Unsupervised Discovery of Failure Taxonomies from Deployment Logs
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Fig. 1: A framework for unsupervised failure taxonomy discovery from deployment logs. Given failure-centered multimodal
trajectories, our method first infers structured failure explanations and then aggregates them in a semantic reasoning
space to identify recurring failure modes, forming a taxonomy. This resulting failure taxonomy enables closed-loop safety
improvements, including targeted data collection and context-aware runtime failure monitoring.

Abstract— As robotic systems become increasingly integrated
into real-world environments, ranging from autonomous vehi-
cles to household assistants, they inevitably encounter diverse
and unstructured scenarios that lead to failures. While such
failures pose safety and reliability challenges, they also provide
rich perceptual data for improving system robustness. However,
manually analyzing large-scale failure datasets is impractical
and does not scale. In this work, we introduce the problem
of unsupervised discovery of failure taxonomies from large
volumes of raw failure logs, aiming to obtain semantically
coherent and actionable failure modes directly from percep-
tual trajectories. Our approach first infers structured failure
explanations from multimodal inputs using vision-language
reasoning, and then performs clustering in the resulting se-
mantic reasoning space, enabling the discovery of recurring
failure modes rather than isolated episode-level descriptions.
We evaluate our method across robotic manipulation, indoor
navigation, and autonomous driving domains, and demonstrate
that the discovered taxonomies are consistent, interpretable, and
practically useful. In particular, we show that structured failure
taxonomies guide targeted data collection for offline policy
refinement and enhance runtime failure monitoring systems.

I. INTRODUCTION

Autonomous systems, ranging from self-driving vehicles
to household robots, are increasingly deployed in open,
dynamic environments. In such unstructured settings, robotic
systems are prone to failures due to unexpected interactions
and long-tail edge cases. Traditional validation pipelines,
often grounded in simulation or controlled testing, struggle to
capture the full complexity of real-world deployment, leaving
many failure modes undetected until systems are deployed.

A promising direction for improving system robustness
is to systematically learn from failures that occur during

deployment. Robots naturally collect large volumes of per-
ceptual data, including traces of failed interactions. These
failure trajectories can provide valuable insights about under-
lying conditions and mechanisms that led to safety violations,
brittleness, or policy errors. Such failure analysis is often
conducted through a manual review process, in which human
experts sift through these logs, such as autonomous driving
[1]. However, manually curating and analyzing large-scale
failure logs is time-consuming and inherently unscalable.

In this work, we introduce the problem of unsuper-
vised failure taxonomy discovery from multimodal, failure-
centered trajectories. Rather than analyzing failures in isola-
tion [2—-6], our goal is to automatically obtain a semantically
coherent and actionable failure taxonomy directly from raw
deployment logs, without predefined labels. To address this
challenge, we propose an inference procedure that first
extracts structured failure explanations from perceptual tra-
jectories using vision-language reasoning, and then performs
clustering in the resulting semantic reasoning space. By
operating on inferred failure descriptions rather than raw
perceptual similarity, our method identifies recurring failure
patterns across deployment logs and organizes them into
interpretable categories described in natural language. Im-
portantly, the entire process operates in a fully unsupervised
manner, eliminating the need for costly human annotation
while preserving semantically meaningful structure.

The discovered failure taxonomies provide significant
downstream benefits for improving system safety. In this
paper, we demonstrate their value through two key appli-
cations. First, they guide targeted data collection, enabling



developers to efficiently focus training efforts on critical
or underrepresented failure scenarios while reducing overall
data collection costs. Second, we show that these failure
modes enhance online failure monitoring systems by pro-
viding richer contextual understanding of system behavior,
serving as an early-warning signal for potential system safety
violations at runtime.

Contributions. (1) We introduce the problem of unsuper-
vised failure taxonomy discovery from multimodal, failure-
centered trajectories. (2) We propose a framework that ex-
tracts structured failure explanations and clusters them into
semantic failure modes. (3) We demonstrate that the dis-
covered taxonomies provide measurable closed-loop safety
benefits, improving targeted data collection and runtime
failure monitoring across multiple robotic domains.

