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Abstract

Existing benchmarks for Vision-Language Model (VLM)
in autonomous driving (AD) primarily assess interpretabil-
ity through open-form visual question answering (QA)
within coarse-grained tasks, which remain insufficient to
assess capabilities in complex driving scenarios. To this
end, we introduce VLADBench, a challenging and fine-
grained benchmark featuring close-form QAs that progress
from static foundational knowledge and elements to ad-
vanced reasoning for dynamic on-road situations. The elab-
orate VLADBench spans 5 key domains: Traffic Knowl-
edge Understanding, General Element Recognition, Traffic
Graph Generation, Target Attribute Comprehension, and
Ego Decision-Making and Planning. These domains are
further broken down into 11 secondary aspects and 29 ter-
tiary tasks for a granular evaluation. A thorough assess-
ment of general and domain-specific (DS) VLMs on this
benchmark reveals both their strengths and critical limita-
tions in AD contexts. To further exploit the cognitive and
reasoning interactions among the 5 domains for AD under-
standing, we start from a small-scale VLM and train the DS
models on individual domain datasets (collected from 1.4M
DS QAs across public sources). The experimental results
demonstrate that the proposed benchmark provides a cru-
cial step toward a more comprehensive assessment of VLMs
in AD, paving the way for the development of more cog-
nitively sophisticated and reasoning-capable AD systems.
The benchmark is available at ht tps://github.com/
DepthZ2World/VLADBench.

1. Introduction

Large Vision-Language Models (VLMs) are rapidly trans-
forming numerous fields, demonstrating their potential to
revolutionize how we interact with information and technol-
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Figure 1. A sunburst chart of VLADBench categories. The pro-
posed benchmark spans 5 key domains, 11 secondary aspects and
29 tertiary tasks, including about 2,000 static scenes and 3,000 dy-
namic scenarios, comprising 12,000 close-form questions.

ogy. Their ability to seamlessly integrate visual and textual
data unlocks new possibilities across diverse applications,
including visual content generation [2, 34, 39], medical im-
age analysis [10, 48, 74], robotic control [26, 81], and au-
tonomous driving (AD) [14, 15, 58, 61, 71].

Recent VLM-based AD algorithms address the limita-
tions of end-to-end AD approaches, including interpretabil-
ity and long-tail problem, which refers to the limited gen-
eralization to new scenarios, unexpected events, and di-
verse traffic patterns [9, 60]. State-of-the-art models [46,
47,49, 58, 61, 71] demonstrate promising results in scene
perception, description, and decision-making with analysis
in open-form visual question answer (VQA) task. Most ex-
isting datasets focus primarily on high-level task categories



such as perception, prediction, and planning in AD.

Despite recent advances, the effective transfer of foun-
dational VLMs to AD-specific models remains under-
explored, in part due to the insufficient validation proto-
cols within the context of AD. A comprehensive evaluation
framework is essential to guide the model transfer by iden-
tifying not only overall performance but also the specific
strengths and limitations of each model, going beyond high
scores on open-form VQA tasks. Current benchmarks de-
signed for VLM-based AD face several notable limitations:
1) Coarse-grained Categories: The underlying datasets of
the VLM-based models are often simplistic, typically cat-
egorizing tasks into perception, prediction, and planning
with reasoning, which are incomplete for evaluating the nu-
anced cognitive and reasoning abilities required for safe and
reliable AD. A holistic evaluation framework remains nec-
essary to fully assess these critical competencies. 2) Lim-
ited Analysis of Dynamic Elements: Both static and dy-
namic scenes are crucial for evaluating AD systems, a ro-
bust analysis of dynamic elements is particularly impor-
tant for validating the temporal reasoning capabilities, espe-
cially in understanding traffic participant intentions within
the scene and executing the nuanced spatio-temporal rea-
soning required for safe navigation. 3) Lack of Data Diver-
sity: Existing AD benchmark datasets are overly homoge-
neous, limiting their utility for testing generalization across
diverse real-world scenarios. The narrow results restrict the
evaluation of zero-shot generalization and the performance
on challenging corner cases. A more diverse dataset is re-
quired to thoroughly assess the robustness and adaptability
of VLMs in real-world settings.

