The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Attention to Threat-Relevant Objects: Reasoning Detection in Autonomous
Driving via Multimodal Large Language Models

Yulin He*, Wei Chen'*, Xinbiao Gan, Siqi Wang', Haotian Wang, Yusong Tan

School of Computer, National University of Defense Technology, Changsha, China
{heyulin, chenwei, xinbiaogan, wangsiqilOc, wanghaotian, ystan} @nudt.edu.cn

Abstract

Perceiving threats is an innate human instinct. During driv-
ing, humans naturally focus their attention on objects that
pose real potential risks. Motivated by this observation, we
shift the focus from traditional class-based detection to a
novel task termed threat-oriented reasoning detection in
autonomous driving. This task aims to localize threat objects
and reason about their threat levels from a driver-centric per-
spective. To support this task, we build a benchmark com-
prising diverse corner-case scenarios, annotated by multiple
experienced drivers to reflect human-aligned threat cogni-
tion. Given the reasoning demands of this task, we then ex-
plore the capabilities of multi-modal large language models
(MLLMs) and introduce two methods based on whether the
MLLM supports object detection: 1) For MLLMs lacking de-
tection capability, we introduce ThreatCoT, a plug-and-play
training-free method that combines chain-of-thought (CoT)
with a visual expert toolchain to support step-by-step rea-
soning. 2) For MLLMs with detection support, we intro-
duce ThreatReasoner, an end-to-end reinforcement learning
(RL)-based method built on the GRPO algorithm, which en-
ables per-object reasoning through a fully unsupervised re-
ward strategy. Both quantitative and qualitative experiments
show that our methods can effectively unlock the new capa-
bilities of MLLM in threat-oriented reasoning detection.

Code — https://github.com/harrylin-hyl/Threat-ReasonDet

Introduction

Object detection is a core perception task in autonomous
driving and has received extensive attention (Arnold et al.
2019; Feng et al. 2021). Beyond common classes like cars,
recent works on Out-of-Distribution (OOD) detection (Liu
et al. 2023) and Open-World Object Detection (OWOD) (He
et al. 2024) have explored the detection of corner cases and
unknown obstacles that may pose serious threats to driving
safety. However, as illustrated in Fig. 1(a), existing class-
based detection models often fail to capture human driving
preferences, i.e., the tendency to focus on objects that pose
real threats. These models rely on class semantics for object

“These authors contributed equally.

Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

4690

Detect threat-relevant objects
and reason about threat levels

m—
IRedundant detections with minimal impact on driving, |

from a driver perspective

Known 'i

(a) Class-based Detection

'
e Multi-Modal LLM
—

Q: Which objects did I focus on while driving? S

A: Threat-relevant objects. Reasonmrg
L ' \;f{pkenst
'

S Answer :
- Tokens t¢
v
Structured Answer
1. Bbox: [752, 780, 796, 954], Think:
"Cone...very near...", Threat: high
2. Bbox: [560, 743, 999, 928], Think|
'"Pothole...near...",

! (¢) MLLM-based Framework

1 Low Threat
(b) Threat-oriented Reasoning Detection

Figure 1: Illustration of threat-oriented reasoning detection.
(a) shows the limitations of class-based detection in cap-
turing human preferences, e.g., redundant detections and
missed threat-relevant objects. (b) presents the core idea that
focuses on objects that pose real threats. (c) provides an
overview of MLLM-based framework.

localization but lack the ability to reason from a driver’s per-
spective and assess threat levels accordingly. To bridge this
gap, we introduce a new detection task: Threat-oriented
Reasoning Detection. Instead of detecting objects purely by
class, this task requires models to mimic human threat cog-
nition to identify potentially threat objects and assess their
threat levels, as shown in Fig. 1 (b). In fact, class prediction
is implicitly embedded within the reasoning process of mod-
els and is directly related to threat assessment. Moreover,
thanks to the progress in foundation models (Radford et al.
2021) and multimodal large language models (MLLMs), ob-
ject classification is not a main technical bottleneck. Instead,
the key challenge now lies in understanding human prefer-
ences through contextual reasoning, which is a core objec-
tive for threat-oriented reasoning detection.

