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ABSTRACT: Pedestrian crossing intention prediction is crucial for autonomous driving. While existing models have achieved high
accuracy,  their  generalization  and  robustness  remain  limited,  hindering  their  performance  in  real-world  scenarios.  To  overcome
these limitations, we introduce the LVLMPed-CoT, a large vision language model (LVLM) that incorporates a chain-of-thought (CoT)
mechanism  to  enhance  pedestrian  crossing  intention  prediction.  It  takes  multimodal  data  as  input  and  employs  data  distillation
along with a two stage fine-tuning strategy to elicit the implicit CoT capability of a lightweight vision-language model for enhanced
perception,  reasoning,  and  prediction.  The  unified  LVLMPed-CoT  is  trained  on  a  joint  open-source  dataset  (JAAD  and  PIE)  and
achieves  superior  or  comparable  performance  to  state-of-the-art  models  on  both  large-scale  public  datasets.  The  ablation  study
validates the contribution of  the CoT prompt design and the two-stage fine-tuning strategy to the model's  performance.  Further
analysis investigates the impact of input data sequence length and image quality on both accuracy and inference time, as well as
the interpretability of the enhanced CoT reasoning ability achieved through fine-tuning.

KEYWORDS: pedestrian  crossing  intention  prediction; large  vision  language  model  (LVLM); chain  of  thought  (CoT); data
distillation; two-stage fine-tuning strategy

  

1  Introduction
Pedestrians  are  important  participants  in  traffic  and  are  also  the
most vulnerable to injury on the road (Yang et al., 2026). With the
advancement  of  autonomous  technology,  pedestrian  safety  is
receiving increasing attention (Ling et  al.,  2023a; Liu  et  al.,  2023;
Sharma  et  al.,  2025a; Soleimani  and  Saria,  2025; Xu  and  Zheng,
2024; Zhou et al., 2024). Predicting pedestrian crossing intentions
plays a crucial role by enabling the early identification of crossing
behavior (Bai et al.,  2025; Sakib et al.,  2024; Sharma et al.,  2025b;
Zhou  et  al.,  2025).  This  allows  vehicles  to  respond  automatically
and  avoid  potential  conflicts  with  pedestrians,  thereby  reducing
traffic accidents and enhancing overall pedestrian safety. However,
pedestrian  crossing  intention  prediction  is  challenging,  as  it
requires  comprehensive  considered  spatiotemporal  information
from  both  pedestrian  movement  and  the  surrounding  traffic
environment, as well as effective modeling of their interactions to
enhance predictive performance (Gao et al., 2025).

Early  methods  used  recurrent  relational  networks  (RNNs)  to
extract  pedestrian  and environmental  features,  with  attention  for
multimodal  fusion (Gesnouin et  al.,  2021; Kotseruba et  al.,  2021;
Yang  et  al.,  2022).  However,  their  performance  is  limited  due  to
RNNs’ weak  ability  to  model  long  spatiotemporal  sequences.  In
comparison,  spatiotemporal  graph  convolutional  network  (ST-

GCN)  and  transformer-based  models  demonstrate  significantly
stronger  capabilities  in  extracting  spatiotemporal  information
from  multimodal  data  and  have  achieved  state-of-the-art
performance  (Cadena  et  al.,  2022; Chen et  al.,  2025b; Ling  et  al.,
2024b; Yang et  al.,  2024; Zhou et  al.,  2023).  However,  traditional
deep learning-based models still lack overall stability. For example,
state-of-the-art models may achieve high accuracy but suffer from
low  recall  performance  (e.g.,  JAADall in Table  1)  (Chen  et  al.,
2025b; Ling et al.,  2024b; Ling and Ma, 2024a; Yang et al.,  2024),
indicating  an  overreliance  on  training  data  and  limited
generalization and robustness. Additionally, no unified model has
been  proposed  that  performs  consistently  well  across  different
datasets  for  the  same  task.  Moreover,  these  methods  operate  as
black  boxes,  making  it  difficult  to  explain  or  trace  issues  when
they  arise  for  real-world  deployment.  This  lack  of  transparency
hinders  trust,  safety,  and  the  ability  to  effectively  optimize  or
adjust the model (Nazari et al., 2025). These limitations hinder the
real-world  deployment  and  application  of  such  models  (Chen  et
al., 2025a).

The  emergence  of  large  language  models  (LLMs),  such  as
ChatGPT  (Brown  et  al.,  2020)  and  Gemini  (Team  et  al.,  2023),
offers  promising  solutions.  These  models  have  demonstrated
exceptional  capabilities  in  downstream  tasks  and  have  proven
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effective  in  handling  complex  multimodal  scenarios,  enabled  by
pretraining  on  large-scale  datasets.  Recent  studies  have  explored
the use of multimodal LLMs, such as ChatGPT-4o, for pedestrian
crossing  intention  prediction  by  carefully  designing  prompts  in
zero-shot  scenarios  (Ham  et  al.,  2026; Huang  et  al.,  2024).
However, their performance still  falls short compared to state-of-
the-art  deep  learning  methods.  While  these  models  have  strong
general  capabilities,  challenges  remain  in  pedestrian  crossing
intention  prediction,  particularly  in  perception,  reasoning,  and
decision-making.  For  example,  the  model  should  focus  on
pedestrian  movement  over  clothing  color  for  feature  perception
and  learn  decision  rules  such  as  higher  vehicle  speeds  reducing
crossing intention. Moreover, current research relies on large-scale
language models (  100B) that are time- and resource-intensive,
limiting their practicality for real-world deployment.

To address these issues, we propose a lightweight, open-source
large  vision-language  model  (LVLM)  with  a  chain-of-thought
(CoT)  (Wei  et  al.,  2022)  reasoning  mechanism  for  pedestrian
crossing  intention  prediction  (LVLMPed-CoT).  As  shown  in
Fig.  1,  we  use  a  single  scene  image  to  capture  the  traffic
environment,  in  contrast  to  previous  studies  that  rely  on  scene
image  sequences,  thereby  reducing  both  resource  consumption
and inference time. To extract pedestrian-specific information, we
use  a  sequence  of  cropped  pedestrian  images  to  capture  pose
features  and  a  sequence  of  bounding  boxes  to  represent  motion
and  spatial  position.  Additionally,  ego-vehicle  velocity  is
incorporated to characterize vehicle dynamics, such as speed and
motion  behavior  (Ling  et  al.,  2024b).  For  model  perception  and
reasoning, we propose a CoT prompting strategy to stimulate the
LVLM’s ability to perform autonomous, stage-by-stage reasoning
for  pedestrian  crossing  intention  prediction.  To  reduce  resource
consumption  and  inference  time,  we  adopt  a  lightweight  LVLM
(e.g., Qwen2.5-VL-3B). To ensure strong reasoning capability, we
leverage a large-scale model (e.g., Gemini-2.5) as a teacher to distill
CoT  reasoning  data  and  introduce  a  two-stage  fine-tuning
framework  to  enhance  both  explicit  CoT  reasoning  (Yao  et  al.,
2025)  and implicit  inference  abilities  (Deng et  al.,  2023, 2024)  of
the lightweight LVLM. Furthermore,  unlike previous studies that
trained separate  models  on different  datasets  (e.g.,  the  pedestrian
intention  estimation  (PIE)  dataset  and  the  joint  attention  in
autonomous driving (JAAD) dataset), we propose a unified model

trained  on  the  joint  dataset  and  evaluated  across  multiple
benchmarks  to  improve  and  validate  its  generalization
performance. The main contributions of the study are as follows:

1)  We  introduce  LVLMPed-CoT,  a  lightweight  LVLM-based
model that incorporates a CoT reasoning mechanism to improve
pedestrian crossing intention prediction.

