Published in Transactions on Machine Learning Research (04/2026)

Semantic-Drive: Trustworthy and Efficient Long-Tail Data
Curation via Open-Vocabulary Grounding and Neuro-
Symbolic VLM Consensus

Antonio Guillen-Perez antonio__algaida@hotmail.com
Independent Researcher
antontoalgaida.github.io

Reviewed on OpenReview: https: //openreview. net/ forum? 1d= gN20N36L3k

Abstract

The development of Autonomous Vehicles (AVs) is currently hampered by a scarcity of
long-tail training data. While fleets collect petabytes of video logs, identifying rare safety-
critical events, specifically scenarios like erratic jaywalking or complex construction diversions,
remains a manual process that is often cost-prohibitive. Existing automated solutions rely
either on coarse metadata search, which lacks semantic precision, or on cloud-based Vision-
Language Models (VLMs), which introduce privacy concerns and computational overhead. In
this work, we introduce Semantic-Drive, a local-first, neuro-symbolic framework designed
for verifiable semantic data mining. Our approach decouples perception into two distinct
stages: (1) Symbolic Grounding via a real-time open-vocabulary detector (YOLOE) to
anchor attention, and (2) Cognitive Analysis, where a Reasoning VLM performs forensic
scene analysis. To reduce hallucinations and reliability issues common in generative models,
we implement a “System 2” inference-time alignment strategy that utilizes a multi-model
“Judge-Scout” consensus mechanism. When benchmarked on the nuScenes dataset against
the Waymo Open Dataset (WOD-E2E) taxonomy, it was observed that Semantic-Drive
achieves a recall of 0.966 on safety-critical scenarios (vs. 0.331 for OWL-v2 and 0.271 for
Grounding DINO). Notably, the system reduces risk assessment error by 40% compared
to single-model baselines. The entire pipeline runs on consumer hardware (NVIDIA RTX
3090), offering an accessible and privacy-preserving alternative to cloud-native architectures.

1 Introduction

A primary challenge in scaling autonomous perception systems is not only the volume of data collected, but
also the imbalanced distribution of that data. As illustrated in Figure[l] driving scenarios follow a heavy-tailed
(Zipfian) distribution where the vast majority of collected logs, representing approximately 99% of the total
dataset, consist of nominal, low-entropy driving conditions such as highway cruising or stopped traffic (Liu
& Feng), [2024). While abundant, this “Head” of the distribution offers diminishing returns for improving
model performance. The value for Level 4 safety validation lies heavily in the “Long Tail,” specifically in
rare, high-entropy events such as construction zones with conflicting lane markings, erratic vulnerable road
users (VRUs), or sensor degradation due to sudden weather changes (Caesar et al.| [2019)). Identifying these
samples within large-scale data lakes creates a bottleneck in retrieving “dark data.” Currently, manual review
is cost-prohibitive at this scale. Heuristic metadata tags (e.g., weather=rain) lack the semantic granularity
to reliably distinguish between a wet road and a hydroplaning risk.

Mining these scenarios from video footage remains a persistent challenge. Traditional methods rely on rigid
heuristics, such as querying CAN bus data for hard braking events or searching for metadata keywords, which
often suffer from poor temporal granularity. While recent Vision-Language Models (VLMs) like GPT-4V
(OpenAl et al., 2023 offer semantic understanding, relying on closed-source cloud APIs for data curation is
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Figure 1: The “Dark Data” Bottleneck in Autonomous Driving. The distribution of driving scenarios
follows a Power Law (Zipfian) distribution. (Left) The “Head”: Represents 99% of data logs, consisting of
nominal, low-entropy driving (e.g., highway cruising) which provides diminishing returns for model training
(Liu & Feng] [2024). (Right) The “Long Tail”: Contains rare, safety-critical edge cases defined by the
Waymo Open Dataset (WOD-E2E) taxonomy, such as erratic VRUs or sensor degradation. Traditional
human annotation is cost-prohibitive for mining this region. Semantic-Drive automates the retrieval of
these high-value samples.

largely impractical for the automotive industry. This limitation stems from data privacy regulations (GDPR
(European Parliament & Council of the European Union)), bandwidth constraints, and the computational
cost of processing video streams at scale.

To address this gap, we introduce Semantic-Drive, a privacy-aware, local-first framework for semantic data
mining. Unlike end-to-end driving agents that utilize VLMs for control , Semantic-Drive
focuses on retrieval. It acts as a “Cognitive Indexer” that transforms unstructured video logs into a queryable
semantic database.

