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Abstract
Vehicle diagnosis begins with structured signals—an Electronic

Control Unit (ECU) identifier, a Diagnostic Trouble Code (DTC),

and trigger conditions—but technicians must translate them into an

accurate fault description and appropriate repair measures. Auto-

motive repair reasoning is both long-tailed and safety-critical: rare

ECU/DTC combinations provide few training examples, while asso-

ciating a fault with the wrong control unit or recommending unnec-

essary repairs can mislead maintenance decisions. Benchmarking

this capability is challenging because diagnostic resources are frag-

mented, general-purpose large language models (LLMs) often fail to

follow repair constraints, and exact-match metrics may reject valid

answers expressed differently. We introduce AutoRepairBench,
a BMW-centered benchmark and evaluation framework for long-

tailed, safety-critical automotive repair reasoning. It supports single-

turn diagnosis, multi-pair prompting, and frequency-aware analy-

sis of common and rare cases. Its validated hierarchical evaluator

accepts valid paraphrases while checking ECU/DTC associations,

component relationships, repair severity, and unnecessary repair

recommendations. We also develop RepairLLM-7B, a compact,

retrieval-free model trained through two-stage distillation: the first

stage reduces the dominance of frequent cases, while knowledge-

graph-anchored online distillation emphasizes uncertain and rare

cases. On a double-blind set of 585 cases labeled by three automo-

tive experts, the evaluator achieved 94.19% accuracy and an F1 score

of 94.67%. On the 500-instance main evaluation set, RepairLLM-

7B achieved 95.0% single-turn joint accuracy (475/500) and 94.2%

per-pair joint accuracy under multi-pair prompting (471/500); it

also improved tail accuracy on the separate 100-instance general-

ization set and reduced safety-critical errors relative to supervised
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fine-tuning. These results demonstrate the importance of jointly

benchmarking overall accuracy, rare-case performance, and repair

safety in automotive repair reasoning.
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1 Introduction
Modern vehicles are increasingly software-defined systems. When

a fault occurs, technicians usually do not observe the root cause di-

rectly; instead, they receive diagnostic signals such as an Electronic

Control Unit (ECU) identifier, a Diagnostic Trouble Code (DTC),

and trigger conditions. Turning this signal bundle into a useful

maintenance decision requires two forms of reasoning: explaining

the likely fault mechanism and selecting a repair plan whose scope

matches the evidence. This setting is practically important because

diagnostic support can reduce troubleshooting time, but it is also

safety-sensitive: a fluent response that binds the fault to the wrong

ECU, ignores a topology constraint, or recommends replacement

before verification can create unnecessary cost and operational

risk [27, 51].

Problem. We study structured automotive repair reasoning,

where each input 𝑥 = (ECUID,DTC,TriggerCondition) must be
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Figure 1: AutoRepairBench pipeline. From the ECU/DTC/trigger task, the stack proceeds as expert-annotated benchmark
construction, two-stage distillation for RepairLLM-7B, and hierarchical System 1/System 2 evaluation under single-turn,
multi-pair, and error-type protocols.

mapped to a fault description and actionable repair measures. The

central difficulty is that the domain is long-tailed. Frequent faults

provide many training examples, while rare ECU/DTC combina-

tions may appear only once, even though they often contain the

most consequential edge cases. At the same time, outputs are open-

ended: different phrasings may be correct, but only if they preserve

hard constraints such as ECU/DTC binding, physical directionality,

and appropriate repair severity.

Limitations of existingmethods. Current resources and meth-

ods do not fully address this combination of open-ended generation

and hard technical constraints. Public diagnostic knowledge is frag-

mented across manuals, databases, and informal resources, making

benchmark construction difficult. Standard long-tail classification

techniques assume closed labels and therefore do not directly solve

structured repair generation [5, 8]. Retrieval-augmented systems

can provide useful evidence, but superficially similar cases may

still differ in ECU binding, vehicle generation, or admissible re-

pair scope. Finally, exact match and generic embedding similarity

can reject valid paraphrases or accept unsafe near-matches, while

generic LLM-as-a-judge methods may miss domain-specific safety

rules [25, 55].

Our idea.We argue that the benchmark, model, and evaluator

must be co-designed, following the order in Figure 1. AutoRepair-
Bench first constructs expert-annotated instances from generated

candidates and diagnostic references, with evaluator filtering in

the loop and experts deciding gold labels. RepairLLM-7B is then

trained as a retrieval-free 7B student with two-stage distillation,

so it does not simply memorize frequent service templates. The

same Hierarchical Evaluator (System 1 heuristic triage, then

System 2 deliberative arbitration) scores open-ended outputs with

paraphrase tolerance while enforcing ECU/DTC binding and no-

over-repair constraints; independent expert validation keeps its

scores from becoming a circular proxy for correctness.

Implementation challenges and solutions. The first chal-

lenge is data reliability: model-generated candidates improve cover-

age but may hallucinate entities or repairs; we address this with iter-

ative generate–evaluate filtering followed by a full expert review of

every retained instance, then refine the evaluator from those labels

and retain invalid candidates as stress tests. The second challenge is

tail robustness: naive supervised fine-tuning (SFT) is dominated by

frequent patterns, whereas aggressive inverse-frequency sampling

can overfit noisy rare cases; we use square-root rebalanced SFT

followed by knowledge graph (KG)-anchored online distillation.

The third challenge is scalable evaluation: repair outputs require

paraphrase tolerance while enforcing no-over-repair and entity

discipline; we introduce a hierarchical evaluator that combines fast

semantic triage with deliberative tuple extraction and safety-aware

arbitration.

Results and contributions. The evaluator agrees with expert

labels at 94.19% accuracy on a double-blind validation set (𝑁 = 585).

