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Abstract

Open-vocabulary object detection aims to detect arbitrary
classes via text prompts. Methods without cross-modal fu-
sion layers (non-fusion) offer faster inference by treating
recognition as a retrieval problem, i.e., matching regions
to text queries in a shared embedding space. In this work,
we fully explore this retrieval philosophy and demonstrate
its unique advantages in efficiency and versatility through a
model family named WeDetect: (1) State-of-the-art perfor-
mance. WeDetect is a real-time detector with a dual-tower
architecture. We show that, with well-curated data and full
training, the non-fusion WeDetect surpasses other fusion
models and establishes a strong open-vocabulary founda-
tion. (2) Fast backtrack of historical data. WeDetect-Uni
is a universal proposal generator based on WeDetect. We
freeze the entire detector and only finetune an objectness
prompt to retrieve generic object proposals across cate-
gories. Importantly, the proposal embeddings are class-
specific and enable a new application, object retrieval, sup-
porting retrieval objects in historical data. (3) Integra-
tion with LMMs for referring expression comprehension
(REC). We further propose WeDetect-Ref, an LMM-based
object classifier to handle complex referring expressions,
which retrieves target objects from the proposal list ex-
tracted by WeDetect-Uni. It discards next-token predic-
tion and classifies objects in a single forward pass. To-
gether, the WeDetect family unifies detection, proposal gen-
eration, object retrieval, and REC under a coherent re-
trieval framework, achieving state-of-the-art performance
across 15 benchmarks with high inference efficiency. Code
is available at https://github.com/WeChatCV/
WeDetect.

1. Introduction
Recognition is a central problem in computer vision. At
the image level, the field has progressed from closed-set
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image classification [10, 20, 25] to open-vocabulary im-
age retrieval powered by large-scale image–text contrastive
learning [48]. In parallel, open-vocabulary object detec-
tion [12, 15, 16, 35, 39, 41] extends beyond the fixed la-
bel spaces of closed-set detectors [3, 13, 14, 50], allowing
recognition and localization of arbitrary categories specified
by textual prompts. By aligning region features with text
embeddings, open-vocabulary detectors can achieve zero-
shot region recognition without task-specific training.

To improve vision–language alignment, recent open-
vocabulary object detectors [16, 35, 41] employ various
deep cross-modal fusion mechanisms. While achieving
high accuracy, their computationally intensive fusion layers
substantially degrade inference efficiency. Moreover, the
fusion makes visual features query-specific, preventing fea-
ture sharing across different textual prompts. For example,
evaluating Grounding-DINO [41] on LVIS [19] containing
1,203 categories with a chunk size of 40 requires 31 sepa-
rate forward passes, resulting in several seconds of latency
per image and limiting practical deployment.

In contrast, non-fusion methods adopt a dual-tower ar-
chitecture and enjoy a fast inference speed. We notice a key
characteristic of the non-fusion paradigm, i.e., its recog-
nition is similar to the retrieval problem, which matches
image regions against text queries in a shared embedding
space. This formulation enjoys unique advantages in effi-
ciency and versatility. Motivated by this insight, we fully
explore the retrieval-inspired philosophy through a model
family named WeDetect: (1) WeDetect, a strong detec-
tion foundation with real-time latency and superior open-
vocabulary object detection performance; (2) WeDetect-
Uni, a universal proposal generator supporting fast back-
track of historical data; and (3) WeDetect-Ref, an LLM-
based REC model for complex expression detection. They
are demonstrated as follows:

WeDetect is finetuned from a pretrained CLIP model,
comprising a text encoder for encoding class names and
a visual encoder for extracting multi-scale visual features.
Classification is performed via dot products between class
embeddings and image grid features. Rather than relying on
deep fusion, we employ three key techniques to achieve su-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

20377

https://github.com/WeChatCV/WeDetect
https://github.com/WeChatCV/WeDetect


perior open-vocabulary object detection performance with
efficient inference: (1) Model pretraining: WeDetect is fine-
tuned from a strong, well-pretrained CLIP model to inherit
robust open-vocabulary capabilities; (2) Model architec-
ture: As mainstream CLIP variants typically adopt a ViT en-
coder [10], whose plain design is suboptimal for detection,
we pretrain a CLIP variant with a ConvNeXt [42] back-
bone that naturally provides multi-scale features; and (3)
Training data: We develop a data engine to curate a high-
quality dataset characterized by balanced concepts, exhaus-
tive annotations, and multi-granularity labels, comprising
15M images and 330M bounding boxes. Together, these
design choices enable WeDetect to deliver strong open-
vocabulary object detection performance and fast inference
without resorting to deep fusion.

Building on WeDetect, we introduce a universal pro-
posal generator, WeDetect-Uni. We freeze the entire de-
tector and train only an objectness embedding for classifi-
cation. As the detector is frozen, the box embeddings corre-
sponding to the top-scoring proposals remain class-specific
and can therefore be used for class-specific classification.
By caching proposals together with their box embeddings,
we enable fast object retrieval via a CLIP-style dot prod-
uct. On this basis, we propose a new application, object
retrieval, which aims to retrieve images containing user-
specified objects even when they are small (e.g. cigarette
butts). This fine-grained, local retrieval task complements
CLIP’s conventional image-level retrieval.