To overcome these limitations, we introduce a novel
benchmark, VLADBench, specifically designed to rigor-
ously evaluate the capabilities of VLMs in AD. VLAD-
Bench addresses the shortcomings of existing benchmarks
by employing a hierarchical structure that reflects the com-
plex skill set required for reliable driving, progressing
from fundamental scene and traffic elements comprehen-
sion to advanced reasoning and decision-making. With
2,000 static scenes and 3,000 dynamic scenarios, VLAD-
Bench spans 5 primary domains: Traffic Knowledge Un-
derstanding (TKU), General Element Recognition (GER),
Traffic Graph Generation (TGG), Target Attribute Com-
prehension (TAC), and Ego Decision-making and Planning
(EDP). For a more detailed assessment, 11 secondary as-
pects and 29 tertiary tasks are defined, resulting in a total
of 12,000 questions. The benchmark is built from existing
publicly available datasets, meticulously curated through
a manual selection across 12 sources, aimed at challeng-
ing VLM capabilities in diverse challenging driving situa-
tions. To further investigate the intersections among the 5
key domains and their contributions for motion planning,
we curate a domain-specific (DS) training dataset compris-
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ing approximately 1.4M QA pairs collected from public re-
sources. These QA pairs are categorized into the five do-
mains using GPT-4. We then train models on each individ-
ual DS datasets and evaluate their performance on VLAD-
Bench to assess their capabilities across different domains.

A thorough evaluation on VLADBench of the prominent
VLMs, encompassing both open-source (ranging from 4B
to 76B), close-source and DS models, reveals the following
key findings:

Among current VLMs, only Qwen2.5-VL-72B[4] sur-
passes a score of 60 on VLADBench, while others (in-
cluding GPT-40) struggle to reach this threshold, indicat-
ing substantial room for improvement.

Significant challenges persist especially in areas: traf-
fic signals and graph generation, intention judgment, and
meta decision-making, which are essential capabilities for
achieving reliable AD.

Biased DS training data improve performance in certain
specialized areas of AD but often compromise generaliza-
tion ability in tasks that require broader and more general
knowledge.

The DS data from the five key domains is interconnected,
providing mutual benefits across domains and demon-
strating a clear synergy effect.

Elevating the vision encoder may be more impactful than
simply scaling up the language model for AD context.

2. Related Work

2.1. Large Vision-Language Models

Recent advancements in Large Language Models (LLMs)
like the GPT series [1] and LLaMA [63] have revolution-
ized natural language processing. This progress has spurred
the development of large vision-language models, aiming to
extend LLM capabilities to encompass visual understanding
and reasoning. Models such as LLaVA [39, 40], MiniGPT-
4 [80], InstructBLIP [13], Cambrain [62], ShareGPT4V [8]
integrate visual information, enabling tasks like image
captioning and visual question answering. These VLMs
typically align visual and linguistic features using cross-
attention mechanisms or MLP projections, trained on ex-
tensive image-text datasets. Early VLMs focused on static
images, but recent efforts have extended their capabilities
to video understanding, such as BLIP2 [32], InternLM-
XComposer2.5 [77], InternVL2 [12], VILA [38], Qwen2-
VL [66], etc., incorporating temporal dynamics into the lan-
guage feature space for sequence comprehension. VLMs
have demonstrated promising capabilities across diverse do-
mains, including content creation, medical image analysis,
robotics and autonomous driving.



Table 1. Comparison between the existing benchmarks and our
proposed benchmark. V. and Cate. represent video and category.

Benchmark Source V. QAs Cate.
CODA-LM [35] CODA [33] x 15K 3
LingoQA [47] Self-collected v* 1K 4
IDKB [42] Internet v 20K 4
nuScenes-QA [54] nuScenes [6] v 83K 5
DrivelLM [58] nuScenes [6] v 15K 4
DriveBench [70] nuScenes [6] v 21K 5
MME-Realworld [79] [6, 33, 56] x 5K 15
Nulnstruct [15] nuScenes [6] v 16K 17

[6, 44, 45, 68]

VLADBench [18,21,28,33] v 12K 29

[19, 29, 47, 55]

2.2. VLM-based Autonomous Driving

End-to-end AD [22, 24] represents a shift from traditional
modular pipelines to a singular framework, which learns
relevant features directly from raw sensor data and discov-
ers effective representations with all modules training to-
gether. While models trained on specific datasets encounter
the reliance on ego status [36, 75] and long-tail dilemma,
i.e., fail to generalize on new scenarios, unexpected events,
or traffic patterns [9, 60]. Besides, these approaches typi-
cally lack interpretability, making it difficult to explain their
actions and hindering trust and regulatory approval.