On the 500-instance evaluation set, RepairLLM-7B reaches 95.0%

single-turn joint accuracy and improves multi-pair and safety-error

performance relative to SFT and general-purpose baselines; tail

accuracy also improves on the 100-instance generalization set. Our

contributions are:

• AutoRepairBench. A structured repair-reasoning benchmark

whose instances are expert-annotated in full, with protocols for

single-turn, multi-pair, and frequency-aware head/tail evalua-

tion.
1

1
Repository: https://github.com/AutoRepairBench/AutoRepairBench

https://github.com/AutoRepairBench/AutoRepairBench
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• RepairLLM-7B. A retrieval-free 7B student trained with two-

stage distillation, combining square-root rebalanced SFT and

KG-anchored online distillation with focal-weighted PPO.

• Hierarchical evaluator. An evaluator that checks semantic

correctness, ECU/DTC binding, topology, action severity, and

no-over-repair constraints, validated against expert labels.

2 Related Work
Automotive diagnosis and industrial maintenance. Vehicle
diagnosis has a long line of work that uses sensor traces, service

records, and technical documents to support troubleshooting. Ear-

lier systems mapped free-text customer or workshop reports to

diagnostic categories, while recent work studies large-scale multi-

lingual fault nowcasting from service text [20, 33]. Recent retrieval-

based systems further move from classification toward generation:

Mahale et al. combine DTC resources, manuals, and multi-step

retrieval-augmented generation (RAG) to generate vehicle diag-

nostic reports, and Lukens et al. evaluate technical-manual RAG

for ground-vehicle fault-code recommendation [28, 30]. AutoRe-

pairBench is not intended as another diagnostic report generator.

Instead, it benchmarks whether models can produce paired fault

descriptions and repair measures under explicit ECU/DTC and

trigger-condition grounding, where semantically variable surface

forms must still satisfy entity binding, causal consistency, action

severity, and no-over-repair constraints [6].

Industrial KG/LLM diagnostic reasoning. Beyond passenger-
vehicle repair generation, LLM-based fault diagnosis is also emerg-

ing in prognostics and health management and industrial main-

tenance [9] and communication networks, where symbolic rules

have been integrated with a teacher–student GNN to improve fault-

scenario identification under limited data [52]. Priorwork integrates

maintenance logs, technical documents, and domain knowledge

into diagnostic models, and several systems combine knowledge

graphs with LLMs for aviation assembly, manufacturing, and main-

tenance decision support [17, 29]. We do not claim novelty for KG-

enhanced diagnosis per se. Instead, we focus on its instantiation

as an ECU/DTC-grounded automotive benchmark with frequency-

aware evaluation, compact repair-model training, and KG-grounded

safety rewards.

Long-tailed learning beyond closed labels. Classical long-
tailed learning typically assumes a closed label space and mitigates

skew through class reweighting or margin adjustment [5, 8]. For

LLM-based repair generation, however, tail risk is also knowledge-

driven: rare facts are less reliably stored in parametric memory, and

factual QA accuracy correlates with the amount of relevant pre-

training evidence [19, 43, 53]. Head/torso/tail factual benchmarks

further show that popularity affects LLM factuality [40]. Automo-

tive repair has a similar but more constrained long-tail structure:

many ECU/DTC/trigger combinations are rare, yet valid outputs

must still follow reusable repair templates, component relations,

and safety rules [2]. AutoRepairBench therefore reports head/tail

slices and trains RepairLLM-7B with tail-aware sampling and re-

wards, rather than reducing repair generation to a closed-label

imbalance problem.

Table 1: AutoRepairBench task contract. The benchmark eval-
uates both explanatory correctness (FaultDescription) and
prescriptive reliability (RepairMeasures) under ECU/DTC
grounding.

Field Definition

Input (𝑥 ) ECU ID, DTC, and Trigger Condition (schema keys:

ECUID, DTC, TriggerCondition), which provide the

diagnostic context.

Output (𝑦) FaultDescription and RepairMeasures.

FaultDescription A grounded explanation of the malfunction and its

underlying cause, consistent with the input context.

Semantically equivalent expressions are accepted,

whereas incorrect entities or contradictory claims are

penalized.

RepairMeasures An actionable, appropriately scoped repair plan that

may include inspection, verification, or replacement

when warranted. Unnecessary replacement and unsafe

escalation are penalized.

Knowledge distillation for compact deployment. Distilla-
tion for LLMs has moved beyond matching final labels, using ratio-

nales, intermediate explanations, and reasoning traces to transfer

behavior from larger teachers to compact students [10, 12, 45].

Alignment work such as Direct Preference Optimization further

shows that feedback or preference objectives can reshape model

behavior after supervised tuning [35]. We position this two-stage

distillation in this lineage rather than as a generic distillation frame-

work: its first stage rebalances rare ECU/DTC repair contexts during

supervised tuning, whereas its second stage uses KG-grounded feed-

back and focal safety rewards to penalize fluent but unsupported,

unsafe, or over-aggressive repair suggestions [41].

Evaluation for open-ended technical generation. Open-
ended technical generation cannot be scored by exact match alone:

semantically equivalent repairs may use different wording, whereas

a single ECU, DTC, or component error can invalidate an otherwise

fluent answer [22, 23]. Domain-specific evaluators use syntax-aware

metrics for network-configuration generation [24] and combine

LLM judgments with similarity measures validated against human

preferences [14]; generic judges nevertheless remain vulnerable

to position, verbosity, and instruction-following biases [25, 49, 55].

Unlike generic judges, our evaluator enforces explicit checks on

ECU/DTC binding, topology and causal direction, action severity,

and no-over-repair behavior, and its scores are calibrated against

expert labels.

3 AutoRepairBench: Benchmark Construction
and Protocols

Figure 1 overviews benchmark construction, two-stage training,

and evaluation. This section defines the task, describes how Au-

toRepairBench is constructed from heterogeneous resources, and

specifies the evaluation protocols used throughout the paper.

3.1 Task definition and output contract
As shown in Table 1, AutoRepairBench frames automotive repair

diagnosis as structured generation. Each instance provides an in-

put 𝑥 = (ECUID,DTC,TriggerCondition) and requires the model
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to generate 𝑦 = (FaultDescription,RepairMeasures). We write the

human-readable fields ECU ID and Trigger Condition as the schema

keys ECUID and TriggerCondition, respectively. FaultDescription
explains the malfunction and plausible causes consistent with the

given identifiers and trigger.

