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ABSTRACT CCS CONCEPTS

Evaluating multi-step diagnostic reasoning in LLM agents remains
an open problem. When cause labels are extracted from resolved
operational cases (customer-service tickets, incident reports, clini-
cal notes), the resulting gold standards exhibit extreme vocabulary
explosion—5,076 unique cause strings from 2,196 tickets on a sin-
gle symptom, 92% appearing only once—making LLM-as-judge
protocols variance-prone (+2-3pp inter-run) and longitudinal mon-
itoring impossible. We argue that building reproducible diagnostic
benchmarks and building effective diagnostic agents are dual prob-
lems solved by the same artifact—a canonical knowledge structure
that normalizes evaluation gold-standards and constrains agent
hypothesis spaces simultaneously.

We instantiate this duality as Diagnostic Knowledge Graphs (DKGs):

hierarchical cause trees with frequency priors, built automatically
from resolved tickets via LLM extraction, two-pass BERTopic clus-
tering, and LLM merge, with optional per-node SQL grounding
against operational data. The pipeline compresses 5,076 cause strings
to 73 canonical clusters (97% coverage) and scales to 284 symptom
families from 14,953 tickets without manual curation. A domain-
expert validation shows the resulting normalization achieves 92%
accuracy—exceeding the LLM judge’s 80% agreement with the same
expert—while enabling deterministic scoring (¢=0 inter-run vari-
ance).

Under a fair semantic-judge protocol (scoring against raw gold
chains, so DKG agents gain no vocabulary advantage), the DKG
yields a +32pp action-accuracy lift over an unstructured baseline
(73% vs. 41%). A five-condition ablation reveals that the cause menu
and frequency priors alone—without SQL—account for the domi-
nant share of this gain (78-86% of the total lift), establishing that
the evaluation infrastructure itself is the primary source of agent
improvement. Pre-validated SQL adds a directionally positive but
non-significant benefit at n=100, bounded by data sparsity rather
than a method ceiling.
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1 INTRODUCTION

Evaluating multi-step diagnostic reasoning in LLM agents is an
open problem with immediate practical consequences. As agentic
Al systems are deployed for customer-service triage, IT incident
resolution, and medical diagnosis, we need evaluation that is (1) per-
step: identifying where in the reasoning chain an agent fails, not
just whether the final answer is correct; (2) deterministic: producing
identical scores across repeated evaluations of the same output,
enabling longitudinal drift detection; and (3) faithful: correlating
highly with expert judgment. No existing evaluation approach
delivers all three properties simultaneously.

In our domain (logistics customer service), free-text cause la-
bels extracted from resolved tickets exhibit extreme vocabulary
explosion: 5,076 unique cause strings from 2,196 tickets about a
single symptom, with 92% appearing exactly once. This long-tail
distribution is the root cause of evaluation failure: it forces reliance
on fuzzy LLM-as-judge scoring, which introduces +2-3pp inter-
run variance and achieves only moderate agreement with domain
experts (Cohen’s k = 0.60).

We argue that this evaluation challenge and the challenge of
building effective diagnostic agents are dual problems solved by
the same artifact: a canonical knowledge structure that simultane-
ously normalizes evaluation gold-standards and constrains agent
hypothesis spaces. We instantiate this as Diagnostic Knowledge
Graphs (DKGs)—hierarchical cause trees with frequency priors at
each node, built automatically from resolved cases. The framework
applies wherever resolved cases plus operational data exist: IT in-
cident management, medical triage, financial fraud investigation,
manufacturing defect analysis.
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The evaluation problem. Three properties make diagnostic
evaluation harder than standard NLG evaluation:

e Multi-step structure: a correct diagnosis is not a single
label but a causal chain (symptom — cause — deeper cause
— root cause), requiring per-step comparison to localize
errors.

e Vocabulary explosion: without normalization, semanti-
cally identical diagnoses receive different surface labels (e.g.,
5,076 unique strings for 73 underlying mechanisms), and an
LLM judge must resolve this on every comparison—introducing
variance that masks real performance changes.

o Absence of deterministic scoring: unlike code generation
(where tests pass or fail), diagnostic output has no natural
exact-match protocol unless both sides share a canonical
vocabulary.

The DKG solution. A DKG addresses all three by providing:
(1) a tree structure that defines evaluation levels (each depth is
a scoring point), (2) canonical cluster labels that compress thou-
sands of surface forms to a closed vocabulary (5,076 — 73 clusters,
97% coverage), enabling exact-match scoring with zero inter-run
variance, and (3) optional per-node SQL queries validated against
operational data, providing verifiable evidence at deployment time.
The same artifact that normalizes the benchmark also constrains the
agent’s hypothesis space to historically observed causes—yielding
a +32pp action-accuracy lift over unstructured baselines as a direct
consequence of the evaluation infrastructure.

Two evaluation modes. We deliberately separate two uses of
the DKG for evaluation: (1) Semantic-judge mode for fair cross-
method comparison—all conditions (including DKG-constrained
agents) are scored against raw extracted gold chains by an LLM
judge, so the DKG agent gains no vocabulary-alignment advantage.
(2) Deterministic exact-match mode for production monitoring—both
gold chains and agent output reference canonical DKG node IDs,
reducing evaluation to string equality: judge-free, reproducible, and
suitable for detecting performance drift after model updates or API
changes.

Contributions.

(1) An automated pipeline for constructing reproducible
diagnostic benchmarks from noisy operational data
(primary contribution). Two-pass BERTopic clustering with
LLM merge compresses thousands of surface-form cause
strings to canonical clusters (5,076 — 73 with 97% coverage
on the largest family), producing normalized golden chains
for deterministic per-step scoring. The pipeline scales to
284 symptom families from 14,953 tickets without manual
curation. Domain-expert validation confirms 92% normaliza-
tion accuracy—exceeding the LLM judge’s 80% agreement—
establishing the benchmark as more faithful than the evalu-
ation method it replaces.

(2) A dual-mode evaluation framework with formal error
decomposition. The DKG supports both semantic-judge
scoring (for fair cross-method comparison) and deterministic
exact-match scoring (for production monitoring and drift
detection). We formalize coverage loss as the sum of three
diagnosable error types (tree gap, query error, judge error),
each targeted by a specific validation gate.
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(3) Empirical validation of the evaluation-agent duality.
A five-condition ablation on three SQL-grounded symptom
families (265 evaluation tickets), plus DKG+Tree vs. LLM-
only evaluation on three additional families (n=100 each),
shows that the cause taxonomy and frequency priors alone—
the same artifact that normalizes the benchmark—account
for the dominant share of a +32-44pp action-accuracy gain
over unstructured baselines (78-86% of total lift). This estab-
lishes that investment in evaluation infrastructure directly
improves agents at inference time.

2 RELATED WORK

LLM-as-judge and evaluation variance. Using LLMs to evaluate
free-text outputs has become the default for open-ended genera-
tion [18]. However, recent work reveals fundamental limitations:
JudgeBiasBench [19] identifies 12 types of systematic biases across
4 dimensions, including position bias and verbosity bias. Beyond
systematic biases, LLM judges also exhibit low intra-rater reliabil-
ity, producing different scores for the same input across runs and
making evaluation non-reproducible [? ]. Our approach sidesteps
these issues by constraining both agent output and gold standard to
a shared vocabulary, reducing evaluation to exact string matching
where applicable.

