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Figure 1: STRIDE-QA is a large-scale VQA dataset for spatiotemporal reasoning in autonomous driving, comprising
285K frames and 16 M QA pairs from over 100 hours of urban driving in Tokyo. (a) It includes multi-view RGB
images and (b) LiDAR point clouds, processed via a modular pipeline with 3D object detection, segmentation,
tracking, and visibility filtering to produce spatially and temporally grounded annotations. (¢) The annotations
enable object-centric, ego-centric spatial, and spatiotemporal QA tasks, allowing structured evaluation of physically

grounded reasoning over time.
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Dataset Domain Data Source Modality # Video # QA Viewpoint Temporal Frames Scope
Obj. Ego S ST
Spatial-VQA (Chen et al. 2024a) General Web images RGB — 200M v v
Open Spatial Dataset (Cheng et al. 2024) General Openlmages RGB — 8.7M v 1 v
Refer-KITTI (Wu et al. 2023a) AD KITTI RGB + LiDAR 6 h 818 v 1 - 400 v v
ToD3Cap (Jin et al. 2024) AD nuScenes RGB + LiDAR 5.5 h 468K v v 1 v
nuScenes-QA (Qian et al. 2024) AD nuScenes RGB + LiDAR 5.5 h 460K v v 1 v
NuPrompt (Wu et al. 2025) AD nuScenes RGB + LiDAR 5.5 h 87.3K v 1-40 v v
nuPlanQA (Park et al. 2025) AD nuPlan RGB + LiDAR 119 h 1M v v 3 v v
TUMTraffic-VideoQA (Zhou et al. 2025) AD Self-collected RGB <333h 873K v v 1-101 v v
STRIDE-QA (Ours) AD Self-collected RGB + LiDAR 100 h 16M v 4 v v
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Relative to Region [0], where is Region [2] ?

Region [2] appears around 2 o'clock from Region [0].
Is the ego vehicle is bigger than Region [1]?

(8]

What will be the distance and bearing angle of Region
E [3] from the ego vehicle after 1 second?

Yes, the ego vehicle is bigger in size than Region [1].

At1second, Region [3] is about 5.99 meters away,
at -75 degrees.

How close is Region [2] to Region [3]?
2.01 meters apart between Region [2] and Region [3].
Does the ego vehicle appear on Region [0]'s left side?
Yes, the ego vehicle is to the left of Region [0].

After 2 seconds, how far (in meters) from the ego
vehicle will Region [0] be, and at what bearing angle?

In 2 seconds, it will be about 1.54 meters away,
At -90 degrees.

How far away between Region [1] and Region [3]?
Region [1] is 6.33 meters away from Region [3].
What is the current speed of the ego vehicle?
The current speed of the ego vehicle is 0.0 m/s.

Where will Region [1] be relative to the ego vehicle
in 3 seconds (in meters and degrees)?

In 3 seconds, they will be approximately 0.96 meters
away at a 42 degree angle.
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away. [0] are 14.68 meters apart.

Within 1 second, they're around
9.60 meters apart, pointing
toward a -59 degree direction.

In1second, Region [1] is 23.5
meters away at -10 degrees.

After 2 seconds, Region [0]
will be 8.5 meters away at
-5 degrees.

Within 2 seconds, they're
uuuuu d 19.67 meters apart,
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direction.

Within 3 seconds, they're
around 39.61 meters apart,
pointing toward a 69 degree
direction.

In 3 seconds, Region [2] will
be 6.5 meters away at -25
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GPT-40 80.5 325  68.1 39.4 55.7  27.7
GPT-40 mini 54.7 306  56.3 32.1 57.1 44.4
Intern-VL 2.5 8B 64.1 18.8 48.4 26.6 36.3 29.1
Qwen2.5-VL 7B-Instruct 67.2 24.4 64.0 12.8 47.1 29.3
Spatial RGPT-VILA-1.5-8B 75.0 46.9 58.4 42.2 25.3 16.9
Senna-VLM 180 063 9.14 459 5.88  2.03
Cosmos-Reasonl-7B 53.9 30.0 55.2 21.1 33.2 20.3
STRIDE-Qwen2.5-VL-7B 69.5 375 611 61.5 779 703