RepairMeasures specifies feasible actions (inspection steps, re-

placements, or verification procedures) under safety constraints.

This schema enables evaluation that is simultaneously semantic

(meaning-preserving) and entity-aware (correct ECU/DTC bind-

ing) [3].

3.2 Data sources
Webuild AutoRepairBench from two complementary sources.Model-
driven generation uses LLMs to propose candidate fault descrip-

tions and repair measures from diagnostic contexts [46]; this im-

proves coverage but can hallucinate entities or unsafe repairs. Struc-
tured diagnostic references supply normalized fault descriptions,

trigger conditions, and service-plan fields from publicly accessible

BMW fault-code material [4]. A November 2025 BMWFaultCodes

snapshot was used for ECU/DTC-level normalization and annota-

tion. We release only derived tuples and expert annotations, not

original source content; raw-source reuse rights must be arranged

directly with the source.

3.3 Iterative generate–evaluate extraction and
negative samples

For model-generated candidates, we apply an iterative generation–

evaluation loop: a generator proposes candidates for FaultDescrip-

tion and RepairMeasures, and an evaluator checks (i) consistency

with (ECUID,DTC,TriggerCondition), (ii) feasibility of repair ac-

tions, and (iii) basic safety constraints. Failed candidates are regen-

erated with constraints derived from prior failures, discouraging

repetition and guiding the generator toward coherent outputs [38],

until the loop terminates with a candidate instance. The resulting

candidates are then passed to experts for a full valid/invalid re-

view, with evaluator scores withheld (Section 3.4). Importantly,
we retain invalid instances as informative negatives for evaluator

refinement and stress testing, since most real-world failure cases

resemble “almost plausible” technical text.

3.4 Validation, splits, and benchmark release
Benchmark construction uses the evaluator as a first-pass filter,

then a full expert review. After extraction and automatic generate–

evaluate scoring, every retained instance is labeled valid or invalid
by a domain expert. Five domain experts partitioned the corpus,

so each instance is reviewed by a single annotator rather than by

independent multi-annotator voting. Annotators saw the diagnostic

input and the candidate output, but were blinded to the evaluator

score and decision. Expert-accepted items are the gold positives for

training and evaluation; expert-rejected items are kept as negatives

for evaluator refinement and stress testing. These expert decisions

are also used to refine the evaluator, and automatic evaluator ac-

ceptance is not treated as a final gold label.

This corpus protocol is distinct from the evaluator-reliability

study in Section 5.3. The latter is a disjoint double-blind sample

(𝑁 = 585) in which three senior experts independently label each

Table 2: Long-tail distribution of unique RepairMeasures
(RM) and FaultDescription (FD) strings in AutoRepairBench.

Metric RepairMeasures FaultDescription

Unique strings 21,647 85,889

Maximum frequency 9,669 185

Mean frequency 5.4 1.4

Median frequency 2.0 1.0

Strings with frequency 1 10,521 (48.6%) 67,921 (79.1%)

80% Coverage 5,348 (24.7%) 62,396 (72.6%)

90% Coverage 10,514 (48.6%) 74,143 (86.3%)

case and a majority vote is taken. The full-corpus labels do not use

that three-annotator protocol, and we do not report inter-annotator

agreement on the partitioned split. The reliability set is kept disjoint

from all model-training and model-selection data.

AutoRepairBench is released with standard splits for supervised

learning: training (𝑁train = 117,365), validation (𝑁val = 873), and a

held-out generalization set (𝑁test = 100). We additionally provide

frequency metadata to support head/tail analysis, as summarized

in Table 2.

The experiments use two evaluation pools, kept disjoint from

the supervised validation split and the evaluator reliability set.

The main evaluation set contains 500 instances (150 head, 350 tail)
and is used for single-turn, multi-pair, and error-type comparisons.

The 100-instance generalization set (30 head, 70 tail) is used for

overall generalization and head/tail reporting. Instance frequency

is the number of corpus records sharing the same RepairMeasures
string; head instances have frequency 𝑓 ≥ 101 and tail instances

𝑓 ≤ 100, a cutoff induced by the square-root downsampling rule

target = min(𝑛, 10
√
𝑛). The 500-instance set is held out from

the full corpus with fixed seed 1041 on the canonical key {Input,
RepairMeasures}; the generalization set is sampledwith fixed seed

1043.

3.5 Evaluation protocols (beyond joint accuracy)
AutoRepairBench evaluates models under protocols designed to

reflect workshop workflows and long-tail reliability:

• Single-turn accuracy: independent diagnostic queries. We re-

port joint accuracy, the fraction of instances for which both

fields pass, and field-level correctness for FaultDescription and

RepairMeasures.

• Multi-pair completion: each prompt contains 10 diagnostic

pairs. We report per-pair joint accuracy across all multi-pair

prompts; a pair passes only when both FaultDescription and

RepairMeasures pass.

• Frequency-aware evaluation: stratified reporting for high-

frequency (head) vs. low-frequency (tail) subsets, revealing long-

tail brittleness that joint accuracy can hide.

These protocols make specific failure modes explicit, particularly

tail reliability (rare faults) and robustness under batched heteroge-

neous inputs.
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Figure 2: Two-stage distillation. Stage 1 performs square-root rebalanced SFT. Stage 2 performs KG-anchored online distillation
with PPO and focal weighting.

4 RepairLLM-7B: Two-Stage Distillation for
Long-Tailed Repair Reasoning

Figure 2 summarizes two-stage distillation for RepairLLM-7B, a

compact, retrieval-free student for safety-critical automotive repair

reasoning, where inputs are highly diverse and long-tailed but valid

outputs must remain both semantically correct and operationally

safe. Naive SFT tends to be dominated by frequent fault patterns,

whereas unconstrained knowledge distillation may transfer fluent

but unsafe teacher behaviors. Two-stage distillation addresses this

by moving the student from format-stable supervised generation to

knowledge-grounded policy alignment.
Using the same input–output contract as Section 3, training

takes x = (ECUID,DTC,TriggerCondition) as input and produces

y = (FaultDescription, RepairMeasures) as output. It consists of
two stages:

(1) Stage 1: square-root rebalanced SFT, which initializes a sta-

ble student under long-tail data skew;

(2) Stage 2:KG-anchored online distillationwith focal-weighted
proximal policy optimization (PPO), which transfers teacher

preferences while enforcing factual and entity-level con-

straints.

