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% 1: #£ R2R-CE Fll RxR-CE val-unseen %14 b 55 kil Jiikimgbee.  f * 45130% RL

Z B2 51 SimpleVLN, Pano.: 4x%5; Odo.: HFE1t; Depth: %EF; S.RGB: ¥H RGB.
UL R2R-CE val-unseen RxR-CE val-unseen

Pano. Odo. Depth SRGB NE| OSt SRt SPL? NE| SR{ SPL{ nDTW?

DIRiS P

NaVid [25] 7B v 5.47 49.1 37.4 359 841 238 21.2 —

Uni-NaVid [24] 7B v 5.58 53.3 47.0 427 6.24 487 40.9 —

NaVILA [] 7B v 5.22 625 54.0 49.0 6.77 49.3 44.0 58.8
ActiveVLN [2§] 3B v 5.31 583 50.1 43.7 584 50.7 41.2 58.1
StreamVLN [[17] B v 498 642 56.9 519 6.22 529 46.0 61.9
NavFoM [23] 7B v 5.01 64.9 56.2 51.2 551 574 494 60.2
JanusVLN_[23] B v 4.78 65.2 60.5 56.8 6.06 56.2 47.5 62.1
NaVIDA [B(] 3B v 4.32 69.5 61.4 54.7 523 574 49.6 67.0
CorrectNav_[21] 7B v 4.24 67.5 65.1 623 4.09 69.3 63.3 75.2
DualVLN [L6] 7B v 4.05 70.7 64.3 58.5 4.58 61.4 51.8 70.0
FutureNav [27] 4B v 4.24 70.2 654 61.3 4.60 60.9 52.8 68.0
FutureNav [27] 8B v 4.29 69.2 64.3 60.3 4.26 63.9 54.8 69.1
AgentVLN [1§] 3B v v 3.88 735 67.2 64.7 392 69.5 613 74.6
OmniNav [[19] 3B v 3.74 746 69.5 66.1 3.77 73.6 62.0 —

SEDualVLN [gd] 7B v 3.75 73.7 67.3 625 4.12 639 524 72.8
Qwen-RobotNav [26] 4B v 4.22 736 66.9 605 4.15 71.3 61.5 68.6
Qwen-RobotNav [26] 8B v 4.36 72.7 65.7 59.6 4.16 734 63.5 69.9
Qwen-RobotNav [26] 4B v 3.80 772 69.5 63.6 3.80 752 65.0 71.9
Qwen-RobotNav_[26] 8B v 3.3 785 721 66.6 3.58 T76.5 65.7 72.5
Efficient-VLN [29] 8B v 3.29 782 73.2 650 3.18 75.6 60.0 -

SimpleVLNT (Qwen2.5-VL) 3B v 5.70 63.3 51.6 44.9 520 50.3 42.0 57.6
SimpleVLNT (Qwen2.5-VL) 7B v 4.87 68.4 59.1 52.0 5.31 58.9 49.2 62.9
SimpleVLNT (Qwen3-VL) 4B v 4.26 74.3 654 58.8 4.79 634 54.1 66.5
SimpleVLN* (Qwen3-VL) 4B v 3.39 794 73.8 66.7 3.29 75.1 653 71.5
SimpleVLNT (Qwen3-VL) 8B v 4.40 733 64.2 57.0 4.73 64.2 54.3 66.2
SimpleVLN* (Qwen3-VL) 8B v 293 79.2 744 69.5 3.11 764 66.4 77.4
SimpleVLNT (Qwen3.5) 4B v 3.76 775 67.1 59.2 4.32 656 55.3 67.8
SimpleVLN* (Qwen3.5) 4B v 2.79 80.1 76.3 723 261 79.2 69.7 80.3
SimpleVLNT (Qwen3.5) 9B v 3.59 769 69.2 61.2 448 64.0 54.2 67.0
SimpleVLN* (Qwen3.5) 9B v 2.63 84.1 76.7 72.6 2.51 80.1 69.9 79.8
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(ms)} | NEJ oSt SRt  SPLt | NEJ SRt  SPLT nDTW?

StreamVLN [17] 7B 300 4.98 64.2 56.9 51.9 6.22 52.9 46.0 61.9
JanusVLN [22] 7B 906 4.78 65.2 60.5 56.8 6.06 56.2 47.5 62.1
DualVLN [16] 7B 683 4.05 70.7 64.3 58.5 4.58 61.4 51.8 70.0
FutureNav [27] 4B 1141 4.24 70.2 65.4 61.3 4.60 60.9 52.8 68.0

SimpleVLN 4B 293‘ 3.39 79.4 73.8 66.7 ‘ 3.29 75.1 65.3 71.5
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= 4: 7 R2R-CE 1 RxR-CE wal-unseen %4> ERREEIE S DAgger Himl.

