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ABSTRACT: Accurate  short-horizon  trajectory  prediction  is  crucial  for  safe  and  reliable  autonomous  driving.  However,  existing
vision language models (VLMs) often fail to accurately understand driving scenes and generate trustworthy trajectories. To address
this  challenge,  this  study  introduces  KEPT,  a  knowledge-enhanced  VLM  framework  that  predicts  ego  trajectories  directly  from
consecutive front-view driving frames. KEPT integrates a temporal frequency–spatial fusion (TFSF) video encoder, which is trained
via  self-supervised  learning  with  hard-negative  mining,  with  a  k-means  &  HNSW  retrieval-augmented  generation  (RAG)  pipeline.
Retrieved prior knowledge is added into chain-of-thought (CoT) prompts with explicit planning constraints, while a triple-stage fine-
tuning  paradigm  aligns  the  VLM  backbone  to  enhance  spatial  perception  and  trajectory  prediction  capabilities.  Evaluated  on
nuScenes  dataset,  KEPT  achieves  the  best  open-loop  performance  compared  with  baseline  methods.  Ablation  studies  on  fine-
tuning stages, Top-K value of RAG, different retrieval strategies, vision encoders, and VLM backbones are conducted to demonstrate
the  effectiveness  of  KEPT.  These  results  indicate  that  KEPT  offers  a  promising,  data-efficient  way  toward  trustworthy  trajectory
prediction in autonomous driving.
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1  Introduction
Accurate  prediction  of  vehicle  trajectories  is  a  fundamental
capability  of  autonomous  driving  systems  and  is  crucial  for  safe
and efficient navigation in dynamic traffic environments (Chai et
al.,  2019; Ngiam  et  al.,  2022; Wang  and  Wang  2024).  Recently,
end-to-end  autonomous  driving  methods  have  emerged  as  a
promising  paradigm  by  directly  taking  sensor  data  as  input  for
perception  and  output  planning  results  with  one  holistic  model
(Chen  et  al.,  2024b; Chib  and  Singh  2024; Liu  et  al.,  2021a).
Through  extensive  data  training,  end-to-end  approaches  have
demonstrated  impressive  planning  capabilities,  providing  a
streamlined  and  competitive  alternative  to  traditional  modular
pipelines (Casas et al., 2021; Chen and Krähenbühl 2022; Yang et
al., 2025a).

While  end-to-end  approaches  have  been  widely  adopted  and
constantly  making  breakthroughs  on  challenging  benchmarks,
they rely solely on fixed-format inputs, which restricts the agent’s
ability to comprehend multimodal information and interact  with
the environment and human users (Shao et al., 2023a; Wang et al.,
2025b; Yu  et  al.,  2025).  Moreover,  certain  methods  skip  explicit
scene understanding and directly predict driving commands from

sensor  data  (Hu  et  al.,  2022b; Huang  et  al.,  2024b; Weng  et  al.,
2024),  which  sacrifices  interpretability  and  introduces  challenges
in optimization and safety validation.

Along this line of work, UniAD (Hu et al.,  2023) introduced a
query-based  design  that  integrates  perception  and  prediction
components,  enabling  an  end-to-end  planning  scheme.  The
vectorized  scene  representation  for  efficient  autonomous  driving
(VAD)  framework  (Jiang  et  al.,  2023a)  improved  computational
efficiency  and  interpretability  by  adopting  a  vectorized  scene
representation, replacing the dense rasterized representations from
UniAD. Despite the remarkable progress of end-to-end models in
autonomous driving, such approaches inherently struggle in long-
tail  scenarios,  where  prediction  errors  compound,  severely
degrading downstream planning performance (Chitta et al., 2021;
Wu et al., 2022).

Concurrently, large language models (LLMs) have demonstrated
impressive capabilities in language comprehension and reasoning,
showing  the  potential  to  solve  this  problem  (Hegde  et  al.,  2025;
Wei et al., 2022). Going beyond text-based prompting, multimodal
large language models (MLLMs) integrate image and video inputs
to the LLM, enabling tasks such as visual question answer (VQA)
and  dense  captioning  (Li  et  al.,  2023a; Liu  et  al.,  2023).

 

1 College  of  Automotive  and  Energy  Engineering,  Tongji  University,  Shanghai  201804,  China. 2 Department  of  Civil,  Architectural,  and  Environmental
Engineering, The University of Texas at Austin, Austin Texas 78712, USA. 3 School of Architecture, The University of Texas at Austin, Austin Texas 78712, USA.
4 School of Automotive and Traffic Engineering, Wuhan University of Science and Technology, Wuhan 430081, China. 5 School of Vehicle and Mobility, Tsinghua
University, Beijing 100084, China. 6 College of Electronic and Information Engineering, Tongji University, Shanghai 201804, China.

✉ Corresponding author. E-mail: gaobz@tongji.edu.cn

Received: October 17, 2025; Revised: November 25, 2025; Accepted: January 12, 2026

© The  Author(s) 2026.  This  is  an  open  access  article  under  the  terms  of  the  Creative  Commons  Attribution  4.0  International  License  (CC  BY  4.0,
http://creativecommons.org/licenses/by/4.0/). 

Commun Transp Res
Research Article

 

https://doi.org/10.26599/COMMTR.2026.9640012
 

mailto:gaobz@tongji.edu.cn
https://doi.org/10.26599/COMMTR.2026.9640012


Nevertheless,  existing  MLLM  datasets  for  autonomous  driving
remain  limited  in  scale,  typically  containing  fewer  than  one
million  VQAs  (Wu  et  al.,  2024).  Consequently,  without  careful
model  and  training  scheme  designs,  these  MLLMs  exhibit  poor
performance  in  reasoning  and  planning  tasks  due  to  a  lack  of
scene understanding and grounding capability (Ma et al., 2024b).

In  this  work,  we  propose  knowledge-enhanced  prediction  of
trajectories  (KEPT),  a  knowledge-enhanced  trajectory  prediction
framework,  introducing  a  novel  approach  to  assist  an  MLLM  in
predicting  future  trajectories  according  to  consecutive  driving
frames, as depicted in Fig. 1.

The  main  research  contributions  of  this  work  are  outlined  as
follows:
●  Temporal   frequency–spatial   fusion   (TFSF)   encoder   for

consecutive driving frames: We build a video encoder that mixes
frequency  cues  from  a  fast  Fourier  transform  (FFT)-based
attention  module  with  the  multiscale  spatial  features  of  a  Swin-
Tiny  backbone.  A  short  temporal  transformer  then  processes
seven  frames  sampled  at  2  Hz.  Together,  these  components
produce  clip-level  embeddings  that  capture  the  motion  patterns
most relevant for planning.
● Self-supervised  representation  learning  with  hard-negative

mining  and  memory  queue:  We  train  the  TFSF  module  with  a

 

Nomenclature
Symbol Meaning (unit)
Sets, indices, and dimensions
H,W, P Image height, width, patch size (pixels)

T T = 7Number of frames per clip (here )

Np
Np =

H
P

×
W
P

Number of patches per frame

( )
R, C Real and complex domains
Images, patches, and transforms

IRGB ∈ R3 × H × W Input RGB image (normalized intensity)

Ig ∈ R1 × H × W Grayscale image

X(i)
patch ∈ RP × P i-th grayscale patch

F{·} 2D FFT operator

F(i) = F{X(i)
patch} ∈ CP × P Patch spectrum

A(i) =
∣∣F(i)∣∣ ∈ RP × P Amplitude spectrum

GAP (·) Global average pooling

a(i) = GAP
(
A(i)) ∈ R Amplitude statistic of patch i

wfreq ∈ [0,1]Np Frequency-domain attention weights

X(i)
f = w(i)

freq X(i)
patch Reweighted patch

Xf ∈ R1 × H × W Frequency-attended image

X(l)
spa Swin-Tiny stage-l spatial feature map

Xs
Upsampled/Concatenated spatial
representation

Xfs = [Xf;Xs] Xf XsChannel concatenation of  and 

Xfeat ∈ RC
′
× H × W

1 × 1Fused representation after  conv, BN,
ReLU

Temporal encoding

ht = GAP
(
Xfeat,t

)
∈ RC

′
Frame-t feature

Hseq = [h1; . . . ; hT] ∈ RT × C
′ Temporal feature matrix

Hin, Hout Transformer input/output sequences

hTFSF ∈ RC
′ CLS-token feature used as final vector

Self-supervised TFSF training (InfoNCE)

Eθ θTFSF backbone with parameters 
Gϕ ϕProjection head with parameters 

z =
Gϕ (h)
||Gϕ (h) ||2

l2 -normalized projection on unit
hypersphere

sim (u, v) = uT v Inner product (cosine similarity
numerator)

τtemp Temperature for InfoNCE

NB
i , Q M

In-batch negatives; memory queue
(capacity )

TopK (·,K) KHard-negative mining (keep top- )

Li L = (1/B)
∑

iLi
InfoNCE loss of sample I;

B, E, M, K Batch size; #epochs; queue capacity; #hard
negatives

Embedding & retrieval

ei ∈ R128 Normalized embedding of clip i
nc, cj #Clusters; k-means centroid of cluster j

dcos (x, y) = 1−
xT yyy

||x||2||y||2
Cosine distance

HNSW (M, efconstruction)
HNSW index (connectivity M,
build ef)

(Continued)
 

k #Nearest neighbors for retrieval
Triple-stage fine-tuning (Section 3.4)
Stage A: Spatial perception (VQA multitask)

LA
Stage-A multitask loss (classification
+ size + distance)

C Number of semantic categories for
classification

ηk,n, πk,n
One-hot GT label and predicted
probability for class k in sample n

sd,n, ŝd,n d ∈ {1, 2, 3}
predicted/Reference object size along
dimension 

dn, d̂n
Predicted/reference distance to ego
vehicle

αn, βn, γn
Binary indicators activating
cls./size/dist. terms for sample n

Stage B: Surround-view trajectory regression

LB

Stage-B trajectory regression
objective (coords + velocity; with
smoothness/curvature
regularization)

Q Q = 3
Number of prediction horizons (here

, at 1 s or 2 s or 3 s)

q, r q ∈ {1, . . . ,Q}
r ∈ {1, . . . , B}

Horizon index ;
sample index 

xq,r, yq,r, vq,r
predicted ego-centric displacements
and velocity at horizon q for sample
r

x̃q,r, ỹq,r, ṽq,r xq,r, yq,r, vq,r
Ground-truth counterparts of

Stage C: Front-view end-to-end trajectory prediction
LC Stage-C loss
Kinematics and evaluation

(x, y) Ego-centric coordinates (m)
v Velocity (km/h)

τ̂ = {(x̂i, ŷi)}6i=1, τ = {(xi, yi)}6i=1
Predicted/ground-truth trajectory at
2 Hz over 3 s (m)

li =
√

(xi − x̂i)2 + (yi − ŷi)2 Per-step euclidean error (m)
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contrastive InfoNCE loss. The batch provides most of the negatives,
and we keep an additional fixed-size queue to supply more varied
ones.  We also  use  a  simple  Top-K strategy  to  choose  the  harder
negatives. The encoder outputs unit-norm embeddings, which are
then used directly for retrieval.
● Scalable  embedding-retrieval  pipeline  for  trajectory  priors:

We build a vector database of scene embeddings and run a two-
step  approximate  nearest-neighbor  search.  The  first  step  uses  k-
means clustering to narrow down the candidates, and the second
applies  HNSW  with  cosine  distance  to  find  the  closest  matches.
From these results, we retrieve the Top-K similar scenes together
with  their  ground-truth  trajectories,  which  serve  as  useful  priors
for the planner.
● Triple-stage  fine-tuning  of  VLMs  bridging  perception  to

planning:  (1)  We  improve  spatial  perception  by  training  with
VQAs, covering attributes such as object class,  size,  and distance,
and we apply LoRA to keep the adaptation lightweight. (2) Then,
we  train  it  to  predict  trajectories  using  the  six  surround-view
images  and  a  few  basic  kinematics.  The  loss  mainly  keeps  the
motion smooth and prevents unsafe bends or sudden shifts. (3) In
the  last  stage,  the  model  learns  to  predict  the  whole  trajectory
from consecutive front-view frames. We keep the same regression
loss, but here, the goal is to help the language head pick up a short-
term temporal structure.
● Chain-of-Thought (CoT) promotion with exemplar comparison

and  planning  constraints:  We  provide  the  VLMs  with  several
retrieved reference scenes before the target scene. The models are
then guided to compare these scenes, subject to safety constraints.
Finally, a trajectory in a specific format is required for the models
to generate.

