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Abstract

Current roadside perception systems mainly focus on
instance-level perception, which fall short in enabling inter-
action via natural language and reasoning about traffic be-
haviors in context. To bridge this gap, we introduce Road-
SceneVQA, a large-scale and richly annotated visual question
answering (VQA) dataset specifically tailored for roadside
scenarios. The dataset comprises 34,736 diverse QA pairs
collected under varying weather, illumination, and traffic con-
ditions, targeting not only object attributes but also the intent,
legality, and interaction patterns of traffic participants. Road-
SceneVQA challenges models to perform both explicit recog-
nition and implicit commonsense reasoning, grounded in
real-world traffic rules and contextual dependencies. To fully
exploit the reasoning potential of Multi-modal Large Lan-
guage Models (MLLMs), we further propose CogniAnchor
Fusion (CAF), a vision-language fusion module inspired by
human-like scene anchoring mechanisms. Moreover, we pro-
pose the Assisted Decoupled Chain-of-Thought (AD-CoT)
to enhance the reasoned thinking via CoT prompting and
multi-task learning. Based on the above, we propose the base-
line model RoadMind. Experiments on RoadSceneVQA and
CODA-LM benchmark show that the pipeline consistently
improves both reasoning accuracy and computational effi-
ciency, allowing the MLLM to achieve state-of-the-art per-
formance in structural traffic perception and reasoning tasks.

Datasets — https://github.com/GuanRunwei/RS-VQA

Introduction

With the advancement of Multi-modal Large Language
Models (MLLMs), the capabilities for perception and rea-
soning in traffic scenarios have significantly improved (Zhou
et al. 2024b). As a critical component of traffic perception,
roadside perception offers a distinct advantage over vehicle-
based perception by providing a top-down perspective that
enables clearer observation of the states and behaviors of
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traffic participants, and a more comprehensive understand-
ing of the overall scene (Bejarbaneh, Du, and Naghdy 2024).

However, current roadside perception systems primarily
focus on automated tasks such as detection (Guan et al.
2023), tracking (Liang et al. 2025), trajectory prediction
(Dai et al. 2025), and traffic flow forecasting (Huang et al.
2023). While these approaches have achieved a certain de-
gree of success, they largely lack human-in-the-loop per-
ception, which mostly emphasizes instance-level recogni-
tion, but falls short in event-level or holistic scene-level un-
derstanding. Moreover, these systems often exhibit limited
scalability and interpretability in complex environments,
and lack the flexibility to recognize unforeseen objects
and events. Recently, Vision-Language Models (VLMs),
empowered by large-scale pretraining, have demonstrated
strong reasoning capabilities (Guan et al. 2025a) and gener-
alization across a wide range of multi-modal tasks (Sun et al.
2024, 2025; Zhang et al. 2025a). These models have shown
promising performance in vehicle-based perception. More-
over, the reasoning ability of MLLMs, enabled by prompt-
ing, allows for rapid adaptation to novel traffic events.

While VLM-based roadside perception benchmarks have
achieved remarkable progress in visual grounding or image
captioning (Zhou et al. 2025; Guan et al. 2024), their re-
liance on explicit localization fundamentally limits higher-
level traffic understanding. Existing benchmarks measure
perceptual accuracy, yet fail to evaluate whether models
comprehend implicit traffic regulations, such as determining
“Is any pedestrian violating traffic rules?”, which requires
synthesizing signal states, spatial contexts, and behavioral
dynamics. This semantic gap persists because localization
tasks disregard causal relationships (e.g., a vehicle may be
in a crosswalk but not violating if signals permit).

Building upon the aforementioned, we construct Road-
SceneVQA, a large-scale Visual Question Answering
(VQA) dataset tailored for roadside perception. Leveraging
the rich object distributions and contextual diversity of the
impressive Rope3D dataset (Ye et al. 2022), which provides
roadside detection data across various traffic scenarios. It
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Figure 1: Overview of RoadSceneVQA with samples.