However, establishing a well-designed benchmark for this
task is non-trivial due to three key difficulties: collect-
ing diverse threat scenarios, obtaining consistent human-
preference annotations, and designing suitable evaluation
metrics. To this end, we first re-organize a dataset from mul-



tiple open-source datasets (Li et al. 2022; Sun et al. 2020;
Wilson et al. 2023; Geiger et al. 2013; Caesar et al. 2020),
with a focus on corner-case scenarios due to their high threat
potential. Second, we collect annotations from multiple ex-
perienced drivers to construct a trustworthy annotation dis-
tribution that reflects human cognitive preferences towards
threat. Third, we propose a conditional recall (CRecall) met-
ric that limits predicted boxes to the number of ground-truth
annotations, effectively evaluating the accuracy of threat ob-
ject detection. We also introduce L1 and L2 distance metrics
to evaluate the accuracy of threat level estimation.

After establishing the benchmark, we explore the poten-
tial of MLLMSs due to their impressive multi-modal reason-
ing ability. The overall framework is shown in Fig. 1(c). For
MLLM:s lacking detection capability (e.g., InternVL3 (Zhu
et al. 2025)), we adopt a modular framework; for those
with such capability (e.g., Qwen2.5VL (Bai et al. 2025)),
we employ an end-to-end framework. However, experimen-
tal results show that existing MLLMs struggle to accurately
understand threats (see Tab. 1 and Tab. 2). Therefore, we
propose solutions for these two frameworks, respectively.
For the modular framework, we introduce Threat-CoT, a
plug-and-play, training-free method that combines Chain-
of-Thought (CoT) with a visual expert toolchain to per-
form step-by-step threat reasoning from the image level to
the object level. The toolchain consists of three visual ex-
perts: GroundingDINO (Liu et al. 2025a) for object detec-
tion, DepthAnythingV2 (Yang et al. 2024) for depth es-
timation, and SAM (Kirillov et al. 2023) for segmenta-
tion. These models extract object-level attributes such as
location, class, and depth, serving as critical references for
threat estimation. For the end-to-end framework, we propose
ThreatReasoner, an RL-based method built on the GRPO
algorithm (Shao et al. 2024; Guo et al. 2025), which enables
self-organized per-object reasoning. ThreatReasoner uses a
fully unsupervised reward strategy, including a format re-
ward for structured output, a non-repeat reward to encourage
diverse reasoning across objects, and a prediction number
reward to counteract the trivial one-box outputs potentially
induced by the non-repeat constraint.

We evaluate our methods on the constructed threat-
oriented reasoning detection benchmark. For the modular
framework, ThreatCoT improves threat object detection by
3% in Mean CRecall (M-CRecall) and reduces threat es-
timation error by 0.15 in Mean L1 (M-L1), compared to
InternVL3. For the end-to-end framework, ThreatReasoner
outperforms Qwen2.5VL with a 31.2% gain in M-CRecall
and a 0.32 drop in M-L1 error. It also surpasses the recent
reasoning model VisionReasoner (Liu et al. 2025¢) by 9.7%
in M-CRecall and 0.17 in M-L1 error, respectively.

Our contributions are fourfold: 1) We construct the
first threat-oriented reasoning detection benchmark in
autonomous driving by re-organizing and re-annotating
datasets, along with introducing appropriate evaluation met-
rics, aiming to bridge the gap between threat-relevant per-
ception and reasoning. 2) We propose Threat-CoT, a plug-
and-play, training-free method that guides MLLMs to per-
form step-by-step reasoning from the image level to the ob-
jectlevel. 3) We propose ThreatReasoner, an end-to-end RL-
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based method that enables per-object reasoning through a
fully unsupervised reward strategy. 4) Through extensive ex-
periments and visualizations, we validate the effectiveness
of our design and offer critical insights into the application
of reasoning techniques in autonomous driving.

