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Weather Class
Q: How is the weather in the video? Q: Which category is ?
A: The weather in the video is clear. A: is a pedestrian.

Spatio-Temporal Grounding

Q: Could you identify in the traffic footage and give the
standardized spatiotemporal localization for both the first and last frames it is

Counting Motion

present in?
A:

Q: How many motorcycles are in the footage?

A: Zero. A: [(c12,0.0,0.83, 0.34)] is moving.

Q: What is the motion status of [(c12, 0.0, 0.83, 0.34)

Referred Object Captioning

Existence 3D Positioning

Q: What are the key details of [(c30, 1.0, 0.81, 0.38)]?
A: [(c30, 1.0, 0.81, 0.38)] is a bus featuring a green roof, white body, and blue

Q: Are there any trucks visible in the video?

Q: How does [(c23, 0.33, 0.46, 0.53)] relate to [(c28, 0.33, 0.3, 0.36)]?
A: Yes. A: [(c23, 0.33, 0.46, 0.53)] appears to the front of [(c28, 0.33, 0.3, 0.36)].

lower section. It has large windows and a distinctive design that emphasizes
its urban utility.

Figure 1: TUMTraf VideoQA introduces a comprehensive benchmark for video-level traffic scene understanding. Our
baseline model, TraffiX-Qwen, is capable of solving multiple tasks, including video QA, spatio-temporal grounding, and
referred object captioning, within a unified model. In our approach, the spatio-temporal location of objects is represented as
tuples (c, fn,x,y), where ¢ serves as a unique object identifier, fn denotes the normalized frame timestamp, and (z, y)
denote the center of the object in the image, normalized with respect to the image dimensions.

Abstract

We present TUMTraf VideoQA, a novel dataset
and benchmark designed for spatio-temporal
video understanding in complex roadside traffic
scenarios. The dataset comprises 1,000 videos,
featuring 85,000 multiple-choice QA pairs, 2,300
object captioning, and 5,700 object grounding
annotations, encompassing diverse real-world
conditions such as adverse weather and traf-
fic anomalies. By incorporating tuple-based
spatio-temporal object expressions, TUMTraf
VideoQA unifies three essential tasks—multiple-
choice video question answering, referred object
captioning, and spatio-temporal object ground-
ing—within a cohesive evaluation framework.
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We further introduce the TraffiX-Qwen baseline
model, enhanced with visual token sampling
strategies, providing valuable insights into the
challenges of fine-grained spatio-temporal rea-
soning. Extensive experiments demonstrate the
dataset’s complexity, highlight the limitations of
existing models, and position TUMTraf VideoQA
as a robust foundation for advancing research in
intelligent transportation systems. The dataset
and benchmark are publicly available to facilitate
further exploration.

1. Introduction

With the advancement of intelligent roadside infrastruc-
ture and Large Language Models (LLMs) (Grattafiori et al.,
2024), leveraging language to achieve a more generalized
and interpretable understanding of traffic scenes becomes
increasingly important. This involves accurately capturing
the relationships among traffic participants, generating de-
scriptive captions of their appearances, and analyzing their
spatio-temporal positions and interactions (Zhang et al.,
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2024; Zhou & Knoll, 2024). Traditional models for traf-
fic scene understanding are typically designed for specific
tasks, such as object recognition, object association, and
traffic flow analysis. Although these methods have achieved
notable success within isolated domains, they often face sig-
nificant challenges in scalability, generalization to diverse
traffic conditions, and real-world deployment. The emer-
gence and rapid development of large foundation models
(Liu et al., 2023; Zhou et al., 2024a) present new opportu-
nities to address these challenges. These models offer the
potential to overcome traditional limitations by leveraging
their ability to generalize across multiple tasks, integrate
multimodal information, and adapt to complex, dynamic
traffic scenarios in a more flexible and unified manner.

Previous studies have primarily advanced traffic scene un-
derstanding through image-based question-answering tasks
in driving environments (Sima et al., 2024; Zhou et al.,
2024b; Qian et al., 2024b). However, image-level Vision-
Language Models (VLMs) are inherently limited in their
ability to capture the temporal dynamics crucial for compre-
hending complex traffic events. In contrast, intricate traffic
scenarios often require multi-frame video analysis for accu-
rate real-world understanding. Besides, despite the growing
number of vision-language datasets developed for driving
scenarios, a significant gap persists in the exploration of
multimodal datasets specifically designed for the roadside
traffic domain. In particular, video-based datasets captured
from a third-party perspective and tailored to traffic scene
understanding remain notably underexplored.

