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Table S1. WeDetect training dataset.

#Sample Dataset
OpenlmagesV6 (1.74M) [11], Objects365 V2 (1.74M) [27]
5.0M V3Det (0.18M) [28], ImageNetBox (0.54M) [4]
GoldG (0.8M) [14]
15.0M self-collected data (15.0M)

Table S2. WeDetect-Ref training dataset.

Stage | #Sample Task Dataset
image caption LLaVA Pretrain (558k) [18]
Stagel 685k region caption refcoco/+/g (127k) [9, 22, 31]
image QA LLaVA-OneVision-SI (835k) [12]
grounded conversation VCR (213k) [33], Osprey (145k) [32]
Stage2 | 1685k ion cantion refcoco/+/g (56K) [0, 22, 311
ston cap DAM-LVIS (90K) [15], VG (346k) [10]
i V3Det (1122K) [28], LVIS (661K) [0]
detection COCO (698K) [16]
. refcoco/+/g (127k) [9, 22, 31], flickr (185k) [26]
Stage3 | 3911k REC humanref (135k) [8], Ref-L4 (45K) [2]
grefcoco (209k) [17], FineCops-Ref (182k) [19]
reircoco (547K) [7]

Table S3. WeDetect-Ref training settings.

Config Stagel Stage2 Stage3

training module
training objective
batch size
learning rate
epoch

projector
language modeling loss

le=3
1

projector + LLM
language modeling loss
128
le=®
1

projector + LLM
sigmoid focal loss
128
le=®
1

A. Limitation

Different from other LMMs with next-token prediction,
WeDetect-Ref is a binary classification model, which does
not support detecting multiple queries in a single forward
pass. Instead, we can detect multiple queries in multiple
times and then merge the results, similar to the inference
pipeline of Grounding-DINO on LVIS. High performance
on COCO and OdinW13 in Table 5 demonstrates the effec-
tiveness of this mechanism. Further, as WeDetect-Ref en-
joys a 13x speedup compared to Qwen3-VL, WeDetect-Ref
can still run faster than it with a few queries while getting
higher performance.

B. Implementation Details

WeDetect is trained with around 20M samples, including
15M self-collected data and 5M open-sourced data. De-
tails are summarized in Table S1. Each class name is en-
coded separately and is represented as a single embedding.
For head and neck initialization, the model is trained for 20
epochs with a learning rate of 5¢=*. For end-to-end train-
ing, the model is trained for 30 epochs with a learning rate
of 1e~®. The total batch size is 320.

WeDetect-Ref is finetuned from Qwen3-VL [1] using a

Table S4. Zero-shot evaluation on the D? [29] dataset.

Model Full Pres Abs
OFA-DOD-B [29] 21.6 237 154
Grounding-DINO-B [20] | 20.7 20.1 225
OWLvV2 [24] 22.8 22.1 247
GLIP-T [14] 19.1 183 21.5
FIBER-B [5] 227 21.5 260
Gen-Enhanced-Negs [35] | 26.0 252 28.1
Weak-to-Strong [25] 30.8 31.0 304
InternVL2-8B [3] 98 11.0 6.2
Griffon-13B [34] 123 124 122
Groma-7B [21] 16.0 159 163
InternVL2-76B [3] 253 257 235
ROD-MLLM-7B [30] 29.7 30.0 28.7
WeDetect-Ref 2B 41.8 439 354
WeDetect-Ref 4B 42.0 44.0 358

three-stage training strategy. The training data and config-
urations are summarized in Table S2 and Table S3, respec-
tively. As shown in Table 7, we find that incorporating neg-
ative detection data is crucial for achieving high detection
performance. To this end, for each image in the detection
datasets, we select three negative class names as negative
training samples. These negative class names are chosen
based on the top-3 confidence predictions from WeDetect
among the negative classes, serving as hard negative ex-
amples. The proposals used for both training and evalu-
ation are the top 100 boxes generated by WeDetect-Base-
Uni. During training, if a ground truth box has no overlap
with any of the proposed boxes, it is added directly to the
proposal set to ensure that every ground truth instance has
at least one positive match. The input image size is con-
strained to range from 900 * 32 * 32 to 1600 * 32 * 32, cor-
responding to 900-1600 visual tokens. Since WeDetect-Ref
can process only one query per forward pass, we perform
inference separately for each query and then merge the re-
sults when evaluating on object detection benchmarks. For
example, on the COCO dataset, the model is run 80 times
per image, once for each category.

C. More Experiment Results

C.1. Performance on Language-Based Object De-
tection

Language-Based Object Detection expands category names
to flexible language expressions for open-vocabulary object
detection (OVD) and overcomes the limitation of referring



Table S5. Detailed zero-shot results on COCO [16].

