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Abstract

Complex itemized bills from services such as cloud computing,

healthcare, or telecommunications can be difficult to understand

because the pricing terms that determine what a customer pays are

straightforward, but the eligibility rules that determine whether a
given line item, a single charge for a product and quantity, qualifies

for a given price are scattered across user guides, service terms,

and fine print. No single document describes them all, and without

them, it is difficult to explain why a specific charge appears on a

bill.

We present a neuro-symbolic tool that learns these eligibility

rules automatically from billing data and documentation. Pricing

terms are evaluated against line items to produce labelled data

indicating whether each pricing term was eligible for a given line

item. An LLM agent then uses this labelled data, a knowledge base

of public documentation, and a small set of rule-evaluation tools

to generate rules that are accurate: no rule incorrectly labels a line

item as ineligible for a pricing term, and explainable: every rule is

backed by a passage from the knowledge base.

We showcase the tool on the AWS billing system, evaluating

millions of line items across hundreds of internal accounts. The

tool learns a small set of rules that, together with the pricing terms,

explain the majority of observed discrepancies, and we measure

documentation coverage, how rules generalize across sample sizes,

and the impact of ML pre-seeding on discovery cost.

CCS Concepts

• Software and its engineering→ Software testing and debug-

ging.
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1 Introduction

Itemized bills from services such as cloud computing, healthcare, or

telecommunications contain line items: each maps a product and a

quantity to a price and an amount, recording what was consumed

and what was charged. For enterprise clients, such bills can con-

tain billions of line items. The pricing terms that determine what
a customer pays are explicit and well-defined. But the eligibility
rules that determine whether a particular line item qualifies for a

given price are not. Precedence rules between overlapping discount

programmes, service exclusions, commitment exhaustion, and pre-

cision thresholds are scattered across user guides, contractual fine

print, implementation details, and many other factors can affect if a

line item is eligible for a pricing term. A customer or support agent

who wants to understand a bill must assemble these fragments from

multiple sources to explain why certain pricing terms apply.

Approach. We present a tool that closes this explainability gap

by evaluating pricing terms against line item data and then learning

the eligibility rules that explain why certain line items are eligible

or ineligible for a given pricing term. The tool runs in two stages.

The first, deterministic stage takes line items and pricing terms

as input and produces a dynamic traces file: one row per eligible

(line item, pricing term) pair, labelled either pass (the line item is

eligible for the pricing term, and the price or discount matches) or

discrepancy (the line item is eligible but price or discount doesn’t

match). We further extend the dynamic traces with some computed

fields, such as the total discount, to simplify expressing and learning

rules. Dynamic trace rows are the object of study for the second

stage.

The second stage is an agentic learner: an LLM equipped with

a small set of tools that can evaluate candidate rules against the

https://doi.org/XXXXXXX.XXXXXXX
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dynamic traces, sample rows, query a documentation corpus, and

retrieve passages that justify a rule. The learner iteratively proposes,

refines, and grounds these eligibility rules, which are conditions

over the fields of dynamic traces, that suppress discrepancies that

would otherwise be reported. Each rule must be accurate (match

zero pass rows) on the training data set and, wherever possible,

grounded in a documentation passage that explains why the billing

system behaves the way it does. A machine-learning-based pre-

seeder can warm-start the agent with candidate predicates, but the

agent handles the rest.

Grounding is what distinguishes meaningful eligibility condi-

tions from rules that are merely accurate over the observed trace: a

pure-ML learner would happily propose “if no discount was applied
to this line item, suppress the discrepancy”. This rule is trivially valid,
but vacuous as an explanation of billing and dangerous if deployed.

Rejecting such rules requires consulting documentation, which is

why the learner is an agent and not a classifier. The output is a rule

set that, together with the pricing terms, explains the billing data

with zero false positives relative to the observed passes.

Applications. The learned rules enable three capabilities:

• Bill explanation. Every line item can be traced to a pricing

term, an eligibility condition, and a documentation citation.

• Documentation monitoring. Ungrounded rules are documen-

tation gaps; rules whose grounding passage has changed

signal drift.

