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Dataset Year Scenes Size(hr) RGBimgs IR imgs PCslidar PCs radar ann.frames 3Dboxes Night/Rain  Maplayers Classes Locations Area(kmA/2) LiDAR
KITTI 2012 22 15 15k 15k 0 15k 200k No/No 0 8 Karlsruhe 1(64chan)
ASLidar 2018 - 2 0 20k 0 20k 475k -/ 0 6 China
(apolloscape)
KAIST 2018 - - 8.9k 8.9k 0 8.9k 0 Yes/No 0 3 Seoul
H3D 2019 160 0.77 83k 27k 0 27k 1.1M No/No 0 8 SF
400k
nuScenes 2019 1k 55 1.4M 1.3M 40k 1.4M Yes/Yes 11 23 Boston,SG 5 1(32chan)
(40k Key frm)
Argoverse 2019 113 0.6t 490kt 44k 0 22kt 993kt Yes/Yes 2 15 Miami,PT 1.6
. 366 (60-
LyftL5 (perception) 2019 90m) 2.5 323k 30K 0 55k 1.3M No/No 7 9 Palo Alto 1+2(40chan)
WaymoOpen 2019 1k 6.4 1M 230k 0 230K 12M% Yes/Yes 0 4 3xUSA 76 1(64chan)+4
A*x3D 2019 n/a 55 39k 39k 0 39k 230k Yes/Yes 0 7 SG
A2D2 2019 n/a - - 12k 0 12k - -/- 0 14 3xGermany
BLVD (A& & K) 2019 654 33 ? ? 249k yes/no 3 China
ONCE (ing) 2021 581 144 ™ 1M(16k) 16k 417K Yes/Yes 5 China 210
IDD3D 2022 95k 15.5k 15.5k 223k 10(17)  FNE
SUScape 2023 1059 5.9 254k 254k 423k 254k 423k 1.26M Yes/no 0 36 | 37 ;giﬁ‘;ha")”(s
g =] -
1. IRIEEIREMEGEIR, FRWaymosbh, MtESnuScenes/LyftiHs
2. AN (1284) KILiDAREREE SUScape.net

3. BN ELIMBIN &R
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How To Clean
Snow off
Your Car

[Input Instruction] Describe the video in detail.

The video starts with a car covered in snow, and a person is seen using a scraper to

é@ remove the snow from the car's windows. The person is seen scraping the snow off the

fii windshield and the side windows of the car. The person continues to scrape the snow off

the car, making sure that all the snow is removed. The video then shows the person
wiping the snow off the car's windshield and side windows. The person is seen using a
cloth to wipe the snow off the car's windows, making sure that the car is completely
clean. The video ends with the person finishing the job and the car being shown off.
Overall, the video shows a person removing snow from a car's windows and windshield,
and then wiping the snow off the car's windows to make sure it is completely clean.

> Finetune 1 Env. Info Multi-Modal
VLMS E% DGTG bG se Sensor Input Encoder LLM/VLMs

g |

' Lot | & FRZia OB |
& & o
Reasoning L, Multi §=§ ;%2 : E:%_j

Chains Tasks (g e : ;@‘ &! v

Driving Action
Actions Decoder
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Env. Info
Sensor Input

Output
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VAST VideoLLaVA VideoLLaMA2 Video-ChatGPT GPT-4V Gemini
Dimension Tencent PKU Alibaba MSR OpenAl Google

Audio-Video Fusion. A powerful, general-purpose Natively multimodal: built

A unified video-language  Extends LLaVA (Image) to the Processes video frames Gerjerates temporally multimodal model that treats
detailed, conversational from the ground up to

Core Idea foundation model for various video domain, addlrjg il el sl nv e e ! |
downstream tasks. temporal understanding. descriptions process multimodal inputs.
concurrently. frames.
|npl._lt_ Video, Image, Text Video, Image, Text Video, Audio, Image, Text Video, Text Inzgie (Vidleo €5 1Ene Video, Audio, Image, Text
Modalities sequence), Text