To further handle complex expressions in Referring
Expression Comprehension (REC), we employ an LMM-
based classification model, WeDetect-Ref. Given the top-
scoring proposals produced by WeDetect-Uni together with
the query expression, WeDetect-Ref retrieves the target ob-
jects by applying a newly designed binary classification
head over the candidate proposals. The model processes
all objects in parallel and the prediction is conducted in a
single forward pass, eliminating the time-consuming next-
token prediction which decodes objects sequentially. This
retrieval-based paradigm avoids the bounding box regres-
sion drawback derived from language modeling and the
slow inference speed derived from next-token prediction,
while fully leveraging LLM’s language understanding and
open-vocabulary capabilities to achieve fast and accurate
classification.

Leveraging the retrieval-based methodology, the WeDe-
tect family demonstrates strong open-vocabulary capabil-
ity with exceptionally high inference throughput. Specifi-
cally, WeDetect-Tiny attains 37.4 AP on LVIS minival and
31.4 AP on LVIS at 62.5 fps, surpassing YOLO-World-
L [6] by 2.0 and 4.6 AP, respectively, while YOLO-World-L
runs at 54.6 fps. By scaling up the model, WeDetect-Large
achieves 49.4 AP on LVIS, outperforming LLMDet [16] by
7.4 AP. In the object retrieval task, WeDetect-Uni outper-

forms CLIP [48] by 37.2 F1 scores, showing its unique ad-
vantage in fine-grained perception. Moreover, WeDetect-
Ref 4B gets an average score of 93.2 on refcoco/+/g [26],
exceeding Qwen3-VL [1] 4B by 6.5 points with a 13×
speedup. We hope that this retrieval paradigm can be
broadly adopted by the research community.

2. Related Work

2.1. Open-Vocabulary Object Detection
Open-vocabulary object detection aims to detect objects
with text prompts, requiring fine-grained vision-language
alignment. To construct a unified vision-language space,
previous works mainly focus on four aspects: (1) Train-
ing data constructions: GLIP [35] first unifies object detec-
tion and phrase grounding through region-word contrastive
pre-training, which can leverage massive image-text pairs
for training. The vast vocabulary existing in the web-scale
image-text pairs builds a robust vision-language space. Fur-
ther, constructing hard negative samples [34, 66, 67, 75] can
provide richer supervision and achieve fine-grained align-
ment. By scaling up data and computation [47, 67], models
can achieve impressive zero-shot performance. (2) Train-
ing objective: In addition to region-word contrastive learn-
ing, unifying other language tasks, including mask language
modeling [72], dense captioning [43, 68], and co-training
with a large language model [16], enriches visual represen-
tations with language knowledge, thus creating a stronger
open-vocabulary detector. (3) Vision-language fusion lay-
ers: Deep vision-language fusion layers [11, 18, 35, 41, 58]
that jointly integrate visual and textual features can fur-
ther improve vision-language alignment. However, these
computationally intensive fusion layers greatly reduce in-
ference efficiency. And the extracted vision features can
not be shared across different queries. (4) Model distilla-
tion: Other methods [14, 15, 17, 60] aim to distill the open-
vocabulary knowledge from other foundation models. In
this work, we revisit the deep fusion architecture and pro-
pose a family of models with plain architecture following
the retrieval methodology.

2.2. Large Vision-Language Model
Large Vision-Language Models (LVLMs) [1, 2, 5, 62],
pretrained on massive corpus, show not only professional
world knowledge and reasoning ability but also superior
visual perception and understanding ability. Therefore,
LVLMs excel at open-vocabulary perception. To extend
LVLMs with region perception ability [36, 70, 71, 73], each
object will be encoded into special tokens separately. How-
ever, the language modeling mechanism constrains them for
precise object localization, as digits are encoded into sep-
arate discrete tokens and are optimized via cross-entropy
loss. To eliminate the regression drawback, some meth-
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Figure 1. The WeDetect model family: (a) WeDetect is an open-vocabulary object detector with a dual-tower architecture without any
multi-modal fusion layers. (b) WeDetect-Uni is a universal proposal generator whose parameters are shared with WeDetect except for a
learnable objectness prompt for classification. (c) WeDetect-Ref is an LLM-Based REC model, which can retrieve target objects from
proposals provided by WeDetect-Uni corresponding to user-provided expressions.

ods [30, 55, 56] utilize an extra decoder to decode object to-
kens, while others [22, 24, 40, 74] pre-extract some propos-
als for LLMs to refer to. However, these methods still fol-
low the next-token prediction mechanism, in which objects
are decoded sequentially. Therefore, the inference speed is
greatly constrained. In this work, we follow the retrieval
methodology and utilize the LLM as a classifier to process
objects in parallel.

3. WeDetect: A Strong Detection Foundation
In this work, we aim to develop a simple and fast open-
vocabulary object detector with diverse usages following
the retrieval methodology. Based on the goal, we discard
the time-consuming fusion layers. In contrast, we adopt
the dual-tower architecture from CLIP [48] and extend it
to region-wise perception. To achieve fine-grained vision-
language alignment, we make great efforts in dataset con-
struction and model training, which are detailed as follows.

