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Abstract

Learning complementary action pairs is a fun-
damental prerequisite for procedural under-
standing in automotive repair. Repair manuals
describe mechanical procedures as short, imper-
ative instructions that implicitly encode inverse
action relations, such as assembly—disassembly
or tighten—loosen, without explicit semantic
links. Recovering these relations is challenging
due to highly repetitive documentation, concise
phrasing, and a strong dependence on contex-
tual cues. Although expert-defined heuristics
can resolve a subset of complementary action
pairs, such rules generalize poorly to linguis-
tic variation and achieve only partial coverage
in practice. We study the problem of learning
complementary action pairs from real-world
automotive repair manuals. We construct a
dataset of complementary repair step pairs us-
ing automatic alignment followed by manual
verification, and investigate learning-based for-
mulations based on contrastive representation
learning and generative modeling. Experimen-
tal results show that learned models capture
complementary action relations beyond surface-
level similarity and generalize more robustly
than rule-based approaches under realistic in-
dustrial constraints.

1 Introduction

Modern industrial domains increasingly rely on
large-scale procedural documentation to support
maintenance, repair, and quality assurance work-
flows. In the automotive domain, repair manuals
play a central role by specifying how vehicle el-
ements are disassembled and reassembled during
maintenance operations. Automatically learning
such manuals has significant practical impact, rang-
ing from intelligent repair assistance to automated
consistency checking and documentation reuse.

A fundamental challenge is that repair manuals
encode much of their procedural structure implic-
itly. Complementary mechanical actions are often

authored as separate instructions without explicit
links, even though they describe inverse operations
applied to the same components. Human experts
recognize these relations naturally, but they are dif-
ficult to recover automatically due to the highly
repetitive text, concise phrasing, and strong depen-
dence on contextual cues.

Identifying complementary action pairs is a pre-
requisite for higher-level procedural learning. Such
relations reveal latent symmetry in repair work-
flows and provide structural constraints that are
essential for downstream tasks such as process
alignment and automatic repair manual generation.
However, existing approaches struggle to robustly
identify these relations in real-world industrial doc-
umentation.

In this work, we study the problem of automat-
ically identifying complementary mechanical ac-
tions from real-world automotive repair manuals.
We formulate this task as a locally constrained dis-
ambiguation problem and investigate how expert-
informed rules and learned representations can be
combined to recover implicit procedural structure.
Although a substantial subset of complementary
action pairs can be resolved using expert-defined
rules, such heuristics achieve only partial cover-
age in practice. In our data, rule-based alignment
accounts for approximately 64% of valid comple-
mentary pairs, leaving a large fraction of seman-
tically valid relations unresolved. This gap high-
lights the need for learning-based approaches that
can generalize across lexical variation and implicit
procedural contexts.

Contributions.
contributions:

This paper makes the following

1. We investigate learning-based approaches for
modeling complementary actions, including
contrastive representation learning and gen-
erative formulations, and demonstrate their



effectiveness on a challenging industrial re-
pair dataset.

2. We release a dataset of complementary action
pairs derived from real-world automotive re-
pair manuals, constructed through automatic
alignment and manual verification.'

2 Related Work

Complementary action learning lies at the intersec-
tion of procedural text understanding, industrial
information extraction, and semantic modeling of
action relations. Prior work has studied how ac-
tions, entities, and state changes can be inferred
from instructional text, primarily focusing on well-
structured narratives or explicitly annotated bench-
marks. In contrast, industrial repair manuals en-
code procedural structure and inverse action rela-
tions implicitly, posing challenges for both rule-
based and learning-based approaches. This section
reviews related work along four dimensions: pro-
cedural text understanding, industrial information
extraction, contrastive representation learning for
semantic matching, and generative modeling of
procedural actions.

Procedural Text Understanding. Procedural
text understanding has been widely studied as a
problem of modeling actions, entities, and state
changes across sequences of instructions. Dalvi
et al. (Dalvi et al., 2018) introduce a benchmark
for tracking entity state changes in process de-
scriptions, while Gupta and Durrett (Gupta and
Durrett, 2019) leverage transformer architectures
for improved entity tracking. Subsequent work
moves beyond linear narratives by explicitly mod-
eling procedural structure. Das et al. (Das et al.,
2018) construct dynamic knowledge graphs from
text using machine reading comprehension, and
Huang et al. (Huang et al., 2021) propose reason-
ing over entity—action—location graphs to capture
richer procedural dependencies. While effective
on curated benchmarks such as cooking recipes
or scientific processes, these approaches typically
assume explicit state transitions or clean narrative
structure, and are less suited to industrial documen-
tation where complementary relations are implicit
and procedural steps are highly repetitive.