• Regression testing. Line items unexplained by any known

rule surface billing-system changes for investigation.

Industrial showcase. We demonstrate the tool on the AWS billing

system, evaluating millions of line items across hundreds of inter-

nal accounts. The tool learns a small set of eligibility rules that

explain the majority of discrepancies with zero false positives. We

measure documentation coverage, evaluate how rules generalize

across sample sizes, and report cost-reduction strategies.

Contributions.

(1) We formalize the eligibility gap and characterize the eligibil-

ity conditions that arise in a production billing system (§2).

(2) We present a neuro-symbolic agent that learns eligibility

rules from billing data, validates their accuracy against ob-

served passes, and grounds them in documentation (§3–§4).

(3) We report our experience of explaining line items of internal

AWS accounts, including documentation coverage, general-

ization across sample sizes, and engineering lessons (§5).

2 End-to-End Example

We walk through the complete process of evaluating pricing terms

against line items, learning eligibility rules that explain discrepan-

cies, and grounding these rules in documentation using a publicly

documented pricing scenario from AWS.
1

Two discount pricing terms. Amazon EC2 charges for compute

resources on a pay-per-use basis at published On-Demand rates.
Customers who commit to sustained usage can subscribe to pricing

1
Adapted from Scenario 4 at https://docs.aws.amazon.com/savingsplans/latest/

userguide/sp-applying.html. Rates are illustrative.

terms that reduce these rates. We explain the two relevant to our

example.

Reserved Instances (RI). AReserved Instance is a one or three-year

commitment to a specific virtual machine configuration (instance

type, operating system, and region). In exchange, the customer

receives a discounted rate for that configuration compared to On-

Demand pricing. An RI is not a physical machine; it is a billing

discount that automatically applies to any running instance that

matches the reserved attributes.

Savings Plans (SP). A Savings Plan is a one or three-year com-

mitment to spend a fixed dollar amount per hour on compute usage

(e.g., $18.20/hour). Unlike RIs, Savings Plans apply across instance

types, regions, and even across services (virtual machines, contain-

ers, serverless functions). The billing system applies the Savings

Plan rate to eligible usage, starting with the usage that yields the

highest savings percentage, until the hourly commitment is ex-

hausted. Remaining usage is charged at On-Demand rates.

We express these pricing term as a combination of an expected

rate or discount, and the set of conditions under which they apply to

a line item, such as date range, product (here EC2), and, if necessary

accumulated usage. For our example customer:

• RI term: “r5.4xlarge Linux in us-east-1 at $0.60/hr” (On-

Demand rate: $1.00/hr). This term applies to at most two

instances (the customer purchased two RIs).

• SP term: “Compute Savings Plan, $18.20/hour commitment,

SP rate $0.70/hr for r5.4xlarge.” This term applies to any SP-

eligible compute usage until the commitment is exhausted.

Each pricing term has a product condition, an expectation, and

optionally a volume condition that limits how much usage the term

can cover:

• RI term: if the SKU matches the reserved configuration, ex-

pect a discount child with rate = $0.60. Volume condition:

at most 2 instance-hours per clock-hour (the customer pur-

chased two RIs).

• SP term: if the SKU is SP-eligible compute, expect a dis-

count child with rate = $0.70. Volume condition: cumulative

SP-discounted spend ≤ $18.20 per hour (the commitment

amount).

Volume conditions are evaluated after all line items are pro-

cessed: the evaluator accumulates usage across line items and

checks whether the capacity was exceeded. A discrepancy on a

line item whose pricing term’s volume condition is exhausted can

be ignored because the term simply ran out of capacity.

Line Items. In a given hour, the customer runs four r5.4xlarge
instances. The billing system applies discounts in order: RIs first,

then Savings Plans. Each usage charge produces a parent line item
at the On-Demand rate. When a discount applies, the billing system

creates a child line item linked to the parent. The parent records

the product, quantity, and On-Demand rate; the child records the

discount rate (or discount percentage) and a negative charge that

offsets the parent’s charge so that the net billed amount reflects the

discounted rate.