2)  We  propose  a  CoT  prompting  approach  to  stimulate  the
model’s  automatic  reasoning  capabilities,  along  with  data
distillation  and  a  two-stage  fine-tuning  strategy  to  enhance  both
explicit  CoT  reasoning  and  implicit  inference  abilities  of  the
lightweight LVLM.

3)  We  validate  the  model  performance  on  two  large-scale
public  datasets,  JAAD  and  PIE.  The  unified  model  achieves
comparable  or  superior  results  across  both  datasets  compared  to
state-of-the-art approaches.

The remainder of this paper is structured as follows. Section 2
reviews  related  work.  Section  3  presents  the  proposed
methodology.  Section  4  evaluates  the  model  performance,
conducts ablation studies, and provides further analysis. The final
Section  5  concludes  the  study  and  outlines  directions  for  future
research.

2  Related work
This  review  focuses  on  traditional  deep  learning-based  models
and  MLLM-based  models  for  pedestrian  crossing  intention
prediction, as well as on both explicit and implicit CoT reasoning
approaches.

2.1  Pedestrian  crossing  intention  prediction  based  on
traditional deep learning models
Early  models  predict  pedestrian  crossing  intention  from  a  single
image  (Rasouli  et  al.,  2017),  typically  using  VGG16  (Simonyan
and  Zisserman,  2014)  or  ResNet50  (He  et  al.,  2016)  on  the  last
frame to decide whether the pedestrian will cross in the next 1–2 s,
but the lack of temporal information limits their ability to model
motion.  To  capture  sequence  dynamics,  later  works  employed
3-dimensional  convolutional  neural  networks  (3D  CNNs)  on
image sequences (Carreira and Zisserman, 2017; Tran et al., 2016;
Zhang  et  al.,  2024),  achieving  better  performance  by  modeling
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Fig. 1    Illustration of the LVLMPed-CoT framework for pedestrian crossing intention prediction. The variable m denotes the observation length; for example, m = 16
corresponds to an observation window of 16 frames. Within this window, the scene image is first processed by an object detector to obtain the cropped pedestrian images
and their bounding boxes, and the vehicle speed is recorded at the same time step; all modalities at each time step are extracted from the same frame (from t – m + 1 to t),
ensuring temporal synchronization across the multimodal inputs.
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richer  spatiotemporal  dependencies  yet  still  relying  on  a  single
modality.

Subsequently, RNN-based models such as gated recurrent unit
(GRU)  and  long  short-term  memory  (LSTM)  network  fuses
multiple  modalities  (e.g.,  scene  images,  pedestrian  crops,  vehicle
speed,  and  bounding  boxes)  for  pedestrian  crossing  prediction
(Kotseruba  et  al.,  2020, 2021; Rasouli  et  al.,  2020; Yang  et  al.,
2022).  For  instance, Kotseruba et  al.  (2021) used an LSTM/GRU
backbone  to  model  skeletons,  bounding  boxes,  and  speed
sequences  combined  with  CNN  features  from  local  context
images  via  attention,  while Yang  et  al.  (2022) further  introduced
global  context  image  sequences  to  capture  traffic  scene
information.  However,  the  limited  capacity  of  RNNs  to  model
long-term dependencies still constrains the overall effectiveness of
these methods.

Compared  with  RNN-based  models,  spatiotemporal  attention
GCNs (STA-GCN) and transformer-based models  offer  stronger
spatiotemporal  modeling  by  using  attention  rather  than  gating
mechanisms  to  capture  temporal  dependencies,  while  GCNs  are
particularly  effective  for  non-Euclidean  structures  such  as
skeletons. Zhou  et  al.  (2023) integrated  pose  keypoints,  image
crops, vehicle speed, bounding boxes, and global scene images and
used  a  transformer-based  architecture  to  model  cross-modal
dependencies  for  prediction. Yang  et  al.  (2024) and Chen  et  al.
(2025b) adopt  GCN-based  architectures  to  extract  features  from
skeletons,  vehicle  speed,  and  bounding  boxes,  achieving  state-of-
the-art accuracy in pedestrian intention prediction. However, their
performance  remains  unstable:  For  example,  although  the
accuracy  on  JAADall exceeds  89%,  the  recall  is  still  below  70%,
indicating  overly  conservative  predictions  and  limited
generalization in real-world scenarios.

2.2  Pedestrian  crossing  intention  prediction  based  on
MLLMs
With the development of LLMs, an increasing number of studies
have  focused  on  using  MLLMs  to  predict  pedestrian  crossing
intentions  (Ham  et  al.,  2026; Huang  et  al.,  2024; Munir  et  al.,
2025). Huang et al. (2024) used GPT-4 V as the reasoning model
and input scene images with pedestrians marked by red bounding
boxes to predict pedestrian crossing intentions. Ham et al. (2026)
employed  GPT-4o  as  the  reasoning  model,  using  local  context,
vehicle speed, bounding boxes,  and scene images as inputs.  They
design  prompts  to  stimulate  the  reasoning  capabilities  of  LLMs
and  achieve  improved  performance.  However,  without  the
guidance  of  domain  knowledge,  their  performance  still  falls
behind  that  of  deep  learning-based  models.  Moreover,  these
approaches  rely  on  large-scale  LLMs  as  inference  models,  which
demand  substantial  computational  resources  and  incur  high
inference latency, thereby limiting their practical deployment and
real-world applicability.