Rule-Based and Hybrid Information Extraction
in Industrial Text. Rule-based information ex-

'The dataset will be made publicly available upon accep-
tance of the paper.

traction remains prevalent in industrial NLP due to
its interpretability, precision, and robustness when
expert knowledge can be encoded explicitly. Chiti-
cariu et al. (Chiticariu et al., 2013) argue that rule-
based systems continue to play a central role in en-
terprise applications, particularly under limited su-
pervision. Hybrid approaches that combine expert-
defined rules with statistical or neural models have
been explored to improve generalization while re-
taining reliability. Such methods are especially rel-
evant for technical documentation, where domain-
specific terminology and structural regularities can
be exploited by heuristics, but linguistic variation
and implicit semantics limit purely rule-driven so-
lutions. Our work follows this hybrid paradigm by
using expert-informed alignment to resolve clear
complementary action pairs while seperate seman-
tically challenging cases for learning-based model-
ing.

Contrastive Representation Learning for Se-
mantic Matching. Contrastive representation
learning has shown strong performance on seman-
tic matching and retrieval tasks, particularly with
transformer-based encoders. InfoNCE-style objec-
tives (van den Oord et al., 2018) enable models to
learn fine-grained alignment from paired data us-
ing in-batch negatives. Sentence-level contrastive
learning has been widely applied to paraphrase
identification, cross-lingual matching, and retrieval.
However, the prior work by Sggaard et al. (Sg-
gaard et al., 2021) assumes independently sampled
text pairs and evaluates under random instance-
level splits. In contrast, our work explicitly studies
leakage-aware contrastive learning under bucket-
level isolation, reflecting realistic structural con-
straints in procedural documentation.

Generative Modeling of Procedural Text. Gen-
erative approaches offer an alternative perspective
on procedural understanding by modeling instruc-
tions as sequences to be produced rather than re-
trieved. Early neural models focus on domains such
as cooking recipes. Kiddon et al. (Kiddon et al.,
2016) propose neural checklist models to ensure
global coherence during generation, while Dhingra
et al. (Dhingra et al., 2018) explicitly model action-
induced state changes. With the advent of large
pretrained language models, generative procedu-
ral modeling has gained renewed interest. H.Lee
et al. (H. Lee et al., 2020) demonstrate that pre-
trained GPT-style models capture substantial proce-
dural knowledge when fine-tuned for recipe gener-



ation. Despite their fluency, purely generative mod-
els may suffer from hallucination or inconsistency,
particularly in domain-specific or low-resource set-
tings.

Retrieval-Augmented and Script-Based Gener-
ation. To mitigate the limitations of purely gen-
erative models, several works integrate retrieval
or script knowledge into generation. Nishimura et
al. (Nishimura et al., 2019) retrieve relevant instruc-
tional steps from large corpora and condition gen-
eration on retrieved exemplars, improving factual
accuracy. Related, script learning and event pre-
diction research models procedural knowledge as
partially ordered sequences of actions. Sakaguchi
et al. (Sakaguchi et al., 2021) show that pretrained
transformers can generate plausible scripts for ev-
eryday tasks from minimal prompts. Although
these approaches capture regularities in action se-
quences, they do not explicitly address inverse or
complementary action relations.

Complementary Actions and Inverse Relations.
Learning complementary or inverse actions has re-
ceived comparatively limited direct attention. The
existing work ClarET (Zhou et al., 2022) treats
such relations implicitly through next-event predic-
tion or script completion. Recent study by Zhu et
al. (Zhu et al., 2022) combining contrastive and
generative objectives have shown promise for mod-
eling complex event relations, but remain sensitive
to model capacity and pretraining quality. Our
work complements this literature by systematically
comparing contrastive retrieval and generative for-
mulations to identify complementary actions under
realistic industrial constraints, highlighting their
respective strengths and limitations.

3 Dataset Construction

This section describes the construction of a dataset
for learning complementary action pairs from real-
world automotive repair manuals. Beyond collect-
ing paired repair steps, our goal is to preserve the
procedural structure inherent in industrial docu-
mentation, which plays a central role in defining
valid complementary relations. To this end, we
explicitly model repair processes as structural units
and use them to organize repair steps into coher-
ent contextual groups. This design enables both
faithful representation of real repair workflows and
leakage-aware evaluation of learning-based models
under realistic constraints.