Benchmark construction from noisy data. Label noise in
LLM-generated annotations can substantially bias downstream
model evaluation [4], and multi-step reasoning chains compound
this with structural noise (ordering, depth, completeness) on top of
label noise. BERTopic [6] provides our core clustering mechanism.
Reasoning-based refinement of unsupervised clusters [8] uses LLMs
to validate clustering output; we adopt a similar idea in our LLM
merge step (Section 4.3), with the stricter criterion that two clusters
merge only if they describe the same cause from the customer’s
perspective and lead to the same resolution action—catching se-
mantic duplicates that share no tokens but converge to the same
mechanism.

Knowledge graphs for fault diagnosis. Knowledge graphs
organize domain knowledge as structured entity-relationship net-
works [7, 9]. In fault diagnosis, KGroot [14] constructs failure event
graphs from structured logs; Cloud Atlas [15] synthesizes causal
graphs from documentation; KG4Diagnosis [22] combines LLMs
with KGs for medical diagnosis; GROVE [1] organizes debugging
knowledge into trees for hardware failures. KG-driven diagnosis
is a growing paradigm in manufacturing [3, 20] and microservice
root cause analysis [13]. However, none connect graph nodes to
executable queries against operational databases—our key differ-
entiator. MedRAG [17] integrates hierarchical graphs with health
records; SOP-Bench [12] benchmarks agents on industrial proce-
dures. Our DKG is built from unstructured ticket text, with each
node grounded in a validated SQL query.

LLM-based KG construction. Recent surveys document the
shift to LLM-driven KG construction [2, 21]. Our pipeline uses LLMs
for extraction (Stage 1) and taxonomy construction (Stage 2), but
adds both a normalization layer (Stage 2b) and a SQL grounding
loop (Stage 3).

Text-to-SQL and RAG. Spider 2.0 [10] reports 20% accuracy on
enterprise schemas, motivating our pre-validation approach. RAG
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[11] and GraphRAG [5] retrieve documents to ground responses;
KG-enhanced RAG has been applied to customer service QA [16].
Our DKG replaces retrieval-by-analogy with structured tree traver-
sal and SQL verification.

Positioning. The closest work to ours combines knowledge
graphs with diagnostic agents (KGroot, GROVE, KG4Diagnosis).
We differ in three ways: (1) our DKG is constructed bottom-up
from noisy ticket text rather than curated ontologies; (2) we explic-
itly address the evaluation problem (vocabulary explosion, inter-
run variance) rather than focusing solely on inference; and (3) we
demonstrate the evaluation-agent duality—that the same artifact
solving the benchmark problem also solves the agent problem—a
connection absent from prior work.

3 PROBLEM FORMULATION

We formalize the DKG structure, SQL grounding objective, and
evaluation metrics. The central design principle is precision under
noise: both DKG construction (from noisy ticket text, 8% extraction
failure) and inference (70-87% per-node SQL accuracy) minimize
the risk of confidently wrong diagnoses, at the cost of occasionally
over-reporting candidates.

3.1 Diagnostic Knowledge Graph

A DKG is a rooted tree G = (V, E, g, a) where V is a set of nodes
(root = symptom, internal = causes at increasing depth, leaves = root
causes); E C V X V are directed parent-child edges representing
causal decomposition; g : V. — Q U {L} maps each node to a
parameterized SQL query that returns TRUE when the condition
holds, or L if non-verifiable; and a : V. — A maps leaf nodes to
resolution actions.

Precision-oriented design. Each node is a one-sided detector
(TRUE = active; FALSE discarded, not used for routing) and all
siblings are evaluated independently. This avoids unrecoverable
false-negative routing errors at the cost of broader candidate sets
(Section 3.4). Figure 1 shows the full DKG for our running example
family (“shipment stuck in receiving”); Table 4 in Appendix A lists
each node’s verification status and recommended action.

3.2 SQL Grounding Objective

Each query ¢(v) is parameterized by (customer ID, case ID, reference
date). A node is verified if Acc(v) = ALA Z?;Il 1[q(v)(xi) = yin] =
0.7 on M=30 ground-truth tickets. The 0.7 threshold accounts for
extraction noise (6 ~0.08), yielding true accuracy >0.62. Unverified
nodes are retained but flagged as low-confidence.

3.3 Evaluation Metrics

We define two primary metrics. For each level i in the gold path, a
per-step LLM judge determines whether the agent’s corresponding
step describes the same diagnostic mechanism. Full metric suite in
Appendix J.

Diagnostic accuracy (M1). Fraction of the gold path’s reasoning
levels matched anywhere in the agent’s derived path:

{gi € g:3d;j € d, sem(g;,d;) = 1}|

DiagAcc(g,d) = el

1)
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In comparative mode (Section 5), sem is an LLM judge; in production-
monitoring mode, it reduces to exact-match over canonical cluster
IDs.

Action accuracy (M2). Did the agent recommend the correct
resolution action? The metric most directly tied to customer impact.

3.4 Error Analysis Framework

Coverage loss decomposes into three terms: 1 — DiagAcc(x) >
Estruct + Esql T Eevals where €gtruct = tree gap (gold node absent), Esql
= query error (node present but SQL wrong), €.y, = judge error.
The DKG’s one-sided design (FALSE discarded, siblings evaluated
independently) accepts recoverable false positives to eliminate un-
recoverable false negatives. On the running example family, 12/16
failures are SQL misdirection (recoverable) and only 2 are tree gaps.

4 METHOD

Our method proceeds in five stages (Figure 2): extract diagnos-
tic chains, build a cause taxonomy, ground each node with vali-
dated SQL, evaluate agents, and augment with new causes. Each
stage incorporates a precision-oriented filter: frequency filtering
(Stage 2), SQL verification thresholds (Stage 3), and one-sided traver-
sal (Stage 4). The approach generalizes to any domain with resolved
cases containing diagnostic narratives.

Assumptions. (1) Majority correctness via frequency filtering
(=5 tickets/node). (2) Extraction fidelity: 92% of contacts yield valid
chains; 8% discarded. (3) Verifiability # correctness: SQL agreement
with ticket text at >70% validates operationalization, not original
diagnosis correctness.

4.1 Stage 1: Diagnostic Chain Extraction

Given N resolved tickets, an LLM extracts a structured chain from
each: a symptom (status or metric anomaly), a cause chain (se-
quence of causes at increasing depth explaining why), and an action
(reusable resolution procedure). Constraints enforce that causes
describe mechanisms (not outcomes), case-specific identifiers are
stripped, and actions are reusable. Temperature 0 ensures deter-
ministic extraction. A complete running example tracing one ticket
through all five stages is in Appendix B.

4.2 Stage 2: Taxonomy Construction

Stage 2 produces an ungrounded cause taxonomy—a hierarchical
tree of symptom families and their causes, without SQL queries.
This taxonomy becomes a DKG after Stage 3 adds validated queries
to each node.

