
TSE-Bridge: Connecting Industrial Time-Series Events
with Semantic Maintenance Evidence through Traceable
Graph Relations
Yihao Peng

1
, Xinyi Xie

1,*

1School of Intelligent Manufacturing Ecosystem, Xi’an Jiaotong-Liverpool University, Taicang, Suzhou, China

Abstract
Industrial time series and maintenance records describe related processes through different identifiers, tempo-

ral scales, and evidence types. TSE-Bridge makes their connection explicit by representing observation-derived

intervals and source-bearing semantic units separately, then recording the declared scope and provenance of

candidate relations. The design distinguishes relation admissibility from downstream ranking. We report a struc-

tural audit and a separate pooled-ranking experiment, rather than treating the latter as a test of a gate-restricted

retrieval pipeline. The temporal export contains 377 high-zero events derived from 67,651 valid signal–window

observations. Stored Bridge audits report 1,629 relations covering 333 events (88.33%), with same-device, family,

and cross-device analogue tiers. Five rankers are compared on 483 pooled query–evidence pairs for 30 signal-

profile queries using deterministic graded judgments. On the 18 queries with positive judgments, the proposed

pooled ranker obtains 0.7266 nDCG@10, compared with 0.5891 for BM25 and 0.7903 for a graph-proximity ana-

logue. Removing the Bridge-membership prior raises nDCG@10 to 0.8065 while reducing query-level Bridge

exposure. These results characterize behavior under a metadata-derived target; they do not establish indepen-

dent semantic relevance or trustworthy scope assignment. The contribution is an explicit relation contract, an

auditable industrial case study, and an analysis of the distinction between structural coverage, ranking agree-

ment, and semantic validity.
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1. Introduction

Operational evidence arrives in two incompatible forms. Sensor systems hold dense, ordered values

whose interpretation depends on a particular asset and interval. Maintenance systems hold typed

semantic records, including measurement definitions, alarms, fault cases, work orders, and technical-

document passages. Industrial questions often cross this boundary. A five-minute loss-of-motion pat-

tern, for example, may need to be connected to records for the same drive, a temporally relevant

intervention, or a comparable case. Flattening both sides into text removes the asset, time, type, and

source distinctions needed to judge whether a retrieved item is usable.

Retrieval-augmented generation (RAG) gives a language model access to external evidence [1].

Graph-enhanced approaches retain entities, relations, and paths that isolated-passage retrieval dis-

cards [2, 3, 4, 5, 6, 7, 8, 9]. In the industrial setting studied here, the unresolved step appears earlier

in the pipeline: an observation-derived event must first be connected to a semantic maintenance unit

through an explicit, reproducible relation. Until that relation has been constructed, scoped, and tied

back to both sources, a graph retriever has no dependable cross-view edge to use.

TSE-Bridge addresses this step. The temporal view is built from numerical windows; the semantic

view contains typed maintenance entities and source-bearing document units. A constrained join cre-

ates a first-class Bridge record whose fields retain device scope, evidence type, time relation, feature
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values, and source locator. The record functions as a retrievable evidence assertion. Probability and

causality are outside its semantics.

The paper follows the connection path end to end, from a time-series window to source-bearing

maintenance evidence. The implementation exposes event formation, normalization, Bridge genera-

tion, and ranking as separate code-visible stages. This separation matters in the present results: the

graph improves over text-only BM25, yet the ablation also reveals a defect in the ranking prior while

leaving the constructed connections intact. We therefore report connection coverage, five retrieval

configurations, one-component-at-a-time ablation, and the errors observed in the executed pipeline.

2. Related Work

Time series, events, and semantic evidence. Pretrained language-model backbones have been

adapted to general time-series analysis [10], but numerical modeling alone leaves the maintenance

source and its provenance unconnected. EventRAG constructs event knowledge graphs from text [11],

and E2RAG separates entity and event subgraphs through a bipartite mapping that retains temporal

and causal context [12]. TSE-Bridge starts from a different boundary: its event nodes are derived from

numerical windows, and the cross-view relation is treated as a scoped retrieval assertion. Allen interval

relations and OWL-Time provide useful vocabularies for recording temporal scope [13, 14].

Graph-enhanced retrieval. BM25, dense passage retrieval, and HyDE provide sparse, learned, and

hypothetical-document reference points [15, 16, 17]. Recent graph-oriented systems organize textual

communities, expand relational neighborhoods, or learn retrieval over graph structure. This line in-

cludes GraphRAG [2], HippoRAG [3], KG2RAG [4], GRAG [5], GNN-RAG [6], G-Retriever [7], GeAR

[8], TagRAG [9], and ConceptFormer [18]. CausalRAG demonstrates the value of explicit causal struc-

ture [19]. The Bridge used here carries a deliberately narrower meaning: it records an admissible

evidence connection and carries no causal interpretation.

