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Abstract

To break through the limitations of pre-training models on
fixed categories, Open-Set Object Detection (OSOD) and
Open-Set Segmentation (OSS) have attracted a surge of in-
terest from researchers. Inspired by large language models,
mainstream OSOD and OSS methods generally utilize text
as a prompt, achieving remarkable performance. Following
SAM paradigm, some researchers use visual prompts, such
as points, boxes, and masks that cover detection or segmen-
tation targets. Despite these two prompt paradigms exhibit
excellent performance, they also reveal inherent limitations.
On the one hand, it is difficult to accurately describe char-
acteristics of specialized category using textual description.
On the other hand, existing visual prompt paradigms heav-
ily rely on multi-round human interaction, which hinders
them being applied to fully automated pipeline. To address
the above issues, we propose a novel prompt paradigm in
OSOD and OSS, that is, Image Prompt Paradigm. This
brand new prompt paradigm enables to detect or segment spe-
cialized categories without multi-round human intervention.
To achieve this goal, the proposed image prompt paradigm
uses just a few image instances as prompts, and we pro-
pose a novel framework named MI Grounding for this new
paradigm. In this framework, high-quality image prompts
are automatically encoded, selected and fused, achieving the
single-stage and non-interactive inference. We conduct exten-
sive experiments on public datasets, showing that MI Ground-
ing achieves competitive performance on OSOD and OSS
benchmarks compared to text prompt paradigm methods and
visual prompt paradigm methods. Moreover, MI Grounding
can greatly outperform existing method on our constructed
specialized ADR50K dataset.

Introduction
To break through the limitations of pre-training models on
fixed categories, Open-Set Object Detection (OSOD) and
Open-Set Segmentation (OSS) have attract a surge of in-
terest from researchers. In these fields, trained models can
not only detect or segment predefined specific categories but

*The work was done while Jinrong Zhang was a research intern
at Xiaomi AI Lab.

†These authors contributed equally.
‡Corresponding author.

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Figure 1: Image prompt paradigm vs. previous prompt
paradigms. The text prompt paradigm struggles to accu-
rately describe specialized categories. The visual prompt
paradigm relies on multi-round human interaction. The pro-
posed image prompt paradigm uses just a few image in-
stances which can handle specialized categories without any
manual annotation.

also generalize to open scenarios, which greatly improve the
ability and applicability (Li et al. 2022).

Inspired by the remarkable success achieved by founda-
tional models (Radford et al. 2021; Li et al. 2022), main-
stream OSOD and OSS methods employ a prompt as an
input, which tells the model what to detect or segment in
the image. Existing prompt paradigms can be mainly cat-
egorized into two types: text prompt paradigm and visual
prompt paradigm. As for text prompt paradigm, users are
required to provide a textual description to depict character-
istics of detection or segmentation targets, and models are
trained to align text prompt with visual contents in the latent
space (Liu et al. 2023; Ding, Wang, and Tu 2022). Follow-
ing SAM (Kirillov et al. 2023), another line of approaches
employ visual prompts, such as points, boxes, and masks.
The visual prompt needs to be manually designed that can
locate specific targets. Such a design makes this process gen-
erally involves multi-round interaction to avoid ambiguous
prompts (Kirillov et al. 2023).

However, textual and visual prompt paradigms have the
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following limitations. First of all, the visual feature of spe-
cialized categories are difficult to be accurately described
by text, and hence hinder the application of text prompt
paradigm (Li et al. 2024; Jiang et al. 2024). Second, vi-
sual prompts heavily rely on multi-round human interac-
tion, which makes it difficult to be applied into production
pipelines (Kirillov et al. 2023). As shown in Figure.1, in X-
ray defect detection, we need to detect and segment special-
ized categories, such as “shrinkage porosity”, “sinks”, and
“porosity”. These concepts are specific to the X-ray field,
which cannot reflect the visual characteristics without in-
dustrial knowledge, such as their shape, size, and texture etc.
Visual prompt might alleviate this issue by providing bound-
ing boxes of “shrinkage porosity”, “sinks”, and “porosity” as
prompts, but it requires users to annotate or check bounding
boxes to make sure they cover the target areas (Kirillov et al.
2023). These interaction processes make a single-stage, fully
automated inference pipeline impossible.