To bridge the gap in this domain, we propose TUMTraf
VideoQA, a video language dataset designed to benchmark
the model understanding capabilities in roadside traffic sce-
narios. The dataset encompasses video question-answering,
object captioning, and spatio-temporal grounding tasks, cap-
turing key elements crucial for understanding real-world
traffic scenes. An illustrative example from the dataset is
shown in Figure 1. The main contributions of this work can
be outlined as follows:

* We present TUMTraf VideoQA, a comprehensive
video-language dataset designed for complex traf-
fic video understanding. The dataset captures a di-
verse range of real-world scenarios, including extreme
weather conditions and critical corner cases such as
traffic accidents.

* We propose a novel benchmark that evaluates model
performance across three key tasks, including video
question answering, referred object captioning, and
spatio-temporal grounding, facilitating fine-grained
reasoning in traffic scenarios.

* We establish the TraffiX-Qwen baseline and provide
detailed results and analyses. Through extensive ex-

BACK_LEFT

<c2,CAM_BACK,854.2,571.7>

(a) Objects with the prompt: A
white truck that is stationary in
the same direction. (Wu et al.,
2023b)

(b) Frame-based object expres-
sion using numerical coordi-
nates (Sima et al., 2024).

(d) Location of the green bus
[(c1,0.0,0.5,0.4)] in the video.
(Ours)

(c) Object referring in (Zhang
et al., 2020) with prompt: What
is beneath the adult.

Figure 2: Different methods for describing objects in images
and videos using language expressions. We adopt a tuple-
based spatio-temporal object representation for the unique
object reference, as shown in (d).

periments with various efficient visual token sampling
strategies, we offer valuable insights and outline poten-
tial future research directions.

2. Related Work
2.1. Vision-Language Datasets in Traffic Scenes

A growing number of open-source datasets have been re-
leased to facilitate autonomous driving and intelligent trans-
portation systems, such as BDD100k (Yu et al., 2020),
Waymo Open Dataset (Sun et al., 2020), and Ego4D (Grau-
man et al., 2022). In recent years, the rapid advance-
ments in LLMs drive significant efforts to integrate lan-
guage for the development of vision-language foundation
models in this domain. As summarized in Table 1, several
pioneering datasets have been introduced for traffic scenar-
ios, particularly focusing on vehicle-centric environments
(Liu et al., 2024b). NuScenes-QA (Qian et al., 2024b) pro-
vides a question-answering benchmark tailored for driving
scenes. Meanwhile, DRAMA (Malla et al., 2023) is de-
signed for video-level open-ended tasks aimed at evaluating
driving instructions and assessing the importance of objects
within their environments. Besides, referring to specific
traffic participants through natural language—commonly
known as referred object grounding and tracking—is a cru-
cial task in traffic scene understanding. Some works (Wu
et al., 2023a;b) extend the KITTT (Geiger et al., 2013) and
nuScenes (Caesar et al., 2020) datasets, by associating natu-
ral language descriptions with specific vehicles and pedestri-
ans. This facilitates fine-grained identification and tracking
of traffic participants, allowing for precise object localiza-
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Table 1: Summary and comparison of visual-language datasets in the traf c domain for question answering, video grounding,
and referred multi-object tracking. The table's upper section presents QA tasks, while the lower section covers grounding
and referring tasks. We introduce the rst roadside video understanding dataset and unify these tasks in one benchmark.