The rest of this paper is organized as follows: Section 2 reviews
related works in this  field thoroughly.  In Section 3,  details  of  the
KEPT  are  introduced.  In  Section  4,  comparative  experiments,
ablation studies, and case studies are designed to demonstrate the
effectiveness  of  the  KEPT.  Section  5  summarizes  the  work  and
discusses future research directions.

2  Related work

2.1  Foundation models in autonomous driving
Recent  advancements  in  foundation  models  have  demonstrated
their  ability  to  reason  over  complex  contextual  information,
interpret  human intent,  and generate  logically  consistent  outputs
in autonomous driving (Ma et al., 2024c; Mao et al., 2023; Wei et
al.,  2022; Zhu  et  al.,  2025).  These  works  investigated  the
capabilities of LLMs to generalize to uncommon scenarios as well
as their ability to reason about driving scenes in text. “Drive as you
speak” (Cui  et  al.,  2024)  enriched  LLMs  with  comprehensive
environmental  data  from  different  vehicle  modules,  supporting
safer  and  more  context-aware  driving  decisions. “Driving  with
LLMs” (Chen  et  al.,  2024a)  introduced  LLMs  that  generated
10,000 driving scenarios  for  agent  training. “Drive  like  a  human”
(Fu  et  al.,  2024)  demonstrated  LLMs'  capabilities  of  interacting
with  environments  in  closed-loop  systems  and  effectively
navigating  long-tail  autonomous driving  scenarios.  Dilu  (Wen et
al.,  2024) first  leveraged knowledge-driven capability  in decision-
making  for  autonomous  vehicles.  Cascading  cooperative  multi-
agent  in  autonomous  driving  merging  (CCMA)(Zhang  et  al.,
2025)  integrated  reinforcement  learning  for  individual
optimization  and  LLMs  for  regional  and  global  coordination,
significantly  improving  traffic  flow  and  safety  in  autonomous
driving scenarios.

Meanwhile, recent works have investigated the incorporation of
MLLMs  into  end-to-end  frameworks  (Brandstätter  et  al.,  2025;
Liao et al., 2025; Wang et al., 2024; Xing et al., 2025). Autonomous
driving  systems  integrating  multisource  information,  such  as
vision,  language,  and  rules,  tend  to  exhibit  greater  generalization
in  complex  or  long-tail  scenarios  (Chen  et  al.,  2025; Ma  et  al.,
2025; Wang  et  al.,  2025c).  VLP  (Pan  et  al.,  2024)  incorporated
linguistic descriptions into the training process and aligned them
with  visual  features,  which  significantly  improved  cross-domain
generalization.  DriveGPT4  (Xu  et  al.,  2024)  utilized  VLMs  to
predict  control  commands  and  simultaneously  generate  textual
justifications  using  an  iterative  VQA  format.  To  enhance
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(3) Generating pipeline
(4) Fine-tuning pipeline

Fig. 1    Overview of our KEPT method. The method consists of four pipelines: (1) The embedding pipeline encodes front-view frame sequences into a vector database via
a self-designed and trained temporal frequency–spatial fusion (TFSF) encoder. (2) The retrieving pipeline retrieves the most similar scene from the database via k-means
clustering and hierarchical navigable small world graphs (HNSW) searching. (3) The generating pipeline guides vision language models (VLMs) in predicting trajectories
in the future 3 s according to the new frame sequence and retrieved information via a chain-of-thought (CoT) prompting strategy. (4) The fine-tuning pipeline involves a
triple-stage fine-tuning paradigm, which aims to equip VLMs with spatial  grounding,  motion feasibility,  and temporally conditioned planning capabilities,  enabling
trajectory prediction from raw perceptual inputs. The fire icon denotes components that are trained or fine-tuned in this work; others are frozen or nonparametric. In our
pipeline, the TFSF encoder is trained with self-supervision, the retrieval stack is nonparametric, and the VLM's language head is fine-tuned with LoRA across three stages.
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embodied  intelligence,  LMDrive  (Shao  et  al.,  2024)  integrated  a
vision  encoder  with  LLMs,  enabling  multimodal  scene
understanding  and  natural  language  command  execution.
Omnidrive (Wang et al., 2025a) introduced a 3-dimensional (3D)
VLM  architecture  to  strengthen  planning  and  reasoning
capabilities. DriveVLM (Tian et al., 2024) incorporated traditional
3D perception into a multistage reasoning chain, combining scene
description, dynamic analysis, and hierarchical planning to bridge
cognitive depth with real-time control. DiMA (Hegde et al., 2025)
employed a  knowledge  distillation  approach to  transfer  planning
capabilities from MLLMs to lightweight vision-based planners via
surrogate tasks.

2.2  End-to-end trajectory prediction
Early  end-to-end  trajectory  prediction  models  primarily  used
LiDAR point clouds (Casas et  al.,  2020; Liang et  al.,  2020; Wu et
al., 2020). However, due to the dependence on accurate bounding
box  detection,  these  approaches  often  fail  to  generalize  in  the
presence  of  occluded  or  unclassified  objects.  To  solve  this
problem,  recent  studies  have  shifted  toward  vision-centric
methods  based  on  bird’s-eye  view  (BEV)  representations,  which
provide  a  unified  spatial-temporal  understanding  of  the  driving
scene (Akan and Güney 2022; Hu et al., 2021a; Liang et al., 2022).
For  instance,  PowerBEV  (Li  et  al.,  2023b)  realized  semantic  and
instance-level  trajectory  prediction  by  simply  forecasting
segmentation and centripetal  backward flow.  TPV (Huang et  al.,
2023)  extended  BEV  with  two  additional  perpendicular  planes
and  utilized  an  attention  mechanism  to  aggregate  the  image
features corresponding to each query in each TPV plane. LiDAR
camera  fusion  approaches  have  also  emerged.  For  example,
detecting  as  labeling  (DAL)  (Huang  et  al.,  2024a)  contained  an
attention-free  prediction pipeline and an easy training process  to
achieve  a  trade-off  between the  speed and accuracy  of  3D object
detection  and  prediction  through  efficient  multimodal  fusion.
BEVFormer  (Li  et  al.,  2025)  leveraged  a  unified  multimodality
spatial  attention  mechanism  for  integrating  camera  and  LiDAR
data with historical  BEV features.  Despite these advances,  Bird’s-
eye  view  (BEV)-basedmethods  still  face  limitations  in  capturing
fine-grained 3D structures and object-level semantics.

To  address  these  shortcomings,  vision-centric  Four-
Dimensional  (4D) perception emerges  as  a  promising alternative
to  effectively  extend temporal  occupancy prediction with  camera
images  as  input  but  also  broaden  both  semantic  and  instance
prediction  beyond  the  BEV  format  and  predefined  categories
(Tian et al.,  2023; Tong et al.,  2023; Wang et al.,  2023; Wei et al.,
2023).  Cam4Docc  (Ma  et  al.,  2024a)  was  the  first  to  achieve  a
vision-centric  4D  occupancy  forecasting  task,  allowing
simultaneous  prediction  of  future  trajectories  for  both  general
movable  and  static  objects.  Building  upon  this,  Drive-OccWorld
(Yang  et  al.,  2025b)  investigated  potential  applications  of  the
camera-based 4D occupancy forecasting world model by injecting
action  conditions  and  integrating  this  generative  capability  with
end-to-end planners for safe driving.

2.3  Retrieval-augmented  generation  in  vision-language
models
In  vision-language  tasks,  retrieval-augmented  generation  (RAG)
mitigates knowledge limitations by leveraging external knowledge
bases,  enabling  models  to  extract  insights  from  images  while
supplementing  them  with  retrieved  contextual  data  (Shao  et  al.,
2023b; Wang et al., 2025c). Prior studies (Jiang et al., 2023b; Ram
et  al.,  2023)  on  VLMs  have  shown  that  retrieval  can  improve
contextual  integration  and multistep  reasoning  under  knowledge

deficits,  strengthen  performance  on  complex  question  answering
when  paired  with  strong  pretrained  encoders,  and  yield  better
downstream results when large external corpora are incorporated
during pretraining and fine-tuning. Follow-up works (Hussien et
al., 2025; Zheng et al., 2024) further highlighted RAG’s advantages
for  adaptive,  multimodal  generation  in  data-scarce  domains  and
its  ability  to  tighten  cross-modal  associations  for  more  faithful
grounding.

For  autonomous  driving  applications,  dynamic  retrieval
policies that adjust what to fetch at run time have been proposed
to match task requirements and latency budgets (Bandyopadhyay
et  al.,  2025).  Domain knowledge  can also  be  queried  explicitly:  a
traffic-regulation  agent  retrieves  applicable  rules  and  guideline
hints  conditioned  on  ego  state  and  scene  context  to  inform
compliance-aware  planning  (Gao  et  al.,  2025).  RAG  offers  a
principled  way  to  compensate  for  the  limited  world  knowledge
and  long-tail  corner  cases  that  arise  in  autonomous  driving
(Atakishiyev et  al.,  2024).  For instance,  RAG-Driver  (Yuan et  al.,
2024)  introduced  a  retrieval-augmented  in-context  learning
mechanism  through  a  curated  multimodal  driving  in-context
instruction  tuning  dataset  and  a  vector  similarity-based  retrieval
engine  specifically  tailored  for  driving  applications.  VistaRAG
(Dai  et  al.,  2024)  positioned  the  RAG  as  a  safe  and  trustworthy
layer that dynamically retrieves prior driving experience, live road-
network state, and other contextual evidence to ground decisions
and  make  reasoning  auditable.  SenseRAG  (Luo  et  al.,  2025)
constructed  an  LLM-readable  environmental  knowledge  base
from  multimodal  sensor/V2X  streams  and  issued  proactive
queries to retrieve time-critical facts, yielding measurable gains in
perception and prediction under latency constraints.

In  summary,  recent  advances  show  that  VLMs  and  RAG
substantially  enhance  grounding,  contextual  reasoning,  and  data
efficiency  for  autonomous  driving;  however,  most  pipelines
(1) retrieve generic knowledge rather than planning-specific cues,
(2)  model  temporal  dynamics  weakly  for  long-horizon  forecasts,
and  (3)  offer  limited  safety  calibration  and  auditability  when
reasoning under distribution shifts. In addition, the training signal
often fails  to reflect metric accuracy or basic physical  constraints,
which  makes  the  model  behave  unreliably  in  crowded  scenes
where rules and interactions matter.

To  address  these  limitations,  we  introduce  KEPT,  a  retrieval-
augmented  VLM  planner  that  couples  a  temporal  frequency–
spatial  fusion  encoder  with  scene-aligned  retrieval,  CoT
prompting  and  a  triple-stage  fine-tuning  strategy  that  grounds
reasoning  in  metric  trajectories  and  collision  risks.  KEPT  is
designed  to  turn  externally  retrieved  knowledge  into  actionable,
long-horizon plans, improving both accuracy and safety.

3  Methodology

3.1  Temporal  frequency–spatial  fusion  encoder  for
consecutive driving frames
In  this  subsection,  we  introduce  a  novel  TFSF  encoder  for
consecutive  driving  frames.  The  TFSF  encoder  integrates
frequency-domain and spatial-domain representations at multiple
granularities  and  employs  a  temporal  transformer  for  encoding
temporal  dependencies.  An  overview  of  the  architecture  is
illustrated in Fig. 2.

IRGB ∈ R3 × H × W

Ig ∈ R1 × H × W
For an input  RGB image ,  we first  convert  it

into  a  grayscale  representation  by  standard
luminance-based weighting:

Ig = 0.299IR + 0.587IG + 0.114IB (1)

9640012-4 Wang Y J, Wang T Y, Liu Q F, et al.

Commun Transp Res, 2026, 6(1): 9640012
 



P × P Xpatch ∈ RNp × P × P

Np =
H
P × W

P X(i)
patch

We partition the grayscale  image into nonoverlapping patches
of  size ,  generating  a  tensor ,  where

.  Each patch  is  independently  transformed
into the frequency-domain via a 2-dimensional (2D) FFT:

F(i) = F{X(i)
patch}, F

(i) ∈ CP × P (2)

A(i)We subsequently compute the amplitude spectrum :

A(i) =
∣∣F(i)∣∣ ,A(i) ∈ RP × P (3)
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7 frames in 3 s (2 Hz)

Fig. 2    Architecture of our proposed TFSF encoder for consecutive driving frames.
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A(i)Then, global average pooling (GAP) is applied to :

a(i) = GAP
(
A(i)) = 1

P2

P∑
u=1

P∑
v=1

A(i)
u,v, a(i) ∈ R (4)

a ∈ RNp

Wf bf
wf ∈ RNp

These  amplitude  statistics  across  all  patches  form  a  vector
.  A  multilayer  perceptron  (MLP),  parameterized  by

weights  and  biases ,  predicts  frequency-domain  attention
weights :

wf = σ (MLP (a;Wf, bf)) ,wf ∈ [0,1]Np (5)

σ

X(i)
patch

w(i)
f

where  denotes the sigmoid activation function. The patches are
then reweighted in the spatial domain by multiplying each original
grayscale  patch  with  the  corresponding  scalar  attention
weight :

X(i)
f = w(i)

f · X
(i)
patch,X

(i)
f ∈ RP × P (6)

Xf ∈ R1 × H × W
Finally,  we  reconstruct  the  frequency-attended  image

 by  folding  patches  back  to  their  original  spatial
positions.

