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Abstract

Recent research on universal object detection aims to intro-
duce language in a SoTA closed-set detector and then gener-
alize the open-set concepts by constructing large-scale (text-
region) datasets for training. However, these methods face
two main challenges: (i) how to efficiently use the prior
information in the prompts to genericise objects and (ii)
how to reduce alignment bias in the downstream tasks, both
leading to sub-optimal performance in some scenarios be-
yond pre-training. To address these challenges, we propose
a strong universal detection foundation model called CP-
DETR, which is competitive in almost all scenarios, with
only one pre-training weight. Specifically, we design an ef-
ficient prompt visual hybrid encoder that enhances the infor-
mation interaction between prompt and visual through scale-
by-scale and multi-scale fusion modules. Then, the hybrid
encoder is facilitated to fully utilize the prompted informa-
tion by prompt multi-label loss and auxiliary detection head.
In addition to text prompts, we have designed two practical
concept prompt generation methods, visual prompt and opti-
mized prompt, to extract abstract concepts through concrete
visual examples and stably reduce alignment bias in down-
stream tasks. With these effective designs, CP-DETR demon-
strates superior universal detection performance in a broad
spectrum of scenarios. For example, our Swin-T backbone
model achieves 47.6 zero-shot AP on LVIS, and the Swin-L
backbone model achieves 32.2 zero-shot AP on ODinW35.
Furthermore, our visual prompt generation method achieves
68.4 AP on COCO val by interactive detection, and the opti-
mized prompt achieves 73.1 fully-shot AP on ODinW13.

Introduction
Universal object detection aims to detect objects of any cat-
egory in any scene with one model weight. The trend in re-
search is to incorporate language modality, where textual
descriptions of objects are encoded as text prompt vectors
through language model (Devlin et al. 2018; Radford et al.
2021), and the classification results are represented by the
similarity between the vectors and the image regions. This
flexible conceptual representation allows different object de-
tection data to be trained jointly, aligning textual descrip-
tions with visual representations. Ultimately, in downstream
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tasks, universal object detection with zero-shot is achieved
by modifying the textual descriptions of objects.

While using text prompts has been primarily favored in
universal detection, they suffer from sub-optimal perfor-
mance in downstream applications, where universal detec-
tors fail to compete with specialist models in many scenarios
and categories outside of pre-training. A significant factor is
the matching deficiency, where the detector produces mis-
matched results with the text description. This deficiency
arises from alignment mistakes between language and vi-
sual representations in pre-training, and there are both ob-
jective and subjective aspects to this bias. Objectively, text
descriptions follow a long-tailed pattern and different de-
scriptions can refer to the same image region, so it is im-
practical to align all the texts and image regions accurately
during pre-training. Subjectively, it is difficult for users to
accurately describe complex objects, such as specific me-
chanical devices, through language. Most works (Kamath
et al. 2021; Minderer et al. 2022; Minderer, Gritsenko, and
Houlsby 2023; Yao et al. 2024; Wu et al. 2024) have been
devoted to constructing larger pre-train datasets to address
the alignment problems, but this requires significant costs.

Another factor is the paradigm of utilizing prompt in-
formation. The work (Li et al. 2022b) has shown that the
early fusion paradigm performs significantly better than
the late fusion paradigm after eliminating alignment bias
through prompt tuning in the downstream tasks. Late fu-
sion paradigms (Li et al. 2019) only use prompt vectors in
the classification part, the location dependent on pre-training
data distributions, which is poor in utilizing prompt informa-
tion. In contrast, the early fusion paradigm (Liu et al. 2023)
has an additional cross-modal fusion phase. It is easy to ob-
serve that the success of the early fusion paradigm lies in the
cross-modal information interaction through fusion, where
visual features are updated based on prompt information,
and both classification and localization can be generalized
in downstream scenes through prompt information. There-
fore, we believe that a key to improving the performance of
universal detection lies in achieving effective cross-modal
interaction between prompt and visual.

In this paper, our research is interested in constructing
a strong universal detector that not only has superior zero-
shot capability but also competes with specific models in all
downstream tasks through a model weight. For this, we pro-
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pose CP-DETR, a model based on the early fusion paradigm
that not only supports text prompts but also introduces vi-
sual prompts and optimized prompts to address alignment
biases beyond pre-training. Visual prompts avoid misalign-
ment arising from subjective user description errors by pro-
viding visual examples to represent objects, e.g., by mark-
ing specific objects with boxes. An optimized prompt pro-
vides a more direct solution by prompt tuning through down-
stream data annotation to align regions without changing the
pre-training weights. Interestingly, we note text prompts, vi-
sual prompts, and optimized prompts represent object con-
cepts through high-dimensional vectors, so we use concept
prompts to represent these vectors in a unified way and di-
vide the whole model into two parts: detector and concept
prompt generation.