Dataset \ Venue Tasks QA Gen. # Videos/Scenes # QAs/Captions # Grounding Domain
DRAMA (Malla et al., 2023) WACV'23 Video QA Manual 18k 102k - Driving
LingoQA (Marcu et al., 2024) ECCV24 Video QA Manual 28k 419k - Driving
NuScenes-QA (Qian et al., 2024b) AAAI'24 Image QA Template 850 460k - Driving
DriveLM (Sima et al., 2024) ECCV'24 Image QA Temp. + Man. 188k 4.2M - Driving
City-3DQA (Sun et al., 2024) | ACM MM'24 Scene QA Temp. + Man. 193 450k - City
HC-STVG (Tang et al., 2022) | ACM MM'22 Video Grounding Manual 5.6k - 5.6k General
DVD-ST (Ji et al., 2024) - Video Grounding Manual 2.7k - 5.7k General
UCA (Yuan et al., 2024) CVPR'24 Video Ground. & Cap. Manual 1.8k - 23.5k Surveillance
Refer-KITTI (Wu et al., 2023a) CVPR'23 Referred-MOT Manual 18 - 818 Driving
NuPrompt (Wu et al., 2023b) AAAI'25 Referred-MOT LLM 850 - 35k Driving
TUMTraf VideoQA (Ours) \ ICML'25 Video QA, ST Grounding Temp. + LLM 1k 87.3k 5.7k Roadside

tion based on language descriptions in complex driving enmethods focused on improving cross-modality tuning and
vironments. In the traf c domain, OATS (Agarwal & Chen, alignment (Bietal., 2025a; Gao etal., 2023; Bi et al., 2025b).
2023) introduces a structured representation based on dpespite these advances, achieving structured and precise
dered atomic activities for ne-grained scenario understand-ne-grained feature representations in video understanding
ing. Action-slot (Kung et al., 2024) further leverages slotremains an open challenge.

attention to recognize multiple activities, achieving strong

results on both synthetic and real-world datasets. Howevep, 3. Language-Based Object Referring

most existing efforts primarily focus on driving scenarios . . o . .
and are typically constrained to individual tasks such ad¥€ferring objects in visual data, such as images and videos,

question answering, video grounding, or referred multi!S tyPically achieved by associating them with prede ned
object tracking. A signi cant research gap also remains inde nitions or language descriptions. Flgu.re 2 |Ilgstrates four
the availability of large-scale datasets designed speci calffPMmmonly used methods for representing objects through
for roadside surveillance scenarios. Our work aims to bridgd@"9uage expressions. The inherent ambiguity of natural
this gap by providing a comprehensive dataset tailored fol2n9uage, coupled with the modality gap between visual and

multiple tasks in roadside traf ¢ understanding within a linguistic representations, presents signi cant challenges.
uni ed framework. Object representation in tasks such as object referring often

necessitates careful dataset curation to ensure that linguistic
expressions uniquely or collectively correspond to speci ¢
objects in videos. For example, some datasets include only
Fine-grained video understanding centers on the precisgcenarios with uniquely identi able objects (Tang et al.,
analysis of intricate video content, targeting tasks that de2022), while others contain expressions that jointly refer
mand nuanced reasoning across spatial and temporal dimen-multiple objects (Ji et al., 2024). However, in complex
sions. Some representative tasks include spatio-temporetal-world applications such as autonomous driving, tex-
grounding (Zhang et al., 2020; Tang et al., 2022), mappindual descriptions alone are often insuf cient to uniquely
speci ¢ objects or events to precise locations and timespecify an object. To address this challenge, DriveLM
within a video based on a given query; video object refer{Sima et al., 2024) introduces a structured tuple represen-
ring (Ding et al., 2023; Wu et al., 2023a;b), which involves tation,<c; CAM; x; y> , where ¢ denotes the object iden-
tracking objects through space and time given text promptgj er, CAM speci es the camera, anéx;y> represents
video temporal grounding (Lin et al., 2023; Huang et al.,the 2D center coordinates within the camera's coordinate
2024), identifying speci c moments or intervals in a video system. Alternatively, ELM (Zhou et al., 2024b) simpli-
that align with a provided textual query. These tasks re-es the problem by converting temporal video tasks into
quire high-precised, nuanced multimodal alignment, andrame-level questions, using a tupte; x;y> to identify

the ability to capture subtle temporal and spatial dynamicspbjects within individual frames without temporal depen-
making it particularly challenging. With the progress in dencies. Despite the advancements, formulating a uni ed,
visual LLMs, recent works enhance capabilities of videoprecise, and unique language representation for objects in
understanding (Tang et al., 2023) to facilitate comprehenvideo remains an open challenge.

sion across both abstract and ne-grained levels, some a?ﬁ this work. we desi tio-t | obiect t
proaches introduced enhanced video representations via .~ .~ " " gn a spatio-temporal 0 Je.c r.e|c.>resen a
self-supervised learning (Qian et al., 2024a), while severa’lIon in videos with a four-element tuple formet, f; x;y),

