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Abstract

Object detection has long been dominated by coordinate
regression-based models. Although recent efforts have at-
tempted to leverage MLLMs to tackle this task, they face
challenges like duplicate prediction and coordinate mis-
alignment. We bridge this gap and propose Rex-Omni, a
3B-scale MLLM that achieves SOTA object perception per-
formance. On benchmarks like COCO, Rex-Omni attains
performance comparable to or exceeding regression-based
models (e.g. DINO, Grounding DINO). This is enabled by
three key designs: 1) Task Formulation: We use learnable
quantized coordinate tokens to represent predicted coordi-
nates, simplifying learning and enhancing token efficiency.
2) Data Engines: We construct specialized data engines
to generate over 13 million high-quality, semantically rich
annotations for grounding, referring, pointing and OCR
tasks; 3) Training Pipelines: we employ a two-stage train-
ing process: large-scale SFT on 22 million data, followed
by GRPO-based RL post-training, which uses geometry-
aware rewards to both mitigate SFT-induced behavioral de-
ficiencies and improve coordinate accuracy. Beyond stan-
dard detection, Rex-Omni’s inherent language understand-
ing enables a wide range of versatile capabilities, includ-
ing object referring, pointing, GUI grounding, OCR, and
more. We believe that Rex-Omni can pave the way for more
versatile and language-aware visual perception systems.
Code is available at https://github.com/IDEA—
Research/Rex—0Omni.

1. Introduction

Object detection [4, 15, 40, 58, 60, 66, 69, 81, 83] has
long been a foundational task in Computer Vision for its
broad applications. The field has progressed from early

This work was done during Qing, Junan’s internship and Xinyu’s aca-
demic visit at IDEA. T Corresponding author. ¥Project Lead.

Challenges between Detectors and MLLMs
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Figure 1. Detectors excel in localization but are weak in language
understanding, while MLLMs are strong in language but struggle
with precise localization.

CNN-based architectures, such as YOLO [59] and Faster
R-CNN [60], to Transformer-based models like DETR [4]
and DINO [81], while the task itself has evolved from tradi-
tional closed-set detection to open-set detection [9, 20, 32,
39, 48, 48] to better handle emerging real-world challenges.

A key objective in object detection is to identify any
object. A prevalent approach is open-vocabulary detec-
tion, where models like Grounding DINO [39] leverage
text encoders (e.g. BERT [26], CLIP [56]) to perform
category-level open-set detection. However, these meth-
ods are constrained by a relatively shallow language under-
standing, which limits their ability to handle complex se-
mantics. As shown in Figure 1, Grounding DINO fails to
distinguish “red apple” from all apples, highlighting an in-
herent limitation in their language comprehension. In con-
trast, MLLM [1, 7, 12, 30, 44, 49, 68, 70, 72] benefit from
the strong language understanding capabilities of LLMs,
presenting a promising path for integrating advanced lan-
guage comprehension into object detection. A common ap-
proach [2,5,16,21,24,46,71,77,79, 82, 85] is to represent
coordinates as discrete tokens [6] and predict coordinates
through next-token prediction. While conceptually elegant,
existing methods have rarely matched the performance of
traditional regression-based detectors. As shown in Figure
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Figure 2. We introduce Rex-Omni, a 3B-parameter MLLM with strong visual perception capabilities.

1, even advanced MLLMs like Qwen2.5-VL [2] struggles
with precise object localization.

We argue this performance disparity arises from two core
challenges. Firstly, MLLMs treat coordinate prediction as
a discrete classification task with cross entropy loss as su-
pervision. This contrasts with traditional regression-based
models that use geometry-aware losses (e.g., L1, GloU)
sensitive to small geometric offsets. This classification ap-
proach creates a significant learning difficulty, where even
minor pixel misalignments can lead to disproportionately
large losses, hindering precise localization. This necessi-
tates strategies to ease coordinate learning complexity and
demands extensive data to learn the token-to-pixel mapping.

Secondly, MLLMs commonly employ Supervised Fine-
tuning (SFT) for teacher-guided training [54]. While effi-
cient, this creates a mismatch between training and infer-
ence, as the model is never exposed to its own, potentially
imperfect predictions. This lack of exposure to autonomous
generation scenarios prevents the model from developing
robust behavioral awareness. Consequently, during infer-
ence without direct guidance, it often struggles to regulate
its output structure, leading to anomalous behaviors like du-
plicate predictions or object omissions. Addressing these
two intertwined challenges is crucial for advancing MLLM-
based object detection.

To overcome these limitations, we propose Rex-Omni,
a 3B-scale MLLM that achieves competitive performance
with traditional detectors while excelling in language un-
derstanding. We address the aforementioned challenges
through three core design principles:

» Task Formulation: We unify visual perception tasks un-
der a coordinate prediction framework by generating co-

ordinate sequences. We adopt a quantized coordinate
representation, mapping each coordinate value to one of
1,000 learnable discrete tokens.

e Data Engines: To facilitate learning the token-to-pixel
mapping and foster robust language comprehension, we
design specialized data engines for grounding, referring,
pointing and OCR tasks. These engines generate seman-
tically rich data essential for coordinate prediction.

e Training Pipelines: We adopt a two-stage training
paradigm. Firstly, we perform SFT on 22 million data
to teach basic coordinate prediction skills. Secondly, we
apply GRPO-based [64] RL post-training with geometry-
aware rewards to enhances coordinate precision and mit-
igates undesirable behaviors (e.g., duplicate predictions)
that arise from the teacher-guided nature of SFT.