Related Work
Class-based Object Detection

Object detection (OD) plays a critical role in perception for
autonomous driving (AD) (Arnold et al. 2019; Feng et al.
2021). However, AD is an open-world scenario, where cor-
ner cases or unknown objects frequently occur and pose
safety risks. To address this challenge, research on Out-of-
Distribution (OOD) detection and Open-World Object De-
tection (OWOD) in AD has gained increasing attention.
Early work like Bayesian SegNet (Kendall, Badrinarayanan,
and Cipolla 2015) used uncertainty estimation to identify
unknown objects. VOS (Du et al. 2021) learned latent dis-
tributions to generate virtual outliers for OOD detection.
UnSniffer (Liang et al. 2023) introduced a confidence scor-
ing method based on known classes and used a negative
energy suppression loss to handle background noise. OR-
DER (Singh et al. 2021) was the first to extend OWOD
to AD, enhancing unknown object representation via fea-
ture mixing. AD-OWOD (He et al. 2024) introduced a dual-
branch network and utilized GroundingDINO (Liu et al.
2025a) to detect unknown objects using a predefined vocab-
ulary bag. In contrast to previous works, this paper intro-
duces a new task: threat-oriented reasoning detection.

Multimodal Large Language Model

Multi-modal Large Language Model (MLLMs) extend the
capability of Large Language Models (LLMs) to understand
image data while maintaining human-like dialogue and rea-
soning skills. Due to the practical value in real-world scenar-
ios, extensive research (Li et al. 2023; Liu et al. 2024) has
focused on effectively aligning multi-modal representations.
Recent advancements in MLLMSs, such as Qwen2.5VL (Bai
et al. 2025), and InternVL3 (Zhu et al. 2025), have shown
remarkable performance in tasks such as image analysis,
OCR, and visual captioning. Building on these advanced ca-
pabilities, recent studies have applied MLLMs to AD (Cui
et al. 2024; Huang et al. 2024). CODA-LM (Chen et al.
2024) is the most related work to ours, which introduced
a benchmark for corner-case VQA with automated evalua-
tion using LLMs. In contrast, our proposed threat-oriented
reasoning detection task differs in two key aspects: 1) It re-
quires models to perform both perception and reasoning si-
multaneously. 2) It simplifies the VQA task into a quantita-
tive threat estimation task, making it easier to align human
cognitive preferences towards threats.

Reasoning Perception

Reasoning perception aims to perceive objects based on im-
plicit textual instructions. While similar in formulation to
referring segmentation, it is more challenging due to the
need for deeper understanding and reasoning. LISA (Lai
et al. 2024) pioneered reasoning segmentation by fine-tuning



a pre-trained MLLM to generate segmentation tokens for
SAM (Kirillov et al. 2023). VISA (Yan et al. 2024) extended
reasoning segmentation to videos with an added tracking
module. Recently, Seg-Zero (Liu et al. 2025b) applied RL-
based GRPO algorithm into this task, enhancing the inher-
ent reasoning capability of MLLMs. VisionReasoner (Liu
et al. 2025¢) further addressed multi-object prediction prob-
lem using the Hungarian algorithm. In this work, we intro-
duce reasoning perception into AD, aiming to bridge the gap
between threat-relevant perception and reasoning.

Threat-ReasonDet
Problem Definition

Given an input image X;m,y and a paired textual input X4,
threat-oriented reasoning detection (Threat-ReasonDet) is
designed to mimic human-like threat recognition during
driving. It outputs bounding boxes of threat objects, de-
noted as Ybbox € {Bz Bi = {(leayil)v (mf,yf)}},
where (x!,y') and (22, y?) represent top-left and bottom-
right corners of bounding boxes, respectively. Simultane-
ously, it outputs a threat level for each object, denoted as
Vihreat € {High, Medium, Low}. Unlike general reason-
ing tasks where x;,; may vary in intent, the textual input in
Threat-ReasonDet consistently instructs the model to iden-
tify threat objects and assess their threat levels. However,
this consistency does not simplify the task. On the contrary,
Threat-ReasonDet poses greater challenges due to its inher-
ently ambiguous semantics and the need for deep per-object
reasoning in complex traffic scenes. For example, cases like
“a car merging lanes” or “a partially obscured pedestrian
crossing the street”. These cases require taking the driver’s
perspective, thoroughly analyzing the surrounding environ-
ment, and carefully reasoning about each individual object.