II. RELATED WORKS

Semantic Clustering of Images. Recent work has shown
the effectiveness of vision-language models (VLMs) for
semantic grouping of images. Prior methods cluster images
using human-specified language criteria [7] or automatically
discover clustering criteria from image datasets [8], reduc-
ing dependence on manual annotations. Other approaches
highlight semantic differences between image sets [9], or
identify important subpopulations and semantically diverse
subsets for training [10, 11]. While these methods focus
on static image collections, our work addresses failure-
centered, multimodal trajectories in autonomous systems. In
this setting, the objective is not merely the semantic grouping
of perceptually similar instances but identifying recurring
failure modes from temporal deployment logs.

Text Clustering and Topic Modeling. Topic modeling
methods can be broadly categorized into three groups. First,
extensions of classical probabilistic models such as Latent
Dirichlet Allocation (LDA) incorporate word embeddings
to improve semantic representation [12—19]. Second, fully
embedding-based approaches leverage contextualized repre-
sentations from pre-trained language models [20-23]. Third,
hybrid methods separate cluster formation from topic rep-
resentation, allowing flexible topic extraction [24-26]. Our
work differs from traditional text clustering in two key ways.
First, the underlying data is multimodal trajectories rather
than standalone text documents. Second, we seek to form a
taxonomy of semantic failure modes grounded in deployment
logs, rather than discover abstract topics in text corpora.

Failure Mining in Autonomous Systems. Falsification has
emerged as a prominent methodology for uncovering failures
in autonomous systems. A variety of approaches [27-33] test
systems in simulated environments under varied conditions
designed to provoke failures. These methods are effective
for identifying environmental parameters responsible for
system breakdowns under controlled settings. However, they
typically operate by tuning predefined parameterizations.
Moreover, analyzing resulting failure cases requires manual
inspection to identify underlying causes. In contrast, our
work automates the entire pipeline by leveraging large-scale
deployment datasets for unsupervised failure reasoning and

categorization, forming interpretable, actionable taxonomies,
without requiring any human effort.

Language-based Failure Reasoning in Robotics. Recent
works have explored integrating LLMs into robotic systems
to generate natural-language failure explanations. Prior work
demonstrates that LLMs can enhance diagnostic capabilities
in manipulation tasks by producing informative failure de-
scriptions [2-6]. These approaches primarily operate at the
individual episode level, focusing on explaining or correcting
specific failures. In contrast, we address the orthogonal prob-
lem of finding corpus-level failure structure: automatically
discovering and organizing failure modes across deployment
logs in an unsupervised manner.

III. PROBLEM FORMULATION

We formalize the problem of unsupervised discovery of
failure taxonomy from multimodal perceptual recordings
collected during robotic deployment. Consider a dataset of
N failure-centered sequences:

D = foli,, On=1;

where 0T\« = (07;:::;0g ) denotes the observation tra-
jectory for the n-th failure instance. Each sequence contains
frames preceding and following the failure time index K§ 2

event, while neighboring frames provide pre-failure context
and post-event consequences.

Our objective is to discover a set of L semantically coher-
ent and actionable failure modes that capture the structure
of recurring failure patterns present in the deployment logs.
Formally, we seek a mapping

H:D A fC,=(s; di; 1; Di; fi)gl_,;

where each cluster C; represents a failure mode and is
characterized by: (i) a natural language name Sj, (ii) a short
textual description d;, (iii) representative keywords |, (v) a
subset of sequences D; D assigned to that failure mode,
and (iv) a frequency T} = jD;j=jDj, and

Crucially, the failure modes are not predefined and must
be obtained from raw deployment data. The goal is not
merely to group perceptually similar sequences, but to re-
cover semantically coherent failure modes that explain why
failures occur across episodes. For instance, a cluster might
be: C; = Rear-End Collisions: Insufficient
Following Distance, where all trajectories in Dj in-
volve an autonomous vehicle failing to maintain safe head-
way from a leading vehicle.

IV. METHOD

Inferring the cause of failure in a robot trajectory is a
complex task that requires understanding the robot’s envi-
ronment, the agent’s actions, interactions with other agents,
and their consequences. Performing such analysis at scale
across diverse deployment logs demands automated systems
capable of extracting structured semantic signals from raw
perceptual data and reasoning over recurring patterns. Our
approach proceeds in three stages: (1) failure reasoning



from perceptual sequences, (2) failure taxonomy discovery
by aggregating the explanations into semantically coherent
failure modes, and (3) assignment of each trajectory to the
failure modes, as demonstrated in Fig. 1.