After this two-stage training, Rex-Omni achieves supe-
rior performance across a diverse range of perception tasks,
all through direct coordinate prediction (see Figure 2). To
quantitatively assess its performance, we first evaluate Rex-
Omni on the COCO benchmark [34]. In a zero-shot set-
ting, Rex-Omni surpasses traditional regression-based mod-
els (e.g., DINO [81], Grounding DINO [39]) and other
MLLMs (e.g., SEED1.5-VL [16]) in Fl-score. We then
evaluate it across eight different perception tasks and this
strong performance also extends to other benchmarks.

Rex-Omni consistently outperforms both traditional de-
tectors and other MLLMs, establishing a unified frame-
work that effectively combines precise localization with ro-
bust language understanding. We demonstrate that MLLMs
have the profound potential to define the next generation of
object detection models, offering unprecedented versatility
and a truly language-aware approach to visual perception.
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2. Related Work

Regresson-based Object Detection Methods. Object de-
tection has long been dominated by regression-based meth-
ods, which predict bounding box properties (e.g. cen-
ter coordinates and dimensions). This field has evolved
significantly, from early anchor-based CNN models like
YOLO [59] and Faster R-CNN [60], to anchor-free ap-
proaches such as FCOS [69]. A major paradigm shift oc-
curred with Transformer-based detectors like DETR [4],
which reframed detection as a direct set prediction problem,
with subsequent models like DINO [81] enhancing perfor-
mance. The continuous improvement of these detectors has
also been fueled by crucial innovations in architecture (e.g.,
FPN [35]), loss functions (e.g., Focal Loss [36]).

Open-set Object Detection Methods. The goal of
open-set object detection is to identify arbitrary object cat-
egories without task-specific fine-tuning. The prevalent ap-
proach is text-prompted open-vocabulary detection [9, 14,
25, 32, 39, 61], which leverages vision-language models
like CLIP [55] to align text descriptions with visual regions,
achieving impressive zero-shot recognition. To handle rare
or hard-to-describe objects, visual prompts [19, 23, 27] have
also been introduced, using visual examples (e.g., boxes or
points) for recognition. Recent models like T-Rex2 [23]
also combine both text and visual prompts to enhance per-
formance. However, as discussed previously, these open-set
detectors are fundamentally constrained by the relatively
shallow language understanding, which limits their ability
to interpret complex, context-rich descriptions.

MLLM-based Object Detection Methods. To over-
come the shallow language understanding of traditional
open-set detectors, a promising direction is to leverage
Multimodal Large Language Models (MLLMs) for object-
level perception. The core idea is to reframe object detec-
tion as a language modeling task by representing bound-
ing box coordinates as a sequence of discrete, quantized
tokens [2, 5, 6, 16, 51, 71, 77-79]. While this elegantly
unifies detection with the native capabilities of LLMs, ex-
isting methods often struggle with fine-grained spatial pre-
cision, suffering from low recall, coordinate drift, and du-
plicate predictions.

3. Task Formulation

In this section, we present Rex-Omni’s task formulation de-
sign, covering its coordinate representation, the specific out-
put formats for different tasks, and its model architecture.

3.1. Coordinate Representation

MLLM-based approaches for coordinate prediction can be
categorized into three paradigms: 1) Direct Coordinate
Prediction, where coordinates are treated as discrete tokens
and directly predicted [5, 71, 77, 79, 82]; 2) Retrieval-

based Methods, where the LLM predicts the index of a
predefined proposal [21, 22, 24, 46]; and 3) External De-
coders, where the LLM’s outputs are passed to an exter-
nal module for final coordinate generation [29, 42, 73, 80].
We adopt the direct coordinate prediction strategy for Rex-
Omni, motivated by its simplicity and end-to-end nature.

Within the direct prediction paradigm, variations in-
clude: 1) Relative coordinates with special tokens (e.g.
Pix2Seq [6]), where each quantized coordinate (0-999) is
a single special token; 2) Relative coordinates without spe-
cial tokens (e.g. SEED1.5-VL [16]), where each quantized
coordinate is represented by multiple digit tokens; and 3)
Absolute coordinates (e.g. Qwen2.5-VL [2]), where coor-
dinates are directly tokenized into individual digits without
quantilization. We choose the first approach for two pri-
mary reasons: 1) Relative coordinates reduce learning com-
plexity by confining the task to a 1,000-class classification
problem. 2) Special tokens are highly token-efficient, rep-
resenting a bounding box with only four tokens versus 15+
tokens in other schemes.

3.2. Input Format

Rex-Omni adopts a unified text-based interface for all vi-
sual perception tasks. Each task is expressed as a natural
language query that specifies the target objects to be identi-
fied in the image.

Text Prompts. For most tasks, the model receives an im-
age paired with a text prompt. The prompt can describe sin-
gle or multiple targets, with multiple targets concatenated
by commas. For instance, a multi-object detection query
can be formatted as: “Please detect pigeon, person, truck,
snow in this image. Return the output in box format.” We
design distinct query templates to guide the model for dif-
ferent perception tasks.