3.1. Model Architecture
WeDetect is a dual-tower architecture model, as shown in
Figure 1(a). The language encoder is initialized from XLM-
RoBERTa [7] while the vision encoder follows a YOLO-
like architecture containing a ConvNeXt [42] backbone to
produce multi-scale features, a CSPRepBiFPAN neck [32],
and a YOLO-World [6] contrastive head. The loss functions
and label assignment strategy are all the same as YOLO-
World, which is a region-text contrastive loss for classifi-
cation along with a box regression loss. Different from
YOLO-World, we do not use any fusion layers within the
neck. And classification is simply conducted via the dot
product between image grid features and class text embed-
dings. This simple and elegant architecture ensures a high

inference speed.

3.2. Dataset Construction
A high-quality dataset should be rich in diversity and ac-
curate in annotations. Although open-sourced grounding
datasets (e.g. GoldG [35]) contain diverse text expressions,
they are limited in dataset size, image diversity, annotation
integrity, and annotation diversity. Therefore, we collect
a large-scale grounding dataset with balanced-sampled im-
ages and well-annotated labels.
Source image sampling. We first sample source im-
ages from various datasets, including SAM-1B [28],
LAION [52], CC12M [4], Zero [64], and self-crawled im-
ages from licensed websites. The raw captions paired with
images (if they exist) are used for selecting some rare nouns
to balance the concepts. Totally, source images comprise
15M samples with a wide span of concepts from various
domains, ensuring high image diversity.
Box annotation pipeline. We further propose an auto-
matic data engine to annotate images with high-quality and
multi-granularity labels, as shown in Figure 2. To ensure
high text diversity, we resort to generative methods to gen-
erate instance-specific annotations. Specifically, we first
train an objectness detector with all available object detec-
tion datasets. The objectness detector recalls all objects
within the image, which ensures the integrity of annota-
tions. Then, a modern MLLM Qwen2.5-VL 7B [2] is used
to generate instance-specific hierarchical labels. For exam-
ple, as shown in Figure 2, a dog will be annotated as “an-
imal, dog, a yellow dog”. In our experiments, these multi-
granularity labels greatly enrich the text diversity and im-
prove the performance. To ensure label quality, we fine-
tune the Qwen2.5-VL model with a human-annotated in-
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Figure 2. The proposed data engine. We first use an objectness detector to detect all regions of interest along with masks produced by
SAM. Then, an LMM is used to generate multi-granularity and instance-specific labels for each object. The LMM is finetuned by us to
ensure high-quality labeling and structural output.

struction dataset to enhance two crucial abilities: structural
output and rejecting recognition. Structural output requires
the model to output the label with a fixed template, first out-
putting coarse-grained labels and then fine-grained labels.
And the model with rejecting recognition will not generate
labels for erroneous boxes, which also serves as a validation
for the previous proposal generation. These boxes will be
discarded. Further, to enhance Qwen2.5-VL’s local aware-
ness, we highlight the object boundaries in the original im-
age with the mask produced by SAM [28] along with the
textual box coordinates as the model inputs. Once the an-
notator is trained, it can annotate remaining images without
human supervision.

In summary, our self-annotated dataset contains 15M
samples and 330M bounding boxes. We also include
other open-sourced object detection and grounding datasets
for training, including OpenImagesV6 [29], Objects365
V2 [53], V3Det [59], ImageNetBox [9], and GoldG [35].
Details are shown in the Appendix.

3.3. Model Training

Staged-wise training method. To equip the model with the
basic open-vocabulary ability, we first pretrain the model
with a CLIP-like image-level contrastive objectiveness on
a large-scale image-text dataset. The resulting checkpoints
are used for initializing the visual backbone and the lan-
guage encoder of WeDetect. As the neck and the head are
still randomly initialized, in the second stage, we freeze the
visual backbone and the language encoder, and only train
the remaining components. In the last stage, all parame-
ters are trained in an end-to-end manner. This staged-wise
training method can fully leverage the pretraining knowl-
edge while adopting it from image-level to region-level.

Multi-granularity label sampling. In our self-collected
dataset, each object is annotated with multi-granularity la-
bels. We propose a multi-granularity label sampling method
as a kind of data augmentation, which independently sam-
ples a label from the candidate list for each object during
each training iteration. The fine-grained and diverse text
labels will not only provide rich supervision for the single
object but also construct a diverse and training-time-specific
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Figure 3. Illustration of applying WeDetect-Uni to the object re-
trieval task. We first use WeDetect-Uni to extract some regions
of interest. And the box embeddings corresponding to the top-
scoring proposals are cached to represent the image. Once a query
comes, only a simple dot production is needed for fast retrieval.

vocabulary for the whole batch, providing diverse negative
samples for learning. This data augmentation greatly boosts
the open-vocabulary performance.