IRGB

To  effectively  capture  hierarchical  spatial  representations,  we
employ  a  pretrained  hierarchical  Swin  Transformer  (Liu  et  al.,
2021b)  (Swin-Tiny)  backbone.  Given  the  original  RGB  image

, we feed it into the Swin Transformer:

X(l)
spa = SwinTransformerl (IRGB) , l = 1, 2, 3, 4 (7)

l

S ∈ RC × H × W

where  each  stage  yields  feature  maps  at  progressively  coarser
scales,  thus  providing  multiscale  spatial  representations.  To  align
these  multiscale  features  with  the  original  spatial  resolution,  we
apply  bilinear  interpolation-based  upsampling,  resulting  in  a
refined spatial representation :

Xs = Upsample
(
Concat

(
X(1)

spa,X(2)
spa,X(3)

spa,X(4)
spa
))

(8)

Xf Xs

Xfs ∈ R(C+1) × H × W

To  integrate  complementary  information  from  the  frequency
and  spatial  domains,  we  concatenate  the  frequency-attended
image  with  the  spatial  features  along  the  channel
dimension, yielding the fused tensor :

Xfs = [Xf;Xs] (9)

1 × 1

Xfeat

Subsequently,  a  convolution  followed  by  batch
normalization  (BN)  and  ReLU  activation  generates  the  unified
spatial-frequency representation :

Xfeat = ReLU (BN (Conv1 × 1 (Xfs))) ,Xfeat ∈ RC
′
× H × W

(10)

T

Xfeat,t

t ht ∈ RC
′

Given  a  sequence  of  consecutive  image  frames,  we  encode
temporal  dependencies  among  frame-level  representations.  First,
we  perform  GAP  on  each  spatial-frequency  feature  map 
(frame ), obtaining temporal feature vectors :

ht = GAP (Xfeat,t) , t = 1, 2, . . . ,T (11)

Hseq ∈ RT × C
′

The resulting feature vectors across all frames form a temporal
feature matrix :

Hseq = [h1; h2; . . . ; hT] (12)

Hcls ∈ R1 × C
′

Ppos ∈ R(T+1) × C
′

We prepend a learnable classification token  and
add positional embeddings :

Hin = [hcls; h1; h2; . . . ; hT] + Ppos (13)

LThis  sequence  is  then  processed  through  an -layer
transformer encoder (multihead self-attention (MHSA) and MLP
blocks):

Hout = TransformerEncoder(L)
(Hin) ,Hout ∈ R(T+1) × C

′

(14)

fTFSF

We take the output corresponding to the classification token as
the final feature representation :

hTFSF = H(0)
out, hTFSF ∈ RC

′
(15)

T
For  both  training  and  evaluation  in  this  work,  we  form  each

input clip by a sliding 3-second window sampled at 2 Hz (  = 7
frames).  This  makes  the  sequential  input  strictly  causal  and
temporally  aligned  with  the  reported  horizons.  Short-horizon
planning  depends  on  high-frequency  changes  that  signal  relative
motion  and  multiscale  spatial  structure  that  stabilizes  geometry
over  a  brief,  causal  clip.  The  TFSF  encoder  explicitly  combines
FFT-based frequency attention with multiscale Swin features and
a temporal transformer over the 2 Hz window, so we expect these
improvements to grow with horizon length (2–3 s) where single-
frame cues are relatively weaker.

3.2  Self-supervised training of the TFSF encoder
The  TFSF  encoder  is  trained  through  a  label-free  contrastive
learning  paradigm  that  combines  in-batch  negatives,  a  fixed-
capacity  memory  queue  and  a  targeted  hard-negative  mining
strategy, as shown in Algorithm 1.

V = {Vi}Ni=1

Vi = {Ii,t}Tt=1 T Ii,t ∈ R3 × H × W

A1 A2

Let  denote an unlabeled video corpus where each
clip  comprises  RGB frames . Two
independently  drawn  stochastic  augmentations  and 
(random-resized  crop,  horizontal  flip,  color  jitter,  Gaussian  blur)
yield a positive pair:

Ṽ 1
i = A1 (Vi) , Ṽ2

i = A2 (Vi) (16)

fθ : RT × 3 × H × W → Rd d
h = fθ

(
Ṽ
)

Gϕ : Rd → Rm h

The TFSF encoder  maps a  clip to a -

dimensional  representation .  A three-layer  projection
head  projects  onto the unit hypersphere:

z = Gϕ (h)
||Gϕ (h) ||2

, z ∈ Rm, d = 64, m = 128 (17)

i z(1)i

zzz(2)i

For  mini-batch  index ,  we  denote  the  anchor  as  and  its
augmented counterpart as . Their similarity (positive logits) is
calculated as

s+i =
zzz(1)Ti zzz(2)i

τtemp
, τtemp > 0 (18)

NB
i =

{
zzz(k)j |j ̸= i or k = 2

}
Q = {ql}Ml=1 M = 1024

where  two  negative  pools  are  employed,  namely,  the  in-batch
negatives  and  the  memory-queue
negatives  with  fixed  size ,  storing
projections from recent mini-batches.

KSince most negatives are easily separable, we retain only the 
most similar hard negatives:

N ∗
i = TopK

(
NB

i ∪Q, zzz(1)Ti zzz
)
,K = 10 (19)

The InfoNCE loss can be computed using Eq. (20):
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Li = −log
exp

(
s+i
)

exp
(
s+i
)
+
∑

zzz∈N∗
i

exp
(
zzz(1)Ti zzz
τtemp

) (20)

L = B−1
∑B

i=1
Liand the batch loss can be defined as .{

zzz(2)i

}B

i=1

B |Q| = M
θ ϕ

After  each  iteration,  the  vectors  are  en-queued,  and

the  oldest  items  are  dequeued,  keeping .  Both  the
backbone  parameters  and the  projection parameters  receive
direct gradient updates:

θ ← θ − ηe∇θL,ϕ← ϕ− ηp∇ϕL (21)

ηe = 1 × 10−5 ηp = 1 × 10−4

1 × 10−4 E = 50
B = 8 τtemp = 0.07

with  learning  rates ,  and  weight
decay .  Training  is  conducted  for  epochs  on  7-
frame clips, batch size  and temperature  on a
single  3090  GPU.  The  model  with  minimum  validation  loss  is
preserved for downstream embedding and retrieval tasks.

3.3  Embedding and retrieval pipeline

Vi = {Ii,t}Tt=1 T = 7

Xi ∈ R1 × 7 × 3 × 224 × 224

The overview of the embedding and retrieval pipeline is shown in
Algorithm  2.  Given  a  collection  of  unlabeled  video  sequences,  a
database  embedding  set  could  be  constructed  first  using  the
trained TFSF encoder coupled with a projection head. Specifically,
for  each  video  clip ,  containing  consecutive
frames,  we perform deterministic  image preprocessing,  including
resizing  to  224  ×  224,  normalization  by  ImageNet  mean  and
standard  deviation,  and  tensor  stacking.  These  preprocessed
frames form an input tensor .
 
 

Algorithm 2 Embedding and retrieval pipeline
Inputs:

Vdb,Vval  – Database and validation video clips

Eθ,Gϕ  – Trained TFSF encoder and projection head

nc,M – Number of clusters, HNSW connectivity

θ∗, ϕ∗  – trained parameters

EmbeddingandRetrieval1: procedure
2:     1. Embedding Generation

Vi ∈ Vdb3:     for each clip  do

Xi ← Preprocess (Vi)4:         

hi ← Eθ (Xi)5:         

ei ← Normalize
(
Gϕ (hi)

)
6:         
7:     end for

Save embeddings{ei} → database8:     
9:     2. Clustered HNSW Indexing

{cj}, labels← k-means ({ei}, n_clusters = nc)10:    

j11:    for each cluster  do

Build HNSW ({ei|labels [i] = j}, connectivity = M)12:        
13:    end for
14:    3. Retrieval

Vk ∈ Vval15:    for each evaluation clip  do

X′
k ← Preprocess (Vk)16:        

h′k ← Eθ
(
X′
k

)
, e′k ← Normalize

(
Gϕ

(
h′k
))

17:        

cj ← k-means.predict
(
e′k
)

18:        

retrieved_indices← HNSW_query
(
e′k, cluster = cj, topk = k

)
19:        

retrieved_trajectories← Map indices→ trajectories20:        
21:        Output retrieved_trajectories
22:    end for
23: end procedure
 

Each video sequence embedding is computed as

hi = Eθ (Xi) , ei =
Gϕ (hi)

||Gϕ (hi) ||2
∈ R128 (22)

 

Algorithm 1 Self-supervised training of the TFSF encoder
Inputs:
V  – unlabeled video corpus

Eθ ,Gϕ  – TFSF backbone and projection head

E, B – epochs, mini-batch size
τtemp  – temperature

Kh  – hard negatives

MQ  – queue capacity
Outputs:

θ∗, ϕ∗  – trained parameters

{TRAIN}{V, Eθ ,Gϕ, E, B, τtemp,Kh,MQ}1: procedure 

θ, ϕ2: 　　initialize 

Q← ∅3: 　　 ▷FIFO memory queue

epoch← 1 E4: 　　for  to  do

mini-batchB← SAMPLE (V, B)5: 　　　for  do

each clipVi ∈ B6: 　　　　for  do

V1
i ← A1 (Vi) ;V2

i ← A2 (Vi)7: 　　　　　

z1i ← l2_norm
(
Gϕ

(
Eθ

(
V1
i
)))

8: 　　　　　

z2i ← l2_norm
(
Gϕ

(
Eθ

(
V2
i
)))

9: 　　　　　

10:　　　　end for

N← {zkj | j ̸= i or k = 2}∀i ∪ Q11:　　　　

i← 1 B12:　　　　for  to  do

Hi ← TOP-Kroll
(
sim

(
z1i , ·

)
,N,Kh

)
▷13:　　　　　 　 K most similar

s+i ← sim
(
z1i , z2i

)
/τtemp14:　　　　　

Δi ←
∑

z∈Hi
exp

(
sim

(
z1i , z

)
/τtemp

)
15:　　　　　

Li ← −log

 exp
(
s+i

)
exp

(
s+i

)
+ Δi

16:　　　　　

17:　　　　end for

L ← (1/B)
∑

iLi18:　　　　

(θ, ϕ)← ADAMW ((θ, ϕ) ,∇L)19:　　　　

Q← ENQUEUE
(
Q, {z2i }

)
;TRIM (Q,MQ)20:　　　　

21:　　　end for

22:　　end for

θ∗, ϕ∗23:　　return 
24: end procedure

sim (u, v) = uT v l2_norm (x) = x/|x|2 TOP-Kroll
K

Notation: ; ; 
returns the  largest inner-products.
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Eθ Gϕ

ei

where  denotes  the trained TFSF encoder and  represents  a
multilayer  projection  head  consisting  of  linear  layers,  batch
normalization,  and  ReLU  activations.  This  produces  an
embedding  that  resides  on  the  128-dimensional  unit
hypersphere.  Embeddings  for  all  sequences  are  subsequently
stored  in  a  database  along  with  unique  identifiers  for  retrieval
tasks.

To  facilitate  efficient  retrieval,  we  adopt  a  two-stage  indexing
strategy  combining  unsupervised  clustering  with  hierarchical
navigable  small-world  graphs  (HNSW)  (Malkov  and  Yashunin
2020).

Edb = {ei}Ndb
i=1

nc

Given  the  database  embeddings ,  we  first
partition them into  clusters via k-means clustering:

arg min
{cccj}

Ndb∑
i=1

min
j
||eeei − cccj||22 (23)

{cccj}ncj=1where  denote  cluster  centroids.  Each  embedding  is  thus
associated with a cluster label.