Dataset and Annotation

Given the lack of quantitative evaluation, establishing a
benchmark for the Threat-ReasonDet task is essential. We
first re-organized a diverse set of images from CODA (Li
et al. 2022), Waymo (Sun et al. 2020), Argoverse2 (Wilson
et al. 2023), Kitti (Geiger et al. 2013), and nuScenes (Cae-
sar et al. 2020) datasets, focusing on corner-case scenarios
that pose serious risks to driving safety. However, obtaining
reliable annotations for this task is non-trivial, as a single
agreed-upon label is often unavailable due to inherent indi-
vidual biases. For example, a progressive driver might view
the cone on the road in Fig. 1 (b) as a medium threat, while a
cautious driver might label it as a high threat, both of which
we consider reasonable. To better reflect such diverse cog-
nitive preferences, we construct a distribution based on an-
notations from multiple individuals rather than relying on a
single-person label. To further ensure annotation quality, we
adopt a debate strategy to revisit cases with large discrepan-
cies, ultimately reaching a consensus. This process helps to
reduce individual major biases while preserving reasonable
minor differences in annotations.
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Evaluation

Threat-ReasonDet involves two subtasks: threat object de-
tection and threat level estimation. Accordingly, we design
two sets of metrics to evaluate their performance separately.
Threat Object Detection. Average Precision (AP) is a
widely used metric for evaluating detection accuracy, but
it is not well-suited for Threat-ReasonDet, which catego-
rizes objects by threat levels rather than by mutually exclu-
sive semantic classes. For example, if a predicted bound-
ing box matches the ground-truth location but assigns a
medium threat level instead of the ground-truth high level,
AP would treat this as entirely incorrect. However, in Threat-
ReasonDet, such a prediction should incur a milder penalty,
as it is only one level off and still reflects threat-relevant de-
tection. Therefore, we propose a brand-new metric called
conditional recall (CRecall), which better evaluates threat-
relevant detection performance. CRecall relaxes the strict
binary penalties in AP by reforming the task: recalling as
many threat objects as possible using no more predictions
than the number of ground-truths. Predictions are ranked by
threat levels and pruned by rank. CRecall is computed as:

CRecall@r = |7)maThged(7—)|7

Pratched (T) = {pi € P | 3g; € G,10U (pi,g;) > T}.z
2)
where G and P are the sets of ground-truth and prediction,
respectively. 7 is the IoU threshold set to 0.5.
Threat Level Estimation. In addition to detection, Threat-
ReasonDet also requires the model to predict threat levels.
Since misclassifying a high-threat object as medium or low
should incur different penalties, threat level estimation is
more akin to a regression problem than a classification task.
Therefore, we use both L1 and L2 distances to evaluate pre-
dictions across threat levels. Compared to L1, the L2 dis-
tance imposes a more severe penalty on predictions that ex-
hibit large deviations from the ground-truths.

subject to |P| < |G| (1)

Method

In this section, we present the proposed ThreatCoT and
ThreatReasoner methods, designed for the modular and end-
to-end frameworks, respectively.

ThreatCoT Method

For MLLMs that do not support object detection (Zhu et al.
2025; Dubey et al. 2024), we propose ThreatCoT, which em-
ploys a modular framework to query threat-relevant knowl-
edge from MLLMs. As shown in Fig. 2, ThreatCoT consists
of image-level threat reasoning, visual expert toolchains, and
object-level threat reasoning.

Image-level Threat Reasoning. Given input image I, we
design an image-level prompt, i.e., “Use a paragraph to iden-
tify objects that pose a threat to your driving”, denoted as
Q, to query the MLLM for a image-level threat-relevant
information G;:

G = MLLM(I, Q).