4. WeDetect-Uni: A Universal Proposal Gener-
ator

Extracting arbitrary objects via a universal objectness
prompt. In this section, we extend WeDetect to a universal
proposal generator, WeDetect-Uni, without user-provided
text prompts. Specifically, as shown in Figure 1(b), we
freeze the entire detector and train a universal objectness
prompt for classification, which is kind of linear probing
finetuning. Based on WeDetect’s discriminative features,
only a single learnable prompt is needed for high recall
rates. Importantly, different from other class-agnostic pro-
posal networks [50], the box embeddings corresponding to
the top-scoring proposals are still class-specific, which can
be used for classification and serve as the basis for the fol-
lowing new application.
A new local object retrieval task. In this work, we propose
a new task, object retrieval, in which models should retrieve
all images containing a user-specified object category from
a database. Different from the image-text retrieval task,
where the query focuses on the global image semantics, the
object retrieval task pays attention to the local semantics,
such as small objects like “cigarette butts”, which comple-
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ments the image-level retrieval task. This task is valuable
for keyword image retrieval, image content examination and
verification, and other real-world applications. For evalu-
ation, the new task can be conducted on common object
detection datasets, where class names are user queries, the
whole validation set is the database, and images containing
class-specific annotations constitute the ground truth image
set. The evaluation is conducted between the ground truth
image set and the predicted image set, and the metrics are
precision, recall, and F1 score.

Applying WeDetect-Uni to the object retrieval task. Dif-
ferent from CLIP, where each image is encoded as a single
embedding, we use a set of object embeddings to represent
an image. As shown in Figure 3, we use WeDetect-Uni to
detect all regions of interest. The box embeddings corre-
sponding to the top-scoring proposals are pre-extracted and
cached to represent the image. Once a new query arrives, a
simple dot production is needed for fast retrieval.

5. WeDetect-Ref: An LLM-Based REC Model

5.1. Formulating REC as Retrieval

In real-world applications, user queries can be much more
complex by specifying appearances, materials, locations,
and even requiring some reasoning ability based on com-
mon sense, which needs deep language and semantic under-
standing and poses great challenges to traditional detectors.
Inspired by recent frontier large vision-language models,
we aim to use them to handle the complex referring expres-
sion comprehension (REC) task. However, two crucial chal-
lenges should be tackled: First, as large language models
(LLMs) are trained with the language modeling objective
rather than the regression objective, in which digits are rep-
resented as discrete tokens and optimized by cross-entropy
loss, making the model less sensitive to the precise bound-
ing boxes. Second, LLMs work in a next-token prediction
manner, in which tokens should be generated sequentially
with multiple model forward passes, resulting in extremely
long model latency. Motivated by VideoITG [61], we for-
mulate the REC task as a retrieval task and simply use the
large language models as a classifier to retrieve target ob-
jects from a pre-extracted candidate list.

Specifically, we first use WeDetect-Uni to extract some
objects of interest as the object candidate list {Bi}ni=1. As
shown in Figure 1(c), for each object, we extract its mul-
tiscale RoI features from the MLLM’s visual encoder and
then compress them to a single token {oi}ni=1 via a linear
object projector. The full image tokens I , the user query q,
and object tokens {oi}ni=1 are concatenated and sent to the
LLM for classification. The classification is conducted by
applying a newly introduced binary classification head over
the hidden embeddings of object tokens to decide whether

the object belongs to the query:

{hi}ni=1 = LLM(I, q, {oi}ni=1), (1)
{si}ni=1 = Sigmoid(Classifier({hi}ni=1)) ∈ [0, 1], (2)

where {si}ni=1 are classification scores for each object.
In this paradigm, the LLM only acts as a classifier to re-

trieve target objects corresponding to the query from a class
agnostic candidate list, which enjoys two advantages: First,
this retrieval-based paradigm avoids the bounding box re-
gression drawback derived from language modeling while
fully leveraging LLM’s language understanding and open-
vocabulary capabilities to achieve fast and accurate clas-
sification. Second, this retrieval-based paradigm discards
the next-token prediction mechanism so that the prediction
can be conducted in a single model forward pass, achiev-
ing a superior inference speed. Although the retrieval-based
paradigm is briefly explored by previous works [22, 74],
they still follow the next-token prediction mechanism thus
limiting the inference speed.

5.2. A Three-Stage Training Recipe
In this work, we use Qwen3-VL [1] as our base MLLM and
extend it with fine-grained region perception ability by a
three-stage training recipe.
Stage 1: Region projector training. In our model, we in-
troduce a new special token “⟨object⟩” as a placeholder for
each object. For each object, we use RoIAlign to extract
its multi-scale features from the last visual feature map and
other deep stack visual feature maps. We use a linear layer
as the region projector to compress RoI features into a sin-
gle token. The bounding boxes will be encoded as position
embeddings and added to object tokens. Then, the place-
holder is replaced by the object token before sending to the
LLM. In this stage, we only finetune the newly introduced
region projector with a 700K image-level and region-level
caption dataset. The data format is shown as follows:

user: ⟨image⟩ Describe the object ⟨object⟩ briefly.
assistant: far right guy.

