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Abstract—Although machine learning (ML) models for con-
nected and autonomous vehicles (CAVs) report steadily improv-
ing accuracy on curated benchmarks, these gains often fail to
translate to onboard, in-field deployments. A primary reason
is that the models are engineered around clean, information-
dense inputs, while operational sensing data is imperfect and
dominated by redundant or low-salience frames. This wastes
scarce compute, creates pipeline backlog, and forces decisions
to rely on stale perception and prediction outputs, degrading
accuracy and increasing end-to-end latency. To bridge this
gap, we propose CAAL-VLM, an adaptive logging pipeline that
removes redundant and non-informative frames while preserving
task-relevant content, thereby improving accuracy and timeliness.
CAAL-VLM incorporates two designed reinforcement learning
(RL) logging policies: one for camera data, which leverages
SigLIP similarity and Qwen-VL semantics to retain safety-
critical visual evidence while suppressing redundancy; and one
for LiDAR data, where scene similarity and odometry stability
guide adaptive logging while maintaining geometric fidelity.
Building on adaptive logging, we further introduce a VLM-
guided sensing module to maintain perception accuracy under
challenging scenarios by adapting sensing decisions to scene
context. Extensive experiments show that CAAL-VLM reduces
I/0 overhead by ~27% and perception latency by ~42%, while
improving perception robustness under adverse conditions.

Index Terms—Adaptive logging, vision-language model.

I. INTRODUCTION

Connected and autonomous vehicles (CAVs) are safety-
critical cyber-physical systems. Their driving stack is an
machine-learning (ML) sensor-to-decision pipeline that maps
high-rate multimodal data to perception and prediction, then
to downstream driving decisions that directly govern safety.

Most CAV ML models are built around benchmark-
conditioned assumptions of clean, high-quality sensor inputs,
which break in the field where sensing is inherently noisy and
imperfect. For example, LiDAR-only [1], [2], camera-only [3],
[4], and LiDAR—camera fusion detectors [5], [6] perform well
on KITTI [7], nuScenes [8], and Waymo [9], yet prior studies
report up to 30-60% accuracy drops on uncurated in-field data
[10]-[12], revealing a persistent benchmark-to-reality gap.

In practice, this benchmark-to-field mismatch often appears
as pervasive redundancy in raw sensor streams. A Pandar64
LiDAR emits 10 point-cloud frames per second [13], about
230,000 points per frame [14], yet on highways many con-
secutive scans are near-duplicates and frequently contain no
safety-critical objects (e.g., pedestrians), with many points
coming from low-value regions such as sky or distant static
background. At scale, this yields over 5 TB of raw LiDAR
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Fig. 1. The severity of redundant and non-informative sensor frames
lies in their tendency to degrade perception accuracy (e.g., missed de-
tections), increase latency, and waste CPU, I/O, and storage resources.
Their impact is further amplified in adverse environments such as
rain, fog, and snow, where the performance of multiple camera- and
LiDAR-based detection models deteriorates substantially.

data per day per sensor [14], much of the raw sensor stream
carries limited task- or safety-relevant information.

These frames force the vehicle to act on outdated rather than
current inputs, degrading ML accuracy (Figure 1). As real-time
inference capacity is fundamentally limited, a model can pro-
cess a fixed number of frames per second. When many frames
are redundant or non-informative, they consume this limited
budget and leave fewer timely opportunities for genuinely
new evidence [15]-[17]. Thus, critical informative frames may
not be processed promptly, delaying scene understanding and
downstream decisions and increasing safety risk.

Moreover, redundant or non-informative frames can bias
model training. Because learning is implicitly weighted by
sample frequency, a dataset dominated by near-duplicate
scenes repeatedly exposes the model to benign operating
conditions (e.g., clear-weather cruising). Prior work finds that
many training samples contribute little new learning signal,
whereas rare or challenging examples disproportionately shape
the decision boundary [18]. Therefore, models trained on
redundancy-dominated datasets degrade significantly under
rare events (e.g., adverse-weather visibility loss) [10], reveal-
ing weakened robustness when reliability is most critical.

Not only do redundant and non-informative frames degrade
ML accuracy, but they also waste storage capacity and con-



sume scarce CPU and I/O resources. Given the hardware
constraints of CAV platforms, every frame must still be
received, copied, and passed through middleware queues such
as the Data Distribution Service (DDS) in Robot Operating
System 2 [19]-[21] before it can be processed or written
to storage. As a result, these low-value frames compete for
CPU cycles, cache, memory bandwidth, and I/O throughput on
the vehicle’s onboard computing platform [22]-[27], reducing
headroom for safety-critical perception, planning, and control
workloads. This contention underscores the need to suppress
redundant frames before they enter the processing pipeline.

Collectively, these issues highlight the need to address re-
dundant and non-informative frames in CAV ML pipelines. We
therefore investigate the following research questions (RQs):

RQ;: Can we design a value-aware mechanism that sup-
presses redundant or non-informative sensor frames in CAV,
rather than logging all frames indiscriminately? RQs: (a) Can
a value-aware logging mechanism reduce storage cost while
preserving perception accuracy and end-to-end latency? (b) If
80, is this robustness preserved under challenging scenarios
(e.g., adverse weather, complex scenes)?

Contributions: To suppress redundant and non-informative
frames in ML perception pipelines, we propose CAAL-VLM
(Context-Aware Adaptive Logging with Vision-Language
Models), which improves storage efficiency while preserving
accuracy and latency. The key contributions are as follows:

« Since redundant and non-informative frames degrade per-
ception accuracy while wasting scarce CAV resources, we
present CAAL-VLM, a unified, safety-aware adaptive logging
pipeline for camera and LiDAR data in CAVs. The pipeline
jointly reasons about (i) which frames are safety-critical
or semantically valuable, (i7) whether a frame contributes
new visual or geometric evidence beyond recent history,
and (i7¢) how aggressively frames should be retained or
suppressed given current conditions and resource headroom.
A dedicated chain-of-thought (CoT) module converts scene
semantics and sensor-integrity cues into structured context
signals that feed the camera and LiDAR branches. Sensor-
specific action policies then decide, for each frame, whether
it should be kept (optionally at reduced fidelity) or safely
dropped, enabling value-driven logging that removes non-
informative data while preserving ML performance.

o For camera data, this logging pipeline that combines visual
redundancy detection (SigLIP) with VLM-based semantic
understanding (Qwen-VL), together with a reinforcement
learning (RL) policy that selects the final logging action for
each frame. Frames containing safety-critical events (e.g.,
pedestrians, hazards, or traffic-rule changes) or substantial
semantic shifts are always retained at full resolution. When
no such cues exist, redundancy is determined by SigLIP
similarity: highly similar frames are dropped, moderately
similar frames are stored at reduced resolution, and dis-
similar frames are preserved in full quality. This three-
level retention strategy improves storage efficiency while
maintaining safety-relevant visual evidence.

o For LiDAR data, we propose a three-part logging mecha-
nism: (¢) content-aware frame deduplication, which projects
each scan into a Bird’s Eye View (BEV) histogram and
uses Chi-square distance to suppress near-identical scans
over time; (¢¢) adaptive threshold selection, where an RL
policy tunes the similarity threshold based on downstream
LiDAR-odometry stability, ensuring that informative geo-
metric change is preserved; and (¢i7) performance-aware
retention, which keeps scans that improve localization re-
liability while discarding redundant ones to reduce storage
and compute overhead. Together, these modules remove
temporal redundancy while preserving the geometric fidelity
required for accurate mapping and localization.

« Extensive evaluation across storage efficiency, Quality of
Service (QoS), and perception robustness shows that CAAL-
VLM reduces camera storage by ~23% and LiDAR stor-
age by ~27%, while lowering camera peak bandwidth by
~28%. Under the same logging budget, CAAL-VLM further
reduces QoS violations by ~13% and lowers perception
latency by ~42%. It also improves recall by ~37%, indicat-
ing markedly stronger preservation of object-level evidence.
Together, these gains reduce CPU and I/O pressure and
improve runtime stability at full throughput.

o Building on CAAL-VLM’s value-aware logging design, we
further introduce a VLM-guided, context-aware sensing
module that converts scene semantics and sensor-integrity
cues into transparent, verifiable sensing decisions. It per-
forms (7) scene context extraction, (¢¢) modality-specific
reliability scoring, and (ii¢) context-aware selection across
camera, LiDAR, and fusion. This design enhances auditabil-
ity and further improves perception accuracy and robustness
in adverse visibility (e.g., rainy-weather mAP improves from
0.75 to 0.86, a ~1.15x relative gain over YOLOv10). We
also provide an in-depth discussion of our experimental
results and trends.