To check if a pricing applies to a parent line item, we first check

if the product condition matches that of the parent line item (and

the date condition if we have one). Then, we check if there is a

https://docs.aws.amazon.com/savingsplans/latest/userguide/sp-applying.html
https://docs.aws.amazon.com/savingsplans/latest/userguide/sp-applying.html
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Table 1: Four parent line items (On-Demand rate $1.00/hr)

and their discount children, evaluated against the SP pric-

ing term. Instances #1 and #2 are covered by the RI; in-

stance #3 is covered by the SP; instance #4 exceeds the SP

commitment. A child records its own rate and a negative

charge (−$(on-demand − child rate)) that offsets the parent’s
on-demand charge.

Parent Child Rate Charge vs. RI vs. SP

#1 RI_DISCOUNT $0.60 −$0.40 Pass Discrepancy

#2 RI_DISCOUNT $0.60 −$0.40 Pass Discrepancy

#3 SP_DISCOUNT $0.70 −$0.30 Disc. Pass

#4 (none) — — Disc. Discrepancy

child line item that matches the rate or discount of our pricing term.

We mark the line item as a pass if there is a match, otherwise, we

mark it as a discrepancy. If the parent line item has any child that

cannot be explained with our pricing terms, we also mark that as a

discrepancy.
Table 1 shows this evaluation. The SP term’s product condi-

tion matches all four parent line items; they are all SP-eligible

r5.4xlarge instances. The SP term expects each parent to carry

a discount child of type SP_DISCOUNT whose rate equals $0.70.

Only instance #3’s child satisfies this expectation; its $0.30 neg-

ative charge reduces the net hourly cost to the SP rate. The other

three are discrepancies: instances #1 and #2 carry an RI_DISCOUNT
child with a different rate and offset, and instance #4 carries no

discount child at all, so the parent is billed at the full On-Demand

rate.

All three discrepancies reflect correct billing:
• Instances #1 and #2 received the RI rate instead, because RIs

take precedence over Savings Plans.

• Instance #4 was charged at On-Demand because the SP’s

hourly commitment was already exhausted by instance #3

and other workloads (Fargate, Lambda) in the same hour.

But the SP pricing term does not mention RI precedence. From

the term’s perspective, instances #1 and #2 are unexplained. In-

stance #4, however, is handled by the term’s volume condition:

after aggregating all SP-discounted usage in the hour, the evalu-

ator determines that the $18.20 commitment was exhausted, and

automatically relabels the discrepancy as a pass—no learned rule is

needed.

From Discrepancies to Grounded Rules. After the volume condi-

tion step relabels instance #4, two discrepancies remain: instances

#1 and #2. They are the input to the learning stage. The evaluator

has written a labelled dynamic traces𝑇 containing all values of line

item and pricing term in a flat row; the two remaining discrepan-

cies sit next to their matched SP pricing term, while the pass on

instance #3 and all the other rows the evaluator produced are also

present in 𝑇 .

An agentic learner then operates on 𝑇 . Equipped with tools

that evaluate candidate rules against 𝑇 , sample rows, query a doc-

umentation corpus, and retrieve passages that support a rule, it

proceeds roughly as follows. It first notices that both remaining

discrepancies share a distinctive feature: both have a child of type

RI_DISCOUNT. This feature does not appear on the pass row for

instance #3. It proposes the candidate rule “if a line item has a child
of type RI_DISCOUNT, suppress the SP pricing term’s discrepancy”,
validates it by checking that no pass row in 𝑇 matches, and queries

the Savings Plans User Guide for a passage that justifies it. The

guide states “Savings Plans apply to your usage after the Amazon EC2
Reserved Instances (RI) are applied”2, which directly supports the

rule. The agent commits the rule, now both accurate (zero matching

passes) and grounded (cited passage). Had no passage supported

it, the rule would still be returned but flagged as an unexplained

documentation gap.

Rule ri-precedence-over-sp (the contribution)

𝜑 = child.RI_DISCOUNT.exists = true

∧ term.discountProgram = SavingsPlan

Action: suppress discrepancy. Grounded in: AWS SP User

Guide—“Savings Plans apply after Reserved Instances are ap-
plied.”