3.1 Source Repair Manuals

Our dataset is derived from automotive repair man-
uals provided by an original equipment manufac-
turer (OEM) and used in real industrial settings.
The manuals describe vehicle maintenance and re-
pair procedures as structured textual instructions.
They are organized hierarchically into repair tasks,
repair processes, and repair steps, reflecting differ-
ent levels of procedural granularity.

A repair task specifies a high-level maintenance
objective, such as replacing or servicing a major
vehicle component. Each task is decomposed into
multiple repair processes that describe coherent
procedural phases, for example disassembly and
assembly. Repair steps form the most fine-grained
level and consist of short imperative instructions
describing concrete mechanical actions applied to
vehicle components. In this work, we operate exclu-
sively at the level of individual repair steps, which
naturally give rise to complementary action rela-
tions.

In the original repair manuals, the repair steps
are not independent, but organized under repair
processes, each of which represents a coherent pro-
cedural phase. In this work, we formalize each
repair process as a bucket, identified by a unique
bucket identifier. All repair steps belonging to the
same repair process are assigned the same bucket
ID, and therefore complementary action pairs are
modeled and evaluated within this process-level
context. This formulation preserves the procedu-
ral structure of real repair manuals, while enabling
structured learning and leakage-aware evaluation
of complementary actions.

3.2 Construction of Complementary Action
Pairs

We construct a dataset of pairs of complementary
repair steps by combining automatic alignment
with manual verification. From parsed repair man-
uals, candidate complementary steps are identified
using expert-defined heuristics that exploit struc-
tural and textual regularities in the documentation.

Automatic alignment is driven by a domain-
specific action dictionary encoding known pairs
of inverse mechanical actions (e.g., remove—install
or loosen—tighten). Repair step texts are lightly
normalized to abstract away surface-level variation
while preserving references to affected components.
Candidate pairs are then generated by matching
steps that express inverse actions applied to the



same components within compatible procedural
contexts.

To handle linguistic variation, action terms are
removed to obtain an action skeleton, and match-
ing is performed using character-level string simi-
larity with a conservative threshold. Low-impact
modifiers that do not change the underlying me-
chanical operation are allowed, while location- or
role-specific terms are treated as hard constraints
to prevent spurious matches.

The automatically aligned candidate pairs are
subsequently reviewed to ensure correctness. Man-
ual verification resolves ambiguous cases and fil-
ters out remaining noise. The final dataset consists
exclusively of high-confidence one-to-one com-
plementary repair step pairs, with all identifiers
anonymized for public release. Although expert-
defined alignment rules achieve high precision,
their coverage is inherently limited. In a quanti-
tative analysis of the complete dataset, the rule-
based pipeline successfully resolves approximately
64% of complementary action pairs, failing primar-
ily in cases involving lexical divergence, implicit
component references, or context-dependent for-
mulations. These unresolved instances motivate the
use of learning-based models to generalize beyond
fixed action dictionaries and surface-level match-
ing heuristics. To provide a high-level overview
of the experimental pipeline, we include a process
diagram in Figure 1. It summarizes the data flow
from raw repair manuals through rule-based align-
ment and manual verification, culminating in the
generation of high-confidence complementary ac-
tion pairs. These pairs serve as input to two distinct
experimental branches: a contrastive retrieval for-
mulation and a generative modeling formulation.

4 Action-Centric Contrastive Learning
Experiments

This section evaluates contrastive retrieval mod-
els for the task of correctly matching semantically
corresponding text pairs. We focus on how im-
posing different levels of structural constraints on
the data affects this matching objective. Specifi-
cally, we compare a pair-level setting, where con-
trastive learning is performed on deduplicated text
pairs without bucket identifiers, with a bucket-
aware setting, where text pairs are organized un-
der bucket-level structure to enable structured con-
trastive matching. By contrasting these two settings
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Manuals | g rage) I Verification Action Pairs

Contrastive ' Generative

[P cairs /groups s groups native ‘
| = 10-fold CV (row vs. bucket)
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= R@K, MRR
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= 0.8/0.1/0.1split

= bidirectional A +— B
= BLEU, ROUGE-L

Figure 1: Overview of the experimental pipeline. Com-
plementary action pairs are extracted via rule-based
alignment and manual verification, then evaluated
through contrastive and generative learning formula-
tions.

with an otherwise identical objective, our experi-
ments isolate the impact of bucket-level constraints
on contrastive retrieval performance.