Our approach is based on a Neuro-Symbolic Architecture designed to run on consumer-grade hardware
(e.g., a single NVIDIA RTX 3090). It is documented that pure VLMs often suffer from hallucination and
“small-object blindness”; for example, advanced vision-language models tend to perform poorly on fine, small
objects and produce inconsistent labels . To mitigate this issue, our framework separates
perception into two distinct pathways: (1) A symbolic grounding stage using real-time open-vocabulary object
detection to generate an inventory of hazards, and (2) A cognitive reasoning stage where a Chain-of-Thought
(CoT) VLM performs forensic analysis to verify detections and assess risk. This architecture is visualized in

Figure

While we primarily evaluate this architecture within the autonomous driving domain, the underlying “Judge-
Scout” consensus mechanism addresses a recurring challenge in Trustworthy Al: the reliability of black-box
reasoners in high-stakes environments. Prior work has shown that AI systems deployed in safety-critical
contexts face risks from unintended failures without structured safeguards for reliability (Amodei et al., |[2016)),
and that relying solely on opaque models can be problematic for decisions where verifiable behavior is essential
2019). The pattern of pairing a high-recall symbolic detector with a skeptical, reasoning-heavy model
aligns with research on hybrid neural-symbolic systems that seek to combine robust perception with structured
inference (Besold et al., [2017). This pattern is also used outside driving in other domains that require high
precision. For example, deep networks have been applied to chest X-ray anomaly detection, where missing a
critical finding is highly detrimental and verification is necessary (Rajpurkar et al., 2017). Comprehensive
anomaly datasets like MVTec AD are a benchmark for reliability in industrial quality inspection, where
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Figure 2: The Semantic-Drive System Architecture. The pipeline operates in three stages: (1)
Symbolic Grounding (Orange): YOLOE extracts a textual object inventory from raw frames. (2)
Cognitive Scouting (Purple): An ensemble of heterogeneous Reasoning VLMs (Qwen, Kimi, Gemma)
performs independent forensic analysis, anchored by the symbolic inventory. (3) Consensus & Alignment
(Green): The Judge (Ministral-3-14B) synthesizes the scout reports. A deterministic Reward Model performs
inference-time veri cation (Best-of-N) to Iter hallucinations before committing to the nal Semantic Index.

defects are rare but costly to miss|(Bergmann et al., 2019). In these settings, as in driving, the cost of a false
negative is severe, yet the compute budget for manual review is strictly limited.

Our contributions are as follows:

Neuro-Symbolic System 2 Architecture 1. We introduce an inference-time alignment strategy
inspired by System 2 reasoning (Bengio, 2019). By enforcing a Skepticism Policy where the VLM
must logically verify symbolic detections against visual evidence, we measurably reduce hallucinations
compared to standard zero-shot prompting.

Judge-Scout Consensus Mechanism: We address the stochastic nature of LLMs through a
multi-model consensus engine. We demonstrate that aggregating reasoning traces from heterogeneous
scouts (e.g., Qwen and Gemma) via a Judge improves risk assessment reliability.

Mapping the WOD-E2E Taxonomy: We convert the Waymo Open Dataset (WOD-E2E)
taxonomy (Xu et al., 2025) into a structured JSON schema. This allows us to automatically extract
detailed causal attributes, such as Implicit Lane Diversion and Sensor Fidelity Issues, which
global embeddings frequently overlook.

Accessible Data Curation: We show that scenario curation can be done on consumer hardware.
Our local pipeline reduces the marginal cost of curation compared to cloud-based solutions, making
automated data mining accessible without relying on external services.

It is important to clarify the operational role of Semantic-Drive within the autonomous driving ecosystem.
While recent end-to-end architectures focus on real-time onboard control and trajectory planning (e.g., UniAD
(Hu et al., 2022)), Semantic-Drive is designed as an o ine DataOps engine. It is intended to transform
unlabeled data lakes into structured, queryable semantic indices. By automating the discovery of rare,
safety-critical scenarios, our framework enables engineers to curate the speci ¢ long-tail datasets required to
improve and validate downstream real-time planners. In this work ow, Semantic-Drive acts as a synergistic
precursor to end-to-end stacks, transferring the retrieval burden from manual data review to logic-driven
semantic search.

