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Abstract—Large-scale driving datasets overrepresent common
scenes and under-sample rare but safety-critical events, inflating
training cost and diluting useful signal. We present S-Score,
a lightly-annotated, task-agnostic measure of semantic redun-
dancy. Per-frame scene attributes are automatically extracted
by vision-language models (GPT-40, Qwen2-VL-2B-Instruct) to
a standardized schema. We construct a frame-attribute graph
and compute five indicators: attribute overlap, degree imbalance,
community persistence, density, and perceived scene risk. Each
indicator is evaluated against an attribute-frequency-matched
random baseline that preserves per-attribute frequencies and
per-frame attribute counts. Penalties are expressed as relative
deviations from this baseline and aggregated with non-negative
weights into an unbounded score where larger values indicate
lower redundancy. On public driving datasets and standard
perception/forecasting tasks, higher S-Score aligns with faster
accuracy gains at the same training budget. A controlled coun-
terexample shows that CLIP embeddings with K-center can
remove visually similar yet semantically diverse frames. We will
release our code, prompts, model weights, and the attribute
schema.

I. INTRODUCTION

Autonomous driving systems rely heavily on the quality,
diversity, and relevance of training data to support percep-
tion, tracking, planning, and control modules [[1]-[10]. De-
spite extensive benchmarks like Argoversel [[11]], KITTI [12],
Cityscapes [13]], and nuScenes [14], failures such as misclas-
sifying trailer undercarriages or dragging fallen pedestrians
highlight that scale alone does not guarantee coverage of rare
or safety-critical scenarios. In fact, large driving datasets
tend to over-represent common scenes and under-sample
rare events, inflating training cost and diluting useful
signal.

Existing dataset evaluation methods typically rely on scale-
based proxies (e.g., frame count, sensor variety), impact met-
rics (e.g., citation counts) [1f], [2]], or visual feature extrac-
tion [15]]; however, these methods do not quantify semantic
diversity or redundancy. As a result, data pipelines often
suffer from overcollection or costly manual curation.

We address this gap with S-Score, a lightly-annotated, task-
agnostic measure of semantic redundancy. Per-frame scene at-
tributes are automatically extracted by vision—language models
and standardized to a canonical schema without using task
labels (no boxes, masks, or tracks). From these attributes, we
construct a frame—attribute bipartite graph and compute five
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indicators: attribute overlap, degree imbalance, community
persistence, density, and perceived scene risk. Each indicator
is evaluated against an attribute-frequency—matched random
baseline that preserves per-attribute frequencies and per-frame
attribute counts. Penalties are expressed as relative deviations
from this baseline and aggregated with non-negative weights
into a score in which larger values indicate lower redundancy
and higher diversity.

This abstraction captures both temporal redundancy (e.g.,
from adjacent frames) and structural redundancy (e.g., sim-
ilar scenes across locations). We interpret S-Score as an
approximation of effective information gain—content diversity
minus internal repetition—drawing from Shannon entropy and
mutual information.

We evaluate S-Score on public driving datasets — Argo-
versel, KITTI, Cityscapes, and nuScenes — using standard
tasks spanning 2D detection (YOLOvll, SwinV2), stereo
matching (PSMNet), 2D segmentation (DeepLabv3), 3D de-
tection (PointPillars), and motion forecasting (LaneGCN).
To isolate redundancy effects, we hold the training budget
constant by using the same number of training frames and
an identical training schedule (epochs/steps, batch size, op-
timizer, and hardware). Empirically, higher S-Score aligns
with faster accuracy gains under these fixed budgets. We also
report dataset ranking by using CLIP feature extraction and
k center. In addition, a controlled counterexample in which
CLIP embeddings with K-center select visually similar yet
semantically diverse frames is also included.

Contributions.

o We introduce S-Score, a graph-based, lightly-annotated
metric for assessing semantic redundancy in high-frame-
rate driving datasets.

e We define an attribute-frequency—-matched random
baseline that preserves per-attribute and per-frame degree
sequences, and compare indicators using relative devia-
tions.

o We aggregate the indicators into an unbounded score
(higher = less redundancy) and show that higher scores
align with faster accuracy gains at the same number
of training frames and under an identical training
schedule.

o We will release code, prompts, fine-tuned Qwen2-VL-
2B-Instruct model weights, and the attribute schema to
facilitate adoption.