4.1 Training Data Preparation

The data preparation pipeline is designed to sup-
port two contrastive learning settings that differ in
whether bucket-level structure is imposed on text
pairs. Both settings start from the same raw dataset
and share an initial deduplication step, after which
the processing diverges depending on the experi-
mental design.

We first remove all exact duplicate text pairs
from the dataset. The resulting deduplicated dataset
can be directly used for pair-level contrastive learn-
ing, where each text pair is treated as an indepen-
dent instance and no higher-level structural assump-
tions are made. This setting does not require addi-
tional data transformation beyond deduplication.

For the bucket-aware contrastive setting, addi-
tional processing is required to ensure that all text
pairs are associated with a bucket identifier, en-
abling structured definitions of positive and neg-
ative pairs. While a subset of text pairs in the
original data is naturally grouped through existing
bucket annotations, many pairs exist as isolated
instances. To enable systematic bucket-aware ex-
perimentation, we therefore reorganize singleton
buckets through a controlled re-bucketing proce-
dure.

New buckets are generated to replicate the size
distribution of the native buckets. The number
of text pairs assigned to each bucket is randomly
drawn from 2 to 6, following the distribution ob-



served in the native data. In addition, the propor-
tion of newly constructed buckets is globally con-
strained to align with that of the native dataset,
ensuring consistency between the original and re-
constructed bucket populations.

To align the internal semantic characteristics
of newly constructed buckets with those of na-
tive buckets, we encode all text pairs using nor-
malized sentence embeddings from a multilin-
gual Sentence-Transformer based on paraphrase-
multilingual-mpnet-base-v2. The intra-bucket se-
mantic dispersion is calibrated based on the dis-
tance distribution observed within native buckets:
text pairs are grouped such that the pairwise £ dis-
tances between embeddings within the same bucket
follow the same empirical range as those observed
in the original bucket structure. This procedure
ensures that newly constructed buckets are not only
similar in size, but also comparable in semantic
variability.

We emphasize that the groups_native set-
ting differs from groups only in data filtering,
where buckets labeled as new are excluded. The
contrastive loss, the training procedure, and the
model configuration remain identical in the two
settings. As a result, performance differences
between groups and groups_native can be at-
tributed solely to changes in the structure of the
data rather than to optimization or modeling arti-
facts.

4.2 Evaluation Protocol

To ensure a fair and controlled comparison between
pair-level and bucket-aware contrastive learning,
we adopt evaluation protocols that differ only in
how structural constraints are enforced during data
splitting, while keeping the training objective un-
changed.

All contrastive experiments are evaluated using
k-fold cross-validation with £ = 10. In the pair-
level setting, folds are constructed at the row level,
treating each deduplicated text pair as an indepen-
dent instance. In contrast, for the bucket-aware
settings (groups and groups_native), folds are
constructed at the group level based on the
bucket_id, so that all text pairs associated with the
same bucket are assigned to the same fold. We fix
the test fold offset to one, ensuring that validation
and test folds do not overlap in any run.

Final performance scores are obtained by aggre-
gating results across the ten folds, allowing us to
assess both average performance and variability in

each experimental setting.

4.3 Models and Training Objective

We evaluated four encoder families for contrastive
text matching: a multilingual BERT encoder, a
German-specific BERT encoder, an MPNet-based
Sentence-Transformer encoder, and a character-
level Transformer trained from scratch. For read-
ability, we refer to these models as multilingual
BERT, German BERT, MPNet-based encoder, and
character-level encoder in the remainder of this
chapter.

Despite architectural differences, all encoders
are trained and evaluated under a unified retrieval
formulation. Multilingual BERT and German
BERT use CLS pooling, the MPNet-based en-
coder uses sentence-level pooling as defined in
the Sentence-Transformer framework, and the
character-level encoder uses mean pooling over
token representations. All encoders output /-
normalized vectors and use dot-product similarity,
which is equivalent to cosine similarity under nor-
malization. This ensures a consistent similarity
scale across models.