Step 1—Symptom clustering. Unique symptom labels are em-
bedded (a proprietary text embedding model, 512-d) and clustered at
cosine similarity > 75, merging surface variants. Step 2—Semantic
grouping. An LLM groups top clusters into diagnostic families,
catching equivalences embedding similarity misses. Families below
1% frequency are discarded. Step 3—Tree generation. Per family,
an LLM organizes all observed causes into a hierarchical tree with
frequencies. Depth is data-driven (typically 2—4 levels). The output
is one cause taxonomy per family. Threshold selection details and
sensitivity analysis are in Appendix H.
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{ Stuck in Receiving

status='Receiving' AND not closed

shipment not closed at ticket date

[ Warehouse Receiving Backlog }

redirect/tracking flags

Compliance Issues
% @

High Concurrent Ships
premium plan, placement fees
v 17%
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‘ Peak Season Demand

A data gap

concurrent shipments at warehouse

ixd_flag=Y, sort_type=SORT

Multi-step Placement
v 77%

|

receiving open >14d, not closed

Manual Verification
v 100%

Sample q(v): SQL query and result for a single case
e
| a(Manual Verification) — v 100%

: SELECT CASE WHEN receiving_ts IS NOT NULL

: AND (closed_ts - receiving_ts) > 14 days

1 THEN TRUE ELSE FALSE END AS node_match

I
'
'
'

» TRUE (receiving open 26 days, not closed)

() symptom (O sQL Verified (70%)

D Data gap (needs new data source)

No SQL query available. Agent asks customer.

"Were your units transferred to a different
warehouse after initial receiving?"

@ Verify with customer (no DB signal)

Figure 1: DKG for the running-example symptom family (“shipment stuck in receiving”): 14 cause nodes across three levels, with 8 nodes
SQL-verified at 70-83% accuracy on 30 ground-truth tickets each. Colors indicate node status: green = SQL verified; red = known cause with no
reliable database signal (data gap); purple = unverifiable via SQL (agent asks customer). Bottom panel shows two example node-level queries

q(v): a verified SQL check and a customer-facing qualitative check.

4.3 Stage 2b: Cause Normalization and Golden
Chain Construction

A critical challenge: from 2,196 tickets about a single symptom
family, LLM extraction produces 5,076 unique cause strings—the
same underlying cause appearing as dozens of surface variants.
Without normalization, evaluation requires expensive semantic
comparison for every agent-vs-gold comparison.

Two-pass BERTopic clustering. For each symptom family,
all causes across all levels are pooled and clustered in two passes:
Pass 1 with HDBSCAN produces main clusters (leaving 30-40% as
outliers); Pass 2 re-clusters outliers with relaxed density parameters.
The LLM merge step then resolves semantic equivalences that no
embedding threshold can catch (e.g., “barcode unscanned at intake”
= “manual entry required because barcode unreadable”—same root
cause, near-zero token overlap). Merge criterion: two clusters merge
only when they describe the same cause and would yield the same
resolution action.

Result. 5,076 unique raw cause strings compress to 73 canonical
clusters (p = 70%, 97% coverage). Figure 3 visualizes the compres-
sion.

Normalized golden chains. Each raw extracted chain is nor-
malized by applying the mappings:

(5. k1 ke, k) = (f ulk), pka), .. plka) @

Table 1: Normalization quality across symptom families (5 of
10 shown; full table in supplement). p = compression ratio.

Symptom Family Chains Raw CL p Cow.
Shipment gty discr. 2,196 5076 73 70X 97%
Reimburs. not issued 667 1,412 25 57X 99%
Inventory recall unclear 536 1,203 58 21X 99%
Delivery unverifiable 357 714 8  89%x 100%
Multi-SKU discrepancy 192 384 3 128X 100%
Avg (10 families) 466 1,246 28 57X 99%

where f is the matched symptom family and p(k;) maps each raw
cause to its canonical cluster via nearest-centroid embedding match:

u(k) = argmin dcos(emb(k), centroid(v)) (3)

veVy

Multiple raw chains may normalize to the same golden path—
this is the desired compression. The normalized chains constitute
the evaluation benchmark: clean, canonical, and comparable via
exact string match.

Scalability. Table 1 shows that the pipeline produces consistent
normalization across the top 10 symptom families without manual
curation.

Enabling deterministic evaluation. Once both the golden
chain and the agent output reference the same canonical cluster
vocabulary, evaluation reduces to string equality—deterministic,
reproducible, and free of LLM-judge variance. We emphasize that
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DKG CONSTRUCTION - from customer-service tickets to a data-grounded diagnostic tree

Chain Extraction DKG Construction

Symptoms clustered via embeddings; LLM organizes causes
into a hierarchical tree per cluster.

LLM reads each resolved ticket and extracts a structured
diagnostic chain: symptom, multi-level causes, and resolution
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L External carrier delay
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|~ Labeling/barcode issues

L Restricted product flag
{— Missing delivery docs
- Carrier tracking not synced

Action:
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s (Family O

DKG + validated SQL — ready for agent evaluation
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SQL Grounding

For each node, generate a parameterized SQL query. Validate
on ground-truth tickets; iterate until accuracy target is met.

SR ©

SELECT case_id,
receiving_ts,
closed_ts,
CASE WHEN
closed_ts
IS NULL OR CAST(..
AS TIMESTAMP) > '{ref_date}'
THEN TRUE ELSE FALSE END
AS node_match
FROM operational_table
WHERE customer_id={cid}
AND case_id='{case_id}'

Operational data wz

rehouse - 35/55 nodes verifiec

EVALUATION & CONTINUOUS IMPROVEMENT

Agent Evaluation

Agent walks DKG top-down, running SQL per node. Derived path compared against gold trace.
74%  70% 70%

il

H1: Diagnost
73% 69%  ggo,

60% 63%
Gold (from resolved ticket):

stuck in receiving - warehouse backlog

- peak season - dock congestion
Derived (DKG + SQL agent):

stuck in receiving v

- warehouse backlog (29d wait) v

- dock congestion (29d gap) v

M1: 3/4 levels = 75%
Gold action: advise wait for warehouse processing
Derived action: monitor warehouse queue v

M2: correct

I 43%  41%

Augmentation

New tickets with unknown causes: LLM decides if genuinely new (add) or rewording
of existing node (skip).

I & R IR C)

dock unloading queue delay
carrier/warehouse system sync lag
warehouse transfer blocks receiving
"warehouse queue backlog" = existing
"warehouse delay" = existing

+NEW:
+NEW:
+NEW:

added - 12 skipped (80% filter rate

© new nodes — DKG @ + SQL @ H

Figure 2: End-to-end pipeline illustrated on the running example (“shipment stuck in receiving,” 988 chains). Top row: DKG construction from
noisy tickets through chain extraction (Stage 1), taxonomy construction (Stage 2), and per-node SQL grounding (Stage 3). Bottom row: agent
evaluation across five conditions with M1/M2 results for the receiving family (Stage 4), and augmentation with new causes triaged against the
existing tree (Stage 5). Dashed arrow: new nodes from Stage 5 re-enter Stages 2 and 3.

this exact-match scoring is not used in the comparative experi-
ments of Section 5; those experiments use a semantic LLM judge
against raw gold chains to avoid giving the DKG-constrained agent
a vocabulary-alignment advantage. The two modes serve different
purposes: semantic-judge scoring for cross-method comparison,
and exact-match scoring for longitudinal production monitoring.