Visual Prompts. While text prompts are highly gen-
eralizable, they struggle with objects that are rare or diffi-
cult to describe linguistically [20]. To address this, Rex-
Omni also supports visual prompting, allowing users to
provide bounding boxes as input. Unlike existing meth-
ods [19, 23, 61] that treat visual prompting as a feature-
matching problem, Rex-Omni maintains its unified text-
based interface. A visual prompt is first converted into
quantized coordinate tokens. The model is then guided
by natural language instructions to identify all objects of
the same category. For example: “Given visual prompt
{objectl: [<12><412><339><568>]}, detect the rest.”

3.3. Output Format for Each Task

The output for each visual task is uniformly represented as
a structured token sequence, organized as:
<|object._ref_start |>PHRASE<|object_ref_end]|>
<lbox_start |>COORDS< |box_end|>
Here, PHRASE is the object category or description, and CO-
ORDS is the coordinate sequence. We retain the original special
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tokens from our base model, Qwen2.5-VL-3B, for this demarca-
tion. The COORDS format varies by task. For tasks involving
boxes (e.g., object detection), COORDS is a sequence of [x0, yO,
x1, y1] coordinates, such as <12><42><512><612>. For tasks
involving points (e.g., object pointing), it is a sequence of [x0,
yO0] pairs, like <100><150>. For polygons (e.g., OCR), it is a
sequence of vertices, e.g., <10><20>. . .. For multi-phrase de-
tection, outputs are concatenated with commas.

3.4. Model Architecture

Rex-Omni is built upon the Qwen2.5-VL-3B [2] model with min-
imal architectural modifications. Specifically, we repurpose the fi-
nal 1,000 vocabulary tokens in Qwen2.5-VL to serve as dedicated
special tokens, each representing a quantized coordinate value.

4. Training Data

To equip Rex-Omni with both precise coordinate prediction capa-
bilities and strong language understanding, we utilize two sources
of training data: publicly available datasets and automatically an-
notated data generated by our custom-designed data engines.

4.1. Public Datasets

We leverage a diverse range of publicly available datasets to train
Rex-Omni across numerous subtasks. For each task, we defined
a set of question templates to construct corresponding question-
answer (QA) pairs. In total, approximately 8.9 million public data
samples were utilized. Details are available in the Appendix.

4.2. Data Engines

Training Rex-Omni to learn a fine-grained mapping between its
1,000 quantized coordinate tokens and the continuous pixel space
requires a massive volume of high-quality data, exceeding what is
available in public datasets. Furthermore, existing datasets often
lack the instance-level semantic richness (e.g., referring expres-
sions) needed for robust language grounding. To address these
limitations, we developed a dedicated suite of data engines to
generate large-scale, high-quality training data tailored for fine-
grained spatial reasoning and language grounding.

4.2.1. Grounding Data Engine

Our Grounding Data Engine follows a common strategy [9, 20, 52,
61, 62] of generating image captions, extracting noun phrases, and
using a grounding model to assign bounding boxes. However, dis-
tinguishing from prior works, we introduce a crucial Phrase Filter-
ing stage to enhance annotation quality. Our four-stage pipeline is
as follows: 1) Image Captioning: Generate descriptive captions
using Qwen2.5-VL-7B given an input image. 2) Phrase Extrac-
tion: Extract noun phrases (e.g. lemon, green lemon) using NLP
tool SpaCy. 3) Phrase Filtering: To minimize ambiguity, we re-
move phrases with descriptive attributes, retaining only base class
names (e.g. lemon is kept, green lemon is discarded). This is mo-
tivated by the limited language understanding of current ground-
ing models. For instance, when prompted with “green lemon”,
these models often detect all lemons in the image, regardless of
their color, which introduces significant labeling errors. 4) Phrase
Grounding: Use an open-vocabulary detector DINO-X [61] to as-
sign bounding boxes to the filtered phrases. This engine processes

images from COYO [3] and SA-1B [27] after rigorous preprocess-
ing, yielding a curated dataset of approximately 3 million images
with high-quality grounding annotations.

4.2.2. Referring Data Engine

To generate semantically rich referring data (e.g., “a man in a yel-
low shirt”) at scale, we designed a fully automated Referring Data
Engine, overcoming the scalability limitations of manual annota-
tion methods like HumanRef [24]. Our four-stage pipeline is as
follows: 1) Expression Generation: We prompt Qwen2.5-VL-
7B with images and category labels to generate natural, human-
like referring expressions. 2) Pointing: For each expression,
Molmo [12] is used to predict a corresponding spatial point. 3)
Mask Generation: SAM [27] generates a mask for each ground-
truth bounding box. 4) Point-to-Box Association: Each predicted
point is aligned with a SAM-generated mask: if a point lies within
a mask, the corresponding bounding box is linked to the referring
expression. This engine processes images from 0365 [63], Open-
Images [28], COYO and SA-1B, yielding approximately 3 million
images with automatically generated referring annotations.