Medium. Relies on the LLM Strona. Exolicitly alians Strong. Specifically Medium. Treats video as a Very Strong. Natively
Temporal Good. Strong at generating to reason over frame g. txpricitly aligns designed to generate collection of frames, relying supports long videos (e.g., 1
and fuses visual and audio , . ) N
temporally-aware on the LLM's context window hour in 1.5 Pro) with high-

i coherent video captions. 'm : .
Reasoning P sequences, may ek e temporal information. L ; i i
specialized temporal module descriptions. to link events. density temporal retrieval.

Generates highly detailed, Extremely strong general - Long-context capability;

Unified architecture, good Built on the strong LLaVA  Audio is a key advantage. : : . S
. . . human-like, and world knowledge and zero-  native audio-video fusion;
support for multiple video tasks foundation; strong zero-shot Can understand honks, ) LS
L ; o . .. conversational shot reasoning; "understands powerful temporal
(captioning, QA). video QA capabilities sirens, collisions, etc. A AT et
descriptions. everything. localization.

Its visual understanding "Black-box" API; limited frame "Black-box" API; researchers

May be slightly weaker on Understanding of long Adds complexity of audio
Cons/ > . " : i , may rely on external : e S v
O interaction" and "dialogue videos and complex processing; requires models: not fully end-to- sampling rate for video; high  cannot modify its internal
Limitations compared to newer models.  dynamics might be limited. datasets with audio. ’ end y cost. architecture.
. : Very High. In AD . . High. Can be used for .
TEAEREGE Medium. A good starting point AR Wy Suislale for yeur scenarios, sirens, horns, JE]D Sulile o complex zero-shot scene derylbilleln Lo aielze lorg
. . project (reproduction and : . generating "human- ) . driving footage and precisely
Autonomous for generating baseline . . . . and tire sounds are crucial " reasoning (e.g., "Judge . "
o deseriptions (captions) migration) for fine-grained vinteraction info" this readable" test reports and edestrian intent from this locate "interaction events
Driving (AD) P P ' visual scene understanding. scene descriptions. P —" and their causes (with audio).

model can capture.
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DriveLM Agent
[ Perception ] 0 (A iy
O—r T ®

Logical Dependency

Prediction Planning Behavior Motion C ) Context

% Perception

/NDD &™t

human: <image> What objects are detected in front of the ego vehicle? (Perception)
gpt: There is a stopped vehicle and a pedestrian crossing ahead.

human: <image> Based on current speed and positions, will the pedestrian cross the
road in front of the ego vehicle? (Prediction)
gpt: Yes, the pedestrian is moving towards the crosswalk and will cross soon.

human: <image> Is the ego vehicle planning to stop or slow down for the pedestrian?
(Planning)
gpt: The ego vehicle is planning to slow down to yield to the pedestrian.

human: <image> Is the ego vehicle currently slowing down? (Behavior)
gpt: Yes, the ego vehicle is reducing speed gradually.

human: <image> Is the ego vehicle maintaining lane position during this maneuver?
(Motion)
gpt: Yes, the vehicle remains centered in its lane while slowing down.

[OpenDrivelLab, ECCV 2024]
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O Completeness in functionality (covering Perception, Prediction, and Planning QA pairs)
o HIEr e et GRESM, RMAFRQALY) |

What objects should

What may these objects do What should the ego-car do
the ego-car notice? in the future?

in the future?
m ~» q

NDD S

e

pre —
7&[ Go straight and cross
"\ the dashed laneline
—~—

O Reasoning for future events that have not yet happened.
O WRACKNARER T,

Many "What If"-style questions: imagine the future by language.
AT R N AR Ak,

/If the direction of
the ego-car leans to
the left, it may cause
collision with the
pedestrian in an

orange shirt.