Representation, provenance, and evaluation. Knowledge graphs offer a natural substrate for

heterogeneous integration [20, 21], while STaRK shows that retrieval may depend jointly on textual

and relational constraints [22]. Industrial document graphs and LLM-assisted plant workflows further

motivate the application [23, 24]. SSN/SOSA can model observations, PROV-O can model derivation,

named graphs can carry provenance, DQV can represent quality, and SHACL can validate graph con-

straints [25, 26, 27, 28, 29]. Results on incomplete graphs also show how missing relations can break

KG-RAG [30]. RAGAS, RAGChecker, RAGTruth, and ARES distinguish retrieval relevance from answer

support and hallucination [31, 32, 33, 34]. The present experiment therefore evaluates connection and

retrieval; generated-answer faithfulness is reserved for a later stage.

3. TSE-Bridge Method

3.1. End-to-end architecture

Figure 1 summarizes the method. The numerical and semantic branches stay separate until each side

has typed units and recoverable provenance. The Bridge engine then performs a constrained join,

materializes relation records, and passes the accepted candidates to a scope-aware evidence interface.

We represent the repository as a typed attributed graph

𝐺 = (𝑉,𝐸, 𝜆𝑉 , 𝜆𝐸 , 𝐴), 𝑉 = 𝑉𝑇 ∪ 𝑉𝑆 , 𝐸 = 𝐸𝑇 ∪ 𝐸𝑆 ∪ 𝐸𝐵, (1)

where 𝑉𝑇 and 𝑉𝑆 induce temporal and semantic views, 𝐸𝐵 is the set of TSE-Bridge relations, and 𝐴
stores attributes and provenance.



Figure 1: Overall TSE-Bridge framework. Numerical and semantic-maintenance sources are typed indepen-
dently; the cross-view relation is created only after asset, time, evidence type, and provenance are available.

3.2. Constructing compatible units

For a five-minute window 𝑤 inside a RUN segment, the executed event rule is

𝑧(𝑤) =
𝑁0(𝑤)

𝑁valid(𝑤)
, 𝑦(𝑤; 𝜏) = I[𝑧(𝑤) ≥ 𝜏 ], 𝜏 = 0.95. (2)

Consecutive positives are merged when asset, signal, and operating segment agree. The resulting event

is

𝑒 = (𝑑, 𝑠, [𝑡0, 𝑡1), 𝑧, 𝑟, 𝑐, 𝜋𝑒), (3)

with asset 𝑑, signal 𝑠, interval, descriptor 𝑧, operating context 𝑟, rule class 𝑐, and source-window

locator 𝜋𝑒. The threshold supplies a reproducible event unit and carries no learned fault-boundary

interpretation.

A semantic maintenance unit is represented as

𝑢 = (𝑖, 𝑡𝑢, 𝑑𝑢,𝑚𝑢, 𝑐𝑢, [𝑎0, 𝑎1), 𝑞𝑢, 𝜋𝑢), (4)

where 𝑡𝑢 is the evidence type; 𝑑𝑢, 𝑚𝑢, and 𝑐𝑢 are normalized asset, metric, and component keys; [𝑎0, 𝑎1)
is an optional time scope; 𝑞𝑢 is the record content; and 𝜋𝑢 locates the source record or document span.

The type separates occurrences, interventions, historical cases, definitions, and descriptive passages.

Equations (3) and (4) expose compatible keys while preserving the structure of both sources.

3.3. Bridge relation algorithm

For event 𝑒, candidate generation applies hard admissibility gates before ranking:

𝒞(𝑒) = {𝑢 ∈ 𝑉𝑆 : 𝜅type(𝑒, 𝑢) = 1, [𝐷(𝑒, 𝑢) ∨ 𝐹 (𝑒, 𝑢)] = 1, 𝜋𝑢 ̸= ∅}, (5)

where 𝐷 denotes exact-asset alignment, 𝐹 denotes an explicitly declared asset-family analogue, and

𝜅type routes event classes to allowed evidence types. Metric and component compatibility remain

visible as inspectable features. When both sides carry time information, the code also records the

interval relation and time gap.

Every accepted relation becomes

𝑏 = (𝑒, 𝑢, 𝑡𝑏, 𝜌𝑏,∆𝑡𝑏,x𝑏, 𝜋𝑒, 𝜋𝑢), (6)

where 𝜌𝑏 ∈ {Direct,Analogue} and x𝑏 contains the alignment and retrieval features. Figure 2 makes

the decision semantics explicit. Lexical similarity has no authority to create a relation after an asset,

evidence-type, or provenance gate has failed, and analogue evidence keeps its original scope.