The remainder of the paper is organized as follows. Sec-
tion [l reviews related work. Section [[II] describes our metric
in detail. Section presents empirical validation. Finally,
Section [V] concludes the paper with a summary and discussion
of future work.

II. BACKGROUND AND RELATED WORKS
A. Dataset Evaluation via Proxy Metrics

Large-scale autonomous driving datasets (e.g., Argoversel,
KITTI, Cityscapes, nuScenes) are commonly evaluated using
scale-based proxies, such as frame counts or sensor configu-
rations [16]], [17]], or impact metrics, such as citation counts.
While these indicators reflect quantity or community adoption,
they do not capture semantic diversity or internal redundancy.
Consequently, practitioners often rely on over-collection or
manual curation to ensure that rare or diverse scenarios are
represented.

B. Unsupervised Diversity Metrics and Coverage Estimation

Unsupervised methods have been developed to assess
dataset diversity without requiring supervision. These include:
(1) random-sampling baselines, which assume utility scales
with dataset size but ignore content distribution; (2) feature-
space coverage metrics such as k-means clustering or pairwise
distances over pretrained CNN embeddings [15]], which can
reflect low-level visual variety but fail to capture semantic
novelty; and (3) core-set selection via farthest-point sam-
pling [15], which emphasizes geometric diversity in feature
space but is computationally intensive. Recently, entropy-
based filtering [|18]] has been used to identify redundancy based
on feature distributions. However, these techniques operate
on instance-level embeddings and do not account for high-
level scene semantics or structural repetition that are especially
critical for high-frame-rate driving videos.

C. Task-Coupled Data Valuation and Active Selection

A large body of work focuses on model-driven or task-
coupled dataset selection. Neural pruning methods discard
low-contribution samples based on training gradients or loss
dynamics [[19]], while active learning identifies uncertain or
diverse samples for labeling [20]-[22]. Generative models
have also been used to augment or reweight rare scenarios
in accelerated evaluation frameworks [23]], [24]. More recent
techniques estimate sample-level data value using a combi-
nation of model complexity and mutual information [25]], or
apply difficulty-based metrics for curriculum learning [26].
While effective in specific training pipelines, these approaches
typically require supervision, model access, or task-specific
feedback, and are therefore not applicable to pre-training
dataset diagnostics.

D. Information-Theoretic and Graph-Based Perspectives

Shannon entropy and mutual information offer princi-
pled tools for quantifying diversity and redundancy in data
streams [27]. Such concepts have informed frameworks for
sensor placement and submodular selection [28]], which aim

to optimize information gain under resource constraints. How-
ever, most existing methods depend on explicit probabilistic
models or ground-truth labels, and they do not incorporate
structured representations such as graphs or co-occurrence of
semantic attributes. Our work draws inspiration from these
principles and extends them to a graph-theoretic formulation
that captures structured relationships between high-level scene
elements.

III. METHODOLOGY

We compute S-Score, a minimally supervised, graph-based
metric designed to quantify semantic diversity and struc-
tural redundancy in high-frame-rate driving datasets. S-Score
proceeds in five stages, shown in Fig [1| which collectively
implement three logical phases: attribute extraction, graph
construction, and redundancy scoring.

Image Attribute Graph Penalty
Frame Extraction Construction Computation
J J J J

Fig. 1. High-level pipeline.
A. Attribute Summarization

Final
S-Score

Before any structured analysis can begin, we need to
standardize the terminology and criteria. Using 1,000 human-
selected (based on coverage and diversity) frames from the
Waymo dataset, a VLM is instructed to output scene-level
attributes. The integer severity score is calculated based on
the proximity of objects to the ego-vehicle and based on the
potential danger (i.e. likelihood of a passenger opening the
doors of a parked vehicle and how dangerous it is). Then,
combined with expert domain knowledge, the scene-level
attributes are consolidated into a knowledge base consisting
of 28-key category/sub-category with 350+ attributes. The 28-
key category/sub-category covers environment, road geometry,
background vehicle behaviors, ego vehicle behaviors, vulner-
able road user behaviors, sensor states, and a severity score.