1) Semantic Observation Downsampling: To compactly
encode each failure trajectory while preserving causal con-
text, we perform frame-level similarity-based downsampling
centered on the failure event. For each failure sequence 07,
let the failure occur at index kg. We consider a temporal
window of length T around the failure: o Tpike+T» Where
T, and Ts denote the number of pre- and post-failure frames,
respectively, with T = T, + Ts + 1. This captures both the
pre-failure buildup and the immediate aftermath.

Let () 2 RY denote the CLIP embedding function and
define cosine similarity
o ()7 (of)

Sim(3) = {—omkk (OMk’

We construct a compressed subsequence 67y,

ORy To:ke+T, DY anchoring at the failure frame. Initialize
ip = K¢, include OPU and collect further frames following:

Backward selection:
(b)

n
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Forward selection:
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The process in each direction terminates when no valid
index remains within the window. The selected indices are
merged and ordered chronologically to form 6%.,,, M
T. This procedure performs a bidirectional, embedding-
space change-point selection centered at the failure. Frames
are retained only when they are semantically distinct from
the most recently selected frame in either direction. Con-
sequently, temporally redundant observations are removed
while preserving both the critical transitions leading to failure
and the immediate post-failure context, ensuring efficient use
of the VLM input context window.

2) Failure Reasoning: Each downsampled sequence is
fed to a VLM along with a structured prompt. The model
is prompted to summarize the scene and agent behavior
over the trajectory and to infer a plausible failure cause
r" grounded in the observed evidence. We adopt a Chain-
of-Thought strategy [34] to encourage explicit intermediate
reasoning and obtain the set of failure reasons R = frghL, .

3) Failure Taxonomy Discovery via Semantic Aggrega-
tion: Discovering the taxonomy involves clustering failure
explanations according to three primary objectives: (i) intra-
cluster semantic coherence, (ii) minimal inter-cluster con-
ceptual overlap, and (iii) comprehensive coverage of the
explanation set R. We leverage LLMs as optimizers [35]
to perform clustering. Given a set of N explanations, R =
fr”gr'\,‘:l, the model infers L distinct clusters fC,g, each
represented by the tuple (Si;d;; 1) defined in the problem
formulation. The number of clusters L is implicitly optimized
to best satisfy the stated criteria.

Taxonomy Aggregation. Clustering N failure explana-
tions simultaneously is sensitive to prompt phrasing [36], and
processing all explanations in a single pass is impractical for
large N. To improve robustness, we adopt an ensemble-and-
refine strategy. Starting from an initial clustering prompt,
the LLM generates diverse rephrasings, each of which in-
dependently clusters R to produce candidate taxonomies.
We then aggregate these candidates by prompting the LLM
to reconcile them into a single consolidated taxonomy
fCgA9gredate This aggregation step resolves inconsistencies
in cluster boundaries, merges overlapping categories, and
unifies semantic labels across candidates. The procedure can
be viewed as an instance of test-time self-refinement [35,
37, 38], where multiple candidate solutions are generated
in parallel and synthesized into an improved output. By
reconciling diverse partitions of the explanation set, the
resulting taxonomy is more comprehensive and internally
consistent than any single candidate.

4) Assigning Trajectories to Failure Modes: Each trajec-
tory is assigned to the discovered failure modes. Given the
obtained taxonomy FCgA99"93t and an explanation ", we
prompt an LLM with cluster names S, descriptions d;, and
keywords |, and ask it to map r" to the most appropriate
clusters. Trajectories that do not align with any existing
cluster are flagged as outliers; such instances may correspond
to rare, ambiguous, or previously unseen failures and can
guide future taxonomy refinement.

V. EXPERIMENTS

We evaluate our framework across three robotic domains:
(i) long-horizon robot manipulation in kitchen tasks, (ii)
real-world dashcam videos of car crashes, and (iii) vision-
based autonomous navigation in indoor office environments.
In each domain, our objective is to obtain an interpretable
taxonomy of recurring failures modes from raw deployment
logs and assess its utility for downstream safety tasks such
as runtime monitoring and targeted data collection, when
applicable.

We validate different components of the framework at
increasing levels of supervision. In the manipulation domain,
where expert-defined taxonomies are available, we quan-
titatively evaluate failure-explanation accuracy, taxonomy
alignment, and assignment performance. In the driving and
navigation domains, where large-scale expert annotations are
unavailable, we assess qualitative coherence and demonstrate
practical utility through safety-critical downstream tasks.