4.1 Motivation: Distillation for Long-Tailed
Structured Generation

Automotive repair diagnosis differs from standard long-tail classifi-

cation [43]: the challenge is not merely to recover rare labels, but to

generate structured, safety-constrained reasoning for rare ECU/DTC

conditions, where multiple surface realizations may be semantically

acceptable but only a small subset is consistent with ECU ground-

ing, fault topology, and repair scope. Retrieval-based assistance

is also insufficient: semantically adjacent reference cases can still

differ in ECU binding, topology, or admissible scope, so nearest-

neighbor retrieval does not necessarily recover procedurally valid

evidence. We therefore aim to internalize these constraints through

knowledge-grounded distillation and tail-aware optimization, fol-

lowing three design principles: the student should not be initialized

from head-dominated supervision alone; the teacher policy should

be knowledge-constrained rather than purely generative; and the dis-

tillation signal should emphasize uncertain or rare patterns rather

than already well-learned head tokens. Two-stage training opera-

tionalizes these principles.

4.2 Stage 1: Square-Root Rebalanced Supervised
Fine-Tuning

We first train an initial student policy 𝜋
(0)
𝜃

using supervised fine-

tuning on the validated benchmark. The goal of this stage is not

only to learn task semantics, but also to establish format stability
and basic diagnostic faithfulness before online distillation.

Let 𝑛𝑘 denote the empirical frequency of pattern group 𝑘 in

the training set.
2
Direct sampling from the raw distribution over-

exposes themodel to head cases, while aggressive inverse-frequency

balancing can overfit noisy tail samples. We therefore adopt a

square-root resampling strategy:

𝑛′
𝑘
∝ √𝑛𝑘 , (1)

with upper and lower caps for stability.

2
In practice, the grouping can be defined over diagnostic output patterns or equivalent

long-tail strata derived from the repair corpus.
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Compared with raw empirical sampling, Eq. (1) reduces head

dominance while preserving enough exposure to frequent patterns

to maintain output fluency and template consistency. Compared

with strong tail oversampling, it is substantially more robust to

annotation noise and rare-pattern variance. Empirically, this stage

yields a student that reliably generates the required JSON-like struc-

tured output and acquires a reasonable prior over fault descriptions

and repair actions, which makes subsequent policy optimization

significantly more stable.

Formally, Stage 1 optimizes the standard autoregressive objec-

tive:

LSFT = −
𝑇∑︁
𝑡=1

log𝜋𝜃 (𝑦𝑡 | 𝑥,𝑦<𝑡 ), (2)

where minibatches are sampled under the square-root rebalanced

distribution.

4.3 Stage 2: KG-Anchored Online Distillation
After obtaining a stable student initializer, we perform online dis-

tillation from a stronger teacher model. A key difference from

conventional distillation is that our teacher is grounded by struc-

tured domain knowledge rather than queried in an unconstrained

manner.

4.3.1 Knowledge-Grounded Teacher Policy. For each input 𝑥 , we

retrieve curated diagnostic evidence

𝐾 (𝑥) = Retrieve(ECUID,DTC), (3)

from a diagnostic evidence graph built from normalized fault-code

and service-plan fields. The retrieved evidence includes fault se-

mantics, ECU-specific constraints, and admissible repair actions.

The teacher therefore defines a grounded policy

𝜋𝑇 (𝑦 | 𝑥, 𝐾 (𝑥)), (4)

instead of a free-form policy 𝜋𝑇 (𝑦 | 𝑥).
This distinction is critical in technical domains. An unconstrained

teacher may produce linguistically plausible but operationally un-

safe outputs, especially for rare cases with weak prior support.

Conditioning on 𝐾 (𝑥) narrows the teacher distribution toward

evidence-supported modes and reduces, but does not eliminate,

hallucinated entities, incorrect ECU associations, and over-scoped

repair recommendations [1, 13]. In our implementation, 𝐾 (𝑥) is
instantiated as a structured case-library cache derived from val-

idated records, where evidence retrieval is performed by exact

(ECUID,DTC) lookup; the optional Neo4j backend serves only as

a fallback query interface rather than a learned multi-hop graph

pipeline, so we distill a knowledge-filtered teacher policy, not arbi-
trary teacher fluency.

4.3.2 Reverse-KL Motivated Policy Alignment. Rather than match-

ing teacher logits offline, we optimize the student through online

policy learning with PPO, using rewards derived from teacher pref-

erence and factual verification. The alignment target is reverse-KL

motivated rather than a claim of exact closed-form KLminimization

during PPO:

𝐷KL (𝜋𝜃 ∥ 𝜋𝑇 ). (5)

Reverse-KL is particularly suitable here: multiple textual com-

pletions may be superficially plausible, but only a narrow subset

Table 3: Minimal reproducibility settings for RepairLLM-7B
training.

Setting Value

Base student checkpoint Qwen/Qwen2.5-7B-Instruct
Teacher model/version Qwen/Qwen2.5-32B-Instruct-AWQ
Training setup SFT: AdamW, 2 × 10−5, 3 epochs;

PPO: AdamW, 5 × 10−7, clip 0.2

Reward weights (𝜆distill, 𝜆KG, 𝜆ECU)
= (0.3, 5.0, 5.0)

Max sequence length SFT 1024; rollout 768

Hardware / stopping 3× RTX 4090-based GPUs

(48GB custom-memory); 1500 PPO it-

erations

satisfies ECU/DTC grounding and repair-scope constraints. Being

mode-seeking, it concentrates probability mass on teacher-preferred

safe modes instead of averaging across heterogeneous outputs,

which is desirable under long-tail ambiguity, where broad imitation

can amplify low-quality alternatives.