If the ego-car turns
to the right lane, it
will turn back to the
straight lane which
is against the
original goal.

[OpenDrivelLab, ECCV 2024]
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O Task-driven decomposition.
One scene-level description into many frame-level trajectories & planning QA pairs.

Scene-level goal: The ego-car should go ahead, turn left at the
intersection. Then it should make another left turn,

[OpenDrivelab, ECCV 2024]
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DriveLM-nuScenes

[Selected Key Frames & Key Objects

Batch
} > Checklist
Human * Factual Questions
B Questions JOP e .
7 i~ th answers of
Error Feedback 27 e g previous and next frames?
What to do? (%) @ e | Open-ended Questions
e —_— ]
Always Brake. | Quality Check diversity avoid

fixed formulaic answers.

19
Qualified Data

Open-ended Questions Factual Questions

Rule-base generation
What to do? Human annotated Moving state? from GT of nuScenes
_Parke

CHBEERIE: DrivelM

NDD&"

For DriveLM-nuScenes, we divide the annotation process into three steps:

O Keyframe selection. Given all frames in one clip, the annotator selects the keyframes

o

that need annotation. The criterion is that those frames should involve changes in
ego-vehicle movement status (lane changes, sudden stops, start after a stop, etc.).
ji?)';’uif\‘ S5 —/NSTERAP R RT AT, TR AR W BRI AR AR R AN K A R AIE AR E MR (FEEE. RAREIL, FIbER
Key objects selection. Given keyframes, the annotator needs to pick up key objects in
the six surrounding images. The criterion is that those objects should be able to affect
the action of the ego vehicle (traffic signals, pedestrians crossing the road, other

vehicles that move in the direction of the ego vehicle, etc.).

KBRS GEFR. e A, RS EERE NN E R IRBOCE R . RiES L&"EWLJH'MJE@S’LLHIM»& MzEhtE SRS, S SBMITA. A
. f;IIJHAJJfI'JIUL,’i W) .

Question and answer annotation. Given those key objects, we automatically generate
questions regarding single or multiple objects about perception, prediction, and

planning. More details can be found in our data.
FIEFER . RGN R, RIS HEN O T M. PSRRI A 2 A3 R . T 2 A0 0T RAETRAT 04 Bl b 3k 3.

[OpenDrivelLab, ECCV 2024]
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DriveLM-CARLA
/A \ Cantigure @ Town Settings

€

fmll' = ExecmeExpen} O We collect data using CARLA 0.9.14 in the Leaderboard 2.0 framework with a

privileged rule-based expert. We set up a series of routes in urban, residential, and
rural areas and execute the expert on these routes. During this process, we collect the
necessary sensor data, generate relevant QAs based on privileged information about
objects and the scene, and organize the logical relationships to connect this series of

- Sensor Data
- Object Info
« Environment T

| B3 Rule-based QA Generation

' S
(< Graph Buing © o QAs into a graph. | |
_ O X TDriveLM-CARLA, AR Aah{bitft 7iz: KA17ELeaderboard 2.0HE 42+ i [iJCARLA 0914 EEE, JFRC & T 20N &5t TRi7ehkii, i
" Quality Check R B T — RIS, JF7ERIEERE FRITE R, B fd, TRl IMCRS BRSO, MU A X SRS S B B i X I9QA, FH 42
Qualified Data § A — RIIQAIER:F) — A eh .

