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Figure 1. Visualizations of a specialist detector and large multimodal models for object detection on the validation set of COCO. For clarity,
the green bounding boxes indicate the correctly predicted boxes, the red boxes represent the prediction errors, and the blue boxes denote
the ground truth labels. Specifically, we employ Salience-DETR [7] as the specialist detector. Following the prompt style of RefCOCO,
we query the trained LLaVA-7B [15] with a sequence of questions, each targeting a single class category, which is called LLaVA * . In
addition, a predicted box is deemed correct if it meets the following criteria: (1) The intersection over union (IoU) between the predicted
box and the ground truth (GT) box is greater than 0.5; (2) The predicted class label matches the GT class label. As illustrated in the
figure above, our approach (LMM-Det) enables a large multimodal model to perform object detection, achieving comparable results with
state-of-the-art specialist detection methods. It is noteworthy that LMM-Det exhibits outstanding object detection capabilities without
relying on additional specialist modules within its architecture. The detailed predicted labels of all images can be referred to the Figure A

in Appendix.
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Method blackblack P58 T /% LLM w. Specialist AP APs, AP,s APg APy AP, AR @100
LLaVA [15] blackblackCLIP Atz Vicuna-7B black[rgb]0,0,0x 02 06 02 00 01 07 11.2
Shikra [4] blackblackCLIP-L Vicuna-7B black[rgb]0,0,0x 04 08 04 00 04 10 18.7

KOSMOS-2 [20] blackblackCLIP-L

blackblackInternVL-2.5 [5] InternViT-300M Internlm2.5-7B
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MAGNETO-24-layers

black[rgbl0,0,0x 7.6 137 73 08 67 158 18.2
black[rgb]0,0,0x 118 184 120 36 130 234 275
black[rgbl0,0,0v" 128 170 138 33 128 242 225
black[rgbl0,0,0x 245 347 263 154 274 373 46.6
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Faster R-CNN [22] RN50-FPN black[rgb]0,0,0v 40.2 61.0 438 242 435 52.0 54.0
Cascade R-CNN [2] RN101-FPN black[rgb]0,0,0v 42.7 61.6 46.6 23.8 46.2 574 -
Deformable-DETR [32] RN50 - black[rgb]0,0,0v 43.7 63.0 47.6 26.7 47.0 58.0 63.2
RT-DETR [30] RN50 - black[rgb0,0, oV’ 553 734 60.0 38.0 59.9 71.6 74.4
H-Deformable-DETR [8] Swin-L black[rgb]0,0,0v 56.1 75.1 61.3 39.2 60.4 724 73.1
Salience-DETR [7] FocalNet-L black[rgb]0,0,0v 57.3 75.5 62.4 40.9 61.8 74.5 75.4
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LMM-Det (Ours) blackblackOWLv2-L Vicuna-7B black[rgb]0,0,0x 475 66.5 51.1 34.7 51.8 60.3 63.6
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Figure 5. COCO ¥4 I+ LMM-Det [/ ] AL 255 .
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black[rgb]0,0,0x black[rgb)0,0,0x  black[rgbl0,0,0x | 387 558 413 505
black[rgb]0,0,0v" black[rgbl0,0,0x  black[rgbl0,0,0x | 42.1 57.8 458 513
black[rgbl0,0,0v" black[rgbl0,0,0v  black[rgbl0,0,0x | 442 613 475 56.0
black[rgb)0,0,0v black[rgb)0.0,0v"  black[rgb0,0,0v" | 475 665  51.1 63.6

Table 5. JHREEDFIE. 55— FTHOHELSCH e LLaVA* [15], E
) CLIP-VIT fE 3 S & . DDA: #ffi7r 1% ; INO:
HEREOLAL .

BAMARNC A R . blackblack FATWHFSE T A [F AR
RN R TR AR A EAF 7340 blackblack M5k
R As F VARt BB B AR IC RSN TR
REUS AP e e, X — 4553 5 Shikra [ & BH [4] —

£

SRFETRME B SO E AN HEFE 4% . blackblack &A1 7 H#E
P AR P (5 SO AR AR . AR ZRAN top-p REEIEF T il
I GFf Mg G i, fiiH beam=2 [ 4
RIRMG T AR R, AFHEE 2R i,
LMM-Det ZbHEEAS ER K A F5EE 4.0 FPRg TR A

4. #He AE
4.1. KA LSRR

RPRBEHEEHA (LMMs) BIFa0E TAE 3 2
TEIE-TE TS5, H SRR SRS, ER
RN AE . AEX T, LMMs 3L T HAE AT
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TS5 AT RE /), 5 SR R U Z RS S0 73 i
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ARy BBl BRI A A ARG E LMMSs |1 5k
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Visual Input Example

User: Detect all the objects in the image that belong to the category set {orange}.