R2R  RxR ScaleVLN DAgger R2R-CE RxR-CE
NE, OSt SRt SPLt NE|/ SRt SPLt nDTW?
v 5.53 61.2 53.6 48.1 6.45 50.3  42.0 57.6
v v 528 63.4 56.7 51.3 575 545  46.7 62.4
v v v 4.90 684 57.9 509 527 553 48.1 63.6
v v v v 4.26 74.3 65.4 58.8 4.79 63.4 54.1 66.5
% 5: 7£ R2R-CE #l RxR-CE wval-unseen X5 LA RL i, BdE4Es5 L= 0T
£ RL [l & ag I 2535 5ok I .
R2R  RxR  ScaleVLN R2R-CE RxR-CE
NE, OSt SRt SPLt NEJ SRt SPLt aDTW¢
RL ik 426 743 654 58.8 479 634 54.1 66.5
v 3.91 740 685 63.2 431 658 55.3 68.3
3.76  71.8  67.5 59.3 3.98  68.5 59.5 68.8
417 709  66.6 61.3 4.34  66.3 56.2 67.3
v 3.75 741 69.4 63.8 3.77  69.7 60.8 68.1
v v v 374 73.1 70.1 65.6 3.82 710 62.1 68.4
4.4

AT @%E?W@UII%%&TEW’EEH o ANV LM Qwen3-VL 4B, ik
R2R-CE # RxR-CE val-unseen ¥4 _FIZER

LBRREG. &R Hffﬁ—?/wﬁﬁ KL HFRNEEELHE RS S 78 R2R &l BimA RxR,
R2R-CE [ SR M 53.6 37+ % 56.7, RxR-CE M 50.3 #2F- % 54.5, FMIA ScaleVLN,
SR A5l 4T+ & 57.9 F1 55.3. 5EHT, 414 R2R 5 RxR 27k I WA e 2, 1
ScaleVLN #E—HE T X K WA IZ 1L fig
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WRAETE. FEFR W, A DAgger #fikf R ai: R2R-CE E4&7F 7.5 4 SR i, RxR-CE
EFRTF 8.1 Api, A HIAE] 65.4 1 63.4. XTI 27 >) B B SRS BTl AR B HL b SERER
T RA HEANE.
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(b) Qualitative results of SimpleVLN on Simulation.

Kl 6: SimpleVLN fEE5C 50 AP 3. SimpleVLN BEEHE 2 FERY 5 29 Bk
SEHR; #Ek R AT R

4.6 FYERESELE
ASCHE— A Daystar P92 HLAF AFEESLIAEE FEAl SimpleVLN., AZFENLZE NVIDIA
Jetson Thor GPU izaf7. Ples Alt4—4G Intel RealSense D450 RGB-D AHALH T PA Eﬂj

RGN, AU RGB 50, [ pi27%, SimpleVLN B8 Dhis i 61 & At
e FEABFRIABARIEIARFE I 2 462, HAER KRBl BREFIE BT 15 2 R T 0 -



5

Hiik

A H SimpleVLN, —AMEEA: MLLM 3% VLN fUHEZE . SimpleVLN ¥ B %S Po s i

A

SRS S AR PSS &, HOE L 50N . KBRS DAgger Z2BRIS

1% RL A5 WA 250 . Wit IL-DAgger RL jifiilt 242> H bR S {F i
AR5 REE AR AL . SimpleVLN UG T 0857 19 FATPERE, FWIET 55 & M4BT, B
A ORI E MLLM F 34itHE 7

CEP TN

[1]

(10]

(11]

(12]

(13]

Peter Anderson, Qi Wu, Damien Teney, Jake Bruce, Mark Johnson, Niko Siinderhauf, Ian Reid,
Stephen Gould, and Anton Van Den Hengel. Vision-and-language navigation: Interpreting
visually-grounded navigation instructions in real environments. In 2018 IEEE/CVF conference
on computer vision and pattern recognition, pages 3674-3683. IEEE, 2018.

Shuai Bai, Yuxuan Cai, Ruizhe Chen, Keqin Chen, Xionghui Chen, Zesen Cheng, Lianghao
Deng, Wei Ding, Chang Gao, Chunjiang Ge, et al. Qwen3-vl technical report. arXiv preprint
arXiw:2511.21631, 2025.

