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Abstract

Vision-Language Models (VLMs) have been applied to au-
tonomous driving to support decision-making in complex
real-world scenarios. However, their training on static, web-
sourced image-text pairs fundamentally limits the precise
spatiotemporal reasoning required to understand and pre-
dict dynamic traffic scenes. We address this critical gap
with STRIDE-QA, a large-scale visual question answering
(VQA) dataset for physically grounded reasoning from an
ego-centric perspective. Constructed from 100 hours of multi-
sensor driving data in Tokyo, capturing diverse and chal-
lenging conditions, STRIDE-QA is the largest VQA dataset
for spatiotemporal reasoning in urban driving, offering 16M
QA pairs over 270K frames. Grounded by dense, automat-
ically generated annotations including 3D bounding boxes,
segmentation masks, and multi-object tracks, the dataset
uniquely supports both object-centric and ego-centric rea-
soning through three novel QA tasks that require spatial lo-
calization and temporal prediction. Our benchmarks demon-
strate that existing VLMs struggle significantly, with near-
zero scores on prediction consistency. In contrast, VLMs fine-
tuned on STRIDE-QA exhibit dramatic performance gains,
achieving 55% success in spatial localization and 28% con-
sistency in future motion prediction, compared to near-zero
scores from general-purpose VLMs. Therefore, STRIDE-QA
establishes a comprehensive foundation for developing more
reliable VLMs for safety-critical autonomous systems.

Dataset — https://turingmotors.github.io/stride-qa/
Extended version — https://arxiv.org/abs/2508.10427

1 Introduction
Recent advances in Vision-Language Models (VLMs) have
led to remarkable progress across multimodal tasks such as
image captioning and visual question answering (Liu et al.
2023a; Bai et al. 2025). These models, trained on large-scale
image-text datasets, exhibit strong semantic understanding
and generalization capabilities. Motivated by this success,
VLMs have been applied to Physical AI (NVIDIA et al.
2025), such as in robotics (Brohan et al. 2023; Black et al.
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2024) and autonomous driving (Sima et al. 2024; Marcu
et al. 2024).
These approaches underscore the promise of VLMs in

achieving holistic scene understanding and high-level driv-
ing decision-making. However, this promise is fundamen-
tally limited by the nature of their training data: most VLMs
are trained on static, web-sourced image-text pairs and con-
sequently lack the spatial reasoning capabilities essential for
real-world applications (Fu et al. 2025). This limitation is
particularly critical in autonomous driving, where the lack
of appropriate training data remains a significant challenge.
To address this limitation, we introduce STRIDE-QA

(SpatioTemporal Reasoning In Driving Scenarios for Ego-
centric Visual Question Answering), a large-scale VQA
dataset designed for fine-grained spatial and spatiotempo-
ral reasoning in real-world driving scenes. An overview of
the dataset and its automated annotation pipeline is shown
in Figure 1. The dataset is constructed from over 100 hours
of multi-sensor driving data collected in Tokyo, capturing
diverse and challenging scenarios including traffic conges-
tion, construction zones, and pedestrian-dense intersections.
It contains over 16M QA pairs generated through a fully
modular and scalable annotation pipeline that integrates 3D
object detection, multi-object tracking, and instance seg-
mentation.
STRIDE-QA is specifically constructed to enable super-

vised training and evaluation on three core reasoning tasks:

• Object-centric Spatial QA: Assessing spatial relations
between non-ego agents (vehicles, pedestrians, etc.).

• Ego-centric Spatial QA: Describing agents’ distance,
orientation, and size relative to the ego vehicle.

• Ego-centric Spatiotemporal QA: Predicting how
agent–ego spatial relations evolve over time.