4.4 Stage 3: Query Grounding

The key insight: resolved ticket text serves as ground truth.
A ticket contains both the diagnosis and the operational details,
creating a closed loop for query validation analogous to test-driven
development—the ticket is the test case, the SQL query is the code
under test. The grounding procedure runs once per node, offline,
and produces a parameterized query executable without further
LLM calls.

Phase A—Ground truth generation. For each node v, an LLM
reads M=30 resolved tickets and labels every node in the family
as TRUE/FALSE based on the ticket text, producing a label matrix
T € {0, 1}M*IV] We use stratified sampling to ensure at least 10
positive and 10 negative tickets per node.

Phase B—Iterative SQL generation. For each node, a refine-
ment loop (bounded by K=7 iterations) synthesizes a parameter-
ized SQL template: (1) discriminating-column analysis identifies
schema columns that separate TRUE from FALSE tickets; (2) an LLM
generates a SQL template using placeholders {cid}, {case_id},
{ref_date}; (3) execution against locally cached data (in-memory
DuckDB, ~10 ms per ticket); (4) refinement with failing examples if
accuracy < 0.8. Full details in Appendix L.
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Figure 3: Rank-frequency distribution before and after clustering
(largest symptom family, 2,194 tickets). Gray: 5,076 raw cause strings
(92% appearing once). Red: 73 canonical clusters absorbing 97% of
unique strings (p = 70X compression).

Verification thresholds. The 0.8 break threshold and 0.7 verifi-
cation threshold differ deliberately: the break threshold stops over-
fitting; the verification threshold accounts for label noise (§~0.08,
yielding true accuracy >0.62). Nodes that fail to reach 0.7 are re-
tained without SQL; the agent defers to children (Algorithm 1).

4.5 Stage 4: Agent Evaluation

The traversal design implements the error asymmetry principle
from Section 3.4. Unlike a decision tree that commits to a single
path at each split—where a single false negative derails the entire
diagnosis—the DKG evaluates every node independently: multiple
sibling causes can be simultaneously active. This yields higher ex-
pected coverage than greedy tree-walking (details in Appendix K).
Traversal. A deterministic algorithm executes SQL at every
node top-down, collecting all TRUE matches; FALSE results are
discarded. The matched set (with labels and evidence) is passed to
an LLM in a single synthesis call. The LLM narrates the verified
facts but does not decide which branches to explore. This design
accepts a broader candidate set (more false positives) in exchange
for not routing the agent away from the correct cause due to a false
negative. The cost is measurable: on the running example family,
SQL misdirection accounts for 12% of errors (Section 5), where
broad parent queries fire alongside the correct specific cause.

4.6 Stage 5: Augmentation

The DKG evolves as new failure modes emerge. New chains are
matched to existing families by embedding similarity; unmatched
causes are collected as gap candidates. Frequency filtering (>2
occurrences) removes one-off extraction noise without discarding
genuine new low-frequency failure modes; the threshold is set
conservatively at 2 because the LLM-triage step that follows is itself
a high-precision filter (sensitivity over {1, 2,3} in Appendix H). The
triage decides genuinely-new vs. paraphrase, with at most 3 new
nodes added per family per round to prevent tree bloat. New nodes
enter the Stage 3 SQL grounding loop before becoming active.

Chen et al.

5 EXPERIMENTS
5.1 Setup

Data. The corpus consists of resolved customer-support contacts
drawn from an internal logistics ticketing system, paired with in-
ternal operational warehouse data for the SQL-grounded subset.
No personal or account identifiers are used or shown anywhere
in this paper; the running-example ticket text in Appendix B is
paraphrased and all identifiers are redacted. We use two scopes.
The benchmark construction scope (Stages 1-2b) processes 14,953
contacts spanning all logistics categories, producing 284 symptom
families with normalized golden chains—each a fully constructed
DKG with cause taxonomy, frequency priors, and canonical cluster
vocabulary usable for both deterministic evaluation and agent in-
ference. The SQL-grounded agent ablation (Stages 3—-4) uses 6,113
inbound logistics cases with matching data warehouse coverage,
split into build (1,292), ground truth (252), and eval (100 per family).
Stage 1 extracted 1,193 chains (92% success); Stage 2 produced 6 fam-
ilies surviving a 2% frequency threshold; cause clustering yielded
10-24 clusters per family. The five-condition ablation requires SQL
grounding (Stage 3), limiting it to three families with sufficient
data warehouse coverage; the DKG construction and normalization
results (Tables 1, 3) are validated across all 284 families.

Evaluation families. The five-condition ablation (including
SQL conditions) requires operational data warehouse coverage for
query grounding; only three families have sufficient coverage: a
receiving family (“shipment stuck in receiving,” n=100), a quantity-
discrepancy family (n=100), and a transit family (“shipment stuck in
transit,” n=65). We additionally evaluate DKG+Tree vs. LLM-only
(no SQL) on three further families to confirm the tree-structural gain
generalizes beyond the SQL-grounded subset (Section 5.3). Mod-
els: LLM-A (mid-capability; per-ticket work) and LLM-B (higher-
capability; per-family work). Temperature 0 throughout.

Gold standard. To avoid giving the DKG agent a vocabulary-
alignment advantage, gold chains are raw Stage 1 extractions (not
DKG-normalized). Scoring uses a semantic LLM judge (“same mech-
anism?”) applied identically across all conditions.

5.2 Baselines and Ablations

We evaluate five conditions on the same tickets per family, same
LLM-A judge, temperature 0. Equal-protocol top-3 scoring. Ev-
ery condition emits three ranked candidates (one JSON object each,
ranked by agent confidence); the judge scores the best match against
the gold chain—a generous protocol that mirrors how a real diag-
nostic system would surface alternatives to a human operator. The
same top-3 scaffold is used across all conditions, ruling out an
asymmetric “DKG gets 3 attempts, others get 1” confound. The
conditions:

e DKG+SQL (ours): DKG tree with frequency priors plus
pre-validated SQL evidence (TRUE results only; FALSE dis-
carded).

o DKG+AdHocSQL: same tree and priors, but the agent writes
SQL at inference time against the operational schema.

e DKG+Tree: tree and priors only, no SQL—isolates the structured-

hypothesis-space contribution.
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Table 2: Main results across three SQL-grounded families
(n=100 for stuck-in-receiving and quantity discrepancy; n=65
for stuck-in-transit). M1 = diagnostic accuracy, M2 = action
accuracy (%). 95% bootstrap CIs in brackets. DKG+Tree = cause
menu + frequency priors only (no SQL).