1In dual-process theory, this denotes slow, deliberate, and logical reasoning, contrasted with fast, intuitive System 1 processing
(Kahneman, 2011).
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Reproducibility and Open Science. To support future research and ensure reproducibility of our
pipeline, we release all artifacts associated with this project. The complete source code and evaluation
scripts are available in our GitHub repository?. To facilitate reproducibility, we release the full generated
semantic index (N = 2;550) and the annotated Gold Set via Hugging Face Datasefs Additionally, we host
an interactive Data Explorer visualizing the mined scenarios on Hugging Face Spaces

2 Related Work

2.1 Vision-Language Models in Autonomous Driving

The integration of Large Multimodal Models (LMMs) into the autonomous driving stack has largely been
divided into two streams: generative simulation and end-to-end control. Systems such as DriveGPT4 (Xu
et al., 2024), DriveVLM (Tian et al., 2024), and Waymo's EMMA (Hwang et al., 2024) leverage VLMs to map
sensor inputs directly to control actions or to generate natural language explanations for driving decisions.
These approaches demonstrate strong reasoning capabilities but often require substantial computational
resources. As noted by Kondapally et al. (2026), current VLMs designed for clear-weather scenarios often
rely on expensive backbones, leading to high memory usage and slow inference speeds that hinder real-time
decision-making in transitional environments.

Furthermore, relying on closed-source or cloud-hosted models for driving tasks introduces trustworthiness
concerns. The recent AutoTrust benchmark (Xing et al., 2024) revealed that specialized DriveVLMs are
vulnerable to disclosing sensitive information, raising privacy questions for eets operating in public spaces.
Semantic-Drive complements this ecosystem by shifting the focus from control to curation. Rather than acting
as a real-time agent, our framework serves as a foundational data operations engine. By operating locally on
consumer hardware, we address the privacy and latency bottlenecks identi ed in AutoTrust, facilitating the
discovery of long-tail training samples to improve downstream driving agents.

2.2 Semantic Data Mining and Scenario Retrieval

Retrieving safety-critical edge cases from unlabeled data remains an active area of research. Current
methodologies typically fall into three broad categories:

Heuristic Metadata Search: Standard datasets like nuScenes (Caesar et al., 2019) rely on
manual tags or CAN-bus triggers such as hard braking. While recent studies by Guillen-Perez
(2025) demonstrated that uncertainty-based weighting can improve o ine RL performance, these
methods still largely rely on kinetic proxies rather than true semantic understanding. As shown in
our experiments, this approach su ers from poor temporal granularity by agging entire scenes based
on transient events.

Programmatic Mining: Approaches like RefAV (Davidson et al., 2025) synthesize programmatic
queries (e.g., SQL or Python) to lter track-level data. While computationally e cient, they are
constrained by geometric primitives. These systems often miss visual nuances such as construction
signage, debris types, or pedestrian gaze direction.

" Latent Embedding Search: Methods like VLMine (Ye et al., 2024) and localized CLIP searches
utilize vector similarity to nd scenarios. However, global embeddings su er from bag-of-words
blindness. They often fail to distinguish between a pedestrian on the sidewalk (safe) and one in the
lane (hazard) due to a lack of precise spatial binding (Zhong et al., 2021).

In contrast, Semantic-Drive introduces a causal reasoning layer. Instead of relying on geometric tracks or
statistical keyword frequency, we employ Chain-of-Thought (CoT) reasoning to analyze the implications of a
scene. This strategy mirrors recent advances in ne-grained video reasoning, such as VideoEspresso (Han

2https://github.com/AntonioAlgaida/Semantic- Drive
3https://huggingface.co/datasets/agnprz/semantic-drive-results
4https://huggingface.co/spaces/agnprz/Semantic-Drive-Explorer
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et al., 2024), which utilizes CoT annotations and multiple foundation models to extract logical relationships
from sparse core frames. While using multiple models for automated annotation is an established paradigm,
Semantic-Drive di erentiates itself by enforcing a strict neuro-symbolic hierarchy. Rather than relying purely
on LLM-based consensus, our reasoning ensemble is explicitly constrained by a deterministic object inventory
and a rule-based reward function. By contextualizing spatial evidence through this guided multi-model
reasoning, we enable the retrieval of scenarios de ned by complex causal interactions that are often missed by
geometric or latent-search methods.

2.3 Neuro-Symbolic Grounding and Hallucination Mitigation

A primary barrier to deploying VLMs in safety-critical domains is hallucination, speci cally the tendency

to invent objects or misinterpret spatial relationships. To mitigate this issue, recent research has explored
neuro-symbolic architectures that pair a symbolic detector with a cognitive reasoner. This aligns with
the System 1 intuitive processing versus System 2 deliberate reasoning distinction in cognitive science
(Kahneman, 2011), a framework that has been proposed as a roadmap for the next generation of deep learning
(Bengio, 2019).