These tasks are designed to systematically measure the
spatial and predictive reasoning capabilities essential for
downstream planning and decision making in safety-critical
urban environments. By grounding each QA pair in phys-
ically and temporally consistent annotations, STRIDE-
QA provides a comprehensive foundation for training and
benchmarking VLMs in real-world autonomous driving.
Contributions The main contributions of this paper are

summarized as follows:
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Figure 1: STRIDE-QA is a large-scale VQA dataset for spatiotemporal reasoning in autonomous driving, comprising 270K
frames and 16M 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. (c) The annotations enable object-centric, ego-centric spatial, and
spatiotemporal QA tasks, allowing structured evaluation of physically grounded reasoning over time.

• We define three novel ego-centric VQA tasks that jointly
require spatial grounding and short-term predictive rea-
soning, addressing core challenges autonomous driving
systems face in complex traffic scenes.

• We present STRIDE-QA, a large-scale dataset contain-
ing 16M QA pairs densely annotated over 270K video
frames from urban driving, which enables supervised
training of VLMs on fine-grained spatial and short-term
temporal reasoning grounded in real-world traffic dy-
namics.

• We demonstrate that existing general-purpose VLMs
struggle with spatiotemporal reasoning, while mod-
els fine-tuned on STRIDE-QA significantly outperform
baselines. Our best model, STRIDE-Qwen2.5-VL-7B,
achieves state-of-the-art performance, highlighting the
effectiveness of our dataset for spatiotemporal under-
standing in driving scenes.

These contributions represent a key step toward integrat-
ing VLMs into real-world autonomous systems. By shift-
ing from general-purpose vision-language understanding to
physically grounded, ego-centric reasoning, STRIDE-QA
bridges the gap between large-scale multimodal pretraining
and the demands of Physical AI. It offers not only a bench-
mark for spatiotemporal VQA but also advances spatial un-
derstanding in dynamic scenes, promoting more trustworthy

VLMs for autonomous driving.

2 Related Work
VLMs have demonstrated strong performance on multi-
modal tasks by training on 2D vision-language datasets such
as VQA v2 (Goyal et al. 2017) and GQA (Ainslie et al.
2023). However, these datasets lack 3D spatial information,
which limits their applicability to physically grounded rea-
soning in real-world environments.
To address this gap, spatially-aware VLMs such as Spa-

tialVLM (Chen et al. 2024a) and Spatial-RGPT (Cheng
et al. 2024) incorporate geometric annotations that enable
metric reasoning in 3D. Nevertheless, these models remain
confined to static, single-frame inputs and cannot capture
the temporal dynamics critical for applications such as au-
tonomous driving.
In response, several VQA datasets have been introduced

for driving scenarios. For example, nuScenes-QA (Park
et al. 2025) leverages multi-view videos to formulate spa-
tial queries. ToD3Cap (Jin et al. 2024) and NuPrompt (Wu
et al. 2025) focus on ego-centric spatial grounding,
whereas Refer-KITTI (Wu et al. 2023b) and TUMTraffic-
VideoQA (Zhou et al. 2025) explore video-based QA and
referring expressions.
While these datasets represent significant progress toward

incorporating spatial and temporal reasoning into vision-
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Dataset Data Source Modality # Video # QA Viewpoint QA Type
Obj. Ego S-Q S-N ST-Q ST-N

Spatial-VQA (Chen et al. 2024a) Web images RGB — 200M ✁ ✁ ✁

Open Spatial Dataset (Cheng et al. 2024) OpenImages RGB — 8.7M ✁ ✁ ✁

Refer-KITTI (Wu et al. 2023a) KITTI RGB + LiDAR 6 h 818 ✁ ✁ ✁

ToD3Cap (Jin et al. 2024) nuScenes RGB + LiDAR 5.5 h 468K ✁ ✁ ✁

nuScenes-QA (Qian et al. 2024) nuScenes RGB + LiDAR 5.5 h 460K ✁ ✁ ✁ ✁

NuPrompt (Wu et al. 2025) nuScenes RGB + LiDAR 5.5 h 87.3K ✁ ✁ ✁

nuPlanQA (Park et al. 2025) nuPlan RGB + LiDAR 119 h 1M ✁ ✁ ✁ ✁

TUMTraffic-VideoQA (Zhou et al. 2025) AD Self-collected RGB →33.3 h 87.3K ✁ ✁ ✁ ✁