To address these problems, several recent works ex-
plore the potential of VLMs for AD. LingoQA [47] and
Dolphins [43], for example, employ VQA to bridge the
gap between data-driven driving and user trust. Besides,
decision-making and planning are also being integrated
into VLMs, as seen in DriveVLM [61], DriveLM [58],
Reason2drive [49], BEV-INMLMM [15], OmniDrive [67],
where the training data is always divided into perception,
prediction, and planning components. These models often
produce outputs via a chain-of-thought (CoT) process, en-
compassing scene descriptions, action analysis, hierarchi-
cal planning, etc. Approaches such as DriveGPT4 [71],
VLP [50], AsyncDriver [11] and LMDrive [57] attempt to
directly map visual and linguistic inputs to planning or low-
level control signals. The end-to-end AD systems based on
VLMs offer strong interpretability, trustworthiness, and the
ability to understand complex scenes.

2.3. Benchmark and Metrics

Established evaluation benchmarks like MME [16], Video-
MME [17], MMBench [41] and Seed-Bench [30], while
valuable for foundation models, are not ideally suited for
evaluating AD models, because that these benchmarks pri-
marily comprise natural images, lacking the specific char-
acteristics of driving scenarios, such as traffic elements and
the dynamic interactions of participants. Recent works
have introduced specified AD datasets with extensive VQA

9433

Table 2. Prompt setting of VLADBench. * denotes optional.
Most Question
[Image / Video] [Visual Prompt]* [Question] [Tips]*.
Select one as the answer from the list below:

[Choice A, B, C, D, E].

No explanation is needed. The best answer is:
Other Question: Detection, Traffic Graph, Trajectory
[Image / Video] [Visual Prompt]* [Question] [Tips]*.
[Output Format].
No explanation is needed. The answer is:

pairs. Nuscenes-QA [54], CODA-LM [35], VLAAD [53]
and LingoQA [47] start from scene description and analysis,
general perception, action reasoning and driving sugges-
tions. DriveLM [58], Nulnstruct [15], Reason2Drive [49]
divide the data into perception, prediction, and planning
with reasoning. DriveLM [58] also includes behavior un-
derstanding, and Nulnstruct [15] includes risk estimation.
IDKB [42] mined plenty of questions about 4 traffic knowl-
edge domains from various handbooks. DriveBench [70]
further introduce corruption data for robustness validation.
With the rapid advancement, a coarse categorization is in-
sufficient to support a complete analysis of AD models.
For evaluation, language-based metrics like BLEU [51],
ROUGE [37], METEOR [5] and CIDEr [64], commonly
used to evaluate question-answering models, however,
demonstrate poor correlation with human judgment. This
is problematic because semantically distinct sentences with
opposite meanings also can receive similar scores, posing
unacceptable risks in safety-critical AD applications. While
recent metrics leveraging ChatGPT ratings [35, 71], they
exhibit positional and stylistic biases and produce inconsis-
tent scores across iterations. In this paper, we revisit the
simple yet effective metric: Accuracy. Through the close-
form instruction annotations, we try to achieve a precise
evaluation in terms of the zero tolerance for error.

3. Benchmark

3.1. Data Source and Annotation

Data Source. A comprehensive and diverse benchmark
is able to reduce testing bias, which helps probe a thor-
ough evaluation of zero-shot generalization capabilities and
better expose the weakness of VLMs in various AD sce-
narios. As shown in Tab. 1, existing benchmarks often
suffer from a lack of diversity. In contrast, our proposed
benchmark VLADBench, covering 5 domains, 11 aspects
and 29 tasks, constructed from the 12 publicly available
datasets: GTSDB [21], JAAD [29], PIE [55], HAD [28],
nuScenes [6], SODA [19], ONCE [45], Argoverse2 [68],
CODA and CODA2022 [33], DRAMA [44], RS10K [18],
and LingoQA [47]. The instance counts for the five do-
mains are: TKU (2,369), GER (2,812), TGG (3,090), TAC



<4 P ~—

(c) Traffic Graph Generation - Signal Element Relation (d) Traffic Graph Generation - Lane Element Relation
Figure 2. Real-world examples of the tasks in (a) Traffic Knowledge Understanding, (b) General Element Recognition, and (c, d) Traffic
Graph Generation domains. ‘Rec.” and ‘RL’ denote recognition and relation.