Recent work in visual reasoning has demonstrated that decomposing complex tasks into closed-loop modi ca-
tion steps can improve performance. For instance, Liu et al. (2025) showed that autonomous imagination
enables MLLMs to solve tasks that initially exceed their perceptual capacity. Similarly, our framework
enforces a System 2 skepticism policy. We utilize the output of a high-recall open-vocabulary segmentor
(YOLOE (Wang et al., 2025)) not as the nal result, but as a grounded attention anchor for the VLM.
Unlike zPROD (Sinhamahapatra et al., 2025), which uses VLMs primarily for bounding box re nement,
our framework requires the VLM to logically verify the symbolic inventory against visual evidence. This
bidirectional validation functions similarly to tool-augmented generation in natural language processing,
where the model uses an external tool to fact-check its internal representations, reducing false positives
compared to pure neural approaches.

3 Methodology

The Semantic-Drive framework functions as a local- rst data curation pipeline. Unlike cloud-based solutions
that process video streams via external APIs, our architecture is designed to operate entirely on consumer-
grade hardware, speci cally a single NVIDIA RTX 3090 with 24 GB VRAM. The system processes raw,
synchronized multi-camera feeds into a structured semantic database through a four-stage neuro-symbolic
process: (1) Symbolic Grounding, (2) Cognitive Analysis, (3) Multi-Model Consensus, and (4) Inference-Time
Alignment.

3.1 Stage 1. Symbolic Grounding (The Eye)

To address small-object detection failures and spatial hallucinations frequently observed in pure Vision-
Language Models (VLMs) (Sun et al., 2025), we incorporate a symbolic prior. We utilize YOLOE (Wang
et al., 2025), a real-time open-vocabulary segmentation model, to perform an initial sweep of the visual eld.
Instead of standard COCO classes, we inject a custom text-prompt taxonomy aligned with the Waymo Open
Dataset for End-to-End Driving (WOD-E2E) (Xu et al., 2025). This inventory targets speci ¢ long-tail
categories such as orange drum, jersey barrier, debris, and puddle.

The detector output is not saved directly as a nal prediction. Instead, it is converted into a structured
textual Object Inventory that serves as a prompt injection for the downstream VLM. Formally, we de ne the
inventory set | as:

| =f(Class ;Cam;;Ci;Srel)jCi > recan 9 1)
where Class; represents the semantic categoryCam; denotes the spatial origin (Front-Left, Center, or Right),
G is the model con dence score, andS;e; measures the relative size of the bounding box. We empirically
calibrated a low-con dence threshold ( ecan = 0:15) to prioritize recall over precision at this initial stage.
This design choice deliberately admits potential false positives, such as re ections on wet roads, into the
context window, delegating the burden of rejection to the subsequent reasoning module.
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3.2 Stage 2: Cognitive Analysis (The Brain)

The central component of our framework is the reasoning module, where a quantized VLM (e.g., Qwen3-VL-
30B) performs forensic scene analysis. We employ a Front-Hemisphere Attention Strategy by providing
synchronized Front-Left, Front-Center, and Front-Right images to maximize spatial resolution within the
model context window.

The VLM receives both the raw pixel data and the symbolic Object Inventory. We enforce a Skepticism
Policy via the system prompt to handle the low-con dence detections generated in Stage 1. For high-
con dence detections € > 0:8), the VLM is instructed to accept the object's existence while verifying its
semantic context (e.g., whether a pedestrian is interacting with the roadway). For low-con dence detections
(c <0:5), the VLM must treat the detection as a hypothesis and perform a visual veri cation step to reject
artifacts.

3.3 Stage 3: Multi-Model Consensus (The Judge)

Individual VLMs exhibit stochastic behavior and inductive biases. To improve curation reliability without
human intervention, we introduce a Judge-Scout Architecture. We deploy N heterogeneous Scout
models (e.g., Qwen3-VL (Bai et al., 2025), Kimi-VL (Team et al., 2025b), Gemma-3 (Team et al., 2025a)) to
process the same frame in parallel. A separate Judge LLM (Ministral-3-14B (Liu et al., 2026)) aggregates
their JSON outputs and reasoning traces. The Judge applies a Safety-Bias Voting Logic: if Scouts disagree
on a high-risk attribute, the Judge favors the positive detection, provided valid reasoning is documented in
the trace.

3.4 Stage 4: Inference-Time Alignment (Symbolic Veri cation)

To mitigate stochastic hallucinations without requiring resource-intensive ne-tuning, we implement an
inference-time search strategy inspired by Best-of-N sampling (Gui et al., 2024). The Consensus Judge
generatesN = 3 candidate scenario descriptions. We rank these candidates using a deterministic, rule-based
reward function R(y; | sym ) that penalizes outputs not corroborated by the visual evidence:

R(y): I grounding + I causality I hallucination (2)

The system outputs the candidatey = argmax R(y). To clarify the components of Equation 2, we de ne
the terms as explicit indicator functions:

"I grounding 2 0;1g equals 1 if the safety-critical tags generated by the VLM map directly to objects
present in the Stage 1 symbolic inventory.