II. BACKGROUND AND DESIGN RATIONALE

Maintaining onboard logging that is both resource-efficient
and safety-relevant under adverse conditions requires decision
mechanisms that are resource-aware and semantically inter-
pretable [28]. While low-latency redundancy cues (pixel sim-
ilarity, motion magnitude, point-count statistics) can suppress
non-informative data, they often cannot explain why a scene
is challenging (e.g., intersection occlusions) or which frames
are safety-relevant (e.g., pedestrians near crosswalks) [29],
[30]. This motivates semantic, scene-aware visual logging
based on vision-language models (VLMs), which convert raw
observations into structured context for adaptive control that
balances logging efficiency with perception reliability [31].

Vision-Language Models for Contextual Scene Rep-
resentation. VLMs map visual observations into a joint
vision-text space [32], enabling the extraction of scene-level
semantics that low-level similarity metrics cannot capture
[33]. Rather than relying solely on pixel- or geometry-
level differences, VLMs align images with linguistic concepts
and produce structured descriptors of global context (e.g.,



weather/visibility, scene type such as highway or intersection,
and coarse occlusion cues). We adopt VLMs for safety-critical
logging as they provide rich, auditable semantics beyond low-
level features, capturing visibility degradation, scene layout,
and risk-relevant entities across conditions [34]-[37].

Semantic Context Extraction with Qwen-VL. Among avail-
able VLMs, we adopt Qwen-VL for its strong vision-text
understanding, robust grounding, and instruction-following
behavior [38]. In our pipeline, Qwen-VL acts as a context
extractor that outputs structured semantics of the operat-
ing environment, including (¢) high-level conditions (e.g.,
foggy/rainy/snowy, day/night), (i7) scene type (e.g., intersec-
tion/highway), and (i) risk cues such as occlusions and
vulnerable road users (VRUs). These signals complement
visual similarity by abstracting pixel variation into scene-level
context, enabling difficulty and risk reasoning.

Lightweight Redundancy Detection with SigLIP. While
Qwen-VL provides semantic understanding of what is present
in a scene, efficient logging also requires estimating how
much new visual information a frame contributes relative
to recent observations. In real driving sequences, semantic
attributes often remain unchanged over long intervals even as
frames arrive at a high rate, making per-frame VLM inference
impractical on resource-constrained platforms. SigLIP [39]
complements Qwen-VL with a lightweight embedding-based
similarity score: cosine similarity filters near-duplicate frames,
while VLM reasoning is applied only to likely novel frames.

Adaptive Policy Control via Reinforcement Learning.
Although visual similarity and semantic context provide useful
signals, optimal logging depends on time-varying conditions
such as vehicle motion, sensor noise, weather severity, and
available compute/I/O. Thus, fixed similarity or compression
thresholds cannot consistently balance storage efficiency with
downstream perception fidelity. Reinforcement learning (RL)
is well suited to this setting because it frames logging as
a sequential control problem, enabling adaptive parameter
updates from observed system behavior rather than static
heuristics. Actions tune retention policies, and rewards trade
resource use against perception performance, enabling online,
architecture-agnostic adaptation without per-condition tuning.

III. ADAPTIVE LOGGING CAAL-VLM PIPELINE

To address RQ;, we present CAAL-VLM, which reduces
redundant and non-informative data (as shown in Figure 2).

A. Safety-Aware Adaptive Logging for Camera

This section presents a redundant and non-informative
frame removal pipeline combining two vision-language mod-
els: SigLIP for visual similarity estimation and Qwen-VL for
semantic scene understanding. Each frame is encoded into
visual and semantic embeddings to capture redundancy, con-
textual changes, and safety-critical events, and these signals
decide whether to keep, discard, or store the frame at reduced
resolution for efficient yet safety-preserving data handling.

1) SigLIP Embedding Extraction: SigLIP serves as the
visual redundancy detector in the deduplication pipeline by
measuring how visually similar the current frame [; is to a
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Fig. 2. Overview of the proposed CAAL-VLM safety-aware adaptive logging
pipeline. Camera frames are processed by SigLIP for visual redundancy
scoring and by Qwen-VL for semantic context and metadata for scene
understanding (e.g., weather, time, critical objects such as pedestrians, cycles),
then a prioritized policy based on important event, significant semantic change,
and redundancy decides to KEEP the frame, KEEP the frame in low-
resolution, or DROP the frame. In parallel, LIDAR scans are converted to
BEV histograms and compared using dynamic Chi-square distance, with the
RL-based adaptive deduplication module deciding to KEEP or DROP scans.

previously stored key frame. For each incoming image, SigLIP
computes a high-dimensional embedding v; = fsigrip(1y),
where v; € RP captures the frame’s global appearance.
To make the comparison consistent, each embedding is L2-
normalized (unit length) as ¥; = v;/||v¢||. Cosine similarity
measures visual overlap between consecutive frames, and the
corresponding distance decreases as redundancy increases.

a) Semantic Relevance: While SigLIP captures
appearance-level overlap, visual similarity alone can miss
safety-critical changes (e.g., a pedestrian entering view or a
signal change). To prevent this, Qwen-VL acts as a semantic
gate that checks for meaningful contextual change; when
it raises no important-event flag and the semantic-change
score is negligible, the redundancy decision is delegated to
SigLIP. Here, an important event is a Qwen-VL safety/task
indicator (e.g., hazards, traffic-rule changes, near-collisions),
and a critical object is a high-impact entity (e.g., pedestrian,
cyclist) whose state or motion can trigger the flag or increase
the semantic-change score. When such semantic cues are
absent, redundancy is decided purely by SigLIP similarity.

b) Similarity-Based  Deduplication: ~ Under this
semantic-negligible condition, we apply a visual-similarity
cutoff of 0.92 to identify frames that are visually
indistinguishable from the previously kept frame. This
choice reflects the empirical observation that SigLIP cosine
similarities above 0.9 typically indicate near-duplicate frames
in driving datasets, where camera motion is smooth and scene
structure changes gradually. Setting the cutoff slightly above
this point provides a safety margin that avoids dropping subtle
but meaningful differences while still removing redundant
frames [40]. Thus, frames with greater visual similarity are
treated as duplicates and dropped unless Qwen-VL indicates
semantic relevance or a safety-critical event occurs.

2) Qwen-VL Semantic Extraction: Qwen-VL provides
high-level semantic understanding of each frame, complement-



ing SigLIP by separating visually similar frames that may still
contain meaningful or safety-critical changes. For an input
frame I;, Qwen-VL produces visual tokens {hgl), e ,th 1,
projects them into the multimodal language space, and ag-
gregates them into a semantic embedding via mean pooling,
w =+ Zszl hgk). It also outputs structured metadata (time
of day, weather, detected objects, the Boolean important_event
flag) and a natural-language summary, capturing cues beyond
raw pixels to avoid dropping semantically important frames.

a) Semantic-Change Scoring: To quantify contextual
variation, a semantic-change score is computed by comparing
metadata with the last key frame. This score increases when
objects appear, disappear, or when environmental or contextual
conditions shift. Semantic similarity between adjacent frames
is also estimated from pooled embeddings via cosine similar-
ity, allowing the system to capture subtle scene changes.

b) Thresholding and Semantic Gating: The semantic-
change threshold separates minor fluctuations from meaningful
context shifts. Qwen-VL metadata differences typically form
two regimes: low scores (< 0.3) indicate negligible change,
while high scores (> 0.6) reflect substantive events (ob-
ject/traffic/environment changes). We set a threshold between
these regimes so only significant semantic transitions trigger
KEEP; otherwise, SigLIP stores moderate redundancy as low-
res and drops near-duplicate frames.

3) Visual-Semantic Fusion Strategy for Adaptive Log:
The final deduplication action is obtained by fusing
SigLIP visual similarity, Qwen-VL semantic signals, and
the PPO policy [41]. Each frame receives an action a; €
{KEEP, KEEP (Low-Resulation), DROP}, selected from the

_ 1 (vis) ;
state vector s; = [d; °, sct, important_event, |, where
d™ = 1 — 5™ denotes the SigLIP visual distance. The
decision policy follows three key rules:

« Safety override: If a safety-relevant event is detected If
Qwen-VL detects a safety-relevant important event, the
frame is always KEEP the frame regardless of similarity
scores, ensuring no critical evidence is lost.