4.3.3 Multi-Signal Reward Fusion. For a sampled trajectory 𝑦 =

(𝑦1, . . . , 𝑦𝑇 ), we define a composite reward:

𝑅(𝑦, 𝑥) = 𝜆distill
𝑇∑︁
𝑡=1

𝑤𝑡 𝑟
distill

𝑡 + 𝜆KG 𝑟
KG + 𝜆ECU 𝑟

ECU, (6)

with weights (𝜆distill, 𝜆KG, 𝜆ECU) as in Table 3. The reward combines

three complementary signals.

Token-level distillation reward. We encourage the student to align

with the grounded teacher at each generation step:

𝑟distill𝑡 = log𝜋𝑇 (𝑦𝑡 | 𝑥,𝑦<𝑡 , 𝐾 (𝑥)) − log𝜋𝜃 (𝑦𝑡 | 𝑥,𝑦<𝑡 ). (7)

This term provides a dense token-level signal, pushing the student

toward teacher-supported continuations while still allowing devi-

ation when the student assigns high confidence to a compatible

alternative.

KG factual matching reward. Teacher alignment alone does not

guarantee factual correctness. We therefore add an external ground-

ing reward 𝑟KG that checks whether the generated fault-description

and repair-measure fields are semantically consistent with the re-

trieved evidence 𝐾 (𝑥). We instantiate this check with normalized

entity matching and structured consistency checks over diagnostic

content. This term rewards factual agreement with evidence rather

than stylistic similarity alone.

ECU entity verification reward. In safety-critical repair reasoning,

entity correctness is non-negotiable. We therefore include an ECU

verification term 𝑟ECU that explicitly checks whether the predicted

explanation and action remain bound to the correct ECU context.

This term suppresses a common failure mode in compact models:

producing locally plausible descriptions that refer to the wrong

component, module, or control unit.

These three signals play different roles. The distillation term

transfers teacher preference; the KG reward enforces factual ground-

ing; the ECU reward imposes hard entity discipline. Their combina-

tion makes the reward substantially more faithful to the true task

objective than pure imitation alone.
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4.4 Focal-Weighted PPO for Tail Robustness
A central challenge in long-tail repair reasoning is that rare faults

are often expressed through rare but decisive lexical patterns, such

as uncommon component names, topology descriptors, trigger con-

ditions, or ECU-specific terminology. Under standard policy opti-

mization, these low-probability tokens may contribute too little

gradient signal relative to high-frequency head tokens.

To address this, we adapt the focal-loss intuition [26] as a modu-

lation factor on token-level policy updates:

𝑤𝑡 = (1 − 𝑝𝑡 )𝛾 , 𝛾 > 0, (8)

where

𝑝𝑡 = 𝜋𝜃 (𝑦𝑡 | 𝑥,𝑦<𝑡 ) (9)

is the student probability assigned to the sampled token.

Eq. (8) amplifies learning on uncertain predictions: tokens that

already have high probability receive smaller weights, while rare or

weakly modeled tokens receive larger updates. In our setting, this

serves as a practical mechanism for tail-sensitive policy correction.
Because many rare faults depend on precisely those uncommon

technical tokens that the student is least confident about, focal

weighting reallocates optimization effort toward under-learned

long-tail patterns without discarding the overall PPO training dy-

namics. Unlike conventional focal loss in closed-set recognition, the

weighting is applied within online sequence-level policy optimization,
strengthening rare reasoning fragments rather than reweighting

classes.

4.5 Overall Optimization
Starting from the Stage-1 initializer 𝜋

(0)
𝜃

, we optimize the student

policy with PPO under the reward in Eq. (6) [37, 54]: at each iter-

ation, the student samples structured responses for input 𝑥 , the

teacher provides grounded token probabilities under 𝐾 (𝑥), and the

reward model computes factual and entity-level verification signals;

PPO then updates the student toward higher-reward trajectories

while preserving training stability through clipped policy updates.

Implementation details are in the code release.

The resulting student, RepairLLM-7B, is a compact retrieval-free

model that internalizes diagnostic knowledge during training and

therefore avoids the runtime fragility of retrieval-dependent sys-

tems. Relative to standard SFT, it improves not only joint accuracy

but also reliability on rare and safety-critical repair cases, com-

bining long-tail rebalanced initialization, knowledge-constrained

teacher supervision, and tail-amplified policy optimization [15].

4.6 Training Configuration
Table 3 lists the fixed RepairLLM-7B settings used for all reported

results.

5 Safety-Aware Automatic Evaluation
AutoRepairBench requires evaluation that is semantic, entity-aware,

and safety-aware. This section presents the hierarchical evaluator

and reports its reliability against expert labels.

5.1 Evaluator overview
As shown in Figures 1 and 3, the evaluator is a dual-process design

inspired by coarse-to-fine cognition [18]. System 1 performs fast

Table 4: Calibration of embedding models for diagnostic
matching. The ranges are calibration-set similarity ranges;
relation-level calibration details are provided in the artifact.

Model Sim𝑐𝑎𝑙 Observed strength Role

e5-mistral-7b-instruct [42] 0.84–0.88 Best relation consistency in
calibration

Default

mxbai-embed-large [21] 0.77–0.82 Strong structured technical

matching

Reference

BAAI/bge-m3 [7] 0.86–0.88 High similarity; less stable on re-

lation ambiguity

Candidate

all-mpnet-base-v2 [39] 0.83–0.84 General semantic baseline Baseline

all-MiniLM-L6-v2 [44] 0.79–0.82 Fast but less discriminative Triage

heuristic triage for clear cases, analogous to a general agent; Sys-
tem 2 performs deliberative arbitration for ambiguous or high-risk

cases, analogous to an expert agent [16, 47]. This design balances

throughput with technical safety and is used both for data filtering

(Section 3) and model evaluation (Section 6) [50].

