
Proceedings of the 3rd Workshop on KNOwledge GRaphs & Agentic Systems Interplay (NORA 2026), pages 77–83
November 10, 2026 ©2026 Association for Computational Linguistics

Source-Aware Memory Retrieval across Engineering Standards

Sung Tae Yoo and Heyoung Yang
Applied Agent Research Center

Korea Institute of Science and Technology Information
Seoul, Republic of Korea

yst1213@kisti.re.kr, hyyang@kisti.re.kr

Abstract

Engineering design and quality review often re-
quire evidence from technical standards issued
by multiple organizations. In a limited context
window, partial evidence is often included, and
relevance-based retrieval results can become
biased toward sources with a large volume of
documents, leaving other necessary sources un-
represented. We implemented a determinis-
tic source-aware retrieval layer that identifies
required source groups, retrieves candidates
through source-conditioned channels, and pri-
oritizes one candidate from each channel. We
also evaluated a configuration that uses within-
channel cross-encoder reranking to select that
candidate. Evaluation used 15 technical stan-
dards, 72 evaluation questions, and 162 anno-
tated evidence locations, with k set to 5 for all
methods. Required-source coverage was 61.5%
for dense retrieval and 78.6% for cross-encoder
reranking, whereas both source-aware methods
achieved 100%. Source-aware reranked chan-
nel quota achieved an evidence recall of 46.0%
and retrieved all required evidence for 27.8% of
questions, compared with 41.8% and 23.6% for
cross-encoder reranking and 32.1% and 15.3%
for dense retrieval. Within the source-aware de-
sign, within-channel reranking increased mean
reciprocal rank from 0.445 to 0.545. These re-
sults support separating required-source cover-
age from evidence ranking in bounded-context
retrieval for domain-specific agent memory.

1 Introduction

In engineering design and quality review, evaluat-
ing a product or component requires verifying re-
quirements specified in technical standards issued
by multiple organizations (Luttmer et al., 2023;
Schuk et al., 2022). This study arises from an in-
dustrial valve design and review workflow in which
engineers manually check the relevant clauses and
tables in each standard. Because these require-
ments are expressed using different clause number-
ing, table formats, units, and terminology across

organizations, engineers often need to cross-check
relevant clauses and tables in multiple documents.
If a required source is missing from the retrieved
results, the judgment can remain incomplete even
when evidence from the other sources is accurate.

These retrieval requirements also arise in
domain-specific memory architectures for agents.
The standards corpus can be treated as external
memory, with the retrieval layer determining which
evidence is brought into the limited context window
(Lewis et al., 2020; Packer et al., 2024). Because
the full standards corpus cannot fit within a limited
context window, a small number of retrieval results
are included in the context. Relevance-oriented
retrieval can produce unequal document exposure,
making some documents more retrievable than oth-
ers (Azzopardi and Vinay, 2008; Wilkie and Az-
zopardi, 2017). When a question requires evidence
from standards issued by multiple organizations,
such unequal exposure may leave some required
sources unrepresented in the limited context win-
dow.

This study examines whether identifying the
source groups required by a query and retrieving
through source-conditioned channels can improve
coverage of the required sources. It then evaluates
whether within-channel reranking can further im-
prove evidence selection. We use a deterministic
source-aware retrieval layer to separate source cov-
erage from evidence selection. Source-aware chan-
nel quota prioritizes one candidate from each chan-
nel before filling the remaining results by dense
score, while source-aware reranked channel quota
applies cross-encoder reranking within each chan-
nel before selecting that candidate. Both methods
remain deterministic and differ only in how that
candidate is selected.

The evaluation separately considers whether the
required sources are represented in the retrieved re-
sults and whether the specific evidence needed for
a judgment is retrieved. Evidence is evaluated at
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the clause and table level rather than by page over-
lap, so these two aspects can be assessed separately.
This distinction provides a practical way to eval-
uate multi-source evidence retrieval for technical
standards and supports the source-aware retrieval
design used in this study.