Such a rule is not stated in any single pricing term: it is learned
from labelled evaluation data, validated against observed passes,

and grounded in public documentation. Producing these rules end-

to-end is the contribution of this paper.

We discuss later how our agentic learner can be pre-warmed
with candidate rules using traditional machine learning techniques

to reduce the cost and time of rule discovery, however, we still need

the agentic loop for grounding rules in documentation to weed out

overfitted candidates.

With this rule and the earlier volume-condition step, every line

item in the example is explained: instance #3 passes directly; in-

stances #1 and #2 are explained by RI precedence, with a citation;

instance #4 is relabelled a pass because the SP commitment was

exhausted. The following sections formalize each step: §3 defines

pricing terms, line items, and the trace file 𝑇 , and §4 describes the

agentic learner in detail.

3 Pricing Terms, Line Items, and Rules

This section defines line items and pricing terms, formalizes how

we evaluate pricing terms against line items, what a discrepancy is,

and how the labelled trace file produced by the evaluation drives

rule learning. A short rule grammar at the end of the section is the

target language of the learner in §4.

Line Items and Child Modifiers. A line item is a single billing

record. We follow the FOCUS [15] schema, an open standard for

cloud cost and usage data, but the approach works with any tabular

format. Each line item has 40+ fields; the top half of Figure 1 shows

the subset relevant to this paper.

A billing event is represented as one parent line item together

with zero or more child modifiers linked to it. The parent records

the base charge (at the public rate). Each child records a modifier:

a percentage discount (e.g. a 5% cross-service discount) or a rate
override (e.g. a Savings Plan or Reserved Instance benefit). The

child’s typeCode identifies the modifier class (e.g. RI_DISCOUNT,

2
https://docs.aws.amazon.com/savingsplans/latest/userguide/sp-applying.html
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type product sku rate usage amount . . .

Usage EC2 HQR7. . . 1.00 24 24.00 . . .

RI EC2 HQR7. . . — — −9.60 . . .

DI EC2 HQR7. . . — — −0.72 . . .

label li.product li.amount t.type t.value c.RI c.DI . . .

✓ EC2 24.00 Disc 5.0 ✓ ✓ . . .

✗ EC2 24.00 Rate 0.70 ✓ ✓ . . .

Figure 1: Top: a billing line item (parent) with two child mod-

ifiers (Reserved Instance benefit and a percentage discount),

shown with a subset of columns. Bottom: two dynamic trace

rows derived from the same line item paired with two differ-

ent pricing terms. The first term (a 5% discount) passes; the

second (a Savings Plan rate of $0.70) is a discrepancy because

the RI was applied instead. Prefixes: li = line item, t = pricing
term, c = child summary.

SP_DISCOUNT); its amountBeforeTax is the signed adjustment. A

parent may have multiple children when several modifiers stack.

Pricing Terms. A pricing term prescribes how usage of a given

set of products should be charged. It consists of a product con-
dition (which SKUs the term covers), an optional date condition,
an optional volume condition (bounding cumulative usage), and

an expectation. Conditions are first-order Boolean formulas over

line-item fields. Expectations take one of two forms:

• Rate(𝑟 ): the net rate after discount equals 𝑟 ;

• Discount(𝑑): a child reflects a 𝑑% reduction.

Tiered terms additionally keep links to their neighbouring tiers.

For our showcase, pricing terms can be extracted directly using the

AWS Pricing client; other cloud providers expose similar APIs that

return pricing terms in machine-readable form.

We say a pricing term matches a line item if its product and

date conditions are satisfied by the line item’s product and date

(volume conditions are evaluated post-hoc, see below).When a term

matches and a child of the line item satisfies the term’s expectation,

the pair is a pass and the line item’s usage is accumulated toward

the term’s volume condition. When the term matches but no child

satisfies its expectation, or when a child exists that no matching

term explains, the pair is a discrepancy. Every (line item, pricing

term) observation is recorded as a dynamic trace: a flat key-value

record containing the line-item fields, the pricing-term fields, and a

handful of computed fields that the learning stage can reuse without

rederiving them.