LMM-Det: [0.388, 0.722, 0.601, 0.891], 0.773; [0.298, 0.465, 0.322, 0.539], 0.183; [0.130, 0.446,
0.306, 0.637], 0.758; [0.310, 0.443, 0.493, 0.620], 0.751; [0.130, 0.446, 0.402, 0.779], 0.147; [0.311,
0.138, 0.527, 0.290], 0.771; [0.130, 0.446, 0.602, 0.893], 0.136; [0.130, 0.138, 0.528, 0.638], 0.179;
[0.130, 0.138, 0.874, 0.893], 1.000; [0.298, 0.242, 0.518, 0.465], 0.791; [0.594, 0.521, 0.831, 0.763],
0.848; [0.480, 0.352, 0.690, 0.578], 0.781; [0.210, 0.286, 0.344, 0.468], 0.729; [0.402, 0.535, 0.587,
0.767], 0.791; [0.522, 0.192, 0.739, 0.386], 0.780; [0.298, 0.242, 0.690, 0.580], 0.137; [0.685, 0.337,
0.874, 0.562], 0.838; [0.174, 0.542, 0.402, 0.775], 0.790; [0.298, 0.138, 0.739, 0.466], 0.167; [0.300,
0.242,0.874,0.766], 0.156; [0.497, 0.281, 0.554, 0.373], 0.324

User: Detect all the objects in the image that belong to the category set {apple}.

LMM-Det: There are no objects in the image that belong to the required category set.

User: Describe the image in detail.

LMM-Det: The image features a clear glass bowl filled with a variety of oranges. There are at least 13
oranges in the bowl, with some of them being closer to the edge of the bowl and others being more
centrally located. The oranges are arranged in a way that allows for a clear view of their vibrant colors
and textures. The bowl is placed on a table, which is covered with a grey tablecloth. The oranges are
arranged in a way that showcases their unique shapes and sizes, creating an appealing and visually
pleasing display.

User: What color are oranges in the image?

LMM-Det: The oranges in the image are orange.

Figure 6. W1 K SLH /R T LMM-Det AN AT DASSELRCI , RE T HEHAWEHSTME. A LRRERAEG, 2 TENER
i ARARI T . SR TR b Ak, FRATR 4 A AR S AR B, A EI(ER 0.5 1) NMS,
6. blackblack i

blackblack FA T4 LR B B AR TR=AA A I [7
360 N LERERTTEBERI RSN, M TAFRAIFRAE 755t

dataset for large vocabulary instance segmentation. In CVPR,
2019.

Xiuquan Hou, Meiqin Liu, Senlin Zhang, Ping Wei, and
Badong Chen. Salience detr: Enhancing detection trans-

—

FITHE I 15 - former with hierarchical salience filtering refinement. In
CVPR, pages 17574-17583, 2024.
References [8] Ding Jia, Yuhui Yuan, Haodi He, Xiaopei Wu, Haojun Yu,

Weihong Lin, Lei Sun, Chao Zhang, and Han Hu. Detrs with
hybrid matching. CVPR, 2023.
Sahar Kazemzadeh, Vicente Ordonez, Mark Matten, and

[1] Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc, Antoine
Miech, Tain Barr, Yana Hasson, Karel Lenc, Arthur Mensch, [9]

(2]

(3]

(4]

(5]

(6]

Katherine Millican, Malcolm Reynolds, et al. Flamingo: a
visual language model for few-shot learning. NeurIPS, pages
23716-23736, 2022.

Zhaowei Cai and Nuno Vasconcelos. Cascade r-cnn: Delving
into high quality object detection. In CVPR, 2018.