In this work, we establish a novel visual perception
paradigm, i.e. Image Prompt Paradigm, which completely
abandons traditional text prompts and visual prompts,
achieving a single-stage and fully automated inference. In-
spired by the fact that humans can quickly grasp the charac-
teristics of a specific category after taking just a few glances
at its instances, the proposed image prompt paradigm uti-
lizes just a few image instances of target as prompts.
These instances are automatically constructed and calcu-
lated by our proposed MI Grounding framework, which
uses multiple images as prompts. To bridge the gap be-
tween specialized categories and visual content, MI Ground-
ing introduce an image prompts selection encoder, which
can encode, select and integrate image prompts. The encoder
module possesses extensive prior knowledge at the visual
level, and can extract inherent distinctive semantic infor-
mation of image prompts. The encoded image prompts are
then selected and integrated to highlight high-quality image
prompts automatically. After aligning the image prompts
with the predicted objects, MI Grounding is learned to han-
dle specialized categories that are difficult to describe using
text, and achieves single-stage and non-interactive inference.
Extensive experiments have shown that the proposed image
prompt paradigm and MI Grounding achieve excellent de-
tection and segmentation performance.

Concretely, our contributions can be summarized as fol-
lows:

• We propose a novel visual perception paradigm: Image
Prompt Paradigm. Different from existing text and visual
prompt paradigm, this paradigm uses just a few image
instances as prompts, which can understand specialized
categories that are hard to describe by text in a single-
stage and non-interactive manner.

• We propose a novel framework named MI Grounding
tailored for the proposed image prompt paradigm. MI
Grounding utilizes just a few image prompts to perform
Open-Set Object Detection and Open-Set Segmentation,
and propose an image prompt selection encoder to select
and integrate high-quality prompts.

• Our approach achieves competitive performance on sev-

eral datasets compared with mainstream Open-Set Ob-
ject Detection and Open-Set Object Segmentation meth-
ods, which show the effectiveness of our proposed image
prompt paradigm. To further demonstrate the superior-
ity, we constructed a specialized ADR50K dataset, which
contains a rich set of X-ray defect detection data. Experi-
ments demonstrate that our approach can greatly improve
the performance on this specialized dataset.

Related Works
Visual Perception Based on Text Prompt Paradigm. With
the widespread application of foundational methods like
CLIP (Radford et al. 2021) and BERT (Devlin 2018), open-
vocabulary object detection and segmentation methods have
achieved remarkable success in the general visual perception
field. Researchers find that object detection and segmenta-
tion can be expressed as an alignment between text prompts
and visual context information. Based on the concept above,
these methods have made significant breakthroughs in zero-
shot and few-shot learning. Grounding DINO (Liu et al.
2023) extends the training strategy of GLIP (Li et al. 2022)
to DINO (Zhang et al. 2022a), achieving strong open-set
detection capabilities. DetCLIP (Yao et al. 2022) and Re-
gionCLIP (Zhong et al. 2022) utilize image-text pairs with
pseudo boxes to expand region knowledge, thereby im-
proving open-set performance. These text prompt paradigm
methods rely on text encoders, like BERT, to model text
queries. However, due to the ambiguity caused by the high
information density of text and the potential mismatch be-
tween text descriptions and complex visual scenes, visual
perception methods based on the text prompt paradigm have
inherent limitations (Li et al. 2024).
Visual Perception Based on Visual Prompt Paradigm.
Researchers have begun exploring alternative prompt
paradigms. SAM (Kirillov et al. 2023) pioneer an interac-
tive open-set segmentation approach, introducing a novel
prompt paradigm that includes boxes, points, masks, or
lines covering the target. Subsequent researchers define this
approach as the visual prompt paradigm and further ex-
plore its potential (Li et al. 2024). Semantic-SAM (Li et al.
2023) achieves semantic awareness by training on decou-
pled objects and parts classifications integrated from multi-
ple datasets. Painter (Wang et al. 2023a) and SegGPT (Wang
et al. 2023b) adopt a generalist strategy to tackle diverse
segmentation tasks, conceptualizing segmentation as an in-
context coloring problem. DINOv (Li et al. 2024) proposes
a general contextual visual prompt framework, using visual
context to understand new categories.
Visual Perception with Image and Text Prompt. To fur-
ther enhance model performance, some researchers have in-
troduced additional target images to augment text prompts.
MQ-Det (Xu et al. 2024) uses cross-attention and weighted
addition to integrate image features into the text prompt,
significantly improving model performance. However, when
MQ-Det uses only images as prompts, the model’s perfor-
mance is poor. This indicates that MQ-Det has not fully ex-
ploited the potential of image prompts. In such methods, im-
age prompts merely enhance the prompt features rather than
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Figure 2: The overall framework of MI Grounding. Image prompts are encoded, selected, and integrated through the image
prompts selection encoder (IPS encoder) to obtain category-specific prompt features. These prompt features are then deeply
fused and aligned with multi-scale features from the input image to achieve open-set visual perception.