B. Scene Attribute

For the dataset under evaluation (DUE), each image frame
Iy is processed using a VLM via structured prompt engineer-
ing, producing a 28-key JSON annotation covering scene-level
attributes. The VLM is instructed to only choose attributes
from the knowledge base. The VLM is also instructed to
notify the human annotator if it detects a new attribute (e.g. no
dogs present in the Waymo dataset but present in Cityscapes).
Manual correction is required to correct any incorrect attributes
and to update the knowledge base.

To assess the reliability of the VLM’s scene attribute extrac-
tion, we compared its outputs against human annotations on
500 randomly sampled frames under varied conditions (e.g.,
day/night, urban/highway, weather). As shown in Table[[, GPT-
40 achieved over 90% agreement, with most errors arising
from ambiguous maneuvers or occlusions. Out of ~ 10,000
predictions, only ~ 1% required correction by a human



TABLE I
VLM ANALYSIS F1-SCORE AND INFERENCE TIME (S). THE GROUND TRUTH IS PROVIDED BY AN HUMAN ANNOTATOR.

Scene Time Weather Road Lane Signs Vehicles Peds Dir. Ego Vis. Camera Severity Processing Time
ChatGPT-40 0.98 0.99 0.95 099 095 0.95 0.99 098 093 093 099 0.98 0.99 45.63s
Qwen2-VL-2B-INS  0.71 0.99 0.74 099 075 0.76 0.67 0.81 088 075 0.96 0.99 0.40 44.58s

annotator. Notably, GPT-4o struggled with ego-vehicle motion,
likely due to the use of static, shuffled images. It outperformed
GPT-4 slightly in recognizing other vehicles’ actions, though
both models had difficulty with logical dependencies (e.g.,
associating rain with wet roads) unless explicitly prompted.
Qwen2-VL-2B-Instruct is a much smaller VLM model and
requires a lot more manual corrections. It fails miserably on
predicting the severity due it is lack of chain-of-thought
capabilities.

Since all outputs were verified and corrected if needed, the
final attribute matrix is effectively noise-free, and we do not
perform additional sensitivity analysis on VLM errors.

C. Unweighted Attribute Co-Occurrence Graph
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Fig. 2. Graph-based dataset modeling of Argoversel. Zooming in, we see
how each image node is connected to multiple feature nodes.

We encode the dataset as a directed, unweighted graph G =
(V, E) where semantic relationships among scenes, images,
and attributes are represented structurally. In other words, the
dataset graph G and is a root node with directed edges to
different G'yng as shown in Fig [2] The node set comprises:

V=ViUVipg UV, UV, UV,

where V, denotes scenario clusters, V;,,, image frames, V.
attribute categories (e.g., weather), V. subcategories (e.g.,
traffic_sign_visibility), and V,, atomic attributes (e.g., moving).
Edges capture co-occurrence or hierarchy: (v; — a) € E
iff attribute @ € Ay for image v;, and (¢ — sc) € FE
links categories to their subtypes. For example, a frame
annotated with “rain,” “night,” and “pedestrian” connects to
those attribute nodes. This structure captures both temporal
redundancy (across adjacent frames) and structural redundancy

(across scenes), forming the basis for dataset-level analysis.

D. Graph-Based Redundancy Metrics

To quantify redundancy, we compute five graph-derived
metrics M;(G), each capturing a distinct signal:

Jaccard Similarity. For image pair Gimg 4, Gimg,B), cOM-
pute:

o |Gimg,A N Gimg,B|
|Gimg,A ) Gimg,B|
A high average Jaccard index across all frames suggests low
content variability and repeated attribute combinations.
Degree Centrality [29] reflects attribute frequency. For
node v where v € V,, , we compute:

Cinlv) = —Infv)ef(f ) Coulw) = 70%ng£”)
Attributes with high in-degree are frequent across the dataset,
indicating possible redundancy.