4.2.3. Other Data Engines

Beyond grounding and referring data, we developed two additional
lightweight data engines: 1) Pointing Data Engine: To generate
point-level supervision, we adopt a geometry-aware strategy that
converts existing bounding box annotations into precise point an-
notations. Given a box, we first obtain its mask via SAM [27],
then compute a candidate point from the minimum-area enclosing
rotated rectangle of the mask. This process yields approximately
5 million point-level samples. 2) OCR Data Engine: We uti-
lize PaddleOCR to annotate images from the COYO dataset [3].
This engine extracts both polygonal boundaries and text transcrip-
tions, and also computes corresponding bounding boxes, resulting
in approximately 2 million OCR-annotated samples

In total, combining publicly available datasets with data gener-
ated from our data engines, we amassed a training set of 22 million
high-quality annotated images.

5. Training Pipelines

We employ a two-stage training strategy. In the first stage, Su-
pervised Fine-Tuning is performed on 22 million annotated sam-
ples using a teacher-guided training approach, enabling the model
to acquire fundamental coordinate prediction capabilities. In
the second stage, we apply reinforcement learning based on the
GRPO framework, which further refines the model’s performance
by combining geometry-aware rewards with behavior-aware op-
timization, thus addressing the limitations of the SFT stage and
enhancing overall prediction quality.

5.1. Stagel: Supervised Fine-Tuning

Since the model predicts coordinates in the form of quantized to-
kens ranging from 0 to 999, it must first learn how to accurately
map these discrete values back to continuous pixel locations within
the image. This corresponds to a 1,000 way classification problem
over spatial positions, which requires substantial supervision to
achieve reliable performance. Therefore, we begin training with
a teacher-guided supervised fine-tuning stage on large-scale anno-
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basic coordinate prediction, followed by a GRPO-based RL stage
that corrects behavioral issues using geometry-aware rewards.
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tated data, enabling the model to acquire the fundamental ability
to interpret and predict spatial coordinates.

5.2. Stage2: Reinforcement Post-Training
5.2.1. Limitations of SFT

While SFT allows the model to quickly acquire basic coordinate
prediction capabilities by leveraging massive amounts of labeled
data, it presents two key limitations:

Geometric Discretization Issue. Using CE loss for coordi-
nate prediction introduces a discretization problem. Coordinates
are represented as vocabulary tokens (from <0> to <999>), and
the model is trained to classify each token exactly. However, this
formulation is misaligned with the continuous nature of geometry
in spatial tasks. For example, if the ground-truth token is <33> but
the model predicts <32 >, the difference in pixel space may be neg-
ligible, yet the CE loss penalizes it as a completely incorrect pre-
diction. Conversely, if the ground truth is <0><0><100><100>
but the model predicts <0><0><100><1000>, only one token
is misclassified. In this case, the CE loss remains relatively small,
even though the resulting bounding box is severely misaligned.

Behavioral Regulation Deficiency. In the SFT stage, teacher-
forced training relies on full ground-truth sequences for efficient
parallel learning. This setup fixes the number of predicted boxes to
the ground-truth count, preventing the model from autonomously
learning how many objects to predict. Consequently, during infer-
ence the model often fails to regulate output quantity, leading to
two typical errors: /) predicting fewer boxes than required (missed
detections), or 2) predicting more boxes than necessary (repetitive
detections with identical or slightly shifted coordinates). These
behaviors reflect the model’s lack of effective output regulation.

5.2.2. GRPO-based Post-Training

To address the geometric and behavioral limitations of SFT, we
adopt a reinforcement post-training strategy based on GRPO [64].
GRPO enables the model to explore its output space and im-
prove through reward-guided optimization. Given an input im-
age and prompt (I, z), the model samples G complete responses
{01, ...,0¢} from its policy mg. For each output 0;, we compute
a scalar reward r; and normalize it to obtain the relative advantage:

r; —mean(ri,...,rq)
std(rl, e ,rg)
Through this formulation, we can mitigate SFT’s limitations by
using geometry-aware rewards for spatial alignment and allowing

variable-length outputs to penalize repetition.

A=

1)

Geometry-aware Rewards. To provide informative feedback, we
design three geometry-aware reward functions.

Box IoU Reward. For tasks requiring bounding boxes (e.g.,
object detection), this reward encourages both accurate localiza-
tion and correct category alignment. Given predicted boxes B and
ground-truth boxes B*, we perform a ground-truth-guided match-
ing where for each ground-truth box b3, we find its highest ToU-
matched predicted box bi. If the category labels match, a reward
r; equals to their IoU is assigned; otherwise, r; = 0. The final re-
ward is an F1-style score computed from the recall and precision:

9. (Z;;E Tj) . (Z_l?;*llrj)
IoU
"= (z;:l rj) N (z;-’;l n) @
|B| [B*|

Point-in-Mask Reward. For tasks like object pointing, this re-
ward evaluates if a predicted point lies within the target object’s
mask. For each ground-truth box, we first generate a segmentation
mask using SAM [27]. A reward of 1 is assigned if a predicted
point with the correct category falls within this mask; otherwise,
the reward is 0. The final reward is also an F1-style score com-
puted from these binary rewards.

Point-in-Box Reward. For GUI grounding, this is a simple bi-
nary reward. A reward of 1 is assigned if the predicted point falls
within the target Ul element’s ground-truth bounding box; other-
wise, the reward is 0. This encourages precise interaction.

We sample 66K data from the SFT stage to serve as training
data for the GRPO stage. More details are listed in Appendix.