DKG DKG DKG LLM
Family +SQL  +AdHoc +Tree RAG  -only

Stuck in M1 74 (6781] 70 [6376] 70 [63,77] 60 [5566] 63 [57,69]
receiving M2 73 [6482] 69 [60,78] 66 [57,75] 43 [33,53] 41 [3252)

Quantity M1 70 [6476] 70 [6476] 70 [64,76] 58 [52,64] 37 [30.45]
discrepancy M2 55 [4565] 51 [41,61] 49 [4059] 26 [1835] 11 [5,18]

Stuck in M1 58 [51,66] 56 [47.64] 57 [49.65] 56 [49,64] 55 [47,63]
transit M2 38 [2851] 43 (31,55 37 [2649] 41 [2952] 32 [2243]

e RAG: 20 similar historical cases retrieved by embedding
similarity, no tree; agent has schema access and writes SQL
at inference time.

o LLM-only: issue text only, no cases or tree; agent has schema
access and may write SQL.

5.3 Results

Table 2 presents results across all three SQL-grounded families.
Structured diagnostic reasoning yields a large and unambiguous
gain over unstructured baselines on families with concentrated
frequency distributions: every condition that includes the DKG
tree (DKG+SQL, DKG+AdHocSQL, DKG+Tree) reaches 49-73% ac-
tion accuracy on the receiving and quantity-discrepancy families,
vs. 11-41% for LLM-only—a +25-38pp lift attributable primarily
to the structured hypothesis space and frequency priors. On the
harder transit family, all methods converge to 32-43% with overlap-
ping Cls, revealing the boundary condition. Within the structured
family, adding pre-validated SQL (DKG+SQL) is not statistically
distinguishable from the no-SQL ablation (DKG+Tree) at n=100;
their bootstrap CIs overlap.

Generalization without SQL. To confirm that the tree-structural
gain extends beyond families with data warehouse coverage, we
evaluate DKG+Tree vs. LLM-only on three additional families from
a broader ticket corpus, without SQL grounding (Table 3). These
families are distinct from those in Table 2 (different ticket pool and
pipeline scope). The DKG agent receives only the cause taxonomy
and frequency priors; the LLM-only baseline receives the ticket text
and database schema and may write SQL at inference time, with no
DKG structure (identical to the LLM-only condition in Table 2). As
a directional generalization check (n=100 per family), the pattern is
consistent: DKG+Tree outperforms LLM-only on all three families—
separated clearly on the inventory-recall family and directionally
on the other two—with the largest lift on the family with the most
concentrated frequency distribution.

Key findings. The five-condition ablation yields three clear
conclusions:

o Tree structure with frequency priors drives most of the gain.
DKG+Tree (cause menu and priors only, no SQL) reaches 66%
on the receiving family and 49% on the quantity-discrepancy
family—accounting for 78% of the +32pp gain (receiving) and
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Table 3: DKG+Tree vs. LLM-only on three additional families
without SQL (n=100 each, different ticket pool from Table 2).
M1 = diagnostic accuracy, M2 = action accuracy (%); best per
row in bold. 95% CIs in brackets.

DKG LLM
Family +Tree -only
Inbound qty M1 80 [7288] 73 [64,82]
discrepancy M2 75 (6783 72 [63381]
Reimburs. M1 65 [5674] 45 [35,55)
not issued M2 52 [4262] 47 [37,57)

Inventory recall M1 78 [7086] 47 [37,57]
unclear M2 70 [61,79] 35 [26,44]

86% of the +44pp gain (qty) over LLM-only. Constraining
the agent to historically observed causes is the dominant
lever. This is the same artifact that normalizes the evaluation
benchmark, demonstrating the duality thesis empirically.

o SQL evidence is directionally positive but not statistically dis-

tinguishable on top of the tree. On the receiving family, DKG+SQL

(73%) is within DKG+Tree’s CI [57,75] and DKG+AdHocSQL’s
[60,78]; the quantity-discrepancy family’s three structured
conditions span 49-55% with overlapping Cls. Pre-validated
SQL adds a consistent directional benefit that a power calcula-
tion indicates would require n~900 per condition to confirm
at =0.05.

o Harder families resist all methods, revealing boundary condi-
tions. On the transit family (n=65), all five conditions span
32-43% action with overlapping CIs; DKG+Tree reaches only
37% (vs. 32% LLM-only)—a +5pp lift versus +25-38pp on the
other two families. The tree-structural gain shrinks when
symptom diversity outpaces frequency priors, providing a
predictable boundary condition observable from the canoni-
cal vocabulary’s rank-frequency distribution.

5.4 Benchmark Quality and Meta-Evaluation

We evaluate two properties critical for benchmark utility: (1) nor-
malization quality (does the clustering preserve diagnostic mean-
ing?) and (2) faithfulness compared to the LLM judge it can replace.

Normalization coverage and compression. On the largest
symptom family from the benchmark-construction scope (shipment
quantity discrepancy, 2,196 chains; distinct from the receiving fam-
ily used in agent eval), two-pass BERTopic + LLM merge compresses
5,076 unique raw cause strings to 73 canonical clusters with 97%
coverage. Three raw strings extracted from different tickets about
the same underlying issue—“warehouse receiving backlog delayed
processing,” “warehouse processing delay during inbound,” “distri-
bution center has not yet processed inbound shipment”—all map
to a single canonical cluster, reducing agent-vs-gold comparison
from LLM-judged fuzzy match to exact equality. Table 1 confirms
this generalizes across the top 10 families (average 57X compres-
sion, 99% coverage) and Figure 3 visualizes the compression on the
largest family.

Human validation of normalization accuracy. A domain
expert reviewed 50 randomly sampled cause-level mappings (raw
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extracted string — canonical DKG cluster) and judged each as
correct, partially correct, or incorrect. The normalization achieves
92% strict accuracy (46/50 mappings judged correct), compared to
only 80% agreement between the LLM semantic judge and the same
expert on 20 sampled diagnostic-pair comparisons (Cohen’s k =
0.60; Appendix I). This 12pp gap demonstrates that the normalized
benchmark is more faithful to expert judgment than the LLM judge
it replaces.

Inter-run variance. Evaluation against the normalized bench-
mark is deterministic by construction (0=0 across any number of
runs), whereas the LLM judge exhibits +2-3pp run-to-run variance
in M2 on identical inputs (Appendix I). Such variance makes it
impossible to detect small (<3pp) performance drifts in longitu-
dinal monitoring—precisely the regime where production teams
need signal. Together, these properties—92% expert faithfulness
plus 0=0—make the normalized benchmark suitable for longitudi-
nal production monitoring where small performance changes must
be reliably detected.

5.5 Error Decomposition and Localization

A key advantage of per-step evaluation is error localization: identi-
fying not just that the agent failed, but where and why. We demon-
strate this on the 27 failure cases (tickets where DKG+SQL produced
incorrect action) on the receiving family.

Error taxonomy. Of 16 analyzed failures on the receiving family
(DKG+SQL): SQL misdirection (12/16, 75%)—broad parent queries
confirm a general cause when the true root cause is more specific
(e.g., SQL confirms “warehouse processing delay” when the actual
issue is barcode scan failure, a child node); tree gap (2/16, 12.5%)—
the gold root cause is absent from the DKG, addressable through
augmentation (Stage 5); ticket misclassification (2/16, 12.5%)—the
gold chain itself is incorrect (noise floor from 8% extraction error
rate).