We then extract the nouns of threat objects Np from G7.

3)
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Figure 2: Overview of ThreatCoT. We first query the MLLM to identify threat objects and extract image-level information. This
information, along with the input image, is then passed through toolchains to obtain object-level details. Finally, combining both
image- and object-level information, we query the MLLM to estimate the threat levels of the detected objects.

Visual Expert Toolchains. To help MLLMs accurately out-
put bounding boxes and recognize object attributes, we
introduce toolchains that leverage existing visual experts.
Given an input image [ and the nouns No, the detection
expert GroundingDINO (Liu et al. 2025a) generates bound-
ing boxes of threat objects: B = GroundingDINO(7, Ny).
Simultaneously, the depth estimation expert DepthAny-
thingV2 (Yang et al. 2024) produces a depth map from
the input image I: D = DepthAnything(7). The bound-
ing boxes B are then fed into the segmentation expert
SAM (Kirillov et al. 2023), along with the image I, to
generate masks of threat objects: M = SAM(Z, B). The
depth of i-th object is calculated by element-wise multipli-
cation of its mask and the depth map, followed by averaging:
¢, = average(M*- D). The object-level information is rep-
resented as Go = {No, B, Do}, which helps MLLMs to
analyze the threat levels of objects.
Object-level Threat Reasoning. To minimize individual
cognitive biases in prompting, we design a semi-automated
CoT prompting method for threat level estimation. We man-
ually establish the overall prompting pipeline, which in-
cludes image-level information G, object-level information
Go, threat classes T, threat factors T, and an output tem-
plate F'. The object-level query prompt can be formed as
Qo = {G1,Go,Tc,Tr, F}. As to the details of prompt
design in T and T, we automate their generation using
the MLLM itself. For T, we list the general categories of
threat levels and then query MLLMs to provide a more de-
tailed description of each threat level from the perspective
of driver attention. For T», we ask MLLMs to generate ten
questions to guide the evaluation of threat levels. Finally, we
ask MLLMs to generate the structured answer A:

A =MLLM(I,Qop), 4)

where A includes thinking texts A and threat levels Ap.
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ThreatReasoner Method

With advances in MLLMs, models such as Qwen2.5VL (Bai
et al. 2025) now support object detection, paving the way for
an end-to-end framework in Threat-ReasonDet. Inspired by
recent RL techniques like GRPO (Guo et al. 2025) for en-
hancing LLM reasoning, we propose ThreatReasoner, which
leverages a fully unsupervised reward strategy to unlock the
per-object threat-relevant reasoning capabilities of MLLMs.
Fig. 3 illustrates the overall pipeline.

Preliminaries of GRPO. Group Relative Policy Optimiza-
tion (GRPO) (Shao et al. 2024) is an advanced RL algo-
rithm designed to enhance policy optimization by incorpo-
rating group-wise relative comparisons. GRPO first sam-
ples a batch of prompts and generate a set of completions
G € {01, 09, ...0G}, each containing both reasoning and an-
swer tokens. For each o;, we compute the reward using the
rule-based reward strategy r; = R(0;) and normalize it to
obtain the advantage of the candidate response o;:

i —mean({ry,ra,...,7q}) 5)
Std({?"l, T2y .uy TG})

GRPO encourages the model to generate high-advantage re-

sponses within each group while ensuring that the model 7

remains close to the reference policy m..r. Consequently,

the optimize objective is defined as follows:

A==

Lcrro(0) =E [{Oi}i]\il ~ WOOM(Q)}

ziri {min [dy - Ai,dy - Ai] = BDxcr [mollmres] | ©
=1

mo(0i | q)
[7T«9 (Oi | q>]no grad

dl— y dQZCIip(d1,1—6,1+6)

(7
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Figure 3: Overview of ThreatReasoner. Given the input image and instruct text, MLLM generates tokens in <think> and
<answer> tags, guided by a rule-based reward strategy. A Kullback-Leibler (KL) divergence regularization term is also
introduced to penalize deviations of the updated model from the reference policy.