STRIDE-Cosmos-Reasonl-7B  71.1 30.0 622 58.7 79.9 689
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LSR 1

Model JE e
Os 1s 2s 3s

MLSRt+ TLC 1

GPT-4o0 181 6.6 6.1 7.6 9.6 0.7
GPT-40 mini 4.6 20 07 0.7 2.0 0.0
InternVL2.5-8B 24 1.0 1.7 07 1.5 0.0
Qwen2.5-VL-7B-Instruct 1.0 34 44 10 2.4 0.0
SpatialRGPT-VILA-1.5-8B 0.5 02 02 00 0.2 0.0
Senna-VLM 1.0 00 02 00 0.3 0.0
Cosmos-Reasonl-7B 1.5 32 20 15 2.0 0.0
STRIDE-Qwen2.5-VL-7B 96.3 46.2 38.4 389 55.0 28.4
STRIDE-Cosmos-Reasonl-7B  96.8 43.5 37.4 36.2 53.5 25.4
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QA Category Qualitative  Quantitative

Object-centric Spatial QA 2.20M 1.10M
Ego-centric Spatial QA 3,10M 4.33M
Ego-centric Spatiotemporal QA — 2.18M

Table 4 STRIDE-QA Sl =-S5 5

Class Obj. (S)  Ego. (S) Ego. (ST)
vehicle 3,780,995 3,844,934 1,448,028
pedestrian 1,187,035 1,213,703 195,642
large vehicle 965,995 1,029,173 348,618
bicycle 337,045 357,987 64,476
bus 179,305 201,948 80,790
motorcycle 150,450 158,710 45,582
kick scooter 3995 4,160 894
Total 6,604,910 6,810,615 2,184,030

Table 5: STRIDE-QA $#lsfert, [FR#E I H br
Ko Afio Obj. (S): AW Ay Lo i 2 18] ) A3 A 225
Ego. (S): PAB AL [0] M8 # %, Ego. (ST):
PAE Oy UL RIS TR . TETERE, MR H
BRSEGI AT VA5 AR AU G (R, X851
AR EAF

T AT BEVEAY, AT WS T A FEW
STRIDE-QA 23§ H 3G FF & i vl S 52, HE
A B L AR L e . R BARERBEIMIA T RN T
FRYER, (HH Appen® MatrixGo T.H. (41 7 firzR) It
WA PRI R AT . FNTH A B IE TR f
AR BRI AR AR T . ARG nuScenes #%53X, £
A=Y FREA L — A8 SL ) 1D, FFAEREAS 10 F)
B35 R TR B . R BESE Rk 1688 N (K
2 ?Ei% AER) BVIZREERT 100 Ngse (29 17 4380) 1
ISEAE

i XA~ 100 Mg FR Ik Ve D BSC R, Al
HAFRHETS R (mAP, mATE, mASE, mAOE, mAVE)
PEAL R PERE, @ Y8R (AMOTA, AMOTP,
Recall, IDSW) AR EERE. S5RNFE 6 iR,

Task Metric Score Range
mAP 1 0.701 [0,1]
mATE | (m) 0.136  [0,00)

Detection mASE | 0.168 [0,1]

mAOE | (rad) 0.146 [0, 7]

mAVE | (m/s) 1.280 [0,
AMOTA 1 0.676 [0, 1]
. AMOTP | (m) 0556 [0.00)
Tracking g call 4 0.700  [0.1]
IDSW | 687 [0, 00)

Table 6: T A1 A SRR RLK 2 52 BRSP4 T A
BREZEDR -

R B i A g R E T RO, mAP
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FHIESE  (Yang et al. 2023) . F&{ 1R LoRA (Hu
et al. 2022) FIEHEAT S BRI WO .. Fra B2 e
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SpatialRGPT-VILA-1.5-8B 84—/~ PN B X B B e

Parameter Value

Training Configuration

Epochs 2

Global Batch Size 64

Precision bfloat16
Optimizer (AdamW)

Learning Rate (LLM) 5e-5

Learning Rate (Vision Encoder)  2e-6
Learning Rate (Projection Head) 1le-5

Betas ( 51,52 ) (0.9, 0.999)