STRIDE-QA (Ours) Self-collected RGB + LiDAR 100 h 16M ✁ ✁ ✁ ✁ ✁

Table 1: Comparison of STRIDE-QA with existing visual question answering datasets by data source, modality, scale, view-
point, and QA types. S-Q, S-N, ST-Q, and ST-N denote Spatial Qualitative, Spatial Numerical, Spatiotemporal Qualitative, and
Spatiotemporal Numerical. STRIDE-QA is the first dataset to provide large-scale, ego-centric spatiotemporal supervision.

language models, several challenges remain unaddressed.
Notably, most existing benchmarks are designed to sup-
port either object-centric or ego-centric reasoning, but not
both. This distinction is important because object-centric
reasoning is crucial for capturing interactions among agents,
whereas ego-centric reasoning enables spatial understand-
ing relative to the ego vehicle. In addition, many datasets
lack temporally aligned 3D annotations, essential for short-
horizon predictive reasoning. Scalability also remains a
challenge, as real-world driving scenarios involve high vi-
sual diversity and complexity. A detailed comparison of
these datasets is provided in Table 1.
To fill this gap, we introduce STRIDE-QA. It comprises

over 100 hours of synchronized LiDAR and multi-view
RGB data, and defines three QA tasks: object-centric spatial,
ego-centric spatial, and ego-centric spatiotemporal. These
tasks collectively support fine-grained, predictive reasoning
under complex traffic conditions.

3 Spatial and Spatiotemporal QA Definition
This section outlines key requirements for spatiotemporal
QA in autonomous driving before introducing our dataset
and benchmark. To support fine-grained reasoning in urban
traffic scenarios, we define three VQA categories targeting
distinct aspects of scene understanding: (1) relationships be-
tween surrounding agents, (2) ego-to-agent spatial relations,
and (3) short-term prediction of agent dynamics.
Object-centric Spatial QA. This category targets spatial
relationships between two surrounding agents based on a
single current frame. It includes both qualitative questions
(e.g., relative position or yes/no queries) and quantitative
ones that require numerical answers (e.g., “1.53 m away”
or “5 degrees”), as illustrated in Figure 2 (A).
Ego-centric Spatial QA. Understanding the scene from
the ego-centric perspective is critical for autonomous driv-
ing. To support this, we design a category of questions that
target the spatial relationship between the ego vehicle and a
single surrounding agent, based on a single current frame.
We construct both qualitative and quantitative questions in-
volving distance, relative direction, and object size with re-

spect to the ego vehicle, as illustrated in Figure 2 (B).
Ego-centric Spatiotemporal QA. This category extends
Ego-centric Spatial QA by incorporating short-term tempo-
ral prediction. The task takes four context frames sampled
at 2 Hz as input and aims to forecast the following physical
quantities at future time horizons t → {1, 2, 3} s:
• Distance between the ego vehicle and the target agent
• Heading angle from the ego vehicle to the target agent
• Velocity of both the ego vehicle and the target agent
This task’s QA examples are shown in Figure 2 (C).

4 STRIDE-QA Dataset
We introduce STRIDE-QA (SpatioTemporal Reasoning
in Driving Scenarios for Ego-centric Visual Question
Answering), a large-scale benchmark designed to advance
ego-centric spatiotemporal reasoning in urban driving.
STRIDE-QA consists of 270K frames, 268K unique object
pairs, and 16M QA pairs.
Section 4.1 describes the data collection setup, and Sec-

tion 4.2 details the automated annotation pipeline.