The detector part determines the universal detection ca-
pability of the model, so we build the detector based on
the SoTA DETR (Zhang et al. 2023) framework and exploit
the prompting information through effective cross-modal in-
teractions. For effective cross-modal interaction, we design
an efficient prompt visual hybrid encoder that updates vi-
sual and concept prompts via progressive single-scale fusion
(PSF) and multi-scale fusion gating (MFG), avoiding confu-
sion due to semantic gaps between different levels of visual
features. Due to DETR being a sparse detector framework,
we added an auxiliary detection head and a prompt multi-
label loss to facilitate the hybrid encoder to fully utilize dif-
ferent modal information in the interaction.

For the concept prompt generation part, CP-DETR sup-
ports both text prompts, visual prompts, and optimized
prompts. With text prompts, we use sentence-level represen-
tation to reduce computational overhead and encode them
via CLIP (Radford et al. 2021) encoder because of its better
discriminability using larger-scale contrast learning. For vi-
sual prompt, we design a visual prompt encoder that encodes
the bbox as a query and adaptively aggregates concept rep-
resentations from multi-scale features output by the visual
backbone. For optimized prompt, we design a super-class
representation prompt tuning method to further improve the
performance in downstream tasks by representing single cat-
egories through multiple vectors.

Through effective design, the CP-DETR demonstrates
amazing universal detection capabilities, e.g., Using text
prompt, it achieved a significant 32.2 zero-shot AP on the
ODinW35 (Li et al. 2022a). In the visual prompt interactive
evaluation, it achieved 68.4 AP on the COCO (Lin et al.
2014) val. Furthermore, using the optimized prompt method,
it outperforms the previous SoTA model (Zhang et al. 2022)
5.1 average AP on ODinW13 (Li et al. 2022a) and can com-
pete with full-model fine-tuned specialist models.

Related Work
Text Prompted Universal Detection
The recent work can be divided into early fusion and late fu-
sion, depending on the degree of exploitation of the prompt.
The late fusion-based method only utilizes the prompt in-
formation in the classification. ViLD (Gu et al. 2022),
RegionCLIP (Zhong et al. 2022) focuses on transferring

knowledge from CLIP to detection. The OWL-ViT (Min-
derer et al. 2022; Minderer, Gritsenko, and Houlsby 2023)
and DetCLIP series (Yao et al. 2022, 2023, 2024) tend
to directly align language and image regions through pre-
training, therefore scaling up the data to 10B and 50M lev-
els by pseudo-labeling, respectively. The early fusion-based
method considers the effect of the prompt on both classifi-
cation and localization, using the prompt as a condition for
image feature encoding. GLIP (Li et al. 2022b) fuses word-
level text prompts with multi-scale image features through
cross-attention and leverages grounding data to help learn
aligned semantics. Grounding DINO (Liu et al. 2023) fur-
ther proposes language-guided query selection and cross-
modality decoder to achieve denser fusion. Then, APE (Shen
et al. 2024) and GLEE (Wu et al. 2024) reduce the number
of text prompts using sentence-level text encoding methods,
significantly reducing the computational overhead of the fu-
sion layer, and thus allowing more negative categories to be
used during pre-training. However, previous work uses all
visual features to interact with prompts, ignoring the seman-
tic gap of features at different levels in the backbone. For
this reason, we design a hybrid encoder to achieve efficient
cross-modal interaction through progressive fusion from sin-
gle to global scales.

Visual Prompt
Unlike text prompts, visual prompts use image informa-
tion directly to refer to objects, avoiding misalignment due
to incorrect descriptions. Since late fused detectors have a
double-tower structure, work (Minderer et al. 2022; Zang
et al. 2022) adopts raw image as a visual prompt and lever-
ages image-text-aligned representation to transfer the con-
cept to a visual prompt. MQ-Det (Xu et al. 2023) uses a
mixed representation of visual prompts and text prompts. T-
Rex2 (Jiang et al. 2024) uses visual instructions to achieve
interactive detection, with input boxes and dots generating
visual prompts to avoid context loss in cropped images.