(1,303), and EDP (2,418). Detailed numbers of each task struction following. Some questions in GER and TGG are

are included in the supplement. constructed with visual prompts and descriptive tips. The
Annotation. Based on the designed domains and tasks, we visual prompts include the bounding boxes on the image or
meticulously hand-select 2,000 static and 3,000 dynamic the coordinates of these boxes in the instructions, which are
scenes for a diverse range of challenging driving situations. employed for regional perception representations. Besides,
During the selection process, we control the visual promi- some questions in TGG are also constructed with tips com-
nence of objects and scenes to avoid immediate recognition. prising the perceptual descriptions within the scene, aiming
Existing datasets predominantly feature object- or caption- at assisting the challenging task by providing accurate per-
level annotations, lacking detailed and task-specific anno- ceptual prior.
tations. Consequently, we engage 5 human annotators for Criterion. For the evaluation of each task, the core metrics
fine-grained annotation and implement a quality double- are accuracy and instruction compliance rate. Besides, there
check with 2 professional researchers. Each instance takes are IOU for detection in the recognition tasks, judgment ac-
about 5 minutes to annotate. curacy for the intention judgment tasks, and L2 distance and
collision rate for the ego trajectory planning task. The fi-
3.2. Instruction and Criterion nal score for each task is weighted by these metrics. Note
Instruction. For most of the questions in the proposed that a rule-based filter is employed to align the responses
benchmark, we first construct each QA pair and then we generated by VLMs with the choice list in the instruction,
collect all the answers in each task as a database. After that, removing symbols and special tokens.
we select the correct answer and' randomly select t'he incor- 3.3. Data Statistics
rect answers to form a choice list for each question. The
choices in the list are semantically or structurally similar, Traffic Knowledge Understanding. This domain com-
increasing the ambiguity and difficulty of the question. The prises two primary aspects: Road Traffic Signals (encom-
instruction format is listed in Tab. 2 and the length of the list passing the pavement marking, traffic sign, and traffic light
ranges from 4 to 10. For the other types of questions, i.e., tasks, with questions pertaining to type, status, meaning,
visual detection in GER, TGG and trajectory planning, we and optical character recognition) and Road Passage Pro-
specify the output format for each question to guide the in- visions (determining the right-of-way between ego vehicle
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(a) Intention Judgment

and other traffic participants), as illustrated in Fig. 2 (a).

General Element Recognition. This domain consists of
Background and Foreground apsects. Background includes
light and weather tasks, while Foreground focuses on lane
recognition, vehicle recognition, vehicle status, vulnerable
road user (VRU) recognition, and obstruction recognition
tasks. The recognition tasks also involve visual ground-
ing questions, such as instructions with coordinates or ob-
ject detection. The vehicle status task identifies the external
states of the vehicle, such as brake lights, open doors, and
trunk. The obstruction (including animals) recognition task,
also addresses whether obstacles can be safely driven over,
with examples illustrated in Fig. 2 (b).

Traffic Graph Generation. The aforementioned assess-
ment allows for the perception of low-level scene elements,
which forms the basis for a high-level understanding of the
interrelationships between traffic elements, termed traffic
graph generation. This domain encompasses both Signal
Element Relation and Lane Element Relation aspects. The
former, as illustrated in Fig. 2 (c), refers to the correspon-
dence between the different signal elements in the scene,
i,e., light-lane relation, sign-lane relation and sign-sign re-
lation tasks. The latter, as illustrated in Fig. 2 (d), refers to
the correspondence between the lane elements in the scene,
i.e., lane speed relation and lane change relation tasks.

Target Attribute Comprehension. The comprehension of
dynamic scenes is paramount in AD. In this domain, we
include the temporal analysis by incorporating the predic-
tion of future (unoccurred) events, termed Intention Judg-
ment aspect, and the analysis of the past (occurred) events,
termed Behavior Understanding aspect. As visualized in
Fig. 3 (a), Intention Judgment is composed of vehicle cut-
in, VRU cut-in, VRU cross, and long-short parking tasks,
with the questions pertaining to the underlying intention
and motivation. Behavior Understanding involves analyz-
ing vehicle and VRU behavior by describing the sequence
of temporal events. Moreover, we include pedestrian ges-
ture analysis related to right-of-way determination, further
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(b) Ego Action Reasoning
Figure 3. Examples in intention judgment and ego action reasoning aspects. ST.RL.: spatio-temporal reasoning, K.O.D.: key object
detection.

testing human-vehicle interaction capabilities.