lead the inference process.

Method
Our goal is to establish an image prompt paradigm, where
the model completes open-set detection and segmentation by
just taking a few glances at images of objects similar to the
detection target. We first introduce how image prompts are
constructed during the training and testing process. Then,
we detail our proposed MI Grounding, including the model
design and training strategy.

Image Prompt Paradigm
In order to eliminate the tedious interaction process similar
to the visual prompt paradigm and ensure that the data of
the detection target is not leaked, we build an image prompt
library using the training split of the dataset. Specifically,
we crop instance targets from the original images based on
their detection box labels and store them categorized by
their class labels. The detailed process of extracting image
prompts from the original images is as follows:

p = Crop(I, Lbox) = I[y : y + hp, x : x+ wp], (1)

where I ∈ R3×H×W represents the original large image,
and p ∈ R3×hp×wp is the instance target image obtained by
cropping. H and W are the height and width of the origi-
nal image. Lbox = {x, y, wp, hp} is the bounding box label,
with wp and hp being the width and height of the corre-
sponding instance target’s bounding box, and x and y being
the coordinates of the top-left corner of the bounding box.
To ensure that target data from the test set is not leaked and
enhance the model’s robustness, we use only instance tar-
get images cropped from the training set as image prompts
during both training and testing.

MI Grounding
As shown in Fig. 2, MI Grounding consists of an image
prompts selection encoder (IPS encoder), a vision encoder,
a transformer encoder with deep fusion following GLIP (Li
et al. 2022), and a transformer decoder. The IPS encoder
extracts, selects, and integrates features from the image
prompts, while the vision encoder extracts features from the
input image. In the image prompt paradigm, the model uses
a set of instance images P c = {pc1, . . . , pcN} of a specified
category c as prompts. The goal of MI Grounding is to de-
tect and segment objects of the corresponding category from
the input image I based on P c.
Image Prompts Selection Encoder. The IPS encoder con-
sists of an image prompt feature extraction module and a
prompt feature selection module. As for image prompt, how
to extract their features to handle specialized categories is
a crucial problem. Inspired by the text prompt that using
pre-trained text encoders to fully utilize the latent seman-
tic information, we learn that the critical point is to extract
features that can distinguish the detection target from other
instances. As a result, we employ pre-trained ViT as im-
age prompt feature extractor, since it show good clustering
properties, indicating pre-trained ViT contains semantic in-
formation useful for open-set visual perception. In the image
prompt feature extractor, we compute features for all prompt
images P c and aggregate them into a prompt feature matrix:

T c = STACK(V iT (pc1, . . . , p
c
N )), (2)

where STACK(·) stands for feature stacking along the
prompt quantity dimension, and V iT (·) represents a frozen
vision transformer backbone. T c ∈ RN×D denotes the
prompt feature matrix composed of N image prompts for
a specified category c, where D represents the feature di-
mension.

In prompt feature selection module, it is worth to high-
light that the quality of image prompts have a significant im-
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Figure 3: Quality of image prompts. Green indicates good
image prompts, while red indicates poor ones.

pact on detection and segmentation. Directly integrating all
the image prompts of the same category will lead to unstable
performance due to the low information density of images.
As shown in Fig. 3, Despite most image prompt features ex-
hibit good clustering properties, there still exist a few out-
liers caused by instances that are hard to recognize. These
outliers will reduce the distinctiveness of the semantic in-
formation in image prompts. We observe that high-quality
image prompt features within the same category tend to be
highly similar, while low-quality ones always show signifi-
cant differences.