Stage 2: Region perception finetuning. In this stage, we
further finetune the LLM and projector to better align with
the object tokens, while the vision encoder is still frozen. In
addition to caption data, we include many other image-level
and region-level instruction tuning data (around 1.7M data)
with the same format as above. After finetuning, the LLM
can perceive specific objects accurately.
Stage 3: Region classification finetuning. In the last stage,
we finetune the LLM into a classifier model. We discard the
original language modeling head, and instead train a binary
classification head. The classification head is only applied
over the hidden embeddings of object tokens. To process
a list of objects at once, we formulate the data template as
follows:
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Table 1. Zero-shot detection performance. WeDetect achieves state-of-the-art performance across various model scales. Gray numbers
indicate including COCO data in training. FPS is tested on COCO dataset.

Method Backbone Resolution #Params FPS LVISminival LVIS COCO COCO-O ODinW13 ODinW35
AP APr APc APf AP APr APc APf AP AP AP AP

YOLO-World-L [6] YOLOv8-L 640*640 48M 54.6 35.4 27.6 34.1 38.0 26.8 19.8 23.6 33.4 44.9 32.5 38.4 17.1
YOLOE-8-L [57] YOLOv8-L 640*640 45M - 35.9 33.2 34.8 37.3 - - - - - - - -
WeDetect-Tiny ConvNext-T 640*640 33M 62.5 37.4 33.3 36.8 38.8 31.4 24.7 29.2 36.8 44.9 38.6 46.4 21.1
GLIP [35] Swin-T 800*1333 232M 5.4 26.0 20.8 21.4 31.0 17.2 10.1 12.5 25.2 46.1 29.0 46.5 19.6
Grounding-DINO [41] Swin-T 800*1333 172M 6.0 27.4 18.1 23.3 32.7 20.1 10.1 15.3 29.9 48.4 37.6 51.4 22.7
DetCLIP [66] Swin-T 800*1333 - - 35.9 33.2 35.7 36.4 28.4 25.0 27.0 28.4 - - 43.3 -
DetCLIPv2 [67] Swin-T 800*1333 - - 40.4 36.0 41.7 40.4 32.8 31.0 31.7 34.8 - - - -
DetCLIPv3 [68] Swin-T 800*1333 - - 47.0 45.1 47.7 46.7 38.9 37.2 37.5 41.2 47.2 38.5 - -
T-Rex2 [21] Swin-T 800*1333 - - 42.8 37.4 39.7 46.5 34.8 29.0 31.5 41.2 45.8 - - 18.0
OV-DINO [58] Swin-T 800*1333 - - 40.1 34.5 39.5 41.5 32.9 29.1 30.4 37.4 50.2 - - -
MM-GDINO [76] Swin-T 800*1333 172M 6.0 41.4 34.2 37.4 46.2 31.9 23.6 27.6 40.5 50.4 34.0 52.5 23.1
LLMDet [16] Swin-T 800*1333 172M 6.0 44.7 37.3 39.5 50.7 34.9 26.0 30.1 44.3 55.6 36.1 52.1 23.8
DINO-X Edge [51] EfficientViT-L2 640*640 - 19.8 44.5 41.4 47.3 42.6 38.4 38.9 38.3 38.2 48.7 - - -
WeDetect-Base ConvNext-B 640*640 176M 35.1 47.3 43.5 45.9 49.3 41.4 35.2 39.5 46.2 52.1 44.1 53.1 24.6
GLIP [35] Swin-L 800*1333 430M 3.1 37.3 28.2 34.3 41.5 26.9 17.1 23.3 36.4 49.8 - - -
Grounding-DINO [41] Swin-L 800*1333 343M 2.1 33.9 22.2 30.7 38.8 – – – – 52.5 - - 26.1
DetCLIP [66] Swin-L 800*1333 - - 38.6 36.0 38.3 39.3 28.4 25.0 27.0 31.6 - - 50.0 24.9
DetCLIPv2 [67] Swin-L 800*1333 - - 44.7 43.1 46.3 43.7 36.6 33.3 36.2 38.5 - - - -
DetCLIPv3 [68] Swin-L 800*1333 - - 48.8 49.9 49.7 47.8 41.4 41.4 40.5 42.3 48.5 48.8 - -
LLMDet [16] Swin-L 1000*1560 343M 2.1 50.6 41.7 46.2 56.1 42.0 31.6 38.8 50.2 59.2 53.2 53.3 24.6
T-Rex2 [21] Swin-L 800*1333 - - 54.9 49.2 54.8 56.1 45.8 42.7 43.2 50.2 52.2 - 50.3 22.0
WeDetect-Large ConvNext-L 1280*1280 490M 6.0 55.0 51.1 54.5 56.1 49.4 43.3 48.2 53.5 54.5 47.0 53.4 25.8

user: ⟨image⟩ Please detect the “CLASSNAME” in
the image.
assistant: ⟨object⟩⟨object⟩⟨object⟩⟨object⟩⟨object⟩

where the “CLASSNAME” will be replaced by the user-
provided categories or expressions and the number of
⟨object⟩ equals the number of proposals. We collect some
open-sourced object detection datasets and referring expres-
sion comprehension datasets containing 4M samples for
training. Details are summarized in the Appendix. For
the loss function, we use sigmoid focal loss [38] with IoU
as soft labels. All proposals with an IoU greater than 0.5
with any ground truth bounding box are treated as positive
samples. In this stage, the trainable parameters are also the
LLM and the projector. Other implementation details will
be provided in the Appendix.