« Semantic preservation: If the scene exhibits substan-
tial semantic change (i.e., the semantic-change score
exceeds), PPO policy assigns a higher probability to
the KEEP action given the current state, to improve
downstream scene understanding.

« Visual redundancy control: When semantics are negli-
gible (no important event and low semantic change), the
decision is driven by Sigl.IP visual similarity. .

- High similarity (sﬁ“” > Tarop): the current observation
is visually near-identical to the retained reference (e.g.,
same viewpoint, unchanged layout, no new objects), so
storing it adds negligible new information = DROP.

— Moderate similarity (7ioy < SEVIS) < Tarop): the frame
shows limited novelty (e.g., small viewpoint drift,
minor lighting/weather variation, slight object motion)
and may still support continuity or later retrieval =
KEEP the frame in low resulation to preserve coarse
context while reducing storage and bandwidth.

— Low _similarity (SEV’” < Tiow): the visual content
differs substantially (e.g., new scene region, signifi-
cant viewpoint change), indicating high information
gain = KEEP at full quality to protect downstream
mapping/localization and semantic interpretability.

As shown in Figure 3, when no important event is detected
with low semantic change, the policy uses a visual redundancy
score to drop redundant frames, store moderately redundant
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Fig. 3. Content-aware frame deduplication examples across low, moderate,
and high similarity: low-similarity pairs are kept, moderate-similarity pairs
are kept at lower resolution, and high-similarity pairs are dropped, guided by
scene context (time/weather), critical objects (e.g., pedestrian), and road type.

B. Safety-Aware Adaptive Logging for LIDAR

High-frequency 3D cloud points of LiIDAR sensors generate
large volumes of data in CAVs. Traditional logging strategies
such as fixed-rate sampling or ego-motion triggers often retain
many near-duplicate scans in slowly changing environments,
leading to substantial storage overhead with little added per-
ceptual value. We address this by measuring geometric change
between consecutive scans, keeping structurally informative
frames, and dropping redundant ones.

1) Content-Aware Deduplication: A LiDAR scan at time
t is represented as a point cloud P; = {(mi,yi,zi,li)}il\ifl,
where (x;,y;, z;) denotes 3D coordinates and I; is return inten-
sity. Directly comparing raw point clouds is computationally
expensive, so each scan is projected into a 2D bird’s-eye-
view (BEV) grid. Each point maps to a discrete ground-plane
coordinate (z,y), and a feature encoding g(z,I) (e.g., height
or intensity) populates the pixel, forming the BEV image
B.(x,y) = g(z,I). This projection preserves scene structure
while enabling efficient grid-based processing.
() BEV Projection and Histogram: Bird’s-Eye  View
(BEV) is a top-down 2D projection of the 3D scene that
converts irregular point clouds into a structured grid for
efficient spatial reasoning; the BEV image (Figure 4) is
converted into a normalized histogram H;(i) of N bins,
where Hy(i) = he(i)/3_; ht(j) and h¢(i) is the raw count in
bin ¢, and normalization improves robustness to varying point
densities, vehicle speed, and sensor noise while compactly
summarizing geometric structure for rapid comparison.

(i7) Chi-square Distance: = Geometric change between

frames is quantified wusing the Chi-square distance
. N2

X; = %Zf\i 1 %, where e prevents division

by zero. This metric is sensitive to relative differences in
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Fig. 4. Colorized bird’s-eye-view (BEV) height maps generated from two
consecutive LiDAR scans: (a) Frame 00 and (b) Frame 0O1. Pixel colors encode
the normalized height (z) values using a colormap, while white pixels indicate
empty BEV cells with no LiDAR returns.

histogram mass, allowing detection of structural variations
such as object motion, new obstacles, or environmental
changes, even under mild sensor noise. Because it captures
relative change, it remains robust under variable density.

In Figure 5, we compare Chi-square thresholding for LIDAR
deduplication. A dynamic threshold sets 7p;par from the
local distribution of {x?} (e.g., TLipaR = Percentile,({x?}),
p € [70,80]), adapting to noise, registration error, occlusions,
range effects, and scene dynamics to remain sensitive to mean-
ingful structural change. In contrast, a static/fixed threshold
assumes a stable scale for {x?}; When the distribution drifts,
a fixed 7 becomes too loose in static segments and too strict
in dynamic/noisy ones, causing inconsistent deduplication and
degrading downstream mapping, localization, or learning.
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Fig. 5. Static vs. dynamic chi-square similarity thresholds for content-
aware frame deduplication across a 500-frame sequence. The light-gray trace
shows the per-frame chi-square distance (dimensionless) between consecutive
frames, capturing short-term appearance/feature distribution changes over time
(x-axis: frame index; y-axis: chi-square distance). The dynamic threshold
(solid blue) adapts to local distance statistics rising in high-variability seg-
ments and relaxing in stable ones to avoid over-dropping during rapid changes
while still removing redundant frames. The static threshold (red dashed) stays
fixed, which can retain redundant frames in stable periods or drop informative
frames during volatile segments. Overall, the figure highlights that adaptive
threshold better aligns deduplication aggressiveness with time-varying scene
dynamics compared to a single global cutoff.
(777) RL-Based Deduplication: A new LiDAR frame is re-
tained only when its geometric change exceeds the dynamic
threshold: x? > 7ripar =KEEP frame ¢+ 1; otherwise
X? < TLipaR =DROP frame ¢+ 1. Small X7 indicates
nearly identical BEV-histogram distributions and minimal 3D
structural change, so the frame adds little new information.
Large x? reflects meaningful spatial redistribution of returns
(e.g., motion, new obstacles, geometry change) and should be
retained. The threshold 7r;par controls deduplication sensi-
tivity: smaller values preserve fine-grained motion/structure,
while larger values drop more scans to save storage. When
set dynamically (e.g., percentile-based), it adapts to scene
complexity, becoming stricter in dynamic scenes and more
conservative in static ones.

2) Threshold Calibration via KISS-ICP: Selecting TripAR
is critical, since overly aggressive frame removal can degrade
odometry, mapping, and localization. We calibrate 7r;paRr

by evaluating LiDAR odometry under different thresholds
using KISS-ICP, a lightweight geometry-driven scan-to-scan
registration method. KISS-ICP is chosen because it (1) re-
lies on scan-to-scan geometric consistency and is sensitive
to missing/corrupted frames, (2) yields stable, interpretable
trajectories without semantic priors, isolating deduplication
effects, and (3) is a widely used CAV baseline, serving as
a practical proxy for downstream localization quality.
To quantify the impact of deduplication on odometry accu-

racy, we measure two standard metrics:

a) Absolute Trajectory Error (ATE): ATE =
% ZtT=1||f>t — p¢|| evaluates translational drift accumulated
over the full trajectory. If the deduplication threshold is too
high, informative frames are discarded, and KISS-ICP loses
geometric constraints, causing ATE to increase.

b) Average Rotational Error (ARE): ARE =
T ZtT:1||f{t — Ry||angle captures rotational misalignment
between estimated and true orientations. ARE complements
ATE because rotation is highly sensitive to dropping frames
during turns or dynamic maneuvers.

(a) — ATE (Static) — ATE (Dynamic) (b) — ARE (Static) — ARE (Dynamic)
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Fig. 6. Comparison of ARE and ATE of KISS-ICP application on static
and dynamic Chi-square similarity thresholding across KITTI sequences for
(a) Absolute Trajectory Error (m/frame) and (b) Absolute Rotation Error
(deg/frame) are reported per sequence, with static (red) and dynamic (blue)
thresholds; the dynamic strategy consistently yields lower error.

A static 71;par 1S suboptimal because scene structure
and ego-motion vary over time: an aggressive 7 drops non-
redundant scans (e.g., fast turns/low overlap), weakening
KISS-ICP constraints and increasing ATE/ARE, while a con-
servative 7 retains near-duplicates, wasting storage/compute
and adding low-parallax updates. To address this, we use an
RL agent to adapt 71,ipaRr to scenario demand, balancing stor-
age, runtime, and odometry reliability. Concretely, TripaR 1S
chosen from the Pareto frontier of (ATE, ARE), maximizing
redundancy reduction under an accuracy constraint, reducing
manual tuning and improving robustness.