Modularity [30] measures how well attributes cluster into

distinct communities:

1
Q:EZ Aij —

4,9

J(Gimg,A7 Gimg,B)

out 7.in
k!

(5(Ci,0j)

where A;; is the adjacency matrix, m is the number of edges,
and 0 is the Kronecker delta on community assignment. High
modularity implies well-separated scene clusters and higher
diversity

Graph Density. Defined as:

E
N(N -1)
Lower density implies more unique co-occurrence patterns and
lower redundancy.

Risk Imbalance. We compute the normalized entropy over
the empirical distribution of risk levels {r;}. The risk level
is the severity score bucketed into low/medium/high with
the thresholds at 1-3/4-7/8-10:

H(r)=— >

r&{low,med,high}

D:

prlogpr

Lower entropy indicates over-representation of a single risk
level, suggesting biased or repetitive scenario coverage.

Our graph-based formulation approximates semantic di-
versity using principles from information theory. Degree
centrality and attribute co-occurrence reflect frequency and
support size, which relate to entropy, while risk imbalance
directly measures entropy over risk levels. This design is
inspired by submodular information functions used in data
valuation [27], [28]], but we adopt a structural—rather than
probabilistic—approach to avoid relying on task labels or
generative models.

Even though frames are processed in random order, seman-
tic repetition (e.g., recurring intersections or highway scenes)



results in overlapping attribute sets. Metrics like Jaccard simi-
larity implicitly capture this temporal redundancy, allowing S-
Score to reflect both structural and temporal repetition without
explicit sequence modeling.

E. Marginal-Preserving Null Reference

To compare graphs on a common footing, we use
a marginal-preserving null that randomizes attribute co-
occurrences while preserving per-category marginals.

Sampling. Partition A into (i) singleton categories
(exactly one attribute per frame; e.g., time_of_day,
weather) and (ii) multi-select categories (zero or more; e.g.,
vehicle_types). For each synthetic frame v: (1) for each
singleton category ¢, sample one attribute from the empirical
distribution of c; (2) for each multi-select category ¢, sample a
count n. from the empirical distribution of counts for ¢, then
sample n. distinct attributes without replacement according to
their empirical frequencies. Repeat to match |V;,,4| and build
a synthetic graph G. Compute the same metrics on G to obtain
reference values M{ef (optionally averaged over K i.i.d. null
graphs). (3) The null graph is checked by the human annotator
to ensure no unrealistic combination is included.

Unbounded penalties. For each metric M;(G), define the
relative (unbounded) penalty

M;(G) — M}e!

with a small e for numerical safety. Positive PB;
means “more redundant than the null” (e.g., higher
Jaccard/modularity/density/degree  concentration); negative

P; means “less redundant than the null” (e.g., higher risk
entropy).
Composite score. Aggregate as

>

1€ {sim,deg,mod,dens,risk }

S =1- wi]Dia

Zwi = 1,

yielding an unbounded S; larger S indicates less redundancy
/ greater semantic diversity relative to the null.

Weight Selection. The five graph-based penalties capture
distinct aspects of redundancy (e.g., attribute overlap, risk im-
balance), and their relative importance may vary depending on
the downstream application. For example, risk distribution may
be more critical in safety-sensitive tasks like planning, while
structural diversity may dominate in perception or mapping
contexts. To support such flexibility, S-Score is defined as a
weighted sum S =1 — )" w; P;, where users may adjust the
weights w; to reflect task-specific priorities.

Time series datasets. While nuScenes and Cityscapes al-
ready randomizes the ordering of the images, Argoversel and
KITTI provides ordered frames for each scenario divided into
different folders. This also allows us to compute not only the
scene-level diversities but also the scenario-level diversities,
allowing us to capture temporal dependencies and causal
relationships essential for understanding driving sequences.

F. Empirical Validation via Subsampling

To evaluate whether S reflects real dataset utility, we
perform uniform subsampling on each dataset at 10% intervals
(10-100%) and train five representative models across five
core tasks: YOLOvI1 and SwinV2 for 2D object detection,
PSMNet for stereo matching, DeepLabv3 for semantic seg-
mentation, Pointpillars for 3D object detection, and LaneGCN
for motion forecasting.