The structural export records 484 tier-A exact-device relations, 527 tier-B device-family relations,

and 618 tier-C cross-device component–metric analogues. Tier C is an explicitly declared analogue

scope, not verified family membership or direct device evidence.



Figure 2: Bridge relation algorithm as one complete decision trace. Hard gates decide whether a relation exists
and how it is scoped; ranking occurs only after the Bridge record has been materialized.

3.4. Ranking and evidence-bundle interface

The implemented TSE-Bridge ranker orders accepted candidates with a transparent feature-fusion pol-

icy:

𝑆(𝑒, 𝑢) = norm{0.82[0.25𝐷 + 0.23𝑀 + 0.17𝐶 + 0.12𝑇

+ 0.08𝑃 + 0.05𝑄+ 0.20𝐵 − 0.20𝐹 ] + 0.18𝐻},
(7)

where 𝑀 and 𝐶 are metric and component alignment; 𝑇 , 𝑃 , and 𝑄 encode evidence type, provenance,

and quality; 𝐵 is the current Bridge prior; and 𝐻 is an LSA fallback. The coefficients should be read as

fixed ranking heuristics. Because each term is stored by the code, Equation (7) can be rerun with any

single component removed.

The top-𝑘 candidates are packaged into direct, analogue/historical, and descriptive channels instead

of a single undifferentiated list (Figure 3). Every item retains the event interval, evidence scope, and

source locator. An optional generator consequently receives the distinctions needed to cite evidence,

qualify an answer, or abstain.

Figure 3: Bridge ranking and evidence packaging. The ranker selects among already valid relations; the bundle
preserves direct, analogous, and descriptive roles for downstream grounding.



4. Experimental Evaluation

4.1. Setup and questions

The main temporal evidence is from Period B, beginning 6 July 2026. The upstream state analysis scans

46 non-empty device exports and identifies 20 devices eligible for RUN-conditioned analysis; 19 provide

complete five-minute RUN windows. The event-building input contains 4,738 device-level windows

and 67,651 valid signal–window observations across 437 represented continuous signals. At 𝜏 = 0.95,

2,784 candidate signal–windows are merged into 377 events across eight devices and 30 device–signal

profiles.

The retrieval benchmark contains 30 fixed signal-profile queries and 483 query–evidence pairs.

Twenty profiles have at least one Proposed-Bridge candidate and ten do not. The inspectable pool

contains 212 unique evidence IDs, with 11–22 candidates per query: 288 measurement points, 103

fault cases, 60 maintenance orders, 31 documents, and one alarm. Deterministic feature rules assign

25 pairs grade 2, 129 grade 1, and 329 grade 0. The pool is a deduplicated union of five generators, so

the experiment is pooled reranking rather than full-corpus retrieval. The labels share device, metric,

component, evidence-type, and family-mismatch features with the scorer; metrics therefore describe

agreement with a frozen target, not diagnostic truth or independent semantic relevance.

4.2. RQ1: Executed temporal–semantic connections

TSE-Bridge connects 333 of 377 events, giving 88.33% coverage, and every retained relation has a source

locator. Connected events receive 4.89 candidates on average. Within-type alternatives occur for 264

events (70.03%), and 237 events expose at least one cross-device analogue. Figure 4 shows the complete

reduction and structural profile. In practical terms, the run reaches source-bearing evidence for most

numerical events, yet it also reproduces a familiar maintenance-data problem: a valid connection rarely

settles which record should appear first. The 70.03% ambiguity rate is therefore part of the retrieval

problem rather than a pipeline failure.

Figure 4: Code-generated data-to-event and Bridge profile. Coverage and traceability measure executable
connectivity; multi-type, cross-device, and ambiguity rates identify the subsequent selection problem.

4.3. RQ2: Retrieval effectiveness

Figure 5 compares five configurations on the fixed rule-qrel target. TSE-Bridge reaches 0.4733 P@5,

0.8692 Recall@10, and 0.7266 nDCG@10, compared with 0.3800, 0.7058, and 0.5891 for BM25. The

corresponding gains are 0.0933, 0.1634, and 0.1375. Across the 30 queries, the temporal–semantic fea-

tures recover more relevant evidence and place it higher than sparse text matching alone. The declared

GraphRAG analogue reaches 0.7903 nDCG@10 and remains the strongest observed configuration. It



is retained as a baseline under its own name. HyDE and the graph configuration are declared analogue

implementations; the experiment makes no exact-reproduction claim for the published systems.

Figure 5: Retrieval comparison under the fixed rule-qrel target. TSE-Bridge improves over sparse and dense
text references but does not exceed the declared GraphRAG analogue under the present target.