4.1 Driving Data Collection
Driving Areas. We collected over 100 hours of driving
data in Tokyo, which is known for its challenging environ-
ment caused by traffic congestion, complex regulations such
as no-parking zones and one-way streets, and the high den-
sity of pedestrians and cyclists. The city includes downtown
districts, residential neighborhoods, and suburban areas.
Sensor Setup. We utilize a multi-purpose vehicle
equipped with a sensor suite consisting of a 64-channel
LiDAR and six cameras, which are synchronized and down-
sampled to 2 Hz. The cameras, each with a 60° field of view
(FOV), offer 360° visual coverage with varied resolutions
(front/back: 2880x1860 pixels; sides: 1920x1240 pixels).
To accurately estimate the vehicle’s state and position, we
also record signals from an inertial measurement unit (IMU)
and a real-time kinematic global navigation satellite system
(RTK-GNSS) receiver. During data acquisition, all sensors
and control area network (CAN) signals are recorded with
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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 close is Region [2] to Region [3]?

2.01 meters apart between Region [2] and 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.

How far away between Region [1] and Region [3]?

Region [1] is 6.33 meters away from Region [3].

1
2

3

0

23 1
0

4 1

0

2 3

Is the ego vehicle is bigger than Region [1]?

At 1 second, Region [3] is about 5.99 meters away, 
at -75 degrees.

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

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

Relative to Region [0], where is Region [2] ?

Region [2] appears around 2 o'clock from Region [0].

Figure 2: Example data from our STRIDE-QA dataset. From top to bottom, each QA pair corresponds to (A) Object-centric
Spatial QA, (B) Ego-centric Spatial QA, and (C) Ego-centric Spatiotemporal QA.

synchronized timestamps. Following the nuScenes (Caesar
et al. 2020), the recorded sequences are segmented into
20-second video clips. Further details about the sensor setup
are provided in Appendix A.1.

4.2 Annotation Pipeline
We propose an automated annotation pipeline that processes
sequences of synchronized multi-view RGB images and
LiDAR point clouds to generate spatiotemporal question-
answer pairs, each consisting of a question, an answer, and
supporting visual evidence (e.g., bounding boxes or segmen-
tation masks).
Our pipeline, illustrated in Figure 1, comprises seven

components: keyframe sampling, 3D object detection,
multi-object tracking, attributes extraction, semantic seg-
mentation, visibility filtering, and question generation.
Keyframe Sampling. In our pipeline, a keyframe serves
as the temporal anchor for each spatiotemporal question. We
sample these at 1 Hz from the 2 to 17-second interval of each
clip, which provides each keyframe with a temporal context
window spanning from 2 seconds prior to 3 seconds after.
3D Object Detection. We adopt BEVFusion (Liu et al.
2023b), which fuses LiDAR and multi-camera images
to perform high-precision 3D object detection. For each
keyframe, we estimate the 3D position, orientation, and size
of all visible objects. The set of object classes includes those
from nuScenes as well as additional custom classes, totaling
45 categories.
Object Tracking. To capture temporal dynamics, we track
the movement of each object over time. PubTracker (Yin,
Zhou, and Krahenbuhl 2021) is selected for its simplicity
and efficiency in point-based 3D object tracking, which en-
ables fast and consistent ID assignment across frames with-
out relying on appearance features. We associate 3D bound-
ing boxes across consecutive frames and assign consistent

instance IDs to each object. As a result, all frames, including
context and future frames associated with each keyframe,
are annotated with 3D bounding boxes, and objects can be
consistently tracked over time.
Attributes Extractor To support spatiotemporal QA gen-
eration, we extract relevant attributes for each object in ev-
ery frame. Based on the 3D bounding boxes and the pose
of the ego vehicle, we compute the Euclidean distance and
heading angle in the ego-centric coordinate system. In addi-
tion to these numerical values, we also generate discrete and
qualitative spatial descriptions such as “left” or “1 o’clock”
derived from these quantities.
Moreover, by leveraging the temporally consistent object