We use Gemini 2.5 Pro for failure explanation and Ope-
nAl o4-mini for taxonomy discovery, trajectory-to-cluster
assignment, runtime monitoring, and LLM-based evaluation.
Model selection was based on empirical reasoning perfor-
mance across candidate open and closed-source models.

A. Case Study 1: Robot Manipulation

We first evaluate our framework in a controlled setting
using RoboFail [2], a dataset of manipulation failures in
long-horizon kitchen tasks. RoboFail provides an expert-
defined taxonomy of eight distinct failure modes across 100



simulated videos spanning 10 tasks, along with 30 realFABLE I: Performance comparison of different VLMs on
world UR5 robot demonstrations across 7 tasks. Each videge failure reasoning task proposes Gemini 2.5 Pro as the

includes task instructions, success conditions, failure timegest choice overall. The best method is highlighted in bold.
tamps, executed action plans, and expert-annotated failure

: : : : H : Simulation Real-World
reasons. This setting enableg quantitative validation of each  model CS" | ROUGE. " | LLMJ" | CS" | ROUGE, * | LLM- "
stage of our framework against a ground-truth .taxonomy oo Toasas| 02017 010 | oo30sl ozesr | o108
before scaling to less structured real-world domains. Qwen25-VL-78 | 05200 02273 026 |06890| 03570 | 0.333

a) Validation of Failure Reasoning: To infer failure OpenAloamini | 0.5557) 02422 | 046 ) 06770/ 03640 | 0.370
d the VLM Wlth erce tion in uts taS' Cosmos-Reason1-7B 0.5324 0.1541 0.20 0.6930 0.2290 0.133
reasons, we providae P p puts, ™ Gemini 2.5 Pro | 0.6003| 02589 | 076 |06280| 03420 | 0.567

context, and the robot's executed action plan. Incorporating
action-level information enables the model to distinguish
between planning-level errors and execution-level failur
grounded in the same perceptual evidence.

Fig. 2 illustrates a representative example of explanation

blation on Downsampling Methods. We evaluate the
effectiveness of our semantic observation downsampling
trategy for failure explanation by comparing it with xed-

where the model correctly attributes failure to dropping ramg—rate sampling. As shown in Tabl_e I, our a.ppfoa‘:h
pot while carrying it, consistent with expert annotation. WeConSIStentIy putperforms xed-ratg basellngs. This indicates
guantitatively evaluate agreement between inferred explantg-at empeddlng—baseq change.-.pomt ;elgcﬂon better preserves
tions and expert-labeled failure reasons on both simulatioﬁ?mant'ca"y _mformatlve transitions V\."th'n the VLM. context
and real-world datasets using three complementary metrié@!ndow’ leading to more accurate failure explanations.

(@) Cosine Similarity (CS) between text embeddings, (b)TABLE II: Performance comparison with xed frame rates
ROUGE,, measuring longest common subsequence ovesampling, highlighting bene ts of the proposed semantic

lap, and (c) LLM-Judge (LLM-J), which produces binary downsampling. The best method is highlighted in bold.
semantic agreement decisions. All LLM-based evaluations

use xed prompts and deterministic decoding to ensurevetod | _  Smulaton . ‘ | ReaWorld .
consistent scoring. As shown in Table I, our method achieves Cs" | ROUGE, " | Limd Cs" | ROUGE, " | LLmy
strong semantic alignment with expert annotations, attaining® S | 0-5927) 02545 | 066 106141 0.2971 | 0.4166
. T .5 fps | 0.5885 0.2582 0.68 0.6362 0.3286 0.4332
a cosine S|.m|lar|t_y of O.§0 and an LI__M-J score of 0.76, g 55 tos| 05017 0.2512 069 | 06581l 03405 | 04333
demonstrating reliable failure explanation. Ouwrs |06003| 02580 | 076 | 06280| 03420 | 05667

General-Purpose vs Fine-Tuned Models. We compare our
approach against two manipulation-speci ¢, instruction- ne-
tuned VLMs: AHA-13B [3] and RoboFAC-7B [4]. On the
unseen RoboFail real-world dataset, our reasoning-based
framework outperforms both models (Table IlI). While ne-
tuned models can specialize to speci c viewpoints and task
distributions, we observe reduced generalization to unseen
environments and hallucinated failure explanations. In con-
trast, leveraging general-purpose reasoning models yields
more robust cross-domain behavior without task-specic
retraining, aligning with our goal of discovering deployment-
scale failure taxonomies.