The contributions of this study are twofold. First,
we distinguish required-source coverage from evi-
dence selection as two complementary objectives
in multi-source retrieval over technical standards.
Second, we operationalize this distinction through
a deterministic source-aware retrieval layer that
uses source-group structure as a retrieval condi-
tion and prioritizes required-source representation
before within-source evidence selection.

2 Related Work

External memory and retrieval have become impor-
tant components of large language model (LLM)-
based agent architectures. Retrieval-augmented
generation (RAG) retrieves relevant passages from
external memory and uses them during genera-
tion, giving the model access to information be-
yond what it already contains (Lewis et al., 2020).
MemGPT uses an operating-system-inspired mem-
ory architecture to transfer information between
the context window and external storage, allowing
an LLM-based agent to access more information
than the context window can hold (Packer et al.,
2024). RET-LLM adds explicit read and write op-
erations over external memory (Modarressi et al.,
2024). Agent memory mechanisms also treat re-
trieval as a memory operation distinct from writing
and management (Zhang et al., 2025).

Retrieval quality depends not only on relevance
but also on whether the retrieved results cover the
required sources. Maximal marginal relevance
combines query relevance with information nov-
elty to reduce redundancy in the selected results
(Carbonell and Goldstein, 1998), but it does not
use source identity as part of the selection crite-
rion. Azzopardi and Vinay (2008) introduced re-
trievability as a document-centric measure of how
easily individual documents can be retrieved within
a collection across a set of queries, and Wilkie and
Azzopardi (2017) later examined whether better-
performing systems make relevant documents more
retrievable than non-relevant ones. Retrievabil-
ity characterizes differences in document exposure
across a collection and a set of queries, rather than
the source composition of a single result set. Re-

trieval methods span lexical ranking (Robertson
and Zaragoza, 2009), rank fusion (Cormack et al.,
2009), cross-encoder reranking (Nogueira and Cho,
2020), and dense retrieval (Karpukhin et al., 2020).
These methods improve candidate ranking or com-
bination, but do not account for the source groups
required by a query when selecting the final results.

Retrieval of required evidence has also been
studied in applications involving regulatory doc-
uments and technical standards. Gokhan and
Briscoe (2025) report lower retrieval performance
when regulatory questions require multiple pas-
sages. KG2QA (Luo et al., 2025) combines a do-
main knowledge graph with RAG for question an-
swering over communication standards, while Ju
and Lee (2026) cast regulatory compliance ques-
tion answering as retrieving a closed set of provi-
sions linked by explicit citations. These approaches
use passage ranking, citation links, or graph struc-
ture to retrieve related evidence. When the required
evidence spans standards issued by multiple orga-
nizations, however, coverage of the required source
groups also becomes important.

3 Method and Evaluation

3.1 Task, Corpus, and Evaluation Set

The retrieval task is to identify the evidence needed
for each evaluation question from a collection of
technical standards. The evaluation corpus con-
sists of 15 technical standards from four source
groups, A to D. The standard documents are di-
vided into 1,287 retrieval units in Korean and En-
glish. The four source groups account for 58.5%,
23.7%, 14.5%, and 3.3% of the total retrieval units,
respectively. The three documents in the largest
source group account for more than half of the
corpus. Each retrieval unit contains source-group
information used for source-conditioned retrieval.

The evaluation set consists of 72 questions
linked to 162 evidence locations annotated by
clause or table. Each question requires one to four
evidence locations. Among the 72 questions, 15
require a single evidence location, while 12 re-
quire two or more evidence locations from the
same source group. The 45 multi-source questions
consist of 22 questions requiring evidence from
two source groups, 15 questions requiring evidence
from three source groups, and 8 questions requiring
evidence from four source groups.

The evaluation uses five retrieved results per
question (k = 5). Each evaluation question re-
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Figure 1: The source-aware retrieval layer. The
two methods share source-group identification, source-
conditioned channels, candidate pooling, and dense-
score filling of the remaining results, and differ only in
per-channel candidate selection.

quires evidence from one to four source groups.
Five retrieved results can therefore cover all re-
quired source groups while leaving one to four ad-
ditional results for evidence selection. This study
is limited to evidence retrieval and does not in-
clude subsequent answer generation. Appendix A
provides example evaluation questions, and Ap-
pendix B reports additional results for different
values of k.