IOb|ec!s‘7 ] ]Where" ] JACthﬂ” ]

(Maroon car|  [Right to ego| [(Follow slowly|

[OpenDrivelLab, ECCV 2024]
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DriveLM-CARLA
/A \ Cantigure @ Town Settings

€

fmll' = ExecmeExpen} O We collect data using CARLA 0.9.14 in the Leaderboard 2.0 framework with a

privileged rule-based expert. We set up a series of routes in urban, residential, and
rural areas and execute the expert on these routes. During this process, we collect the
necessary sensor data, generate relevant QAs based on privileged information about
objects and the scene, and organize the logical relationships to connect this series of

- Sensor Data
- Object Info
« Environment T

| B3 Rule-based QA Generation

' S
(< Graph Buing © o QAs into a graph. | |
_ O X TDriveLM-CARLA, AR Aah{bitft 7iz: KA17ELeaderboard 2.0HE 42+ i [iJCARLA 0914 EEE, JFRC & T 20N &5t TRi7ehkii, i
" Quality Check R B T — RIS, JF7ERIEERE FRITE R, B fd, TRl IMCRS BRSO, MU A X SRS S B B i X I9QA, FH 42
Qualified Data § A — RIIQAIER:F) — A eh .

IOb|ec!s‘7 ] ]Where" ] JACthﬂ” ]

(Maroon car|  [Right to ego| [(Follow slowly|

[OpenDrivelLab, ECCV 2024]
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P 4

Prompt: Current speed: 0.0 m/s. Target waypoint:
<TARGET_POINT><TARGET_POINT>. What should the ego do next?
Answer: Follow the route. Accelerate to follow the black car

that is to the front. Waypoints:

Prompt: Current speed: -0.0 m/s. Target waypoint:
<TARGET_POINT><TARGET_POINT>. What should the ego do next?
Answer: Follow the route. Remain stopped to stay behind the

orange car that is to the front in 15.0 meters. Waypoints:
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(class) (frame)

1
2
3

Night Raining Unstructured

Raining ~2200

Evening ~1100 3.5
Night ~3300 54
Unstructured ~1800 10

Environment

HSEALFRETIES | FIRAl B85 A P / /11 "N



th

2025

NiDD

» BB 8BRedliRT_SR

- 1.Dataset Collection

ONCE

- 2. Taxonomy of Unstructured Scenarios - -

Mapillary
Roads with unclear

boundaries

Temporary traffic
rule changes

residential internal

1d
wy road

off-road driving

/

|

]

|

|

:

: parking lots

: construction zones
! - rural road
|

|

|
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|

:

\

unusual driving strategies
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-------------------------------------------------------------------- » .~ 6. Human Verification
ﬁQwenQ.S-VL
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Scene Description Roadway Features Movable Objects

- Time Period: afternoon

Roads with unclear boundaries: The scene lacks visible lane lines,
sidewalks, or guardrails, fitting the Roads with unclear boundaries
category. The secondary category is Residential internal roads as the area
appears to be a parking or staging area within a commercial or industrial
setting.

Temporary traffic
rule changes

Multiple large trucks and trailers Temporary traffic rule changes: There are no construction zones, traffic

are parked in the area, both in
front of and to the sides of the
vehicle. These vehicles are

No visible lane lines are
present, indicating no clear
lane divisions for driving.

- Weather: cloudy
- Scene Description: This category does not apply. ; -
nconventiona

The scene is set in an Unconventional dynamic obstacles: While there are stationary trucks,

industrial or commercial
area with multiple large
trucks and trailers parked

in an open lot ...

This may require the vehicle
to navigate based on spatial
awareness rather than
following lane markings ...

stationary and pose no immediate
driving hazard but limit the
vehicle's maneuvering space. The
vehicle must navigate around
these obstacles carefully...

they are not dynamic obstacles. This category does not apply.

Challenging road conditions: The road surface is dry and solid, with no
signs of slippery, muddy, gravel, snowy, icy, or unrecognizable conditions.

This category does not apply.

\.
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d i I
cones, temporary signs or lights to indicate changes in traffic regulations. |
|

I

|

|

|

|

|
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Impromptu VLA 2025, ;5% X
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The ego car is about to go straight through the

Query. intersection, and there is a white car ahead that is tuming

right.