For each dataset-model pair, we record the performance
curve m(f) as a function of subsample fraction f €
{10%, ...,100%}. We then compute the data utility score as
the percentage of metric (mAP, mloU, F1, aAcc) improve-
ments. A dataset with a higher S-Score should observe a higher
overall utility score than that of a lower scoring dataset.

(m(f) —m(10))/m(10)
(f=10)/f

Utility =

G. Limitation

A more detailed VLM and human annotation comparison is
available but due to page limits we are unable to include it in
this paper. A weights stability test is out of the scope of this
paper as the weights are tunable and will result in different
rankings. A noise-injection stress test to flip a random p%
of attribute bits to test S-Score’s ability to withstand noisy
attributes is out of the scope of this paper and therefore
is not performed. Scalability and practicality concerns are
only partially addressed with the locally trained open-source
Qwen2-VL-2B-Instruct model due to limited GPU resources;
however, a sanity check on other proprietary models such as
Claude 4.0 Sonnet, Gemini-2.5 Pro 06-05, Sonar, and Grok-3
and open-source models such as Qwen3.5-32B shows similar
results with ChatGPT-4o for attribute extraction. It is safe to
assume that the S-Score is able to scale well to very large
datasets without incurring too much manual curation efforts.

IV. EXPERIMENT RESULTS

We validate the utility of our proposed metric S by
measuring its correlation with model-training efficiency on
five core autonomous driving tasks on KITTI, Cityscapes,
nuScenes, and Argoversel. Utility is defined as the rate of
model performance improvement under increasing dataset
size. Higher S-Score aligns with faster accuracy gains at the
same training budget. A controlled counterexample shows that
CLIP embeddings with K-center can select visually diverse yet
semantically repetitive frames.

o 2D object detection with YOLOvl1In [31] on all four

datasets.

o 2D object detection with vision transformer SwinV2-

tiny [32], [33] on Argoversel, KITTI, and Cityscapes.
¢ 2D object segmentation with DeepLabv3 [34]], [35] on
KITTT and Cityscapes.

o 3D object detection with PointPillars [36], [37] on
KITTI and nuScenes.

o Stereo matching with PSMNet [38] on Argoversel,
KITTI, and Cityscapes.

o Motion forecasting with LaneGCN [39] on Argoversel.



TABLE 11
DATASET RANKING BY S-SCORE.

Name S-Score Frames | Categories
Argoversel 0.2982 (4) 600K 15
Cityscapes 0.3752 (3) 12K 30

KITTI 0.3767 (2) 41K 8

nuScenes 0.4617 (1) 40K 23
TABLE III

DATASET RANKING BY DOWNSTREAM TASKS. RANKING IS BASED ON
UTILITY GAINS. A HIGHER RANKING INDICATES A LARGER UTILITY GAIN.

Name YOLO | SwinV2 | Deeplab | PointPillars | PSMNet
Argoversel 4 3 N/A N/A 1
Cityscapes 3 2 2 2 2

KITTI 2 1 1 1 3

nuScenes 1 N/A N/A N/A N/A
A. Composite S-Score

The weights chosen to calculate the S-Score are wl =
0.3, w2 = 02,w3 = 0.2,wd = 0.1,w5 = 0.2 These

weights are chosen to more heavily punish structural similarity,
being lenient on graph density due to down-sampling, and to
punish evenly for temporal similarity, degree imbalance, and
perceived risk distribution.

Dataset Penalty Score Comparison

® Argoverse1 = Cityscapes ® KITTI ® nuScenes

06 0.500
0.430

J_penalty M_penalty C_penalty D_penalty RD_penalty

Fig. 3. Dataset penalty score comparison for Argoversel, Cityscapes, KITTI,
and nuScenes. Higher penalty values indicate greater redundancy or imbal-
ance, as measured by Jaccard similarity (Jpenaity), modularity (Mpenaity),
centrality (Cpenaity)s density (Dpenaity), and risk distribution imbalance
(RDpenalty)~

Figure [3| presents the penalty scores for each dataset. Table
shows the datasets’ S-Score, ranking, and characteristics.
The results reveal key differences in dataset structure:

o Argoversel has the highest redundancy (high Jycnaity
and RDpenaity), indicating excessive repetition in driving
scenarios.