2.3  Explicit and implicit CoT for reasoning task
CoT  prompting,  which  guides  LLMs  to  reason  step  by  step,  is
effective  and  has  been  widely  used  in  tasks  such  as  mathematics
and code generation (Wei et al., 2022). However, it works best in
large-scale  LLMs  and  degrades  in  smaller  models,  while  large
models are resource intensive and difficult to deploy. To enhance
CoT  reasoning  in  smaller  models  for  specific  tasks,  many  works
distill  CoT  data  from  large  LLMs  and  then  fine-tune  smaller
models on these data (Fu et al.,  2023; Ho et al.,  2022; Shridhar et
al., 2023; Thawakar et al., 2025; Xu et al., 2024). For example, Fu et

al.  (2023) used  code-davinci-002  to  generate  CoT  solutions  and
applied  instruction  tuning  to  train  Flan-T5,  yielding  substantial
performance gains. Similarly, Ho et al. (2022) elicit CoT data from
GPT-3  (175B)  via  zero-shot  prompting  and  fine-tune  smaller
models  such  as  GPT-2  and  T5,  showing  that  these  fine-tuned
models not only outperform prompt-based baselines but can even
surpass the teacher model in many cases.

Although  CoT  can  improve  performance,  explicit  CoT
reasoning  introduces  extra  computation  and  latency,  making  it
less  suitable  for  latency-sensitive  tasks.  Recent  works  therefore
explore  implicit  reasoning  to  enhance  model  capability  (Deng  et
al., 2023, 2024; Yu, 2024). Unlike explicit reasoning, which outputs
step-by-step  rationales,  implicit  reasoning  internalizes  the
reasoning process,  improving inference speed. Deng et  al.  (2024)
gradually  removed  intermediate  CoT  steps  and  fine-tuned  the
model to learn implicit CoT, achieving improved reasoning ability
with  only  a  slight  performance  gap  to  explicit  CoT.  In  related
work, Deng  et  al.  (2023) propose  an  emulator  that  simulates
intermediate  CoT  states  and  trains  a  student  model  to  answer
directly  from  these  implicit  representations. Yu  (2024) further
shows  that  models  trained  with Deng  et  al.  (2023) can  perform
intermediate  reasoning  and  exhibit  CoT-like  behavior  on  target
tasks, leading to performance improvement.

3  Methodology

3.1  Problem definition

i
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n ∈ {30, 60}
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Following  the  formulation  in  Kotseruba  et  al.  (2021),  we  define
pedestrian  crossing  intention  prediction  as  a  binary  classification
problem. Specifically, the goal is to predict whether a pedestrian 
will  intend  to  cross at  a  future  time ,  where

 corresponds  to  approximately  1–2  s  ahead.  To
perform the prediction, we leverage the current scene image along
with  the  historical  sequences  over  consecutive  frames,  including
pedestrian  image  crop  sequence
bounding box sequence , and vehicle
speed sequence .

Pedestrian  crossing  intention prediction in  the  wild  remains  a
challenging  task.  To  enhance  the  reasoning  capability  of  LVLMs
for  this  problem,  we  propose  PedLVLM-CoT,  a  structured
framework  based  on  CoT  prompting.  As  illustrated  in Fig.  2,
PedLVLM-CoT consists of four main stages: prompt design, data
distillation, supervised fine-tuning, and joint training.

1)  Prompt  design.  It  uses  multimodal  data  (scene  images,
pedestrian crops, vehicle speed, and bounding boxes) to construct
a structured CoT prompt, which serves as input to an LVLM.

2)  Data  distillation.  It  uses  the  structured  prompt  to  activate
teacher LVLM (Gemini-2.5), enabling the generation of CoT-style
reasoning data for pedestrian intention prediction.

3)  Supervised  fine-tuning.  It  employs  a  two-stage  supervised
fine-tuning  strategy  to  fine-tune  a  smaller  LVLM  (Qwen2.5VL-
3B1)  for  pedestrian  intention  prediction.  In  the  first  stage,  the
model  is  guided to perform explicit  reasoning based on the CoT
data; in the second stage, it learns to make final predictions in an
implicit manner.

4)  Joint  training.  It  uses  the  joint  dataset  (JAAD  and  PIE)  to
fine-tune the lightweight LVLM for pedestrian crossing intention.

3.2  Prompt design
LLM-based models  possess  strong reasoning abilities  due to  self-
supervised  learning  on  massive  corpora.  However,  directly  using 
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raw  data  as  input  and  prompting  the  LLM  with  simple
instructions  to  make  decisions  for  downstream  tasks  is  often
ineffective.  This  is  primarily  because  such  approaches  fail  to
effectively  aggregate  and  organize  the  input  multimodal
information, thereby limiting the LLM’s ability to fully engage its
reasoning capabilities.

Inspired  by Xu  et  al.  (2024),  we  propose  a  structured  CoT
prompt  to  enhance  the  performance  of  LVLMs  on  pedestrian
crossing  intention  prediction  by  encouraging  step-by-step
reasoning.

As  shown  in Fig.  3,  the  CoT  prompt  decomposes  the  answer
generation process into four structured reasoning stages: planning,
perception, reasoning, and decision.

Planning.  It  briefly  explains  the  plan  and  steps  involved  in
solving  the  pedestrian  crossing  intention  prediction  task,  serving
as a high-level summary of the question. This component outlines
the  primary  aspects  of  the  problem  to  be  addressed  and  is
enclosed  within  the  special  tag  pair  <Summary>  and
</Summary>.

Perception.  It  provides  a  concise  overview  of  the  visual
elements and the temporal and spatial features of sequential data,
including  scene  images,  pedestrian  image  crop  sequences,
bounding  box  sequences,  and  vehicle  speed  sequences,  all  of

which are relevant to the pedestrian crossing intention prediction
task.  It  is  used to  perceive  task-related features  from multisource
data  and  is  enclosed  within  the  special  tag  pair  <Caption>  and
</Caption>.

Reasoning. It  provides  a  step-by-step  structured  reasoning
process  based  on  the  modality  features.  This  component  is
designed to guide the LVLM in performing logical reasoning and
is  enclosed  within  the  special  tag  pair  <Reasoning>  and
</Reasoning>.

Decision. It provides the final prediction (Yes or No) based on
the preceding reasoning and is enclosed within the special tag pair
<Conclusion> and </Conclusion>.

As discussed above,  we use  the scene image,  pedestrian image
crop  sequence,  bounding  box  sequence,  and  vehicle  speed
sequence  as  inputs.  Following  the  format  of “task  instruction,
input description, and CoT reasoning with output”, we construct
the  final  prompt  for  the  LVLM  to  perform  pedestrian  crossing
intention prediction, as illustrated in Fig. 2a.

Compared  to  simple  instruction  prompts,  the  proposed  CoT
prompt  enables  the  LVLM  to  reason  more  like  a  human,
improving  performance  by  guiding  it  through  step-by-step
reasoning:  making  a  plan,  observing  the  current  situation  and
pedestrian  behavior,  reasoning  based  on  these  observations,  and
drawing a final conclusion.