The first term in Eq. 6 represents the scaled advantage, while
the second term penalizes deviations of g from 7,y via KL
divergence. ¢ clips extreme advantages for stability.
Reward Functions. ThreatReasoner employs a fully unsu-
pervised reward strategy with three reward functions:

1) Format Reward. This reward guides the model to out-
put a reasoning process within <think> and </think>
tags, and a JSON-format final answer within <answer>
and </answer> tags, containing “bbox_2d”, “think”, and
“threat_level” keys for each prediction.

2) Non-repeat Reward. Repeated outputs often suggest
a lack of careful thinking and may generate hallucinations.
To address this issue, we introduce a non-repeat reward.
For both image-level and object-level reasoning content, we
split it into sub-sentences and prioritize those that are non-
redundant. We also extract bounding boxes from the answers
and penalize duplicated locations. This reward encourages
the model to reason uniquely for each object, promoting
more deliberate and context-aware analysis.

3) Prediction Number Reward. Although the non-repeat
reward helps per-object reasoning, it often leads to trivial
one-box outputs, as a single prediction naturally avoids repe-
tition. Therefore, we introduce the prediction number reward
to encourage multiple predictions. However, producing too
many predictions can result in overly long outputs and com-
promise the accuracy of individual objects. To balance this
trade-off, we adopt a piecewise linear reward function that
softly constrains the prediction number:

%, 1<n<N
Rum=42—- %, N<n<2N ®)
0, otherwise
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Method 1(%)1T 2(%)T 3(%)1T Mean (%) 1
Modular Framework

Qwen2.5VL 36.14+32 56.3+32 71.9+17 54.7+2.7
Qwen+ThreatCoT 35.7+50 63.1+32 78.5+18 59.1+33 (1 4.4)
InternVL3 46.3+12 65.7+30 78.6+19 63.5+20
Intern+ThreatCoT 45.0+40 71.1+32 83.4+23 66.5+3.1 (1 3.0)
End-to-end Framework

Qwen2.5VL 13.643.1 324419 51.4+37 324429
VisionReasoner 343442 55.5+47 72.1+2.1 53.9436
ThreatReasoner 42.3+42 66.5+54 82.0+05 63.6+3.3 (1 9.7)

Table 1: Threat object detection benchmark. Evaluation re-
ports CRecall scores for high (3), medium (2), and low (1)
threat levels, as well as overall mean.

where n denotes the number of predictions, and N is the
breakpoint of R,,m heuristically set to 5 based on the aver-
age prediction count of Qwen2.5VL (Bai et al. 2025) model.

Experiment
Experimental Settings

Datasets. The test dataset of Threat-ReasonDet consists
of 936 scene images, with an average of 4,550 threat ob-
jects annotated by five experienced drivers. It includes 500
images from CODA test set (Li et al. 2022), 122 from
Waymo (Sun et al. 2020), 201 from Argoverse2 (Wilson
et al. 2023), 69 from KITTI (Geiger et al. 2013), and 44
from nuScenes (Caesar et al. 2020), all carefully selected
as corner-case scenarios. For training the ThreatReasoner
model, we randomly sample 1,000 unlabeled images from



Method L1 Distance L2 Distance
0] 1] 2] 3] Mean | Mean |
Human 0.31+029 0.3x016  0.43+009 0.36+0.05 0.37+0.05 0.37+0.05
Modular Framework
Qwen2.5VL 0.23+0.04 0.78+002 1.15+003 1.5540.06 0.93+0.01 1.68+0.03
Qwen+ThreatCoT 0.224005 0.98+002 1.03+003 0.95+003 0.80+0.02(] 0.13) 1.38+0.05({ 0.30)
InternVL3 0.51+010 0.97+005 1.01+0.02 0.85+0.06 0.84+0.03 1.45+0.08
Intern+ThreatCoT 0.234005 0.83+001 0.74+005 0.95+005 0.69+0.03 (| 0.15) 1.12+0.07 ({ 0.33)
End-to-end Framework
Qwen2.5VL 0.05+001  0.96+001 1.44+003 1.9540.08 1.1040.02 2.24+0.07
VisionReasoner 0.13+002  0.79+0.02 1.31+0.04 1.59+0.07 0.95+0.01 1.80+0.05
ThreatReasoner 0.314+005 0.80+001 0.81+008 1.18+0.03 0.78+0.02 (| 0.17) 1.25+0.05 (| 0.55)