Within  each  cluster,  we  construct  a  separate  HNSW  index
designed for efficient approximate nearest-neighbor search under
cosine distance:

dcos (x, y) = 1− xT yyy
||x||2||y||2

(24)

j

M = 16 ef_construction = 200

Specifically, for cluster , an HNSW index is initialized and built
using  all  embeddings  within  that  cluster.  Parameters  including

 and  are set to balance retrieval
speed and accuracy.

Eval =
{
e′k
}Nval

k=1

k

Given  validation  embeddings ,  retrieval  is
conducted  by  predicting  cluster  assignments  via  the  prefitted  k-
means  model  and  querying  the  corresponding  cluster-specific
HNSW index to identify the  nearest database embeddings:

{el}kl=1 = HNSW_knn_query (el′) (25)

Each retrieved embedding index corresponds to an entry in the

k {l1, . . . , lk}

original  database  JSON  file,  from  which  associated  ground  truth
trajectories  are  extracted.  Formally,  given  the  validation
embedding index  and retrieved indices ,  the output
structure is

Rk = {T (lj)}kj=1 (26)

T (lj)
lj

where  denotes  the  trajectory  annotation  corresponding  to
database embedding index . This is a pipeline designed for large-
scale  validation  datasets.  In  practical  applications,  a  new  scene
sequence  can  be  independently  embedded  and  used  for  one-to-
one retrieval, retaining a single trajectory.

Representative  retrieval  examples  are  illustrated  in Fig.  3.  The
top  row  displays  a  sequence  of  query  driving  frames  sampled  at
uniform intervals over the past 3 s, capturing a scenario involving
a  truck  ahead.  The  subsequent  three  rows  illustrate  the  top-3
retrieval results obtained by the proposed embedding and retrieval
method.  Each  retrieval  result  consists  of  a  visually  similar
sequence of frames retrieved from the training database using the
learned embeddings. The ground truth trajectories corresponding
to  each  retrieved  sequence  are  provided,  including  position
coordinates  (x, y)  and velocities  (in  km/h)  for  future  timestamps
at  intervals  of  0.5  s,  spanning  the  next  3  s.  These  retrieved  cases
demonstrate  the  ability  of  the  embedding  pipeline  to  effectively
capture visual similarity and retrieve semantically relevant driving
scenarios,  thereby  providing  useful  trajectory  priors  for
downstream prediction tasks.

3.4  Triple-stage fine-tuning strategy
Reliable  trajectory  prediction  in  autonomous  driving  relies  on
VLMs'  ability  to  accurately  perceive  spatial  relationships  in
complex  traffic  scenes.  Although  VLMs  have  already
demonstrated strong reasoning capabilities,  their  depth and scale
estimation  from  monocular  inputs  often  remains  suboptimal,
particularly  for  distant  targets.  Such  deficiencies  can  cascade
through  the  prediction  pipeline,  leading  to  unsafe  trajectories.
Therefore,  we adopt a triple-stage fine-tuning strategy for VLMs,
in which the  first  stage  is  designed to  enhance spatial  perception

 

Query driving frames:
3 s ago 2.5 s ago 2 s ago 1.5 s ago 1 s ago 0.5 s ago now

3 s ago 2.5 s ago 2 s ago 1.5 s ago 1 s ago 0.5 s ago now

3 s ago 2.5 s ago 2 s ago 1.5 s ago 1 s ago 0.5 s ago now

3 s ago 2.5 s ago 2 s ago 1.5 s ago 1 s ago 0.5 s ago now

Top−1 retrieval:

Ground truth trajectory in the next 3 s: "{"0.5 s": {"x": 2.9, "y": −0.0, "velocity": 20.72}, "1.0 s": {"x": 5.8, "y": 0.0, "velocity": 20.84}, "1.5 s": {"x": 8.7, "y": 0.1, "velocity": 20.85}, "2.0 s":
{"x": 11.7, "y": 0.1, "velocity": 20.6}, "2.5 s": {"x": 14.0, "y": 0.2, "velocity": 20.6}, "3.0 s": {"x": 16.9, "y": 0.2, "velocity": 20.04}}"
Top−2 retrieval:

Ground truth trajectory in the next 3 s: "{"0.5 s": {"x": 6.0, "y": 0.0, "velocity": 35.67}, "1.0 s": {"x": 11.0, "y": 0.0, "velocity": 35.56}, "1.5 s": {"x": 16.1, "y": −0.0, "velocity": 35.7}, "2.0 s":
{"x": 21.1, "y": −0.1, "velocity": 36.01}, "2.5 s": {"x": 25.2, "y": −0.1, "velocity": 36.33}, "3.0 s": {"x": 30.3, "y": −0.2, "velocity": 36.57}}"
Top−3 retrieval:

Ground truth trajectory in the next 3 s: "trajectories": "{"0.5 s": {"x": 2.4, "y": 0.0, "velocity": 16.27}, "1.0 s": {"x": 4.6, "y": 0.0, "velocity": 15.06}, "1.5 s": {"x": 6.6, "y": 0.0, "velocity": 13.78},
"2.0 s": {"x": 8.4, "y": −0.0, "velocity": 12.54}, "2.5 s": {"x": 10.1, "y": −0.1, "velocity": 11.37}, "3.0 s": {"x": 11.6, "y": −0.1, "velocity": 10.12}}"

Fig. 3    Illustration of the embedding-based retrieval pipeline in action.
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capabilities  from  front-view  frames,  while  the  second  and  third
stages optimize trajectory prediction using surround-view images
and  consecutive  front-view  frames,  respectively,  along  with
ground-truth trajectories.

3.4.1  Stage  A:  Toward  enhancement  of  the  spatial  perception
capabilities of VLMs

In  this  stage,  the  vision  encoder  is  frozen,  and  only  the  LLM
backbone  of  the  VLM  is  adapted  to  enhance  spatial  perception.
We  construct  a  spatial  perception  dataset  from  nuScenes  in  a
VQA  format,  containing  over  100,000  verified  question-answer
pairs  that  cover  three  perception  tasks  essential  for  planning:
object  classification,  physical  size  estimation,  and  distance
inference  (Wang  et  al.,  2025c).  Examples  of  distance  inference
tasks in the training dataset are illustrated in Fig. 4.

The multitask loss for this stage is formulated as

LA =
1
B

B∑
n=1

[
αn ·

(
−

C∑
k=1

ηk,nlogπk,n

)

+βn ·
1
3

3∑
d=1

(sd,n − ŝd,n)2 + γn ·
(
dn − d̂n

)2
]

(27)

B C
ηk,n πk,n

k n
sd,n ŝd.n

d dn d̂n
αn βn γn

where  denotes  the  batch  size;  is  the  number  of  semantic
categories;  and  represent the one-hot ground-truth label
and predicted probability for category  of sample , respectively;

 and  indicate the predicted and reference object size along
dimension ,  respectively;  and  refer  to  the  predicted  and
actual distance to the ego vehicle, respectively; and , , and 
are  binary  indicators  specifying  whether  the  classification,  size
regression,  and  distance  regression  terms  are  active  for  that
sample.

We adopt  Qwen-series  VLMs as  the  backbone  and use  LoRA
(Hu et al., 2022a) as the fine-tuning framework. This stage aims to
enhance the spatial perception ability of VLMs, thereby forming a
robust perceptual foundation for subsequent fine-tuning.

3.4.2  Stage B: Toward scene-conditioned trajectory prediction from
surround-view images

Stage B is designed to train VLMs to output trajectories from six
input  surround-view  images.  Each  training  instance  includes  the
surround-view images, along with the ego vehicle’s current status,
the historical trajectory over the past three seconds, and a guiding
way-point  that  indicates  the  intended  direction  within  the
prediction horizon.

Visual  tokens  are  extracted  by  a  frozen  vision  encoder  and

fused  with  the  current  velocity,  the  past  three-second  trajectory,
and  the  way-point  before  entering  the  LLM  backbone.  The
training  objective  fits  coordinates  and  velocities  through  a
standard  regression  loss,  with  simple  regularizers  that  encourage
smooth motion and reasonable curvature over time:

LB =
1
B

B∑
r=1

1
Q

Q∑
q=1

[
(xq,r − x̃q,r)2 + (yq,r − ỹq,r)2

+(vq,r − ṽq,r)2
]

(28)

Q = 3
(xq,r, yq,r, vq,r)

r q

where  denotes  the  prediction  horizons  (1  s,  2  s,  3  s),
 are  the  predicted  egocentric x/y coordinates  and

velocity for sample  at horizon , and tildes indicate their ground-
truth  counterparts.  The  LoRA  fine-tuning  is  still  applied  in  this
stage.

This stage trains VLMs to generate physically realizable, short-
term  trajectories  according  to  surround-view  images.  The
resulting  motion-aligned  representation  forms  the  bridge  from
Stage  A’s  perception  enhancement  to  Stage  C’s  end-to-end
trajectory prediction.

3.4.3  Stage  C:  toward  end-to-end  trajectory  prediction  from
consecutive front-view frames

Stage  C  finalizes  the  triple-stage  pipeline  by  training  VLMs  to
produce short-horizon ego trajectories directly from a consecutive
front-view frame sequence.  Each training instance supplies  seven
front-view  frames  timestamped  at –3.0, –2.5, –2.0, –1.5, –1.0,
–0.5,  0.0 s relative to the present,  a short history of ego positions
and velocities expressed in the ego frame, and an optional soft way-
point  that  provides  a  directional  prior  without  imposing  arrival
within the prediction horizon.

Architecturally,  the  seven  frames  are  tokenized  by  the  frozen
vision encoder  and augmented with  relative-time embeddings  to
preserve  temporal  order.  These  visual  tokens  are  concatenated
with  structured  kinematic  features  (history  trajectory  waypoints
and velocities).  Consistent  with  earlier  stages,  we retain  a  Qwen-
series VLM and adapt only the LLM parameters via LoRA, which
keeps  adaptation  parameter-efficient  while  focusing  the
optimization on temporal reasoning from consecutive frames.

LC = LB

LC

To  avoid  mathematical  duplication,  Stage  C  reuses  the
trajectory  regression  objective  introduced  in  Stage  B  ( ),
which jointly penalizes coordinate and velocity errors. In practice,
Stage  C  minimizes  without  introducing  new  loss  terms,  and
only  task-specific  tuning  of  the  regularization  weights  is
performed  to  accommodate  the  reduced  field-of-view  and  the
stronger reliance on temporal cues.

 

Image

System This image is from the front view camera. The height of the image is 900 pixels and the width is 1600 pixels, and the pixel at top-left in
the image has the coordinates [0,0]. The bounding box is a rectangle in the image composed of 2 pixel coordinates.

Questions
How many meters is the truck located
within the bounding box [[0, 460], [313,
591]] distance from us in the image?

How many meters is the construction
worker located within the bounding box
[[943, 404], [996, 517]] distance from us
in the image?

How many meters is the trafficcone
locatedwithin the bounding box [[339,
565], [406, 668]] distance from us in the
image?

Answers The truck is 26.5 m away from us. The construction worker is 23.3 m away
from us. The trafficcone is 12.2 m away from us.

Fig. 4    Examples of distance inference tasks in the training dataset.
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Stage  C  therefore  completes  this  triple-stage  fine-tuning
strategy  by  converting  the  perception  capabilities  from  Stage  A
and  the  surround-view  priors  from  Stage  B  into  a  front-view-
centric  temporal  planner.  Stage  C  seamlessly  integrates  into  the
unified  optimization  framework  while  contributing  front-view-
specific  temporal  reasoning  essential  for  practical,  deployable
single-camera planning.

3.4.4  Practical choice between LoRA and GRPO
While reinforcement learning (RL)-based preference optimization
methods, such as group relative policy optimization (GRPO), have
recently  shown promise  for  aligning  VLMs,  our  design  objective
in  this  work  is  to  optimize  short-horizon  trajectory  coordinates
with physics-aware regularization and safety proxies under a RAG
framework.  In  this  setting,  LoRA-based  fine-tuning  of  the  LLM
backbone of a VLM offers three practical advantages:

Objective alignment and stability: Our loss directly matches the
evaluation  metrics  (L2  displacement  and  collision  rate).
Supervised,  gradient-based  training  with  LoRA  offers  a
straightforward and stable optimization process. In contrast, using
GRPO-style  reinforcement  learning  would  require  designing
surrogate  rewards  for  trajectories,  handling  temporal  credit
assignment over long horizons, and carefully tuning safety-related
factors,  which  are  all  known  to  introduce  instability  and  high
variance in practice.

Data efficiency and modularity: LoRA updates only a small set
of  parameters  and  fits  neatly  into  our  triple-stage  fine-tuning
pipeline,  without  needing  to  unfreeze  the  vision  encoders  or
retrain  any  reward  models.  This  makes  the  training  process
parameter-efficient,  easy  to  reproduce,  and  well  aligned  with  the
deployment-latency requirements of our retrieval pipeline.