tracks obtained during the tracking stage, we estimate the
velocity of each object from the change in the center posi-
tion of its bounding box over time. These attributes, includ-
ing distance, heading, and velocity, are associated with each
object in every frame and form the foundation for generating
spatiotemporal QA pairs.
Semantic Segmentation. To obtain precise 2D segmenta-
tion masks for downstream visibility filtering and to provide
fine-grained, pixel-level visual grounding for VLMs, we ap-
ply SAM 2.1 Large (Ravi et al. 2025). The model gener-
ates a class-agnostic mask within each object’s projected 3D
bounding box. Each mask is then associated with the ob-
ject’s consistent instance ID from the tracking stage.
Visibility Filtering. Since bounding boxes and segmenta-
tion masks are automatically generated, it is important to
filter out unreliable objects to ensure annotation quality. We
apply the following three filtering rules: (1) the Intersection-
over-Union (IoU) between bounding boxes must be greater
than 0.3, (2) the coverage rate must exceed 0.8, and (3) the
IoU score predicted by SAM 2.1 Large must also exceed
0.8. By applying these rules, we effectively eliminate noisy
detections and retain only high-quality annotations.
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Figure 3: Qualitative results on STRIDE-QA Bench. Across four driving scenarios, our fine-tuned STRIDE-Qwen2.5-VL-7B
(labeled as STRIDE-Qwen2.5) consistently delivers more accurate distance and angle estimates than GPT-4o. Note that model
responses are abbreviated to highlight key numerical predictions (t: time [s], d: distance [m], ω: angle [↑]).

Question Generator. Finally, we generate template-based
QA pairs for each keyframe based on the previously ex-
tracted object attributes, such as distance, heading, and ve-
locity. Each object is referred to as Region [X] in the
question text, where the number X corresponds to the visual
identifier shown in the image. These QA pairs are aligned
with the 2D bounding boxes and segmentation masks from
the current, context, and future frames. Each QA pair is as-
sociated with a keyframe tk, and refers to a target object or
object pair within a temporal window [tk ↑ 2, tk + 3]. The
spatial grounding s consists of 2D bounding boxes and seg-
mentation masks across the relevant frames t, aligned via
consistent instance IDs. As illustrated in Figure 2, this re-
sults in a dataset composed of paired image, segmentation,
and QA examples.
These stages automatically yield spatiotemporal QA pairs

from synchronized multi-camera RGB and LiDAR data, en-
suring temporally aligned, instance-consistent annotations
for VLM training and evaluation; annotation quality details
are in Appendix A.

5 Experiments
We evaluate whether STRIDE-QA improves VLMs’ spa-
tiotemporal reasoning in traffic scenes by benchmarking
multiple models on spatial and spatiotemporal QA tasks.

5.1 Experimental Setup
Fine-tuned Models. We fine-tune two open-source
VLMs, Qwen2.5-VL-7B-Instruct and Cosmos-Reason1-7B,
on the training split of STRIDE-QA using only the front-
camera RGB sequence (t → {↑1.5,↑1.0,↑0.5, 0} s). Side
and rear camera images and LiDAR are omitted to match
the evaluation setup detailed in the next subsection. We
refer to the resulting models as STRIDE-Qwen2.5-VL-7B
and STRIDE-Cosmos-Reason1-7B.
Baseline Models. We evaluate our fine-tuned models
against a range of VLMs. To estimate the upper bound of
general-purpose VLMs, we include proprietary GPT-4o and
GPT-4o mini (OpenAI et al. 2024). We further compare
with the open-source models InternVL2.5-8B (Chen et al.

2024b) and Qwen2.5-VL-7B-Instruct (Bai et al. 2025), the
spatially enhanced SpatialRGPT-8B (Cheng et al. 2024),
and autonomous driving-specific VLMs, Senna-VLM (Jiang
et al. 2024) and Cosmos-Reason1-7B (NVIDIA et al. 2025).
Details of the training process are provided in Appendix B.
Spatial Benchmark. We evaluate spatial reasoning on the
outdoor split of the SpatialRGPT-Bench (Cheng et al. 2024).
The details of the SpatialRGPT-Bench are provided in Ap-
pendix D.
Spatiotemporal Benchmark. Beyond spatial reasoning,
we introduce STRIDE-QA Bench to evaluate spatiotempo-
ral reasoning capabilities. We employ three primary types
of metrics, which are briefly described in Section 5.2 and
detailed in Appendix C.