Junbum Cha, Wooyoung Kang, Jonghwan Mun, and
Byungseok Roh. Honeybee: Locality-enhanced projector for
multimodal llm. In CVPR, pages 13817-13827, 2024.
Keqin Chen, Zhao Zhang, Weili Zeng, Richong Zhang, Feng
Zhu, and Rui Zhao. Shikra: Unleashing multimodal llm’s ref-
erential dialogue magic. arXiv preprint arXiv:2306.15195,
2023.

Zhe Chen, Weiyun Wang, Yue Cao, Yangzhou Liu, Zhang-
wei Gao, Erfei Cui, Jinguo Zhu, Shenglong Ye, Hao Tian,
Zhaoyang Liu, et al. Expanding performance boundaries of
open-source multimodal models with model, data, and test-
time scaling. arXiv preprint arXiv:2412.05271, 2024.

Agrim Gupta, Piotr Dollar, and Ross Girshick. LVIS: A

(10]

(11]

[12]

Tamara Berg. Referitgame: Referring to objects in pho-
tographs of natural scenes. In EMNLP, pages 787-798,
2014.

Ivan Krasin, Tom Duerig, Neil Alldrin, Vittorio Ferrari, Sami
Abu-El-Haija, Alina Kuznetsova, Hassan Rom, Jasper Ui-
jlings, Stefan Popov, Andreas Veit, Serge Belongie, Victor
Gomes, Abhinav Gupta, Chen Sun, Gal Chechik, David
Cai, Zheyun Feng, Dhyanesh Narayanan, and Kevin Mur-
phy. Openimages: A public dataset for large-scale multi-
label and multi-class image classification. Dataset available
from https://github.com/openimages, 2017.

Hugo Laurencon, Andrés Marafioti, Victor Sanh, and
Léo Tronchon. Building and better understanding vision-
language models: insights and future directions. arXiv
preprint arXiv:2408.12637, 2024.

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-
2: Bootstrapping language-image pre-training with frozen
image encoders and large language models. In /ICML, pages
19730-19742. PMLR, 2023.

www.xueshuxiangzi.com



[13]

(14]

[15]

(16]

(17]

(18]

[19]

(20]

(21]

(22]

(23]

[24]

[25]

Chuang Lin, Yi Jiang, Lizhen Qu, Zehuan Yuan, and Jianfei
Cai. Generative region-language pretraining for open-ended
object detection. In CVPR, pages 13958-13968, 2024.
Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays,
Pietro Perona, Deva Ramanan, Piotr Dollar, and C Lawrence
Zitnick. Microsoft coco: Common objects in context. In
ECCV, pages 740-755. Springer, 2014.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee.
Visual instruction tuning. In NeurIPS, 2023.

Shilong Liu, Zhaoyang Zeng, Tianhe Ren, Feng Li, Hao
Zhang, Jie Yang, Chunyuan Li, Jianwei Yang, Hang Su, Jun
Zhu, et al. Grounding dino: Marrying dino with grounded
pre-training for open-set object detection. arXiv preprint
arXiv:2303.05499, 2023.

Chuofan Ma, Yi Jiang, Jiannan Wu, Zehuan Yuan, and
Xiaojuan Qi. Groma: Localized visual tokenization for
grounding multimodal large language models. arXiv preprint
arXiv:2404.13013, 2024.

Matthias Minderer, Alexey Gritsenko, and Neil Houlsby.
Scaling open-vocabulary object detection. NeurlIPS, 36,
2024.

Maxime Oquab, Timothée Darcet, Theo Moutakanni, Huy V.
Vo, Marc Szafraniec, Vasil Khalidov, Pierre Fernandez,
Daniel Haziza, Francisco Massa, Alaaeldin El-Nouby, Rus-
sell Howes, Po-Yao Huang, Hu Xu, Vasu Sharma, Shang-
Wen Li, Wojciech Galuba, Mike Rabbat, Mido Assran, Nico-
las Ballas, Gabriel Synnaeve, Ishan Misra, Herve Jegou,
Julien Mairal, Patrick Labatut, Armand Joulin, and Piotr Bo-
janowski. Dinov2: Learning robust visual features without
supervision. /CLR, 2025.

Zhiliang Peng, Wenhui Wang, Li Dong, Yaru Hao, Shaohan
Huang, Shuming Ma, and Furu Wei. Kosmos-2: Ground-
ing multimodal large language models to the world. arXiv
preprint arXiv:2306.14824, 2023.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learn-
ing transferable visual models from natural language super-
vision. In ICML, pages 8748-8763, 2021.