3.3  Data distillation
CoT  prompting  can  elicit  language  models  to  solve  complex
reasoning  tasks  step  by  step.  However,  prompt-based  CoT
methods typically rely on very large models (≥ 100 B), which are
prohibitively  expensive  to  deploy  at  scale.  Moreover,  manually
annotating reasoning data is both time-consuming and resource-
intensive.  Inspired  by  previous  work  (Shridhar  et  al.,  2023;
Thawakar  et  al.,  2025),  we  adopt  the  zero-shot-CoT  prompting
method  on  teacher  models  to  automatically  generate  reasoning
samples.

r
First, we use the teacher LVLM (e.g., Gemini-2.5) as the teacher

model  to  generate  CoT  reasoning  steps  along  with  the  result .
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The scene image and pedestrian crop sequence are provided to the LVLM as multi-image inputs, while the bounding box and vehicle speed sequences are encoded in the
prompt as textual tokens. Second, the CoT prompt is used to activate Gemini-2.5, which generates CoT-style reasoning data tailored for the intention prediction task.
Third, a two-stage supervised fine-tuning strategy is employed to train a smaller LVLM (e.g.,  Qwen2.5VL-3B) using the generated CoT data. Finally, the fine-tuned
LVLM is deployed to perform pedestrian crossing intention prediction.
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Each  raw  sample consists  of  multimodal  input  data  and  its
corresponding  answer .  Following  the  method  described  in
Section  3.2,  we  construct  a  prompt  to  guide  Gemini-2.5  in
generating  a  reasoning  explanation  and  final  decision  in  the
format: “<  Summary>...</Summary>,  <Caption>...</Caption>,
<Reasoning>...</Reasoning>,  <Conclusion>  (Yes  or  No)
</Conclusion>”.
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Next,  we  filter  the  generated  sample  reasoning  results  and
reformat  them  into  prompt-completion  pairs.  For  filtering,  we
perform  both  format  validation  and  answer  consistency  checks.
First,  we  use  regular  expressions  to  strictly  match  whether  the
teacher  model’s  output  conforms  to  the  format: “<  Summary>...
</Summary>,  <Caption>...</Caption>,  <Reasoning>...
</Reasoning>, <Conclusion> (Yes or No) </Conclusion>”. Then,
we compare the conclusion in  with the ground truth answer .
An example  of  the  filtered  results  is  shown in Fig.  2b.  Note  that
this  filtering  step  leads  to  the  loss  of  some  training  samples.  For
the  remaining  samples,  we  construct  prompt-completion  pairs
using the prompt  and the reasoning output ,  forming pairs  in
the format .

3.4  Supervised fine-tuning
Although  the  CoT  prompt  guides  the  LVLM  to  reason  step  by
step, the performance of small LVLMs on the

downstream task remains inconsistent. On the one hand, small
LVLMs  lack  sufficient  CoT  reasoning  capabilities,  which  limits
their effectiveness in pedestrian crossing intention prediction. On
the other hand, this task has specific reasoning logic and domain
rules.  For  example,  the  model  should  prioritize  cues  such  as  the
pedestrian’s  pose  and  movement  over  irrelevant  features  such  as
clothing  color.  Additionally,  vehicle  speed  is  a  critical  factor
because  higher  speeds  generally  suggest  that  it  is  not  a  safe
moment for  the pedestrian to cross.  To address  these  challenges,
we  propose  a  two-stage  fine-tuning  method  to  better  adapt  the
LVLM to this task.

(X, q, r)In the first stage, we use  to train the small LVLM (e.g.,
Qwen2.5-VL-3B), as illustrated in Fig. 4a. This stage aims to teach
the  model  to  decompose  complex  tasks  into  logical  reasoning

r
(X, q)

steps.  The  training  objective  is  to  maximize  the  likelihood  of
generating  the  reasoning  output ,  conditioned  on  the
input . The objective function is defined as

LSFTstage1 = −E(X,p,y)∼D

T∑
t=1

logπθ (yt|X, p, y<t) (1)

D
(X, q, r) πθ yt

t y<t

πCoT

(X, q, a) πCoT

where  denotes the training dataset, consisting of samples in the
form of .  represents the model’s token distribution. 
denotes  the  token  at  time  step  in  the  target  sequence,  and 
represents  the  sequence  of  all  preceding  tokens.  The  resulting
model,  denoted  as ,  serves  as  the  initialization  for  the  next
stage,  providing  a  robust  foundation  for  reasoning  ability.  In
stage2,  we use  (Fig.  4b)  to  refine .  In  this  stage,  it
aims  to  teach  the  model  to  directly  output  the  result  through
implicit reasoning (Deng et al., 2024). The training objective is to
maximize the

a
(X, q)

likelihood of  generating the final  answer ,  conditioned on the
input . The objective function is defined as

LSFTstage2 = −E(X,p,a)∼D

T∑
t=1

logπCoT
(
yt|X, p, y<t

)
(2)

πCoTwhere  represents the initial model from stage1.

3.5  Unified fine-tuning
In  real-world  scenarios,  pedestrian  crossing  intention  prediction
involves  a  wide  range  of  diverse  and  complex  environments,
which  increases  the  difficulty  of  accurate  modeling.  The  widely
used  public  datasets,  PIE  and  JAAD,  capture  different  types  of
scenes  and  driving  contexts.  However,  most  existing  approaches
train and evaluate models separately on these datasets, limiting the
model’s generalization capability across domains.

To  address  this  issue  and  improve  real-world  robustness,  we
perform  joint  fine-tuning  on  both  the  JAAD  and  PIE  datasets.
During the  inference  stage,  the  fine-tuned model  is  evaluated on
multiple subsets, including JAADall, JAADbeh, and PIE, to assess its
cross-domain performance.

 

(a) (b)

Fig. 4    Prompt-completion pairs used for fine-tuning are shown as follows: (a) represents the training data for stage1, which includes the prompt and the CoT reasoning
process with answer; (b) represents the training data for stage2, which includes the prompt and the direct answer.
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4  Experiments and evaluations

4.1  Dataset

4.1.1  JAAD

The JAAD dataset (Rasouli et al., 2017) is a dedicated resource for
autonomous  driving  research,  comprising  346  video  clips,  each
ranging  from  5  to  10  s  in  duration.  The  clips  were  collected  in
North  America  (60  clips)  and  Europe  (286  clips)  and  mainly
depict  scenes  in  environments  such  as  parking  lots,  garages,  and
city streets. The behavioral subset of JAAD (denoted as JAADbeh)
includes  annotations  for  495  crossing  pedestrians  and  191
pedestrians  showing  an  intention  to  cross.  The  full  dataset
(JAADall)  further  incorporates  2100  additional  pedestrians  who
are visible but located far from the road and exhibit no intention
of  crossing.  For  consistency  and  fair  comparison,  we  adopt  the
same data split as proposed in (Kotseruba et al.,  2021), using 177
clips for training, 29 for validation, and 117 for testing.