Per-level diagnostic patterns. The canonical vocabulary en-
ables pattern-level failure diagnosis:

e High L1 + low L2: Agent identifies the correct problem fam-
ily but fails to reach the specific sub-cause. Addressable by
improving L2-level SQL discrimination.

e Low L1: Agent mis-identifies the problem entirely. Indicates
either a symptom-routing error or a ticket that does not
match its assigned family.

e High M1 + wrong M2: Agent identifies correct reasoning steps
but maps to an incorrect action. Indicates action-mapping
errors in the DKG structure, not reasoning failures.

This granularity distinguishes lucky guesses (wrong reasoning,
correct action by chance) from sound reasoning that fails on the
final step—a distinction only possible with per-step scoring against
a canonical vocabulary.

6 DISCUSSION

The evaluation-agent duality. The cause taxonomy constrains
the agent to check whether each hypothesis holds rather than de-
ciding what to check—preventing narrative fabrication (+32-44pp
gap). The same constraint eliminates vocabulary explosion for eval-
uation: outputs from a closed vocabulary enable exact match. This
is a structural property, not a methodological convenience.
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What SQL contributes. At n=100, no structured condition is sta-
tistically distinguishable from DKG+Tree on action accuracy. SQL
provides deployment-time reliability (auditable evidence, schema-
error containment) rather than diagnostic-accuracy lift. The gap is
bounded by data sparsity: 30-43% of nodes per family lack sufficient
coverage for SQL grounding.

Boundary conditions. The DKG’s effectiveness depends on
frequency concentration: when causes are heavily skewed (receiv-
ing family), frequency priors provide +32pp lift; when uniformly
distributed (transit family), only +5pp. This boundary is predictable
from the canonical vocabulary’s rank-frequency distribution.

Limitations. (1) Agent evaluation spans 6 families (565 tick-
ets): 3 with full SQL grounding and 5-condition ablation (n=265), 3
additional with DKG+Tree vs. LLM-only (n=100 each); DKG con-
struction and normalization validated on all 284 families. (2) Expert
validation at n=50 (normalization) and n=20 (judge); larger studies
would strengthen confidence. (3) Production monitoring validated
in prerequisites (92% faithfulness, 0=0) but not demonstrated over
an actual deployment timeline. (4) Requires resolved cases with
diagnostic narratives plus an operational database. (5) 8% normal-
ization error rate from embedding-model biases.

7 CONCLUSION

We presented an automated pipeline transforming noisy resolved
tickets into both a clean diagnostic benchmark and a SQL-grounded
reasoning scaffold. Two-pass BERTopic clustering with LLM merge
compresses extreme vocabulary explosion (5,076 — 73 clusters, 97%
coverage) without manual curation, producing normalized golden
chains with 92% expert agreement and zero inter-run variance.
The evaluation-agent duality is our central finding: the canonical
vocabulary that normalizes the benchmark accounts for 78-86% of
a +32-44pp action-accuracy gain when used as an inference-time
menu. The pipeline scales to 284 families from 14,953 tickets and
generalizes to any domain with abundant resolution traces.
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A DKG NODE ACTIONS

Table 4 lists the 14 cause nodes of the receiving family’s DKG (v2
taxonomy) with their SQL verification accuracy and the recom-
mended agent action. SQL accuracy is reported for the 8 nodes that
reached the >70% verification threshold; “UV” (unverified) marks
nodes that ran the SQL grounding loop without converging; “no
GT” marks nodes excluded from the SQL loop because the stratified
ground-truth sampler could not produce >10 positive examples
(frequency too low).

B RUNNING EXAMPLE

We trace a single ticket through the full pipeline to make each stage
concrete.

Input ticket. A customer contacts support: “My shipment was
delivered to the warehouse 8 days ago but still shows ‘Receiving’
status. When will my items be available?”

Stage 1 (Extraction). The LLM extracts: Symptom: “shipment
stuck in receiving status”; Cause: “warehouse receiving backlog
due to elevated inbound shipment volume”; Deeper cause: “peak
season demand causing processing queue depth to exceed standard
window”; Action: “advise customer on standard receiving SLA and
escalate if beyond window”
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Stage 2 (Taxonomy). The symptom clusters with 987 other
“stuck in receiving” variants (cosine > 0.85) into the receiving
family (988 chains total). The cause “warehouse receiving backlog”
becomes node NO; “peak season demand” becomes N1 under NO.

Stage 3 (SQL Grounding). For node N1, the LLM generates a
query checking whether the shipment arrived during peak months
(Oct-Feb) and has waited more than 4 days. Tested against 30
ground-truth tickets: 24/30 correct (80%), verified after 1 iteration.

Stage 4 (Evaluation). The agent walks the tree: ROOT matches,
NO matches (8 days waiting), N1 matches (December arrival). De-
rived path matches gold path — 100% coverage.

Stage 5 (Augmentation). A new ticket mentions “pre-scan
processing delay.” Cosine similarity to existing children is < 0.70,
so it enters LLM triage and is added as a new node.

C DKG SYMPTOM FAMILIES

Table 5 summarizes the 12 candidate symptom families produced
by the pipeline and the 6 that survived the 2% frequency threshold.

D RAG BASELINE DETAILS

The RAG baseline operates in two LLM calls with database access
between them.

Retrieval. Historical diagnostic chains are embedded using a
proprietary text embedding model (1024 dimensions, L2-normalized).
At evaluation time, the customer’s issue text is embedded and the
top-20 chains by cosine similarity are retrieved (excluding chains
from the same contact).

Step 1: Query generation. The agent receives the customer’s
issue, 20 retrieved cases, the full operational schema with domain
context, and case identifiers. It generates 1-3 SQL queries and an
initial hypothesis.

Step 2: Synthesis. Query results are returned to the agent, which
produces a diagnostic path as a list of short labels.

Key differences from DKG+SQL. The RAG agent must (1)
decide what to check, (2) write correct SQL from schema docu-
mentation, and (3) interpret raw query results. The same LLM and
evaluation metric are used for both conditions.

E PER-TICKET RESULTS

Table 6 shows per-ticket results for the first 10 evaluation tickets
on the receiving family, drawn from the same evaluation run that
produced Table 2. “M1 unord” is the unordered semantic step cov-
erage (best of top-3 candidates) reported as the headline M1 metric.
“Action” is M2 (v// X). The 10-ticket sample is unstratified, so action
accuracies for the easier-to-handle baselines (RAG, LLM-only) on
this prefix are higher than their full n=100 averages; the DKG+SQL
action rate (70% vs. 73%) is consistent.