Table 2: Threat level estimation benchmark. The evaluation reports L1 and L2 distances across varying threat levels: high (3),
medium (2), low (1), and minor (0). “Human” is human performance obtained by cross-validation from multiple annotations.

Image-level Inf. Object-level Inf. M-CRecall (%) M-L1 M-L2
63.5 0.84 1.45
v 62.8 0.80 1.37
v v 66.5 0.69 1.12

Table 3: Ablation studies on ThreatCoT. Experiments are
conducted using the InternVL3-8B model as the baseline.

Format Non-repeat Num. M-CRecall (%) M-L1 M-L2
53.9 0.95 1.80
v 58.3 0.91 1.66
v v 51.8 1.06 2.08
v v v 63.6 0.78 1.25

Table 4: Ablation studies on ThreatReasoner. Experiments
are conducted using the VisionReasoner-7B model as the
baseline. “Format”, “Non-repeat”, and “Num.” are format,
non-repeat, and prediction number reward functions.

the CODA validation set (Li et al. 2022).

Implementation Details. For the modular framework, we
employ InternVL3-8B (Zhu et al. 2025) and Qwen2.5VL-
7B (Bai et al. 2025) as the base models, and deployed them
locally using vVLLM (Kwon et al. 2023). For the end-to-end
framework, we use Qwen2.5VL-7B as the base model and
train ThreatReasoner on 8 xL.40 GPUs using the DeepSpeed
library (Rasley et al. 2020). During training, we adopt a total
batch size of 16 with 8 samples per training step. The initial
learning rate is set to le-6, and the weight decay is 0.01. The
default values for 3 in Eq. 6 and ¢ in Eq. 7 are set to 0.01 and
0.2, respectively. The pretrained weights of ThreatReasoner
are from VisionReasoner-7B (Liu et al. 2025¢).

Main Results

We compare ThreatCoT and ThreatReasoner methods with
two recent open-source MLLMs (i.e., Qwen2.5VL (Bai et al.
2025) and InternVL3 (Zhu et al. 2025)) and a recent rea-
soning MLLM (i.e., VisionReasoner (Liu et al. 2025¢)), un-
der both modular and end-to-end frameworks. In the modu-

4695

lar framework, Qwen2.5VL and InternVL3 rely on Ground-
ingDINO (Liu et al. 2025a) to generate bounding boxes,
while in the end-to-end framework, all models directly out-
put bounding boxes and estimate threat levels. We also re-
port human performance as a reference, obtained via cross-
validation across multiple annotations.

Threat object Detection. As shown in Tab. 1, the proposed
ThreatCoT significantly enhances recall accuracy, with im-
provements of 4.4% and 3.0% in Mean C-Recall over
Qwen2.5VL and InternVL3, respectively. Furthermore, in
the end-to-end framework, ThreatReasoner yields substan-
tial gains of 31.2% and 9.7% in Mean C-Recall compared to
Qwen2.5VL and VisionReasoner. These results demonstrate
the effectiveness of our methods and highlight the impor-
tance of threat-relevant reasoning in threat object detection.
Threat level estimation. In addition to evaluating percep-
tion accuracy, we also compare the performance of threat
level estimation. For a more comprehensive analysis of false
positives, the evaluation also considers objects annotated
as minor threats. As shown in Tab. 2, existing MLLMs
struggle to accurately estimate threat levels when relying
solely on their inherent capabilities, with a notable gap com-
pared to human performance. These findings highlight the
challenging nature of the Threat-ReasonDet task. Notably,
significant performance gains are achieved by incorporat-
ing the proposed Threat-CoT and ThreatReasoner meth-
ods. In the modular framework, after applying Threat-CoT,
QWen2.5VL reduces Mean L1 and L2 errors by 0.13 and
0.30, respectively, while InternVL3 achieves reductions of
0.15 and 0.33. In the end-to-end framework, ThreatReasoner
outperforms QWen2.5VL by 0.32 in Mean L1 and 0.99 in
Mean L2, and surpasses VisionReasoner by 0.17 and 0.55 in
Mean L1 and L2, respectively.