Epsilon ( €) le-8

Weight Decay 0.1
Scheduler

Type Cosine

Warmup Ratio 0.05
LoRA Configuration

Rank 16

Alpha 32

Dropout 0.05

Bias none

Table 7: H T OAIES AL

FFHAZFEZ WA . NI, TR AT, Ff]
R T HHARBRAA Y EET SoM 17534
%gﬁﬁﬁm?%ﬁﬁﬂ%%gﬁéﬁﬁﬁg8®)¢

VRSB A g i B X

AR EAREE th 409 ARy 37 5 2L AL . X 2837
SAENFHEN S R A A LA A ELEF b (O0V)
PRI 77 o Behh, 19 FEoR TR BRUE I rp O B
PrRERAYAT, AR TR BRI 1 A AR
RELZFPEE R, MU AR 2R PP e &
HARERI A E R LR 8 .

Class Count
vehicle 303
large vehicle 61
pedestrian 17
bicycle 13
bus 8
motorcycle 7
Total 409
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HANEH RN
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-
You are a spatial reasoning assistant that analyzes images with marked regions.
Always refer to regions as "Region [X]" where X is the region number.

For quantitative questions:

- Always provide exact numerical values with appropriate units (feet, meters).
- Never respond with "cannot determine", "not enough information", or
uncertainty expressions.

- Use visual references like typical building heights, street widths, vehicle sizes
for scale estimation.

- Format: "Region [X] is Y.Y'Y [unit] [measurement type]."

- Example: "Region [0] is 6.91 feet in height."

For qualitative questions:

- Give definitive comparative answers based on visual analysis.

- Use clear spatial language (left, right, taller, larger, bigger).

- Never express uncertainty, make definitive judgments.

- Format: "Region [X] [comparison_result]"

- Example: "Region [0] appears more on the left side.

- If a value cannot be obtained exactly, make your best estimate and answer..

You are a precise assistant interpreting 4 images (t=-1.5s,-1.0s,-0.5 s, 0 s).
All images have marked objects (SoM). Base every reply solely on the
images.

Every question requires numeric answers. Respond with ONE short sentence
that lists all requested numbers and their units—nothing more.

Examples:

- distance: "Region [0] is 20.12 meters away."

- distance + bearing: "In 1 second they are 23.54 meters at -24 degrees."
- velocity: "Ego speed after 2 seconds is 11.77 m/s."

If a value cannot be obtained exactly, make your best estimate and answer.
No extra text, symbols, or formatting.

(a) Instruction prompt used in SpatialRGPT-Bench

Figure 8: & SCHAGAL 55 Al AR 15 4875 :

ARG AR A U S S 1AL H B
e, B — 2 A T S — W AT . Sl &
OOV Hift,

ﬁ%ﬁiﬁﬁﬁ$%faimﬁ T, B T
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WA — IR, AR TR IS5 E A
B SR IR SRR . RELLAT A
U ER-E=

(b) Instruction prompt used in Spatiotemporal QA Benchmark

(a) SpatialRGPT-Bench FI (b) FAiTiIm;2s i) & 5Lk .
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SR SR SR¢&° SR2sent
Model a’l o1 o T b T
Os 1s 2s 3s Os 1s 2s 3s Os 1s 2s 3s Os 1s 2s 3s