For  these  reasons,  we use  LoRA in this  work because it  aligns
well with our metric-supervised objectives and deployment needs,
and  it  provides  a  stable  and  low-variance  way  to  optimize  the
model.  GRPO-style  alignment  is  still  valuable,  but  mainly  for

future efforts that focus on preference- or rule-based refinements
such as comfort, driving style, or normative compliance, which are
outside the scope of our current open-loop evaluation.

3.5  Chain-of-thought prompting paradigm
To  strengthen  the  reasoning  capabilities  of  VLMs  in  trajectory
prediction for autonomous driving, we employ a CoT prompting
strategy  that  encourages  the  VLM  to  reason  step  by  step  using
retrieved reference scenes. Instead of relying on standard prompts
that  ask  for  a  prediction  based  solely  on  the  current  scene,  our
method  incorporates  structured  multimodal  context  and
comparative reasoning so that the VLM can follow a more human-
like decision process.

As illustrated in Fig. 5, our CoT prompting is organized around
a  multiscene  structure.  The  model  is  first  presented  with  several
reference  scenes  that  are  retrieved  through  our  embedding  and
retrieval  pipeline,  where  the  number  of  retrieved  samples  is
controlled by the  Top-K setting.  After  processing these  reference
scenes,  the  model  receives  the  target  scene  for  inference.  Each
reference scene contains the following components:
● A sequence of seven front-view images captured at time steps

{3.0 s, 2.5 s, 2.0 s, 1.5 s, 1.0 s, 0.5 s, 0.0 s} before the present,
● Historical  trajectory  data,  including  position  and  velocity  in

the ego vehicle coordinate system,
● An  optional  navigation  way-point  representing  a  desired

future direction,
● The ground truth future trajectory of the ego vehicle.
This  exemplar-guided  context  helps  the  model  form  a  clear

understanding  of  how  scene  dynamics  relate  to  vehicle  motion
and the types of future trajectories that are feasible. By examining
multiple  instances,  the  model  learns  to  recognize  recurring
patterns,  interpret  scene-specific  constraints,  and  transfer  this
understanding  to  new  but  related  driving  scenarios.  To  ensure
coherent  and  safe  trajectory  generation,  the  system  prompt

 

System
prompt

You are an autonomous driving trajectory prediction assistant. You will be given:
• Seven sequential front-camera images taken at 3.0 s, 2.5 s, 2.0 s, 1.5 s, 1.0 s, 0.5 s, and 0.0 s (current time) before now.
• The past vehicle states including both position (x, y) and speed (km/h) in the current coordinate system (current position is (0, 0)).
• An optional navigation waypoint (soft target), which represents a future desired direction but does not require reaching it within 3 s.
Before you start, I will provide 3* similar traffic scenes which will assist you to better understand your task and my request. Please note that I
am providing separate but similar scenes for you to understand and learn from, you need to think about the similarities and differences among
the first three and the last one (which is for you to reason).
Here are some considerations for trajectory planning:
• It must be noted that there must be no collision.
• The velocity of the trajectory should be smooth, and do not change too much if it is not necessary.
• The trajectory needs to be generated on the road where the vehicle can travel, not in inaccessible areas such as crosswalks and barricades.
• The output coordinates and vehicle velocity are reserved to one decimal place.
• The coordinates that the vehicle needs to pass through do not need to arrive in 3 s, it is only a guide in a direction.
Please output the destination point of the vehicle coordinate system for the next 1 s, 2 s, 3 s and the velocity of the vehicle when it reaches
that point, respectively. The definition of vehicle coordinate system is the same as the definition of vehicle coordinate system at current time.
Output strictly in JSON format, with each value rounded to 1 decimal place.
*Adjustable according to the top-k value

User
prompt

First similar scene
• 7 sequential front-view frames
• Past trajectories & speeds
• Navigation Waypoint
• Ground truth future trajectory

Second similar scene
• 7 sequential front-view frames
• Past trajectories & speeds
• Navigation Waypoint
• Ground truth future trajectory

Third similar scene
• 7 sequential front-view frames
• Past trajectories & speeds
• Navigation Waypoint
• Ground truth future trajectory

Scene for prediction
Now here comes the 4th scene for you to predict.
• 7 sequential front-view frames
• Past trajectories & speeds
• Navigation Waypoint
Please predict the next 3 s trajectory.

Fig. 5    Example of the CoT prompting paradigm.
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specifies  several  concrete  planning  considerations,  such  as
collision  avoidance,  velocity  smoothness,  and  adherence  to
drivable  areas.  These  considerations  improve  the  feasibility  of
outputs.

A  key  feature  of  our  CoT  paradigm  is  its  focus  on  relational
reasoning.  The  model  is  guided  to  compare  the  reference  scenes
with the target scene and to identify both their common structure
and distinguishing characteristics. This strengthens the transfer of
knowledge  across  scenes  and  supports  effective  contextual
adaptation. In addition, all spatial information is represented in a
unified  vehicle-centric  coordinate  system,  and  temporal  cues  are
explicitly  annotated,  which  provides  clear  temporal  and  spatial
grounding for the trajectory prediction task.

Similarly,  the  prompt  structure  is  designed  so  that  the  ego
vehicle's  dynamic  status,  such  as  velocity,  acceleration,  and  yaw
angle, can be incorporated directly during inference. These values
could  be  supplied  to  the  system  without  extra  preprocessing,
which  allows  the  model  to  make  more  accurate  and  contextwise
decisions.

4  Experiment

4.1  Experimental setup

4.1.1  Data preparation

We divide the 34,000 scenes from the nuScenes dataset (Caesar et
al., 2020) into four subsets:
● The  first  subset  consists  of  10,000  scenes.  After  removing

redundant frames that lack either the first 3 s of historical context
or  the  last  3  s  of  future  trajectory  information,  a  total  of  9062
overlapping  scene  sequences  remain.  We use  this  subset  to  train
the TFSF vision encoder.
● The second subset also contains 10,000 scenes. In Stage A, we

use  the  surround-view  images  from  this  subset  to  build  a  fine-
tuning  dataset  to  enhance  the  spatial  perception  abilities  of  the
VLMs.  In  Stage  B,  we  further  fine-tune  VLMs  using  both  the
surround-view  images  and  corresponding  3-s  future  trajectory
ground  truths,  enhancing  its  trajectory  prediction  performance.
Following the same filtering strategy as in the first subset, the front-
view  frames  of  these  10,000  scenes  are  divided  into  1117
nonoverlapping  scene  sequences.  These  sequences,  paired  with
their  3-s  future  trajectory  ground  truths,  are  utilized  in  Stage  C,
serving  as  the  final  stage  to  jointly  optimize  spatiotemporal
reasoning and trajectory prediction.
● The third subset also includes 10,000 scenes. As with the first

subset,  we  extract  9062  overlapping  scene  sequences.  Each
sequence is paired with its corresponding 3-s future trajectory and
encoded into a joint vector representation with the TFSF encoder.
These  representations  are  stored  in  a  vector-based  knowledge
base, which is used in the RAG pipeline.
● The remaining 4000 scenes are used to construct the validation

set,  from  which  3871  valid  overlapping  scene  sequences  are
obtained.  This  subset  is  used to evaluate  the overall  performance
of VLMs.

All  training  or  fine-tuning  subsets  (for  the  TFSF  encoder
training,  Stage-A/B/C fine-tuning,  and building the database)  are
constructed  exclusively  from  the  nuScenes  training  data  and  are
disjointed  from  the  held-out  official  test  set.  All  comparative
results  reported  in  Section  4.2  are  obtained  on  the  nuScenes
official test split.

4.1.2  Evaluation metrics

The  prediction  of  trajectories  is  evaluated  using  the  L2

displacement  error  and  the  collision  rate.  More  specifically,  we
adopt the L2 and collision rate based on UniAD (Hu et al., 2023)
and ST-P3 (Hu et al., 2022b). UniAD's NoAvg protocol computes
the error at each horizon using only the prediction made for that
specific horizon, without any temporal averaging. In contrast, ST-
P3's  TemAvg  protocol  computes  the  score  at  a  horizon  as  the
cumulative arithmetic mean of the intermediate scores of 0.5 s up
to  that  horizon,  which  smooths  the  results  over  time.  In  the
comparative  experiments,  we  report  KEPT's  performance  under
both  protocols  so  that  it  is  directly  comparable  with  different
baselines. In the ablation study, since external comparisons are not
needed, we evaluate performance using the NoAvg protocol.

4.1.3  Vision-language model backbone

In  our  experiments,  we  adopt  the  Qwen2-VL-2B  model  as  the
default  VLM  backbone.  As  previously  noted,  this  component  is
modular  and  can  be  substituted  with  other  models  in  the  Qwen
family,  including  Qwen2-VL-7B,  Qwen2.5-VL-3B,  Qwen2.5-VL-
7B,  or  larger-scale  variants.  We  choose  the  2B  model  because  it
requires far less computation during both training and inference.
This  makes  it  suitable  for  real-time  use  and  for  deployment  on
resource-limited  platforms.  A  further  ablation  study  on  various
VLM backbones is conducted in Section 4.3.5. All evaluations are
conducted on four NVIDIA A800 GPUs.

4.2  Comparative experiments
All  comparisons are performed on the official  nuScenes test  split
using a shared open-loop setting. Baselines that operate on single-
frame vision inputs are evaluated directly on the same test scenes
without  retraining.  In  contrast,  KEPT  processes  a  rolling  three-
second clip sampled at 2 Hz, which provides seven frames, and we
report  both  the  NoAvg  (per-horizon)  and  TemAvg  (temporal
average  up  to  the  horizon)  results  to  match  common  reporting
conventions.  Methods  that  make  use  of  ego  status  information
such  as  velocity,  acceleration,  or  yaw  angle  are  marked  with  an
asterisk  in Table  1.  We  provide  the  results  of  KEPT  under  both
configurations  to  maintain  fair  comparisons.  This  evaluation
setup preserves the intended usage of each baseline and highlights
the specific benefit introduced by KEPT's short-horizon temporal
context.

The  methods  summarized  in Table  1 fall  into  four
representative  families,  each  incorporating  geometry,  temporal
cues  and  semantics  into  the  planning  process  in  a  different  way.
End-to-end  BEV-centric  planners  such  as  UniAD  (Hu  et  al.,
2023), ST-P3 (Hu et al., 2022b), and BEV-Planner (Li et al., 2024)
transform  multiview  images  into  BEV  features  and  decode
waypoints within a unified planning network. These methods are
closely  tied  to  the  planning  objective,  yet  they  usually  rely  on
single-frame  inputs  during  inference,  which  could  make  long-
horizon behavior sensitive to momentary visual noise. Vectorized
approaches  such  as  VAD-Base  (Jiang  et  al.,  2023a)  model  lanes
and  agents  as  structured  vectors,  which  serve  as  geometric
constraints,  making  the  planner  more  disciplined  and  more
efficient.  Occupancy  and world-model  pipelines,  such as  OccNet
(Ahmed  et  al.,  2023)  and  Drive-OccWorld  (Yang  et  al.,  2025b),
take  different  routes.  They  reconstruct  or  predict  the
multidimensional  occupancy  of  the  environment  before
generating  a  plan.  This  design  provides  clear  geometric
grounding,  although  it  increases  computation  and  extends  the
planning chain.  The last  group of  methods uses VLMs or LLMs,
including GPT-Driver (Mao et al.,  2023), RDA-Driver (Huang et
al., 2024b), DME-Driver (Han et al., 2025), DriveVLM (Tian et al.,
2024), and Omni-Drive (Wang et al., 2025a). These models bring
language-based  reasoning  into  the  planning  process,  which
improves  interpretability  and  supports  higher-level  decision

KEPT: Knowledge-enhanced prediction of trajectories from consecutive driving frames with vision-language models 9640012-11

https://doi.org/10.26599/COMMTR.2026.9640012
 

https://doi.org/10.26599/COMMTR.2026.9640012


making.  They  often  require  additional  components  to  connect
their text-based reasoning to accurate geometric constraints.

From this perspective, KEPT follows a different design strategy.
It  introduces  short-horizon  temporal  fusion  at  the  input  stage
through the  TFSF encoder,  incorporates  compact  retrieval  priors
by RAG,  and performs decoding with  CoT prompts.  With these
design  choices,  the  results  in Table  1 form  a  clear  trend.  KEPT
performs  better  under  both  the  NoAvg  and  TemAvg  protocols.
This suggests that its improvements reflect real gains in trajectory
quality.  Temporal  averaging  mainly  smooths  out  frame-to-frame
noise.  Since  KEPT  already  takes  in  temporally  coherent  inputs,
averaging  simply  makes  this  stability  more  visible,  especially
compared with single-frame baselines.