We train all encoders with a symmetric InfoNCE
objective using in-batch negatives only. For a mini-
batch of N paired texts {(a;, b;)}},, the encoder
produces ¢2-normalized embeddings z¢ and 2%, and
we define the temperature-scaled similarity

0. b

sij = —— (1)

where 7 is a temperature hyperparameter. The over-
all loss is the average of the two directional objec-

tives: .
L= 5 ('Cab + Eba) y (2)

with

1 Y al
Laop = N Z Sii — IOgZ exp(sij) |
=1 Jj=1
(3)

| N N
Lpg = N Z; Sii — log; exp(sji)
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All BERT and Sentence-Transformer encoders
are fine-tuned end-to-end under this objective,
whereas the character-level encoder is trained from
scratch. Optimization is performed with AdamW
using a fixed random seed. For contrastive learn-
ing, we do not apply early stopping; instead, we



train for a fixed number of epochs and select the
best checkpoint by validation Mean Reciprocal
Rank (MRR). The pair-level setting is trained for
20 epochs with batch size 64, while the bucket-
aware settings (groups and groups_native) are
trained for 30 epochs with batch size 128. Unless
stated otherwise, all settings share the following
hyperparameters: learning rate 1 x 10>, weight
decay 0.01, maximum sequence length 256, gradi-
ent clipping at 1.0, and mixed-precision training
when using CUDA. The full training configuration
is reported in Table 3 in the Appendix A.1, Table 4
in the Appendix A.2 and Table 5 in the Appendix
A3.

4.4 Metrics

Contrastive retrieval performance is evaluated us-
ing ranking-based metrics that directly reflect the
correctness of text pair matching. We report Re-
call@1, Recall@5 and Recall@10, which mea-
sures the proportion of queries for which the correct
matching text is ranked first, and Mean Reciprocal
Rank (MRR), which captures the average inverse
rank of the first correct match across all queries
and is sensitive to ranking quality at the top of the
list. All metrics are computed on held-out evalua-
tion splits for each fold and then aggregated across
folds to obtain mean performance and standard de-
viation.

4.5 Results and Analysis

It is important to emphasize that the contrastive
models are not merely replicating the behavior of
the rule-based alignment. Rather, they are trained
on the full dataset of verified pairs, including the
36% of cases that cannot be resolved by expert-
defined heuristics. The strong retrieval perfor-
mance under bucket-level isolation indicates that
learned representations capture complementary re-
lations beyond fixed action dictionaries. Table 1
summarizes the main contrastive retrieval results
under different training settings, where each set-
ting reports the best-performing encoder, and all
scores are averaged over 10-fold cross-validation.
The complete results are recorded in the Table 6 in
Appendix B.

The results show a clear effect of structural con-
straints on contrastive text matching. In the pair-
level setting, where no bucket-level constraint is
imposed, retrieval performance is very strong, with
the best model achieving an MRR of 0.94. This
indicates that, when structural overlap between se-

Training Setting  Encoder R@1 MRR
pairs MPNet-based encoder  0.91 0.94
groups German BERT 0.68  0.77

groups-native MPNet-based encoder  0.74 0.83

Table 1: Main contrastive retrieval results under dif-
ferent training settings. Each row reports the best-
performing encoder for the corresponding setting. All
results are averaged across 10-fold cross-validation.

mantically related text pairs is unconstrained, con-
trastive learning can effectively exploit local se-
mantic regularities to identify correct matches.

When bucket-level structure is enforced, re-
trieval performance drops substantially. Under the
bucket-aware setting, the best MRR decreases to
0.77, corresponding to an absolute reduction of
more than 0.17 compared to the pair-level base-
line. This gap highlights the increased difficulty
of matching text pairs once models are required
to generalize across bucket boundaries rather than
relying on semantically related pairs appearing in
both training and evaluation data.

Restricting evaluation to native buckets leads to a
partial recovery in performance, with the best MRR
increasing to 0.83. This improvement suggests that
newly constructed buckets introduce additional dis-
tributional challenges beyond those present in the
original data. Nevertheless, performance under this
setting remains well below the pair-level results,
indicating that the dominant source of the perfor-
mance gap is the removal of bucket-level overlap
rather than artifacts introduced during bucket con-
struction.

5 Generative Experiments

This chapter investigates a generative formulation
of complementary action learning. Unlike con-
trastive retrieval, which implicitly assesses seman-
tic alignment through representation similarity, gen-
erative modeling requires complementary relations
to be encoded explicitly enough to support condi-
tional sequence generation. We therefore position
generative experiments not as a primary replace-
ment for retrieval-based matching, but as a diag-
nostic probe into whether complementary repair
actions can be modeled as structured, directional
mappings.