Datasets Venues QA Generation QA/Caption items Scenes Reasoning Domains
Talk2Car (Deruyttere et al. 2019) EMNLP5g19 Manual 2.4k 2.4k X Driving
NuScenes-QA (Qian et al. 2024)  AAAlyp24 Template 83.3k 0.9k X Driving
DriveLLM (Sima et al. 2024) ECCVyp24 | Template + Manual 15.4k 188k v Driving
Talk2Radar (Guan et al. 2025¢) ICRA5g25 Manual 8.7k 8.7k X Driving
nuPrompt (Wu et al. 2025) AAAlyp2s5 LLM 40.8k 0.9k X Driving
DriveBench (Xie et al. 2025) ICCVy025 | Template + Manual 20.5k - v Driving
TUM-VideoQA (Zhou et al. 2025) ICMLygo5 LLM + Manual 87.3k 1k X Roadside

RoadSceneVQA (ours) 2025 LLM + Manual 34.7k 26 v Roadside

Table 1: Summary of vision-language-based datasets oriented at traffic scenarios.

covers a wide range of traffic events, object states, lighting lightweight edged MLLMs (smaller than 8B). Building on
conditions, and weather environments. RoadSceneVQA in- these, we further introduce our baseline MLLM, RoadMind,
cludes both explicit and implicit question-answer pairs cen- specifically tailored for multi-modal roadside reasoning.
tered on traffic scene reasoning, posing challenges to mod- In summary, our contributions are as follows,

els in terms of scene understanding and commonsense rea- 1. RoadSceneVQA, a laree-scale VQA dataset designed

soning. More importantly, we introduce an agile Collabo-
rative Human-Machine Annotation (CH-MA) system to en-
able high-quality and scalable annotation, which is critical
for constructing this comprehensive VQA dataset.

for roadside perception, which comprises 34,736 samples
of Q-A pair, spanning perception and reasoning tasks.

2. CH-MA, an agile human—machine collaborative annota-
tion framework for VQA datasets, which improves anno-

Last but not least, current MLLMs typically adopt a sim- tation efficiency while enhancing accuracy and quality.
ple token-level concatenation strategy for the fusion of vi- 3. CogniAnchor Fusion, a visual-language fusion module
sual and language tokens. However, this design introduces inspired by human scene cognition mechanisms, tailored
two limitations: (1) Irrelevant visual tokens, such as back- for MLLMs. It enhances the reasoning capabilities while
ground noise, are forcibly mixed with key textual tokens, maintaining high computational efficiency.
disrupting the model’s ability to accurately localize ob- 4. RoadMind, a multi-modal large language model en-

jects; (2) Imbalanced information interaction, where dom-
inant visual features overwhelm the textual signals, impairs
the model’s ability to follow language instructions (Yang
et al. 2024). To enhance MLLMSs’ contextual awareness

powered by Assisted Decoupled Chain-of-Thought
(AD-CoT) for roadside traffic perception and reasoning.

for commonsense reasoning, we draw inspiration from hu- Related Works

man vision-language collaborative cognition and propose a Open-Ended VQA based on MLLMs. Visual Question
plug-and-play visual-language fusion module, termed Cog- Answering (VQA) has significantly evolved from conven-
niAnchor Fusion (CAF). CAF pre-anchors potential regions tional selection-based and multi-class frameworks to open-
of interest and enables the LLM to reason precisely and ended, human-like systems (Kim et al. 2025). Early VQA
efficiently. Moreover, advanced MLLM such as GPT-4o0 models treat the task as multi-class classification, predict-
(Hurst et al. 2024) have demonstrated strong capabilities in ing answers from predefined sets by fusing CNN-extracted
knowledge-driven reasoning, and have been applied to au- visual features with textual embeddings (Yang et al. 2016;
tonomous driving for Chain-of-Thought (CoT) generation, Antol et al. 2015; Malinowski, Rohrbach, and Fritz 2015).
enabling more stable and interpretable reasoning paradigms Despite promising results, their fixed answer sets hinder
(Liao et al. 2025). To address the challenges of complex handling complex queries and open-ended reasoning. With
roadside scenarios, we propose a novel method called As- the rise of large-scale datasets like Visual Genome (Kr-
sisted Decoupled Chain-of-Thought (AD-CoT), designed ishna et al. 2017), researchers adopt encoder-decoder ar-
to support reliable scene understanding and reasoning on chitectures. Incorporating attention mechanisms, the mod-
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Figure 2: Annotation of RoadSceneVQA dataset by the agile Collaborative Human-Machine Annotation system.