Optimized Prompt
The optimized prompt is generated by prompt tuning, which
has proved effective for alignment in the classification (Zhou
et al. 2022). PromptDet (Feng et al. 2022) uses this prompt
as the context of the text prompt to guide the classifica-
tion foundation model to achieve text and region alignment.
GLIP (Li et al. 2022b) aligns concepts in downstream tasks
by using optimized prompts as offsets to text prompts, not-
ing that deep cross-modal fusion is critical to improving the
effectiveness of prompt tuning. Recent work (Chen et al.
2024) directly learning prompts avoids the dependence on
text prompts and further improves performance. The speci-
ficity of prompt tuning is that the optimization object is the
activation value, which only reduces the alignment bias in
the downstream task without changing the model. There-
fore, we believe that the evaluation metrics of the optimized
prompt can better reflect detector universality.

Method
The overall architecture of the proposed CP-DETR is il-
lustrated in figure 1, which consists of two parts: concept
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Figure 1: Overall architecture of CP-DETR. First, the concept prompt generator (shown in green dashed box) encodes textual
descriptions, referring boxes, or annotations as concept prompts. Then, the detector encodes the image as multi-scale feature
maps and performs a cross-modal fusion of concepts and images using the proposed hybrid encoder (shown as the red dashed
box). Finally, the transformer decoder predicts results.

prompt generation and detection conditional on concept
prompts. We use concept prompt generators to encode dif-
ferent object references(e.g., text, box coordinates, etc.) into
uniform vector space, which represent the object concepts
and serve as conditional input detectors. With different con-
cept prompt generators, our model enables different work-
flows to handle alignment bias efficiently.

The detection part takes (prompts, image) pairs as in-
put and outputs object boxes for the prompt’s correspond-
ing concepts. For the image, the detector first obtains multi-
scale image feature maps in 256 dimensions by image back-
bone and channel mapping. In this paper, we only use four
scales: 1/8, 1/16, 1/32, and 1/64. Then, a prompt visual hy-
brid encoder, which contains progressive single-scale fusion
and multi-scale fusion gating, will be used for the mutual
fusion of prompt and image features. Following the previ-
ous work (Liu et al. 2023), after obtaining fused features,
900 object queries are initialized language-guided query se-
lection and updated by the 6-layer cross-modality decoder.
The training objectives for the transformer decoder are as
follows:

Ldecoder = Llocalization + Lalignment (1)

where Llocalization contains GIoU (Rezatofighi et al. 2019)
loss and L1 loss, and Lalignment is focal (Li et al. 2020)
loss.

Due to the sparsity of object query, which could cause hy-
brid encoder sub-optimization, we introduce prompt multi-
label classification loss and anchor-based auxiliary detection
head in training as auxiliary supervision to facilitate cross-
modal and cross-scale feature fusion. The auxiliary supervi-

sion part will be removed during inference.

Prompt Visual Hybrid Encoder
Previous early fusion-based work (Shen et al. 2024; Wu et al.
2024; Liu et al. 2023; Li et al. 2022b; Zhang et al. 2022)
fused full-scale image feature maps and prompts simultane-
ously, which ignores the semantic gaps that exist between
features at different scales. However, due to the lack of se-
mantic concepts and feature duplication, it is inefficient to
perform cross-modal interaction on low-level feature maps
in the early stages of fusion. Therefore, we use a progressive
single-scale fusion module that performs fusion scale-by-
scale from high-level feature maps. In order to avoid multi-
scale information loss during scale-by-scale fusion, we also
designed multi-scale fusion gating to enhance the fusion of
critical information.

Progressive Single-scale Fusion. The structure is illus-
trated in the left red dashed box of figure 1, which fol-
lows the top-down and bottom-up flow paths in (Zhao et al.
2024b; Liu et al. 2018). The deepest C6 ∈ RH/64×W/64×D

feature map has richer semantic concepts that help initially
establish the connection between prompt and visual. There-
fore, we first use a cross-modality multi-head attention (Li
et al. 2022b)(X-MHA) to fuse C6 and prompt P by:

C6t=1, P l+1 = X-MHA(C6t=0, P l) (2)
Where l denotes the number of prompt fusions, t ∈ (0, 1, 2)
denotes the stage, and 0,1,2 denotes no fusion, top-down fu-
sion, and bottom-up fusion, respectively.