F TRANSIT FAMILY DISCUSSION

The transit family (“shipment stuck in transit,” n=65) is the hardest
in our evaluation (Table 2, bottom rows), where all five methods
achieve overlapping confidence intervals on action accuracy and
the tree-driven gain over LLM-only is markedly smaller than on
the receiving and quantity-discrepancy families (DKG+Tree at 37%
vs. LLM-only at 32%, only +5pp). This is the regime described in
Section 5.3 where neither structural priors alone nor SQL grounding
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Table 4: Receiving family (“shipment stuck in receiving”) v2 cause nodes with SQL verification results. Frequencies count the
number of build-set chains in which the cause appears. + marks leaf nodes (actionable root causes).

Node Cause label (abbr.) Freq SQL Recommended Action
No Warehouse inbound processing delay (post- 900  80%  Advise standard receiving SLA; flag if
delivery, pre-availability) past window
N2+  Standard warehouse processing delay 453  77%  Advise standard SLA
N4+  Multi-step inventory placement / redistri- 98  77%  Explain sort-and-place pipeline; set
bution ETA
N5+  Multi-step warehouse placement pipeline 61  77%  Same as N4; site-specific timing
N6t  Inter-warehouse redistribution transfer 37  80%  Monitor inter-site transfer completion
N7+  Warehouse manual inspection / verifica- 50 77%  Advise inspection in progress
tion hold
N10+  Carrier-to-warehouse tracking sync issues 85  70%  Verify tracking refresh; request POD if
stale
N11t  External carrier tracking sync failure 61  83%  Request warehouse-stamped POD
N1 Warehouse receiving queue backlog (par- 735 UV Defer to children N2-N7
ent)
N3 Warehouse receiving backlog (high in- 282 UV Set peak-season expectations
bound volume)
N8 Warehouse inbound dock queue backlog 6 UV Advise dock congestion if applicable
N9 No expedited receiving channel 11 UV Inform of standard processing only
N12 External carrier reducing warehouse visi- 24 1noGT Request customer-provided tracking
bility docs
N13 Receiving blocked by incomplete process- 3 noGT Manual escalation
ing

SQL: >70% accuracy on 30 ground-truth tickets; UV = unverified (<70% after 7 iters);

no GT = excluded from SQL loop due to insufficient positive examples (<10).

Table 5: DKG symptom families derived from 1,193 build-set
diagnostic chains. Frequencies count chain-to-family symp-
tom matches. 6 of 12 candidates survived the 2% frequency
threshold (bold).

# Symptom Family Freq Nodes Eval
0 Shipment stuck in receiving 988 14 n=100
1 Quantity discrepancy 536 21 n=100
2 Stuck in transit 148 20 n=65
3 Items marked unavailable 62 13 —
4 Shipment closed unexpect. 61 24 —
5 Available inventory dropped 33 14 -
6 discarded (freq < 2%) <23 — -
Total (6 families) 106

helps appreciably—symptom diversity is high, frequency priors are
flatter, and the relevant operational signals are spread across more
tables.

G AUGMENTATION DECISIONS

Table 7 shows LLM triage decisions on the top 15 gap candidates
from a fresh set of 100 chains, illustrating which novel causes were
accepted versus filtered as duplicates.

H CLUSTERING AND AUGMENTATION
THRESHOLDS

Two cosine similarity thresholds control clustering (zs = 0.85 for
symptom merging) and augmentation (z, = 0.70 for gap detection).

Table 6: Per-ticket results (receiving family, first 10 tickets,
same run as Table 2). M1, = unordered step coverage (best of
top-3). Act. = M2.

DKG+SQL RAG LLM-only
# M1, Act. M1, Act. M1, Act
1 100% v 100% v 100% v
2 100% v 67% X 67% X
3 100% v 100% 33% X
4 67% X 100% v 0% X
5 100% X 67% v 100% v
6 100% v 67% X 33% v
7 100% v 100% v 100% v
8 67% X 100% v 100%
9 33% v 33% v 50% X
10 67% v 0% X 50% v
Avg (10) 83% 70% 73% 70% 63% 60%
Avg (100) 74% 73% 60% 43% 63% 41%

We selected 75 by sweeping {0.70, ..., 0.95} on 200 labeled symptom
pairs, maximizing F1 (precision 0.92, recall 0.87; Table 8). We set
74 lower because the LLM triage step serves as a high-precision
second filter (Table 9).

Lower thresholds over-merge distinct symptoms (e.g., “stuck in
receiving” and “stuck in transit” merge at 0.75). Higher thresholds
fragment families into near-duplicates.
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Table 7: LLM triage for top 15 gap candidates (receiving fam-
ily, 100 new chains).

Gap Cause Decision Reason

Pre-scan processing delay New Distinct pre-scan step

System synchronization lag ~ New System sync # physical delay

Transfer blocks receiving New Distinct from placement routing

Warehouse queue delay Duplicate = Processing backlog

Receiving queue backlog Duplicate = Processing backlog
Delayed due to high volume Duplicate =~ Peak season demand

... 9 more duplicates filtered ...

Table 8: Sensitivity of symptom clustering threshold z;.

7s  Families Total Nodes Merged Errors

0.75 8 98 4/20
0.80 9 121 2/20
0.85 11 145 1/20
0.90 14 178 0/20
0.95 19 231 0/20

Table 9: Sensitivity of augmentation threshold 7, (receiving
family, 100 new chains).

T  Gapsto Triage New Nodes False Gaps

0.60 142 3 127/142
0.70 74 3 59/74
0.80 31 2 17/31

0.90 8 0 3/8

I HUMAN EVALUATION OF LLM JUDGE

We validated both the LLM judge and the normalization pipeline
against domain-expert judgments.

LLM judge accuracy. A domain expert reviewed 20 diagnostic
label pairs sampled from DKG+SQL and LLM-only evaluation re-
sults, judging each as “same mechanism” or “different mechanism”
The LLM-A judge achieved 80% agreement with the expert (Co-
hen’s k = 0.60, moderate agreement). Disagreements occurred on
parent-child relationships (e.g., “manual inspection” as a type of
“receiving delay”) and stage distinctions—domain-specific nuances
where the judge lacks operational context.

Normalization accuracy. Separately, the same expert reviewed
50 randomly sampled cause-level normalization mappings (raw
extracted string — canonical DKG cluster), judging each as cor-
rect, partially correct, or incorrect. The normalization achieves
92% strict accuracy (46/50 correct), substantially exceeding the
LLM judge’s 80% agreement. This gap arises because normalization
leverages embedding similarity against a fixed cluster vocabulary,
whereas the LLM judge must resolve semantic equivalence from
scratch on every comparison.

Inter-run variance. We quantified judge instability by running
the LLM-A judge three times on the same 20-ticket evaluation set;
M2 (action accuracy) varied by +2-3pp across runs. We report this
at temperature 0.3 to make the instability visible, but emphasize
that temperature 0 does not remove it: API-served LLMs are not
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bit-reproducible across runs—provider-side batching and routing in-
troduce nondeterminism—so reproducibility cannot be guaranteed
by lowering temperature alone. Evaluation against the normalized
benchmark is instead deterministic by construction (¢=0), which
is precisely why it, rather than a lower judge temperature, is the
appropriate basis for longitudinal monitoring where sub-3pp drifts
must be detected.