els enable more free-form text generation (Nam, Ha, and
Kim 2017; Anderson et al. 2018). However, semantic co-
herence and factual accuracy remain challenges due to diffi-
culties in grounding visual concepts with language. In the
advent of MLLMs, by integrating pre-trained knowledge
with visual understanding, MLLMs generate natural, open-
ended responses similar to human answers (Sima et al. 2024;
Zhang et al. 2025b). Currently, VQA in traffic scenarios pri-
marily focuses on explicit QA (Qian et al. 2024; Wu et al.
2025), with limited efforts exploring context-aware reason-
ing, which are constrained to on-vehicle settings (Xie et al.
2025). Existing roadside VQA benchmarks tend to empha-
size object localization, typically outputting bounding boxes
(Zhou et al. 2025), which is difficult to reason effectively
about the behavior of traffic participants or to draw decision-
level conclusions. To address these limitations, we propose
RoadSceneVQA, which fills this gap by implicitly incorpo-
rating commonsense knowledge into VQA tasks for traffic,
enabling more holistic and actionable scene understanding.

Roadside Perception for ITS. Roadside perception is vi-
tal for Intelligent Transportation Systems (ITS), offering a
complementary perspective to on-board vehicle sensors for
traffic monitoring and decision-making. Recent advances
have addressed a range of tasks. Object detection (Ye et al.
2022; Yu et al. 2022) and semantic segmentation (Muham-
mad et al. 2022) from roadside cameras have been ex-
plored to identify traffic participants in varying conditions.
Occupancy-based methods aim to construct bird’s-eye-view
representations for scene understanding (Chang et al. 2023).
Moreover, traffic flow prediction models enable proactive
traffic management and congestion control (Xu et al. 2021).
Despite these advances, most existing researches focus on
perception only or fixed outputs such as bounding boxes,
which often require post-processing or human intervention
for scene understanding. In contrast, VQA offers a natu-
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ral and flexible interface for reasoning about traffic scenes,
yet current VQA datasets are predominantly vehicle-centric
and lack the complexity of roadside contexts. To bridge this
gap, we propose RoadSceneVQA, a comprehensive VQA
dataset tailored for roadside perception. It introduces di-
verse, context-rich, and cognitively challenging question-
answer pairs covering traffic understanding, behavior rea-
soning, and commonsense inference, paving the way for
next-generation multi-modal reasoning in ITS applications.

RoadSceneVQA Dataset

RoadSceneVQA presents the first vision-language bench-
mark that shifts traffic intelligence evaluation from per-
ceptual recognition to regulation-aware cognitive reasoning
from roadside view. Unlike existing VQA datasets which
predominantly query explicit object attributes or rely on
video temporal cues (e.g., ‘Is the vehicle speeding?’), Road-
SceneVQA pioneers image-based compliance judgment, de-
manding models to answer questions like ‘Is the pedestrian
violating traffic rules given current signal states and cross-
walk topology?’. This necessitates a tripartite integration of:
(i) visual-semantic grounding (e.g., correlating pedestrian
position with signal phase), (ii) regulatory knowledge inter-
nalization, and (iii) counterfactual causality (e.g., inferring
‘Would the cyclist have violated if the light were green?’).
In this section, we first introduce agile Collaborative Hu-
man-Machine Annotation system, a user-friendly and ef-
ficient framework for VQA annotation. Then, we provide a
statistical analysis of the dataset across multiple dimensions.

Agile Collaborative Human-Machine Annotation

To construct a natural and accurate question-answering
dataset that emulates human-like reasoning, we propose
an agile Collaborative Human—Machine Annotation system
(CH-MA). This framework is designed to address several
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key challenges that often compromise annotation quality:
(1) Manual question writing is prone to subjective bias;
(2) Isolated focus on individual traffic participants, with-
out considering broader traffic context, fails to reflect re-
alistic scenarios; (3) Question diversity heavily depends on
the expertise of annotators, which may lead to inconsisten-
cies; (4) Template-based QA generation often lacks natu-
ralness and suffers from limited semantic expressiveness in
real-world interaction settings. To tackle these issues, our
CH-MA framework is structured into three stages, each de-
signed to balance automation and human expertise for scal-
able, high-quality VQA dataset construction.

Stage A. To assist annotators in expanding reasoning
space and exploring contextual diversity, we introduce
QwenVL-Max (Bai et al. 2025), a state-of-the-art MLLM.
The annotation leader provides QwenVL-Max with a tai-
lored prompt (see supple. materials) and the current road-
side traffic image. The model then generates four candidate
QA pairs, each accompanied by an estimated reasoning con-
tribution score for the traffic scene. Annotators review the
image and the generated QA pairs, assess their factual align-
ment (subjectively determined) and reasoning contribution,
and select the highest-quality pair as the initial reference.