" | causaity 2T0;1gequals 1 if the VLM logically connects an identi ed hazard to a speci ¢ required
ego-vehicle maneuver.

" | hawcinaion 2 f 0;1g equals 1 if the VLM describes a critical hazard that is absent from both the
symbolic inventory and the aggregated scout reports.

The weights serve as a symbolic gatekeeper for the reasoning engine. We determined these parameters via
a grid search to prioritize safety and grounding, resulting in = 2:0 (grounding weight), = 1:5 (causal
logic), and = 10:0 (hallucination penalty). The comparatively high value for enforces the skepticism
policy, ensuring that agents reported by the VLM must be grounded in the symbolic Stage 1 inventory to be
included in the nal semantic index. A detailed sensitivity analysis of these hyperparameters is provided in
Appendix C, demonstrating how they control the trade-o between precision and recall.
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3.5 Theoretical Analysis

3.5.1 Computational Complexity of Consensus

Let Cscout be the inference cost of a single VLM scout andCj,qge be the cost of the aggregation step. The
total computational cost for a consensus mechanism with K scouts is given by:

X k)
Ciotar = Cscout + Cjudge ®)
k=1

Since the scouts operate independently, the complexity scales linearly &@(K ). While this increases the
latency per frame compared to a single model@ww K C  single ), OUr empirical results in Section 5.4
demonstrate that the risk assessment error decreases consistently as the ensemble size grows. This behavior
aligns with the Condorcet Jury Theorem, which establishes that the probability of a correct majority decision
increases with the number of independent voters, provided individual accuracy exceeds random chance. For
o0 ine data curation where throughput is secondary to labeling precision, this computational trade-o is

justi ed.

3.5.2 Safety Constraints and the Penalty Term

We frame the selection of the hallucination penalty ( = 10:0) in our reward function as a constrained
optimization problem rather than relying on an arbitrary hyperparameter. Ideally, we wish to maximize
the semantic richnessS(y) of the description, subject to the strict constraint that the Hallucination Rate
H(y)=0.

m}ng(y) st. H(y)=0 4)

By converting this to an unconstrained objective S(y) H(y), the parameter functions as the Lagrange
multiplier . Setting !'1 e ectively enforces a zero-tolerance policy for hallucination. We empirically
set =10:0 as a soft approximation. This speci ¢ con guration allows the model to override the symbolic
detector only in cases where the causal reasoning evidence)(is highly substantial, thereby balancing safety
constraints with the ability to correct symbolic false negatives.

4 The Scenario DNA Taxonomy

Standard autonomous driving datasets predominantly rely on at metadata tags such asrain=True or
pedestrian=True . Although useful for coarse Itering, these binary indicators often fail to capture the causal
dynamics required for validating Level 4 systems. For example, a pedestrian on a sidewalk represents a
nominal event, whereas a pedestrian hesitating at the curb during a rainstorm constitutes a high-value edge
case for training.

To address this limitation, Semantic-Drive extracts a hierarchical Scenario DNA structure, which is
illustrated in Figure 3. We de ne a comprehensive ontology designed to capture the interaction between
environmental constraints, static topology, and dynamic agent intent. This schema is strictly typed using
enumerations to ensure database normalization and to align with the WOD-E2E taxonomy (Xu et al., 2025).

4.1 Layer 1: ODD and Phenomenology

This layer characterizes the phenomenological constraints of the scene and serves as a primary Iter for
perception teams during data mining. Unlike standard weather tags, we explicitly model sensor integrity:

Environmental Conditions: Fine-grained distinctions such as heavy rain versus mist that
signi cantly a ect sensor range.

Sensor Fidelity: A targeted feature for scenario mining. We detect localized failure modes such as
lens_flare , droplets_on_lens , and motion_blur . Identifying these frames allows teams to build
robust de-hazing datasets.
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Figure 3: The Scenario DNA Hierarchical Taxonomy. Unlike standard at metadata tags, Semantic-

Drive enforces a causal dependency chain. (1) ODD and Physics: De nes environmental constraints,
including specic attributes like sensor integrity (e.g., lens_flare ). (2) Map Topology: Identies
contradictions between the high-de nition map and reality (Map Divergence). (3) Agent Dynamics: Infers
behavioral intent (e.g., hesitation) rather than just presence. (4) Causal Logic: Synthesizes the previous
layers into a planner-centric risk assessment.