Ego Decision-Making and Planning. We construct this
domain in a reasoning mechanism from Ego Action Rea-
soning, the high-level Meta Decision-Making and the fi-
nal Ego Trajectory Planning aspects. Ego Action Reason-
ing contains the fine-grained tasks: key object detection,
drive efficiency, risk prediction, and spatio-temporal rea-
soning, all of which significantly influence subsequent driv-
ing strategies. Specifically, in spatio-temporal reasoning,
we devise the challenge of inferring the state or meaning
of part-occluded traffic signals, lane type, and lane destina-
tion at the end of a video sequence. At the moment of the
last frame, information from previous frames, such as traffic
signs and pavement markings, must be integrated and rea-
soned upon to answer these questions, as Fig. 3 (b) show-
casing the real-world samples. Meta Decision-Making fo-
cuses on the short-term lateral and longitudinal decisions
tasks, which are tactical and on immediate execution. The
decisions include but are not limited to straight, changing
lane to the left/right, in-lane left/right avoidance, borrow-
ing lane for left/right avoidance, accelerating, stop, main-
taining, decelerating, and decelerating to stop. Ego Trajec-
tory Planning is formulated as a vision and language task,
given the critical perception and prediction results, along
with high-level decisions. Besides, the ego status and the
historical waypoints (last 2 seconds, given by four points)
are included in the instruction. The VLMs then generate a
feasible 3-second driving trajectory with 6 waypoints.

4. Experiments

4.1. Baselines and Settings

Baselines. To conduct a comprehensive evaluation on
static and dynamic scenes, we compare 20 VLM mod-
els including the foundational and domain-specific models,
which can be divided into the open-source VLMs: VILA-U
(VU) [69], InternLM-XComposer2.5 (IXC2.5) [77], Open-
flamingo [2], CogVLM2 (CV) [20], LongVILA (LoV) [72],



Table 3. Scores evaluated on VLADBench from different VLMs. TKU: Traffic Knowledge Understanding, GER: General Element
Recognition, TGG: Traffic Graph Generation, TAC: Target Attribute Comprehension, EDP: Ego Decision-Making and Planning. The gray,
yellow and purple cell color denotes the open-source, closed-source, and domain-specific VLMs. The best score for each aspect in red.
The detailed results about the 29 tasks are listed in the supplement. Note our baseline is excluded for comparison with existing models.

Domains Aspects IXC2.5 CV LoV QW IVL2 MCV IVL2 QW2 OV QW25 LV GEM GPT Senna Dols DriLM DriMM DriLM-B|| Ours

88 8B 8B 7B 4B 8B 8B 7B 7B 7B 7B 15po 40 7B 9B 4B 7B 4B 4B

Ty Read Traffic Signals 2489 47.00 37.46 47.40 48.97 43.91 54.97 54.77 56.89 6245 5749 67.56 69.09 10.29 2839 5504 57.15 5256 ||65.65

Road Passage Provisions 32.69 59.35 49.45 79.22 80.58 22.72 69.45 71.52 70.81 80.32 74.11 42.98 78.96 15.53 21.10 81.36 4233  73.85 |[80.58

GER Background 22.54 58.79 63.93 63.97 66.83 70.76 70.49 71.07 69.11 69.29 69.11 65.71 68.35 25.36 58.75 64.46 7031 6821 | 71.61

Foreground 26.20 29.11 38.16 38.13 51.90 44.31 49.34 50.88 53.99 53.64 53.04 51.64 53.82 15.51 29.24 52.80 5327 51.68 |/60.47

1GG  Signal Element Relation 14.67 25.99 37.04 23.64 29.09 34.93 37.07 36.93 34.70 32.56 33.83 44.58 49.56 3.37 26.08 26.19 3601 3500 ||47.64

Lane Element Relation  36.34 54.08 43.65 37.03 45.72 57.73 46.98 48.06 64.60 48.91 66.90 70.43 65.71 52.08 31.13 21.19 23.63 51.19 ||54.01

TAC Intention Judgment ~ 67.47 38.98 34.76 68.23 41.56 60.08 46.79 60.62 57.60 53.42 59.52 55.95 47.79 52.79 57.64 47.13 4327  60.89 |52.97

Behavior Understanding 30.61 33.74 17.99 28.60 44.13 37.54 46.82 41.79 41.68 4223 43.13 50.61 52.63 12.96 0.11 40.78 40.11 4291 ||42.91

gpp  E80Action Reasoning 4591 36.89 52.03 64.24 46.47 58.85 6191 54.93 47.35 58.87 56.50 61.20 65.77 25.70 58.72 5595 5299  56.60 |69.73