Ablation Studies

We analyze the contributions of each component in Threat-
CoT, with results shown in Tab. 3. Incorporating image-level
information helps reduce errors in threat level estimation,
while object-level cues (e.g., class and depth) significantly
improve accuracy in both threat object detection and threat



(a) One of GT (b) Qwen2.5VL

(c) VisionReasoner

(d) Qwen+ThreatCoT (e) ThreatReasoner

Figure 4: Visualization comparison with (a) one of ground truth, (b) Qwen2.5VL, (c) VisionReasoner, (d) Qwen+ThreatCoT,
and (e) ThreatReasoner. Bounding boxes in red, yellow, and blue indicate high, medium, and low threat levels, respectively.
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(a) w/o non-repeat reward  (b) w/ non-repeat reward
Figure 5: Visualization comparison with and without the
non-repeat reward.

level estimation. These results highlight the importance of
spatial awareness (e.g., depth) for the Threat-ReasonDet
task, revealing a key limitation in current MLLMs.

We report the ablation study results of ThreatReasoner in
Tab. 4. Introducing the format reward increases M-CRecall
by 4.4%, while reducing M-L1 and M-L2 errors by 0.04 and
0.14, respectively. These results underscore the critical role
of object-level reasoning via the answer format. However,
as illustrated in Fig. 5(a), we observe that the model tends to
generate repetitive reasoning for objects of the same class,
revealing a lack of deep and differentiated understanding of
individual objects. To address this issue, we introduce the
non-repeat reward, which effectively reduces repetitive rea-
soning but unfortunately causes a significant drop in over-
all performance. This decline results from the non-repeat re-
ward encouraging the model to predict fewer objects, lead-
ing to a degenerate solution where only one box is output
to maximize the reward. Therefore, we further adopt the
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prediction number reward, which encourages the model to
generate multiple predictions. With this combined reward,
all metrics improve significantly: M-CRecall increases by
7.9%, and M-L1 and M-L2 errors are reduced by 0.15 and
0.44, respectively. Importantly, it drives the model to gen-
erate distinct object-specific reasoning, reflecting a deeper
threat-relevant understanding, as shown in Fig. 5 (b).

Visualization Analysis

Fig. 4 shows the qualitative results of ground-truth and dif-
ferent methods. Our proposed ThreatCoT and ThreatRea-
soner demonstrate more comprehensive and accurate detec-
tion of threat objects, along with appropriate threat level es-
timations. For example, they correctly identify the “walking
person” and “aerial work platform” in the first row, the “run-
ning dog” in the second, and the “car with headlights on at
night” in the third. However, some inaccurate predictions re-
main. For instance, the “crane” in the third row is assigned a
medium threat level by ThreatCoT and ThreatReasoner, and
even a high threat level by Qwen2.5VL, whereas annotators
consistently label it as minor or low threat since it is off the
main road. This reveals that understanding inter-object rela-
tions in complex scenes remains highly challenging, which
is an important direction for future work.

Conclusion

In this paper, we introduce the threat-oriented reasoning de-
tection task, which models human driving preferences by
focusing on threat-relevant objects. We first establish the
benchmark by reorganizing and re-annotating datasets, and
designing suitable evaluation metrics. Then, we propose two
methods: ThreatCoT, a training-free plug-and-play method
for MLLMs without detection capabilities; and ThreatRea-
soner, an end-to-end reinforcement learning method for
MLLMs with such capabilities. Experimental results show
that both methods significantly improve performance, pro-
viding valuable insights into the application of reasoning
techniques in autonomous driving.
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