3.2 Source-Aware Retrieval

Figure 1 shows the source-aware retrieval layer
and its retrieval flow. The retrieval process first
identifies the source groups required by a query
by rule-based matching between query terms and
the scope of each source group. Candidates are
then retrieved through source-conditioned channels
for the identified groups, with candidates filtered
by source-group labels. One candidate from each
channel is prioritized. The remaining results are
then filled by dense score from the union of channel
candidates.

The two methods differ at this prioritization step.
Source-aware channel quota prioritizes the highest-
ranked unused candidate from each channel under
dense retrieval. Source-aware reranked channel
quota reranks up to 50 candidates within each chan-
nel with a cross-encoder before prioritizing the
highest-ranked unused candidate. The remaining

retrieval steps are shared. Both methods are deter-
ministic and do not use an LLM during retrieval.

3.3 Evaluation Protocol

The source-aware retrieval layer is evaluated
against three relevance-based baselines under the
same protocol. Dense retrieval serves as the seman-
tic retrieval baseline. Reciprocal rank fusion (RRF)
(Cormack et al., 2009) is used in Hybrid RRF to
combine dense and lexical rankings. Cross-encoder
rerank applies reranking to an unconditioned can-
didate pool. BGE-M3 (Chen et al., 2024) provides
the dense ranking used in dense retrieval and the
source-aware methods, while BGE-reranker-v2-m3
is used for cross-encoder reranking. The compari-
son examines the effect of source-conditioned re-
trieval and the additional effect of within-channel
reranking.

Scoring requires mapping annotated evidence
locations to retrieval units. The mapping uses the
parsed clause identifier, heading, and positional cue
stored in each annotation. An annotated evidence
location maps to 1.15 retrieval units on average,
with a median of one, and 87.0% of annotated evi-
dence locations map to a single unit. When clause
information is unusable, positional cues are used
and the mapping is marked low confidence. The
mapping rules were fixed before system scoring.

We use five evaluation metrics. Evidence recall
is the share of required evidence retrieved, averaged
across questions. Any evidence is the percentage of
questions retrieving at least one required evidence
location and is reported as a diagnostic measure.
All required evidence is the percentage of ques-
tions for which every required evidence location
is retrieved. Source coverage measures the share
of required source groups covered by the retrieved
results. Mean reciprocal rank (MRR) is the recip-
rocal rank of the first correct retrieval, averaged
across questions (Voorhees and Tice, 2000).

4 Results

4.1 Source-Aware Retrieval Performance

Table 1 compares the retrieval methods with five
retrieved results per question (k = 5). The clear-
est difference appears in source coverage. Dense
retrieval and hybrid RRF reach 61.5% and 52.0%,
respectively, while cross-encoder rerank reaches
78.6%. Both source-aware channel quota and
source-aware reranked channel quota reach 100%.
The source-aware methods therefore include all re-
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quired source groups in the final retrieved results,
whereas the relevance-based baselines can still miss
required sources.

The other evidence-level measures show dif-
ferent results. Source-aware channel quota re-
trieves all required evidence for 25.0% of ques-
tions, with source coverage remaining at 100%. Its
evidence recall is 40.5%, slightly below 41.8% for
cross-encoder rerank. MRR is also slightly lower
at 0.445, compared with 0.501 for cross-encoder
rerank. This comparison separates required-source
coverage from evidence selection within those
sources. Source-aware reranked channel quota
improves the evidence-level results after within-
channel reranking, while source coverage remains
at 100%. Evidence recall rises to 46.0%, all re-
quired evidence to 27.8%, and MRR to 0.545.
Source-aware reranked channel quota shows higher
overall evidence-level results than the other meth-
ods, while both source-aware methods cover every
required source group. Appendix B shows that the
percentage of questions with all required evidence
increases as k increases across all methods, while
both source-aware methods continue to cover all
required source groups. Reranked channel quota
also has the highest evidence recall, any evidence,
and MRR at each tested k.