Then, during top-down and bottom-up, we design a single
fusion layer, as shown in the yellow dashed box of figure 1,
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with two neighboring scales of image features and prompts
as inputs. Specifically, neighboring feature maps are con-
catenated in the channel to obtain the hybrid feature Cij ,
and the channels are adjusted through the linear layer and
block (Ding et al. 2021) to achieve cross-scale and implicit
cross-modal information fusion simultaneously. Then, using
X-MHA to direct cross-modal fusion, obtains the updated
prompt P l+1 and image features △C. Finally, the image
features Ct

j of j scale at stage t are output by element-wise
summation, which fuses △C with Cij after a linear layer.
The formula is as follows:

Cij = concat(resize(Ct
i ), C

t−1
j )

P l+1,△C = X-MHA(Block(Linear(Cij)), P
l)

Ct
j = △C + Linear(Cij)

(3)

Multi-scales Fusion Gating. To avoid information loss
due to scale-by-scale fusion processes, we propose to in-
teract simultaneously at multi-scale feature maps. The four-
scale feature maps are flattened and then concatenated in the
spatial dimension to form the full-scale feature Call. The fu-
sion process of Call and prompt P l from PSF is as follows:

P l+1, C
′

all = X-MHA(Call, P
l)

Pend = LN(Linear(ReLU(Linear(P l+1) ∗ P l)))

C
′′

all = DeformAttn(C
′

all)

(4)

Where DeformAttn is deformable self-attention (Zhu
et al. 2021), LN is Layernorm, Pend denotes final con-
cept prompts after full-scales information gating through dot
product, C

′′

all denotes the image partial output of the hy-
brid encoder after full-scale image feature interaction by de-
formable self-attention.

Auxiliary Supervision
In the DETR architecture of detector training, both clas-
sification and location losses are implemented on the ob-
ject queries. However, due to the number of object query
much smaller than the image features and using a one-to-
one set matching scheme of label assignment, encoder out-
put features get sparse supervision signals from the trans-
former decoder. We argue that these sparse supervision sig-
nals will reduce the learning efficiency of cross-scale and
cross-modal interactions in the hybrid encoder, leading to
sub-optimal results. Therefore, we introduce the auxiliary
detection head and prompt multi-label loss to apply addi-
tional supervision to image features and conceptual prompts,
respectively, which will facilitate fusion learning in the hy-
brid encoder.

Auxiliary Detection Head. We choose an anchor-based
detector head (Zhang et al. 2020) to facilitate training, which
was shown effective in closed-set detection (Zong, Song,
and Liu 2023). The auxiliary head employs one-to-many la-
bel assignment and computes losses by anchors whose num-
ber is normal to image features, thus applying denser and
direct supervision signals to image features. We use a con-
trastive layer to replace the classification layer in the closed-
set detector header and represent the category scores by the
similarity smn of prompt and image features as follows:
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Figure 2: The overall architecture of the visual prompt en-
coder. Coordinates of 2D boxes are encoded as query and
query position vectors, and the concept prompt is aggregated
from image features via three layers of deformable cross-
attention.

smn =
am × Linear(Pn

end)√
d

+ bias (5)

Where d is the number of feature channels, bias is a learn-
able constant, am denotes the image feature corresponding
to the m-th anchor, and Pn

end denotes the n-th concept vec-
tor. With this simple modification, the closed-set detector
head is converted to open-set form and thus can be used for
auxiliary supervision in pre-training with class uncertainty.
The training objectives are as follows:

Laux head = Lclass + Lcenterness + Liou (6)

where Lclass is focal loss, Lcenterness is binary cross en-
tropy loss, and Liou is GIoU loss.

Prompt Multi-label Loss. In open-set pre-training, there
are both positive prompts and a large number of nega-
tive prompts in each (image,prompts) pair, and the nega-
tive prompts don’t have a corresponding object in the im-
age. Therefore, we could count the positivity and negativity
of the prompts during the training process and automatically
generate a multi-label annotation of g. The concept prompts
output from the hybrid encoder are mapped to 1-dimensional
through a MLP layer, and the loss is computed as follows:

Lprompt = binary cross entropy(MLP (Pend), g) (7)