4.1.2  PIE

The PIE dataset (Rasouli et al., 2019) serves as another real-world
benchmark  for  pedestrian  crossing  intention  prediction.  It  was
recorded  in  downtown  Toronto,  Canada,  during  the  daytime
under both sunny and overcast weather conditions. The scenes are
primarily  captured  in  cities  streets.  The  dataset  includes  512
crossing instances and 1322 noncrossing instances, encompassing
all  pedestrians  near  the  road,  regardless  of  whether  they  exhibit
hesitation.  To  ensure  fair  comparison,  we  adopt  the  same  data
split protocol as suggested in (Kotseruba et al., 2021), using set01,
set02,  and  set04  for  training,  set05  and  set06  for  validation,  and
set03 for testing.

4.2  Benchmark models and evaluation metrics
We evaluate our approach against several state-of-the-art methods
on  two  widely  used  benchmark  datasets:  JAAD  and  PIE.  The
comparison  covers  CNN-based  methods,  including  ATGC
(Rasouli  et  al.,  2017),  C3D (Tran et  al.,  2016),  I3D (Carreira  and
Zisserman,  2017),  TwoStream  (Simonyan  and  Zisserman,  2014),
and  Fussi-Net  (Piccoli  et  al.,  2020);  RNN-based  methods,
including ConvLSTM (Shi et al., 2015), SingleRNN (Kotseruba et
al.,  2020),  Stacked  RNN  (Yue-Hei  Ng  et  al.,  2015),  MultiRNN
(Bhattacharyya et  al.,  2018),  SFRNN (Rasouli  et  al.,  2020),  PCPA
(Kotseruba  et  al.,  2021),  Global  PCPA  (Yang  et  al.,  2022),  and
TrouSPI-Net  (Gesnouin  et  al.,  2021);  GCN-based  methods,
including  pedestrian  graph  (Cadena  et  al.,  2019),  pedestrian
graph+  (Cadena  et  al.,  2022),  ST  CrossingPose  (Zhang  et  al.,
2022),  STMA-GCN PedCross (Ling et  al.,  2023b),  PedAST-GCN
(Ling  et  al.,  2024b),  Faster-PCPN  (Yang  et  al.,  2024),  and  MB-
STGCN  (Chen  et  al.,  2025b);  and  transformer-based  methods,
represented  by  PIT  (Zhou  et  al.,  2023);  and  MLLM-based
methods,  including  GPT-4  V  (Huang  et  al.,  2024),  OmniPredict
(Ham et al., 2026), and LLaMAPed (Ham et al., 2025).

To  ensure  a  fair  and  comprehensive  comparison,  we  evaluate
model  performance  using  five  metrics:  accuracy,  F1  score,
precision,  and  recall,  following  the  evaluation  protocol  proposed
in (Kotseruba et al., 2021). The definitions of these metrics are as

Accuracy =
TN+ TP

TN + TP + FN + FP (3)

Precision =
TP

TP + FP (4)

Recall =
TP

TP + FN (5)

F1score = 2 × Precision × Recall
(Precision+ Recall) (6)

TP TN FP
FN

where  denotes true positives,  denotes true negatives, 
denotes false positives, and  denotes false negatives.

4.3  Experimental setup
We  utilize  Gemini-2.5  as  the  teacher  LVLM  for  data  distillation
and  employ  Qwen2.5-VL-3B  as  the  backbone  models  for  fine-
tuning. For data preparation, since the vehicle speed in the JAAD
dataset is estimated, we scale the values by a factor of 10 to align
with the scale used in the PIE dataset. Pedestrian image crops are
extracted  from  the  scene  images  using  the  provided  bounding
boxes.  We  adopt  a  two-stage  fine-tuning  strategy.  In  stage1,
Gemini-distilled  CoT  labels  are  filtered  by  consistency  with  the
ground truth, resulting in 6200 training samples (3932 JAAD and
2268 PIE).  In stage2,  we further  fine-tune the stage1 model  on a
larger  nondistilled  dataset  with  13,383  samples  (8612  JAAD  and
4770 PIE). During joint training, samples from JAAD and PIE are
simply  merged  into  a  single  dataset,  without  dataset-specific  loss
weights or any sampling, so each instance contributes equally.

r
α 1 × 10−4

×

For  model  training,  we  employ  the  low-rank  adaptation
(LoRA)  technique  to  fine-tune  the  Qwen2.5-VL  model.  The
hyperparameters are experimented and set as follows: rank  = 16,

 = 32, dropout = 0.1, a learning rate of , and epoch = 1,
applied consistently across both stage1 and stage2. All experiments
are  conducted  on  a  server  equipped  with  4 NVIDIA  A6000
GPUs.

4.4  Results
Table 1 shows the performance comparison on the JAAD and PIE
datasets.  The  LVLMPed-CoT  model  achieves  comparable  or
superior results compared to both traditional deep learning-based
models and LVLM-based models. Specifically, the LVLMPed-CoT
model achieves a significant improvement of 11% in accuracy on
JAADbeh compared  to  state-of-the-art  models  while  maintaining
comparable  performance  on  the  JAADall and  PIE  datasets.  The
improvement  can be  attributed to  the  use  of  multimodal  data  as
input, the incorporation of CoT reasoning, the adoption of a two-
stage  fine-tuning strategy,  and joint  training for  a  unified model.
Traditional  deep  learning-based  models,  particularly  those  using
GCN  and  Transformer  as  backbone  networks,  achieve  strong
results  due  to  their  powerful  spatiotemporal  feature  extraction
capabilities (Chen et al., 2025b; Ling et al., 2024b; Yang et al., 2024;
Zhou et al., 2023). However, although some models report higher
accuracy,  their  performance  is  not  robust.  For  instance,  certain
models achieve high accuracy at the cost of very low recall (Chen
et  al.,  2025b; Yang  et  al.,  2024),  indicating  overly  conservative
predictions.  This  lack of  balance hinders  their  generalization and
limits  their  applicability  in  real-world  scenarios.  LVLM-based
models  typically  employ  zero-shot  prompting  to  engage  general-
purpose LLMs for pedestrian crossing intention prediction (Ham
et al., 2026; Huang et al., 2024). These approaches use multimodal
inputs  and  carefully  crafted  instructions  to  guide  the  LLMs.
However,  their  performance  is  often  limited  due  to  a  lack  of
alignment  with  task-specific  semantics.  They  struggle  to  capture
fine-grained  features  essential  for  accurate  judgment,  such  as
pedestrian  posture,  orientation,  and  motion  cues,  and  fail  to
extract  consistent  decision-making “rules” from  the  captions
alone.  Moreover,  without  task-specific  fine-tuning,  these  models
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are  unaware  of  the  expected  label  formats  or  reasoning  patterns,
leading to suboptimal and hard-to-evaluate predictions.

4.5  Ablation study
In  this  section,  we  will  conduct  the  ablation  study  on  the  CoT
prompt and the two-stage fine-tuning strategy.