Inspired by the above observation, we develop a prompt
feature selection module based on self-attention (PFSM) to
leverage the correlation between prompt features, reducing
the impact of poor-quality image prompts, as shown in Fig
4. The overall process is illustrated in EQ. 3, where θ repre-
sents the learnable parameters of PFSM(·):

T̂ c = PFSM(T c, θ). (3)
In PFSM, we first use self-attention to calculate the corre-

lation between the N image prompts:

Q = MLP1(T
c),K = MLP2(T

c), V = MLP3(T
c),

(4)

A = softmax(QKT
/√

D1), (5)

Figure 4: The overall framework of PFSM.

where MLP (·) is a fully connected network for feature di-
mension adjustment, and Q,K, V ∈ RN×D1 are the query,
key, and value needed for self-attention. A ∈ RN×N is the
correlation matrix between the N image prompts. As ana-
lyzed earlier, the stronger the correlation with other prompt
features, the more accurate the semantic information it con-
tains. Conversely, weaker correlations suggest a higher like-
lihood of being an outlier. We assign higher weights to
prompt features with more accurate semantic information:

Oc = FFN(AT c), (6)
where Oc ∈ RN×D2 represents the enhanced image prompt
features, FFN(·) is a feed-forward layer, and D2 is the
transformed feature dimension. Finally, we apply average
pooling to reduce the dimensionality of Oc along the prompt
quantity dimension:

T̂ c = MeanPooling(Oc + Linear(T c)), (7)

where T̂ c ∈ R1×D2 represents the final image
prompt feature for category c. For all categories
{1, 2, . . . , C}, PFSM(·) uses the same θ to obtain
T̂ = {T̂ 1, T̂ 2, . . . , T̂C}.
Vision Encoder. To enhance the model’s robustness to tar-
gets of different scales, we use a vision transformer back-
bone to construct the vision encoder, retaining the fea-
tures from different layers as multi-scale features of the in-
put image. The multi-scale features are defined as F =
{f1, . . . , fL}, where fi represents the features from the i-th
layer of the vison encoder.
Transformer Encoder with Deep Fusion. To reduce the
difficulty of feature alignment, we fuse the enhanced image
prompt features with the input image features by referencing
the cross-modality interaction method from language-vision
models. Specifically, we use a multi-scale deformable cross-
attention (Zhu et al. 2020) to fuse the prompt features T̂ with
the multi-scale image features F , resulting in the object em-
beddings F̂ :

F̂ = MSDeformAttn(F, T̂ ). (8)
Region-Level Feature Alignment. Inspired by the image-
text alignment in the text prompt paradigm, we achieve
region-level classification feature alignment between im-
age prompts and predicted objects in the image prompt
paradigm. Specifically, we directly compute the alignment
scores S ∈ RM×C between the prompt features T̂ and the
object embeddings F̂ :

S = F̂ · T̂ , (9)
where M is the predefined number of object embeddings.
Finally, we use a transformer decoder to decode the object
embeddings F̂ into bounding box labels and mask labels.

Training Strategy and Optimization Objective
Image Prompt Training Strategy. To enhance the model’s
generalization ability, we use a random image prompt strat-
egy. During training, we randomly sample N cropped in-
stance images as image prompts for each category, updating
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Method Training Data Prompt
Paradigm

COCO
(out-domain)

LVIS-1203
(out-domain)

ODinW-35
(out-domain)

AP b AP b AP b
f AP b

c AP b
r AP b

GLIP T (Li et al. 2022) O365+GoldG+...
Text

46.7 17.2 25.5 12.5 10.1 19.6
GLIP L (Li et al. 2022) FourODs+GoldG+... 49.8 26.9 35.4 23.3 17.1 23.4

Grounding DINO T (Liu et al. 2023) O365+GoldG+... 48.4 - - - - 22.3
Grounding DINO L (Liu et al. 2023) O365+GoldG+... 52.5 - - - - 26.1

DINOv T (Li et al. 2024) COCO+SA-1B Visual - - - - - 14.9
DINOv L (Li et al. 2024) COCO+SA-1B - - - - - 15.7

MI Grounding-D (ours) O365 Image 53.7 27.4 32.4 25.8 19.9 21.5

Table 1: Object Detection with MI Grounding-D. Bold and underline denote the best and second-best results in each column.
AP b represents the average precision for object detection. AP b

f , AP b
c , and AP b

r represent the average precision for frequent,
common, and rare classes, respectively.