Dynamic traces. A dynamic trace is the flat key-value record

written for a single (line item, pricing term) observation, together

with some pre-computed fields, such as the final amount of a line

item after applying all its children, that simplify downstream rule

learning. The format is borrowed from the Daikon invariant detec-

tor [14]; although our approach does not require Daikon, the format

is convenient. The bottom half of Figure 1 shows two example rows.

Fields span four namespaces:

• lineItem.*: raw fields from the billing record (product code,

SKU, rate, usage type, amount);

Rule: ri-discount-precedence-over-sp

child.RI_DISCOUNT.exists = true ∧ term.discountProgram =

SavingsPlan
“Savings Plans apply after Reserved Instances are applied.”3

Figure 2: The eligibility rule from the motivating example

(§2), expressed in the rule grammar. The rule suppresses

discrepancies of the SP pricing termon line items that already

received an RI discount. The quoted documentation grounds

the rule.

• term.*: the matched pricing term’s expectation type, value,

and discount-programme classification;

• computed.*: derived values such as netAmount (parent amount

plus all children) and expectedDiscountAmount;
• child.T.*: per-type summaries for each childmodifier type𝑇

(exists, count, discount factor, amount).

The evaluator also records sibling context: how many other pricing

terms passed or showed a discrepancy on the same line item, and

whether any satisfied term’s discount exceeds the current term’s

expectation. This context enables rules that reason about interac-

tions between pricing terms (e.g. “a larger discount was applied by

a higher-priority term”).

This flat structure is a deliberate design choice: precomputing

values like the total discount, or Boolean fields recording the exis-

tence of a given child type, lets the learning stage express rules over

simple predicates rather than having to rederive this information

from scratch inside each rule.

All dynamic traces are written to a single labelled file, with a

label column distinguishing passes from discrepancies. This file

is the labelled data consumed by the learning stage (§4).

Eligibility Rules. An eligibility rule is a named condition over

dynamic trace fields. Rules are first-order conditions over expres-

sions, using the same grammar as pricing-term conditions: atoms,

set membership, Boolean connectives, and arithmetic:

𝜑 ::= 𝑓 = 𝑣 | 𝑓 ∈ 𝑉 | 𝑒1 ⊲⊳ 𝑒2 | 𝜑 ∧ 𝜑 | 𝜑 ∨ 𝜑 | ¬𝜑

where 𝑓 is a field name, 𝑣 a constant,𝑉 a set, ⊲⊳ ∈ {<, ≤, >, ≥,=,≠},
and 𝑒 is a numeric expression over field values, constants, and

arithmetic operators (+, −, ×, /, | · |).
Figure 2 shows the rule from the motivating example. Other rules

can contain linear inequalities; for instance, the precision-threshold
rule suppresses discrepancies when the expected discount amount

falls below the billing system’s rounding precision:

term.expectation.type = Discount

∧ |computed.expectedDiscountAmount| < 10
−10

A rule is accurate with respect to a trace file 𝑇 if it matches zero

pass rows in 𝑇 , i.e. it never suppresses a pricing term that correctly

matches a child line item. Our tool drops inaccurate rules, because

retaining them would lead to incorrect explanations for why a

pricing term did or did not apply to a line item.

3
https://docs.aws.amazon.com/savingsplans/latest/userguide/sp-applying.html
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Algorithm 1 Evaluate: pricing terms against line items.