Meta Decision-Making ~ 55.60 22.98 18.45 23.87 47.62 35.65 40.83 35.24 36.61 3548 41.19 56.43 48.04 15.00 13.69 37.26 50.00 4631 |57.14

Overall 32.34 38.16 40.06 44.78 46.21 47.28 50.27 51.07 52.15 5230 53.63 57.19 5892 21.34 3497 4575 4701 5132 ||59.45

Qwen-VL (QW)[3], MiniCPM-V-2.6 (MCV) [73], In- Table 4. Scores evaluated on large-scale VLMs.

ternVL2 (IVL2) [12], Qwen2-VL (QW2) [66], OneVi- Voo Oov. LV VL2 QW2 QW25
- ( ) [12], Q ‘ (QW2) [66], Aspects 4B 72B 72B  76B 72B  T2B
sion (OV) [31], LLaVA-Video (LV) [78], Qwen2.5-VL Road Traffic Signals _ 32.32_54.15 59.00 50.94 6831 70.76
(QWZ_S)[4]’ the Closed_source VLMs: Gemini_l_s_pro Road Passage Provisions 4634 7696 80.06 71.07 81.36 80.58
1 . . . Background 65.13  70.67 71.43 7268 70.00 71.96
(GEM) [59], GPT-40, and the domain-specific VLMs: Foreground 4237 5191 5227 5636 6056 5651
Dolphins (Dols) [43], Senna [25] (VLM part), DriveLM Signal Element Relation  36.52 36.68 3845 39.04 3538 47.88
. . ~ : o) Lane Element Relation  46.57 67.00 70.26 49.48 6320 71.29
[58] (DI’ILM).aHd DriLM-B (tralned on BDD [_7])’ and Intention Judgment 35.57 5030 5043 5357 60.66 54.26
DriveMM (DriMM) [23]. Behavior Understanding 1150 4156 4436 4749 4547 50.28
Settings. For the sequence samples, we adjust the frames Ego Action Reasoning ~ 52.84 56.33 57.16 66.08 64.49 67.27
. . Meta Decision-Making ~ 19.29 5345 38.45 5833 53.81 47.86
extraction to ensure all the frames are fed into the evalua- Overall 3960 5264 5404 5489 5880 6L03

tion models. Besides, system prompts are not used, even for
models that support them. As mentioned above, each task
employs 2 to 3 metrics, which are weighted to compute the
final score. Instruction compliance is weighted at 0.2, while
accuracy is weighted differently: 0.8 for most tasks, 0.5 for
tasks in TGG, and 0.7 for tasks in intention judgment as-
pect. The mean score for each aspect is then computed as
the weighted average of its task scores, with weights pro-
portional to the number of tasks in that aspect.

Domain Data for Training. To further exploit the in-
teractions among the 5 key domains for AD understand-
ing, we start from a small-scale VLM, IVL2-4B [12],
and train the DS models on individual domain datasets.
These training datasets, sourced from [7, 18, 28, 33, 42—
44,46,47,52, 58, 65, 71], contain a total of 1.4M QAs, cov-
ering perspectives from the ego vehicle, including single-
view, sequential single-view, and multi-view. The type of
each QA is classified using GPT-4. Besides, we also in-
corporate 1.3M QAs from general data for avoiding gen-
eral ability loss. The IVL2-4B [12], trained on 2.7M QAs,
serves as our baseline in this paper. More details are pro-
vided in the supplement.

4.2. Experimental Results

First, we assess the existing open-source, closed-source,
and DS models. The qualitative results across 10 aspects of

"https://openai.com/index/hello-gpt-4o/
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VLADBench for the small-scale VLMs and closed-source
VLMs, are listed in Tab. 3. Besides, we present the results
of large-scale VLMs in Tab. 4 for a thorough assessment.
For comparison with the existing VLMs, we exclude our
baseline model which serves for the following exploration.
Then, we conduct the more experiments to explore the cog-
nitive and reasoning interactions among the 5 key domains.
The DS models trained on TKU data, GER data, TGG data,
TAC data, EDP data, and the total data are compared with
the base model for improvement visualization. Finally, we
briefly discuss how the understanding of the five key do-
mains by AD-specialized VLMs impacts the final trajectory
prediction.