6. Experiment

6.1. Main Result

WeDetect achieves superior open-vocabulary object de-
tection performance with a faster inference speed. To
demonstrate the open-vocabulary capacity, we evaluate
WeDetect on various object detection benchmarks in a zero-
shot manner, including LVIS [19], COCO [37], COCO-
O [46], and ODinW [31]. LVIS is a large vocabulary
dataset with 1203 classes and a long-tail distribution, requir-
ing recognition of a wide span of objects. COCO contains
80 common object categories in everyday scenes, while
COCO-O retains the same categories but extends them to
six distinct domains, posing a challenge for cross-domain
generalization. ODinW includes 35 diverse object detec-
tion datasets with different vocabularies, offering a com-
prehensive test of zero-shot transferability. As shown in
Table 1, WeDetect achieves state-of-the-art performance

across different model scales. Specifically, WeDetect-Tiny
outperforms YOLO-World-L [6] by 2.0 AP on LVIS mini-
val, 4.6 AP on LVIS, 6.1 AP on COCO-O, 8.0 AP on
ODinW13, and 4.0 AP on ODinW35, while running at
a faster speed. When scaling up model size, WeDetect-
Large outperforms the previous SOTA model T-Rex2 [21]
by 3.6 AP on the challenging LVIS benchmark. These re-
sults highlight WeDetect’s superior open-vocabulary recog-
nition ability. More importantly, without cross-modal fu-
sion layers, WeDetect runs at an extremely fast speed.
WeDetect-Tiny runs at a 62.5 fps, surpassing YOLO-World,
despite the latter is optimized for efficient inference. Fur-
ther, WeDetect-Base and WeDetect-Large exceed Ground-
ingDINO [41] by 6 times and 3 times in speed but with
higher performance. These results demonstrate the superior
advantages of the dual-tower architecture.

WeDetect-Uni gets high recall rates with only a learn-
able prompt. Based on the strong detection foundation
WeDetect, WeDetect-Uni only trains a learnable prompt for
universal proposal generation. We evaluate the recall rates
on three benchmarks: COCO [37], LVIS [19], and PACO-
LVIS [49]. Note that the three benchmarks share the same
images but with different annotation granularities. COCO
has only 80 classes, while LVIS extends the vocabulary
to 1203 classes, and PACO further annotates object parts.
The multi-granularity annotations construct an ideal bench-
mark for universal proposal generation. As shown in Ta-
ble 3, WeDetect-Large-Uni achieves the highest recall rates
on all datasets with a frozen detector, which demonstrates
the highly discriminative features of WeDetect.

WeDetect-Uni enjoys unique advantages in the region-
wise object retrieval task. In this work, we propose a new
application, denoted as object retrieval, which aims to re-
trieve images with user-specified objects. We use common
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Table 2. Evaluation results on common referring expression comprehension datasets. The evaluation metric for RefCOCO, RefCOCO+,
and RefCOCOg is the Top-1 accuracy. FPS is tested on the RefCOCO dataset.

Method FPS RefCOCO RefCOCO+ RefCOCOg HumanRef
val testA testB val testA testB val test Avg. P R DF1 Rej.

Grounding-DINO-L [41] 3.1 90.6 93.2 88.2 82.8 89.0 75.9 86.1 87.0 86.6 33.1 75.2 23.3 -
Qwen2.5-VL 3B [2] - 89.1 91.7 84.0 82.4 88.0 74.1 85.2 85.7 85.0 - - - -
Qwen2.5-VL 7B [2] - 90.0 92.5 85.4 84.2 89.1 76.9 87.2 87.2 86.6 68.5 52.5 56.2 7.1
InternVL2.5-8B [5] - 90.3 94.5 85.9 85.2 91.5 78.8 86.7 87.6 87.6 37.9 29.8 31.9 54.9
InternVL3.5-8B [62] - 92.4 94.7 88.7 87.9 92.4 82.4 89.6 89.4 89.7 - - - -
InternVL3.5-38B [62] - 90.3 91.8 89.0 87.5 90.0 84.7 89.7 89.9 89.1 - - - -
InternVL3.5-241B-A28B [62] - 94.1 96.3 91.5 91.6 94.6 86.9 92.0 92.1 92.4 - - - -
Qwen3-VL-235B-A22B Thinking [1] - - - - - - - - - 92.4 - - - -
Octopus 7B [74] - 89.0 92.6 83.4 83.6 89.4 76.0 84.3 86.3 85.6 - - - -
VLM-R1 3B [54] - 90.1 92.3 85.2 84.2 89.4 76.8 85.6 86.8 86.3 - - - -
Rex-Omni 3B [23] - 86.6 89.5 82.8 79.6 84.8 71.4 85.3 86.2 83.3 79.3 80.1 75.6 -
ChatRex 7B [22] - 91.0 94.1 87.0 89.8 91.9 79.3 89.8 90.0 89.1 72.2 50.4 55.6 0.0
VLM-FO1 3B [40] - 91.1 93.7 87.6 86.4 91.9 80.6 88.9 88.3 88.6 87.1 83.3 82.6 -
RexSeek 7B [24] - - - - - - - 84.0 84.4 - 85.8 85.9 82.4 54.1
Qwen3-VL 2B [1] 0.6 88.2 91.0 83.1 78.6 85.2 70.4 84.7 85.0 83.3 69.7 58.2 60.2 20.6
Qwen3-VL 4B [1] 0.4 90.7 92.2 86.7 82.9 89.4 75.6 87.3 87.7 86.6 76.7 65.9 67.8 39.1
WeDetect-Ref 2B 6.6 94.3 95.6 92.6 88.1 92.6 83.1 92.0 92.2 91.3 84.7 85.1 79.8 61.0
WeDetect-Ref 4B 5.3 95.6 96.7 93.6 90.5 94.8 86.8 93.8 93.9 93.2 86.3 87.1 81.8 64.1