At  the  same  time,  the  largest  performance  gaps  in Table  1
appear  at  the  far-horizon  range  of  2–3  s.  This  is  exactly  where
single-frame  BEV  planners  tend  to  fail,  especially  under  low
visibility  or  partial  occlusion.  In  such  conditions,  some  water
reflections  or  shadows  could  be  mistaken  for  real  structures  and
cause lateral drift.  Additionally, the lack of historical motion cues
could delay longitudinal responses. KEPT addresses these issues in
two  complementary  ways.  The  TFSF  encoder  extracts  features
from  a  short  rolling  clip,  which  strengthens  signals  that  remain
stable  across  frames  while  reducing  the  influence  of  transient
artifacts.  The  RAG  pipeline  then  provides  additional  prior
knowledge to help stabilize the decoder when the visual evidence
becomes sparse. By the 2–3 s horizon, this combination produces
trajectories  that  stay  closer  to  the  ground  truth  and  maintain  a
smoother velocity pattern.

Moreover, comparisons within each method family help clarify
practical  trade-offs.  Compared with occupancy and world-model
pipelines,  KEPT  retains  temporal  consistency  and  avoids  the
heavy  cost  of  multidimensional  forecasting  and  the  long
generative chain. This makes KEPT more suitable for deployment
under realistic computational limits. Compared with other VLM-
based  planners,  KEPTs  give  up  detailed  natural-language
explanations in exchange for better spatial grounding. This trade-
off leads to higher-quality open-loop waypoints.

In conclusion,  KEPT's  performance should be understood not
as a small leaderboard gain but as evidence that combining short-
horizon temporal fusion with RAG and CoT leads to more stable
far-horizon  trajectories  across  a  range  of  methods  on  a  shared
benchmark.

4.3  Ablation studies

4.3.1  Ablation study on fine-tuning stages

We  assess  the  contribution  of  the  three  fine-tuning  stages  by
selectively enabling or disabling Stage A and Stage B while keeping
Stage C active. The numerical results are provided in Table 2. As
discussed  in  Section  3.4,  Stage  A  enhances  spatial  perception,
Stage  B  adds  motion  reasoning  with  surround-view  images,  and
Stage  C  directly  optimizes  trajectory  prediction  on  consecutive
front-view frames.

1)  Without  ego  status.  Enabling  all  three  stages  produces  the
best accuracy and safety,  with an average L2 error of 0.71 m and

 

Table 1    Performance comparison with representative published baselines and our KEPT

NoAvg TemAvg Method
L2 (m)↓ Collision (%)↓

1 s 2 s 3 s Avg. 1 s 2 s 3 s Avg.
× × FF (Hu et al., 2021b) 0.55 1.20 2.54 1.43 0.06 0.17 1.07 0.43
× × EO (Khurana et al., 2022) 0.67 1.36 2.78 1.60 0.04 0.09 0.88 0.33
√ × ST-P3 (Hu et al., 2022b) 1.72 3.26 4.86 3.28 0.44 1.08 3.01 1.51
√ × OccNet (Ahmed et al., 2023) 1.29 2.13 2.99 2.14 0.21 0.59 1.37 0.72
√ × UniAD (Hu et al., 2023) 0.48 0.96 1.65 1.03 0.05 0.17 0.71 0.31
√ × VAD-Base (Jiang et al., 2023a) 0.54 1.15 1.98 1.22 0.10 0.24 0.96 0.43
√ × Drive-OccWorld (Yang et al., 2025b) 0.32 0.75 1.49 0.85 0.05 0.17 0.64 0.29
√ × KEPT (ours, on Qwen2-VL-2B) 0.23 0.63 1.23 0.70 0.05 0.14 0.44 0.21
× √ ST-P3 (Hu et al., 2022b) 1.33 2.11 2.90 2.11 0.23 0.62 1.27 0.71
× √ UniAD (Hu et al., 2023) 0.44 0.67 0.96 0.69 0.04 0.08 0.23 0.12
× √ VAD-Base (Jiang et al., 2023a) 0.41 0.70 1.05 0.72 0.07 0.17 0.41 0.22
× √ Drive-OccWorld (Yang et al., 2025b) 0.25 0.44 0.72 0.47 0.03 0.08 0.22 0.11
× √ KEPT (ours, on Qwen2-VL-2B) 0.17 0.35 0.59 0.37 0.03 0.10 0.34 0.16
√ × GPT-Driver* (Mao et al., 2023) 0.27 0.74 1.52 0.84 0.07 0.15 1.10 0.34
√ × RDA-Driver* (Huang et al., 2024b) 0.23 0.73 1.54 0.80 0.00 0.13 0.83 0.32
√ × DME-Driver* (Han et al., 2025) 0.43 0.91 1.58 0.97 0.04 0.14 0.64 0.27
√ × VLP* (Pan et al., 2024) 0.36 0.68 1.19 0.74 0.03 0.12 0.32 0.16
√ × KEPT* (ours, on Qwen2-VL-2B) 0.19 0.52 1.12 0.61 0.02 0.11 0.29 0.14
× √ UniAD* (Hu et al., 2023) 0.20 0.42 0.75 0.46 0.02 0.25 0.84 0.37
× √ VAD-Base* (Jiang et al., 2023a) 0.17 0.34 0.60 0.37 0.04 0.27 0.67 0.33
× √ GPT-Driver* (Mao et al., 2023) 0.20 0.40 0.70 0.44 0.04 0.12 0.36 0.17
× √ RDA-Driver* (Huang et al., 2024b) 0.17 0.37 0.69 0.40 0.01 0.05 0.26 0.10
× √ BEV-Planner* (Li et al., 2024) 0.16 0.32 0.57 0.35 0.00 0.29 0.73 0.34
× √ VLP* (Pan et al., 2024) 0.30 0.53 0.84 0.55 0.01 0.07 0.38 0.15
× √ DriveVLM* (Tian et al., 2024) 0.18 0.34 0.68 0.40 0.10 0.22 0.45 0.27
× √ OmniDrive* (Wang et al., 2025a) 0.14 0.29 0.55 0.33 0.00 0.13 0.78 0.30
× √ Drive-OccWorld* (Yang et al., 2025b) 0.17 0.31 0.49 0.32 0.02 0.24 0.62 0.29
× √ KEPT* (ours, on Qwen2-VL-2B) 0.14 0.28 0.51 0.31 0.01 0.06 0.13 0.07

Note: The results from preprints are excluded. ↓ indicates "lower is better". * indicates the use of ego status as inputs.
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an average collision rate of 0.24%. When Stage A is removed, the
average  L2  increases  to  0.76  m,  and  the  collision  rate  rises  to
0.48%. Removing Stage B leads to an average L2 of 0.78 m and a
collision  rate  of  0.49%.  The  largest  differences  appear  at  longer
horizons. The 3-s L2 decreases from 1.40 to 1.41 m (without Stage
A or without Stage B) to 1.25 m when all  stages are active,  while
the  1-s  L2  remains  close  at  0.23  m.  This  shows  that  the
combination  of  Stage  A  and  Stage  B  mainly  strengthens  long-
horizon stability.

2) With ego status. With all stages active, the KEPT reaches an
average L2 error of 0.63 m and a collision rate of 0.16%. Removing
Stage  A  or  Stage  B  increases  the  average  L2  to  0.75  m,  with
collision  rates  of  0.45%  and  0.51%,  respectively.  Differences  at
shorter  horizons  remain  small,  while  most  of  the  improvements
come  from  longer  horizons.  The  3-s  L2  decreases  from  1.39  or
1.36 to 1.13 m, and the 2-s L2 decreases from 0.64 or 0.66 to 0.56
m when combining all three stages together.

Across both usage modes, having Stage A and Stage B together
in  addition  to  Stage  C  is  crucial.  Removing  either  stage  weakens
the  long-horizon  accuracy  and  increases  the  collision  risk,  while
the  full  triple-stage  fine-tuning  strategy  consistently  ensures  the
most accurate and safest trajectories. This result is consistent with
the design goals outlined in Section 3.4.

4.3.2  Ablation study on the Top-K value of RAG

KTable  3 evaluates  how  many  retrieved  examples  ( )  should  be
provided.  All  variants  use  the  same  triple-stage  fine-tuning
strategy  so  that  the  effect  of  retrieval  depth  can  be  examined  in
isolation.  In  line  with  the  RAG  pipeline  in  Section  3.3  and  the
CoT  integration  in  Section  3.5,  the  results  follow  a  concave
pattern.  A small  Top-K offers  useful  priors  that  complement  the
target scene, while a large Top-K weakens the planner's reasoning.

K

1) Without ego status. Increasing the retrieval depth from Top-
0 (without any retrieval scenes) to Top-2 improves both accuracy
and safety. The average L2 decreases from 0.73 to 0.70 m, and the
average collision rate decreases from 0.26% to 0.21%. The largest
improvements  appear  at  the  3-second  horizon,  where  L2  drops
from 1.30 to 1.23 m and the collision rate decreases from 0.55% to
0.44%. When  is  increased beyond 2,  the trend reverses,  which
suggests  that  many  retrieved  scenes  introduce  noise  rather  than
helpful context.

2)  With  ego  status.  The  Top-2*  configuration  reaches  an
average L2 of 0.61 m and an average collision rate of 0.14%. This
represents  an  improvement  over  Top-0*.  Long-horizon  metrics
are also improved, with the 3-s L2 decreasing from 1.15 to 1.12 m
and the collision rate decreasing from 0.38% to 0.29%. As before,
using a large Top-K value leads to worse performance.

K = 2
A  small  but  effective  retrieval  set  works  best  in  our  pipeline.

Using  consistently provides the strongest balance between
accuracy  and safety.  This  matches  the  motivation in  Sections  3.3
and 3.5. For this reason, we use Top-2 as the default setting for the
main results in Section 4.2.

4.3.3  Ablation study on different retrieval strategies

To evaluate the effectiveness of our retrieval strategy, we conduct
an  ablation  study  comparing  the  proposed  k-means  &  HNSW
pipeline  with  a  simple  similarity  search,  a  k-means  only  variant,
and  a  standard  HNSW  search.  Since  clustering  and  HNSW
indexing  have  little  influence  on  retrieval  accuracy  but
significantly  reduce  retrieval  time,  we  focus  on  their  efficiency
benefits. For this ablation, we report the average time required to
retrieve results for a single test scene, which serves as the primary
measure of retrieval performance.

For  each  retrieval  strategy,  we  evaluate  the  performance  using
 

Table 2    Ablation study on fine-tuning stages

Fine-tuning stage Ego status L2 (m)↓ Collision (%)↓
Stage A Stage B Stage C Current (v, a, yaw) 1 s 2 s 3 s Avg. 1 s 2 s 3 s Avg.

× √ √ × 0.23 0.65 1.40 0.76 0.15 0.39 0.89 0.48
√ × √ × 0.23 0.69 1.41 0.78 0.13 0.42 0.93 0.49
√ √ √ × 0.23 0.64 1.25 0.71 0.06 0.16 0.51 0.24
× √ √ √ 0.23 0.64 1.39 0.75 0.14 0.37 0.83 0.45
√ × √ √ 0.22 0.66 1.36 0.75 0.11 0.44 0.97 0.51
√ √ √ √ 0.21 0.56 1.13 0.63 0.03 0.13 0.31 0.16

Note: Only the NoAvg protocol is adopted. ↓ indicates lower is better. The Top-K value of RAG is set to 1 accordingly. The VLM backbone is Qwen2-VL-
2B.