By applying a multi-label classification loss on a single
modality, the concept prompts need learning to leverage the
image information during the fusion process, thus reject-
ing the negative concept and retaining the positive prompts,
making the fused concept prompts more discriminative.
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Concept Prompt Generator
Text prompts successfully unify the training of different
datasets and achieve zero-shot detection through a unified
semantic space. However, due to alignment bias, the detector
is prone to associate with wrong objects when meeting long-
tailed or inaccurately described text in downstream tasks.
For ODinW (Li et al. 2022a), we observe that the perfor-
mance of all existing universal models with zero-shot signif-
icantly lags behind the closed-set trained models. Therefore,
in order to reduce the impact of alignment bias on models
in downstream tasks, CP-DETR also introduces two prompt
generation methods, namely visual prompts and optimized
prompts, to fully stimulate the universal detection capability
of pre-trained models.

Text Prompt. We select the pre-trained CLIP text encoder
to extract text features and use average pooling to aggregate
token-level text features into sentence-level concept prompt.
Only text prompts are used in CP-DETR pre-training, as this
strategy was demonstrated efficiently in previous work (Li
et al. 2022b). In order to reduce the detection hallucination,
which is predicting objects that are not present in the in-
put image, we randomly sampled 80 categories or descrip-
tions from the text dictionary as negative samples in the pre-
training. Unlike object detection datasets, Grounding and
Referring Expression Comprehension (REC) datasets lack
a unified category dictionary, so we construct a text dictio-
nary online via a memory bank during training. Then, in
pre-training, the overall training objective is a linear com-
bination of Ldecoder, Laux head, and Lprompt.

Visual Prompt. Figure 2 shows encoder structure, where
N normalized box coordinates are encoded by sine-cosine
position encoder to obtain vector r ∈ RN×128, which re-
spectively through two linear layers generates query embed-
ding q and query position embedding qpos. Then, concept
information is extracted from the image features by cross-
attention, with qpos limiting the extraction range to ensure
information is relevant to box content. We use three layers of
attention and concatenate the output query of each layer by
channel, and finally generate the concept prompt for the cor-
responding category through an aggregator, which is shown
in the dashed box in figure 2. When training the encoder,
we freeze the pre-training weights and use the box sam-
pling method of work (Jiang et al. 2024). Since we train the
encoder after pre-training, where text prompts can be con-
sidered as concept prompt ground truths on the pre-training
data, in addition to Ldecoder, we also use MSE loss for direct
supervision, with the overall training objective as follows:

Lvisual prompt =
1

K

K∑
i=0

(P i
v − P i

t )
2 + Ldecoder (8)

where K is the number of positive categories, Pv denotes the
concept prompt obtained by a visual prompt encoder, and Pt

denotes the concept prompt obtained by the text encoder.

Optimized Prompt. We freeze all model parameters and
initiate concept prompts with learnable embedding layers,

which are fine-tuned to get aligned concept prompts. In ad-
dition, we propose the super-class representation consider-
ing the case where different classes may be labeled as the
same class in downstream scenarios. Specifically, class I
corresponds to M prompts, and the correspondence is saved
through a mapping table. Finally, the maximum similarity
value was extracted from the M prompts as the classification
score. Since hybrid encoder optimization is not required, the
training objective contains only Ldecoder.

Experiments
Training Datasets
We use multiple datasets with region-text annotations
from different sources for joint training. For the ob-
ject level, we use publicly available detection datasets,
which contain Objects365 (Shao et al. 2019) (O365),
OpenImages(Kuznetsova et al. 2020) (OI), V3Det (Wang
et al. 2023), LVIS (Gupta, Dollar, and Girshick 2019)
and COCO (Lin et al. 2014) datasets. For grounding or
REC data, we used the GoldG (Kamath et al. 2021), Re-
fCOCO/+/g (Yu et al. 2016; Mao et al. 2016), Visual
Genome (Krishna et al. 2017) (VG) and PhraseCut (Wu
et al. 2020) datasets, with a memory bank set length of 1000
in pre-training. where GoldG, RefCOCO/+/g, we used the
cleaned labels from GLIP (Li et al. 2022b) and we com-
bined RefCOCO/+/g into RefC by removing duplicate sam-
ples. For GoldG, PhraseCut, and VG, where object phrases
are treated as categories. For RefC, we treat the entire de-
scription as a category. It is worth noting that the training
labels we use all come from publicly available datasets and
do not scale up the data by pseudo-labeling image-text pair
data as most work (Yao et al. 2024; Wu et al. 2024) does.