Method Training Data Prompt
Paradigm

COCO
(in-domain)

ADE20K
(out-domain)

SegInW
(out-domain)

APm AP b APm AP b APm
avg APm

med

GLIPv2 H (Zhang et al. 2022b) COCO+O365+...

Text

48.9 - - - - -
MaskCLIP L (Ding, Wang, and Tu 2022) YFCC100M - - 15.1 6.0 23.7 -

FC-CLIP L (Yu et al. 2024) COCO 44.6 - 16.8 - - -
OpenSeed T (Zhang et al. 2023) COCO+O365 47.6 52.0 14.1 17.0 33.9 21.5
X-Decoder T (Zou et al. 2023) COCO+CC3M+... 40.5 43.6 9.8 - 22.7 15.2
X-Decoder L (Zou et al. 2023) COCO+CC3M+... 46.7 - 13.1 - 36.1 38.7

OpenSeed L (Zhang et al. 2023) COCO+O365 53.2 58.2 15.0 17.7 36.1 38.7

DINOv T (Li et al. 2024) COCO+SA-1B Visual 41.5 45.2 11.4 12.8 39.5 41.6
DINOv L (Li et al. 2024) COCO+SA-1B 50.4 54.2 15.1 14.3 40.6 44.6
MI Grounding-S (ours) COCO+LVIS Image 46.1 54.7 21.0 25.3 46.9 41.3

Table 2: Instance Segmentation with MI Grounding-S. Bold and underline denote the best and second-best results in each
column. AP b represents the average precision for object detection. APm represents the average precision for instance segmen-
tation.

them every iteration. The random sampling allows the model
to adapt to cross-domain image prompts. The frequent up-
dates help the model learn and adjust to more complex
prompts. It’s important to note that during testing, the model
also uses only instance images cropped from the training set
as prompts. This not only prevents data leakage from the test
set but also demonstrates the model’s generalization ability
to cross-domain image prompts.
Optimization Objective. Since our model directly predicts
the target’s class, box, and mask in an end-to-end manner,
the loss function L of MI Grounding consists of classifi-
cation loss Lclass, localization losses LL1 and LGIoU , and
segmentation loss Lmask:

L = Lclass + LL1 + LGIoU + Lmask. (10)

For the classification loss, we use a contrastive loss (Rad-
ford et al. 2021) to calculate the difference between the
predicted target and the image prompt features for open-
set classification. For the localization loss, we apply L1
loss (Ren et al. 2015) for regressing the bounding box coor-
dinates and GIoU loss (Rezatofighi et al. 2019) to enhance

convergence stability. In the segmentation loss, Lmask is a
cross-entropy loss for mask segmentation.

Experiments
Datasets and Settings
In our experiments, we provide two sets of model parame-
ters: MI Grounding-S for segmentation and MI Grounding-
D for object detection. In MI Grounding-S, we use only
the COCO (Lin et al. 2014) and LVIS (Gupta, Dollar, and
Girshick 2019) datasets for joint training and test on the
COCO, ADE20K (Zhou et al. 2017), and SegInW (Zou et al.
2023) datasets. In MI Grounding-D, we use only the Ob-
jects365 (Shao et al. 2019) dataset for training and test on
the COCO, LVIS, and ODinW (Li et al. 2022) datasets. In
both MI Grounding-S and MI Grounding-D, we use ViT-L
as the vision backbone. We use 8 as the number of image
prompts in our method, as discussed in the ablation study.