Stage B. Given the inherent limitations and hallucination
tendencies of MLLMs, the QA pairs generated in Stage A
are not guaranteed to be factually accurate or contextually
precise. In this stage, annotators are required to revise and
refine the selected QA pair to ensure factual correctness,
contextual alignment, and linguistic clarity, while maintain-
ing a formal and neutral tone.

Stage C. To minimize annotation errors caused by sub-
jectivity or carelessness, a final quality control stage is con-
ducted. All annotated samples are reviewed by a panel of
seven annotators, and only those receiving majority approval
are admitted into the dataset. Samples that do not pass this
validation are sent back to Stage B for further refinement,
ensuring high annotation quality and consistency.

Dataset Statistics

As shown in Table 1, RoadSceneVQA dataset contains a to-
tal of 34.7K QA pairs. In contrast to TUMTraffic-VideoQA
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(Zhou et al. 2025), RoadSceneVQA emphasizes reasoning-
based questions that incorporate real-world commonsense
and domain-specific knowledge. Figure 3 presents a quanti-
tative overview of RoadSceneVQA, including a word cloud
of the QA corpus, vocabulary length distributions for ques-
tions and answers, and the attribute distribution of VQA
samples. It is observed that the question and answer texts
in RoadSceneVQA exhibit a broad distribution with rich vo-
cabulary coverage. The dataset captures a wide variety of
perception, understanding, and reasoning questions tailored
for traffic scenarios, while preserving a domain gap that re-
flects real-world complexity and enhances generalization.

Methodology

We propose RoadMind, a MLLM tailored for roadside traf-
fic perception and reasoning, incorporating two key com-
ponents: (1) CAF, a cognitively inspired, language-driven
pre-anchoring strategy that guides visual attention toward
critical regions based on human perception mechanisms; (2)
AD-CoT, a reasoning prompting framework to support reli-
able and interpretable inference on edge-deployed models.

Overall Pipeline

As illustrated in Figure 4, given an input image I €
RIXWX3 captured from a roadside camera, we first apply
adaptive visual encoding module, which decomposes the im-
age into a sequence of visual patches while simultaneously
preserving a downsampled version of the original image to
retain global context. In parallel, a globally pooled repre-
sentation I; € R¥*W'*3 is extracted by downsampling
I, which serves as a global prior for subsequent reasoning.
Formally, the encoding process produces:

S:{p17p27"'7pNvIg}7 pieRd, (1)
where S is the set of patch embeddings, and each p; cor-
responds to a visual token derived from local regions of I.
Subsequently, the patch sequence S is processed by a Visual
Encoder (InternViT) (Chen et al. 2024), which extracts high-
level representations. To further enhance feature density, we
apply the Pixel Shuffle operation and obtain the final visual
feature V. For the question T, we leverage GPT-40 (Hurst
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et al. 2024) to generate a Chain-of-Thought prompt TO¢
and a structured answer T54, both conditioned on the im-
age I and the original question T. We then concatenate the
T with its generated T°” and obtain T

T9¢ = Concat(T, TT).
TOC’

@)
This enriched textual input is tokenized and en-
coded into text embeddings. Meanwhile, the visual features
extracted from InternViT are passed through a lightweight
MLP adapter to align their representation space with that of
the text. The aligned image features and the encoded textual
representation are then fused via the CogniAnchor Fusion
module, resulting in text-conditioned visual tokens. These
tokens are concatenated with the language embeddings and
jointly fed into Qwen 2.5, to produce the final answer A:

A = Quen2.5(Concat(CAF(V, T?Y), T9%) (3)

CongiAnchor Fusion

Most MLLMs adopt a naive token-level concatenation that
merges visual and textual tokens. However, this paradigm
requires the model to learn cross-modal spatial correspon-
dences from scratch, often causing inefficient grounding of
visual evidence performance. To address these limitations,
we propose CogniAnchor Fusion (CAF), a cognitively in-
spired fusion mechanism that mirrors the typical human pro-
cess of answering visual questions, which obtains language-
anchored candidate visual regions for the following fusion
with language features. Besides, to ensure efficiency, CAF is
formulated as a linear-based cross attention. However, linear
attention often suffers from non-injectivity, which leads to
semantic ambiguity and impair the model’s ability to accu-
rately understand candidate regions within complex scenes.
Therefore, CAF is inspired by InLine Attention (Han et al.
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2024), enabling scalable integration with existing MLLMs
while maintaining efficiency in reasoning.