_ _ _ TABLE llI: Performance comparison of Gemini 2.5 Pro with
Fig. 2: A failure explanation example where the robotne-tuned models showing the bene ts of general-purpose.
dropped a pot. The red-bordered frame shows failure eveiMere, LLM-J is computed using the same model, prompt,

blue box shows prompt, orange box shows LLM's respons@nd parameters as AHA-13B [3] for fair comparison.
and green box shows expert-labeled failure reason.

Model | CS " | ROUGEL " | LLM-J "
Ablation on Reasoning Models. We evaluate multiple AHA-13B [3] |0.471] 0.280 0.465
general-purpose models, both open-source and proprietary, RoboFAC-7B [4]‘0-452‘ 0.137 ‘ 0.133
for failure reasoning (Table I). Among the evaluated models, Gemini 2.5 Pro | 0.628]  0.342 | 0.550

Gemini 2.5 Pro achieves the strongest semantic alignment
with expert annotations, particularly under LLM-J scoring. b) Validation of Taxonomy Recovery: We next eval-

While 04-mini and Cosmos-Reason1-7B achieve competitivégate whether the obtained taxonomy recovers meaningful
ROUGE and CS scores, their lower LLM-J agreemenfailure modes. Using the failure explanations, our method
suggests weaker semantic correspondence despite surfgmeduces semantically coherent clusters corresponding to
level textual similarity. distinct root causes. Fig. 3 shows the discovered clusters,



along with representative keywords and frequencies. Qualitgroups. As a result, it does not reliably isolate root-cause
tively, the taxonomy yields clear and interpretable groupingslistinctions required for an interpretable failure analysis.

For example, Manipulation & Control Failures For quantitative comparison, we compute a similarity ma-
capture execution-level issues such as failed grasps and tix between the discovered clusters and RoboFail's expert-
intended drops; Planning Parameter & Resource de ned taxonomy by prompting an LLM to score semantic
Selection Errors re ect incorrect or misspeci ed ac- similarity for each pair of predicted and expert-de ned
tions (e.g., wrong tool or container); and Perception failure mode. From the normalized similarity matrix S 2
& State Awareness Failures isolate errors due to [0; 1}N  (with N=8 expert failure modes and L number of

misidenti cation or incomplete scene understanding. Overpregicted clusters), we compute: (i) Cluster Precision (CP)

all, the obtained clusters capture ne-grained distinctions®  max Sj , measuring whether each predicted cluster

across perception, planning, control, and environment-relat@tbps sharply tcban expert failure mode; (ii) Taxonomy Cov-

failures, providing a rich, interpretable organization of therage (TC) Ni | max; Sj , measuring the completeness

RoboFail failure dataset. of the recovered taxonomy; and (iii) their harmonic mean,
Semantic Alignment Score (SAS), penalizing vague clusters
and missed expert failure modes.

Fig. 4 visualizes the similarity. Our method exhibits sharp,
diagonally dominant structure, indicating near one-to-one
alignment with expert-de ned taxonomy, whereas BERTopic
variants produce diffuse, overlapping mappings. Table IV
shows that consensus aggregation further improves CP, TC,
and SAS relative to any single run and both BERTopic base-
lines, achieving TC=1.0 (covering all expert-de ned failure
modes). Together, these results demonstrate that our obtained
taxonomy is both interpretable and expert-consistent, while
maintaining distinct categories.

TABLE IV: Cluster quality metrics against the RoboFalil
expert taxonomy. Single Run reports the average over four
independent runs. (CP: Cluster Precision, TC: Taxonomy
Fig. 3: Manipulation failure clusters with keywords andCoverage, SAS: Semantic Alignment Score).
frequencies (under each cluster name) and examples.

Method CP" TC" SAS"
Baselines and Results. To evaluate the quality of the BERTopic 0.785 0.625 0.696
discovered failure clusters, we compare against BERTopic BERTopic-LLM 0875 0875 0875
[26], a state-of-the-art topic modeling method that combines Ours (Single Run) ~ 0.818 0.900 0.849
transformer embeddings with unsupervised clustering and Ours (Aggregation) 0920 1.000 0.958

keyword extraction. For a direct comparison, we apply L . . -
BERTopic to the same failure explanations. We also include c) Validation of Trajectory-to-Cluster Assignment: Fi-
a stronger variant, BERTopic-LLM, which uses a Ianguagga!ly‘ we evaluate whethgr individual failure gplsode§ can be
model to summarize each BERTopic cluster with represeﬁ?“ably mapped to the fa|Iur_e taxonomy obtained. Glyen th?
tative keywords and descriptions. discovered clusters, we assign each failure explanation to its

most appropriate failure modes. Our framework achieves a

Size BERTopic-LLM BERTopic Keywords weighted F1 score of 85.53%, signi cantly outperforming