Shizhe Chen, Pierre-Louis Guhur, Makarand Tapaswi, Cordelia Schmid, and Ivan Laptev.
Think global, act local: Dual-scale graph transformer for vision-and-language navigation. In
2022 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pages
16516-16526. IEEE, 2022.

An-Chieh Cheng, Yandong Ji, Zhaojing Yang, Zaitian Gongye, Xueyan Zou, Jan Kautz, Erdem
Biyik, Hongxu Yin, Sifei Liu, and Xiaolong Wang. Navila: Legged robot vision-language-action
model for navigation. arXiv preprint arXiv:2412.04453, 2024.

Yue Hu, Avery Xi, Qixin Xiao, Seth Isaacson, Henry X Liu, Ram Vasudevan, and Maani
Ghaffari. Longnav-rl: Horizon-adaptive multi-turn rl for long-horizon vla navigation. arXiv
preprint arXiv:2602.12351, 2026.

Jingzhi Huang, Junkai Huang, Wenxuan Song, Haoyang Yang, Hailong Huang, Haoang Li, and
Yi Wang. Sedualvln: A spatially-enhanced dual-system for vision-language navigation. arXiv
preprint arXiv:2605.17249, 2026.

Jacob Krantz, Erik Wijmans, Arjun Majumdar, Dhruv Batra, and Stefan Lee. Beyond the nav-
graph: Vision-and-language navigation in continuous environments. In Furopean Conference
on Computer Vision, pages 104-120. Springer, 2020.

Alexander Ku, Peter Anderson, Roma Patel, Eugene Ie, and Jason Baldridge. Room-across-
room: Multilingual vision-and-language navigation with dense spatiotemporal grounding. In
Proceedings of the 2020 Conference on Empirical Methods in Natural Language Processing
(EMNLP), pages 4392-4412, 2020.

Binggian Lin, Yunshuang Nie, Ziming Wei, Jiaqi Chen, Shikui Ma, Jianhua Han, Hang Xu,
Xjaojun Chang, and Xiaodan Liang. Navcot: Boosting llm-based vision-and-language naviga-
tion via learning disentangled reasoning. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 47(7):5945-5957, 2025.

Stéphane Ross, Geoffrey Gordon, and Drew Bagnell. A reduction of imitation learning and
structured prediction to no-regret online learning. In Proceedings of the fourteenth interna-
tional conference on artificial intelligence and statistics, pages 627-635. JMLR Workshop and
Conference Proceedings, 2011.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, Y.K. Li, Y. Wu, and Daya Guo. Deepseekmath: Pushing the limits of
mathematical reasoning in open language models. arXiv preprint arXiv:2402.03300, 2024.

InternNav Team. InternVLA-N1: An open dual-system navigation foundation model with
learned latent plans, 2025.

Qwen Team et al. Qwen3.5: Towards native multimodal agents, february 2026. URL
hitps://quen.ai/blog, 2026.



(14]

(21]

[23

24

[25

26

27

(28]

29]

Shuo Wang, Yongcai Wang, Wanting Li, Xudong Cai, Yucheng Wang, Maiyue Chen, Zhizhong
Su, Deying Li, and Zhaoxin Fan. Aux-think: Exploring reasoning strategies for data-efficient
vision-language navigation. Advances in Neural Information Processing Systems, 38:30892—
30916, 2026.

Zun Wang, Jialu Li, Yicong Hong, Yi Wang, Qi Wu, Mohit Bansal, Stephen Gould, Hao Tan,
and Yu Qiao. Scaling data generation in vision-and-language navigation. In 2028 IEEE/CVF
International Conference on Computer Vision (ICCV), pages 11975-11986. IEEE, 2023.

Meng Wei, Chenyang Wan, Peng Peng, Xigian Yu, Yuqgiang Yang, Delin Feng, Wenzhe Cai,
Chenming Zhu, Tai Wang, Jiangmiao Pang, et al. Ground slow, move fast: A dual-system
foundation model for generalizable vision-language navigation. In International Conference on
Learning Representations, volume 2026, pages 12380-12396, 2026.

Meng Wei, Chenyang Wan, Xigian Yu, Tai Wang, Yugiang Yang, Xiaohan Mao, Chenming Zhu,
Wenzhe Cai, Hanging Wang, Yilun Chen, et al. StreamvIn: Streaming vision-and-language
navigation via slowfast context modeling. arXiv preprint arXiv:2507.05240, 2025.

