The 39th Conference on Neural
Information Processing Systems

SURDS: Benchmarking Spatial Understanding and Reasoning

in Driving Scenarios with Vision Language Models
Xianda Guol* , Ruijun Zhang?3-*, Yiqun Duan*”*, Yuhang He>, Dujun Nie?>,
Wenke Huang!, Chenming Zhang®>, Shuai Liu’ ,Hao Zhao?, Long Chen?3.6:1
(Wechat) ' School of Computer Science, Wuhan University 2CASIA 3Waytous 4 University of Technology Sydney
> Microsofit Research ¢ IAIR, X1’an Jiaotong University 7 ByteDance ¢ AIR, Tsinghua University

e{‘{ ',
NEURAL INFORMATION
'PROCESSING SYSTEMS

Te

I
-l"b#i

!-'Hu
EE‘-!L
™y

,q-

WUHAN UNIVERSITY

MiE=fh
WAYTOUS

Introduction Overview of data generation and model training

Paper Scale Annotation Types Data Source Reasoning Method w/o Depth w/o Visual Mark : Socation=adult wearing yellaw clothes: [1314,481, 1351, 696]<flocatior>
BLINK (ECCV2024) [27] 3,807 Image QA pairs Web X al v w/ Marked point ' | <think>Step 1: Establish a Reference Direction - The camera is facing South.\n Step 2: ... </think> -
SpatialRGPT (NeurIPS2024) [18] || 1,406 Image QA pairs Web v v X w/ Mask e et et
SpatialBot (ICRA2025) (L1} 174  Image QA pairs Web v v X w/ Marked point & Bbox : | _ _
VSI bench (CVPR2025) [BT]  ||~5.000 Video QA pairs  Indoor v X / v | Reward Modeling for RL Training Think Model |~ Logic answer
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Table : Comparison between our work and other spatial
understanding benchmarks. Reasoning indicates whether the

Process-Reward-Based Model Training

framework focuses on reasoning. Method denotes whether 1t i & Tk S0 gt . |
| Reason Image to analyze, ... QAs vy |

. . | = %Kk airs | Generate. :

proposes a .spec1ﬁc approach to enhance spatial f e G || e [N
understanding. w/o Depth means the framework does not use ]|  Sich diretion.. S s | e |~ [ ThmSep e
I . | camera 1s 1racing sout... | 1|
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%2 Qwen-Qwen2.5-VL-72B-Instruct

depth information during training or evaluation. w/o Visual
Mark 1ndicates no visual annotationsare added to the image.

Overview of the SURDS benchmark and the

proposed method’s performance.
DS

tions in 1image

Contributions
» We propose SURDS, the first large-scale benchmark for

evaluating fine-grained spatial understanding of VLMs
1n realistic driving scenarios, respectively, contains
41,080 training pairs and 9,250 test pairs.
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training strategies from supervised finetuning to
reinforcement learning post-train alignment, providing
valuable reference for follow-up researchers.

Overview of the pipeline for constructing the

SURDS dataset
B
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Ilustrative examples of the benchmark QA
pairs on both single-object and multi-object
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Single-object Multi-object

Image Filter Image

Yaw Angle Determination
The camera in the image is facing South, ... Which
direction 1s the gray car facing n the mage?
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Pixel Location Estimation
Where 15 the white car located in the image?

Depth Range Determination

How far 15 the vertical distance of the orange

rigid bus in the picture from the camera?

2~ 32 meters

15~ 28 meters

19~ 23 meters 5;
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Clear and visible objects

Front/Behind Determination

., where the object farther from the camera 15 consider ‘dtub-L
m{xtium&rd Is the black car 1 i{} t of the uht rigid bus
L ;

Distance Estimation

Which object, the « Hln,g cand redr Edb 5 or the
orange car, 15 closer to the camera

Left/Right Determination
Which 1s further lefi, the silver car or
the white truck?

Comparison of our proposed method with other
open-source and proprietary VLMs,
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Random 573 1.12 3427 | 876 1157 1189 |12.22
"GPT40 11308 162 249 |1157 47.89 3.14 | 1330
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Ablation study on different training setups of et 2:5 iS4l a7 | @30 T 00| s5n
LLaVA-OV-Qwen2-72b-si 195 3.03 2357 | 378 973 865 | 845
0 o 2.5-VL-72B-Ins 1157 6.13 44.00 | 5805 66.16 14.92 | 33.47
our method, analyzmg the impact of s e ey Rt o e e
Qwen2.5-VL-3B-Instruct 627 3.81 2768 | 1784 14.81 10.49 | 13.48
SFT GRPO d th ddoto f l to d SpatialBot [11] 0.00 0.00 1200 | 000 000 0.00 | 2.00
SpatialRGPT [[I8] 130 055 1059 | 1.95 086 735 | 3.77
9 y/ a1 ca non o 0ocation an QF:;lelrfz.S-VL-SB-SFT-GRPO-Loangic 20.97 4481 69.84 | 4930 5135 854 | 40.80

logic rewards (LocLogic) Ablation study on model performance under

Single-object Multi-object

Model Yaw Pixcl Depth| Dis LR FB | Score different reward settings after SF'T
Quen2SVL3B [ 627 381 2768 | 1784 481 1049 | 1348 Base model S I L S W 5 e
Qwen2.5-VL-3B-GRPO 14.59 3.5 29.19 1 35.68  39.89 22.70 | 24.30 Qwen25-VL3B-SET || X X X xg 1395 21.11 5125 33.05 19.68 21.62|26.94
Qwen2.5-VL-3B-GRPO-LocLogic 8.11 35782 27.24 | 22.05 1935 1243 | 24.50 Qwem25-VL-3BSEFT || v~ X v X 11924 15.02 6259 |39.14 32.65 9.30 [29.66
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