This perspective is particularly relevant given the
limitations of rule-based alignment. While expert-
defined heuristics resolve approximately 64% of
complementary action pairs in our data, the remain-



ing cases involve lexical divergence, implicit com-
ponent references, or context-dependent phrasing.
Generative modeling provides a means to evaluate
whether learning-based methods capture these rela-
tions beyond surface similarity, by testing whether
one repair step can be generated directly from its
complementary counterpart.

5.1 Experimental Setup

All generative experiments are conducted on the
deduplicated text-pair dataset. Data are split at the
row level into training, validation, and test sets us-
ing a ratio of 0.8/0.1/0.1, without cross-validation.
Models are trained under a bidirectional generation
scheme, where both directions (A—B and B—A)
are optimized jointly. Each direction follows a stan-
dard sequence-to-sequence formulation, and losses
from both directions are summed during training.

We evaluated five multilingual sequence-to-
sequence models covering different architectures
and model capacities: mBART-large-50-many-to-
many-mmt, FLAN-T5-large, FLAN-T5-base, mT5-
large, and mT5-base. This selection enables the
analysis of both architectural differences and ca-
pacity effects under a unified training objective.

Across all experiments, we used a maximum
generation length of 128 tokens, greedy decoding
with beam size 1, a batch size of 16, and train for
up to 20 epochs with a learning rate of 1 x 1075,
Optimization is performed using AdamW with
weight decay 0.01 and mixed-precision training.
Early stopping is applied based on validation per-
formance with a patience of two epochs. The best
checkpoint is selected according to validation using
ROUGE-L.

5.2 Training Objective

Each generative model is optimized with a com-
bined objective consisting of a bidirectional
sequence-to-sequence loss and a contrastive reg-
ularization term. For a mini-batch of paired texts
{(ai, b;)} |, the generative component is defined
as the sum of the token-level cross-entropy losses
in both directions:

Egen =Lcg(A— B)+ Lce(B — A). “4)

To explicitly regularize semantic consistency, we
introduce a contrastive term computed on decoded
sequences rather than teacher-forced representa-
tions. Let b; = generate(a;) and a; = generate(b;)
denote the generated outputs. Generated texts and

gold references are embedded using a fixed mul-
tilingual BERT encoder with CLS pooling and /5
normalization. A symmetric InfoNCE loss with
in-batch negatives is then applied:

Lewr = Lintonce (B, B) + Lintonce(4, 4). (5)
The overall objective is defined as:
L = Loen+ Mo, (©6)
with A = 0.5 for all experiments.

5.3 Evaluation Metrics

We report BLEU and ROUGE-L on the validation
set as surface-level measures of generation fidelity.
BLEU evaluates n-gram precision against refer-
ence outputs, whereas ROUGE-L assesses global
sequence similarity via the longest common subse-
quence. While these metrics do not fully capture
procedural correctness, the high lexical overlap ex-
pected between complementary repair steps makes
them reasonable first-order proxies for conditional
generation quality.

5.4 Results and Analysis

Table 2 summarizes generative performance on
the validation set. Among all evaluated models,
mBART-large-50 achieves the strongest results
across both BLEU and ROUGE-L, followed by
FLAN-TS5-large and mT5-large. This ranking is
congsistent with differences in pretraining strategies
and model capacity The complete results of the
generative experiments are shown in Table 7 of
Appendix C.

A pronounced performance gap is observed be-
tween large and base variants within the same
model families. FLAN-T5-base performs substan-
tially worse than its large counterpart, indicating
that reduced capacity limits the ability to model
fine-grained complementary relations. More strik-
ingly, mT5-base exhibits near-degenerate behav-
ior, yielding almost zero BLEU and ROUGE-L
scores. This failure suggests that bidirectional gen-
eration combined with contrastive regularization
exceeds the representational capacity of smaller
multilingual models. In contrast, larger pretrained
models reliably capture complementary relations
through generation, indicating that generative for-
mulations are viable only under sufficient model
capacity. Compared to contrastive retrieval, which
remains stable across model sizes, generative mod-
eling is therefore more sensitive to architectural
and pretraining choices.



Model BLEU ROUGE-L
mBART-large-50  57.99 0.7751
FLAN-T5-large 56.07 0.7608
mT5-large 55.16 0.7462
FLAN-TS5-base 50.57 0.7337
mT5-base 0.40 0.0550

Table 2: Generative performance on the validation set
for five multilingual seq2seq models trained under the
bidirectional generation objective (A—B and B—A)
with contrastive regularization (A = 0.5, 7 = 0.05). All
models use the same training configuration (max length
128, batch size 16, learning rate 1 x 10~°) and greedy
decoding (beam=1). The reported scores correspond to
the best checkpoint selected by validation ROUGE-L.