Figure 2 shows that the effect of within-channel
reranking differs by question type, with cross-
encoder rerank included as a reference. For single-
evidence questions, the all-required-evidence rate
increases from 86.7% to 100%. Same-source multi-
evidence questions change less. All required ev-
idence remains at 16.7% and evidence recall at
41.7%, although MRR rises from 0.496 to 0.537.

For two-source questions, reranked channel
quota improves all three measures over channel
quota. Three-source questions show a different
pattern. Evidence recall increases from 17.8% to
22.2% and MRR from 0.263 to 0.467, but all re-

Figure 2: Comparison by question type for cross-
encoder rerank, source-aware channel quota, and source-
aware reranked channel quota. Panels show (a) evidence
recall, (b) all required evidence, and (c) MRR.

quired evidence decreases from one question to
none. For four-source questions, evidence recall in-
creases, but MRR decreases slightly. These results
suggest that better ranking does not always lead to
retrieval of all required evidence.

Cross-encoder rerank provides a useful refer-
ence because it uses the same reranking model on
an unconditioned candidate pool. Reranked chan-
nel quota performs better on the single-evidence
questions and has higher evidence recall and MRR
for same-source multi-evidence questions. Cross-
encoder rerank has higher evidence recall and
MRR for the two-source and three-source groups,
whereas reranked channel quota is higher on these
two measures for the four-source group. For all
required evidence, the two methods give the same

Method
Evidence

Recall
Any

Evidence
All Required

Evidence
Source

Coverage MRR
Dense Retrieval 32.1 52.8 15.3 61.5 0.374
Hybrid RRF 32.4 55.6 15.3 52.0 0.345
Cross-encoder rerank 41.8 65.3 23.6 78.6 0.501
Channel Quota 40.5 61.1 25.0 100.0 0.445
Reranked Channel Quota 46.0 68.1 27.8 100.0 0.545

Table 1: Retrieval performance at k = 5. Evidence recall, any evidence, all required evidence, and source coverage
are percentages; MRR is on a 0–1 scale.
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result for every multi-evidence question type in
Figure 2. The difference seen in Table 1 therefore
arises from the single-evidence questions. Across
the full evaluation, the clearer distinction is cover-
age of required sources. Both source-aware meth-
ods cover every required source group, whereas
cross-encoder rerank covers 78.6% of them.

5 Discussion

5.1 Required-Source Coverage as a Separate
Retrieval Objective

Required-source coverage measures a part of re-
trieval that relevance ranking alone does not fully
reflect. Within the source-aware retrieval layer,
both methods include every required source in the
final retrieved results. Relevance-based baselines
still miss some required sources, even when cross-
encoder rerank improves evidence-level ranking.
Reranking changes candidate order, but it does not
by itself ensure that every required source is in-
cluded. This distinction becomes important when a
review draws requirements from several standards.
The source-aware retrieval layer therefore supports
selective retrieval from external memory by cover-
ing the required sources before selecting evidence
within those sources for the limited context win-
dow. In this workflow, the practical concern is
whether a required standard is absent from the re-
trieved results, not only whether relevant evidence
appears in a different order. Source-group informa-
tion attached to each retrieval unit acts as a minimal
structural layer over the corpus, and retrieval is con-
ditioned on that structure rather than on relevance
alone. Richer structure over standards, such as
knowledge-graph relations (Luo et al., 2025) or ci-
tation links across documents (Ju and Lee, 2026),
could extend the same separation beyond source
groups.

5.2 Evidence Selection after Source Coverage

After the required source groups are covered, the
quality of the retrieved evidence becomes more
important. Within-channel reranking improves
this part of the retrieval process. Source-aware
reranked channel quota shows higher evidence re-
call and MRR than source-aware channel quota,
and the improvement is especially noticeable for
single-evidence questions. A cross-encoder scores
each query-candidate pair independently, so better-
ranked candidates do not necessarily produce a
retrieved set containing all required evidence. This

difference becomes more apparent when several ev-
idence locations are required for the same question.
Multi-evidence retrieval should therefore consider
how the retrieved results work together rather than
scoring each candidate separately. With five re-
trieved results per question, retrieval of all required
evidence remains limited even when all required
source groups are covered, indicating that source
coverage and evidence completeness remain dis-
tinct challenges. Future work should examine how
the number of retrieved results interacts with the
number of prioritized candidates per channel, par-
ticularly for questions requiring multiple evidence
locations. Another direction is to improve the selec-
tion of remaining results while retaining the priority
given to required-source representation.