Zihao Xin, Wentong Li, Yixuan Jiang, Ziyuan Huang, Bin Wang, Piji Li, Jianke Zhu, Jie Qin,
and Shengjun Huang. Agentvin: Towards agentic vision-and-language navigation. In European
Conference on Computer Vision, pages 114-132. Springer, 2026.

Xinda Xue, Junjun Hu, Minghua Luo, Shichao Xie, Jintao Chen, Zixun Xie, Quan Kuichen,
Wei Guo, Zedong Chu, Mu Xu, et al. Omninav: A unified framework for prospective explo-
ration and visual-language navigation. 2026:106216-106231, 2026.

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xiaochen Zuo, Yu Yue, Weinan Dai,
Tiantian Fan, Gaohong Liu, Lingjun Liu, et al. Dapo: An open-source llm reinforcement
learning system at scale. Advances in Neural Information Processing Systems, 38:113222—
113244, 2026.

Zhuoyuan Yu, Yuxing Long, Zihan Yang, Chengyan Zeng, Hongwei Fan, Jiyao Zhang, and
Hao Dong. Correctnav: Self-correction flywheel empowers vision-language-action navigation
model. In Proceedings of the AAAI Conference on Artificial Intelligence, volume 40, pages
18737-18745, 2026.

Shuang Zeng, Dekang Qi, Xinyuan Chang, Feng Xiong, Shichao Xie, Xiaolong Wu, Shiyi
Liang, Mu Xu, and Xing Wei. Janusvln: Decoupling semantics and spatiality with dual
implicit memory for vision-language navigation. In International Conference on Learning
Representations, volume 2026, pages 33001-33026, 2026.

Jiazhao Zhang, Anqi Li, Yunpeng Qi, Minghan Li, Jiahang Liu, Shaoan Wang, Haoran Liu,
Gengze Zhou, Yuze Wu, Xingxing Li, et al. Embodied navigation foundation model. In
International Conference on Learning Representations, volume 2026, pages 127293-127322,
2026.

Jiazhao Zhang, Kunyu Wang, Shaoan Wang, Minghan Li, Haoran Liu, Songlin Wei, Zhongyuan
Wang, Zhizheng Zhang, and He Wang. Uni-navid: A video-based vision-language-action model
for unifying embodied navigation tasks. arXiv preprint arXiv:2412.0622/, 2024.

Jiazhao Zhang, Kunyu Wang, Rongtao Xu, Gengze Zhou, Yicong Hong, Xiaomeng Fang,
Qi Wu, Zhizheng Zhang, and He Wang. Navid: Video-based vlm plans the next step for
vision-and-language navigation. arXiv preprint arXiv:2402.15852, 2024.

Jiazhao Zhang, Gengze Zhou, Hale Yin, Yiyang Huang, Zixing Lei, Qihang Peng, Haoqi Yuan,
Jie Zhang, Xudong Guo, Xiaoyue Chen, et al. Qwen-robotnav technical report: A scalable
navigation model designed for an agentic navigation system. arXiv preprint arXiv:2606.18112,
2026.

Lingfeng Zhang, Zeying Gong, Xiaoshuai Hao, Haoxiang Fu, Qiang Zhang, Mingliang Zhou,
Hangjun Ye, Xiaojun Liang, Junwei Liang, and Wenbo Ding. Futurenav: Unified world-action
modeling for vision-and-language navigation. arXiv preprint arXiv:2606.30367, 2026.

Zekai Zhang, Weiye Zhu, Hewei Pan, Xiangchen Wang, Rongtao Xu, Xing Sun, and Feng Zheng.
Activevln: Towards active exploration via multi-turn rl in vision-and-language navigation.
arXiw preprint arXiv:2509.12618, 2025.

Duo Zheng, Shijia Huang, Yanyang Li, and Liwei Wang. Efficient-vin: A simple yet strong
baseline for efficient vision-language navigation. arXiv preprint arXiv:2512.10310, 2025.

10



[30] Weiye Zhu, Zekai Zhang, Xiangchen Wang, Hewei Pan, Teng Wang, Tiantian Geng, Rongtao
Xu, and Feng Zheng. Navida: Vision-language navigation with inverse dynamics augmentation.
arXiw preprint arXiv:2601.18188, 2026.

11



	引言
	相关工作
	SimpleVLN
	概述
	决策级导航形式化
	导航数据构建
	渐进式优化

	实验
	实验设置
	与最先进方法的比较
	形式化
	数据构建
	优化
	真实世界实验

	结论