2.2. Fine-Grained Video Understanding
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Figure 3: The work ow of the semi-automatic annotation pipeline for TUMTraf VideoQA generation, integrating external
database, leveraging various off-the-shelf tools and LLMs, with human quality checks ensuring accuracy.

where ¢ denotes a unique object identi &f, indicates the characteristics of real-world traf c environments.

normalized frame timestamp, ax y) corresponds to the Metadata Curation. The video metadata includes envi-

object's normalized spatial coordinates within the frame. i : o . ;
o : . : . “ronmental conditions, object positions, trajectories, appear-

The same object is consistently assigned the identi er c . i
ances, traf ¢ ows, and more, serving as the basis for gen-

throughout the video, while its spatial position changes rating high-quality annotations. External data sources in-

over time. This formulation enables precise tracking and’ L2 :
; ; . clude historical weather records, traf ¢ accident reports, and
referencing of objects across both spatial and temporal dij- . : . o .
camera calibration details. To ensure precise time-speci ¢

mensions, facilitating robust language-based interaction in eather and traf ¢ information, we align video timestamps

plynam|c environments. Be§|des, It prowdesgstandard]zev\gvith these records using GPT-40 and Text-embedding-3-
interface for ne-grained video understanding, enabling

more detailed and structured analysis large (OpenAl et al_., 2024). For visual metadata, we utilize

' state-of-the-art object detectors and trackers (Wang et al.,
2024; Zhao et al., 2024), along with open-vocabulary detec-
3. TUMTraf VideoQA Dataset tors (Yan et al., 2023; Wu et al., 2024), to generate bounding
box and trajectory data. We then transform 2D information
into camera-based pseudo-3D locations using camera cal-
Our data generation process comprises three primary stagdtation matrices, facilitating the generation of questions
Video Selection, Metadata Curation, and QA Pair Generaelated to object motion and relative spatial positioning. To
tion, as shown in Figure 3. To ensure high-quality, diversegapture object appearance details, we utilize large VLMs
and balanced annotations, we introduce a semi-automat{©penAl et al., 2024; Liu et al., 2024a), which automatically
labeling pipeline that combines automated processes witpenerate textual descriptions for cropped object bounding
human veri cation for enhanced accuracy and consistencyboxes. A manual quality assurance step is conducted to

. . . . ) thoroughly evaluate the accuracy and completeness of the
Video Selection. The video data in TUMTraf VideoQA gny Y P

. S . __metadata. Any identi ed de ciencies trigger necessary ad-
are collected from multiple roadside infrastructure points

dat llecti iod : than tw justments and a reprocessing cycle to ensure data quality
over a data collection period spanning more than two yearsy,, integrity before progressing to the next stage.

The dataset encompasses diverse perspectives, covering var-
ious urban, suburban, and highway scenarios. It include®A Generation & Filtering. To ensure a balance between

a broad range of video content, capturing various distinctiuestion diversity and accuracy, we adopt a hybrid approach
traf ¢ scenarios, such as traf ¢ accidents, rescue operationghat combines template-based and LLM-driven generation
congestion, roadblocks, and uncommon vehicle occurrencesirategies. Approximately 15 question templates are manu-
Furthermore, the dataset encompasses a variety of enviroally designed for each question type and further expanded
mental conditions, including sunny, rainy, cloudy, snowy,using LLMs-generated variations. These templates are pop-
and foggy weather, along with technical challenges scenawlated with relevant objects and metadata to generate initial
ios such as obstructed camera lenses and vibrations. TH@A pairs using GPT-40-mini. The LLM is then prompted
video segments are carefully selected to include a diverst® re ne the generated content by rephrasing either the ques-
range of traf ¢ participants—including vehicles, pedestri-tion alone or both the question and its corresponding answer,
ans, and obstacles—capturing the complexity and dynamidepending on the context. Once QA pairs are generated for

3.1. Dataset Creation

4
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each question type, a selective quality evaluation is cortemporal extent and spatial positions within the video.