 

Table 3    Ablation study on the Top-K value of RAG

Top-K Retrieval
↓L2 (m) ↓Collision (%)

1 s 2 s 3 s Avg. 1 s 2 s 3 s Avg.
Top-0 (w/o RAG) 0.24 0.66 1.30 0.73 0.06 0.18 0.55 0.26

Top-1 0.23 0.64 1.25 0.71 0.06 0.16 0.51 0.24
Top-2 0.23 0.63 1.23 0.70 0.05 0.14 0.44 0.21
Top-3 0.25 0.68 1.27 0.73 0.07 0.19 0.59 0.28
Top-4 0.31 0.78 1.41 0.83 0.09 0.23 0.74 0.35

Top-0* (w/o RAG) 0.21 0.58 1.15 0.65 0.05 0.15 0.38 0.19
Top-1* 0.21 0.56 1.13 0.63 0.03 0.13 0.31 0.16
Top-2* 0.19 0.52 1.12 0.61 0.02 0.11 0.29 0.14
Top-3* 0.22 0.58 1.17 0.66 0.07 0.19 0.44 0.23
Top-4* 0.24 0.62 1.26 0.71 0.08 0.21 0.53 0.27

↓Note: indicates lower is better. * indicates the use of ego status as inputs. Only the NoAvg protocol is adopted. The VLM backbone is Qwen2-VL-2B.
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Top-K values  from 1  to  5.  We then  compute  the  final  metric  as
the arithmetic mean across these Top-K settings, giving a balanced
view  of  retrieval  speed.  As  shown  in Table  4,  a  simple  cosine-
similarity  search  already  achieves  millisecond-level  performance
on the database of nearly ten thousand scene embeddings. Adding
k-means  clustering  lowers  the  average  query  time  to
approximately 0.1 ms. HNSW offers an additional improvement,
reducing  the  retrieval  latency  to  approximately  0.03  ms.  Our  k-
means  &  HNSW  method  achieves  the  best  efficiency,  with  an
average retrieval time of 0.014 ms per query. All retrieval tests are
run on a single Intel i7-13 700 CPU without GPU acceleration.

4.3.4  Ablation study on various vision encoders

To  validate  the  design  of  the  TFSF  encoder,  we  compare  three
vision  encoders  in  this  ablation,  namely,  a  temporal  spatial-only
variant that aggregates per-frame features over time in the image
spatial  domain,  a  temporal  frequency-only  variant  that  operates
purely  in  the  temporal  frequency  domain,  and  the  full  TFSF
encoder that combines both branches. The results are summarized
in Table 5.

The  numbers  show  a  consistent  pattern.  Removing  either
branch leads to a degradation in both L2 and collision rate, while
the  full  TFSF  encoder  achieves  the  best  performance  across  all
horizons.  The  gap  is  particularly  clear  at  2-3  s,  where  single-
branch  encoders  are  more  prone  to  lateral  drift  and  delayed
reactions.

The  temporal  spatial  branch  maintains  a  high-fidelity,
multiscale description of the scene layout as frames evolve, which
is crucial for understanding static obstacles and road geometry. In
contrast,  the  temporal  frequency  branch  emphasizes  temporal
variation  in  the  feature  space,  which  helps  the  encoder  remain
stable  when  objects  move  in  and  out  of  view  or  when  lighting

conditions  change  suddenly.  When  only  the  spatial  branch  is
used,  the  encoder  lacks  robustness  to  blocks  and  inadequate
lighting, and its long-horizon predictions become more imprecise.
When  only  the  frequency  branch  is  used,  the  vision  encoding
loses  spatial  precision.  The  full  TFSF  encoder  brings  these  two
perspectives together and therefore achieves better performance in
downstream tasks.

4.3.5  Ablation study on various VLM backbones

To examine how KEPT performs with different VLM backbones,
we replace Qwen2-VL-2B in our pipeline with three other Qwen-
series  VLMs,  namely,  Qwen2-VL-7B,  Qwen2.5-VL-3B,  and
Qwen2.5-VL-7B. Table  6 summarizes  the  L2 displacement  error,
collision rate, and average inference time, which is crucial for the
potential application of the framework.

The results indicate that increasing the parameter scale of VLM
backbones  can  indeed  bring  measurable  benefits  to  both  the  L2
and  collision  rate  metrics.  Both  7B  VLMs  improve  upon  the  2B
baseline,  and  Qwen2.5-VL-7B  achieves  the  lowest  errors,  with
consistent  gains  at  1,  2,  and  3  s.  Since  the  parameter  scale  of
Qwen2.5-VL-3B  is  comparable  to  that  of  Qwen2-VL-2B,  their
overall performance is also quite similar.

At  the  same  time,  this  ablation  study  also  makes  it  clear  that
these  gains  come  with  a  substantial  increase  in  inference  time.
Both  7B  VLMs,  although  they  achieve  better  performance,  still
incur  noticeable  slow-downs.  From  the  perspective  of  an
autonomous  driving  system,  a  longer  inference  time  directly
increases  computational  cost  and  could  significantly  harm  real-
time performance. In addition, the 7B VLMs are clearly harder to
deploy  on  a  vehicle  than  the  2B  VLM,  especially  once  RAG  is
enabled and the prompt becomes longer, which further raises the
memory requirements.

 

Table 4    Ablation study on the retrieval time of different retrieval strategies (Unit: ms)

Retrieval strategy Top-1 Avg. Top-2 Avg. Top-3 Avg. Top-4 Avg. Top-5 Avg. Overall Avg.
Simple search 0.766 0.783 0.748 0.796 0.756 0.770
k-means only 0.162 0.159 0.149 0.150 0.150 0.154
HNSW only 0.032 0.033 0.031 0.032 0.034 0.032

k-means & HNSW 0.014 0.014 0.015 0.013 0.014 0.014

 

Table 5    Ablation study on vision encoders

Vision encoder
↓L2 (m) ↓Collision (%)

1 s 2 s 3 s Avg. 1 s 2 s 3 s Avg.
Temporal spatial-only* 0.22 0.61 1.23 0.69 0.04 0.19 0.41 0.21

Temporal frequency-only* 0.23 0.62 1.25 0.70 0.04 0.21 0.48 0.24
TFSF* 0.21 0.56 1.13 0.63 0.03 0.13 0.31 0.16

↓Note: Only the NoAvg protocol is adopted.  indicates lower is better. * indicates the use of ego status as inputs. The Top-K value of RAG is set to 1
accordingly. The VLM backbone is Qwen2-VL-2B.

 

Table 6    Ablation study on VLM backbones

VLM backbone
↓L2 (m) ↓Collision (%)

↓Avg. Inf. Time (s)
1 s 2 s 3 s Avg. 1 s 2 s 3 s Avg.

Qwen2-VL-2B* 0.21 0.56 1.13 0.63 0.03 0.13 0.31 0.16 7.36
Qwen2-VL-7B* 0.20 0.53 1.09 0.61 0.03 0.11 0.28 0.14 11.27

Qwen2.5-VL-3B* 0.21 0.54 1.11 0.62 0.03 0.13 0.33 0.16 8.11
Qwen2.5-VL-7B* 0.19 0.52 1.07 0.59 0.03 0.10 0.26 0.13 14.43

↓Note: Only the NoAvg protocol is adopted.  indicates lower is better. * indicates the use of ego status as inputs. The Top-K value of RAG is set to 1
accordingly.
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In summary, this ablation shows that KEPT could benefit from
larger  VLMs.  However,  when  jointly  considering  accuracy  and
computational cost, Qwen2-VL-2B offers the most balanced trade-
off.  We  therefore  adopt  Qwen2-VL-2B  as  the  default  VLM
backbone  for  all  main  experiments  and  regard  the  7B  VLMs  as
upper-bound  variants  that  illustrate  the  potential  of  the
framework when latency constraints are relaxed.

4.4  Case studies
In this subsection, we examine six representative scenes from the
nuScenes  official  test  set:  three  long-tail  success  and  three  failure
cases  to  evaluate  model  behavior  in  challenging,  long-tail
conditions. For the failure cases, we also demonstrate how prompt
refinement could benefit the predicted trajectories.

4.4.1  Long-tail success case analysis

In Fig.  6,  we  demonstrate  how  the  KEPT  provides  feasible
trajectories  in  three  long-tail  cases.  Scene  #1  shows  that  the  ego
vehicle  is  entering  a  nonstandard  intersection  with  relatively  low
visibility.  Temporary  barriers,  the  bus,  and  weak  lane  markings
make  it  difficult  to  determine  the  correct  path.  Scene  #2  shows
that  the  ego  vehicle  is  driving  along  an  urban  straight  road  in
heavy  rain.  The  wet  surface  produces  strong  reflections,  and  the
right side is occupied by a construction area. Scene #3 shows that
the  ego  vehicle  is  approaching  a  nonstandard  intersection  with
ambiguous  lane  boundaries.  In  all  demonstrated  cases,  KEPT
could  predict  trajectories  with  good  alignment  to  ground  truth
trajectories.

These  successful  cases  provide  a  concrete  view  of  how  KEPT
performs in such long-tail  situations.  The TFSF encoder helps to
capture  both  frequency  and  spatial  patterns  when  parts  of  the
scene  are  occluded  or  when  illumination  varies  from  frame  to
frame.  The  retrieved  reference  scenes  provide  additional  prior
knowledge,  which  is  further  combined  with  CoT  prompts  to
ensure feasible trajectories. These components together guarantee
reasonable motion planning even when the road layout and visual
condition are not ideal.

4.4.2  Long-tail failure case analysis

In Fig.  7,  we also demonstrate that  the KEPT might fail  in scene
understanding and trajectory prediction in several cases. Scene #4
shows that the ego vehicle is approaching a T-junction with a car
trying  to  merge  from the  left  side  road.  Scene  #5  shows  that  the
ego  vehicle  is  driving  along  an  urban road  with  the  current  lane
occupied  by  a  slow  vehicle  ahead.  Scene  #6  shows  that  the  ego
vehicle is trying to turn left at an irregular intersection with a bus
stopped ahead.

In  Scene  #4,  the  ego  vehicle  is  expected  to  decelerate  to  avoid
collision  with  the  merging  car,  as  the  ground  truth  trajectory
shows. However, the trajectory predicted by KEPT does not tend
to decelerate, which might lead to potential collisions. In Scene #5,
the  ego  vehicle  might  change  lanes  to  the  right  early  to  ensure
safety,  while  the  predicted  trajectory  seems  to  hold  the  current
lane.  In  Scene  #6,  the  ground  truth  trajectory  indicates  that  it  is
safe  for  the ego vehicle  to turn left,  but  KEPT chooses to stop at
the intersection, as all predicted way-points are (0.0, 0.0).

Since  the  overall  retrieval  and  fine-tuning  paradigm  is  fixed,
possible  improvement  of  the  predicted  trajectories  is  expected
with  slight  modifications  on  prompts.  We  therefore  refine  the
CoT prompts  according to different  failure  cases.  Specifically,  we
change the listed considerations in the CoT prompting paradigm
in Fig. 5 according to different failure cases, and the refined parts
are listed in Fig. 8.

In Fig. 9, we demonstrate the improved trajectories by refining
the prompts of the failure cases. In Scene #4, with the help of the
modified  prompts,  KEPT  captures  the  merging  tendency  of  the
car  in  the  intersection  and  therefore  generates  a  trajectory  of
slowing down. In Scene #5, KEPT notices the slow car ahead and
recognizes the potential blockage of the current lane and therefore
decides to change lanes to the right. In Scene #6, according to the
refined  prompt,  the  KEPT  regards  the  current  situation  as  safe
and  therefore  generates  a  left-turn  trajectory.  All  improved
trajectories  maintain  good  alignment  with  the  ground  truth,
suggesting  that  the  quality  of  generated  trajectories  could  benefit
from modifications on the CoT prompts in case of failure.