4.2 Layer 2: Topology and Map Divergence

Level 4 autonomous systems rely heavily on high-de nition maps. An important failure mode occurs when
the physical world contradicts the preloaded map, commonly referred to as map divergence. Our schema
targets these anomalies:

" Drivable Area Status: We categorize obstructions into  restricted_by static_obstacle , such
as construction cones, or physically restricted, such as oodwaters.

" Lane Con guration: We identify temporary shifts such as  lane_diversion or merge_left . These
are common in construction zones but are often absent from static high-de nition maps.

4.3 Layer 3: Actor Dynamics and Intent

While traditional object detection provides bounding boxes representing physical presence, Semantic-Drive
infers behavioral intent:

" VRU Status: We dierentiate between  roadside static , which implies low risk, and
jaywalking_hesitant , which implies higher prediction uncertainty. The latter is useful for training
prediction models to handle ambiguity.

Vehicle Dynamics: We detect aggressive behaviors such as cutting_in , tailgating , or drifting
by leveraging the temporal context implied by vehicle pose and road placement.

4.4 Layer 4: Causal Criticality (The Planner Layer)

Finally, we synthesize the preceding layers into a planner-centric assessment. This layer identi es the causal
etiology of the scenario di culty:

Primary Challenge: We classify the root cause of di culty, such as  occlusion_risk  at a blind
corner, prediction_uncertainty regarding an erratic agent, or violation_of _map_topology.

" Ego-Maneuver: We identify the implied necessary action for safety, such as
nudge_around_obstacle or unprotected_turn .  This allows planning engineers to query
speci cally for scenarios requiring complex maneuvers.
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5 Experiments and Evaluation

5.1 Experimental Setup

To evaluate the framework across diverse environments, we deployed Semantic-Drive on the fuluScenes
v1.0-trainval  dataset (Caesar et al., 2019), which comprises 850 distinct driving scenes collected in Boston
and Singapore. We extracted synchronized Front-Left, Front-Center, and Front-Right camera feeds for every
processed keyframe.

Hardware Infrastructure: All inference, including VLM scouting and LLM judging, was conducted locally

on a consumer-grade workstation equipped with a single NVIDIA RTX 3090 (24 GB VRAM). This
constraint tests the e ciency of our framework, demonstrating that data curation can be performed without
large-scale cloud computing resources.

Data Sampling Strategy: To evaluate the system across the full diversity of the dataset within a feasible
compute budget, we employed a scene-level sparse sampling strategy. We extracted: 3 keyframes per scene
(Start, Middle, End), resulting in a curated dataset of 2,550 unique semantic ngerprints. This approach
ensures that every speci ¢ environmental context and geographic location in the nuScenes validation set is
represented.

Model Con guration:

" Symbolic Grounding: YOLOE-11L-Seg (FP16) con gured with a custom WOD-E2E open-
vocabulary taxonomy.

Cognitive Scouts: We deployed a heterogeneous ensemble of models: Qwen3-VL-30B-Thinking,
Kimi-VL-Thinking, and Gemma-3-27B-IT. These models were deployed using 4-bit quantization
(Q4_K_M).

Consensus Judge: We utilized Ministral-3-14B-Instruct as the local decision engine, which was
selected for its architectural di erences from the scouts to help mitigate shared inductive biases.

5.2 Ground Truth Annotation and Bias Mitigation

An ongoing challenge in long-tail data mining is the absence of ground-truth semantic labels for rare safety-
critical events in standard datasets. To better understand the performance of Semantic-Drive, we developed
a specialized curation interface called the Scenario DNA Explorer. To ensure a balanced validation and to
address potential annotation biases, we curated two distinct evaluation sets:

1. Stress-Test Split ( N = 108): This set is enriched for rare, high-entropy edge cases including
construction zones, erratic pedestrians, and sensor failures. It serves to measure the system's
sensitivity to high-value long-tail events.

2. Unbiased Blind Split (N =108): To evaluate average-case performance and the false-positive rate
on nominal driving, we randomly sampled 108 frames from the wider 2,550 dataset without ltering.

To mitigate anchoring bias, we implemented a blind mode in our curation tool. Unlike the verify-by-exception
work ow used for eet-scale curation, the Unbiased Blind Split was annotated from scratch by a human
expert with all model predictions and reasoning logs completely hidden. This approach ensures that the
evaluation remains independent of the model's outputs.