Implementation Details
In our experiments, we developed two model variants, CP-
DETR-T and CP-DETR-L, by using Swin-Tiny and Swin-
Large (Liu et al. 2021) as image backbone, respectively. We
used CLIP-L (Fang et al. 2024) as the text encoder in all
variants and only fine-tuned it during pre-training. For CP-
DETR-T, we use O365, V3Det, and GoldG for pre-training
with a total training epoch of 30. For CP-DETR-L, we train
1M iterations using all training datasets. In all experiments,
we use AdamW as the optimizer with weight decay set to
1e-4 and set a minibatch to 32 on 8 A100 40GB GPUs. In
pre-training, the learning rate was set to 1e-5 for the text
encoder and image backbone and 1e-4 for the rest of the
modules, and a decay of 0.1 was applied at 80% and 90% of
the total training steps. In visual prompt training, the O365,
V3Det, GoldG, and OI datasets are used, the learning rate
of the visual prompt encoder is set to 1e-4, and the training
is performed for 0.5M iterations. In the optimized prompt,
the learning rate of the embedding layer is set to 5e-2, the
total number of training epochs is 24, and a decay of 0.1 is
applied at 80% of the total training steps.

Evaluation Benchmark
We evaluated the universal detection ability on the COCO,
LVIS, ODinW (Li et al. 2022a) and RefCOCO/+/g bench-
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Method Backbone COCO LVIS RefC ODinW35
val test-dev minival val refcoco/+/g test

GLIP-T (Li et al. 2022b) Swin-T 46.3 - 26.0 17.2 50.4/49.5/66.1 19.6
Grounding-DINO-T (Liu et al. 2023) Swin-T 48.4 - 27.4 20.1 50.8/51.6/60.4 22.3
YOLO-World-L (Cheng et al. 2024) YOLOv8-L 45.1 - 35.4 - - -
DetCLIPv3-T (Yao et al. 2024) Swin-T 47.2 - 47.0 38.9 - -
T-Rex2-T (Jiang et al. 2024) Swin-T 45.8 - 42.8 34.8 - 18.0
CP-DETR-T Swin-T 52.0 52.2 47.6 39.9 43.7/42.2/52.6 27.3
GLIPv2-H (Zhang et al. 2022) Swin-H - 60.6 59.8 - - -
Grounding-DINO-L (Liu et al. 2023) Swin-L 60.7 - 33.9 - 90.6/82.8/86.1 26.1
OmDet-Turbo-B (Zhao et al. 2024a) ConvNeXt-B 53.4 - 34.7 - - 30.1
T-Rex2-L (Jiang et al. 2024) Swin-L 52.2 - 54.9 45.8 - 22.0
OWL-ST (Minderer, Gritsenko, and Houlsby 2023) CLIP L/14 - - 40.9 35.2 - -
UNINEXT-H (Yan et al. 2023) ViT-H 60.6 - 18.3 14.0 92.6/85.2/88.7 -
DetCLIPv2-L (Yao et al. 2023) Swin-L - - 44.7 36.6 - -
DetCLIPv3-L (Yao et al. 2024) Swin-L 48.5 - 48.8 41.4 - -
GLEE-Pro (Wu et al. 2024) ViT-L 62.0 62.3 - 55.7 91.0/82.6/86.4 -
APE(D) (Shen et al. 2024) ViT-L 58.3 - 64.7 59.6 84.6/76.4/80.0 28.8
CP-DETR-L Swin-L 62.8 62.7 65.9 60.3 90.7/81.4/85.6 32.2

Table 1: Comparison with state-of-the-art universal models on multiple datasets through text prompts. Black numbers indicate
zero-shot. Gray numbers indicate that the model pre-training contains the training parts of this dataset.
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DetCLIPv2-L (Yao et al. 2023) full 74.4 44.1 54.7 80.9 79.9 90 74.1 69.4 61.2 68.1 80.3 57.1 81.1 70.4
DetCLIPv3-L (Yao et al. 2024) full 76.4 51.2 57.5 79.9 80.2 90.4 75.1 70.9 63.6 69.8 82.7 56.2 83.8 72.1
GLIP-L (Li et al. 2022b) prompt 72.9 23.0 51.8 72.0 75.8 88.1 75.2 69.5 73.6 72.1 73.7 53.5 81.4 67.9
GLIPv2-H (Zhang et al. 2022) prompt 71.2 31.1 57.1 75.0 79.8 88.1 68.6 68.3 59.6 70.9 73.6 61.4 78.6 68.0
Grounding-DINO-T (Chen et al. 2024) prompt 71.7 34.2 53.0 75.8 73.4 88.1 75.6 74.3 58.7 68.0 73.6 52.3 81.5 67.7
CP-DETR-T prompt 74.2 37.7 54.4 78.4 75.5 88.1 72.0 72.8 61.0 72.9 75.9 54.4 82.2 69.2
CP-DETR-L prompt 80.5 47.9 60.3 77.5 79.0 90.4 76.4 77.0 68.9 73.4 81.5 55.9 81.5 73.1