Given the textual input as Q7 € RN* for the source
driving the query. {K’, VI} € RV*4 are the key and value
upon visual features to calculate the attention matrix and
form the representation. For the query vector QiT, the func-
tion of attention weight AW(-) is defined as:

a(Qi", K) = [0(Qi") T(Kq),...,0(Qi") To(Kn)]
1 Y 1
- % ; H(Q7) T 9(Ks) +
@)

where ¢(-) is the kernel function. & S | o(QiT) T $(Ks)
indicates the averaging operation over all similarity scores.
% is a constant term added to ensure that attention weights
sum to 1 (meet the normalization). Finally, the language-

driven image attention features can be formulated as:

Q" KTV = (") T oKV,

j=1

T 1
—[p(Q") T d(K;') - 1+ > vyt

Jj=1 Jj=1

(&)

Here, by adjusting the calculation order (aggregating key-
value pairs first and then interacting with the query), the
complexity is reduced from O(N?) of traditional Softmax
attention to O(N).

In conclusion, CAF enhances the causality of the gener-
ated responses, leveraging the reasoning capability of a large
MLLM to empower a smaller and deployable MLLM.



Models LLM Params|Exact Match ROUGH-L BLEU-4 METEOR CIDEr SPICE GPT-Score
MiniCPM-o0 2.6 (nsft)] LLaMA3 8B 0.021 0.193 0.080 0.324  0.661 0.124  0.428
EM-VLM4AD T5-Large 0.8B 0.086 0.249 0.134 0.299 1.142 0.148 0.372
InternVL3 Qwen 2.5 0.9B 0.142 0.386 0.166 0385 1.656 0.170  0.403
TinyLLaVA OpenELM 0.9B 0.098 0.283 0.127 0.319 1.150 0.147 0.394
RoadMind Qwen 2.5 0.9B 0.144 0.372 0.179 0.322  1.867 0.188  0.440
MobileVLM v2  |[MobileLLaMA| 1.7B 0.081 0.296 0.137 0.338 1.399 0.162  0.417
InternVL3 Qwen 2.5 2B 0.151 0.403 0.155 0315 1.834 0.201 0.465
MiniCPM-V 2.0 MiniCPM 2.8B 0.136 0.389 0.149 0352 1.717 0.194  0.477
RoadMind Qwen 2.5 2B 0.142 0.405 0.158 0.347 1.705 0.219  0.489
Qwen2.5-VL Qwen2.5 7B 0.152 0.403 0.159 0.385 1.689 0.213 0.497
InternVL3 Vicuna 8B 0.161 0411 0.162 0.398 1.735 0.208 0.532
MiniCPM-o0 2.6 LLaMA3 8B 0.147 0.388 0.165 0.394  1.826 0.199 0.527
RoadMind Qwen 2.5 8B 0.157 0.425 0.157 0411 1.836 0.221 0.554
Table 2: Overall performances on RoadSceneVQA dataset. nsft: No Supervised Fine-Tuning.
Assisted Decoupled Chain-of-Thought (AD-CoT) Question  CoT Prompt 6PT-40  Image
Due to the limited capacity of lightweight roadside MLLMs, [Domain] , @
their reasoning capabilities are inherently constrained. To [Tgsk]
address this, we propose AD-CoT that combines knowledge [Requirement] l
distillation with cognitive transfer, where GPT-40 serves as Integration .
a soft supervisory prior to enhance the model’s ability to per- Assisted Decouple
form context-aware reasoning in complex traffic scenarios. @‘— jCoT Context
g P [Perceive and Reason Process]
Exactly, given an input image and a question, we first feed [Conclusive Answer]
the image along with a CoT prompt into GPT-40. The model L \—1
generates an assisted reasoning context, which includes both ~ Multi-Task Training
a Perceive and Reason Process and a Conclusive Answer, kl'); c (|°’!|Y ;"‘li“ 5]*:926)PT 3
: s S onclusive Answer Y -40
where the former is then concatenated with the original Image RoadMind L@ Ground Truth Ansuer

question and passed into our lightweight model, RoadMind,
as enriched input. Meanwhile, the conclusive answer from
GPT-4o is paired with the human-annotated ground truth an-
swer to construct a multi-task learning objective, enabling
RoadMind to simultaneously learn both reasoning logic and
answer accuracy. The loss function Ly is presented as fol-
lows:

L
1
Ivm = ——[>_ Logp(yi™|y%)", x, )]+
hard =1

(6)

min(L,L")

oz [ Z Dk (P |[51)] + 1080 nara + 10800t
soft =1

where x denotes the image input while q is question context.

y"d is the ground truth answer. L is the length of ground

truth answer while L' is the length of GPT-40’s answer. Dgr,
is Kullback-Leibler divergence function. pS*T is the prob-
ability distribution of GPT-40 at position [ while p; is the
probability distribution of the model at position I. op,q and

Osoft are two learnable weights for uncertainty modelling.