Require: Line items 𝐿, pricing terms𝑂

Ensure: Labelled dynamic trace file𝑇 (one row per (line item, pricing term)

observation; each row has a label column in {pass, discrepancy})

1: 𝑇 ← ∅
2: for each ℓ ∈ 𝐿 do

3: 𝑀 ← {𝑜 ∈ 𝑂 | prod (𝑜 ) (ℓ ) ∧ date (𝑜 ) (ℓ ) }
4: 𝑆 ← ∅; 𝐸 ← ∅ ⊲ satisfied terms; claimed children

5: for each 𝑜 ∈ 𝑀 do ⊲ match: at most one child per term

6: for each 𝑐 ∈ children(ℓ ) ∪ {ℓ } with 𝑐 ∉ 𝐸 do

7: if exp (𝑜 ) is satisfied by 𝑐 then

8: 𝑆 += {𝑜 } ∪ tierGroup (𝑜 ) ; 𝐸 += {𝑐 }
9: accumulate ℓ’s usage toward vol (𝑜 )
10: break

11: end if

12: end for

13: end for

14: for each 𝑜 ∈ 𝑀 without an unsatisfied predecessor do ⊲ emit:
pricing-term rows

15: 𝑇 += {Dtrace(ℓ, 𝑜, 𝑆,𝑀 ) with label (𝑜 ∈ 𝑆 ? pass :

discrepancy) }
16: end for

17: for each 𝑐 ∈ children(ℓ ) \ 𝐸 with an expectation do ⊲ emit:
unexplained-child rows

18: 𝑇 += {Dtrace(ℓ,⊥, 𝑆,𝑀 ) with 𝑐 and label discrepancy}
19: end for

20: end for

21: Post-processing: for every pricing term 𝑜 with a volume condition

whose accumulated usage exceeds vol (𝑜 ) , relabel all discrepancy rows

for 𝑜 in𝑇 as pass
22: return𝑇

3.1 Evaluation Algorithm

Algorithm 1 takes line items 𝐿 and pricing terms 𝑂 and returns

a single labelled dynamic trace file 𝑇 : each row is one (line item,

pricing term) observation, and the label column marks it as a pass
or a discrepancy. The algorithm proceeds in three steps per line item.

The first step walks the matching pricing terms and greedily pairs

each with at most one child that satisfies its expectation; a match

marks the term satisfied and propagates to the entire tier group, and

the child is claimed so that stacked modifiers are attributed one-to-

one. The second step emits a row for every matching pricing term

whose predecessor (if any) was already satisfied. Satisfied terms

become pass rows, unsatisfied terms become discrepancy rows. The

third step emits a discrepancy row for any child that was never

claimed but carries its own expectation, covering the case “a child

that cannot be explained by a pricing term”. Finally, post-processing

relabels discrepancies whose pricing term’s volume condition was

exhausted: these reflect legitimate out-of-capacity usage and must

not appear as discrepancies, nor as negative training data for rule

learning.

3.2 Applying Eligibility Rules

Algorithm 2 takes the dynamic trace file from Algorithm 1 and

an eligibility rule set 𝑅, and computes per-rule statistics 𝜎 (𝑟 ) to-
gether with the discrepancies left unexplained. For each rule 𝑟 , the

algorithm counts the pass rows and discrepancy rows it matches:

Algorithm 2 ApplyRules: eligibility rules against a dynamic trace

file.

Require: Dynamic trace file𝑇 , eligibility rules 𝑅

Ensure: Per-rule stats 𝜎 : 𝑅 → N2
giving

(matched discrepancies, matched passes) , and the set of reported

discrepancies 𝐷★

1: 𝜎 (𝑟 ) ← (0, 0) for all 𝑟 ∈ 𝑅
2: 𝐷★ ← ∅
3: for each row 𝜏 ∈ 𝑇 do

4: match← {𝑟 ∈ 𝑅 | 𝜑𝑟 (𝜏 ) }
5: for 𝑟 ∈ match do

6: if 𝜏 .label = discrepancy then 𝜎 (𝑟 ) .discrepancy += 1

7: else 𝜎 (𝑟 ) .pass += 1

8: end if

9: end for

10: if 𝜏 .label = discrepancy ∧match = ∅ then 𝐷★ += {𝜏 }
11: end if

12: end for

13: return (𝜎,𝐷★)

Algorithm 3 LearnRules: driver for agentic rule discovery.