Shaoging Ren, Kaiming He, Ross Girshick, and Jian Sun.
Faster r-cnn: Towards real-time object detection with region
proposal networks. TPAMI, 39(6):1137-1149, 2016.

Shuai Shao, Zeming Li, Tianyuan Zhang, Chao Peng, Gang
Yu, Xiangyu Zhang, Jing Li, and Jian Sun. Objects365:
A large-scale, high-quality dataset for object detection. In
ICCV, pages 8430-8439, 2019.

Peng Wang, Shuai Bai, Sinan Tan, Shijie Wang, Zhihao Fan,
Jinze Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin
Ge, Yang Fan, Kai Dang, Mengfei Du, Xuancheng Ren, Rui
Men, Dayiheng Liu, Chang Zhou, Jingren Zhou, and Jun-
yang Lin. Qwen2-vl: Enhancing vision-language model’s
perception of the world at any resolution. arXiv preprint
arXiv:2409.12191, 2024.

Jiannan Wu, Muyan Zhong, Sen Xing, Zeqiang Lai,
Zhaoyang Liu, Wenhai Wang, Zhe Chen, Xizhou Zhu, Lewei
Lu, Tong Lu, et al. Visionllm v2: An end-to-end general-
ist multimodal large language model for hundreds of vision-
language tasks. NeurIPS, 2024.

[26]

(27]

(28]

[29]

(30]

(31]

(32]

Yuan Yao, Tianyu Yu, Ao Zhang, Chongyi Wang, Junbo Cui,
Hongji Zhu, Tianchi Cai, Haoyu Li, Weilin Zhao, Zhihui He,
et al. Minicpm-v: A gpt-4v level mllm on your phone. arXiv
preprint arXiv:2408.01800, 2024.

Yufei Zhan, Yousong Zhu, Hongyin Zhao, Fan Yang, Ming
Tang, and Jingiao Wang. Griffon v2: Advancing multimodal
perception with high-resolution scaling and visual-language
co-referring, 2024.

Yufei Zhan, Yousong Zhu, Zhiyang Chen, Fan Yang, Ming
Tang, and Jingiao Wang. Griffon: Spelling out all object
locations at any granularity with large language models. In
ECCV, pages 405-422. Springer, 2025.

Hang Zhang, Xin Li, and Lidong Bing. Video-llama: An
instruction-tuned audio-visual language model for video un-
derstanding. arXiv preprint arXiv:2306.02858, 2023.

Yian Zhao, Wenyu Lv, Shangliang Xu, Jinman Wei,
Guanzhong Wang, Qingqing Dang, Yi Liu, and Jie Chen. De-
trs beat yolos on real-time object detection, 2024. CVPR.
Deyao Zhu, Jun Chen, Xiaogian Shen, Xiang Li, and Mo-
hamed Elhoseiny. Minigpt-4: Enhancing vision-language
understanding with advanced large language models. arXiv
preprint arXiv:2304.10592, 2023.

Xizhou Zhu, Weijie Su, Lewei Lu, Bin Li, Xiaogang Wang,
and Jifeng Dai. Deformable detr: Deformable transformers
for end-to-end object detection. /CLR, 2021.

www.xueshuxiangzi.com



A HEZBNYS .
COCO WG it aER A .

| train  validation
# images 118,287 5,000
# bboxes 860,001 36,781
# bboxes per image 7.3 7.4

Table A. COCO {45 it45 5.

LMM-Det ¥£ =ANFr BB S B FA% B W,

Configuration ‘ Stage I  Stage II Stage 111
Training epochs 1 5 12
Global batch size 192 480 288
Learning rate le-3 2e-5 2e-5
Learning rate schedule Cosine decay
Warmup ratio 0.03 0.05 0.05
Weight decay 0 0.05 0.05
Optimizer AdamW

Optimizer hyperparameters | 1 = 0.9, 2 = 0.999,¢ = le — 8
Deepspeed ZeRO stage ZeRO-2 ZeRO-3 ZeRO-3
Text max sequence length 2k 4k 10k
Training precision bf16

Table B. =B IZHES 4L

PRSI I 224045 . blackblack 1E45 22 77, &
A A & (i.e., Object365 Fil COCO) 1 #7i)Il 25
LLaVA, R B BB UL WHIFESE, Bk
i KFH K JE blackblack TEFRZRE ML Im H i A 2k, 7E
YIZRANHE BRI B, FRATT IR By H0 B A 0000 30 A . b
Gh, FEHA T COCO b EREAR IS, FATIL A
AT IFHE . ANSERY R, X R VAR BEHRE A 1
g, SN T A IE R T 2 AHE SR . Ab.