« nuScenes has the highest modularity score (Mpcyqity
is lowest), meaning its driving scenarios are more distinct
and diverse.

o Cityscapes and KITTI show moderate redundancy,
but their graph density values (Dpcnaity) Suggest better-
balanced feature distributions compared to Argoversel.

Table shows the datasets ranked by training efficiencies
from different downstream tasks. The training efficiency of the
downstream models correlates strongly with the dataset rank-
ing by S-Score. A dataset with a higher S-Score demonstrates

TABLE IV
EXPERIMENT SETUP AND TRAINING CONFIGURATION.

Experiment setup: 4x NVIDIA RTX 2080 Ti (11 GB each)

Task Model Parameters

2D Object Detection YOLOvIIn  Default parameters
2D Object Detection SwinV2 Default parameters
Semantic Segmentation  DeepLabv3  Default parameters
Stereo Matching PSMNet Default parameters
3D Object Detection PointPillars ~ Default parameters
Motion Forecasting LaneGCN Default parameters

a higher training efficiency than that with a lower S-Score.
PSMNet benefits more from repetitive data, hence dataset with
a lower S-Score has a higher training efficiency.

B. Experiment Setup
Table [IV] lists the equipment and hyperparameters used
during training.

C. 2D object detection with YOLOvIIn

TABLE V
A SUMMARY OF YOLOV11N’S PERFORMANCE ACROSS DATASETS AND
SIZES. PERFORMANCE IS MEASURED BY OVERALL MAP50-90 AND

F1-SCORES.
Dataset Size mAP50-90 F1 Utility
Arcoversel 39,515 0.188 0.381  0.001
& 967 0.182 0.379 N/A
2,976 0.271 0.545  0.072
Cityscapes 1,488 0.250 0485  0.131
297 0.164 0.346 N/A
5,985 0.625 0.813 0.084
KITTI 2,992 0.564 0.770  0.146
598 0.356 0.587 N/A
11,178 0.471 0.710 0.114
nuScenes 5,589 0.365 0.615 0.165
1,117 0.220 0.460 N/A

Table [V| demonstrates how the YOLO model’s performance
gains decreases as it is trained on more data from each
dataset. The drastic decrease in model performance gain when
training YOLOvl1In on the Argoversel correlates with the
lowest S-Score and largest penalty calculated shown in Fig
The S-Score ranking for Cityscapes, KITTI, and nuScenes
also correlates with the rate of which the YOLOv11n model
performance gains as more data is added to the training set.

D. 2D object detection with vision transformer SwinV2-tiny

Table shows that Argoversel, Cityscapes, and KITTI
follow the utility trends predicted by their S-Scores.

E. 2D Segmentation with DeepLabv3

Table shows that KITTI demonstrates greater utility
gains as more data is added. This suggests that KITTI’s smaller
but more varied annotation set offers steeper performance
improvement per sample. This aligns with the S-Score ranking,
where KITTI scored slightly higher than Cityscapes. These
results highlight that S-Score captures not just diversity but



TABLE VI
A SUMMARY OF SWINV2-TINY’S PERFORMANCE ACROSS DATASETS AND
SIZES. PERFORMANCE IS MEASURED BY THE OVERALL MAP50-90

RESULTS.
Dataset Size mAP50-90 Utility
Argoversel 39,515 0.396 0.016
& 19,758 0.360 0.011
3,952 0.345 N/A
2,976 0.305 0.046
Cityscapes 1,488 0.290 0.085
297 0.216 N/A
5,985 0.571 0.059
KITTI 2,992 0.548 0.117
598 0.373 N/A
TABLE VII

A SUMMARY OF DEEPLABV3’S PERFORMANCE ACROSS DATASETS AND
SIZES. PERFORMANCE IS MEASURED BY THE IOU AND AACC(OVERALL

ACCURACY).