4.5.1  Impact of the CoT prompt

To  evaluate  the  impact  of  the  CoT  prompt,  we  test  both  the
Qwen2.5-VL-3B  and  Gemini-2.5  models  with  and  without  the
CoT prompt in a zero-shot scenario. The CoT prompt follows the
template described in Section 3.2, while the template used without
CoT is provided in the Appendix. As shown in Table 2, Qwen2.5-
VL-3B without the CoT prompt achieves a high recall rate but low
accuracy.  The  model  tends  to  predict  all  samples  as  positive,
indicating that it lacks the ability to perceive and understand fine-
grained  visual  patterns  and  relies  primarily  on  pretrained
common sense to make direct  judgments.  As a result,  the model

makes decisions in a single step, which can easily lead to a simple
common sense bias. In contrast, when using the CoT prompt, the
performance of Qwen2.5-VL-3B improved significantly. Although
the recall  rate  decreases,  the  model  begins  to  reason step by step
based on the  prompts,  allowing it  to  focus  more on fine-grained
visual information before making its final predictions. Compared
with  Qwen2.5-VL-3B,  Gemini-2.5  demonstrates  superior
performance both with and without the CoT prompt. This can be
attributed to Gemini-2.5’s built-in CoT reasoning mechanism and
its  larger  parameter  size.  Furthermore,  Gemini-2.5  consistently
achieves better results on all datasets when using the CoT prompt
compared to when CoT is not used.

4.5.2  Impact of the two-stage fine-tuning strategy

To  evaluate  the  impact  of  the  two-stage  fine-tuning  strategy,  we
compare model performance across four settings:  zero-shot,  few-
shot, one-stage fine-tuning, and two-stage fine-tuning. In the few-
shot  scenario,  we  randomly  select  one  positive  and  one  negative

 

Table 1    Comparison  of  model  performance  on  the  PIE  and  JAAD  datasets.  JAADbeh is  a  subset  of  the  JAAD  dataset  containing  only  pedestrian  instances  with
behavioral annotations. In contrast, JAADall includes all detected pedestrians, regardless of interaction. Acc denotes accuracy, F1 represents the F1 score, P is precision,
and R is recall

Model name Year Model Variant Use frame Input data
PIE JAADbeh JAADall

Acc F1 P R Acc F1 P R Acc F1 P R

ATGC
2017 VGG16 1 G, L, W 71 41 49 36 49 71 63 82 82 55 49 63
2017 ResNet50 1 G, L, W 70 38 47 32 46 54 58 51 81 52 47 56

ConvLSTM
2015 VGG19

+LSTM 16 I 58 39 32 49 53 64 64 64 63 32 24 48

2015 ResNet50
+LSTM 16 I 54 26 23 29 59 69 68 70 63 33 25 49

TwoStream 2014 VGG16 16 I, OF 64 32 33 31 56 66 66 66 60 43 29 83
SingleRNN 2020 GRU 16 I, B, S, Int 83 67 70 64 58 67 67 68 65 34 26 49
SingleRNN 2020 LSTM 16 I, B, S, Int 81 64 67 61 51 61 63 59 78 54 44 70
MultiRNN 2018 GRU 16 — 83 71 69 73 61 74 64 86 79 58 45 79
StakedRNN 2015 GRU 16 I, OF 82 67 67 68 60 66 73 61 79 58 46 79

HerarchicalRNN 2015 GRU 16 K 82 67 68 66 53 63 64 61 80 59 47 79
SFRNN 2020 GRU 16 I, G, K, B, S 82 69 67 70 51 63 61 64 84 65 54 84

C3D 2015 3DConv 16 I 77 52 63 44 61 75 63 91 84 65 57 75

I3D

2017 3DConv 16 I 80 62 67 58 62 73 68 79 81 63 66 61

2017 Opticflow
+3DConv 16 I, OF 81 72 60 90 62 75 65 88 84 63 55 73

FUSSI-Net 2020 DenseNet 16 B, K — — — — 59 69 66 73 60 40 27 73
PCPA 2021 3DConv 16 I, B, K, S 86 78 69 89 50 59 61 58 70 51 36 87

Global PCPA 2021 VGG+GRU 16 I, B, K, S, SGM — — — — 62 73 65 85 83 63 51 82
TrouSPI-Net 2021 GRU 16 B, K, S, ED 88 80 73 89 64 76 66 91 85 56 57 55

Pedestrian Graph 2019 GCN 16 K 76 48 62 39 62 70 71 68 80 55 46 68
Pedestrian Graph + 2022 Conv+GCN 32 I, K, S, SGM 89 81 83 79 70 76 77 75 86 65 58 75

ST CrossingPose 2022 ST-GCN 16 K — — — — 63 74 66 83 — — — —
PIT 2023 Transformer 16 I, K, S, B, G 91 82 85 79 70 81 71 93 87 66 54 85

STMA-GCN PedCross 2023 STA-GCN 16 K — — — — 69 80 68 97 — — — —
PedAST-GCN 2024 STA-GCN 16 K, S, B 91 83 88 79 69 79 68 93 89 68 67 69
Faster-PCPN 2024 GCN 16 K, S, B 94 89 89 88 — — — — 89 65 73 58
MB-STGCN 2025 GCN 16 K, S, B 94 89 91 87 71 76 81 71 91 72 75 69

GPT4V 2023 MLLM 10 G — — — — 57 65 82 54 — — — —
OmniPredict 2024 MLLM 16 G, I, B, S — — — — 67 65 66 65 — — — —
LLaMAPed 2025 MLLM 16 G, I, B, S — — — — 58 59 67 52 — — — —

LVLMPed-CoT 2025 MLLM 8 (skip 1 from 16) G, I, B, S 90 82 83 81 82 84 90 80 90 74 69 80

Note: G represents the scene image; L signifies if the pedestrian is looking; W indicates if the pedestrian is walking; I is the pedestrian cropped image; OF
refers to optical flow; B denotes the bounding box; S is the vehicle speed; Int indicates the pedestrian’s intention to cross; K denotes pose keypoints; SGM
refers to segmentation maps; and ED denotes relative distances between pairs of skeletal joints. MLLM represents the multimodal large language model.
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sample as demonstrations. For one-stage fine-tuning, we fine-tune
the  LLM  directly  on  the  answer.  In  the  two-stage  fine-tuning
approach,  we  first  fine-tune  the  model  on  the  process  and  then
further fine-tune it on the answer. As shown in Table 3, compared
with  the  zero-shot  setting,  the  few-shot  approach  achieves  a
notable  improvement  in  performance.  However,  the  overall
results for both zero-shot and few-shot scenarios remain relatively
limited.  This  can  be  attributed  to  the  high  variability  of  the  few-
shot examples, which may hinder the model’s ability to generalize
to real reasoning tasks. In contrast, one-stage fine-tuning results in
significant  performance  improvements  over  both  zero-shot  and
few-shot  settings,  as  it  effectively  transforms  general  knowledge
into specialized capabilities and systematically enhances the model’
s  reasoning  abilities.  Compared  with  one-stage  fine-tuning,  two-
stage fine-tuning further improves performance, especially on the
PIE dataset, with an accuracy increase of approximately 1.8%. This
improvement  is  mainly  due  to  enhanced  perception  and
reasoning abilities gained through the additional fine-tuning stage.