6. Experiments

Evaluation Benchmarks.We evaluate Rex-Omni across a diverse
range of visual perception tasks to demonstrate its versatility. Our
evaluation begins with object detection tasks, including common
object detection on COCO [33], long-tailed object detection on
LVIS [17], and dense and tiny object detection on VisDrone [13]
and our manually collected Dense200 dataset (Detailed in Ap-
pendix). We further assess its capabilities in tasks requiring deeper
language understanding and fine-grained localization. These in-
clude Referring Object Detection on RefCOCOg [47] and Hu-
manRef [24], Visual Prompting on FSC147 [57] and other de-
tection benchmarks, and Object Pointing across a consolidated
set of datasets. We also evaluate performance on several special-
ized grounding tasks: GUI Grounding on ScreenSpot-V2 [75] and
ScreenSpot-Pro [31], Layout Grounding on DocLayNet [53] and
M6Doc [8] and OCR on a collection of three datasets.

Evaluation Metrics. We primarily use F1-score as the eval-
uation metric for detection tasks, reporting results at IoU thresh-
olds of 0.5, 0.95, and the mean IoU (mloU). Since many MLLMs
lack reliable confidence scores, this provides a fairer comparison
than Average Precision (AP). Specific metrics for other tasks are
as follows: 1) Object Pointing: F1 @Point, a F1-like metirc where
a true positive is defined as a predicted point falling within the
SAM-generated segmentation mask of a ground-truth box. 2) GUI
Grounding: Accuracy, where a prediction is correct if the point
falls within the target’s ground-truth bounding box. 3) Visual
Prompting: In addition to F1-score, Mean Absolute Error (MAE)
is used to evaluate object counting ability.
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Common Object Detection Long-tailed Object Detection
Score COCO LVIS
Type Method Zero-Shot  pp esh. —p FI@LU Fl@LU Fl@ |FlGhU Flehy Fl@
0.5 0.95 mloU 0.5 0.95 mloU
Faster RCNN-R50 [60] No 0.42 38.4 60.6 7.1 48.1 - - -
DETR-R50 [4] No 0.78 41.5 65.9 13.6 48.3 - - -
DyHead-R50 [11] No 0.24 459 66.1 15.0 51.3 - - -
Closed-set DAB-DETR-R50 [38] No 0.31 44.4 67.1 13.4 50.2 - - -
Deformable-DETR-R50 [86] No 0.34 49.4 69.7 17.7 54.7 - - -
DINO-R50 [81] No 0.30 517 688 211 55.6 . . .
DINO-Swin-L [81] No 0.32 59.6 75.6 254 62.1 - - -
Open-set  Grounding DINO-Swin-T [39] ‘ Yes 0.37/0.21 | 51.5 69.8 23.0 56.6 47.7 22.7 38.8
DeepSeek-VL2-Tiny [74] UNK - - 38.2 8.1 26.3 32.0 11.2 21.2
OVIS2.5-9B [44] UNK - - 51.6 8.2 34.6 53.1 14.4 35.8
Mimo-VL-7B [67] UNK - - 56.5 6.7 35.9 49.5 8.8 31.4
OVIS2.5-2B [44] UNK - - 56.2 10.3 38.7 54.4 15.8 37.4
MLLM DeepSeek-VL2-Small [74] UNK - - 60.9 14.9 459 56.2 21.0 41.8
Qwen2.5-VL-7B [2] UNK - - 64.0 12.6 45.7 57.7 17.6 40.2
Qwen2.5-VL-3B [2] UNK - - 64.7 15.0 47.6 55.8 19.3 40.3
SEED1.5-VL [16] Yes . - 713 143 514 65.6 19.5 46.7
Rex-Omni-SFT Yes - - 68.2 15.8 50.4 60.3 20.7 442
Rex-Omni Yes - - 72.0 15.9 529 64.3 20.7 46.9

Table 1. Evaluation results on the COCO and LVIS bencharmsk. “UNK?” signifies that the information was not reported in the papers.

Dense Object Detection Referring Object Detection
Type Method Score Dense200 VisDrone HumanRef RefCOCOg test
P Thresh. | FI@IoU Fl@IoU Fl@IoU | FiI@IoU Fl@IoU Fl@IoU | FI@loU Fl@IoU Fl@IoU | Fl@loU Fl@IoU Fl@IloU

0.5 0.95 mloU 0.5 0.95 mloU 0.5 0.95 mloU 0.5 0.95 mloU

Open-set  Grounding DINO-T 0.25 36.9 19.7 33.1 55.2 39 38.5 28.0 16.5 25.2 52.9 20.9 45.9
DeepSeek-VL2-T - 2.2 0.3 1.5 43 0.1 1.8 39.1 16.9 314 69.3 16.9 52.1
OVIS2.5-9B - 14.0 0.0 5.1 15.8 0.1 6.5 73.1 12.4 52.8 88.7 242 72.6

OVIS2.5-2B - 17.9 0.0 6.7 21.0 0.1 9.2 70.6 12.3 50.0 87.6 30.5 73.8

MiMo-VL-7B - 29.7 0.4 15.9 27.7 0.3 143 77.6 26.4 63.4 84.6 14.9 65.5

MLLM Qwen2.5-VL-3B - 0.8 0.1 0.5 315 1.9 204 66.7 46.8 60.5 83.8 31.8 70.1
Qwen2.5-VL-7B - 1.1 0.1 0.6 345 1.6 21.7 72.9 429 64.1 85.7 28.4 70.4
DeepSeek-VL2-S - 16.0 39 12.7 35.8 1.7 233 72.0 46.5 64.7 91.8 47.0 81.6
SEEDI1.5-VL - 76.9 53 532 559 0.6 274 88.2 60.0 81.6 85.2 32.1 73.2
Rex-Omni-SFT - 60.2 10.6 46.4 55.6 1.9 324 833 643 77.9 85.2 352 72.4

Rex-Omni - 78.4 10.3 58.3 61.6 1.5 35.8 854 65.4 79.9 86.8 36.6 74.3

Table 2. Evaluation results on dense object detection benchmarks and referring object detection benchmarks.