3) Feature Extraction for RL State Space: Because LiDAR
frames arrive sequentially, deduplication is formulated as a
Markov Decision Process (MDP). Each frame is represented
by a compact state vector s3p = [ATE, ARE, x?|, where
ATE and ARE reflect localization stability and y? measures
geometric change. This 3-D state captures the key cues needed
for KEEP/DROP decisions.

4) Reinforcement Learning Formulation: Fixed thresholds
cannot reliably handle the diverse operating conditions of real-
world LiDAR sequences, where geometric change varies with
ego-motion, vibration, scene complexity, and environmental
noise. To make deduplication adaptive and context-aware, we
formulate the problem as a Markov Decision Process (MDP) in
which an RL agent learns when a frame is informative enough
to retain. At each timestep ¢, the agent observes a state s;



summarizing geometric change (x?) and localization stability
(ATE, ARE), and selects an action that trades off storage cost
against downstream estimation accuracy.

(a) Action space. The agent chooses between two dis-
crete actions KEEP and DROP, which determine whether
the current frame is stored or removed. This framing casts
deduplication as a sequential decision problem where choice
affects subsequent localization accuracy and future rewards.

(b) Reward function. To balance storage efficiency with
odometry performance, the reward evaluates the effect of
dropping a frame on pose estimation and is defined as r; =
1 — (ATE; + X - ARE,), where ATE and ARE quantify the
translational and rotational drift by KISS-ICP when the frame
is removed, and controls the relative penalty on orientation
errors. The reward is positive when dropping a frame preserves
localization and negative when it induces drift, providing
action-dependent feedback on geometric estimation quality.

(c) Learning behavior. Through repeated interaction with
the environment, the agent implicitly learns the boundary
between redundant and informative frames. Specifically, it
identifies that: (1) large geometric changes (high x?) or rising
localization errors should trigger KEEP, (2) low-change, low-
error conditions justify DROP, and (3) intermediate cases re-
quire reasoning about temporal context. This results in a policy
that adapts deduplication decisions to scene dynamics, noise,
and vehicle motion rather than relying on fixed thresholds.

(d) Training Procedure: We train a Deep Q-Network
(DQN) to approximate the optimal action-value function
Q(s¢,ay). The agent is implemented using Stable-Baselines3
with a learning rate of 1 x 1073, a replay buffer of 5,000
transitions, and a batch size of 64. Training runs for 20,000
timesteps with e-greedy exploration to ensure sufficient cov-
erage of diverse geometric scenarios. Early stopping is used
to avoid overfitting to specific motion patterns or noise con-
ditions. The resulting policy selects an optimal KEEP/DROP
action for each incoming LiDAR frame, enabling dynamic,
performance-aware frame deduplication.

IV. VLM-GUIDED ADAPTIVE CONTEXT-AWARE PIPELINE

To address RQ2, the pipeline integrates a vision—language
model (Qwen-VL) with a reasoning layer to enable adaptive
perception under diverse weather conditions. Qwen-VL ex-
tracts weather and scene semantics from visual and textual
cues and generates context annotations that guide context-
driven augmentation. Building on these semantics, a chain-of-
thought (CoT) module infers scene difficulty, complexity, and
risk scores and converts them into actionable decisions. We
present the outputs in three stages: (1) scene context extraction,
(2) contextual sensor-reliability scoring, and (3) context-aware
driving decisions. Figure 7 illustrates the CoT pipeline from
visual input to reliability-aware perception for CAV.

A. Scene Context Extraction via VLM-Guided Module

1) Context-Aware Annotation: To achieve semantically
consistent and context-aware environmental understanding,
we employ the QwenVL to align visual embeddings with
linguistic features for multimodal reasoning over weather

Scene Context Extraction
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Context-Aware Annotation = Context-Aware Augmentation
;‘ i - Feature Extraction - Context-Aware Analysis
B, ‘k‘! - Semantic Reasoning - Dynamic Reannotation
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Fig. 7. Overview of the proposed VLM-guided adaptive context-aware
pipeline. A chain-of-thought (CoT) reasoning pipeline enables a context-
aware module under diverse driving conditions. Given a sequence of frames,
we present the per-scene reasoning output in three stages: (D) scene context
extraction via context-aware annotation using Qwen-VL, which extracts
scene understanding, e.g., weather, visibility, objects semantics, and generates
natural-language scene descriptions; these semantics further enable context-
aware augmentation (environmental rendering, dynamic re-annotation, and
metadata propagation) to improve robustness across operating conditions. If
the metadata indicates a clear, normal driving scenario, no further computation
is performed. Else, building on the extracted semantics, 2) contextual Sensor
Reliability Scoring derives scene-level difficulty, complexity, and risk scores
for camera and LiDAR, and 3 the context-aware decision module converts
them into actionable decisions for driving scenarios. The resulting decisions
guide sensor prioritization (camera, LiDAR, or fusion) and downstream
semantic fusion and model adaptation to maintain perception fidelity under
challenging scenarios and visibility for connected autonomous vehicles.

semantics. Given an input frame z;, it predicts y; =
fowenvL(z:) = {Wi, ‘A/i,]:’i}, where W; denotes the inferred
weather label, V; quantifies visibility, and P, represents the
Perceptual Alignment Confidence (PAC). The weather type
is determined via W; = arg maxyeyw P(W | 2;,0), where
W = {sunny,rainy, foggy,snowy} and 6 are model pa-
rameters. PAC is estimated using a cross-modal alignment
score A; = o(F,)W,F,) between visual features F, and
linguistic embeddings Fj, with W, as a learned projection
and o(-) as the sigmoid function. The overall confidence is
P, = M A; + Ape " Var(Li) | where Var(L;) denotes luminance
variance, k is a scaling factor, and A\; + Ay = 1. High
luminance variance under adverse conditions (e.g., rain or fog)
decreases P, indicating reduced perceptual consistency.

Additionally, Qwen-VL generates captions Caption * 7 =
Decoder * ¢(Encoder, (z;)) (e.g., “dense fog reduces lane vis-
ibility”), adding interpretable context for dataset enrichment.
Together, dual encoding couples semantic confidence with
linguistic cues, supporting adaptive, weather-aware perception.

Clear-driving condition workflow Under clear or normal
conditions, the VLM offers minimal accuracy gains since base-
line detectors like YOLOvV10-M and RF-DETR already per-
form optimally with clear visuals (Figure 7, Table VI). Well-
defined edges, textures, and colors enable traditional models
to operate effectively without additional semantic reasoning.
Thus, the VLM’s strength lies primarily in compensating for
perception loss under challenging scenarios, where ambiguity
and degradation are more significant.

2) Context-Aware Augmentation: To mitigate dataset im-
balance and strengthen adverse-weather coverage, the pro-




posed QwenVL-Based Weather Augmentation Layer synthe-
sizes realistic environmental effects under semantic control,
simulating rain, fog, snow, and low illumination to improve
robustness to unseen conditions. For each frame x; with
weather label W;, QwenVL extracts contextual tokens (e.g.,
scene type, visibility, illumination, surface texture) to sample
augmentation parameters A; = {prog; Prains Psnow ditlum }» Which
regulate weather intensity and lighting. The frame is then
transformed using physics-inspired models for visibility atten-
vation, rain streaks, and snow occlusion, while semantically
inconsistent outputs are filtered to preserve coherence. This
process yields a balanced augmented dataset D’ with realistic
and diverse conditions, improving weather-invariant training.

Optimal Model Adaptation for Sensors: The enriched
dataset D’ from the QwenVL weather augmentation layer
trains complementary perception models balancing real-time
speed and weather robustness. For camera stream, we use
YOLOv10 (fast, anchor-free) and RF-DETR (weather-resilient
transformers) (Table VI). YOLOvV10 is trained with LyorLo =
E(m,y)ND’ [)\dsﬁcls+)\bboxﬁbbox+)\0bj£0bj], and uniform weather
sampling (p(W;) = 1/|W|) reduces clear-weather bias.
RF-DETR injects weather cues into embeddings, E; =
Embed(x})+1(W;, visibility, ), and is trained with Lrp.perr =
E(Ly)ND/ P\cls['cls + Abbox Lobox + /\match»cmatch]- We Optimile
Liotal = M1 LyoLo + N2LrrpETR and fuse features as Frysion =
®(FyoLo, Fre.peTrR) for robust camera representations under
low light and adverse weather [42]-[45]..