4.2.1. Evaluation on VLADBench

Holistic Results. The top score is held by the large-scale
QW2.5-72B, which achieves 61.03, and followed by GPT-
40. For small-scale VLM models, LV-7B leads with a score
of 53.63, which is 7.4 below the maximum. Across all the
models, only one achieve more than 60 on our proposed
benchmark, demonstrating the significant gap between cur-
rent VLMSs and human-level capabilities in real-world driv-
ing scenarios.
Granular Results. Through the results on 10 secondary
aspects, the main findings are as follows:
* In TKU, Road Traffic Signal represents a fundamental
knowledge of AD. Existing open-source models, with the
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Figure 4. Score gains across five key domains. This chart illustrates the performance improvements of models trained on datasets catego-
rized by the five key domains, evaluated on VLADBench, compared to the base model.

exception of large-scale QW series [4, 66], still remain a
large room for performance improvement.

On Signal Element Relation aspect, GPT-40 and QW2.5-
72B [4] showcase the superiority, demonstrating the ex-
cellent spatial reasoning capability for AD scenarios.

On Intention Judgment aspect, almost all the models ex-
hibit unsatisfactory performance. However, QW-7B [3],
trained without sequential data, achieves promising re-
sults, suggesting that VLMs can predict potential sequen-
tial events through training on non-sequential events.

Large-scale vs. Small-scale VLMs. To investigate how
the performance of a general model varies with scalabil-
ity, we present 6 large-scale models in Tab. 4. Firstly, the
large-scale VLM models do not always surpass the small-
scale models. Among the large-scale models, only four out-
perform the best small-scale VLM model LV-7B. Secondly,
for a given model, scaling up the language model typically
results in a overall performance improvement. However,
this trend is not universally consistent in all aspects. For
instance, with LV series, the larger model generally outper-
forms its smaller counterpart across most aspects, yet it un-
derperforms in the important intention judgment and meta
decision-making aspects.

Domain-specific Results. As training data from the AD
domain is incorporated, the DS model exhibits outstanding
performance in certain tasks, e.g., Dols-9B on vehicle cut-
in task (86.70 ranked 1st), DriLM-4B on traffic light task
(75.14 ranked 1st) and lane recognition task (73.44 ranked
1st). By comparing DS models and its base models, we can
further observe that biased domain-specific data will lead to
a loss of generalization ability in unseen tasks. DriLM-4B
outperforms the base model (IVL2-4B) in fundamental traf-
fic knowledge but performs significantly worse in the TAC
domain. DS Data bias will influences the model capabili-
ties, and single-direction optimization may lead to a loss of
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generalization in other tasks even within the same domain.

4.2.2. Interactions in Key Domains of VLADBench

As discussed above, biased domain-specific training data
can enhance the performance in certain specialized areas
of autonomous driving but may loss the generalization abil-
ity in tasks that require broader and more general knowl-
edge. To deeply explore the interrelationships among the
5 key domains, we train the general IVL2-4B using differ-
ent DS datasets (with generic data kept constant) and test
the models on VLADBench. The score gains compared to
IVL2-4B, are shown in Fig. 4. It can be concluded that:

* The contribution of each domain-specific dataset is not
isolated, it also positively influences other domains. For
example, TKU data boosts the EDP gain significantly,
GER data benefits TAC gain, TGG data enhance the un-
derstanding of the traffic element.

A synergy effect emerges when all datasets are combined
for training. Compared to training on individual domains,
joint training leads to higher performance gains across
nearly all domains (except TGG), e.g., TKU gain im-
proves by 67% (from 8.67 to 14.50).

While the all-data model achieves notable improvements
in the TGG domain, models trained solely on GER and
EDP data exhibit negative gains in TGG, suggesting that
the GER and EDP training datasets still carry a bias with
respect to the TGG domain.

Adjusting the data ratio across different domains may
lead to improved training outcomes. For example, both
TKU data and GER data contribute more to TAC gains
than TAC data itself, suggesting that an appropriate bal-
ance of domain data could enhance overall performance..

4.2.3. Contribution of Key Domains for Motion Planning

In VLADBench, tasks for comprehension dominate the
evaluation. After assessing the 5 key domains for AD



Table 5. Motion planning performance in DriveLM-nuScenes [58] validation set.