Evaluation Settings. We evaluate two variants: Rex-Omni-
SFT, which undergoes only the first stage of supervised fine-
tuning, and the full Rex-Omni model, which undergoes both SFT
and the subsequent GRPO-based reinforcement post-training. We
compare them against three baseline types: closed-set detector,
open-set detector, and other MLLMs. For closed-set detectors, we
input images and retain only the predicted bounding boxes whose
categories match the ground-truth (GT) labels in each image. For
open-set detectors, we provide all GT categories as text prompts
and keep the corresponding results. For MLLMs, we adopt two
prompting strategies: (1) querying one GT category at a time (e.g.,
“Detect dog in this image”), and (2) querying all GT categories
simultaneously (e.g., “Detect dog, cat, person in this image”). Al-
though the latter is more practical in real-world scenarios, most
MLLMs exhibit a performance drop when handling multiple cat-
egories simultaneously. Therefore, except for SEED1.5-VL, Rex-
Omni-SFT and Rex-Omni, we use the single-category strategy.

6.1. Evaluation Results

Common and Long-tailed Object Detection. The results are pre-
sented in Table 1. On COCO, Rex-Omni surpasses leading tradi-
tional open-set and closed-set detectors (e.g., Grounding DINO,
DINO-R50) at an IoU of 0.5. Crucially, Rex-Omni achieves this

in a zero-shot setting (without training on COCO data), thereby
indicating that MLLM-based detection methods can indeed sur-
pass traditional regression-based models in scenarios where pre-
cise bounding box localization is not critical. On the long-tailed
LVIS benchmark, MLLMs generally exhibit an advantage over
traditional open-set detectors, leveraging their stronger linguistic
reasoning for better generalization to rare categories. Rex-Omni
shows competitive performance, achieving SOTA mloU perfor-
mance, which reflects its superior bounding box precision. Across
both benchmarks, the consistent improvement from Rex-Omni-
SFT to the full Rex-Omni model validates the effectiveness of our
GRPO-based post-training.

Dense and Tiny Object Detection. As shown in Table 2, most
MLLMs, including our SFT-only variant, struggle with dense and
tiny object detection. We identify two critical failure modes in
all MLLMs: large-box prediction (a single box covering multi-
ple objects) and structured duplicate predictions (repetitive coor-
dinates). We attribute these issues to the teacher-forced nature
of the SFT stage, which prevents the model from learning to au-
tonomously regulate its output structure. While the full Rex-Omni
model shows significant improvement, a detailed analysis of how
our GRPO-based post-training mitigates these SFT-induced defi-
ciencies is presented in Section 6.2.

25477



Type Method Score FSC147-test COoCco LVIS
Thresh. | F1@IoU Fl@loU Fl@IoU
mloU MAE mloU MAE mloU MAE
BMNet+ [65] 14.6
Counting ~ CountTR [37] 12.0
DAVE [50] - 8.7 - -
Open-set ~ T-Rex2[20] | 03 | 733 109 | 578 40 | 588 34
Rex-Omni-SFT 64.6 7.8 58.4 1.7 56.0 1.7
MLIM R ex-Omni 628 70 613 45 | 520 52

Table 3. Evaluation results on the visual prompting task.

Method ‘ COCO LVIS ‘ Dense200  VisDrone ‘ HumanRef RefCOCOg test
| Fl@Point F1@Point | FI@Point FI@Point | F1@Point Fl@Point
OVIS2.5-2B 734 52.8 36.4 23.8 72.5 83.1
Qwen2.5-VL-3B 65.9 48.3 4.3 13.9 64.1 778
Qwen2.5-VL-7B 61.1 56.5 2.0 142 65.1 79.4
OVIS2.5-9B 726 61.7 350 18.8 62.3 845
Molmo-7B-D 71.3 40.3 33.1 292 70.0 83.6
SEED1.5-VL 78.2 70.7 72.1 56.7 83.1 84.2
Rex-Omni-SFT 76.0 66.7 729 495 82.1 83.9
Rex-Omni 80.5 70.8 82.5 58.9 83.8 85.1

Table 4. Evaluation results on the object pointing task.