Clusters an embedding-similarity baseline that assigns each expla-
(41) Robot planning the, water, to, mug, pot, it, nation to the cluster with the highest cosine similarity

failures robot, of, sink, with (F1 - 32.41%). These results demonstrate that the obtained
(38) Robot task failures the, to, it, robot, egg, bowl,  taxonomy is both discriminative and practically usable for

. plan, pan, potato, is consistent categorization.
(12) Robot action errors the, bread, slice, toaster, to,
robot, failed, of, was, loaf B. Case Study 2: Real-World Car Crash Videos

(9) Flawed robot plans the, remote, to, laptop, plan,

We next evaluate our framework on the Nexar car crash
dataset [39], containing 1,500 dashcam videos (approxi-

As evident from the list above, BERTopic groups frequentately 40 seconds each at 1280x720 resolution and 30 fps)
terms and fails to separate distinct underlying patterns. Abf collisions or near-miss events involving the ego vehi-
though BERTopic-LLM improves interpretability, its clusterscle. Although these recordings originate from human-driven
remain broad and overlapping, frequently merging concepehicles, they provide a large-scale proxy for deployment-
tually distinct categories (e.g., wrong action order, missingme driving failures in the absence of publicly available au-
steps, and incorrect actions) into generic planning-relatednomous vehicle failure logs. The same framework directly

on, it, television, navigate




Fig. 4. Heatmaps showing semantic similarity between the RoboFail expert-de ned failure modes (columns) and the
discovered clusters (rows) for our method (left), BERTopic (middle), and BERTopic-LLM (right). A sharper, diagonally
dominant structure indicates stronger one-to-one alignment and better recovery of failure categories.

applies to autonomous driving logs. Applying our methodimulated Stanford of ce environment [42] and extract front-

to this dataset yields a semantically coherent taxonomy efew image sequences. Trajectories resulting in collisions

recurring driving failure modes, illustrated in Fig. 5. constitute the failure dataset D used for our purpose.
Qualitatively, the discovered clusters correspond to in-

terpretable and recurring incident types, including Rear

End Collisions, Intersection Right of Way

Violations, and Unsafe Cut In / Lane Change

Intrusions. The taxonomy also isolates rarer fail-

ures such as Visibility Impaired Perception

Failures and Static Obstacles, demonstrating cov-

erage across both frequent and long-tail scenarios.
Importantly, the obtained taxonomy closely aligns with the

U.S. DoT Volpe Center's pre-crash typology [40], capturing

major failure categories identi ed in traf c safety research.

This alignment emerges without prede ned labels or struc-

tured metadata, indicating that the framework can recover

semantically grounded failure categories directly from raw

deployment videos logs.

C. Case Study 3: Vision-Based Indoor Robot Navigation Fig. 6: Indoor navigation clusters with examples.

We apply our framework to a vision-based ground robot apniyving our method to these collision trajectories
navigating previously unseen indoor ofce environmentSje|ds ‘a set of interpretable failure modes, shown in
[41]. The robot employs a CNN-based policy with a modelgijg 6 The obtained clusters capture distinct perceptual and
based low-level controller, receiving RGB images, €90geometric failure causes, including Thin Protruding

velocities, and a goal position as inputs and outputting)bjectS Uniform/Featureless Surfaces. and
acceleration commands. We record robot rollouts in thRgrrow Gap Misjudgments. Notably, several discov-

ered clusters, such as protruding corners, glass doors, and
featureless walls, align with failure types previously identi-
ed manually in [43]. This correspondence emerges with-
out prede ned labels, indicating that the framework can
rediscover known causes while also organizing additional
recurring collision patterns into a coherent taxonomy.

VI. DOWNSTREAM SAFETY IMPROVEMENT

To illustrate the utility of the discovered failure taxonomy,
we present two proof-of-concept downstream integrations:
runtime failure monitoring and targeted data collection.

) _ ] ) These experiments are not intended to introduce new failure
Fig. 5: Real-world car crash failure clusters with examplesyetection or policy training pipelines. Instead, they demon-
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