For LiDAR, we use CenterPoint for its accuracy-efficiency
trade-off and BEV-centric predictions (Table VIII) under dense
traffic and occlusion. Frame-level LiDAR reliability is the
mean detection confidence, C! (f;) = ﬁ Z]Ail céj, where
ct; € [0,1] is the confidence of the j-th detection and M; is
the number of detections in frame f;.

B. Contextual Sensor Reliability Scoring

1) Camera Reliability Score (CRS): It quantifies the trust-
worthiness of camera-based perception under varying lighting
and weather conditions. It integrates three principal factors:

(i) Model-based confidence (C,,): For each frame f;,
the mean detection confidence is given by C,,(f;) =
& >V cij. where c;; is the confidence of the j!* object
and N; is the total detections.
(i7) Image quality (Q;): Visual clarity is assessed through
sharpness (S), brightness (B), and contrast (K), normalized
(£ — 1 (S(fi) , B(fi)
as Qify) = & (L2 + 52
in [0,1] after adverse scenarios dataset normalization.
(ii7) Weather influence (17,,): Each weather type is assigned
an empirical reliability value W,, € [0, 1] to account for visual
degradation from phenomena such as rain, fog, or snow.

+ f(r(lij ) where each term lies

Reliability fusion and classification: The overall reliability
is computed as CRS(f;) = aCn(fi) + BQi(fi) + YW,
where o« + 8+ v =1 and (o, 3,7v) = (0.6,0.2,0.2) ensure
robustness across conditions. Based on the resulting score,
reliability is categorized as High (CRS > 0.8), Medium
(0.6 < CRS < 0.8), Low (0.3 < CRS < 0.65), and

Very Low (CRS < 0.3). These levels guide adaptive sensor
weighting in the Weather-Aware Reasoning Layer, ensuring
consistent perception across changing environmental condi-
tions. Overall, CRS offers a unified and interpretable measure
of weather-aware camera reliability.

2) LiDAR Reliability Score (LRS): LiDAR scan quality
from raw point cloud. Scan quality is computed directly from
the point cloud L; (e.g., .bin containing (z,y, z, intensity)).
After filtering a fixed region of interest (ROI), we compute
three normalized scan-health metrics in [0, 1]:

(¢) Completeness/density: For a LiDAR frame f;, point-
return completeness is D(f;) = clip(Nps(fi)/Npt,0,1),
where Ny (f;) is the ROI point count and Ni! is a clear-
weather reference (e.g., median over clean segments). Weather
attenuation reduces valid returns, lowering D(f;) and indicat-
ing degraded geometric observability; clip(-) bounds the score
to [0, 1] for stability and fusion with other normalized terms.

(¢2) Range validity: In the next stage of the LiDAR frame,
R(f) = (/Nps(£) ey 1min < dpr) < e,
where d(py) is the range of point py and [dpmin, dmax] i8S the
valid sensing interval; the logic is simple: valid scans keep
most returns within the sensor range, while weather noise and
dropouts increase out-of-range or spurious points, so a higher
R(f;) implies a more stable LiDAR scan.

(iit) Noise robustness N(f;) = 1 — rou(fi), where
rou(fi) € [0,1] is the estimated outlier ratio (e.g., using k-
NN statistical outlier removal); the logic is that a clean scan
has few isolated/spurious points, while rain/snow backscat-
ter and multipath increase outliers, so higher ro, reduces
reliability. The overall LiDAR scan-quality score is then
QU(f:) = S(D(fi) + R(f) + N(£)) € [0,1]. which averages
completeness, valid-range consistency, and noise robustness
into a single bounded quality measure.

VLM-guided weather penalty for LiDAR. LiDAR reliability
degrades in adverse weather due to rain/snow backscatter and
fog attenuation, so we apply a VLM-conditioned penalty that
captures context severity in a bounded, interpretable manner.
Given QwenVL outputs {I/i{“ Vi, If’i} for frame f;, we define
WL (f) = W' (W) g(Vi) h(P) € [0,1], where /(1) € [0,1]
is a per-weather prior, g(f/;) scales with VLM-estimated vis-
ibility V; € [0,1], and h(P;) down-weights the penalty when
the VLM context is uncertain (P; € [0,1]). We use bounded
affine gates g(V;) = 6+ (1 —6)V; and h(P;) = e+ (1 —€)P;,
with § = 0.3 to prevent collapse under extremely low visibility
and € = 0.5 to avoid over-penalization when ]51 is low. Thus,
W decreases with worsening visibility and adverse weather
priors while remaining stable to noisy context estimates.

4) LiDAR model confidence: To quantify LiDAR detec-
tion reliability, we employ CenterPoint as the LiDAR 3D
object detector and compute a frame-level confidence score
as the mean detection confidence over all predicted objects,
CL(fi) = ﬁ Zjle ctj, where ¢j; € [0,1] denotes the
CenterPoint confidence score of the ;" detected object in
frame f; and M; is the total detections in that frame.

5) Final LiDAR Reliability Score (LRS) The final LiDAR




reliability is computed as LRS(f;) = auCL,(f:) + B1QL(fi) +
MWL (fi) with oy + B + v = 1, and we use default
weights (ay, B1,7) = (0.6,0.25,0.15) to emphasize detector
confidence and scan health while still incorporating VLM-
based contextual attenuation.
6) Reliability categories. For decision-making and explain-
ability, we discretize the LiDAR Reliability Score LRS €
[0,1] into four non-overlapping, safety-conservative levels:
Very Low (< 0.30; near-failure, LiDAR should not dominate),
Low (0.30-0.65; degraded scans, down-weight LiDAR and
rely more on other sensors), Medium (0.65—0.80; usable but
partially degraded, balanced fusion), and High (> 0.80; confi-
dent scans, prioritization). Thresholds are tuned on a validation
set to avoid false LiDAR prioritization under weather while
keeping decisions stable and interpretable; binning follows
common calibration practice [46]-[49], and the conservative
low-reliability regimes reflect known adverse-weather LiDAR
degradation and uncertainty-aware fusion [50]-[54]. Overall,
this formulation provides a unified, context-aware LiDAR reli-
ability score by combining QwenVL-based weather semantics
with point-cloud statistics from raw LiDAR frames.
C. Context-Aware decision

The proposed reasoning layer integrates weather awareness,
frame-level reliability estimation, and adaptive sensor prioriti-
zation into a context-aware perception policy. Using GPT-4o,
it performs multimodal reasoning over QwenVL semantics and
reliability cues to assign fusion weights. Given weather W;,
time context ¢;, and sensor reliabilities (R., R;), the decision
is Decision = fiim(Wi, Re, Ry, t;) — [we, w;], and the fused
output is O; = w.F, + wF;. For each frame z;, the system
outputs z; = {frame;, W;, R;, D;, E;}, where R; is overall re-
liability, D; is the prioritized sensor, and F; is an explanation.
Reliability is computed as R; = aV;+ 8(1 — B;) —l—’yEi(StabmW)
with (o, 8,7) = (0.4,0.3,0.3), where V; encodes visibility,
B; captures degradation cues (e.g., blur/contrast loss or Li-
DAR outliers), and Ez-(smblhm measures temporal consistency.
Under clear conditions, the policy prioritizes the camera when
R. > 1w ; under fog/rain/snow it increases LiDAR weight for
geometric robustness. The LLM also outputs concise rationales
(e.g., High visibility supports camera” or Fog reduces contrast;
prioritize LiDAR”). Overall, integrating reliability scores with
contextual reasoning yields a transparent, weather-adaptive
fusion strategy that is both robust and practical for deployment.

V. EXPERIMENT RESULTS AND ANALYSIS

To perform the experiment and address our research ques-
tions, we use the following experimental setup.

Dataset Collection and Preparation: We evaluate the pro-
posed framework on the V2X-Radar dataset [55], which
contains high-resolution driving scenes across diverse weather,
lighting, and geographic conditions. The dataset provides
synchronized RGB images, LiDAR point clouds, and radar
measurements for multimodal perception in adverse con-
ditions. We denote it as D = {(x;, Wi, t;, )}, with
z; = {afamera pLDARY * Camera frames are normalized as

i
giCamera — - (pCamera ) Y /5, improving feature stability

under illumination changes. Figure 8 illustrates representative
day/night scenes with varied road structures and objects (e.g.,
pedestrians, buses, cyclists) under real-world weather.