6 Conclusion

Engineering review across technical standards from
multiple organizations requires both coverage of
the required source groups and selection of appro-
priate evidence within those sources. The source-
aware retrieval layer separates these two parts of re-
trieval. Both source-aware methods improve source
coverage, and within-channel reranking further im-
proves evidence recall and MRR. The same design
supports selective retrieval from external memory
by using source-group structure to ensure required-
source coverage before refining evidence selection
within each source. This retrieval layer can serve
as an external-memory component in future agent
architectures for technical standards.

Limitations

The comparison focuses on retrieval behavior
rather than equalizing computation across meth-
ods, and the source-aware variants process candi-
dates separately within source-conditioned chan-
nels. The two source-aware methods remain di-
rectly comparable, but the evaluation is limited to
15 standards and 72 questions. The underlying
standards cannot be released because of copyright
restrictions. The full evaluation set is not released,
but selected evaluation questions and answers are
provided in Appendix A.

Declaration on Generative AI

The authors used a generative AI assistant for lan-
guage editing only. It was not used to generate
ideas, design experiments, or produce any reported
results.
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Appendix

A Evaluation Question Examples

The evaluation questions were written from clauses
and tables in the corpus and linked to annotated evi-
dence locations. Two examples from the evaluation
set are shown below.
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Method k
Evidence

Recall
Any

Evidence
All Required

Evidence
Source

Coverage MRR
Dense Retrieval 10 44.1 65.3 25.0 71.8 0.392

15 49.6 69.4 31.9 80.7 0.395
20 52.9 75.0 34.7 83.3 0.398

Hybrid RRF 10 39.1 65.3 18.1 57.8 0.357
15 43.4 68.1 20.8 69.1 0.359
20 49.4 76.4 23.6 73.2 0.363

Cross-encoder rerank 10 53.0 76.4 33.3 85.5 0.515
15 55.6 79.2 37.5 87.4 0.517
20 58.5 81.9 40.3 92.1 0.519

Channel Quota 10 53.5 75.0 37.5 100.0 0.465
15 58.9 84.7 38.9 100.0 0.472
20 64.6 88.9 43.1 100.0 0.475

Reranked Channel Quota 10 55.1 80.6 36.1 100.0 0.561
15 60.3 86.1 40.3 100.0 0.565
20 65.3 90.3 44.4 100.0 0.568

Table 2: Retrieval performance for k ∈ {10, 15, 20}. Evidence recall, any evidence, all required evidence, and
source coverage are percentages; MRR is reported on a 0–1 scale. Both source-aware methods maintain 100%
source coverage across all tested values of k.

Question 1. How are the minimum hold times
for an industrial valve body pressure test divided
by DN range?

Answer. The minimum hold times are 15 s for
DN 50 and below, 60 s for DN 65 through DN 200,
and 180 s for DN 250 and above.

This is a single-evidence question linked to one
annotated evidence location in a table.

Question 2. For pressure testing of a steel gate
valve for oil and gas service, what is the basis
for calculating the body pressure test pressure and
which test types are required?

Answer. The body pressure test pressure is at
least 1.5 times the pressure corresponding to the
38◦C pressure rating. The required tests are the
shell pressure test, closure leakage test, and stem
backseat test.

This is a same-source multi-evidence question
linked to two annotated evidence locations.

B Sensitivity to k

Table 2 shows the results for k values of 10, 15, and
20. The percentage of questions with all required
evidence increases with k for every method, while
both source-aware methods continue to cover all
required source groups. Source-aware reranked
channel quota gives the highest evidence recall, any
evidence, and MRR at each tested k. It also gives
the highest all-required-evidence rate at k = 15

and k = 20. At k = 10, source-aware channel
quota is slightly higher, reaching 37.5% compared
with 36.1%.

83