Comparison to Prior Works
To explore the generalization ability of the image prompt
paradigm and MI Grounding, we test our model on multiple
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datasets across different domains. It’s important to note that
we train MI Grounding-D on Objects365 for 32 A100 days
and MI Grounding-S on COCO+LVIS for 16 A100 days.
Our training data and duration are significantly less than
most methods in Table. 1 and Table. 2. For example, GLIP
L is trained on the FourODs GoldG, and Cap24M datasets
for 600 V100 days (Li et al. 2022).
Object Detection with MI Grounding-D. In Table. 1, we
test on well-established benchmarks, including common ob-
ject detection datasets like COCO, long-tailed datasets like
LVIS, and complex cross-domain datasets like ODinW. MI
Grounding-D demonstrates strong performance in out-of-
domain scenarios. Notably, MI Grounding-D leads by 2.8%
in AP for rare categories on LVIS, further highlighting the
generalization ability of the image prompt paradigm.
Instance Segmentation with MI Grounding-S. As shown
in Table. 2, we test MI Grounding-S on multiple datasets
under both in-domain and out-domain conditions. Notably,
in out-domain scenarios, MI Grounding-S achieves a signif-
icant advantage of 4.2% on ADE20K and 6.3% on SegInW.
SegInW is a complex cross-domain dataset containing 25
different sub-datasets, and the performance advantage on
this dataset underscores the generalization ability of the im-
age prompt paradigm.

Ablation
Effectiveness of Prompt Feature Selection Module. To
demonstrate the effectiveness of the prompt feature selec-
tion module (PFSM) based on self-attention in the image
prompts selection encoder, we replace it with three other
modules: a fully connected network, a convolutional neural
network, and mean pooling. The results in Table. 3 are ob-
tained from training and testing only on COCO. In the fully
connected network and convolutional network, we use su-
pervised neural networks to reduce the dimensionality of the
N image prompt features. In the mean pooling, we directly
take the mean of the N image prompt features to obtain the
final prompt feature. As shown in Table. 3, our proposed
PFSM proves to be the most effective among the various
strategies.

Prompt Feature
Calculation

COCO

AP b AP b
med APm APm

med

Mean Pooling 56.5 60.9 48.4 52.6
FC 54.5 59.9 47.2 51.2

CNN 58.0 62.4 49.7 53.4
PFSM 61.7 67.2 53.1 57.8

Table 3: Ablation study of PFSM. FC represents the fully
connected network, and CNN represents the convolutional
neural network.

Impact of Image Prompt Update Frequency. Even within
the same category, instance images can be highly diverse.
To help the model adapt to this diversity, we increase the
frequency of image prompt updates, allowing the model to
learn from a wider range of image prompts during training.
As shown in Table. 4, we demonstrate the impact of update

frequency on model performance. We gradually increase the
update frequency from once every 200 iterations to once per
iteration, and the model’s performance improve accordingly.
Finally, we set the model to update the image prompts once
per iteration.

Prompt Update
Frequency

COCO

AP b AP b
med APm APmed

m

200 Iterations 57.9 63.4 49.7 54.4
150 Iterations 58.8 64.1 50.6 55.3
100 Iterations 60.58 65.87 52.2 57.0
50 Iterations 59.2 64.5 50.7 55.2
1 Iteration 61.7 67.2 53.1 57.8

Table 4: Ablation study of image prompt update frequency.

Impact of Image Prompt Quantity. As previously men-
tioned, due to the low information density of images, a sin-
gle image prompt often fails to fully convey the semantic
information of the target class. As the number of image
prompts increases, the semantic representation of the class
becomes more complete, leading to higher-quality open-set
visual perception. In Table. 5, we perform an ablation study
on the number of image prompts. As the number of image
prompts increases, the model’s performance gradually im-
proves. However, when the number of image prompts ex-
ceeds 8, there is no significant performance gain. More seri-
ously, with the number of image prompt increases, the com-
putational cost of the model increases. Therefore, the opti-
mal setting of image prompt quantity is 8.

Image Prompt
Quantity

COCO

AP b AP b
med APm APm

med

1 44.6 48.5 38.5 41.4
3 56.2 61.4 48.3 52.9
5 59.4 64.5 51.3 55.6
8 61.7 67.2 53.1 57.8

12 61.4 66.6 52.7 57.2
20 61.6 66.9 52.8 57.4

Table 5: Ablation study of image prompt quantity. Model
performance improves as the number of image prompts in-
creases. After reaching 8 prompts, there is no significant fur-
ther improvement.

