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A. More Details on Training Data
A.1. Public Datasets
In Table 1, we enumerate the publicly available datasets
leveraged for Rex-Omni’s training across various sub-
tasks, including Object Detection, Object Referring, Vi-
sual Prompting, OCR, Layout Grounding, GUI Ground-
ing, Pointing, Affordance Grounding, Spatial Referring,
and Keypointing. For each of these tasks, a set of question
templates was defined to construct corresponding question-
answer (QA) pairs. In total, approximately 8.9 million pub-
lic data samples were utilized.

A.2. Illustration of the Data Engines
We present illustrations of our Grounding Data Engine and
Referring Data Engine in Figure 1. For grounding data en-
gine, our specific annotation process is as follows:
• Image Captioning: We begin by generating descriptive

captions for each image using Qwen2.5-VL-7B-Instruct.
These captions provide natural language descriptions of
the visual content, typically covering multiple objects
within the scene. The prompt used in this stage is Please
describe this image in details.

• Phrase Extraction: We then apply the SpaCy1 NLP
toolkit to extract noun phrases from the generated cap-
tions. These phrases may include basic class names (e.g.,
tabletop, lemon) as well as more specific descriptions
(e.g., sliced yellow lemons, green lemons).

• Phrase Filtering: This step marks a key departure from
prior approaches. To minimize data ambiguity, we re-
move noun phrases containing descriptive attributes such
as adjectives (e.g., green lemon is discarded, while lemon
is retained). The rationale is that current grounding mod-
els struggle to accurately interpret such descriptive ex-
pressions, often detecting all instances of a category re-
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gardless of the modifier. For instance, the phrase green
lemon may incorrectly trigger detections of all lemons,
thereby introducing significant labeling errors.

• Phrase Grounding: Finally, we use DINO-X [30], an
open-vocabulary object detector, to produce bounding
boxes corresponding to the filtered phrases.

For referring data engine, our specific annotation process
is as follows:

• Expression Generation: Given an image annotated with
bounding boxes and corresponding category labels, we
prompt Qwen2.5-VL-7B with the image and category in-
formation to generate a set of referring expressions. Each
expression is designed to naturally describe an object cat-
egory present in the image, mimicking human-like de-
scriptions. The prompt used in this stage is shown in Fig-
ure 2

• Pointing: For each generated referring expression, we
employ Molmo [7], a state-of-the-art referring model,
to produce the corresponding spatial point. Although
Molmo outputs only point-level predictions, it exhibits
strong performance in understanding and grounding re-
ferring expressions.

• Mask Generation: We apply SAM [13] to generate a
mask for each ground-truth bounding box in the image.

• Point-to-Box Association: Each point produced by
Molmo is aligned with a SAM-generated mask. When a
point lies within a mask, the corresponding bounding box
is linked to the referring expression, thereby grounding
the language in the object region.

B. More Details on Training Pipelines

B.1. Implementaion Details for SFT Stage

We adopt the standard cross-entropy loss for training. The
model is trained on 8 nodes, each equipped with 8 A100
GPUs, and the total training time is approximately 8 days.
All model parameters are updated during training. We
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Task Output Format Question Template Example Datasets

Object Detection Box Detect [PHRASE] in this image

APTv2 [43], BDD100K [44], DeepFashion [22]
DOTAv2 [40], EgoObjects [50], FAIR-1M [36]

HumanParts [19], ImageNet-Part [9] NuImages [4]
PACO [29], OpenImages [14], O365 [32]

V3Det [38], VisDrone [8]
Object Referring Box Detect [PHRASE] in this image HumanRef, RefCOCOg

Visual Prompting Box
Given reference boxes [BOX] indicating one or more

objects, find all objects with the same category

O365 [32], OpenImages [14], HierText [23]
CrowdHuman [31], SA-1B [13], VisDrone [8]

FSCD147 [27]

OCR Box / Polygon Detect all the text in box/polygon format and recognize them

Art [6], HierText [23], ICDAR2013 [25]
ICDAR2015 [12], LSVT [37], RCTW [33]

ReCTS [46]
SROIE [10], TextOCR [34]

IDLOCR [3], WildReceipt [35]