Table 3. Zero-shot recall rates on object detection datasets. Gray
numbers indicate including the target data in training.

Method COCO LVIS PACO-LVIS
AR50 AR AR50 AR AR50 AR

100 proposals
MAVL [44] 67.3 40.4 40.7 22.3 24.5 12.5
OLN [27] 71.9 47.5 35.8 21.4 26.7 14.8
RPN-R50 [50] 75.7 46.1 39.3 22.9 30.0 15.9
UPN (fine-grained) [22] 89.6 69.2 65.0 49.0 38.3 27.2
UPN (coarse-grained) [22] 90.6 69.7 62.0 46.6 37.8 26.6
WeDetect-Base-Uni 87.9 66.7 67.4 50.8 37.1 25.7
WeDetect-Large-Uni 89.7 69.3 70.9 56.3 38.4 27.9
300 proposals
MAVL [44] 69.7 41.2 44.1 23.5 27.9 13.4
OLN [27] 79.5 52.4 44.3 26.0 37.0 19.6
RPN-R50 [50] 86.2 53.5 53.4 31.4 44.7 23.7
UPN (fine-grained) [22] 95.0 72.9 78.9 57.2 54.4 35.5
UPN (coarse-grained) [22] 95.4 73.2 76.6 55.6 53.3 34.8
WeDetect-Base-Uni 92.3 69.6 77.9 56.9 50.2 32.1
WeDetect-Large-Uni 95.3 73.2 84.2 65.1 53.3 35.8

object detection datasets COCO val [37] and LVIS val [19]
as the benchmark datasets and use the category names as
queries. The precision, recall, and F1 scores are first com-
puted within each class and then averaged across different
classes. As LVIS is a federated dataset where not all classes
within the image are annotated, we only compute the re-
call rates on it. We select OpenAI CLIP ViT-large-patch14-
336 [48], HQ-CLIP-base [63] which includes hard negative
samples for training, and FG-CLIP2-so400M [65] which
is optimized for fine-grained perception as the image-level
perception model for comparisons. As shown in Table 4,
our WeDetect-Large-Uni with 300 proposals significantly
outperforms the image-level baselines, showing that the ob-
ject retrieval task is complementary to the image-text re-
trieval task and WeDetect-Uni enjoys unique advantages on
fine-grained perception.

WeDetect-Ref excels in REC tasks with many fewer pa-

Table 4. Zero-shot object retrieval results on common object de-
tection datasets. As LVIS [19] is a federated dataset, we only com-
pute the recall rates on it. To prevent setting a low threshold to get
a high recall rate, we directly use the threshold used in COCO to
evaluate LVIS.

Method thre. COCO LVIS
P R F1 R

OpenAI CLIP [48] 0.550 60.0 46.4 46.4 30.4
HQ-CLIP [63] 0.550 59.9 59.2 52.2 41.3
FG-CLIP2 [65] 0.001 67.9 62.4 57.7 43.1
WeDetect-Base-Uni 0.200 82.5 83.9 82.5 51.1
WeDetect-Large-Uni 0.200 82.6 85.6 83.6 57.5

rameters and a much faster inference speed. We select
RefCOCO [26], RefCOCO+ [69], RefCOCOg [45], and
HumanRef [24] as the REC benchmarks. As shown in Ta-
ble 2, our WeDetect-Ref 4B achieves the highest 93.2 aver-
age scores on refcoco/+/g with only 4B parameters and top
100 proposals from WeDetect-Base-Uni, outperforming our
baseline Qwen3-VL 4B [1] by 6.6 points and other much
larger models with thinking ability. Importantly, since we
formulate the REC task as a retrieval task and discard the
next-token prediction mechanism, WeDetect-Ref 4B runs
at an extremely fast speed, exceeding Qwen3-VL 4B by 13
times and even faster than Grounding-DINO-L [41]. In our
scenarios, each image will be represented as 900-1600 to-
kens and 100 proposals are used, containing around 1000
tokens per image. The plain and simple architecture (con-
taining only self-attention layers) can be easily accelerated
by modern GPUs and Flash Attention [8]. Further, the in-
ference time of WeDetect-Ref is consistent with the number
of target objects, while the time for methods with the next-
token prediction will increase linearly. The advantages in
both accuracy and inference speed demonstrate the effec-

20383



Table 5. Evaluating WeDetect-Ref on common object detection
datasets. * indicates evaluation under a simplified setting where
only ground-truth categories are queried.