Output Method HierText [43] TotalText [10] SROIE [18]
Format Fl@loU Fl@IoU | Fl@IoU Fl@IoU | Fl@IoU Fl@IoU
0.5 mloU 0.5 mloU 0.5 mloU
PaddleOCRv5 | 452 30.5 402 257 777 58.6
BBOX SEEDI1.5-VL 27.1 12.0 35.0 19.5 51.9 28.1
Rex-Omni-SFT 235 13.7 38.1 25.0 46.5 28.6
Rex-Omni 459 28.0 56.6 40.6 720 44.8
PaddleOCRv5 41.5 26.3 ‘ 34.1 184 70.5 50.2
POLY Rex-Omni-SFT 432 26.2 50.3 25.7 73.8 39.7
Rex-Omni 40.2 20.2 528 25.6 60.3 19.2
Table 5. Evaluation results on the OCR task.
Score DocLayNet M6Doc
Type Method Thresh. [ FI@loU FI@IoU | Fl@loU Fl@IoU
0.5 mloU 0.5 mloU
Closed-Set  DocLayout-YOLO [84] ‘ 0.3 91.2 81.1 -
Qwen2.5-VL-3B 17.5 9.1 13.3 8.4
Qwen2.5-VL-7B 25.6 13.4 24.0 15.0
MLLM SEED1.5-VL 549 28.7 48.0 28.0
Rex-Omni-SFT 85.9 70.7 74.5 54.2
Rex-Omni 89.5 70.7 76.3 55.6

Table 6. Evaluation results on the layout grounding task.

Referring Object Detection. Results are shown in Table 2.
Open-set detection model notably struggles with this task, as evi-
denced by Grounding DINO’s consistent underperformance across
benchmarks. In contrast, MLLMs, leveraging their inherent strong
language understanding capabilities, consistently excel at this task.
On the challenging HumanRef benchmark, Rex-Omni achieves
competitive results, second only to commercial model SEED1.5-
VL, demonstrating that its 3B parameters provide sufficient lan-
guage understanding for effective REC in real-world scenarios.

Visual Prompting and Object Pointing. For the visual
prompting task (Table 3), despite simplifying the task into a text-
based coordinate prediction problem, Rex-Omni achieves highly
competitive performance, comparable to the specialist T-Rex2. In
the object pointing task (Table 4), Rex-Omni consistently outper-
forms other MLLMs across a range of scenarios, including dense
object scenes and referring expressions. Together, these strong re-
sults across two distinct, fine-grained localization tasks underscore
Rex-Omni’s strong task generalization capabilities.

OCR, Layout, and GUI Grounding. Rex-Omni also demon-
strates strong performance in structured scene understanding. For
OCR (Table 5), it achieves competitive results for both bounding
box (BBOX) and polygonal (POLY) outputs, significantly outper-

ScreenSpot-v2  ScreenSpot-Pro

Method } Ave Avg
Qwen2.5-VL-3B [2] 80.9 259
UI-R1-3B [45] 85.4 17.8
InfiGUI-R1-3B [41] - 35.7
JEDI-3B [76] 88.6 36.1
Rex-Omni-SFT 86.4 32.6
Rex-Omin-GRPO 88.4 36.8

Table 7. Evaluation results for GUI Grounding task.

Staget: SFT Stage2: GRPO

F1@mioU Score

16M  49M  82M  115M  147M  180M  223M 3K 10K

Training Data Volume

Figure 4. Model performance across different stages.

forming SEED1.5-VL and rivaling the specialized expert model
PaddleOCRVS in several key aspects. For Layout Grounding (Ta-
ble 6), Rex-Omni substantially outperforms other MLLMs. While
a performance gap remains compared to specialized closed-set
models, Rex-Omni’s inherent open-set capability allows it to gen-
eralize to unseen domains and novel layout structures, establish-
ing it as a more versatile solution. This strong performance also
extends to GUI Grounding (Table 7), where Rex-Omni achieves
SOTA comparable accuracy among models of a similar size.

6.2. In-depth Analysis of Rex-Omni

In this section, we conduct an in-depth analysis to investigate why
GRPO-based post-training is crucial for enhancing Rex-Omni’s
performance. We first show its performance trajectory during the
SFT and GRPO stages (Figure 4). During SFT, performance im-
proves steadily and eventually plateauing. In contrast, the GRPO
stage triggers a rapid performance jump with only a small num-
ber of training data. This suggests that GRPO’s primary role is
not simply continued learning, but rather unlocking the strong la-
tent capabilities already present in the SFT-trained model. GRPO
achieves this by reshaping model behavior through sequence-level,
reward-guided feedback. In the following sections, we delve
deeper into the specific mechanisms behind this improvement.

6.2.1. Behavioral Correction via GRPO

A key benefit of GRPO is its ability to correct behavioral deficien-
cies learned during SFT. We analyze two major error patterns:

Duplicate Predictions. SFT’s teacher-forced training prevents
the model from learning to avoid repetitive outputs. In contrast,
GRPO requires autonomous generation and penalizes repeated co-
ordinates with low rewards. To verify this, we analyzed and re-
moved duplicate predictions from both SFT and GRPO model out-
puts. As shown in Table 8, the SFT-only model’s performance im-
proved significantly after duplicate removal (e.g., +15.3% on Vis-
Drone), whereas the GRPO model showed minimal gains. This
indicates that GRPO effectively suppresses duplicate predictions,
a phenomenon visualized in Figure Sa.
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R COCo VisDrone

Do SFT [ GRPO SFT [ GRPO
P FI@0.5 Remov. | FI@0.5 Remov. | FI@0.5 Remov. | FI@0.5 Remov.
No | 682 - | 120 - | 556 - | 6l6 -
Yes | 700 123% | 726 008% | 623  153% | 621  01%

Table 8. Performance comparison of SFT and GRPO models be-
fore and after removing duplicate predictions. This highlights
GRPO'’s effectiveness in mitigating repetitive outputs.