Table 2: Comparison with state-of-the-art universal models on multiple datasets through fine-tuning. A tune of type full indicates
fine-tuning the full model. A tune of type prompt indicates optimizing prompt only.

Method Backbone COCO-val LVIS-minival ODinW35
T-Rex2-T Swin-T 56.6 59.3 37.7
T-Rex2-L Swin-L 58.5 62.5 39.7
CP-DETR-T Swin-T 61.8 64.1 41.0
CP-DETR-L Swin-L 68.4 71.6 50.6

Table 3: Comparison with universal models on multiple
datasets through interactive object detection.

marks. ODinW contains 35 real-world scenarios that can
reflect the model’s universality in downstream tasks. For
COCO, LVIS, and ODinW, the AP is an evaluation met-
ric. Following work (Liu et al. 2023), we also used RefCO-
CO/+/g to evaluate the ability of the model to understand
complex textual descriptions with the P@0.5 metric.

Comparison with Universal Detectors

By switching among the three concept prompt generation
methods, we demonstrate the universality and effectiveness
of CP-DETR as an object detection model, both in the pre-
training domain and downstream scenarios, while ensuring
state-of-the-art performance. In all evaluations, CP-DETR
only uses one weight.

Text Prompt Direct Evaluation. In this evaluation, we
use all category names or description sentences of the
benchmark as text prompt inputs, consistent with previous
work (Shen et al. 2024) settings. Depending on whether
the benchmark’s training set is used in pre-training, the text
prompt-based evaluation can be categorized into zero-shot
and full-shot. We primarily use CP-DETR-T to evaluate the
effectiveness of our method on zero-shot. As shown in ta-
ble 1, CP-DETR-T outperforms all similarly sized previous
models in COCO and LVIS benchmarking, with +3.6AP
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and +20.2AP compared to baseline Grounding DINO. The
method closest to ours in terms of zero-shot performance is
DetCLIPv3-T, which not only uses 1.61M of O365, V3Det,
and GoldG as we do, but also an extra 50M of private
data GranuCap50M, which indicates that our method is suf-
ficiently effective in terms of concept generalization. CP-
DETR-T has limitations on RefC, which we believe are due
to the pre-training containing only object phrases and lack-
ing the descriptive sentences required in the RefC evalua-
tion. On the ODinW35 benchmark, we observed that several
datasets showed significant quality issues in terms of anno-
tated category names, so we followed the APE (Shen et al.
2024) evaluation setup, and our CP-DETR-L set a new zero-
shot record with an average of 32.2AP across 35 datasets.

A universal model should have concept generalization ca-
pabilities and perform well in scenarios that have already
been seen in pre-training. Due to CP-DETR-L’s pre-training
data containing COCO, LVIS, and RefC, we use it for full-
shot comparisons with other state-of-the-art universal mod-
els. As shown at the bottom of table 1, the CP-DETR-
L simultaneously achieves state-of-the-art performance or
competitive performance in all object detection benchmarks,
with +2.1AP in COCO-val compared to baseline (Liu et al.
2023). On the RefC benchmark, CP-DETR achieved com-
parable results to Grounding DINO-L, showing that the sen-
tence feature as a concept prompt is sufficient to represent
complex textual descriptions. Notably for the COCO and
LVIS parts of the evaluation, the state-of-the-art APE (Shen
et al. 2024) and GLEE (Wu et al. 2024) performed well on
only one of them, even though they used a larger backbone
and stronger large-scale jittering data augmentation meth-
ods. And CP-DETR performs well on both benchmarks,
proving that our method remembers and distinguishes all
seen concepts well.