ADR50K Dataset
To further demonstrate the advantages of the image prompt
paradigm, we create the Automatic Defect Recognition
dataset (ADR50K). In ADR50K, we collect more than
50,000 X-ray images of defect inspections. We provide
classification annotations for three types of defects using
specialized terminology: “sink”, “shrinkage porosity”, and
“porosity”. Additionally, we provide detection and segmen-
tation annotations for all defects. The relevant details of the
ADR50K dataset are shown in Table. 7.
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Method Prompt
Paradigm

Object Detection Instance Segmentation

AP50 APsink APshrinkage APporosity AP50 APsink APshrinkage APporosity

Grounding DINO L Text 43.4 43.1 18.2 17.5 - - - -
DINOv L Visual 16.5 21.6 1.403 0.1 15.4 13.8 1.0 0.11

MI Grounding (ours) Image 50.2 49.6 19.4 25.8 50.4 45.0 15.8 27.9

Table 6: Comparative experiments on ADR50K. AP50 represents the average precision for all categories at an IoU threshold of
0.50. APsink, APshrinkage, and APporosity represent the average precision for “sink”, “shrinkage porosity”, and “porosity”,
respectively.

Data
Split

Number of
Images

Number of
Instances

Categories Total

Train 51572
“sink” 167886

196673“shrinkage porosity” 24320
“porosity” 4467

Test 7696
“sink” 20946

24437“shrinkage porosity” 2955
“porosity” 536

Table 7: ADR50K Dataset Details. We allocated approxi-
mately 10% of the data to the test set, with the remaining
data used for the training set.

Unlike conventional object detection and segmentation
datasets, the detection targets and class names in the
ADR50K dataset are highly specialized and even mislead-
ing. As shown in Figure 5, we present some example im-
ages of the three defect types in the dataset. The ADR50K
dataset poses three main challenges for open-set visual per-
ception methods. (1) Difficulty in aligning category names
with instances. In typical scenarios, “sink” usually refers to
a basin, commonly found in kitchens or bathrooms, where
water is supplied through a faucet and drains away. However,
in the ADR50K dataset, “sink” refers to a slender indenta-
tion that is completely different from a basin. (2) Confusion
between category names. The terms “shrinkage porosity”
and “porosity” seem to be same category as their textual
name look similar with each other, but they refer to entirely
different types of defects. In the ADR50K dataset, “shrink-
age porosity” refers to a sheet-like shallow depression, while
“porosity” refers to small round pits. (3) Confusion with
background images. The images in the ADR50K dataset
contain numerous shadows caused by overlapping structural
components, which are not defects. These shadows can eas-
ily be mistaken for defects that need to be detected.

We compared our proposed image prompt method with
text prompt and visual prompt methods on the ADR50K
dataset. As shown in Table. 6, MI Grounding outperforms
Grounding DINO L (Liu et al. 2023) and DINOv L (Li et al.
2024) in both object detection and instance segmentation
tasks. In MI Grounding, we use instance images of defects
as prompts instead of potentially misleading text. Addition-
ally, unlike visual prompt methods, MI Grounding in the im-
age prompt paradigm does not require a separate prompt for
each target instance.

Figure 5: Examples of specialized categories in ADR50K
dataset. The text denotes the category name of defects, and
the areas within bounding boxs denote the corresponding
category region.

Conclusion

In this paper, we introduce a novel visual perception
paradigm called the Image Prompt Paradigm. Unlike ex-
isting text and visual prompts, this paradigm uses a few
image instances as prompts, enabling it to understand spe-
cialized categories which are challenging to describe with
text in a single-stage and non-interactive manner. To sup-
port this new paradigm, we present a framework named MI
Grounding. MI Grounding utilizes multiple image prompts
to perform Open-Set Object Detection and Open-Set Seg-
mentation, and it includes an image prompt selection en-
coder designed to choose and integrate high-quality prompts
effectively. Our approach achieves competitive performance
across several datasets when compared to mainstream meth-
ods in Open-Set Object Detection and Open-Set Segmenta-
tion, demonstrating the effectiveness of the proposed iamge
prompt paradigm. To further validate the superiority, we de-
veloped a specialized ADR50K dataset, which comprises an
extensive collection of X-ray defect detection data. Experi-
mental results show that our approach significantly enhances
performance on this specialized dataset.
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