4.6  Model inference speed and accuracy
Inference  speed  plays  an  important  role  in  pedestrian  crossing
intention prediction tasks. To investigate the impact of input data,
specifically,  image  quality  and  sequence  length  (i.e.,  different
sampling  intervals  from  a  16-frame  sequence),  we  conducted
comparative  experiments  with  different  input  configurations.  As
shown in Table 4, the scene image quality significantly affects both
the  accuracy  and  inference  speed.  Compared  to  using  scene
images  with  a  resolution  of  1920×1080  pixels,  the  performance
decreases significantly when the resolution is reduced to 960×540
pixels.  This  is  mainly  because  scene  images  are  crucial  for

pedestrian intention prediction, as they contain many visual cues
relevant  to  determining  crossing  intentions.  For  example,  they
provide  information  about  the  distance  between  pedestrians  and
the  road,  the  orientation  of  pedestrians  relative  to  the  road,  and
the surrounding traffic conditions. As the image quality decreases,
the  model  cannot  clearly  capture  these  details,  especially  when
pedestrians  are  far  from  the  vehicle.  At  the  same  time,  higher
image  quality  also  demands  significantly  more  computational
resources  and increases  inference  time.  This  is  primarily  because
vision encoders (such as ViT) extract features by dividing images
into patches with a fixed stride (e.g., 14) (Bai et al., 2025). Higher-
resolution  images  produce  more  patches,  thereby  increasing  the
computational load and prolonging the inference time. However,
increasing the resolution of the Cropped Pedestrian images results
in  a  longer  inference  time,  while  the  prediction  performance
remains unchanged. This is mainly because the pixel size of most
pedestrians is already concentrated within 150×300.

In addition, sequence length, which is determined by applying
different  sampling  intervals  to  a  16-frame  sequence,  plays  an
important  role  in  model  performance.  When  using  a  4-frame
sequence sampled with a stride of 4 (i.e., skip 3 from 16) as input,
the model’s performance drops significantly compared to using a
4-frame sequence sampled with a stride of 2 (i.e., skip 1 from 16),
although the inference time is slightly reduced. The main reason is
that  using  too  few  frames  leads  to  the  loss  of  key  pedestrian
moments,  making  it  difficult  for  the  model  to  effectively  capture
pedestrian motion information.

4.7  Interpretability analysis with and without fine-tuning
As discussed  in  Section  4.5.1,  compared  with  the  model  without

 

Table 2    Ablation study of chain of thought

MLLMs Method
PIE JAADbeh JAADall

Acc F1 P R Acc F1 P R Acc F1 P R

Qwen2.5-VL-3B
Without CoT 28.41 43.9 28.16 99.53 62.57 76.98 62.57 100 17.69 29.82 17.52 100

CoT 41.54 38.95 27.57 66.32 53.52 65.91 60.91 71.81 30.06 26.18 16.05 71.01

Gemini-2.5
Without CoT 42.98 35.81 26.21 56.52 66.56 76.43 68.36 86.66 43.46 34.65 21.71 85.73

CoT 48.13 32.26 23.96 49.33 67.41 75.91 70.61 82.07 46.72 37.91 24.88 79.6

 

Table 3    Ablation study of the two-stage fine-tuning strategy

Strategy
PIE JAADbeh JAADall

Acc F1 P R Acc F1 P R Acc F1 P R
Zero-shot 41.54 38.95 27.57 66.32 53.52 65.91 60.91 71.81 30.06 26.18 16.05 71.01
Few-shot 46.35 39.08 28.73 61.08 60.56 70.93 65.79 76.94 44.57 23.45 15.46 48.51

One stage fine-tuning 88.18 77.84 82.41 73.74 82.19 85.14 89.05 81.56 90.34 74.81 68.78 81.99
Two stages fine-tuning 89.96 81.96 82.94 81.01 81.45 84.29 89.66 79.52 90.18 73.88 69.05 79.44

Note: All results were obtained using Qwen2.5-VL-3B.

 

Table 4    Evaluation of model inference speed and accuracy

Input
PIE JAADbeh JAADall Inference

time (ms)Acc F1 P R Acc F1 P R Acc F1 P R

1 Scene (960×540) + 8 Cropped pedestrians (150×300) 85.95 72.65 80.36 66.29 75.81 78.43 88.73 70.26 88.80 68.74 67.13 70.43 410
1 Scene (1920×1080) + 4 Cropped pedestrians (150×300) 84.59 68.32 81.07 59.03 77.25 80.62 86.32 75.62 88.01 68.83 63.10 75.70 890
1 Scene (1920×1080) + 8 Cropped pedestrians (150×300) 89.96 81.96 82.94 81.01 81.45 84.29 89.66 79.52 90.18 73.88 69.05 79.44 970
1 Scene (1920×1080) + 8 Cropped pedestrians (300×600) 89.12 80.15 82.40 78.03 82.46 85.44 88.89 82.24 89.32 72.92 65.49 82.24 1300

Note: All results were obtained using Qwen2.5-VL-3B. “1 Scene (960×540) + 8 Cropped pedestrians (150×300)” denotes using one scene image with a
resolution of 960×540 pixels, together with a sequence of 8 cropped pedestrian images (each 150×300 pixels), sampled with a stride of 2 from an original
sequence of 16 images, as input. All experiments were conducted on an NVIDIA A6000 GPU with 48 GB of memory.
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fine-tuning  (zero-shot),  the  two-stage  fine-tuned  model  achieves
substantial accuracy gains, improving accuracy by 48.42% on PIE,
27.93%  on  JAADbeh,  and  60.12%  on  JAADall,  reaching  89.96%,
81.45%,  and  90.18%,  respectively.  To  further  examine  how  fine-
tuning  affects  the  model’s  reasoning  ability,  we  compare  its
outputs generated through the CoT reasoning process both before
and  after  stage1  fine-tuning.  Representative  examples  are  shown
in Fig.  5 (Due to space limitations,  we retained only the caption,
reasoning  process,  and  conclusion  stages  of  the  CoT  output).
After  CoT  fine-tuning,  the  model  demonstrates  fine-grained
information  captioning,  more  rigorous  logical  reasoning,  and
stronger  information  integration  and  comprehensive  decision-
making abilities.

As  shown  in Fig.  5a,  without  fine-tuning,  the  LLM  mainly
focuses  on  superficial  information,  such  as  the  approximate

movement  of  pedestrians  (highlighted  in  red).  In  contrast,  with
fine-tuning, the LLM is able to capture more detailed information
in  the  caption  stage  and  perform  deeper  analysis  based  on  this
information.

and ultimately make more informed decisions in the reasoning
stage, as indicated by the green labeled text.