Fine-tuning Evaluation. Table 2 shows the comparison
results with the state-of-the-art universal detection models
on 13 subsets in ODinW, which are fine-tuned using prompt
or full model. Optimized prompts reduce alignment bias by
adjusting concept prompts and can truly reflect the univer-
sality of the detector. The significant performance advantage
of our approach in this setting, along with the +5.1AP com-
pared to GLIPv2-H (Zhang et al. 2022) in terms of aver-
age metrics, demonstrates the strong generalization of CP-
DETR in downstream scenarios, and we believe that this
advantage stems from our design, which better facilitates
the use of prompt information. Even compared to the ap-
proach of applying full model fine-tuning, CP-DETR-L still
achieved state-of-the-art or competitive performance in 13
subsets with only optimized prompts, and set a new record
of 73.1AP on average. This phenomenon indicates that CP-
DETR can achieve competitive performance with a spe-
cific model in downstream scenarios by using a pre-trained
weight, greatly enhancing the application value of the uni-
versal model in the real world.

Visual Prompt Interactive Evaluation. Since the con-
cept prompt generation of visual prompt requires boxes as
input, we use interactive evaluation, unlike the interactive
process of T-Rex2 (Jiang et al. 2024), we avoid introduc-

Row Model Set LVIS minival ODinW13
Zero-shot Full-shot

0 CP-DETR(base model) 44.3 64.0
1 replaced by DINO encoder 42.2 58.5
2 w/o MFG 42.8 62.3
3 add prompt multi-label loss 44.8 64.2
4 add row3 and auxiliary head 44.7 64.9
5 add row3, row4 and super-class 44.7 67.0

Table 4: Ablations for our model with a Swin-T backbone.
The full shot is achieved by the optimized prompt.

ing category priors. For the test image with M total dataset
categories and N positive categories, we randomly chose a
GT box as the visual prompt input for the positive category
and used text prompts for the remaining M − N negative
categories. As shown in table 3, our method significantly
outperforms previous work (Jiang et al. 2024) in all bench-
marks. CP-DETR is the first to implement interactive detec-
tion based on visual prompts in the early fusion paradigm,
which is more effective in exploiting prompt information
than the late fusion paradigm (Jiang et al. 2024). Comparing
table 1 and 3, it can be observed that visual prompts outper-
form text prompts, with +18.4AP on ODinW35, indicating
that visual prompts can reduce alignment bias and have a
strong application in interactive scenarios such as auxiliary
labelling.

Ablation
In this section, we conducted ablation experiments. The dif-
ferent variants models all use the Swin-T backbone and are
trained on O365, V3Det, and GoldG for 12 epochs. In or-
der to show the impact of various components on the uni-
versality of the detector, we not only performed a zero-shot
evaluation on LVIS but also employed a full-shot optimized
prompt on ODinW13.

Table 4 demonstrates the effectiveness of the different de-
signs, where row 0 is the CP-DETR base model without
the inclusion of auxiliary supervision and super-class rep-
resentation. The prompt visual hybrid encoder was ablated
in rows 1 and 2; the results show that the hybrid fusion
approach of PSF and MSG reduces the difficulty of align-
ment and contributes to the zero-shot generalization of con-
cepts, and the metric is improved by 0.6AP and 1.5AP on
LVIS, respectively. The hybrid encoder is the most impor-
tant improvement, with the ODinW13 full-shot metric up-
graded from 58.5AP in row 1 to 64.0AP . This improvement
reveals the importance of effective cross-modal fusion for
universal location, encouraging the model to decode object
boxes based on information in the prompt. Rows 3 and 4 ex-
periments show that auxiliary supervision facilitates the hy-
brid encoder in learning cross-modal knowledge during the
training phase and modestly improves the zero-shot and full-
shot metrics performance. Row 5 further adds super-class in
prompt fine-tuning, with the number set to 10 in the experi-
ment, i.e., 10 prompt vectors represent a category. This de-
sign can effectively handle situations where different objects
in downstream scenes are represented in the same category,
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thus further improving the ODinW13 metric to 67.0AP . See
the Technical Appendix for more results.

Conclusion
In this paper, we propose a universal detector CP-DETR
that enables prompt-conditional detection through efficient
prompt visual fusion. We focus on downstream applica-
tions and achieve SoTA zero-shot performance through text
prompts. Furthermore, with visual prompt and optimized
prompt, CP-DETR with only one weight can compete with
the full model fine-tuned methods in downstream scenarios,
demonstrating its superior universality.
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