Require: Dynamic trace file 𝑇 , documentation corpus D, round budget

𝐾 , optional pre-seed learner L
Ensure: Eligibility rule set 𝑅 (accurate w.r.t.𝑇 , each rule grounded in D

when possible)

1: 𝑅 ← L(𝑇 ) if L is provided, else ∅ ⊲ optional ML pre-seeding

2: for 𝑘 ← 1 to 𝐾 do

3: 𝑅′ ← Agent(𝑇, 𝑅,D) ⊲ Figure 3

4: if 𝑅′ = 𝑅 then break

5: end if ⊲ fixed point

6: 𝑅 ← 𝑅′

7: end for

8: return {𝑟 ∈ 𝑅 | 𝑟 is accurate w.r.t.𝑇 }

𝑟 is accurate with respect to 𝑇 iff 𝜎 (𝑟 ).pass = 0, and its coverage on
𝑇 is 𝜎 (𝑟 ) .discrepancy. A discrepancy is reported in 𝐷★

only if no

rule explains it; any caller that wants to treat inaccurate rules as

“not suppressing” can simply filter 𝑅 before calling Algorithm 2.

The two algorithms share no state: Algorithm 1 is the expensive

scan of billing data (once per billing period, cached as 𝑇 ), whereas

Algorithm 2 is a cheap filter that can be re-run many times as the

rule set evolves.

4 Agentic Learning of Eligibility Rules

Given the labelled dynamic trace file 𝑇 produced by Algorithm 1,

the goal is to find a set of rules 𝑅 such that every 𝑟 ∈ 𝑅 is accurate

with respect to 𝑇 (matches zero pass rows) and the combined rule

set maximizes coverage of the discrepancy rows. We cast this as an

agentic task: an LLM with a small set of tools iteratively proposes,

validates, and grounds rules until no further progress is possible.

Algorithm 3 is the outer driver; Figure 3 shows what happens inside

a single invocation of the agent.

Rule grammar. A rule 𝜑 is a first-order logic formula over the

dynamic trace field names, as described in the previous section. To

ensure the agent can quickly validate, evaluate, and share generated
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Inside Agent(𝑇 , 𝑅, D)

Tools exposed to the LLM:
• apply_rules(𝑅′) ↦→ (𝜎,𝐷★) (Algorithm 2)

• profile(field) data summaries, error-only values

• sample(filter) ↦→ rows of𝑇

• lookup(query) retrieve from D
• ground(𝑟 ) ↦→ passages in D supporting 𝑟

Typical trajectory (abbreviated; ReAct-style [32]):

thought Which discrepancies are still unexplained?
act apply_rules(𝑅)
obs 𝐷★ = 412 rows; two clusters visible.
thought Cluster 1 always has a child RI_DISCOUNT.
act sample({child.RI_DISCOUNT.exists, label=discrepancy})
obs 87 rows; SP pricing term on every one.
thought Propose 𝑟: suppress SP pricing term when RI child
exists.
act apply_rules(𝑅 ∪ {𝑟 })
obs 𝜎 (𝑟 ) = (87, 0) — accurate, covers 87 discrepancies.
thought Is 𝑟 grounded?
act ground(𝑟)
obs “Savings Plans apply after Reserved Instances.”
thought 𝑟 is accurate and grounded. Commit and continue.

.

.

. (repeat for other clusters)
return 𝑅 ∪ {𝑟, . . .}, each rule annotated with its grounding

Figure 3: One invocation of Agent from Algorithm 3. The

agent is a Kiro instance with tool access; it is prompted to

extend or refine 𝑅, and may revise or discard any rule using

apply_rules to re-score after each edit. Rules that cannot be

grounded in D are flagged as documentation gaps but still

returned. The agent terminates the round when it reports no

further progress.

rules, and obtain fast feedback about syntax errors, we use a shared

schema file, and lightweight tools to parse and test generated rules.

Accuracy and coverage are exactly as returned by Algorithm 2.

