute-based queries) with correct visual regions.

23



LocateAnything: Fast and High-Quality Vision-Language Grounding with Parallel Box Decoding

Dense Object Detection
.9

6round Truth Rex-Omni LocateAnything o

Figure 13: Qualitative comparison on Dense Object Detection (DOD). This figure illustrates performance in
highly dense and heavily overlapping environments, such as stacked logs and abacus beads. While traditional
token-by-token generation models (Qwen3-VL) and point-based models (Rex-Omni) suffer from severe omissions
or spatial ambiguity (blurring boundaries between adjacent objects), LocateAnything maintains compact,
well-separated, and highly accurate bounding boxes. This confirms the effectiveness of our block-level intra-
attention and dense-aware Stage-2 training.
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Optical Character Recognition
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Figure 14: Qualitative comparison on Optical Character Recognition (OCR). For scene text (e.g., magazine
covers) and structured documents (e.g., tables), LocateAnything yields tightly bounded boxes around text
elements. The baseline models frequently exhibit format irregularities or merge distinct text blocks. Our
parallel decoding, combined with the Hybrid Mode fallback for complex spatial layouts, ensures high-precision
localization without sacrificing structural coherence.
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