4.4. RQ3: Component-level code ablation

For component 𝑚, the code is rerun after removing that score term and reports ∆𝑚 = nDCGfull −
nDCG−𝑚. Exact-device alignment is the dominant positive component: its removal lowers nDCG@10

by 0.1009 (95% CI [0.0425, 0.1647], 𝑝 < 0.001). Metric alignment contributes 0.0309. The size and

direction of these effects are consistent with the method’s emphasis on preserving asset scope.

The current Bridge-prior term behaves differently. Removing it raises nDCG@10 from 0.7266 to

0.8065 (𝑝 = 0.003), while Bridge Hit Coverage@10 falls from 0.6000 to 0.5667. The prior is therefore

exposing more graph-linked evidence while disturbing some exact-scope ordering. This result con-

cerns ranking only: the Bridge records created by Equations (5) and (6) remain unchanged when 𝐵 is

removed. Figure 6 makes the positive and negative contributions visible.

4.5. Observed errors

The main Proposed-DualView run returns 300 pairs, of which 178 are grade 0. The detailed taxonomy

uses a separate exploratory configuration, T20_K10_M10_R0, which returns 294 pairs with 169 grade-0

results. Generic-token overmatch (152) and device/family mapping conflict (118) dominate the over-

lapping diagnostic labels (Figure 7). Signal mapping, evidence routing, and temporal mismatch occur

less often. These counts diagnose the implemented retrieval path under a feature-derived target; they

do not estimate operational fault prevalence or independently verified semantic error rates.

5. Discussion

What the execution establishes. The code completes a traceable path from a numerical interval to

a semantic maintenance source for most events. Separate event, semantic-unit, Bridge, and ranking

records make each returned item inspectable across the full path. The gain over BM25 shows that ex-

plicit temporal–semantic structure contributes retrieval value, and the exact-device ablation identifies

asset scope as the main positive component. The result supports a working connection method. It

carries no claim that a retrieved record caused the observed event.



Figure 6: One-component-at-a-time ablation. Positive values mean the module helps the fixed target; negative
values mean that its removal improves ranking.

Figure 7: Failure taxonomy for returned grade-0 items. Labels overlap; counts diagnose the implemented
retrieval path rather than operational fault frequency.

From connection to selection. Several records may be legitimately connected to the same event.

Bridge coverage asks whether a source-bearing path exists; nDCG asks how well a ranking agrees with

the present labels. The negative Bridge-prior ablation suggests a practical revision to the downstream

policy: preserve valid direct evidence first, then order analogues and descriptions within their own

channels. Independent training labels could be used to calibrate Equation (7) without altering the

Bridge generator.

Representation and scope. The first-class record in Equation (6) can be implemented as a property-

graph edge, a reified assertion, or an evidence node annotated with PROV-O and OWL-Time. The

particular Web representation is less important than the fields it keeps queryable. Evidence type, direct

or analogue scope, time relation, and source provenance must survive representation and retrieval

instead of collapsing into a binary edge.

Evaluation limits and next tests. The 30-query labels share device, metric, component, and

evidence-type features with the scorer. This design is useful for reproducibility and ablation, but it

does not supply independent relevance judgments. A later protocol should label entity-link validity,

direct/analogue scope, temporal applicability, query usefulness, and support for an LLM claim as sepa-

rate decisions. Parameters can then be frozen for a later-period test. A subsequent answer-level exper-



iment should give identical evidence bundles to live LLMs and assess citation support, contradiction

handling, qualified abstention, and over-inference.

For workshop discussion, three issues now appear concrete: (i) which Web representation can pre-

serve Bridge scope and provenance without making retrieval impractical; (ii) whether graph exposure

belongs in the ranking as a constraint, a secondary objective, or a diagnostic; and (iii) how human

labels should separate valid connection, temporal applicability, and answer-level support.

6. Conclusion

TSE-Bridge provides an executable connection between industrial time-series events and semantic

maintenance evidence. The implementation builds 377 events and 1,629 source-bearing relations, con-

nects 333 events, and improves nDCG@10 over BM25 from 0.5891 to 0.7266 under the fixed rule target.

Exact-device ablation supports the core alignment mechanism. The negative Bridge-prior result also

identifies a specific ranking change that can be tested without rebuilding the cross-view relations. The

present study therefore establishes and evaluates the connection stage, while ranking calibration, in-

dependent human relevance, and live-LLM faithfulness remain separate next steps.

Data and Artifact Availability

The accompanying revision materials contain an experiment-to-claim map, selected frozen result ta-

bles, an executable consistency audit, and an event-ID crosswalk. Raw operational records and the

complete semantic catalog are not included. Original upstream programs retain dependencies on un-

available source files and historical workspace paths. The companion audit is intended for the supplied

result artifacts and does not imply unrestricted public release of industrial data.

Declaration on Generative AI

Generative AI assistance was used for language editing, artifact-level consistency checks, and figure-

layout assistance. The author is responsible for the final manuscript, interpretations, and claims.
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