ducted to assess their accuracy and relevance. This iterati\/ﬁ . .
. . 4 S e adopt three evaluation metrics to assess the performance
process involves re ning question templates, adjusting off- f this task, i.e., Temporal errd . , Spatial erroiE, and

the-shelf tools, and discarding QA pairs that do not mee o i
the prede ned quality standards. The validated QA pairsgpatIO Temporal erroky. Temporal error, and Spa

are then integrated into the TUMTraf VideoQA dataset, enElal error & use the L1 loss, which measures the abso-
suring high-quality and diverse annotations lute temporal differencesf gnd the spatial displacement

' s= Kk( X; Y)ks. The Spatio-Temporal errd@d; adopts
L2 loss and captures deviations across both spatial and tem-

poral dimensions. For each metric, both the start and end
TUMTraf VideoQA benchmark comprises three core tasksfames are considered, with the formulations as follows:

to thoroughly evaluate model performance in traf ¢ scenes:
Multi-Choice Question Answering (MQA), Video Referred
Object Captioning (V-ROC), and Spatio-Temporal Object E
Grounding (ST-OG). QA pairs related to weather and traf ¢ 1 o o w0 on o
accidents are included for training and future research but Bt = 5 k( fai x5 yoka + k(25 x% Yk (2)
are not considered in the benchmark evaluation.

3.2. Tasks and Metrics

f rIO + f r(1)0. s0 + S00

2 ' 2

1
&n
1

@)

Multi-Choice Question Answering. The MQA task as- 3.3. Dataset Statistics
sesses the model's capabilities across ve key dimensions:

Positioning, identifying the relative 3D spatial location of
objects;Counting, determining the number of occurrences
of a particular object or class across the viddtgtion,
analyzing the movement status of objed@$ass catego-
rizing objects based on their type or attributEgistence
querylng Whemer.a Spe?l ¢ object or category is presenF In(a) Distribution of question word (b) Class distribution of
Fhe video. I':C.)”OWI.ng (Qian et al., 2024b), each dlme'nS|onhum counts across questiontype.  Multi-Choice QA.

is further divided into easy and hard levels, depending on

whether the question requires single-hop or multi-hop rea-

soning. We show the template of easy and hard questions

in Sec C.2. We use Top-1 accuracy as the evaluation metric

and report the mean accuracy across all question types.

Video Referred Object Captioning. The task evaluates the

model's capability to describe the appearance of a speci ed

object in natural language. It aims to generate detailed an@) Distribution of answer  (d) Temporal window lengths
accurate summaries that effectively capture the object's keyord counts in Video Re-  in Spatio-Temporal Ground-
visual attributes. Unlike the image-based referred objectermed Object Captioning. ing.

captioning task (Sima et al., 2024; Zhou et al., 2024b), Wq:igure 4. Statistical distributions of the TUMTraf VideoQA

query an object based on its spatial and temporal IOcaﬁOaataset including word counts in questions and answers

within a video, which adds a signi cant level of complexity. .~~~ . .
) . . distribution of question types, and temporal window lengths
In this task, we adopt common NLG metrics (Sai et al. . .
for object grounding.

2022), including BLEU, CIDEr, ROUGE, METEOR, and

SPICE, to measure the quality of descriptions. ) .
TUMTraf VideoQA dataset consists of 1,000 videos, 85,000

Spatio-Temporal Object Grounding. Accurately identi-  muylti-choice QA pairs, 5,700 spatio-temporal grounding
fying the spatio-temporal positions of a speci ed object is prompts, and 2,300 referred object captioning. Video du-
crucial in traf ¢ scenarios. Unlike traditional video ground- rations range from 10 seconds to 2 minutes. We split the
ing (Tang et al., 2022) or referred multi-object tracking tasksyideos into training and validation sets with a ratio of 7:3,
(Wu etal., 2023b), which primarily focus on locating objects ensuring that videos in the validation set do not overlap with
within individual frames across the video, ST-OG simpli-those in the training set. Generated QA pairs inherit the
es the process by providing start and end frames alongspjit of their associated videos, forming distinct videos and
with corresponding spatial coordinates in a standardized tignnotations for training and validation. Figure 4 provides
ple format:[(c; f 05 x% y9); (c; 29 x%y%]. This task serves  an overview of the dataset's statistical distributions, includ-
to assess a model's performance in effectively associatinmg question complexity, question-type distribution, answer
objects across frames while accurately determining theifengths, and the temporal window distribution of queried
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