Model AP AP5y AP;5 AP, AP, AP,
WeDetect-Tiny | 449 614 489 26,6 49.8 623
WeDetect-Base | 52.1 694 570 348 57.1 69.2
WeDetect-Large | 54.5 729 59.7 422 599 665

expression comprehension (REC) only grounding the pre-
existing object, which is a combination task of them. We
evaluate our model on the commonly used D? [29] dataset.
As shown in Table S4, WeDetect-Ref significantly outper-
forms other models by more than 10 AP, thanks to its high
performance on both OVD and REC.

C.2. Detailed WeDetect Evaluation Results

In Table S5, Table S6, and Table S7, we provide de-
tailed evaluation results of WeDetect on COCO [16],
ODinW35 [13], and COCO-O [23], respectively. The
high and balanced performance across all benchmarks
demonstrates the superior open-vocabulary capacities of the
WeDetect series.

D. Visualization

D.1. Visualizations of Self-Collected Dataset

In this work, we develop a data engine to curate a high-
quality dataset characterized by balanced concepts, exhaus-
tive annotations, and multi-granularity labels. Examples are
shown in Figure S1. For example, in the first picture, the
streetlight will be annotated with a hierarchical label list
“[Urban facilities, Lighting equipment, streetlight]”.

D.2. Visualizations of Inference Results of
WeDetect-Uni

In Figure S2, we visualize some top-scoring proposals ex-
tracted by WeDetect-Large-Uni. The model can extract pro-
posals containing both the whole objects and the main parts
of the objects with a high recall rate.

D.3. Visualizations of Inference Results of

WeDetect-Ref

In Figure S3, we visualize several referring expression com-
prehension examples. We demonstrate that WeDetect-Ref
is capable of handling: (a) queries with compositional
descriptions, (b) queries involving spatial directions, (c)
queries requiring high-level semantic understanding, and
(d) OCR-related queries. Interestingly, although WeDetect-
Ref is trained exclusively on English data, it can still pro-
cess multilingual queries (f), thanks to the strong multilin-
gual foundation provided by Qwen3-VL [1].
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Table S6. Detailed zero-shot results on ODinW35 [13].

Dataset ODinW13 ODinW35 | WeDetect-Tiny WeDetect-Base WeDetect-Large
AerialMaritimeDrone large v v 10.8 13.5 11.0
AerialMaritimeDrone tiled v 19.2 19.7 25.4
AmericanSignLanguageLetters v 2.7 4.5 5.1
Aquarium v v 22.6 30.0 333
BCCD v 52 4.0 9.4
boggleBoards v 0.6 0.5 1.2
brackishUnderwater v 4.2 5.8 7.5
ChessPieces v 6.8 39 11.9
CottontailRabbits v v 78.3 78.8 79.1
dice v 2.0 1.4 2.5
DroneControl v 29 1.7 53
EgoHands generic v v 58.2 62.4 65.0
EgoHands specific v 17.7 21.2 20.3
HardHatWorkers v 7.2 9.3 10.3
MaskWearing v 1.2 1.8 2.4
MountainDewCommercial v 33.0 41.9 442
NorthAmericaMushrooms v v 39.8 55.0 41.3
openPoetry Vision v 0.0 0.2 1.1
OxfordPets by breed v 0.7 1.9 2.6
OxfordPets by species v 1.9 11.8 8.9
PKLot v 0.0 0.0 0.8
Packages v v 67.9 68.3 71.3
PascalVOC v v 61.1 64.9 66.6
pistols v v 52.1 65.2 69.5
plantdoc v 1.7 2.2 4.2
pothole v v 13.6 24.5 243
Raccoons v v 53.1 50.9 52.3
selfdrivingCar v 8.2 9.3 10.4
ShellfishOpenlmages v v 45.7 59.9 60.7
ThermalCheetah v 0.8 0.1 2.9
thermalDogsAndPeople v v 40.7 53.5 52.8
UnoCards v 0.0 0.0 1.1
VehiclesOpenlmages v v 59.9 63.3 67.3
WildfireSmoke v 14.0 254 243
websiteScreenshots v 33 3.6 5.1
ODinW13 Average 46.4 53.1 534
ODinW35 Average 21.1 24.6 25.8

Table S7. Detailed zero-shot results on COCO-O [23].

Model Cartoon Handmake Painting Sketch Tattoo Weather | Average
WeDetect-Tiny 43.5 28.8 429 44.7 27.1 44.7 38.6
WeDetect-Base 52.7 37.4 52.0 50.7 224 49.6 441
WeDetect-Large 53.8 374 51.5 50.5 35.7 52.5 47.0
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Figure S1. Visualizations of self-annotated data. Each object is annotated with hierarchical labels.
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