5.2 STRIDE-QA Bench
STRIDE-QA Bench is an evaluation suite for spatiotempo-
ral reasoning in urban driving scenes. Beyond spatial QA
benchmarks, we assess the performance of spatiotemporal
QA tasks defined in Section 3. We report four metrics: Lo-
calization Success Rate (LSR), Mean Localization Success
Rate (MLSR), Temporal Localization Consistency (TLC),
and diagnostic per-dimension success rates (SR).

Evaluation Setup. The model is given a sequence of four
RGB frames from a front-facing onboard camera with a
60° FOV, captured at t → {↑1.5,↑1.0,↑0.5, 0} s. In this
sequence, the model observes a single target agent from
one of six classes (car, large vehicle, bus, pedestrian, mo-
torcycle, or bicycle), identified by its segmentation mask
in all four frames to provide sufficient context. The model
is tasked with predicting the following quantities at t →
{0, 1, 2, 3} s: the target agent’s distance, velocity, and head-

ing angle, along with the ego vehicle’s velocity. The agent’s
heading angle is defined in the ego vehicle’s frame of refer-
ence, where 0↑ is forward and positive angles are counter-
clockwise on the range (↑180↑, 180↑]. This definition is ex-
plicitly provided in the prompt for fair evaluation. Notably,
the task includes predicting agents that may move out of the
camera’s FOV at t > 0.
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Model Original → Obj. Spatial → Ego Spatial →
Qual. Quant. Qual. Quant. Qual. Quant.

GPT-4o 80.5 32.5 68.1 39.4 55.7 27.7
GPT-4o mini 54.7 30.6 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

SpatialRGPT-VILA-1.5-8B 75.0 46.9 58.4 42.2 25.3 16.9

Senna-VLM 18.0 0.63 9.14 4.59 5.88 2.03
Cosmos-Reason1-7B 53.9 30.0 55.2 21.1 33.2 20.3

STRIDE-Qwen2.5-VL-7B 69.5 37.5 61.1 61.5 77.9 70.3
STRIDE-Cosmos-Reason1-7B 71.1 30.0 62.2 58.7 79.9 68.9

Table 2: SpatialRGPT-Bench results. Evaluation of qualita-
tive (Qual.) and quantitative (Quant.) spatial reasoning per-
formance on the original SpatialRGPT dataset, as well as
our object-centric and ego-centric extensions.

Evaluation Dataset. The evaluation dataset is built from
held-out recording dates of our STRIDE-QA corpus to en-
sure train-test separation. We define a scene group as a se-
quence centered on a single target agent observed across
four context frames (t → ↑1.5,↑1.0,↑0.5, 0s) and evalu-
ated across four future timesteps (t → 0, 1, 2, 3s). Each scene
group includes 13 QA pairs, totaling 5,317 QA pairs across
409 scene groups. To focus on challenging spatiotemporal
reasoning, we filter the data to exclude static and repeti-
tive scenes, retaining only those with dynamic interactions.
These scene groups are categorized into six dynamic scenar-
ios: Oncoming Pass, Maintain State, Overtake, Path Diver-

gence, Pulling Away From Ego, and Minor Relations. We
define an out-of-view (OOV) event where the target object
completely exits the front camera’s FOV in any future frame
(t → 1, 2, 3s). These scenarios exhibit a clear divide in their
OOV likelihood; for instance, scenarios like Oncoming Pass
andOvertake consistently involve OOV events, whereas oth-
ers like Maintain State rarely do. Detailed statistics for all
scenarios are provided in Appendix C.

Localization Success Rate (LSR). LSR is a binary metric
that evaluates whether a model’s spatial prediction is simul-
taneously accurate in both distance and direction. Here, d̂t
and ω̂t denote model predictions, while d↓t and ω↓t are the
corresponding ground-truth values. A prediction is success-
ful only if the estimated distance and orientation, expressed
in polar coordinates p̂t = (d̂t, ω̂t), satisfy

|d̂t ↑ d↓t| < 0.25 d↓t and |ω̂t ↑ ω↓t| < 10↑.