Fig. 8. Dataset diversity across weather and time-of-day. Representative
camera frames illustrating diverse driving conditions used in our evaluation:
three adverse-weather scenarios (Sunny, Foggy, Rainy, Snowy) and three
illumination regimes (Day, Dusky, Night).

Hardware and Software Configuration: Experiments were
conducted on a high-performance workstation optimized for
machine learning and rendering, while large-scale data pro-
cessing and training were executed on a Linux-based GPU
cluster equipped with four NVIDIA GeForce RTX 2080 Ti
GPUs with 11 GB of VRAM and 256 GB of system memory.
The software stack is built on CUDA 12.2 and cuDNN 8.9
for efficient GPU acceleration, with PyTorch 2.3 adopted
as the primary deep learning framework. This configuration
provides the computational capacity and reliability required
for advanced autonomous driving applications.

A. Performance Evaluation of Adaptive Logging (CAAL-VLM)

We evaluate the proposed CAAL-VLM pipeline through a
series of experiments. Since Camera and LiDAR produce
different data rates and burst behaviors, an effective logging
policy must reduce total storage while also limiting bandwidth
spikes that affect real-time communication and I/O.

TABLE I: Storage and bandwidth statistics for adaptive logging
policies on Camera and LiDAR streams.

Total (GB)], Avg (MB/s)|, Peak (MB/s)| Ratio

Camera Stream

Sensor Policy

Baseline 7.5721 6.81 12.12 1.000

Camera Heuristic 4.3236 3.41 12.12 0.571

Adaptive-logging 5.8221 4.87 8.67 0.769
LiDAR Stream

Baseline 24.5357 22.06 30.20 1.000

LiDAR Heuristic 15.1385 18.03 28.18 0.617

Adaptive-logging  17.9060 18.98 26.01 0.732

As shown in Table I, Adaptive-logging reduces total storage
by 23.1% for Camera and 27.0% for LiDAR, and lowers the
camera peak rate from 12.12 to 8.67 MB/s. While the heuristic
achieves a lower average camera rate (3.41 MB/s), it does not
reduce peak bursts but drop informative frames. In contrast,
Adaptive-logging smooths bandwidth by removing scenario-
dependent redundancy while preserving informative data.

To assess deployability beyond storage reduction, we mea-
sure CPU utilization as runtime overhead and camera/LiDAR
I/O utilization as data pipeline pressure. These metrics deter-
mine whether Adaptive-logging operates in real time without
saturating compute or I/O, enabling fair comparison with base-
line and heuristic policies under identical constraints (Table II).

Table II shows that the baseline incurs the highest load due
to continuous logging, while the heuristic yields the lowest
utilization by aggressively dropping data and discarding infor-
mation. By contrast, Adaptive-logging (VLM-guided) retains



scenario-relevant data with much lower overhead than the
baseline (CPU 6.24%, Cam 1/O 4.01%, LiDAR 1/0 11.31%),
reducing resource usage while better preserving safety-critical

events than heuristic gating.
TABLE II: System resource utilization across logging policies.

Policy CPU Util (%)] Cam I/O Util (%)] LiDAR VO Util (%))
Baseline 10.31 4.54 14.71
Heuristic 5.12 3.27 9.35
Adaptive-logging 6.24 4.01 11.31

While Table II shows that Adaptive-logging reduces CPU
and I/O overhead compared to continuous logging, Table III
confirms that these savings do not come at the expense of crit-
ical content: out of 98,430 baseline objects, Adaptive-logging
attains a recall ~1.37x higher than the heuristic, indicating
markedly better preservation of object-level evidence under the
same logging constraints. Overall, the policy reduces resource
usage primarily by filtering redundant segments rather than
discarding informative, event-relevant frames.

TABLE III: Object retention under different logging policies

Policy Objects Retention Recall
Logged Rec. Frac. Ped Cyc Veh

Heuristic 69,392 0.705 0.687 0.731 0.698

Adaptive-logging 94,893 0.964 0.932 0.901 0.961

Building on this object-level retention, Table IV further
verifies that the proposed Adaptive-logging improves task-
level utility under realistic conditions, achieving higher vehicle
IoU (0.7/0.5) than the heuristic. By stratifying results across
weather and time-of-day for LiDAR and camera detectors, the
table shows that heuristic logging drops informative frames,
especially under low visibility, while context-aware logging
better preserves cross-domain performance. Overall, it con-
firms that VLM-guided adaptive logging is data-efficient and
maintains higher perception accuracy than heuristic logging.

With gains in storage reduction, bandwidth control, de-
tection performance, and resource utilization established, we

TABLE IV. Performance across diverse scenarios for vehicle

detection (IoU = 0.7/0.5).

Rainy

[Method ]

Sunny

Snowy

Adaptive-logging
LiDAR-based Detectors (Vehicle)

PointPillars 75.03/83.69 73.24/82.87 73.31/82.12 78.00/88.71 71.97/80.06 71.24/79.16
SECOND 81.23/90.98 74.34/83.47 74.18/81.21 83.61/91.06 71.22/81.23 70.02/78.76
CenterPoint 86.44/94.04 78.98/84.26 75.43/83.09 88.12/95.22 73.08/83.11 71.29/82.10
PV-RCNN 85.83/94.11 81.39/86.61 83.02/88.25 88.83/95.67 82.49/86.49 81.09/84.02
SQDNet 87.29/93.32 783.48/86.94 82.08/85.05 89.12/95.10 81.48/88.34 80.26/85.91
Fade3D 81.03/90.43 73.56/81.72 74.77/83.31 82.48/92.37 76.98/83.12 74.87/82.03
Camera-based Detectors (Vehicle)
SMOKE 62.05/78.43  65.72/71.36 69.69/74.22 64.20/75.21 61.11/66.06 60.65/63.20
BEVDepth 75.01/83.25 172.23/77.81 73.29/81.75 75.23/84.01 72.13/76.56 72.22/78.54
BEVHeight 77.91/82.45 75.53/80.48 75.49/77.14 77.98/82.85 72.19/76.70 70.19/77.01
BEVHeight++ || 76.48/83.81 73.92/82.36 72.38/74.22 79.48/83.56 71.22/74.29 70.01/73.92
Heuristic logging
LiDAR-based Detectors (Vehicle)
PointPillars 69.23/74.76  66.03/70.28 65.91/70.07 70.15/75.66 67.87/71.35 65.96/71.54
SECOND 76.65/81.05 69.34/76.47 68.87/77.65 75.09/81.34 70.22/76.01 63.37/69.82
CenterPoint 77.03/84.96 71.76/78.92 70.29/76.81 76.28/83.78 71.89/72.86 69.82/73.65
PV-RCNN 75.08/83.09 74.86/81.52 74.23/80.07 77.34/94.54 73.87/79.23 72.01/78.09
SQDNet 76.89/85.01 74.98/81.76 75.79/82.76 79.87/86.66 75.92/82.20 75.23/80.29
Fade3D 72.27/77.65 68.28/73.28 69.54/74.27 74.32/80.43 70.17/77.43 70.91/76.02
Camera-based Detectors (Vehicle)
SMOKE 49.98/56.01 47.70/54.21 46.24/54.08 48.10/56.92 45.65/54.48 44.72/50.28
BEVDepth 63.27/69.05 61.98/67.81 62.17/67.97 64.98/69.83 62.26/66.04 61.06/65.91
BEVHeight 65.14/70.99 63.02/68.29 62.91/68.95 66.43/71.07 63.65/69.52 61.26/67.61
BEVHeight++ || 69.30/74.97 64.65/69.92 65.28/69.97 74.06/75.92 65.12/69.43 64.31/69.02

next evaluate real-time behavior. Table V summarizes runtime
quality using standard metrics: mean latency, p95/p99 tail
latency, QoS violation rate, throughput (FPS), and jitter.
TABLE V: Latency and QoS statistics across policies.
Mean (ms)] p95 (ms)] p99 (ms)] QoS Viol.| FPST Jitter]

Baseline 16.62 19.97 21.12 0.030 10.0 85
Heuristic 13.63 19.77 21.24 0.029 50 112
Adaptive-logging 9.53 17.78 18.07 0.026 100 6.8

Note: Lower is better for latency, jitter, and QoS violations; higher is better for FPS.