 

Scene #1

Ground truth Response

Scene #2

Ground truth Response

Scene #3

Ground truth Response

gt: "{"0.5 s": {"x": 2.4, "y": −0.0, "velocity": 16.98}, "1.0 s": {"x": 4.6, "y":
−0.1, "velocity": 15.19}, "1.5 s": {"x": 6.7, "y": −0.2, "velocity": 13.21},
"2.0 s": {"x": 8.5, "y": −0.4, "velocity": 11.47}, "2.5 s": {"x": 10.3, "y": −0.5,
"velocity": 9.88}, "3.0 s": {"x": 11.5, "y": −0.7, "velocity": 8.48}}"

response: "{"0.5 s": {"x": 2.5, "y": −0.1, "velocity": 16.4}, "1.0 s": {"x": 4.6,
"y": −0.2, "velocity": 14.3}, "1.5 s": {"x": 6.6, "y": −0.3, "velocity": 13.1},
"2.0 s": {"x": 8.4, "y": −0.4, "velocity": 12.6}, "2.5 s": {"x": 10.3, "y": −0.6,
"velocity": 12.4}, "3.0 s": {"x": 12.2, "y": −0.8, "velocity": 12.8}}"

gt: "{"0.5 s": {"x": 4.1, "y": −0.0, "velocity": 28.7}, "1.0 s": {"x": 8.1, "y":
−0.1, "velocity": 28.99}, "1.5 s": {"x": 12.2, "y": −0.2, "velocity": 29.12},
"2.0 s": {"x": 16.3, "y": −0.4, "velocity": 28.63}, "2.5 s": {"x": 19.8, "y": −0.5,
"velocity": 27.44}, "3.0 s": {"x": 23.5, "y": −0.7, "velocity": 26.23}}"

response: "{"0.5 s": {"x": 4.0, "y": −0.0, "velocity": 29.1}, "1.0 s": {"x": 8.1,
"y": −0.1, "velocity": 28.9}, "1.5 s": {"x": 12.1, "y": −0.2, "velocity": 28.8},
"2.0 s": {"x": 16.1, "y": −0.3, "velocity": 28.4}, "2.5 s": {"x": 20.1, "y": −0.5,
"velocity": 28.9}, "3.0 s": {"x": 24.2, "y": −0.7, "velocity": 29.6}}"

gt: "{"0.5 s": {"x": 3.6, "y": −0.1, "velocity": 25.5}, "1.0 s": {"x": 7.2, "y":
−0.3, "velocity": 25.87}, "1.5 s": {"x": 10.8, "y": −0.5, "velocity": 25.96},
"2.0 s": {"x": 14.5, "y": −0.8, "velocity": 25.52}, "2.5 s": {"x": 18.0, "y": −1.2,
"velocity": 24.75}, "3.0 s": {"x": 21.4, "y": −1.5, "velocity": 23.61}}"

response: "{"0.5 s": {"x": 3.6, "y": −0.1, "velocity": 25.6}, "1.0 s": {"x": 7.2,
"y": −0.2, "velocity": 25.7}, "1.5 s": {"x": 10.8, "y": −0.4, "velocity": 25.6},
"2.0 s": {"x": 14.4, "y": −0.6, "velocity": 25.6}, "2.5 s": {"x": 18.0, "y": −0.8,
"velocity": 25.4}, "3.0 s": {"x": 21.6, "y": −1.1, "velocity": 24.9}}"

Fig. 6    Long-tail successes. Green denotes the ground truth trajectory, and red denotes the model response. Some trajectory way-points cannot be fully shown in the
front-view image due to field-of-view limits. The Top-K value of RAG is set to 2 accordingly. The VLM backbone is Qwen2-VL-2B.
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5  Conclusions
In  this  study,  we  introduce  KEPT,  a  retrieval-augmented  VLM
framework  for  short-horizon  trajectory  prediction  from
consecutive driving frames. KEPT integrates a TFSF encoder that
produces  motion-aware  scene  embeddings,  a  scalable  retrieval
module  based  on  k-means  clustering  and  HNSW  indexing,  a
triple-stage fine-tuning strategy for the VLM backbone, and a CoT
prompting paradigm designed around planning constraints.

Experiments  on  the  nuScenes  dataset  show  that  KEPT
improves  a  range  of  baseline  methods  across  both  open-loop
protocols. Under NoAvg, it achieves lower L2 errors and collision
rates  than  recent  modular  and  VLM-based  planners.  Under
TemAvg,  it  stays  competitive  without  ego-status  inputs  and
delivers the best accuracy-safety balance when ego information is
provided.  Ablation studies highlight two key factors.  Stages A,  B,
and  C  should  work  together,  for  removing  either  spatial
perception  or  trajectory-supervised  reasoning  fine-tuning  harms

 

Scene #4

Ground truth Response

Scene #5

Ground truth Response

Scene #6

Ground truth Response

gt: "{"0.5 s": {"x": 2.1, "y": −0.0, "velocity": 17.71}, "1.0 s": {"x": 4.1, "y":
−0.0, "velocity": 13.2}, "1.5 s": {"x": 5.5, "y": −0.1, "velocity": 9.09},
"2.0 s": {"x": 6.5, "y": −0.1, "velocity": 6.78}, "2.5 s": {"x": 7.2, "y": −0.1,
"velocity": 6.36}, "3.0 s": {"x": 8.0, "y": −0.1, "velocity": 6.42}}"

response: "{"0.5 s": {"x": 2.9, "y": −0.0, "velocity": 19.8}, "1.0 s": {"x": 5.6,
"y": −0.0, "velocity": 19.3}, "1.5 s": {"x": 8.3, "y": −0.1, "velocity": 19.3},
"2.0 s": {"x": 11.1, "y": −0.1, "velocity": 19.2}, "2.5 s": {"x": 13.8, "y": −0.1,
"velocity": 18.1}, "3.0 s": {"x": 16.3, "y": −0.2, "velocity": 16.6}}"

gt: "{"0.5 s": {"x": 4.0, "y": −0.1, "velocity": 28.09}, "1.0 s": {"x": 8.7, "y":
−0.4, "velocity": 28.23}, "1.5 s": {"x": 12.7, "y": −0.8, "velocity": 28.77},
"2.0 s": {"x": 18.0, "y": −1.7, "velocity": 29.18}, "2.5 s": {"x": 22.1, "y": −2.5,
"velocity": 27.21}, "3.0 s": {"x": 25.8, "y": −3.3, "velocity": 25.03}}"

response: "{"0.5 s": {"x": 4.0, "y": −0.1, "velocity": 27.6}, "1.0 s": {"x": 7.7,
"y": −0.2, "velocity": 25.9}, "1.5 s": {"x": 11.2, "y": −0.4, "velocity": 24.2},
"2.0 s": {"x": 14.4, "y": −0.7, "velocity": 22.3}, "2.5 s": {"x": 17.4, "y": −1.1,
"velocity": 20.9}, "3.0 s": {"x": 20.2, "y": −1.6, "velocity": 19.9}}"

gt: "{"0.5 s": {"x": 0.0, "y": −0.0, "velocity": 0.0}, "1.0 s": {"x": 0.5, "y": 0.0,
"velocity": 4.45}, "1.5 s": {"x": 1.6, "y": 0.1, "velocity": 7.31}, "2.0 s": {"x":
2.9, "y": 0.2, "velocity": 9.2}, "2.5 s": {"x": 4.5, "y": 0.5, "velocity": 10.88},
"3.0 s": {"x": 6.2, "y": 1.1, "velocity": 14.32}}"

response: "{"0.5 s": {"x": 0.0, "y": 0.0, "velocity": 0.0}, "1.0 s": {"x": 0.0,
"y": 0.0, "velocity": 0.0}, "1.5 s": {"x": 0.0, "y": 0.0, "velocity": 0.0}, "2.0 s":
{"x": 0.0, "y": 0.0, "velocity": 0.0}, "2.5 s": {"x": 0.0, "y": 0.0, "velocity":
0.0}, "3.0 s": {"x": 0.0, "y": 0.0, "velocity": 0.0}}"

Fig. 7    Failure case analysis. Green denotes the ground truth trajectory, and red denotes the model response. Some trajectory way-points cannot be fully shown in the
front-view image due to field-of-view limits. The Top-K value of RAG is set to 2 accordingly. The VLM backbone is Qwen2-VL-2B.
 

Original

Scene #4

Scene #5

Scene #6

Here are some considerations for trajectory planning:
• It must be noted that there must be no collision.
• The velocity of the trajectory should be smooth, and do not change too much if it is not necessary.
• The trajectory needs to be generated on the road where the vehicle can travel, not in inaccessible areas such as crosswalks and barricades.
• The output coordinates and vehicle velocity are reserved to one decimal place.
• The coordinates that the vehicle needs to pass through do not need to arrive in 3 s, it is only a guide in a direction.

Here are some considerations for trajectory planning:
• It must be noted that there must be no collision. If any road user may intrude into the ego vehicle's intended path or right-of-way is uncertain, the ego
  vehicle must begin strong deceleration immediately. Use a clear, early, and continuous speed reduction: apply at least 3 m/s2 deceleration (and up to 5.0 m/s2

  if time-to-collision is < 2.0 s or the lateral gap is < 5.0 m) until the conflict is resolved or the ego speed falls to ≤ 10 m/s.
• The velocity of the trajectory should be smooth, and the initial velocity must be reasonable depending on the current acceleration. If the current
  acceleration is negative (the vehicle is decelerating), the predicted initial velocity should continue this deceleration trend rather than increase. Similarly, if
  the current acceleration is positive, the predicted velocity should smoothly continue the accelerating trend.
• The trajectory needs to be generated on the road where the vehicle can travel, not in inaccessible areas such as crosswalks and barricades.
• The output coordinates and vehicle velocity are reserved to one decimal place.
• The coordinates that the vehicle needs to pass through do not need to arrive in 3 s, it is only a guide in a direction.

Here are some considerations for trajectory planning:
• It must be noted that there must be no collision.
• The velocity of the trajectory should be smooth and continuous; avoid unnecessary braking, and when the road ahead or the adjacent lane is free, it is
  generally better to maintain or gently increase speed rather than slowing down. When the lane ahead or the adjacent lane is open, it is generally more
  reasonable for the ego vehicle to keep its current cruising speed rather than slowing down too early.
• The trajectory needs to be generated on the road where the vehicle can travel, not in inaccessible areas such as crosswalks and barricades.
• The output coordinates and vehicle velocity are reserved to one decimal place.
• The coordinates that the vehicle needs to pass through do not need to arrive in 3 s, it is only a guide in a direction.
• When the lead vehicle ahead shows hazard lights and remains nearly stationary relative to the ego vehicle, it should be interpreted as a temporary
  blockage of the current lane; in such situations, the ego vehicle naturally shifts into a lane-changing or passing behavior, using a clearly noticeable lateral
  movement while keeping the motion purposeful and uninterrupted.

Here are some considerations for trajectory planning:
• It must be noted that there must be no collision.
• The velocity of the trajectory should be smooth, and do not change too much if it is not necessary.
• The trajectory needs to be generated on the road where the vehicle can travel, not in inaccessible areas such as crosswalks and barricades.
• The output coordinates and vehicle velocity are reserved to one decimal place.
• The coordinates that the vehicle needs to pass through do not need to arrive in 3 s, it is only a guide in a direction.
• Give more weight to the most recent frames (0.5 and 0.0 s) when deciding whether it is safe to move: if no pedestrian is visible in the ego lane or about to
  enter it in these frames, the ego vehicle can gently start moving forward from a standstill while still respecting a cautious low initial speed.

Fig. 8    Refined prompts according to different failure cases. Only the considerations part of system prompts is modified. The supplementary considerations aim to guide
the VLM to understand the current scene better, and to execute more appropriate actions.

9640012-16 Wang Y J, Wang T Y, Liu Q F, et al.

Commun Transp Res, 2026, 6(1): 9640012
 



long-horizon  accuracy  and  safety.  Additionally,  Top-2  retrieval
consistently  offers  the  clearest  gains  by  providing  useful  priors
without  adding  noise.  Finally,  the  proposed  k-means  &  HNSW
retrieval achieves submillisecond latency, supporting real-time use.

Despite these gains, KEPT has several limitations. Our retrieval
priors  are  built  from  nuScenes-like  distributions,  coverage  and
clustering granularity bound performance, and long-tail or out-of-
domain  scenes  (e.g.,  extreme  weather,  unusual  road  rules)  may
yield  suboptimal  priors.  The  TFSF  encoder  currently  uses  seven
2 Hz front-view frames and predicts short horizons; richer sensors
and  longer  temporal  context  could  improve  stability.  CoT
prompting adds variability and modest latency, and our constraint
set  is  partly  hand-crafted.  Finally,  we  report  open-loop  metrics;
closed-loop,  real-time  evaluations  on  a  vehicle  are  required  to
verify safety and robustness.

Future  work  will  therefore  (1)  extend  KEPT  to  multisensor
inputs  and cross-city  generalization  with  domain  adaptation  and
(2)  develop  active  and  safety-aware  retrieval  that  updates  the
knowledge  base  in  real  time.  In  addition,  RL-based  alignment
(e.g.,  GRPO)  is  orthogonal  and  complementary  to  our  present
approach.  A principled integration couples  our  supervised LoRA
stages  with  (1)  a  reward  model  encoding  multiobjective  driving
preferences  (e.g.,  comfort,  legality,  social  compliance)  and  (2)
simulation- or  dataset-in-the-loop  rollouts  for  closed-loop  credit
alignment.  We  anticipate  two  promising  paths:  the  first  path  is
LoRA  followed  by  GRPO,  where  LoRA  provides  stable  metric
grounding  and  GRPO performs  light  posttraining  for  preference
trade-offs;  the  second  path  is  constrained  RL,  where  retrieval-
supplied  priors  and  CoT  constraints  act  as  safety  shields  during
policy  updates.  We  leave  these  preference-centric  extensions  to
future  work,  as  they  require  additional  infrastructure  (reward
definition,  rollouts,  and  safety  monitors)  beyond  the  open-loop,
metric-supervised scope of this paper. We believe these directions,
together with the lightweight nature of the Qwen-series backbones
used  here,  make  KEPT  a  promising  foundation  for  trustworthy,
interpretable, and scalable VLM planning in autonomous driving.
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