5.3 Quantitative Results

We benchmarked Semantic-Drive against four baselines and various architectural ablations. We included
established open-vocabulary baselines such as CLIP (ViT-L/14) (Radford et al., 2021), Grounding DINO

(Liu et al., 2023), and OWL-v2 (Minderer et al., 2023), using the exact same semantic queries across all
models. Table 1 summarizes the performance across both evaluation splits.
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Table 1: Quantitative Results across Scenarios. We compare Semantic-Drive against four baselines and
various ablations. The Stress-Test ( N = 108) targets safety-critical edge cases, while the Unbiased Blind
Split ( N = 108) consists of random, uncurated frames. We observe that while baselines like CLIP achieve
high recall, their low precision limits their utility for automated curation tasks.

Stress-Test Split (N=108) Unbiased Blind Split (N=108) Risk Error

Method Prec. () Rec. (") F1(") Prec. () Rec. (") F1(") \ MAE (#) Std.
Baselines

Metadata Search 0.406 0.602 0.485 0.215 0.310 0.254 5.70 1.2
CLIP (ViT-L/14) 0.182 1.000 0.308 0.048 1.000 0.092 N/A N/A
Grounding DINO 0.182 0.271 0.218 0.071 0.419 0.121 5.70 14
OWL-v2 0.386 0.331 0.356 0.165 0.484 0.246 3.96 11
Ablations

Pure VLM (No Stage 1) 0.691 0.814 0.747 0.294 0.806 0.431 1.39 0.4
Single Scout (Qwen3) 0.714 0.932 0.809 0.247 0.774 0.375 1.13 0.3
Semantic-Drive (Consensus) 0.712 0.966 0.820 0.235 0.774 0.361 \ 0.67 0.2

5.3.1 Baseline Analysis

Table 1 highlights the limitations of existing curation methods. Metadata Search su ers from temporal
granularity issues, where scene-level tags are applied indiscriminately to all frames in a log, leading to elevated
false-positive rates.

CLIP exhibits an over-sensitivity failure mode: while it achieves perfect recall (1.0), its low precision (0.182
on the Stress-Test and 0.048 on the Unbiased Split) indicates it ags nearly every frame as a hazard. This
lack of discrimination makes it impractical for ltering large data lakes. Recent open-vocabulary detectors like
Grounding DINO and OWL-v2 localize objects successfully but often lack the causal reasoning required to
identify complex WOD-E2E scenarios (e.g., distinguishing roadside cones from lane-blocking diversions). This
performance gap supports the utility of our Stage 2 Reasoning layer, which contextualizes Stage 1 symbolic
detections to separate harmless agents from safety-critical events.

5.3.2 Ablation Study: Architecture Validation

Impact of Symbolic Grounding: We isolated the contribution of the object inventory injection by
comparing the pure VLM against the neuro-symbolic scout (Qwen3 + YOLO). We observed a measurable
increase in Recall (+11.8%). The pure VLM frequently missed small but critical hazards, such as distant
tra c cones. The injection of the symbolic inventory anchored the VLM's attention, addressing the small
object blindness issue.

E cacy of Consensus: The multi-model judge demonstrated its primary value in risk calibration. While

the best single scout achieved a Risk MAE of 1.13, the consensus mechanism reduced this error to 0.676.
This suggests that the system's severity assessment is, on average, within0:7 points of human judgment on

a 10-point scale.

5.4 Ensemble Dynamics and Risk Calibration

A core component of Semantic-Drive is the Judge-Scout consensus mechanism. We performed an ablation
study to quantify the impact of ensemble size on scenario risk calibration. We compared the baseline
performance of a single reasoning agent (Qwen3-VL) against a 2-scout ensemble (Qwen3 + Gemma) and our
nal 3-scout ensemble (Qwen3 + Gemma + Kimi).

The results in Table 2 re ect a wisdom of crowds e ect. While a single scout is prone to stochastic errors

in kinetic assessment (e.g., misjudging the severity of a lane blockage), the Judge e ectively resolves these
con icts by synthesizing reasoning traces. Interestingly, while the 3-scout ensemble achieves the best risk
calibration, we observed a minor decrease in precision on the Unbiased Split compared to a single-model
baseline. This is due to a programmed safety bias in our consensus logic: the Judge favors the more
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Table 2: Ensemble Ablation Study. It was observed that increasing the number of scouts improves the
precision of the scenario risk score (MAE Risk), validating the consensus strategy.