Adaptive-logging achieves the lowest mean and tail latencies
(9.53 ms mean; 17.78 ms p95), the lowest QoS violation rate,
full throughput, and lower jitter. In contrast, the heuristic low-
ers mean latency but degrades throughput and increases jitter,
reflecting instability from non-context-aware pruning. Overall,
Adaptive-logging reduces resource usage while improving
responsiveness and stability for safety-critical deployment.

Overall, the results validate RQ;, our context-aware policy
improves efficiency, accuracy, and real-time responsiveness,
consistently outperforming the heuristic baseline.

RQ; examines whether risk-aware multi-sensor logging can
reduce storage and write costs under strict compute and I/O
constraints while preserving online perception performance
and safety-critical fidelity. RQs focuses on operationalizing
VLM-guided prioritization as a stable and interpretable policy
with consistent retention and verifiable explanations under the
same constraints. In essence, RQ; defines what to preserve,
while RQy ensures it is reliable and accountable.

B. Testing of VLM-Guided Adaptive Context-Aware Pipeline
Table VI reports camera-based object detection across
weather conditions, where mAP, latency, and FPS capture
accuracy, cost, and efficiency; 1S, 2S, and T denote one-stage,
two-stage, and transformer-based detectors, respectively.
(1) One-Stage Detectors (1S): Among one-stage baselines in
Table VI, EfficientDet-D5 offers a moderate accuracy—speed
trade-off, while SSD-VGG and RetinaNet [67], [68] degrade in
fog and snow. In contrast, YOLO models remain robust and
real-time; notably, YOLOvI0-M achieves the best one-stage
accuracy (mAP = 0.78) at >80 FPS, making it well-suited.
(2) RCNN Family (2S): Two-stage R-CNN variants achieve
only moderate clear-weather mAP but incur high overhead
from region proposals and per-region refinement, leading to

TABLE VI. Perception detector performance across
environmental conditions.( /| /1).

Metric: mAP / Lat. (ms) / FPS (1 /] /D
One-stage (1S)
SSD (1S) [56] 0.30/12/83  0.25/14/71 0.20/16/62 0.22/15/66
RetinaNet (1S) [57] 0.40/142/7  0.34/150/7 0.28/158/6 0.30/155/6
EfficientDet-D5 (1S) [58] 0.52/67/15  0.47/72/14 0.41/78/13 0.43/74/14
YOLOVS8-L (1S) [59] 0.71/10/100  0.66/10/94 0.68/10/90 0.56/10/85
YOLOV9-C (1S) [60] 0.76/12/100  0.75/13/90 0.71/13/95 0.65/11/80
YOLO-NAS (1S) 0.72/9/110  0.69/9/110 0.70/9/110 0.59/9/110
YOLOvV10-M (1S) [61] 0.78/9/111  0.75/10/100  0.72/11/91 0.69/11/83
Two-stage (2S)
R-CNN (2S) 0.42/2000/1 0.34/2100/0.5 0.28/2250/0.9 0.30/2150/0.93
Faster R-CNN (2S) [62]  0.44/100/10  0.38/108/9 0.33/115/9 0.35/110/9
Mask R-CNN (2S) [63] 0.41/280/4  0.36/295/3 0.31/310/4 0.33/300/4
Transformer-based (T)
Deform. DETR (T) [64]  0.75/14/57  0.67/16/58 0.60/16/57 0.64/17/57
RT-DETR (T) [65] 0.76/15/67  0.70/16/63 0.63/18/56 0.66/17/59
RF-DETR (T) [66] 0.81/6/71 0.75/7/66 0.69/8/62 0.72/7.5/60

Note: Each cell reports mAP/latency (ms)/FPS.



high latency and low FPS; even Faster R-CNN, while lighter,
remains ill-suited for real-time CAV [69], [70].

(3) Transformer-Based Detectors: Transformer-based detec-
tors generalize better across weather due to global attention
and richer semantics. Notably, RF-DETR achieves the highest
accuracy (mAP > 0.80) at low latency (6 ms), outperforming
others, and its attention-driven fusion better preserves spatial
consistency under occlusions and low-contrast scenes.

Table VI shows that fog and rain cause the largest accuracy
drops due to contrast loss and noise, and reveals a clear
accuracy—efficiency trade-off: two-stage detectors are slow,
one-stage models (e.g., YOLOv10-M) remain real-time with
strong mAP, and transformers (e.g., RF-DETR) are more
robust across weather at low latency. Therefore, combining
YOLOvV10-M and RF-DETR in our pipeline (RQ) balances
accuracy, runtime, and all-weather reliability.

Subsequently, we assess whether VLM guidance improves
robustness under weather variation. Table VII shows that
integrating the VLM strengthens detection consistency across
conditions while maintaining feasible real-time performance.

TABLE VII. Performance comparison under diverse scenarios.

Scenario YOLOvV10-M RF-DETR VLM-Enhanced
mAP/Lat./FPS mAP/Lat./FPS mAP/Lat./FPS
Sunny 0.78/9/111 0.80/6/71 0.78/9/105
Rainy 0.75/10/100 0.77/7/62 0.86/12/91
Foggy 0.72/11/91 0.69/8/76 0.78/15/83
Snowy 0.69/11/83 0.72/7/60 0.80/14/77

Note: Each entry is mAP1/latency(ms)|/FPST. VLM-Enhanced leverages visibility
context for robust perception.

Integrating the VLM significantly improves robustness, con-
textual awareness, and efficiency. For YOLOvIO-M, VLM-
guided reasoning boosts accuracy by up to 11% under low vis-
ibility, rain, and fog, while preserving real-time performance
with minimal latency increase and throughput above 80 FPS.
Similarly, RF-DETR gains up to +0.09 accuracy in rain and
fog while sustaining 60-70 FPS. By incorporating weather
semantics and reliability-aware attention, the VLM reduces
ambiguity and stabilizes detection, improving accuracy.

Table VIII validates LiDAR robustness and the benefit of
VLM-guided adaptation for vulnerable road users (pedestri-
ans and cyclists). Stratifying results across weather isolates
environmental degradation effects on LiDAR, while two IoU
thresholds (0.5/0.25) separate strict localization from detection
sensitivity. Across PointPillars, SECOND, and CenterPoint,
the VLM-Enhanced setting improves accuracy and stability
under adverse conditions, supporting safety-critical perception.

TABLE VIII. Class-wise LiDAR 3D detection mAP (IoU
0.5/0.25) across weather.

Scenario PointPillars SECOND  CenterPoint VLM-Enhanced
Pedestrian (IoU 0.5/0.25)
Sunny 54.82/69.61 57.98/73.45  67.34/79.65 77.86/85.63
Rainy 52.94/74.64  55.23/70.58  64.09/75.22 74.12/82.36
Foggy 51.65/73.53  54.76/69.45  63.76/76.82 73.18/82.08
Snowy 51.98/74.21 55.12/71.39  61.92/75.22 75.93/84.26
Cyclist (IoU 0.5/0.25)
Sunny 71.01/78.48  73.71/78.03  75.35/78.39 82.90/92.26
Rainy 69.54/75.93  71.26/75.09  71.30/77.26 76.31/85.87
Foggy 67.67/74.65 70.34/75.19  72.45/78.37 76.36/85.80
Snowy 68.27/74.94  71.26/76.34  72.39/77.96 77.68/87.42

Table VIII shows that VLM-Enhanced outperforms existing
models for both Pedestrian and Cyclist across all weather,
indicating stronger robustness to sparse, cluttered point clouds.
The largest gains occur under adverse weather at IoU 0.5: for
Pedestrian, +10.0 (Rainy) and +14.0 (Snowy); for Cyclist, +5.0
(Rainy) and +5.3 (Snowy). Similar gains at IoU 0.25 indicate
improved recall and reduced degradation.

VLM-guided CoT enables auditable, scenario-consistent
sensor prioritization aligned with visibility and risk. Across
foggy, snowy-night, and rainy scenes (Table IX), the VLM
extracts context, assigns reliability and occlusion scores, and
yields consistent policies: as visibility worsens, sensing shifts
from camera-heavy to LiDAR-dominant or fused modes.
Dense fog favors LiDAR & Camera fusion, while snowy
nights prioritize LiDAR alone. This context-to-decision trace
supports transparent auditing in safety-critical settings.

The results validate RQs, showing that our method balances

TABLE IX. An illustrative example of VLM-guided context-aware CoT reasoning output. For each scene, the output is shown in
three steps: Step 1 (scene context extraction), Step 2 (contextual sensor reliability scoring), and Step 3 (context-aware decision).