5.2 System 1 and System 2
System 1 is a conservative triage layer. It combines semantic simi-

larity, hard-entity checks, directionality checks, and an automatic

technical score. Cases that clearly satisfy both semantic and hard-

constraint checks are accepted; low-confidence or conflicting cases

are routed to System 2 rather than being decided by similarity alone.

5.2.1 Embedding model selection and parallel metrics. The parallel
metric suite uses sentence-level semantic similarity [36], code/parts

verification, and an automatic technical scoring prompt. During

calibration, we compare candidate embedding backbones with a

diagnostic matching score

𝐶𝑚 = 𝛼 · Simcal + 𝛽 · Rlogic, (10)

where Simcal is calibration-set semantic similarity, Rlogic measures

agreement on diagnostic relation checks, and we set 𝛼 = 0.6 and

𝛽 = 0.4 in the current implementation. Table 4 summarizes the cal-

ibration ranges. We use e5-mistral-7b-instruct as the default
semantic backbone because it provided the best trade-off between

semantic matching and relation-level consistency in our calibration

runs.

The triage gate uses mode-specific thresholds because fault de-

scriptions and repair measures have different risk profiles. The four

outcomes of Gate in Eq. 11 are the canonical decision labels used

throughout the evaluator and in Algorithm 1 (corresponding to the

accept, rescue, and reject paths of Figure 3).

Gate(𝑌pred ) =



Accept1, 𝑆score ≥ 98 ∧ 𝑆sim ≥ 𝜏 ∧ Vdir

Accept2, 90 ≤ 𝑆score ≤ 97 ∧ Hmatch ∧ Vdir

Rescue, 60 ≤ 𝑆score < 90 or ¬Hmatch

Reject, 𝑆score < 60 or Fconflict .

(11)

Here, 𝑆score is an automatic technical score on a 0–100 scale, 𝑆sim
is the e5-mistral semantic similarity,Hmatch checks hard identifiers

such as DTCs and module aliases,Vdir checks directional or topo-

logical terms such as bank and cylinder, and Fconflict flags unsafe
scope expansion or entity conflicts. For repair measures, the gate

applies stricter safety checks because action severity matters more
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Hard Entity

Semantic Similarity
(Embedding)
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(Regex)

Expert Scoring

(LLM)

Reject

Tier 1 Accept

Tier 2 Accept

FaultDescription

RepairMeasures

Step D:Expert Final 

Audit & Safety Rejection

Inputs System 1: Fast Heuristic Triage

System 2: Deliberative Arbitration

Prediction(𝒚)
{FaultDescription, RepairMeasures}

GroundTruth(𝒚𝒈𝒕)
{FaultDescription, RepairMeasures}

Refusal 

Guardrail

Filter 

Hallucination

s/Refusal

Rescued 

Cases

Dynamic 

Triage 

Gate

Tier 1: Score ≥ 98 ∧ Sim ≥ τ ∧
Vdir

Tier 2: 97 ≥ Score ≥ 90 ∧ Hmatch ∧

Vdir

Reject: Score < 60 or No Answer

Step A1: Fault 

Tuple Extraction
(Anchor, Loc, State, Code)

Broad

Strict

Step B1: Semantic Alignment

Step C1: Entity Alignment

Step A2: Repair 

Tuple Extraction

Step B2: Fix-Level Check

Rescue: 60 ≤ Score < 90 or ¬Hmatch

Task Sorting

Final Adjudication

Fail

Fail

Pass

Pass

Pass

Decision Criteria
τ :  τ_(FaultDescription)=0.80, 

τ_(RepairMeasures)=0.75

Hmatch : Hard Entity Match；

Vdir : Direction Match

(Action, Target, Scope, 

Prerequisite)

Step C2: No-Over-Repair Check

Figure 3: Hierarchical evaluator. System 1 performs conservative triage; uncertain cases are routed to System 2 for arbitration.

than phrasing; for fault descriptions, it allows broader paraphrase

variation while still enforcing entity constraints.

A refusal guard catches empty, generic, or refusal-like responses

before scoring. For reproducibility, the implementation logs score-

parser fallbacks, timeout retries, and model responses used by the

automatic scoring prompt rather than silently dropping these cases.

System 2 performs field-specific arbitration. For FaultDescrip-

tion, it extracts an (anchor, location, state, code) tuple to compare

technical meaning under terminology variation:

𝑇fault = {Anchor, Loc, State, Code}. (12)

For RepairMeasures, it extracts a compact action tuple:

𝑇repair = {Action, Target, Scope, Prerequisite}. (13)

The repair tuple is intentionally action-severity aware. When a pre-

diction contains several verbs, such as “inspect wiring and replace

the control unit,” the extractor treats the most severe irreversible ac-

tion as the primary action. This prevents a severe recommendation

from being hidden behind a benign preliminary check.

System 2 then runs three checks. First, evidence search resolves

controlled terminology and module aliases across vehicle genera-

tions or topological inclusions such as cylinder-to-bank. Second,

the fix-level check distinguishes verification, repair, coding, and re-

placement. Third, the no-over-repair check rejects scope expansion

when the reference only supports inspection or conditional re-

placement; narrowly defined equivalence cases (e.g., general wiring

inspection covering connector inspection) are allowed but logged

for audit. The final decision follows Algorithm 1.

5.3 Reliability validation
We validate the evaluator on a double-blind set of anonymized

maintenance cases (𝑁 = 585), including 328 positive instances

Table 5: Evaluator agreement with expert labels on a double-
blind set (𝑁 = 585). MCC is the Matthews correlation coeffi-
cient.

Metric Value

Accuracy 94.19%

F1-score 94.67%

MCC 0.885

Cohen’s 𝜅 0.883

(valid logic) and 257 negative instances (hallucinations or unsafe

recommendations). Table 5 reports agreement with the majority-

vote expert gold. The counts are TP=302, TN=249, FP=8, and FN=26.

The higher number of false negatives than false positives reflects a

conservative bias appropriate for a safety-oriented benchmark [11].