We adopt a ±25% distance margin following prior
work (Cheng et al. 2024) and set the ±10↑ heading margin
so that at 10m the lateral deviation equals a standard 3.5m
lane width.

Mean Localization Success Rate (MLSR). MLSR aver-
ages the per-frame LSR over a sequence, providing a softer
measure of temporal stability:

MLSR =
1

|G|
∑

g↔G

1

T + 1

T∑

t=0

sg,t,

where sg = [sg,0, . . . , sg,T ] denotes the LSR success bits
for scene g → G.

Model LSR → MLSR → TLC →
0s 1s 2s 3s

GPT-4o 18.1 6.6 6.1 7.6 9.6 0.7
GPT-4o mini 4.6 2.0 0.7 0.7 2.0 0.0
InternVL2.5-8B 2.4 1.0 1.7 0.7 1.5 0.0
Qwen2.5-VL-7B-Instruct 1.0 3.4 4.4 1.0 2.4 0.0

SpatialRGPT-VILA-1.5-8B 0.5 0.2 0.2 0.0 0.2 0.0

Senna-VLM 1.0 0.0 0.2 0.0 0.3 0.0
Cosmos-Reason1-7B 1.5 3.2 2.0 1.5 2.0 0.0

STRIDE-Qwen2.5-VL-7B 96.3 46.2 38.4 38.9 55.0 28.4
STRIDE-Cosmos-Reason1-7B 96.8 43.5 37.4 36.2 53.5 25.4

Table 3: STRIDE-QA Bench results. our fine-tuned mod-
els achieve the best performance across LSR@t, MSLR, and
TLC metrics.

Temporal Localization Consistency (TLC). TLC is a
strict metric that measures the proportion of sequences
where the agent is successfully localized across all four
timesteps, i.e., the target is never lost:

TLC =
1

|G|
∑

g↔G

1
[
sg,0 ↓ sg,1 ↓ sg,2 ↓ sg,3

]
.

where sg = [sg,0, . . . , sg,T ] is the sequence of LSR success
bits for a scene group g with T = 3.

Per-dimension Success Rates. Single-axis success rates
for distance, heading angle, and velocities are computed for
diagnostic analysis. Full metric definitions and detailed re-
sults are provided in Appendix C.

5.3 Results on SpatialRGPT-Bench
Table 2 summarizes the results. STRIDE-Qwen2.5-VL-
7B and STRIDE-Cosmos-Reason1-7B substantially outper-
form their base models across all splits. In the quantita-
tive Object-centric Spatial QA, STRIDE-Qwen2.5-VL-7B
rises from 12.8 to 61.5 (+48.7 pt, ↔4.8) and STRIDE-
Cosmos-Reason1-7B from 21.1 to 58.7 (+37.6 pt, ↔2.8).
Similar gains appear in the quantitative Ego-centric split,
where scores improve from 29.3 to 70.3 (+41.0 pt) and
from 20.3 to 68.9 (+48.6 pt) for the two models, respec-
tively. These results indicate that training on the STRIDE-
QA dataset boosts fine-grained spatial reasoning on exter-
nal benchmarks. Although GPT-4o and SpatialRGPT-8B
achieve the highest accuracy on the original split, their per-
formance drops markedly on the Object-centric subset. This
gap suggests that generic large models do not automatically
transfer to camera-centric setups, possibly due to viewpoint
shifts and annotation noise. A detailed ablation is provided
in Appendix D.