Scenes Step 1
(Scene Context Extraction)

Step 2
(Contextual Sensor Reliability Scoring)

Step 3
(Context-Aware Decision)

Environment: Snowy,

Time: Day,

Road: Intersection,

Lane: Multi-lane,

Critical Objects: Car, Bike, Pedestrian.
Risk: Moderate Alert!

CRS: High (> 0.80),

LRS: Medium (0.65 < LRS< 0.80),
Occlusion: Low (clear visualization)
Reasoning: Snowy weather with clear
visibility and with critical objects
contribute to risk in the driving scene recof%muon LiDAR serves as complementary depth
at the intersection. veri

Sensor Score: Camera > LiDAR

Primary Sensor: Camera

Reasoning: Snowy scene but clear visualization.

The camera provides strong texture and color

cues for lanes, traffic lights, and VRUs, enabling stable

cation.

Environment: Foggy (dense haze), =
Time: Da;

Road: Urban Intersection,

Lane: Multi-lane,

Critical Objects: Bike, Pedestrian.
Risk: High Alert!

CRS: Medium (0.65 < CRS< 0.80),
LRS: Medium (0.65 < LRS< 0.80),
Occlusion: High (fog veil)
Reasoning: Foggy conditions and the
presence of critical objects jointly
elevate the risk level for driving.

Sensor Score: LiDAR ~ Camera

Primary Sensor: LiDAR & Camera

Reasoning: fog lowers contrast and weakens camera-only
cues, while LIDAR preserves geomemc structure; fusing
both improves robustness for detecting critical objects

Environment: Snowy (moderate snowfall)
Time: Night,

Road: Highway (slippery surface),

Lane: Multi-lane,

Critical Objects: Car, Bus.

Risk: High Alert!

Snowy Night

CRS: Low (< 0.65),

LRS: High (> 0.80),

Occlusion: Medium (snow streaks, spray)
Reasoning: Snowy low-visibility w1lE
potential icy surface, occlusions and
reduced contrast elevate risk.

Sensor Score: LiDAR > Camera

Primary Sensor: LiDAR'

Reasoning: : Snowy conditions reduce camera contrast and
add glare, while snowfall can introduce sparse outliers in
LiDAR; fusing LiDAR geometry with camera semantics
improves robustness for detecting vulnerable objects.

Environment: Rainy (raindrops on lens)
Time: Day,

Road: Urban Arterial (wet surface),
Lane: Multi-lane,

Critical Objects: ‘Car, Bus.

Risk: Moderate Alert!

CRS: Medium (0.65 < CRS< 0.80),
LRS: High (> 0.80),

Occlusion: Medium (spray/raindrops)
Reasoning:Rainy conditions reduce
contrast and add glare/spray on a

wet road, increasing braking risk.

Sensor Score: LIDAR > Camera

Primary Sensor: LiDAR

Reasoning: Rain and spray reduce camera contrast and
introduce glare/blur, while LiDAR preserves stable
geometric depth cues; thus LiDAR provides more reliable
object localization under degraded visibility.




efficiency, real-time feasibility, and all-weather reliability via
VLM-guided adaptation and dynamic sensor prioritization.
VI. KEY OBSERVATIONS AND DISCUSSIONS

+ Observation,: CAAL-VLM reduces data volume and
smooths bandwidth spikes, without being as “lossy” as the
heuristic (Table I, II and III).

Discussion: Adaptive-logging reduces camera storage by
~1.3%, LiDAR storage by ~1.37x, and camera peak band-
width by ~1.4x relative to the baseline, yielding less bursty
I/O and easing real-time pipeline load (Table I and II).
Importantly, these gains are achieved without over-pruning:
compared to the heuristic, Adaptive-logging retains more
informative stream content, reducing the risk of missing rare
but critical moments (e.g., complex scenes, occlusions). Thus,
heuristics compress more aggressively but lose more informa-
tion, while Adaptive-logging balances efficiency and fidelity.

* Observations: Adaptive-logging improves downstream de-
tector performance, with the largest gains in challenging
diverse scenarios and low light (Table IV).

Discussion: Across both LiDAR- and camera-based detectors,
Adaptive-logging consistently outperforms heuristic logging
(Table 1V). For instance, in rain, CenterPoint gains accuracy
at both IoU thresholds, and at night, the SMOKE shows
an even larger improvement, indicating that Adaptive-logging
better preserves challenging frames. Qualitatively, heuristic
dropping can create a distribution shift by removing hard-
but-informative scenes (low light, precipitation, complex in-
teractions), whereas Adaptive-logging retains these cases and
improves downstream detection under stress.

* Observations: VLM-guided semantics improves robustness
in challenging conditions and enables auditable, scenario-
grounded decisions (Table IX).

Discussion: VLM-guided semantic reasoning improves ro-
bustness under adverse visibility while remaining practi-
cal online. As shown in Table VII and Table VIII, the
VLM-Enhanced variant achieves higher mAP than the base-
line in challenging conditions with only modest latency in-
creases, maintaining real-time throughput and a favorable
accuracy—efficiency trade-off. The approach is also auditable:
Table IX provides an interpretable reasoning trace linking
scene context and risk scoring to the final action and sensor
choice (e.g., foggy intersections with VRUs trigger elevated
alerts and prioritized sensing/retention).

* Observation,: Automated context labeling boosts perfor-
mance efficiency and reducing human bias (Table IX).
Discussion: QwenVL enables scalable labeling of weather,
lighting, and visibility directly from raw images, reducing
manual effort, preparation time, and subjective bias. Its multi-
modal reasoning outputs consistent, interpretable JSON-style
metadata (e.g., {weather: “foggy”, visibility: “low”}; Ta-
ble IX), which increases dataset diversity, supports adaptive
retraining, and improves perception performance.

* Observations: Minimal performance gain observed under
normal weather scenarios with VLM integration pipeline for
camera-based detection (Table VII).

Discussion: Under clear weather, the Vision Language Model
offers minimal accuracy gain since baseline detectors like
YOLOvV10-M and RF-DETR already perform optimally with
well-defined edges, textures, and colors. With little visual
ambiguity or environmental degradation to correct, the VLM
provides limited benefit, its primary strength emerging clearly
under adverse weather conditions.

VII. RELATED WORK

ML-based models for CAVs have been extensively studied,
with a large body of work reporting steadily improving accu-
racy on curated benchmarks. For camera-based detection, one-
stage models such as SSD and YOLO deliver real-time per-
formance [67], [68], while two-stage detectors such as Faster
R-CNN improve precision through region-based processing
[69]-[72]; transformer-based detectors further enhance context
reasoning and global feature modeling [45]. Beyond vision-
only pipelines, CAV stacks increasingly pair cameras with
LiDAR to exploit geometry-rich 3D perception, supported by
modern BEV-centric detectors such as PointPillars [73]-[75].
However, the performance of these models can degrade under
real-world adaptive scenarios (e.g., adverse weather).

To mitigate such effects, prior work has explored
robustness-oriented techniques including augmentation, do-
main adaptation, and multi-sensor fusion [42], [53], [76]-[78],
together with LiDAR denoising and radar-optical fusion [79]-
[82]. Although these ML models achieve steadily improving
accuracy on curated benchmarks, most prior work focuses on
sensing distortion and domain shift, while largely overlooking
the impact of redundant and non-informative frames on ML
performance in real CAV deployments. To bridge this gap,
we design CAAL-VLM, a pipeline that reduces redundant and
non-informative frames while preserving task-relevant content,
thereby improving model accuracy and timeliness.

VIII. CONCLUSION

We presented CAAL-VLM, an adaptive logging framework
that addresses the mismatch between benchmark-trained ML
models and real-world CAV deployments, where operational
sensing streams contain large fractions of redundant or low-
salience frames. By jointly modeling redundancy and seman-
tic risk, CAAL-VLM removes non-informative inputs while
preserving safety-critical content, thereby suppressing wasted
computation and reducing resource load without sacrificing
perception fidelity. Through two RL—driven logging policies
for camera and LiDAR data, and a VLM-guided sensing
module that adapts sensing behavior to scene context, CAAL-
VLM improves both perception timeliness and robustness
under challenging conditions. Across extensive experiments,
it reduces I/O overhead by ~27% and perception latency by
~42%, while maintaining accurate and reliable perception.
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