Experiments
Settings of Experiments

Dataset. Our proposed RoadSceneVQA is adopted for base-
line experiments, including 30,058 samples for training
and 4,677 samples for test. To evaluate the generalization
of models, CODA-LM (Chen et al. 2025), another VQA
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Figure 5: The pipeline of Assisted Decouple CoT.

dataset for ego-car VQA is also included, containing 20,495
samples in train set while 2,123 samples in test set.
Models. Besides RoadMind models (0.9B, 2.0 and 8.0B),
QwenVL (Bai et al. 2025), InternVL (Chen et al. 2024),
MiniCPM series (Yao et al. 2024), MobileVLM v2 (Chu
et al. 2024), TinyLLaVA (Zhou et al. 2024a) and EM-
VLMA4AD (Gopalkrishnan, Greer, and Trivedi 2024) are in-
cluded, containing containing MLLM for general and spe-
cific fields. Besides, for the proposed CogniAnchor Fusion,
we set the head number of attention as 8.

Training and Evaluation. For the training of Road-
SceneVQA, we resize the image as 448 x 448 (px). We
finetune the pretrained models for one epoch with the ini-
tial learning rate of le-5. We freeze the visual encoder while
unfreeze LLM and MLP projector. We set the max sequence
length as 16384. We adopt AdamW optimizer and set the
weight decay as 0.05 with the cosine scheduler and warm-
up ratio of 0.03. We train models on 4 A100 GPUs with
the batch size per GPU as 1. For CODA-LM, we keep the
settings consistent with (Chen et al. 2025). We include Ex-
act Match, ROUGH-L, (Lin 2004), BLEU-4 (Papineni et al.
2002), METEOR (Lavie and Agarwal 2007), CIDEr (Vedan-
tam, Lawrence Zitnick, and Parikh 2015), SPICE (Anderson
et al. 2016) and GPT-Score (Sima et al. 2024) as evaluation
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Pred: Yes, Several pedestrians traffic regulations? . opposite direction as the
are waiting for the traffic p..d: Yes he is on the bike Pred: The white car can only camera?

light on the right side of the : go straight as the lane
in%age. ’ Efgshsi:];smad of the zebra  Toctriction, Pred: A taxi and a white bus.

GT: Yes, there are several . L,
pedestrians visible on the GL’ Yes. He isn’ 1 on the
right side of the image. ARl Bl

6T: It can only go straight. GT: A taxi and a white bus.

Figure 6: Inference results upon RoadMind-8B.

Sample Types | ROUGH-L. METEOR CIDEr GPT-Score Regional Perception 1

Perception Models GTSt All  Vehicle VRU Sign STSt

TPP 0.404 0.391 1.894 0.561 MiniGPT-v2-7B | 11.58 | 1593 18.74 13.58 15.71| 10.0

TLP 0417 0.348 1.877 0.583 Shikra-7B 12.24 12294 2829 17.88 20.0 | 10.2

EwWP 0.486 0.437 1.929 0.601 QwenVL2-7B | 18.22 [26.62 35.48 24.16 20.86 |22.06

FOMS 0.432 0.408 1.752 0.530 MiniCPM2.5-8B | 41.12 | 57.2 6191 54.82 59.43|48.48

Reasoning InternVL1.5-20B | 38.38 | 61.53 63.77 53.14 50.57|41.18

VR 0.218 0.177 1.376 0.338 RoadMind-8B | 48.50 | 70.65 74.25 59.78 47.43|54.28
TPBR 0.323 0.216 1.438 0.429

PS 0.287 0.253 1.393 0.371 Table 4: Comparison of models on CODA-LM dataset.