5.4 Results on STRIDE-QA Bench
As presented in Table 3, all baseline models, including pow-
erful general-purpose VLMs, exhibit poor performance on
the spatiotemporal benchmark defined in Section 5.2. Their
Localization Success Rate (LSR) scores are low, and they
achieve near-zero results on the multi-frame (MLSR) and
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Figure 4: Comparison of localization (angle=heading, ra-
dius=ego distance). Finetuning (bottom) boosts performance
vs. base (top): dense, plausible forecasts and near-perfect
t = 0 s localization. Green/red dots indicate LSR success/-
failure; the blue wedge is the camera ±30↑ FOV.

temporal consistency (TLC) metrics. This indicates a funda-
mental inability of existing models to perform reliable spa-
tiotemporal reasoning in complex driving scenarios.
In contrast, models fine-tuned on STRIDE-QA demon-

strate dramatic performance gains. Our top-performing
model, STRIDE-Qwen2.5-VL-7B achieves an LSRt=0 of
96.3% (96↔ baseline), demonstrating precise spatial under-
standing. This extends to future horizons with an LSRt=3

of 38.9% (39↔ baseline). Furthermore, it obtains an MLSR
of 55.0 and a TLC of 28.4, confirming that our dataset ef-
fectively teaches consistent reasoning across viewpoints and
time (see Figure 3 for qualitative examples).
However, the results also highlight the task’s difficulty.

While a TLC score of 28.4 improves from 0, it indicates that
achieving short-term consistent reasoning remains challeng-
ing. This suggests that fine-tuning on our dataset helps, but
may be insufficient to capture the complexity of real-world
dynamic prediction.
In conclusion, our work makes two key contributions.

First, we show that fine-tuning on STRIDE-QA closes a crit-
ical gap in spatiotemporal reasoning capabilities of VLMs.
Second, by quantifying remaining challenges in short-term
consistency, our benchmark guides future research toward
building robust, safety-critical autonomous systems.

6 Analysis
Beyond performance metrics, we conduct in-depth analysis
to better understand the strengths, limitations, and general-
ization behaviors of VLMs trained with STRIDE-QA.

6.1 Qualitative Analysis of Prediction Patterns
A qualitative analysis of prediction patterns in Figure 4 re-
veals fundamental differences in model behavior. The base-
line VLM (top row) exhibits a consistent failure mode: its
predictions are not only sparse but also systematically bi-
ased, repeating similar incorrect guesses regardless of the
visual input. This suggests the model defaults to a simplis-
tic, memorized behavior instead of grounding its reasoning

Figure 5: LSR trends across dynamic scenarios, grouped by
out-of-view (OOV) likelihood. The sharp performance drop
in scenarios with a high OOV likelihood (blue background)
compared to in-view scenarios (grey background) highlights
that OOV prediction is the primary challenge.

in the visual context. In contrast, our fine-tuned model (bot-
tom row) is responsive, generating dense predictions across
the 360-degree space and accurately localizing objects in the
present frame (t = 0s). The baseline’s failure to produce
context-aware, continuous predictions demonstrates a lack
of temporal consistency, which is a fundamental prerequisite
for motion planning. This prerequisite is often overlooked
in prior work connecting VLMs to planning modules (Sima
et al. 2024; Tian et al. 2024), a gap our framework is de-
signed to address by providing a framework to explicitly
train and evaluate this skill.

6.2 Error Analysis on Out-of-View Prediction
To understand the root cause of the temporal degradation
identified in the previous section, we analyze our model’s
performance across the different dynamic scenarios defined
in our benchmark (Figure 5). A clear pattern emerges: in
scenarios where the target agent is likely to remain within
the camera’s FOV, such as Maintain State, the LSR de-
clines gracefully. Conversely, in scenarios where the agent
tends to exit the FOV, such as Overtake, Oncoming Pass,
and Path Divergence, the LSR degrades much more sharply.
This stark contrast strongly suggests that the primary fail-
ure mode for long-term prediction is the model’s inability to
reason about OOV object trajectories. This finding exposes a
key limitation of relying on single-camera input for forecast-
ing and highlights that integrating multi-camera information
is a critical direction to build robust autonomous driving.

7 Conclusion
We introduced STRIDE-QA, a large-scale VQA dataset
addressing spatiotemporal reasoning gaps in autonomous-
driving VLMs. Fine-tuning on it boosted performance: our
best model reached 55.0% MLSR and 28.4 TLC, dramat-
ically surpassing otherwise near-zero baselines. STRIDE-
QA establishes a foundation for robust, physically grounded
vision-language understanding in autonomous systems.
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