Method COCO ODinW13
AP APs APm APl AP

Grounding-DINO-T [41] 48.4 - - - 51.4
Qwen2.5-VL 7B [2] 17.7 - - - 37.3∗

ChatRex 7B [22] 48.2∗ - - - -
PaDT Pro 7B [55] 39.0 - - - -
VLM-FO1 3B [40] 44.4 - - - 44.0
LMM-Det 7B [33] 47.5 34.7 51.8 60.3 -
Qwen3-VL 8B [1] - - - - 44.7
WeDetect-Ref 4B 50.0 34.7 57.6 69.2 47.3

Table 6. Ablation studies on WeDetect-Base. Experiments are
performed on LVIS minival.

Exp Model AP APr APc APf

WeDetect-Base 47.3 43.5 45.9 49.3
(1) w/o coarse-grained labels 46.4 41.9 44.7 48.6
(2) w/o fine-grained labels 45.1 41.1 43.2 47.8
(3) w/o staged-wise training 45.5 41.2 43.7 47.9

tiveness of the new paradigm.
WeDetect-Ref also performs well in multi-class multi-
instance object detection tasks. Although object detection
is a relatively easy task for traditional detectors, it poses
great challenges to LMMs for two reasons: First, as images
may contain multiple instances, LMMs with next-token pre-
diction tend to predict a small part of objects, resulting in
low recall rates. Second, recent LMMs tend to predict ob-
jects for every query, failing to reject negative queries with
no objects existing in the image. Therefore, Qwen2.5-VL
7B [2] gets only 17.7 AP on the COCO dataset. In con-
trast, WeDetect-Ref retrieves objects from a candidate list
and each object is decoded independently, which ensures
high recall rates and it is the first LMM exceeding 50 AP
on the COCO dataset, for the first time matching the perfor-
mance of traditional object detectors. WeDetect-Ref also
achieves a high 47.3 mAP on ODinW13. We provide more
implementation details in the Appendix.

6.2. Ablation Study
Effect of different training strategies for WeDetect. In
this work, we initialize WeDetect with a pretrained CLIP
model and finetune it with our grounding dataset with multi-
granularity labels. For multi-granularity labels, we ran-
domly sample one of the last two labels from the list,
the finest one and the second finest one. Without multi-
granularity labels, the text diversity is greatly reduced and
can not achieve fine-grained vision-language alignment. In
Table 6 (1) and (2), it reduces 1.6 APr with only the fine-
grained labels and reduces 2.2 AP with only the coarse-
grained labels. Using multi-granularity labels simultane-
ously achieves the highest performance. We also propose
a staged-wise training recipe by first training the random-

Table 7. Ablation studies on WeDetect-Ref. Models are trained
with a part of data.

Exp Model RefCOCO COCO
Avg. AP APs APm APl

WeDetect-Ref 4B 93.0 47.5 29.6 54.7 67.9
(1) BCE loss 92.8 43.1 29.0 52.5 60.7
(2) w/o negative det data 93.1 42.1 22.6 48.0 63.7
(3) 25 tokens per object 93.3 47.6 30.8 55.3 67.5
(4) shuffle proposals 93.1 47.6 30.2 54.9 67.7

initialized head and neck and then training the model as
a whole. In Table 6 (3), without initializing the head and
neck, the pretrained CLIP features will be disturbed, de-
creasing 1.8 AP.
Effect of different design choices for WeDetect-Ref. As
shown in Table 7: (1) Sigmoid focal loss is a standard
loss function in object detection and it is also suitable
for WeDetect-Ref. Replacing it with binary cross-entropy
(BCE) loss leads to a notable drop of 4.4 AP on COCO. (2)
Negative supervision is crucial for learning a robust model.
For object detection datasets, the classes that do not exist
in the image serve as the negative queries. Adding nega-
tive detection data can significantly increase 5.4 AP and 7.0
APs. (3) In this work, we represent each object with a sin-
gle token to maintain efficiency. We find that increasing the
token count per object to 25 brings marginal improvement
while inflating the context length by a factor of 25. We hy-
pothesize that the full-image context already preserves suf-
ficient object details, making a single token sufficient to es-
tablish an effective correspondence between the object and
the global image representation. (4) As LLM adopts causal
masks in attention layers, we study whether the proposal
order will affect the performance. We observe that positive
objects can appear at arbitrary positions within the token se-
quence during training. As a result, the model develops ro-
bustness to proposal ordering, and evaluation performance
remains stable even when proposals are randomly shuffled.

7. Conclusion
In this work, we propose a family of open-vocabulary detec-
tion models following the retrieval methodology, in which
targets are simply picked up from a candidate list, rather
than generating a query-specific temporary candidate list.
This design principle does not use computationally inten-
sive cross-modal fusion layers and ensures a high inference
speed. Following the methodology, we propose (1) WeDe-
tect, which is an open-vocabulary object detection founda-
tion, (2) WeDetect-Uni, which is a universal proposal gener-
ator and can be applied to a new object retrieval application,
and (3) WeDetect-Ref, an LLM-based REC model discard-
ing next-token prediction. The WeDetect model family at-
tains state-of-the-art performance across 15 diverse bench-
marks, demonstrating strong generalization ability, and still
runs at an extremely fast speed.
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