Dataset Size mloU aAcc  Utility
2976 7844 96.08  0.072

Cityscapes 2,678 78.92 96.12  0.078
1,488 7799 96.02  0.131

297 78.75  96.07 N/A

180 31.19 8224  0.084

KITTI 162 31.18 8256  0.085
90 29.25 80.03  0.146

18 19.82  70.85 N/A

also the informativeness of additional data for segmentation
tasks.

F. 3D Object Detection with PointPillars

TABLE VIII
A SUMMARY OF POINTPILLARS’ PERFORMANCE ACROSS DATASETS AND
SIZES. PERFORMANCE IS MEASURED BY THE OVERALL 3D-AP40(HARD)
AND BEV-AP40(MODERATE).

Dataset Size 3D-40H BEV-40M  Utility
3,712 57.43 68.32 0.004
KITTI 3,340 57.14 68.74 0.004
1,856 56.61 67.95 0.006
371 55.22 68.14 N/A
Dataset Size mAP NDS Utility
28,130 0.320 0.391 0.201
nuScenes 25,317 0.317 0.390 0.223
14,065 0.149 0.295 0.077
2,813 0.114 0.246 N/A

Table shows that nuScenes yields significantly higher
utility scores than KITTI for 3D object detection with PointPil-
lars. This aligns with their S-Score rankings—nuScenes having
the highest and KITTI a mid-range score, supporting the claim
that S-Score reflects semantic diversity and dataset efficiency.
The limited utility gains from KITTI further validate that lower
S-Scores correlate with redundant or less informative data.

TABLE IX
A SUMMARY OF PSMNET’S PERFORMANCE ACROSS DATASETS AND
SIZES. PERFORMANCE IS MEASURED BY THE MODEL’S 3-PIXEL ERROR

PERCENTAGE.

Dataset Size  3px Error Utility
8,142 3.845 0.052

Argoversel 7,298 4717 0.043
4,071 6.338 0.029

884 7.173 N/A

2,976 1.203 0.028

Cityscapes 2,678 1.249 0.028
1,488 1.288 0.051

297 1.618 N/A

160 2.154 0.027

KITTI 144 2.525 0.028
80 2.676 0.044

16 3.254 N/A

G. Stereo matching with PSMNet

Table shows fine-tuning PSMNet on three real-world
datasets. While Argoversel achieves the largest performance
gains for PSMNet as more data is added, this result does not
contradict its low S-Score. Rather, it reflects the nature of
what S-Score captures. A low S-Score indicates high structural
and semantic repetition within the dataset. In the case of
PSMNet, high repetition is beneficial to performance gains.
PSMNet learns to estimate disparity through patterns in spatial
structure, and repeated exposure to similar geometric layouts
helps the model converge more quickly and reliably [40]]. In
this sense, the improved performance is a sign that the model
is effectively exploiting redundant structure. The fact that S-
Score correctly identifies Argoversel as highly repetitive, and
that this repetition aligns with improved performance in a task
that benefits from it, further supports the interpretability of the
metric.

H. Motion forecast with LaneGCN

TABLE X
A SUMMARY OF LANEGCN’S PERFORMANCE ON ARGOVERSE1 WITH
DIFFERENT DATA SIZES. PERFORMANCE IS MEASURED BY ADE
(AVERAGE DISPLACEMENT ERROR) AND FDE (FINAL DISPLACEMENT

ERROR).
Dataset Size ade fde Utility
Arcoversel 205,942  0.676 1.01 0.02
goversel 185347 0723 1112 0.018
102,971 0.726 1.118 0.017
20,594 0.844  1.383 N/A

As shown in Table [X] reducing the dataset from 205k to
185k frames causes only a modest degradation, while dropping
to 20k frames significantly harms performance. This supports
the need for diversity-aware selection.

1. Validation of Random Graph

Random synthetic graphs preserve marginal attribute fre-
quencies but break higher-order co-occurrence, validating their



Argoverse1 vs. Random
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Fig. 4. Jaccard similarity CDF comparison: Argoversel vs. Random. 1
indicates the pair of images contains the exact same attributes. 0 indicates
that the pair of images share no attributes.