J ADDITIONAL EVALUATION METRICS

In addition to diagnostic accuracy (M1) and action accuracy (M2)
reported in the main text, we define two additional metrics.

M3: Ordered path accuracy. Did the agent identify the correct
diagnostic steps in the correct causal order?

I8l
1
OrderedAcc(g,d) = — » 1|sem(g;,d;) =1 4)
gl ; [sem(ge.do) =1]
where d; is the i-th element of the derived path (or L if |d| < i). M1
> M3 by construction.
M4: Root cause accuracy. Did the agent identify the correct
deepest root cause?

RootCauseAcc(g, d) = l[EI dj € d, sem(gyg),d;) = 1] (5)

K TRAVERSAL ALGORITHM

Algorithm 1 DKG-Guided Diagnostic Agent

Require: DKG G = (V, E, g, a), ticket case identifiers x, reference
date ¢
Ensure: Diagnostic narrative with matched causes and recom-
mended actions
M0
E«—0
: procedure TRAVERSE(node v)
if q(v) # L then
ry < EXECUTE(q(v), x, t)
else
rg «— L
end if
if r, = TRUE then
Me— MU {o}; E—EU{(v,1p)}
end if
for each child u s.t. (v,u) € E do v Evaluate all children
TRAVERSE(1)
end for
if r, = L and Ju € children(v) : u € M then
inference
16: Me— MU {v}
17: end if
18: end procedure
19: TRAVERSE(root(G))
200 A «— {a(v) : v € M Nleaves(V)}
21: return LLM-SYNTHESIZE(M, &, A)

> Matched nodes
> Evidence (query results)

> Node has SQL query
> Run parameterized SQL

> Non-verifiable; defer to children

R A U A

o Y
AW N = O

> Child

—
5

> Collect leaf actions
> Single LLM call
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K.1 Augmentation Convergence

Let C; denote the fraction of tickets covered after ¢ augmentation
rounds, and a; the fraction of remaining gaps captured in round
t. Each round satisfies Cry1 = Ct + (1 = C¢) - az,s0 1 — C <
]_[le(l —a;). If a; > amin > 0, coverage converges exponentially:
1-C; < (1 = ayin)?. Empirically, Co = 0.97 and & ~ 1.0 (all 3
novel causes captured in one round).

L SQL GROUNDING ALGORITHM

Algorithm 2 details the iterative SQL grounding procedure summa-
rized in Section 4.4.

Algorithm 2 Test-Driven SQL Grounding

Require: Cause taxonomy V, ticket pool D, database schema S,
accuracy threshold 6 = 0.7, max iterations K = 7
Ensure: Grounded DKG with verified SQL queries
Phase A: Ground Truth Generation
1: for each node v € V do
2: Sample M = 30 tickets (stratified: >10 TRUE examples)
3: Yi» < LLM-CrassIry(ticket;, v) for each ticket i >
TRUE/FALSE from ticket text
4: end for

Phase B: Iterative SQL Generation
s: for each node v € V do

6: R « BarcHFETCH(S, {xi}?;fl) > Single DB call; cache
locally

7: A « CoLuMNDIFF(R,y,) > Columns that discriminate
TRUE vs FALSE

8: fork=1,...,Kdo

9 qx (v) < LLM-GENSQL(0, A, {q;} j<. failuresy._;)

10: Accy ﬁ i 1qr (0)(Ri) = yiol > Evaluate on
cached data via a local SQL engine

11 if Accg > max(6,0.8) then

12: break > Verified

13: end if

14: failuresy « per-ticket results + raw data for 3 failing
cases

15: end for

16: Mark v as verified if Accx > 6, else non-verifiable

17: end for

M SQL GROUNDING RESULTS AND
VALIDATION GATES

Table 10 shows v1 taxonomy results for reference. Table 11 shows
the v2 taxonomy results used in all experiments.

M.1 Validation Gates

The DKG is validated through three successive gates:

Gate 1: Frequency validation. Every leaf node must have >5
supporting tickets. Nodes below threshold are pruned, with tickets
rolled up to the parent. For the receiving family, all 9 nodes (v1
taxonomy) passed with 24-222 supporting tickets.

Chen et al.

Table 10: SQL grounding results, vl taxonomy (receiving fam-
ily, 9 nodes, 30 ground-truth tickets per node). Max iterations
=17.

Node Cause Acc  Tters Status

ROOT  Stuck in receiving 73% 7 indirect
No Warehouse receiving backlog ~ 73% 7 indirect
N1 Peak season demand 77% 7 near-threshold
N2 Manual verification 100% 3 V'verified
N3 Dock congestion — 7 non-verifiable
N4 Multi-step placement 77% 7 near-threshold
N5 Pending transfer - —  no positive cases
N6 Compliance issues 70% 7 near-threshold

N7  Missing delivery docs - —  no positive cases

Summary 1 verified, 2 indirect, 3 near-thr., 3 non-verif.

Table 11: SQL grounding summary, v2 taxonomy (used in all
experiments). Verified = >70% boolean accuracy.

Family Nodes Verified Unverif. AccRange Tickets
0: Stuck in receiving 14 8 4 70-83% 988
1: Qty discrepancy 21 13 4 70-87% 536
2: Stuck in transit 20 14 2 70-100% 148

Total 55 35 10

Verified + Unverif. counts nodes with ground truth;

remaining 10 excluded (insufficient positive examples).

Gate 2: SQL verifiability. Each node must achieve >70% boolean
accuracy on a test-driven SQL loop.

V1 taxonomy results (reported in Table 10): The receiving family
had 9 nodes with 252 ground-truth tickets (30 per node). Results:
1/9 verified at >80%, 2 indirect (73%), 3 near-threshold (70-77%), 3
non-verifiable.

V2 taxonomy results (used in all experiments in Section 5): After
cause re-clustering, the receiving family has 14 nodes with 8/12
verified (>70%), the quantity-discrepancy family has 21 nodes with
13/17 verified, and the transit family has 20 nodes with 14/16 ver-
ified. The v2 taxonomy achieves higher verification rates due to
improved cause clustering that produces more SQL-distinguishable
nodes.

Gate 3: End-to-end coverage. The DKG+SQL agent achieves
74% diagnostic accuracy and 73% action accuracy on 100 held-out
tickets (receiving family).

M.2 Error Analysis

Action accuracy (73%) substantially exceeds ordered diagnostic
accuracy (55%) because correct actions often require only partial
depth. The tree’s frequency priors guide the agent to the correct
branch in most cases, and the correct branch determines the action
even without reaching the deepest cause. For example:

Gold trace (4 levels): stuck in receiving — warehouse back-

log — high inbound volume — sequential sorting/weighing

required

Derived path (2 levels): stuck in receiving — warehouse back-

log
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Action: “advise customer to wait for warehouse processing” cases (n=100) have high coverage but wrong action: the agent iden-
— correct tifies most steps but misidentifies the sub-cause, leading to a wrong
The deeper gold levels explain why the warehouse is backlogged recommendation. Action accuracy depends on identifying the

but do not change the resolution. Conversely, 4 of the 27 failure correct branch, not the correct depth.
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