Layout Groudning Box Detect [PHRASE] in this image
DocLayNet [28], PubLayNet [48], TableBank [18]

M6Doc [5], CDLA [16], TabRecSet [41]
GUI Grounding Box / Point Detect/Point to element [PHRASE] Os-Atlas [39], UI-RefExp [2], ShowUI [20]

Pointing Point Point to [PHRASE] Pixmo-point [7]
Affordance Point Point to [PHRASE] AGD20K [26]

Spatial Referring Point Point to [PHRASE] RefSpatial [49]

KeyPointing Box & Point

Can you detect each [PHRASE] in the image
in box format, and then provide the coordinates of

its [KEYPOINT] as [x0, y0]? Output the
answer in JSON format.

AP10K [45], APT36K [42], COCO-Keypoint [21]
MacaquePose [15], HumanArt [11], MPII [1]

OCHuman [47], CrowdPose [17]

Table 1. Publicly available training datasets used by Rex-Omni, covering tasks such as object detection, referring, prompting, OCR,
grounding, pointing, affordance, and keypointing, with outputs including boxes, points, polygons, and JSON-formatted keypoints.

Image CaptioningStep1
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Figure 1. Pipelines of our two primary data engines. The figure illustrates the processes of the Grounding Data Engine (top) and the
Referring Data Engine (bottom), which are custom-designed to produce extensive, high-quality grounding and referring data for Rex-
Omni’s training.

use separate learning rates for different components: 2e-
6 for the vision encoder, and 2e-5 for both the projection
layer and the LLM. Optimization is performed using the
AdamW [24] optimizer with a learning rate warm-up of 3%
and a weight decay of 0.01. Following the architecture of
Qwen2.5-VL, Rex-Omni also employs a native resolution
Vision Transformer as its vision encoder. We constrain the
number of input pixels to range from a minimum of 16 × 28
× 28 to a maximum of 2560 × 28 × 28. Given a ViT patch
size of 28, this limits the number of image tokens between
16 and 2560.

B.2. Implementation Details for GRPO Stage

Geometry-aware Rewards: To provide informative feed-
back on the spatial quality of predictions, we design three
geometry-aware reward functions tailored to different tasks:
box IoU reward, point-in-mask reward, and point-in-box re-
ward. These reward types reflect the structural correctness
of the predicted outputs with respect to ground-truth anno-
tations.

Box IoU Reward. This reward is applied to tasks re-
quiring bounding box predictions, including object detec-
tion, grounding, referring, and OCR. The reward encour-
ages both accurate localization and correct object-category



You are given an image and a list of object categories to focus on.

Your job is to generate a dictionary of referring expressions for the speci:ed categories only.

📥 Input:

You will receive:

An image (to be visually analyzed)

A list of target categories, e.g. ["apple", "person", "helmet"]

📌Output Requirements:

You must generate a Python dictionary where:

Each key is one of the provided category names

Each value is a list of mutually exclusive referring expressions that describe subsets of objects within that category

📌 Referring Expression Rules:

Each referring expression must:

Refer only to objects of the given category (no cross-category mixing)

Describe a visually meaningful subset (e.g., "red apples", "people siNing")

Be mutually exclusive with other expressions under the same category

No object should be described by more than one expression for its category

Avoid vague or overlapping phrases (e.g., don't mix "red helmets" and "red and yellow helmets")

Avoid describing all instances unless appropriate (be discriminative when possible)

Be visually grounded, natural language expressions

✅Output Format:

{

"category1": ["referring expression 1", "referring expression 2", ...],

"category2": ["referring expression 1", ...]

}

Only include the categories provided in the input list.

✅ Example:

Given Categories:

["apple", "person"]

Image Description:

3 red apples, 2 green apples, 2 people siNing, 2 people standing.

Expected Output:

{

"apple": ["red apples", "green apples"],

"person": ["people siNing", "people standing"]

}

❌ Bad Examples:

❌Overlapping Referring Expressions:

{

"boNle": ["green boNles", "boNles on the table"]  # if the same green boNles are on the table

}

❌ Cross-Category Mixing:

{

"person": ["cameramen and salesmen"]

}

❌Mixed Types in One Phrase:

{

"helmet": ["red and yellow helmets"]

}

Now, analyze the image and generate referring expressions only for the provided categories, formaNed as described. The provided
categories are [<CATEGORIES>].