Annotation protocol. The double-blind validation set (𝑁 = 585)

was sampled from the benchmark pool after excluding all examples

used for model training, model selection, or evaluator threshold cali-

bration. This three-annotator protocol applies only to the reliability

sample; it is not the labeling procedure used for the full corpus in

Section 3.4. Three senior domain experts with at least five years of

professional automotive repair experience independently reviewed

each case. Annotators were recruited from professional channels

and did not participate in model development, data generation, or

evaluator calibration, thereby minimizing conflicts of interest. Be-

fore annotation, they were instructed with a written guideline that

defined the decision criteria for ECU/DTC binding, repair-scope

appropriateness, topology consistency, and safety-constraint adher-

ence. Annotators saw the input diagnostic context, the reference

output, and the candidate prediction, but not the model identity or

the evaluator score and decision. Final labels were determined by

majority vote among the three annotators.
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Algorithm 1 Evaluator arbitration logic

Require: 𝑌gt, 𝑌pred, 𝐸hard, Mode

Ensure: Decision 𝐷 ∈ {PASS, FAIL}
1: /* System 1: conservative triage */
2: if IsRefusal(𝑌pred) then
3: return FAIL
4: end if
5: 𝑆score, 𝑆sim,Hmatch,Vdir, Fconflict ← GetMetrics(𝑌gt, 𝑌pred, 𝐸hard )
6: 𝐺 ← Gate(𝑆score, 𝑆sim,Hmatch,Vdir, Fconflict )
7: if 𝐺 = Accept1 then
8: return PASS
9: else if 𝐺 = Accept2 then
10: return PASS
11: else if 𝐺 = Reject then
12: return FAIL
13: else
14: /* Rescue: route to System 2 */
15: end if
16: /* System 2: structured arbitration */
17: Step A:𝑇gt,𝑇pred ← TupleExtract(𝑌gt, 𝑌pred,Mode)
18: if IsEmpty(𝑇gt) then
19: if Mode = FaultDescription and 𝑆score ≥ 60 then
20: return PASS
21: else
22: return FAIL
23: end if
24: end if
25: if Mode = FaultDescription then
26: Step B1 & C1: Evidence Search & Semantic Alignment

27: else if Mode = RepairMeasures then
28: Step B2 & C2: Evidence Search, Fix-Level Check & No-Over-

Repair Check

29: end if
30: /* Final adjudication */
31: return Step D: Final Adjudication(𝑇gt,𝑇pred,Mode)

Because per-annotator labels were not retained after the vote,

annotator-level inter-annotator agreement is not reported; the Co-

hen’s 𝜅 = 0.883 in Table 5 measures evaluator agreement with the

majority-vote expert gold, not agreement between annotators.

6 Experiments
We evaluate three aspects of the proposed framework: (i) the re-

liability of the hierarchical evaluator, (ii) the stage-wise effect of

two-stage distillation on the same 7B student backbone, and (iii) the

resulting improvements in long-tail robustness and safety-critical

error reduction. Together, these experiments answer three ques-

tions: (Q1)whether the evaluator is sufficiently aligned with expert

judgment to support benchmark construction and scalable evalu-

ation; (Q2) whether Stage 2 contributes substantial gains beyond
SFT alone; and (Q3) whether these gains concentrate on long-tail

cases, repair-action generation, and safety-critical failure modes.

6.1 Evaluator validation
Model scores use the hierarchical evaluator, calibrated separately

from training and selection (Section 5.3).

6.2 Benchmarking setup
Webenchmark against representative closed/API and general-purpose

baselines: GPT-5, Grok-4-Fast, Llama-4, and Qwen3-Max [31, 32, 34,

48]. These results should be interpreted under the fixed prompt and

no-domain-retrieval setting used in this paper, not as a universal

ranking of the underlying model families. Because hosted mod-

els can change over time, the artifact records the provider-visible

model name, access date, prompt, system message, temperature,

top-𝑝 , maximum tokens, and retry policy for each run. The ini-

tial baseline runs were conducted on 2025-12-01 via OpenRouter’s

chat/completions API. Decoding used a temperature of 0.7, a 60-

second timeout, and the API default max-tokens setting, with single-

turn user-message prompting and no external internet access or

tool use.

We additionally include a 7B RAG baseline to estimate how

much of the task can be addressed by external nearest-neighbor

evidence. Using e5-mistral-7b-instruct as the dense retriever,
we retrieve the top-3 most similar reference instances for each

query, concatenate them, and feed them to a 7B generator; we

report this as a simple retrieval-dependent baseline rather than a

tuned RAG upper bound.

As defined in Section 3, experiments use two evaluation pools.

The main evaluation set (500 instances) supports the single-turn,
multi-pair, and safety-critical error comparisons in Table 6. For

multi-pair evaluation, we construct fixed batches of 10 diagnostic

pairs from this pool, sampled according to the long-tail frequency

distribution; the same batches are used for all models. The evaluator

scores each of the 10 paired outputs separately, and we aggregate

correctness over all 500 pairs. OA is joint accuracy: both Fault-

Description (FD) and RepairMeasures (RM) must pass. The 95.0%

single-turn OA for RepairLLM-7B corresponds to 475/500 joint

successes (95% Wilson CI: 92.72–96.59), and the 94.2% multi-pair

OA corresponds to 471/500 per-pair joint successes under batched

prompting (95% Wilson CI: 91.79–95.93).

The generalization set (𝑁 = 100) is used for overall generalization

and head/tail reporting in Table 6; RepairLLM-7B reaches 88.0%

OA (88/100; 95% Wilson CI: 80.19–93.00). Unless otherwise stated,

other results in this section are on the 500-instance set. Head/tail

labels follow the corpus-level frequency metadata in Section 3.

Beyond joint accuracy, we analyze failures with four error types:

Action Severity Mismatch, Topology Error, Entity Hallucination, and
Critical Omission. Table 7 reports event-level counts over 1,000

output fields (500 fault descriptions and 500 repair measures); a

single prediction may contribute multiple error events.