6 Conclusion

This work studies the problem of learning comple-
mentary action pairs from automotive repair man-
uals, where procedural structure is implicit and
inverse relations between actions are rarely stated
explicitly. Starting from expert-informed align-
ment heuristics, we demonstrate that rule-based
approaches, while precise, achieve only partial cov-
erage, resolving approximately 64% of comple-
mentary action pairs in practice.

To address this gap, we investigate learning-
based formulations under realistic industrial con-
straints. Through leakage-aware contrastive ex-
periments, we find that the unconstrained text-
pair setting yields the best empirical performance.
When introducing additional bucket-level con-
straints to enforce stricter isolation, performance
decreases, although the overall trends remain con-
sistent and the model still learns useful represen-
tations. This suggests that, particularly in small,
domain-specific datasets, overly restrictive struc-
tural constraints may reduce the amount of infor-
mative cross-instance signal available for represen-
tation learning. Taken together, our results indicate
a trade-off between evaluation rigor and achievable
performance: stronger constraints improve the re-
liability of the protocol but can limit the model’s
ability to leverage fine-grained textual regularities.

Complementing this retrieval-based perspective,
we explore generative modeling as a diagnostic
probe for complementary action learning. Our
experiments show that large pretrained sequence-
to-sequence models can explicitly generate com-
plementary repair steps when sufficient model ca-
pacity is available. However, generative formula-
tions are highly sensitive to capacity and optimiza-

tion stability, and may fail entirely in low-capacity
regimes. In contrast, contrastive learning provides
a more stable and scalable mechanism for modeling
complementary relations across model sizes.

Taken together, our findings suggest that con-
trastive and generative approaches capture com-
plementary aspects of procedural understanding.
Contrastive learning offers robustness and general-
ization under realistic structural constraints, while
generative modeling provides insight into whether
complementary relations are encoded as explicit,
directional mappings. This combined perspective
supports practical applications such as intelligent
repair assistance, automated consistency check-
ing between disassembly and assembly procedures,
and scalable reuse of industrial repair documenta-
tion.

7 Limitations

While our results demonstrate the effectiveness of
learning-based approaches for modeling comple-
mentary actions in repair manuals, several limita-
tions remain.

First, the dataset is derived from a single vehicle
platform and documentation structure, which may
limit generalization to other manufacturers, lan-
guages, or manual styles. Although the proposed
methods are not language-specific, broader indus-
trial or multilingual deployment would require fur-
ther validation and potentially domain-specific pre-
processing.

Second, the models depend on an initial rule-
based candidate matching stage. Although learn-
ing substantially improves robustness beyond hand-
crafted rules, biases or errors introduced during
candidate construction may still propagate into the
learned representations. Fully data-driven discov-
ery of complementary actions therefore remains an
open challenge.

Third, the formulation emphasizes locally con-
strained disambiguation within structurally related
procedural contexts rather than global retrieval
across entire manuals. While this reflects com-
mon industrial authoring practices, it does not ad-
dress cases where inverse actions occur in distant
or weakly connected sections.

Finally, the generative formulation exhibits a
strong dependence on model capacity and pretrain-
ing quality. Large pretrained sequence-to-sequence
models perform reliably, whereas smaller models
often show instability or degenerate generation,



suggesting that purely generative approaches may
be unsuitable for low-capacity settings and moti-
vating future work on parameter-efficient or hybrid
contrastive—generative methods.
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A Contrastive Training Configuration

This appendix lists the full training configuration
used for contrastive retrieval. Values in Table 3 are
defaults from configs/base.yaml; overrides for
each experiment are shown in Table 4.

A.1 Common Settings

Setting Value
Random seed 42
Device auto
Optimizer AdamW
Learning rate 1x107°
Weight decay 0.01
Epochs (default) 20

Batch size (default) 64

Max length 256

Grad clip norm 1.0

Log interval 10 steps
Mixed precision True (CUDA only)

InfoNCE temperature  0.05

Eval metrics R@1,R@5, R@10, MRR
Text columns aus_text, ein_text
Bucket column bucket_id

DatalLoader workers 0

Table 3: Common hyperparameters used across con-
trastive experiments (from configs/base.yaml).