ID: 001

ID: 002 Ground truth

ID: 003

o

S
p

LASTHE
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The ego car is about to
go straight through the CNN, RNN, ViT
intersection, and there is ]
a white car ahead that is Patch Embedding
turning right. 4 ‘\1
Merged Attention
Query Text Text Encoder d ’
Co-attention,
Dot-product
Word2Vec, BERT,
RoBERTa Multimodal Fusion
Patch Embedding

Video Encoder

LASZ /ARSI



Our labels
{

"1.GoStraight": {
"1.1 InLane": [
"1.1.1 LeadVehicleConstant",
"1.1.2 LeadVehicleDecelerating",
"1.1.3 PedestrianCrossing"
1,
"1.2 ChanginglaneLeft": [],
"1.3 ChanginglaneRight": []
¥
}
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ChatGPT

You are approaching the scene of a car accident where
a vehicle has overeturned. Emergency personal,
including police and firefighters, are already prsent,
along with an emergency vehicle further down the road.
You should slow down significantly, be prepared to stop,
and pay close attention to instructions from the
emergency responders directing traffic. Give the
emergency services ample space to work and proceed
slowly and carefully when it is safe to do so.
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Generation of the scene description and evaluation of scene retrieval

Suscape Raw Driving Data

> 1,700 clips data

Caption generation

P . 0, ry
V-;rliljr;lt:]gngj(_)(ﬁ,@ ; Three level label

Front-view camera

(224 x 224 pixels,
10Hz) Manual label

= (2~19s per clip) @

. Auto generated label
Video Text ) g

Desc: "The video shows a car driving on a wet
road in the rain. The car is in the right lane and
there are trees on both sides of the road. There
are also buildings visible in the background.
The car is driving behind another vehicle, which
is leading it. At one point, the leading vehicle
slows down and the car follows suit.”

Multi-Round Questioning

Three level label
J T

T e
@ QA cycles e P
with Video-LLaMA2 & InternVL2.5 ‘ /
. . Scone image [c)
Second level label Type 1: Basic Questions [ ; - p
Type 2: Enhanced Questions with Definitions “ \
== Type 3: Contextualized Branch Questions
%:....,.m- Preacann

Results of scene retrieval VAST for driving behavior

Model | Direction Recall@1 | Recall@5 | Recall@10 | Avg
itc_tv | text-to-video | 23.7% 56.5% 73.4% 51.2
itm_tv | text-to-video | 31.1% 65.0% 80.2% 58.8
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61.54%

LeadVehicleWrongDriveway
0%
StopAtRedLight
90.7%
VehiclesCrossing
0%
ObstaclesInRightLane
66.67%
PedestrianCrossing
12.29%
0% 20% 40% 60% 80% 100%

Before CoT

B After CoT

Retrieval performance in driving behavior
(After vs. Before CoT)
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ID: scene-000242-tag-5

Description:

"The video shows a car driving on the road and
stopping at a red ftraffic light. There are other
vehicles on the road, including a2 bus and a

motorcycle. The car stops behind a bus and

waits for the light to turn green before proceeding.

There are also people walking on the sidewalk,
and a man riding a bicycle. The weather appears
to be sunny with clear skies, and there are trees
visible in the background. Overall, the video
depicts a typical day of driving in a city with

various road users and traffic conditions."

BIAHMAEEFIESR | HIBA EEWH A

NDD g™

sene—000258—tag—5
similarity: 0.5447

scene-000242-tag-5
similarity: 0.5761

- k’.-':m». |
scene-000420-tag-8 scene-000779-tag-4
similarity: 0.4504 similarity: 0.0715
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2
jé

. >
> . . *
. 7
4 .
. 3

Smog Density Water Color Water Level Snow Height

Climate generation

BIAHMAEEFIESR | HIBA EEWH A
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(c) Snow

(a) Original Scene

Method ‘ Smog  Flood Snow
ClimateNeRF [26] | 1.687s 12.062s 1.5h/4.374s
ours 0.020s  0.020s  1m/0.025s
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