Con guration Scout Models  Recall () MAE Risk (#) Agreement Rate
Single Scout Qwen3-VL 0.932 1.130 -
2-Scout Ensemble Qwen + Gemma 0.945 0.820 72.4%
3-Scout Ensemble  Full Ensemble 0.966 0.676 81.5%

Figure 4: Computational Economics of Local Mining. (Left) Latency Breakdown: The symbolic
grounding overhead (YOLO, gray bottom bar) is negligible (< 0:05s). Qwen3-VL's higher latency is driven
primarily by cognitive processing. (Right) Throughput E ciency: Qwen3-VL yields the highest latency
despite fast generation, con rming it outputs more reasoning tokens than Gemma-3.

conservative risk assessment when scouts disagree, prioritizing the discovery of potential hazards in large
data lakes over the strict suppression of false alarms.

5.5 Computational Economics and Cognitive Dynamics

We analyzed the operational characteristics of the framework to benchmark the trade-o between standard
inference speed and reasoning reliability.

Table 3: E ciency Benchmark per Frame. The local consensus architecture o ers an accessible cost
reduction compared to equivalent cloud APIs (GPT-40).

Model VRAM Latency Throughput Est. Cost/ 1k Frames
YOLOE-11L (Symbolic) 2.1 GB 0.04s 25.0 fps < $0:01
Scout: Gemma-3 16.5 GB 8.0s 36.3 tps $0.12
Scout: Qwen3-VL 19.5 GB 31.5s 99.5 tps $0.45
Local Consensus (Total) 24.0 GB 60s - $0.85
GPT-40 (Cloud) - 3.5s - $30.00

5.5.1 The Token Generation Paradox

Our benchmarks reveal an inverse relationship between throughput and latency (Figure 4). Qwen3-VL is
the most computationally e cient model in terms of generation (99.5 TPS), yet it exhibits the highest latency
(31.5s). This discrepancy quanti es the reasoning density. Speci cally, Qwen3-VL generates approximately
3,100 tokens per frame, utilizing an extended Chain-of-Thought to verify scene dynamics, whereas Gemma-3
generates only 290 tokens. This indicates that the increased latency is not primarily a hardware bottleneck,
but a deliberate allocation of compute to deep forensic reasoning.
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5.5.2 Inference-Time Scaling: The Dynamic Compute Budget

To explore inference-time scaling, we investigated whether the model allocates computational resources
proportionally to scene complexity. As shown in Figure 5, we observed an adaptive token allocation rather
than a strictly linear correlation.

A notable shift in reasoning depth occurs when transitioning from nominal Risk = 0) to hazardous (Risk > 0)
scenarios. For nominal scenes, the models remain concise by performing a rapid visual scan. However, once a
potential hazard is grounded via the symbolic Stage 1 inventory, the models (particularly Qwen3-VL) engage
in deeper veri cation. For Qwen3-VL, the mean reasoning trace length for high-risk scenariosRisk > 7,

4; 200 tokens) is 45% longer than for nominal scenes (Risk =0, 2;900 tokens).

This nding a rms that the neuro-symbolic architecture implements a dynamic compute budget, shifting
from a low-cost scan to an expansive Chain-of-Thought to resolve causal ambiguities in safety-critical events.

(a) Cognitive Signatures. Gemma (Orange) displays

a rigid, low-variance distribution, whereas Qwen (Blue) (b) Adaptive Compute. Qwen demonstrates a step-
exhibits high variance, indicating context-dependent en-  function scaling, increasing token allocation once a po-
gagement. tential risk is detected (Risk > 0).

Figure 5: Behavioral Analysis of the Scout Ensemble. The data illustrates that the architecture
allocates computational cost based on semantic complexity. The isolated outlier for Kimi-VL atRisk =0
highlights the stochastic reasoning failures that the Consensus Judge lters.

5.6 Qualitative Analysis: Retrieval of Long-Tail Anomalies

Beyond quantitative metrics, Semantic-Drive extends beyond closed-set classi cation to open-world reasoning.
This capability allows it to act as a curation bridge between raw data lakes and high-performance end-to-end
driving models. Figure 6 highlights two successful data retrievals and a representative failure mode.

Semantic Disambiguation: Standard open-vocabulary detectors often misclassify wheelchairs as
pedestrians or cyclists due to visual overlap. As shown in Figure 6(a), the reasoning stage correctly
identi es the agent as a wheelchair user, inferring the vulnerability and kinetic dynamics of the agent
currently in an active lane.

Static Hazard Recognition: Traditional dynamic object trackers often suppress static obstacles

to reduce noise. Semantic-Drive (Figure 6(b)) identi es a large dumpster as a Foreign Object Debris
(FOD) event, correctly deducing that the physical topology of the scene necessitates an ego-vehicle
stop or a complex nudge maneuver.

Integration with End-to-End Stacks: Unlike models designed for real-time control, Semantic-
Drive provides the semantic metadata required to train robust perception and planning backbones.
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