ST-P3 Metrics UniAD Metrics
Models L2(m)] Collision(%)] L2(m)] Collision(%).
1s 2s 3s  Avg. | Is 2s 3s  Avg. | Is 2s 3s  Avg. | Is 2s 3s  Avg.
ST-P3 | 1.28 2.03 281 204 |0.14 0.72 128 0.71 - - - - - - - -
UniAD - - - - - - - - 047 180 3.73 3.00 | 0.13 0.53 1.50 0.72
TKU | 030 067 1.15 0.70 | 0.13 0.25 0.82 040|043 128 241 137 |0.13 051 253 1.06
GER | 028 0.61 1.04 0.65|006 026 0.69 034|041 1.16 216 1.24 |0.13 052 207 0091
TGG |034 0.78 131 081 |0.00 038 095 044|050 150 2.66 1.55|0.00 0.88 240 1.10
TAC | 035 083 143 087|000 0.28 1.09 046 | 053 1.62 294 1.70 | 0.00 0.76 3.40 1.39
EDP | 028 0.71 125 0.75]0.13 0.25 0.77 038 | 041 142 266 150 |0.13 050 251 1.05
All 027 060 1.04 064 |0.13 025 0.61 033039 1.15 215 123 ]0.13 051 165 0.76

understanding tasks, we finally evaluate the contributions
of 5 key domains for trajectory prediction. Note that
the goal is not to pursue the state-of-the-art results. For
training, we further construct about 4,000 samples from
nuScenes [6], which includes scene analysis and trajectory
points, and then train the model by incorporating individ-
ual DS data. The quantitative motion planning results are
shown in Tab. 5. It can be observed that the GER is the
most important domain for trajectory prediction, followed
by EDP domain. The results from TKU domain are com-
parable to those from EDP domain, suggesting that the un-
derstanding of traffic knowledge plays a crucial role, which
is a capability that traditional models are unable to achieve.
Although the experimental results from TGG and TAC do-
mains perform poorly in terms of L2 distance, they signif-
icantly reduce the collision rate in the short term. More
details about the trajectory dataset and results from open-
source and domain-specific models are presented in the sup-
plement materials.

4.3. Further Analysis

Bottlenecks in Traffic Graph Generation. In TGG do-
main, analyzing the relations between elements presents
significant challenges. As discussed above in Sec. 3.2, we
incorporate descriptive guidance about the traffic elements
as tips within the questions in TGG. Experiments after and
before adding these tips showcase a up to 37% improve-
ment rate in the signal element relation aspect and a up to
73% improvement rate in the lane element relation aspect,
suggesting that embedding traffic-related knowledge can di-
rectly enhance knowledge graph construction. Nevertheless
the final scores of signal element relation remain far from
60, indicating that spatial reasoning ability is still limited.
The detailed improvement rates are listed in the supplement.
The larger, the better? OV-7B [31] and LV-7B [78] per-
form as the top models at the small scale. However, when
the language model is scaled up to 72B, the vision encoder,
SigLIP [76], remains unchanged, and the observed supe-
riority no longer holds. OV-72B and LV-72B show only
marginal improvement, and some aspects experiences a per-
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formance decline. In contrast, IVL2-76B[78], with a sig-
nificantly larger vision encoder (scaled from 300M to 6B
parameters), achieved first place across two aspects. QW2-
72B[66] and QW2.5-72B[4], featuring a larger vision en-
coder than OV[31] and LV[78] and employing a dynamic
resolution mechanism to avoid visual information loss, ap-
proaches the performance of closed-source models, achiev-
ing a well-balanced performance across cognitive and rea-
soning tasks. These findings suggest that a large or spe-
cialized vision encoder may be more critical than merely
scaling up the language model for AD.

5. Conclusion and Limitation

Conclusion. In this paper, we present a fine-grained bench-
mark for evaluating large vision-language models in au-
tonomous driving. The proposed VLADBench covers 5 key
domains, 11 aspects and 29 tasks, addressing critical gaps
in current datasets, including coarse-grained categories, and
limited analysis of dynamic elements and lack of data diver-
sity. Extensive experiments on general and domain-specific
models uncover the significant performance gaps across a
wide range of tasks. Our in-depth experiments further re-
veals the interactions among the five key domains, and the
individual contribution for motion planning performance.

Limitations. There are still several limitations: 1) The
current benchmark focuses on evaluating the understanding
and reasoning capabilities from the perspective view. Fu-
ture research will incorporate multi-view inputs to further
assess the 3D spatial perception capabilities of these mod-
els. 2) The training of domain-specific models in this pa-
per is straightforward. Exploring the scalability of domain-
specific models and optimizing data sampling strategies are
the crucial directions for future researches.
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