B2 blackblack Il 2k FIHEBL ) SEELAN Y o FEVI%
R, AT A BB EZ NG T
TEAER S, FRATAERE NSRRI, X i 5 —%6 DA
T B B2 H 44~ 1 AR #EATRER LA . blackblack X
F-3k B COCO = Object365 piaF—ik %, FATRIEE
P AT AN A BCE 101 B H A 28 1 T R G T Y
Xt HARKGE: 1) XFT&A n A WWRBI B (6
wn, g, M), BAVER n ANIEHETES, BRI
FHE, 2) SR, AT TR b B 4 v BEA L AT
TERIZER] (COCO HhrasE N ie., 80 —n , Object365
HIh 365 —n ) SRHNE n N HAIRIFES . 3) AEKEIE
(35 22 51 L FR 4351k COCO [ 80 YKl Object365 1]
365 K. EEAE, FATAXT Object365 K G347 i
YE, T2 T AN E], AR B )2 A
e

blackblack FEHEPEATFE R, FRATTMIHY A EA5 %k
WL AAE . FRA0E, BT PR 2 i B RN 53 4 2L

BB, TRk EG A0 FAERCER M 7 BmE 31,
SR, T AP B AR U3 R AR T & T A

(40, Salience-DETR Hf) 900 M%) . KL, AT
BN EAERRAE IS (NMS) |, T2 3E T — 5
fHRITH AP A1 AR, A THFEYRT 4L, FATEH T
0.5 4> EEFN 0.5 (1) NMS [F{f. blackblack ZEFfA
SCIRR 2T FEEE 2?4, WATASFEAHY 2l
Ff LMM-Det 5 2 f K81 2SI T IS . ek C
BRI T A AL R 42 7R . blackblack Sy i B E
0L, %FF KOSMOS-2 #1 Groma, F{ 148 T <image>
bric. FATLE QwenVL-2.5 JUHE/R P4 B TR R FRiC
o an <lim_startl> A1 <lim_endl>, FEHIE, FRATREHLERE:
Shikra g IAHF (REC) (L4598, #E COCO
F#FTERE . ATERME C 1257 —4 Shikra [
Bl

X T £ LMM-Det [ Z 437, blackblack F£ %5
327, SEERFEB], LMM-Det ANUESL T H prka i 2
BE, PR T MR bR R 1) 25 48 [5G 1) 2 A S B
1. BURSEVE, RIS 3.0 A gy T =
Mo Bz G, ATEIN TSR B . FEXNPrB, oA
FRES gt ae, GRS ARARBNE S8, T
K H LLaVA [15] ) 665K ¥t 55 4H 2L 75 2558
FAVEE 5 LLaVA 8 Hr BoAH R S48

B. W& HALER .

blackblack Z<3C#57R T 7E H #7746 (ODet ) 453, ' LMMs
FIRAEIRA R . LMM-Det 1] PAAE IR Z AT 45
(e.g., ODet + f5FRL L FEfE (REC) + EG A + ML
%) , 1 Griffon [28] Fl Griffon v2 [27] W% #H:F
ODet+REC, ##% D #t—23H] LMM-Det T H47] LK
HFrkill 5 REC AL 54—, R T HE e
(f5l4n, 81.4=85.7).