Figure 2. The prompt used for Qwen2.5-VL-7B to generate referring expressions.

alignment.

Given a set of predicted boxes B̂ = {b̂1, . . . , b̂m} and
the ground-truth boxes B∗ = {b∗1, . . . , b∗n}, we perform a
ground-truth-guided matching. For each ground-truth box
b∗j , we find the predicted box b̂i that maximizes the IoU with
b∗j :

IoU(b∗j , b̂i) = max
b̂i∈B̂

IoU(b∗j , b̂i). (1)

If the category label of b̂i matches that of b∗j , we assign the
IoU value as the reward rj for that ground-truth box. Oth-
erwise, rj = 0. Let R = {r1, . . . , rn} be the reward set



for all GT boxes. We then compute recall and precision as
follows:

Recall =

∑n
j=1 rj

n
, Precision =

∑n
j=1 rj

m
, rIoU =

2 · Precision · Recall
Precision + Recall + ϵ

,

(2)
where ϵ is a small constant to prevent division by zero. This
formulation rewards both spatial accuracy and label cor-
rectness. It penalizes unmatched or misclassified predic-
tions and balances over- and under-prediction through the
F1-style reward signal.

Point-in-Mask Reward. This reward is applied to tasks
where the model localizes objects via point predictions,
such as pointing-based detection, grounding, and referring.
It evaluates whether a predicted point lies within the object
mask.
Given a set of ground-truth bounding boxes B∗ =
{b∗1, . . . , b∗n}, we apply SAM to extract a binary mask Mj

for each ground-truth box b∗j . Let P̂ = {p̂1, . . . , p̂m} denote
the predicted points, each associated with a category la-
bel. For each ground-truth mask Mj , we determine whether
there exists a predicted point p̂i that lies inside Mj :

∃p̂i ∈ P̂ , s.t. p̂i ∈ Mj . (3)

If such a point exists and its associated category label
matches that of Mj , we assign a reward of 1 to the cor-
responding ground-truth instance; otherwise, the reward is
0. Precision, recall, and F1 reward are then computed using
the same formulation as in the Box IoU Reward.

Point-in-Box Reward. This reward is specifically de-
signed for the GUI Grounding task, where the model is ex-
pected to predict a point indicating the clickable position
(e.g., a button) on a graphical user interface. If the pre-
dicted point falls within the ground-truth bounding box of
the target GUI element, a reward of 1 is assigned; other-
wise, the reward is 0. This simple binary reward effectively
encourages precise point-level interaction behavior required
in GUI scenarios.

We sample 66K data from the SFT dataset to serve as
training data for the GRPO stage. We reuse the same dia-
logue templates from the SFT phase. The GRPO training
is conducted on 8 A100 GPUs for approximately 24 hours.
We set the rollout size to 8, the KL penalty coefficient β to
0.01, and use a batch size of 64. All model parameters are
updated during this stage.

C. Dense200 Benchmark
We introduce Dense200, a manually collected dataset con-
sisting of 200 densely annotated images covering 109 cat-
egories. In Dense200, each image contains an average of
91.2 bounding boxes, with an average size of 66.8×64.5 pix-
els. It poses significant challenges due to the combination

of small object sizes and high object density, demanding
precise spatial reasoning and accurate localization.

D. Visualization Results

We visualize the performance of Rex-Omni and other mod-
els in various scenarios in Figure 3, Figure 4, Figure 5, Fig-
ure 6, Figure 7, Figure 8, Figure 9. We also show some
visualization results of Rex-Omni in different tasks:

• Common and Long-tailed Object Detection (Figure 10)
• Dense Object Detection (Figure 11)
• Object Referring (Figure 12)
• Object Pointing (Figure 13)
• Layout Grounding (Figure 14)
• OCR (Optical Character Recognition) (Figure 15)
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Figure 11. Visualization results of Rex-Omni on dense object detection task.
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Figure 13. Visualization results of Rex-Omni on object pointing task.
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Figure 14. Visualization results of Rex-Omni on layout grounding task.
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Figure 15. Visualization results of Rex-Omni on OCR task.
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