GPT-40 34.7 23.0 249 205 41.3 21.3 21.5 259 186 25.7 31.5 26.2 13.0 127 11.2 14.2
GPT-40 mini 17.4 156 21.0 20.8 35.7 174 10.0 10.5 27.6 29.6 27.6 29.8 20.5 244 26.7 24.2
InternVL2.5-8B 159 18.6 20.8 22.0 139 7.8 6.1 32 05 3.7 259 152 34 27 178 7.6
Qwen2.5-VL-7B-Instruct 21.8 12.0 21.0 125 1.0 21.5 17.8 20.0 &6 235 33.3 10.8 10.3 12.2 21.5 10.5
Spatial RGPT-VILA-1.5-8B 7.3 4.2 6.8 3.2 24.0 11.0 9.0 6.1 0.0 0.2 9.3 2.0 2.7 1.2 8.3 3.4
Senna-VLM 11.2 2.7 6.4 4.2 3.7 0.7 1.0 0.0 4.6 5.1 7.8 2.7 0.7 3.4 6.4 4.9
Cosmos-Reasonl-7B 13.0 11.2 17.8 134 56 12.7 13.2 12.2 289 31.1 335 281 16.4 26.9 31.5 31.8
STRIDE-Qwen2.5-VL-7B 96.3 66.0 51.3 489 100 579 56.2 61.1 68.0 653 63.6 589 594 604 53.3 52.8
STRIDE-Cosmos-Reasonl-7B  96.8 69.9 4 47.2 100 53.8 55.7 61.1 62.8 59.7 584 54.8 59.4 58.2 53.5 46.7

Table 9: Tz FI B MERTEAIEE4E 2 (SR) 45250, FraEIAMIIER (%) .

MO (EAES),

Frold STRIDE-Qwen2.5-VL-7B, 7ERTA B AR IHEAS I [RITEE AR B PEREILS, JUH R 5 HA

B (K 5) AHECHT

SRS PR AR R SO PEA MY, 5 STRIDE-QA
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Original (outdoor)

Model Below/Above  Left/Right Big/Small Tall/Short Wide/Thin Behind/Front  Avg.
GPT-40 (OpenAl et al. 2024) — 92.11 73.33 65.38 85.71 78.57 80.47
GPT-40 mini (OpenAl et al. 2024) — 68.42 66.67 30.77 52.38 53.57 54.69
InternVL2.5-8B (Chen et al. 2024b) — 89.47 73.33 46.15 66.67 39.29 64.06
Qwen2.5-VL-7B-Instruct (Bai et al. 2025) — 92.11 53.33 50.00 61.90 60.71 67.19
SpatialRGPT-VILA-1.5-8B (Cheng et al. 2024) — 73.68 66.67 80.77 61.90 85.71 75.00
Senna-VLM (Jiang et al. 2024) — 21.05 6.67 11.54 14.29 28.57 17.97
Cosmos-Reasonl-7B (NVIDIA et al. 2025) — 76.32 53.33 46.15 33.33 46.43 53.91
STRIDE-Qwen2.5-VL-7B — 81.58 66.67 61.54 71.43 60.71 69.53
STRIDE-Cosmos-Reasonl-7B 81.58 86.67 50.00 80.95 60.71 71.09
Model Direct Horizontal Vertical Width Height Direction
GPT-40 (OpenAl et al. 2024) 28.21 15.00 — 55.56 79.31 5.88
GPT-40 mini (OpenAl et al. 2024) 7.69 17.50 — 55.56 82.76 14.71
InternVL2.5-8B (Chen et al. 2024b) 10.26 15.00 — 44.44 37.93 2.94
Qwen2.5-VL-7B-Instruct (Bai et al. 2025) 33.33 32.50 — 11.11 34.48 2.94
Spatial RGPT-VILA-1.5-8B (Cheng et al. 2024) 20.51 27.50 — 44.44 82.76 70.59
Senna-VLM (Jiang et al. 2024) 2.56 0.00 — 0.00 0.00 0.00
Cosmos-Reasonl-7B (NVIDIA et al. 2025) 12.82 17.50 — 33.33 72.41 26.47
STRIDE-Qwen2.5-VL-7B 20.51 12.50 — 66.67 82.76 32.35
STRIDE-Cosmos-Reasonl-7B 12.82 5.00 — 66.67 79.31 17.65
Object-centric Spatial QA