As  shown in Fig.  5b,  without  fine-tuning,  the  LLM frequently
exhibits  reasoning  biases.  For  example,  it  incorrectly  states, “The
pedestrian’s  movement  from  left  to  right  suggests  that  they  may
be walking toward the road edge, preparing to cross.” (highlighted
in red), when in reality, the pedestrian is moving toward a parking
area rather than the road, making it unlikely they intend to cross.
This mistake can be attributed to the LLM’s scene cognition bias.
Additionally, the LLM claims, “The vehicle is traveling at 40 km/h,
indicating  that  the  pedestrian  has  sufficient  time  to  cross  safely.”

 

(a)

Scene image

Pedestrian image crop sequence
[[614, 578, 816, 1027], …, [786, 576, 987, 1036]]

Bounding box sequence
[0, 0, 0, 0, 0, 0, 0, 0]

Vehicle speed sequence
Ground true: yes

(b)

Scene image

Pedestrian image crop sequence
[[1110, 687, 1167, 825], …, [1137, 686, 1191, 837]]

Bounding box sequence
[40, 40, 40, 40, 40, 40, 40, 40]

Vehicle speed sequence
Ground true: no

(c)

Scene image

Pedestrian image crop sequence
[[1221, 455, 1335, 714], …, [1193, 455, 1305, 712]]

Bounding box sequence
[40, 40, 40, 40, 40, 40, 40, 40]

Vehicle speed sequence
Ground true: no

Fig. 5    Comparison of the CoT reasoning process without fine-tuning and after stage1 fine-tuning.
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However, 40 km/h is not a safe speed for pedestrians to cross, as it
implies that vehicles in the vicinity may be moving relatively fast.
This error reflects a failure in the LLM’s common sense reasoning.

As shown in Fig. 5c, the fine-tuned LLM demonstrates stronger
information  integration  and  more  comprehensive  decision-
making  abilities.  In  real-world  prediction  scenarios,  multiple
sources  of  information  may  point  to  different  outcomes.  In  this
example,  the  pedestrian  is  walking  along  the  roadside  with  their
head  slightly  turned  toward  the  road,  which  could  suggest  an
intention to  cross.  However,  the  pedestrian’s  overall  posture  and
movement  indicate  that  they  are  mainly  moving  parallel  to  the
flow of traffic, suggesting they are more likely to be walking along
the  road  rather  than  intending  to  cross.  After  fine-tuning,  the
LLM  is  able  to  synthesize  these  conflicting  cues  and  make  an
accurate  prediction,  whereas  the  non-fine-tuned  LLM  captures
only partial information.

4.8  Analysis of failure cases
To  further  investigate  the  decision  boundary  of  our  model,  we

conduct an error analysis on failure cases. The main failure factors
include occlusion by  obstacles,  remote  distance,  and contextually
confusing  scenarios.  As  shown  in Figs.  6a and 6b,  when
pedestrians are heavily occluded or located far away from the ego
vehicle, their pose and trajectory cues become difficult to perceive
reliably,  which  leads  to  incorrect  predictions.  In  addition,  as
illustrated  in Figs.  6c and  6d,  the  model  may  also  fail  in  highly
confusing  contexts.  In Fig.  6c,  the  pedestrian  appears  near  the
center area in front of the vehicle, and the pedestrian’s appearance
blends  into  the  surroundings  due  to  clothing  and  background
similarity,  making  it  hard  to  distinguish  the  body  posture;
although the pedestrian’s motion is parallel to the vehicle’s driving
direction,  the  model  still  produces  an  incorrect  prediction.  In
Fig. 6d, at an intersection without a crosswalk, the vehicle is in the
early  stage  of  a  right  turn,  and  there  is  no  salient  interaction
between  the  vehicle  and  the  pedestrian’s  walking  direction;
meanwhile,  the  complex  traffic  flow  further  increases  contextual
ambiguity, which can mislead the model’s intention inference and
result in prediction failure.

 
 

(a) GT: cross, PR: no cross

(c) GT: no cross, PR: cross

(b) GT: cross, PR: no cross

(d) GT: cross, PR: no cross

Fig. 6    Typical examples of detection failures. “GT” is the ground truth classification value, and “PR” is the predicted value. The occlusion of obstacles, remote distance,
and contextually confusing scenarios are the main reasons for failure detection.
 

5  Conclusions
Pedestrian  crossing  intention  prediction  is  critical  for  intelligent
vehicles.  This  study  proposes  a  lightweight  LVLM  that
incorporates  a  CoT  mechanism  to  enhance  reasoning.  A
lightweight  LVLM  (e.g.,  Qwen-VL  3B)  serves  as  the  core
reasoning model, guided by CoT prompts to perform step-by-step
inference.  A  larger  teacher  model  (e.g.,  Gemini  2.5)  is  employed
for  data  distillation,  and  a  two-stage  fine-tuning  strategy  is
adopted  to  enhance  the  perception  and  reasoning  capabilities  of
the  lightweight  LVLM  for  accurate  pedestrian  crossing  intention
prediction.

The  model  was  trained  on  a  joint  dataset  comprising  JAAD
and PIE and evaluated on three public datasets: JAADall, JAADbeh,
and  PIE.  The  results  demonstrate  that  the  proposed  LVLMPed-
CoT  achieves  strong  performance  in  terms  of  accuracy,
generalization,  and  robustness  for  pedestrian  crossing  intention
prediction.  Specifically,  LVLMPed-CoT  achieved  a  significant
accuracy improvement of approximately 11% (from 71% to 82%)
on  JAADbeh compared  to  state-of-the-art  methods.  The  ablation

analysis verifies the importance of the CoT prompt design and the
two-stage  fine-tuning  strategy.  Specifically,  the  CoT  prompt
guides the lightweight LVLM to reason step by step, while the two-
stage  fine-tuning  strategy  enhances  its  perception  and  reasoning
capabilities for the target task. Most prediction failures arise under
challenging  visual  conditions,  including  long-range  observations,
severe occlusions, and contextually confusing scenarios.

Further analysis investigates the impact of input data sequence
length  and  image  quality  on  both  accuracy  and  inference  time.
The results show that scene image quality significantly affects both
accuracy and inference time, while sequence length has a notable
impact  on  accuracy.  In  addition,  interpretability  analysis
comparing  models  with  and  without  fine-tuning  reveals  the
critical  role  of  fine-tuning  in  enhancing  the  CoT  reasoning
capability of lightweight LVLM.

Future work will focus on deploying the proposed model in real-
world  vehicle  platforms  and  enhancing  its  performance  and
inference efficiency through techniques  such as  quantization and
pruning.
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Fig. A1    Prompt template without CoT.
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