GTS: General Text-Score; STS: Suggestion Text-Score.
Table 3: Performances upon RoadMind-8B. The abbrevia-

tions in Sample Types are derived from Figure 3(e). NSFT | LoRA | SFT ISFT + CAFISFT + CAF + AD-CoT
0.42810.45210.527| 0.533 0.549
metrics, which are widely used in text generation field. Table 5: Migration performance (GPT-Score) on MiniCPM-

0 2.6 for CAF and AD-CoT.
Quantitative Results

Overall. Table 2 presents the performance of multi-scale
MLLMs on the RoadSceneVQA. Overall, across three
model size tiers, proposed RoadMind consistently achieves
the best performance on most evaluation metrics. Notably,
it excels in the GPT-Score, indicating stronger capabilities
in contextual understanding and reasoning, as well as gen- Ablation Studies

erating responses that are more aligned with human pref- . L ..
erences. Furthermore, RoadMind (0.9B) outperforms both First, Table 5 presents migration performance of MiniCPM-

the zero-shot MiniCPM-o 2.6 (8B) and the fully fine-tuned 0 2.6 for CAF and AD-CoT, indicating the impressive trans-
MobileVLM v2 (1.7B) in terms of GPT-Score. This shows fer ability of these two approaches. Second, Table 6 presents
that our design, particularly the CAF module and the AD- the superior performances of CAF, with the trade-off be-
CoT strategy, effectively enhancing the reasoning ability of

Generalization. Table 4 shows that RoadMind-8B achieves
strong performance on the CODA-LM benchmark, even sur-
passing InternVL 1.5-20B, which highlights the remarkable
capability of RoadMind across diverse reasoning tasks.

lightweight models. These enable them to reach or surpass VL Fusion [Params FLOPs [ROUGH-L METEOR SPICE
the performance of significantly larger counterparts. CAF+Concat |0.924K GI.OSM | 0.425 0411 0221
Sample Types. Table 3 reports the performance of SCA+Concat |0.768K 18.79M | 0.389 0401  0.197
RoadMind-8B across different sample categories. The LCA+Concat |1.049M 371.86M| 0.397 0.386  0.201
model performs significantly better on perception-based CA+Concat [1.063M 495.41M| 0.418 0422  0.217
questions compared to reasoning-based ones, highlighting Concat - - 0.366 0397 0.187
the relative difficulty of high-level contextual inference. Image as query| - - 0.404 0.374  0.193

Within the perception category, the model achieves higher . . L
accuracy on weather and traffic light recognition, whereas its Table 6: Ablation experiments on approaches of vision-

performance on understanding traffic participants and road- language token fusion in RoadMind-8B.(SCA: (Guan et al.
side infrastructure remains comparatively lower. 2025b), LCA: (Wang et al. 2020), CA: (Vaswani et al. 2017))
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tween precision and computational cost. Third, Table 7
shows each settings of AD-CoT matter while AD-CoT per-
forms better than MCoT (Zhang et al. 2024).

CoT [ Perception Reasoning
| METEOR GPT-Score | METEOR GPT-Score
AD-CoT 0.420 0.568 0.339 0.445
Only OQ Input 0.392 0.523 0.301 0.401
Only GT (train) 0.428 0.549 0.325 0.439
Only CA (train) 0.387 0.491 0.331 0.395
MCoT 0.422 0.536 0.319 0.431

Table 7: Ablation studies in CoT. OQ: original question; GT:
ground truth; CA: conclusive answer (from GPT-40).

Visualization Results

Figure 6 presents qualitative reasoning results from
RoadMind-8B. The results show that RoadMind is capable
of accurately perceiving contextual scene elements and tar-
get states, and generating rule-compliant, context-aware re-
sponses in accordance with traffic regulations.

Conclusion

We propose RoadSceneVQA, a large-scale VQA dataset tai-
lored for traffic scenario understanding, which encompasses
a rich collection of scene-level, event-level, and instance-
level perception and reasoning samples. Morover, we pro-
pose RoadMind, a MLLM specifically designed for road-
side interaction perception, which integrates two key com-
ponents: CogniAnchor Fusion (CAF), inspired by human vi-
sual cognition for anchoring relevant regions, and Assisted
Decoupled Chain-of-Thought (AD-CoT), a reasoning strat-
egy that enhances contextual understanding and inference.
Overall, these components significantly improve VQA per-
formance in various complex traffic environments. Our re-
sults demonstrate that RoadSceneVQA serves as a challeng-
ing and effective benchmark for advancing interactive scene
understanding in real-world traffic perception tasks.
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