Remove Dense200

Large box SFT GRPO
Fl@loU Fi@IoU Fl@IoU Remoy. Fl@loU Fi@IoU Fl@IoU Remov.
0.5 0.95 mloU 0.5 0.95 mloU
No 59.1 8.8 449 - 784 10.3 58.3 -
Yes 74.6 11.2 56.7 20.5% 81.8 9.4 60.0 3.5%

Table 9. Impact of large box prediction removal on F1-score for
SFT and GRPO models on the Dense200 dataset.

Stage | COoCo | LVIS | HumanRef

¢ FI@05 Fl@mloU | FI@05 Fl@mloU | FI@0.5 RFI@mloU
SFT | 80.5 630 | 742 566 | 852 60.0
GRPO | 8.1 635 | 750 569 | 864 61.2

Table 10. Impact of GRPO on coordinate precision. The table
reports F1-scores for instances where both models achieve consis-
tent ground-truth matching.

Rex-Omni-SFT

(a) Duplicate P:

-_—Aa

(b) Large-box Prediction

Figure 5. Visualization of the two failure modes.

Large-box Predictions. In dense scenes, SFT-trained models
often predict a single large box encompassing multiple objects.
We conducted an experiment on the Dense200 dataset, defining a
“large box” as a single prediction covering more than 95% area of
the image. As shown in Table 9, 20.5% of the SFT model’s predic-
tions were large boxes, and removing them significantly boosted
its performance. In contrast, only 3.5% of the GRPO model’s pre-
dictions were large boxes. This confirms that GRPO’s behavior-
aware optimization discourages such overly large predictions, a
failure mode visualized in Figure 5b.

6.2.2. Improvement in Coordinate Precision

We then validate whether GRPO’s geometry-aware rewards refine
coordinate precision over SFT’s cross-entropy loss. To do this, we
isolate the analysis to focus purely on coordinate precision. We fil-
ter for only “perfectly matched” predictions, which are instances
where both SFT and GRPO models predicted the same number of
boxes, each with a high IoU against its ground-truth. As shown in
Table 10, GRPO yields only modest gains over SFT in this con-
trolled setting (e.g., F1@mloU increases by just +0.5 on COCO

COCO

Method G100 Fl@loU Fl@IoU
05 0.95 mloU
SFT 682 158 50.4
GRPO 72.0 15.9 52,9
SFT-Sampling 72.6 16.8 54.0

Table 11. Impact of GRPO on the likelihood of sampling cor-
rect predictions. This table compares the Fl-scores (IoU=0.5,
IoU=0.95, mloU) of SFT, GRPO, SFT-Sampling on COCO,
dataset. It illustrates GRPO’s role in enhancing the probability
and inherent quality of correct outputs, and explores SFT’s poten-
tial under various sampling strategies.

and +0.3 on LVIS). This suggests that SFT alone is largely suf-
ficient for learning accurate coordinates. Therefore, we conclude
that GRPO’s primary advantage lies not in significantly boosting
raw coordinate precision, but in correcting the behavioral deficien-
cies discussed previously.

6.2.3. Elevating the Likelihood of Correct Predictions

Finally, we analyze if GRPO’s benefit comes from elevating the
sampling probability of correct predictions. We investigate the
idea that while SFT models can generate accurate coordinates, the
likelihood of sampling these optimal outputs is low, and GRPO’s
reward-guided exploration aims to increase this probability. To
validate this on COCO, we conducted high-temperature sampling
(temperature 1.2, top-k 50, top-p 0.99) on the SFT model, gener-
ating 8 candidate predictions for each test instance. From these,
we derived SFT-Sampling: for each test sample, we select the best
prediction (highest F1-score) from its 8 candidates, then aggregate
these sample-wise best predictions for the overall score. This es-
timates SFT’s maximal performance if optimal predictions could
be reliably selected at the sample level. As shown in Table 11,
the SFT-Sampling score (72.6 F1@0.5) notably surpasses both the
base SFT (68.2) and even the GRPO model (72.0). This result
compellingly demonstrates that the SFT model indeed possesses
the latent capability to generate high-quality predictions. It fur-
ther suggests that GRPO’s primary contribution is to significantly
increase the likelihood of sampling these correct outputs through
its refined policy, effectively making the model’s strong potential
more consistently accessible.

7. Conclusion

In this work, we introduced Rex-Omni, a 3B MLLM that bridges
the gap between precise localization and deep language under-
standing. This is achieved through three key designs: efficient task
formulation, large-scale data generation, and a SFT with GRPO
two-stage training pipeline. Extensive experiments show Rex-
Omni achieves state-of-the-art or competitive zero-shot perfor-
mance across a wide array of perception tasks. Crucially, our anal-
ysis confirms that GRPO post-training is essential for correcting
SFT-induced behavioral deficiencies, a key contribution towards
robust MLLM detectors. In conclusion, Rex-Omni demonstrates
that the behavioral and geometric limitations of MLLMs can be
systematically overcome, paving the way for the next generation
of versatile, language-aware perception systems.
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