TABLE XI
DATASET RANKING BY CLIP FEATURE EXTRACTION AND K CENTER
USING COVERAGE RADIUS (CR), AREA UNDER COVERAGE CURVE (AUC),
AND PAIRWISE MEAN DISTANCE (PW)

Name CR AUC PW
Argoversel 0.1245 (4) | 13.2670 (3) | 0.1979 (3)
Cityscapes 0.1362 (2) | 23.5151 (2) | 0.1906 (4)

KITTI 0.1333 (3) | 13.1077 (4) | 0.2023 (2)

nuScenes 0.1426 (1) | 38.8818 (1) | 0.2113 (1)

use as null models. Fig[d]shows the CDF of structurally similar
images when comparing Argoversel versus its respective
random synthetic dataset.

J. S-Score sensitivity

To evaluate the sensitivity of the composite S-Score, we
perform a sanity test on the downsampled Argoversel dataset
(836 frames). Removing six frames whose attribute combina-
tions were unique (0.72% of Argoversel) decreased S from
0.5585 to 0.5565 (A = —0.0020), indicating responsiveness
to loss of rare semantics.

K. CLIP Feature Extraction and K Center

CLIP focuses on visual similarity and can mistakenly miss
out on valuable data, as shown in Figﬂ While Fig|§| (a),(b),(c)
may visually look similar, they contain drastically different
semantic information such as lane markings and different
moving vehicles. This justifies that CLIP feature extraction is
not a good tool to evaluate a dataset’s diversity and redundancy
or select data from one.

As shown in Table [XI} we observe rank inversions across
evaluation metrics: although CLIP-based selection ranks Ar-
goversel as most redundant, AUC identifies KITTI as worst,
and PM flags Cityscapes. Rank correlations between CLIP
and AUC/PM are low. These discrepancies indicate that
generic CLIP embeddings are insufficient to characterize re-
dundancy/diversity in autonomous-driving data. In contrast, S-
Score—built from driving-relevant attributes and a marginal-
preserving null—better tracks downstream utility.

Fig. 5. CLIP focuses on the overall visual appearance. It focuses on the color,
lighting, layout, texture, and object configuration. From a time series of 34
images, CLIP selected only the top image (a). While filtering image with a
Jaccard threshold at 0.5 yields the bottom images (b) and (c). Even though
(a) and (b) have a Jaccard Similarity of 0.852, (a) and (c) have a Jaccard
Similarity of only 0.417. (b) and (c) have a Jaccard Similarity of 0.361.

V. CONCLUSION AND FUTURE WORKS

We introduced S-Score, a minimally supervised, graph-
theoretic metric that quantifies semantic diversity and redun-
dancy in high-frame-rate autonomous driving datasets. It uses
a vision-language LLM to extract scene attributes, builds a
directed co-occurrence graph, and combines five normalized
penalties (Jaccard similarity, degree centrality, modularity,
density, and risk imbalance) against a randomized dataset-
specific baseline into one interpretable score.

S-Score is computed at the dataset level, requiring neither
task labels nor model training, making it well-suited for early
dataset triage and pretraining diagnostics. It supports practical
curation decisions (removing redundancy, targeting missing
coverage) and correlates with downstream performance across
four AV tasks; we will further report how AS-Score tracks
Aperformance (accuracy/ADE/FDE) as data is incrementally
added under a fixed training schedule.

All code, prompts, and analysis scripts are available at
https://github.com/Croquembouche/UDrive . While we cur-
rently use GPT-4o for attribute extraction, preliminary tests
with Claude 4.0, Gemini-2.5, Grok-3, and Qwen3.5-32B indi-
cate similar results are achievable with open-source VLMs.

Limitations and Future Work. We validate S-Score on
four datasets and five perception tasks; extending it to multi-
modal fusion and planning is future work. We also plan sensi-
tivity analysis of graph-metric weights and a systematic eval-


https://github.com/Croquembouche/UDrive

uation of VLM annotation reliability, including stress/noise
tests, to characterize robustness and failure modes.
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