A.2 Experiment-Specific Overrides

Groups

Groups-native

Setting Pairs

Dataset train_dedup_by_text
_pairs.csv

Split type k-fold (row)

Group column —

k (folds) 10

Fold index 0

Test fold offset 1

Epochs 20

Batch size 64

Temperature 7 0.07

Native-only filter —

rebucketed_singletons.csv

k-fold (group)
bucket_id
10

0

1

30

128

0.05

rebucketed_singletons.csv

k-fold (group)

bucket_id

10
0

1

30
128
0.05

bucket_id not starting

with “new”

Table 4: Experiment-specific configuration overrides (from configs/pairs.yaml, configs/groups.yaml, and

configs/groups_native.yaml).

A.3 Encoder Configurations

Encoder Backend Model / Architecture Pooling / Normalize
Multilingual BERT HF bert-base-multilingual-cased CLS / L2-norm
German BERT HF bert-base-german-cased CLS / L2-norm
ST-MPNet ST paraphrase-multilingual-mpnet-base-v2 ST /L2-norm

Char Transformer Char

V=5000, d=512, h=8, L=0,

FF=2048, drop=0.1

Mean / L2-norm

Table 5: Configurations of different encoders used in contrastive experiments (from configs/encoders/.yaml).

B Contrastive Retrieval Results (10-fold

Recall@5

Recall@10

MRR

mean-=tstd)
Pairs (k=10, mean=std)
Encoder Recall@1
Multilingual BERT 0.9027 4+ 0.0250
German BERT 0.8979 4+ 0.0206
ST-MPNet 0.9089 4+ 0.0210

Char Transformer 0.8472 4+ 0.0328

0.9863 £ 0.0115
0.9808 £ 0.0114
0.9870 £ 0.0112
0.9548 £ 0.0157

0.9945 + 0.0060
0.9925 + 0.0048
0.9966 + 0.0063
0.9726 + 0.0150

0.9388 + 0.0166
0.9348 + 0.0157
0.9430 + 0.0135
0.8942 + 0.0233

Groups (k=10, mean=std)

Recall@5

Recall@10

MRR

Encoder Recall@1

Multilingual BERT 0.6820 £+ 0.0204
German BERT 0.6812 4+ 0.0214
ST-MPNet 0.6785 4+ 0.0207

Char Transformer 0.6656 £ 0.0267

0.8680 + 0.0181
0.8672 £ 0.0199
0.8698 + 0.0203
0.8546 £ 0.0197

0.9326 £0.0172
0.9296 + 0.0184
0.9345 £ 0.0181
0.9203 £ 0.0197

0.7667 £+ 0.0174
0.7672 + 0.0186
0.7662 1+ 0.0174
0.7543 £ 0.0218

Groups-native (k=10, mean=+std)

Recall@5

Recall@10

MRR

Encoder Recall@1

Multilingual BERT 0.7337 +0.0198
German BERT 0.7330 4 0.0243
ST-MPNet 0.7384 4+ 0.0221

Char Transformer 0.7058 4+ 0.0323

0.9599 + 0.0265
0.9619 £ 0.0220
0.9589 + 0.0199
0.9403 £ 0.0248

0.9935 + 0.0072
0.9946 + 0.0073
0.9935 + 0.0053
0.9867 £ 0.0158

0.8259 £ 0.0161
0.8260 = 0.0189
0.8289 + 0.0166
0.8040 £ 0.0244

Table 6: Contrastive retrieval results for Pairs, Groups, and Groups-native. All scores are mean-+std over 10-fold
cross-validation. Within each fold, the best checkpoint is selected by validation MRR; Recall@1/5/10 and MRR are

reported on the validation split.
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C Generative Results on the Validation
Set (best checkpoint by ROUGE-L)

Model BLEU ROUGE-1 ROUGE-2 ROUGE-L
facebook/mbart-large-50-many-to-many-mmt 57.9882 0.7851 0.6673 0.7751
google/flan-t5-base 50.5703 0.7497 0.6136 0.7337
google/flan-t5-large 56.0744 0.7714 0.6515 0.7608
google/mt5-base 0.3955 0.0559 0.0131 0.0550
google/mt5-large 55.1577 0.7615 0.6389 0.7462

Table 7: Generative results on the validation set for five seq2seq models trained with bidirectional generation and
contrastive regularization (A = 0.5, 7 = 0.05) on the deduplicated pair dataset (row split 0.8/0.1/0.1). The best
checkpoint is selected by validation ROUGE-L; BLEU and ROUGE-1/2/L are reported.
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