6.3 Stage-wise, tail, and baseline analysis
Table 6 reports a stage-wise ablation on the same 7B backbone

and the 500-instance evaluation set. Adding Stage 2 KG-anchored

online distillation to the Stage 1 SFT-sqrt student increases single-

turn OA from 69.0% to 95.0%, multi-pair OA from 64.0% to 94.2%,

and generalization-set OA from 41.0% to 88.0%. The largest gains

appear on RepairMeasures, suggesting that two-stage distillation

primarily improves prescriptive repair reasoning rather than only

surface-level fault descriptions.

These gains extend to rare cases. On the generalization set, tail

FD accuracy rises from 52.86% to 88.57% and tail RM accuracy from
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Table 6: Main benchmark performance, robustness, and generalization evaluation (%). OA denotes overall accuracy; FD and RM
denote FaultDescription and RepairMeasures. H/T indicate head/tail frequency subsets.

Model

Main Benchmark Robustness & Generalization

Single-turn Multi-pair Generalization (𝑁=100) Frequency-aware Evaluation

OA FD RM OA FD RM OA FD RM FD-H FD-T RM-H RM-T

C
lo
se
d

A
PI GPT-5 17.00 30.00 17.40 16.00 28.60 16.40 16.00 58.00 17.00 53.33 60.00 20.00 15.71

Grok-4-Fast 7.00 34.60 8.20 6.80 33.00 8.40 7.00 52.00 8.00 53.33 51.43 3.33 10.00

G
en

er
al

LL
M
s Llama-4 5.60 32.40 7.20 5.00 31.00 6.00 2.00 44.00 4.00 40.00 45.71 3.33 4.29

Qwen3-Max 9.20 36.80 9.80 8.40 35.40 8.60 5.60 56.00 6.00 56.67 55.71 6.67 5.71

O
ur

s

SFT-standard 47.20 58.40 48.00 41.60 55.00 42.80 25.00 36.00 26.00 63.33 35.71 56.67 24.29

SFT-sqrt 69.00 76.00 70.00 64.00 78.00 66.00 41.00 58.00 42.00 70.00 52.86 43.33 41.43

w/o focal 84.20 87.60 84.80 80.20 85.20 81.00 65.00 74.00 66.00 91.67 77.14 90.00 73.57

RepairLLM-7B 95.00 95.20 95.00 94.20 95.00 94.60 88.00 89.00 88.00 90.00 88.57 90.00 87.14

R
A
G

RAG (top-3 retrieval) 47.60 68.60 48.20 21.80 45.20 23.20 – – – – – – –

Table 7: Safety-critical error type analysis. Counts and per-
centages are event-level measurements over 1,000 evaluated
output fields.

Model

Error Type

Action Severity

Mismatch

Topology

Error

Entity

Hallucination

Critical

Omission

C
lo
se
d

GPT-5 145 (14.5%) 254 (25.4%) 202 (20.2%) 172 (17.2%)

Grok-4-Fast 131 (13.1%) 254 (25.4%) 265 (26.5%) 144 (14.4%)

G
en

er
al

Llama-4 143 (14.3%) 259 (25.9%) 176 (17.6%) 199 (19.9%)

Qwen3-Max 131 (13.1%) 254 (25.4%) 226 (22.6%) 129 (12.9%)

O
ur

s SFT-sqrt 32 (3.2%) 55 (5.5%) 66 (6.6%) 27 (2.7%)

RepairLLM-7B 6 (0.6%) 10 (1.0%) 10 (1.0%) 4 (0.4%)

41.43% to 87.14%. The head–tail gap for FD shrinks from 17.14% un-

der SFT-sqrt to 1.43% after two-stage distillation, indicating reduced

frequency sensitivity under this split.

The ablations support two conclusions. First, SFT-sqrt outper-

forms standard SFT, so long-tail-aware initialization matters. Sec-

ond, removing focal weighting in Stage 2 lowers tail and held-out

performance, suggesting that focal-weighted PPO helps emphasize

rare but informative tokens. Table 6 does not isolate KG grounding

or ECU verification, so we do not claim independent ablations for

those terms.

Under our fixed no-retrieval prompt, general-purpose baselines

struggle particularly with repair-action generation. The simple top-

3 RAG baseline also underperforms RepairLLM-7B, suggesting that

retrieved evidence alone is insufficient in this configuration.

6.4 Safety-critical error analysis
Table 7 decomposes failures into action severity mismatch, topology

error, entity hallucination, and critical omission. Relative to SFT-

sqrt, RepairLLM-7B reduces these counts from 32 to 6, 55 to 10, 66

to 10, and 27 to 4, respectively. These reductions matter because

wrong entities, topology, or repair scope can be unsafe even when

the generated text is fluent.

Under the fixed prompts and evaluator, RepairLLM-7B also yields

fewer error events than all four general-purpose baselines across

all categories, supporting improved safety-relevant constraint ad-

herence within AutoRepairBench.

7 Limitations
AutoRepairBench is a research benchmark, not a replacement for

certified technician judgment or original equipment manufacturer

(OEM) service procedures. The current release is primarily BMW-

centered: while the evaluation framework is reusable across OEMs,

ECU/DTC ontologies, diagnostic mappings, and safety rules re-

quire OEM-specific reconstruction, and systematic cross-OEM vali-

dation remains future work. The baseline comparison uses fixed

no-retrieval prompts and should therefore not be interpreted as

a universal ranking against general-purpose LLMs. We also do

not separately evaluate the Qwen2.5-32B-Instruct teacher or the

zero-shot Qwen2.5-7B-Instruct base model, limiting direct analysis

of teacher–student gaps. Finally, our results are primarily point

estimates from the current runs without systematic multi-seed or

repeated-call analysis; characterizing run-to-run variability remains

future work.

8 Conclusion
We introduced AutoRepairBench, RepairLLM-7B, and a hierarchical

evaluator for long-tailed, safety-aware automotive repair reason-

ing. Two-stage distillation improves single-turn, multi-pair, tail,

and safety-error performance, while the evaluator provides scalable

scoring alignedwith expert labels. These findings support jointly de-

veloping benchmarks, long-tail-aware training, and domain-specific

evaluation.
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