Model Below/Above  Left/Right Big/Small Tall/Short Wide/Thin Behind/Front  Avg.
GPT-40 (OpenAl et al. 2024) — 44.55 36.36 37.21 31.48 42.22 39.23
GPT-40 mini (OpenAl et al. 2024) — 50.91 52.27 60.47 38.89 57.78 52.51
InternVL2.5-8B (Chen et al. 2024b) — 50.91 50.00 52.33 50.00 48.89 50.74
Qwen2.5-VL-7B-Instruct (Bai et al. 2025) — 61.82 61.36 50.00 40.74 53.33 54.28
Spatial RGPT-VILA-1.5-8B (Cheng et al. 2024) — 35.45 38.64 33.72 33.33 53.33 37.46
Senna-VLM (Jiang et al. 2024) — 15.45 4.55 5.81 0.00 15.56 9.14
Cosmos-Reasonl-7B (NVIDIA et al. 2025) — 54.55 45.45 40.70 35.19 66.67 48.38
STRIDE-Qwen2.5-VL-7B — 63.64 59.09 68.60 57.41 46.67 61.06
STRIDE-Cosmos-Reason1-7B — 63.64 75.00 63.95 59.26 46.67 62.24
Model Direct Horizontal Vertical Width Height Direction
GPT-40 (OpenAl et al. 2024) 20.00 16.67 13.64 55.00 63.64

GPT-40 mini (OpenAlI et al. 2024) 13.33 16.67 4.55 70.00 59.09

InternVL2.5-8B (Chen et al. 2024b) 13.33 3.33 4.55 40.00 36.36
Qwen2.5-VL-7B-Instruct (Bai et al. 2025) 6.67 3.33 0.00 5.00 18.18

Spatial RGPT-VILA-1.5-8B (Cheng et al. 2024) 26.67 30.00 0.00 70.00 7727

Senna-VLM (Jiang et al. 2024) 0.00 10.00 9.09 0.00 0.00
Cosmos-Reasonl-7B (NVIDIA et al. 2025) 20.00 3.33 4.55 15.00 31.82
STRIDE-Qwen2.5-VL-7B 40.00 53.33 40.91 75.00 95.45
STRIDE-Cosmos-Reasonl-7B 33.33 56.67 36.36 75.00 86.36

Ego-centric Spatial QA

Model Below/Above  Left/Right Big/Small Tall/Short Wide/Thin Behind/Front  Avg.
GPT-40 (OpenAl et al. 2024) — 36.84 43.55 28.81 50.00 — 37.37
GPT-40 mini (OpenAl et al. 2024) — 45.61 30.65 39.83 51.92 — 41.18
InternVL2.5-8B (Chen et al. 2024b) — 21.05 41.94 32.20 46.15 — 34.60
Qwen2.5-VL-7B-Instruct (Bai et al. 2025) — 49.12 30.65 45.76 44.23 — 42.91
Spatial RGPT-VILA-1.5-8B (Cheng et al. 2024) — 45.61 1.61 18.64 32.69 — 22.84
Senna-VLM (Jiang et al. 2024) 12.28 3.23 5.08 3.85 5.88
Cosmos-Reasonl-7B (NVIDIA et al. 2025) — 29.82 30.65 29.66 34.62 — 30.80
STRIDE-Qwen2.5-VL-7B — 80.70 82.26 74.58 76.92 — 77.85
STRIDE-Cosmos-Reasonl-7B — 77.19 80.65 82.20 76.92 — 79.93
Model Direct Horizontal Vertical Width Height Direction
GPT-40 (OpenAl et al. 2024) 25.71 3.33 13.33 68.97 33.33

GPT-40 mini (OpenAl et al. 2024) 5.71 33.33 3.33 86.21 37.50

InternVL2.5-8B (Chen et al. 2024b) 17.14 20.00 0.00 89.66 37.50
Qwen2.5-VL-7B-Instruct (Bai et al. 2025) 20.00 0.00 0.00 17.24 20.83
SpatialRGPT-VILA-1.5-8B (Cheng et al. 2024) 0.00 13.33 0.00 68.97 0.00

Senna-VLM (Jiang et al. 2024) 0.00 3.33 0.00 0.00 8.33
Cosmos-Reasonl-7B (NVIDIA et al. 2025) 14.29 0.00 6.67 75.86 20.83
STRIDE-Qwen2.5-VL-7B 42.86 56.67 63.33 100 100
STRIDE-Cosmos-Reasonl-7B 51.43 40.00 63.33 100 100

Table 10: SpatialRGPT-Bench £55. M 5T, oM I T RN . DARTS b 8 DA 1 3k 0B 25
AT IR B D (1)
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