Model COCO RefCOCOval MMStar
LLaVA-7B 0.2 81.4 30.3
Griffon-13B 24.8 88.0
Griffon v2-13B 38.5 89.6 -
LMM-Det ' -7B 47.1 85.7 32.1

Table D. 84 % T2 LMM-Det T i 5g B 4558

blackblack F#& ?? B8 Owlv2-ViT bt H AL 2
IREBE L. Frplie, X (K22 . F. G)
T fRiAALAE COCO i)l
AN SR BRIE RS F .
REERE A S HEZR G H . blackblack FoA 17T
i O BT A S5 r 687 FH S A R A R A R A SR

C. WRZRETEER

TEFARA I 1 FrA R A T A5 2 S /R TE P A
H
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blackblack ZEHEBR(E LA, Tl I EHAIL T H AR
AR DR R 252 I — Bk, e 1 7E
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Model Multi-step CLIP emb Prompt

LLaVA [15] black[rgbl0,0,0v"  black[rgb]0,0,0x  <image>\nProvide the bounding box coordinate of the region this sentence describes if region exists in the image: <category>
Shikra [4] black[rgbl0,0,0v"  black[rgbl0,0,0x May I have the coordinates of <category> in <image>?

KOSMOS-2 [20]  black[rgb]0,0,0v"  black[rgb]0,0,0x <grounding> Where is the <category>?

InternVL-2.5[5]  black[rgb]0,0,0x  black[rgb]0,0,0v" <image>\nPlease detect and label all objects in the following image and mark their positions.

Groma [17] black[rgbl0,0,0x  black[rgb]0,0,0v [grounding] Please summarize the content of this image in detail.

LMM-Det (Ours)  black[rgb]0,0,0v"  black[rgb]0,0,0x <image>\nDetect all the objects in the image that belong to the category set <category>.

Table C. blackblack 1E4HE/R, AT COCO LMEZRA FIMEIIES . “287 Fon@E @2 P BAERR I EIR . T4k
KR, FATHE T 80 APk LLaVA 7E COCO Efil i e, “CLIP emb” /2] CLIP fix Ao Xy, FA1HF
RS B FE LS5 (e.g., 80 4> COCO _EHIFH)

Specialist Detector LLaVA* LMM-Det (Ours) Ground-Truth

Figure A. [ | B3EA B4R SEAE IR o o

Techniques AP APsy AP7;5 AR @100

LMM-Det 32.6 505 344 43.1
+ extra vocabularies 29.2  47.3 29.9 40.8

Table F. & 4MAICAYA R

Model Techniques AP APsy AP7;5 AR @100 Cost/Img
greedy decoding 32.6 505 344 43.1 4.0s
beam search (beam=2) 33.0 51.3 349 43.7 82s
LMM-Det beam search (beam=3) 32.8 5I.1 345 43.6 109s
beam search (beam=4) 24.6 38.2 25.8 325 13.8s
top-p sampling 27.6 45.6 28.0 41.7 43s

Table G. #EHRAESEME . Cost/Img Ko FRLIK | (i HE 143
A, HRAEA ] TensorRT )5 N ¥F—1% Nvidia H800
GPU L5 FRATXT COCO BaiF4E b ird I’ A i B A
HOFIE K 3KTF Cost/Img.

blackblack FATFEE C b — 324t TR 5 #Y
FHES . B C TR H, B3 o0 1 VR A ot bt
T AR UEE TSRS (B AP=47.5).

e SCH IS RS TR, LMM-Det [1) AP ZE5| A
TR RIS A 38.7 $E i E) 47.5. FRATLER D rhi
fL X e g AR E MR, DURR G R T
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el User: <image>\n Detect all the objects in the image that belong to the category set {person}.
L MM-Det: [0.095, 0.121, 0.182, 0.452], 1.000; [0.223, 0.246, 0.448, 0.824], 1.000

User: Detect all the objects in the image that belong to the category set {dog}.

LMM-Det: [0.106, 0.439, 0.279, 0.649], 1.000; [0.445, 0.452, 0.702, 0.656], 1.000

User: Detect all the objects in the image that belong to the category set {handbag}.
LMM-Det: [0.123, 0.179, 0.171, 0.280], 1.000; [0.317, 0.356, 0.442, 0.548], 0.510

User: Detect all the objects in the image that belong to the category set {umbrella}.
LMM-Det: [0.167, 0.071, 0.472, 0.390], 1.000

User: Detect all the objects in the image that belong to the category set {motorcycle}.
LMM:-Det: There are no objects in the image that belong to the required category set.

Figure B. blackblack B ZHAHf (Y7 2 B2 S0 R B ARSIA i F ARSI BT R o T 1 SAHE TS0 2 7 AT blackblackLMM-
Det [F5 (GBI ELZAYY, WPASH IR A 35,
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