Pre-seeding with ML learners. The optional pre-learner L in Al-

gorithm 3 supplies candidate predicates without any LLM calls. We

run two decision tree learners on 𝑇 : a CART tree [10] using Gini

impurity, and a hybrid tree we call binC4.5 [10, 26] using C4.5-style

gain ratio with error-based pruning and CART-style binary parti-

tioning of categorical values. Both use iterative peeling: fit a tree,

extract root-to-leaf paths that predict discrepancy with precision

≥ 0.9, remove the covered discrepancies, and repeat. The binary

partitioning produces set-membership conditions directly. Features

with more than 20 distinct values are excluded before tree construc-

tion to bound the cost of evaluating binary partitions of the values.

The candidates are accurate by construction (checked against the

pass rows of 𝑇 ) but ungrounded; the agent decides which to keep,

rewrite, or discard based on documentation evidence.

On our data, binC4.5 consistently produces simpler candidates

than CART. The feature space is dominated by low-cardinality

categorical attributes, where gain ratio—designed to penalize high-

cardinality splits [26]—selects more informative first splits than

Gini impurity. Across 11 batches, binC4.5 found depth-1 rules in

6 where CART required depth-2 or depth-3 conjunctions for the

same coverage and precision. Simpler candidates are easier for the

agent to ground: a single set-membership condition maps to one

documentation question, whereas a conjunction generates several.

We run both learners and let the agent select from the union. A

promising future direction is replacing greedy induction with opti-

mal classification trees [1, 9], which formulate tree construction as

a mixed-integer program and could be adapted to directly maximize

coverage subject to a zero-false-positive constraint.

Tool back-ends. profile returns categorical distributions and

numeric summaries per field, plus an errorOnlyValues section

listing values that appear only on discrepancy rows which serve

as candidates for rule atoms. lookup and ground are backed by a

pre-built summary of the user-provided reference resources (docu-

mentation pages, wiki articles, user guides, contracts): each resource

is chunked into passages and indexed in a vector store. Generating

the summary once, in an independent LLM invocation, reduced

per-round agent cost by 76% and wall-clock time by 81% relative to

letting the agent read raw resources.

Rule-to-question decomposition for grounding. Embedding a for-

mal rule condition directly as a retrieval query performs poorly:

predicate vocabulary (field names, operators, thresholds) differs

from documentation vocabulary (natural language, business con-

cepts). ground therefore first asks the LLM to produce the natural-

language questions that a resource would have to answer in order

to justify the rule. For example, a rule suppressing an SP discrep-

ancy when an RI child exists generates “Which discount type is
applied first when both RI and SP are available?” Each question is

retrieved independently; a second pass checks whether the union

of retrieved passages answers all of them. A rule is grounded if

every question is answered by at least one passage, ungrounded
otherwise. The generated questions are kept with the rule: they tell

the documentation owner exactly what the resource should say.

To avoid rule duplication, we use an internal partial order over

rules: 𝑟1 ⊏ 𝑟2 when 𝑟1’s discrepancies are a strict subset of 𝑟2’s. This

lets the agent skip narrower rules once a broader one is grounded,

which cuts tool-call counts without changing the returned rule set.

Why an agent, rather than a classifier over𝑇 ? Accuracy over𝑇 is

a strictly weaker property than “describes an eligibility condition”.

Because every pass row in𝑇 has, by construction, a matching child,

any rule whose condition fires only on line items without such

a child is automatically accurate. The extreme case being “if the
line item has no children, suppress the discrepancy” would satisfy

apply_rules with zero false positives and suppress most of the

discrepancy rows in 𝑇 , but it describes no billing mechanism and

would silently hide every future regression in which a discount

was dropped. Rules keyed on a specific account_id set, or on an

arbitrary identifier that happens to cluster with the discrepancies,

are lower-contrast versions of the same failure: accurate on the

training data and vacuous about billing.

A classifier has no principled mechanism to reject these rules; it

only sees labels. The agent does: for any candidate it decomposes the

rule into the natural-language questions a documentation passage

would have to answer in order to justify it (§4), and rejects the

rule when no passage answers them. The criterion is semantic,

and it maps directly to what the user actually wants: rules that

describe the eligibility conditions the billing system is supposed

to implement. Our ML configuration indeed proposes exactly this
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kind of overfitted rule (an accurate but account-specific pattern,

discussed in §5.3); grounding is how we catch it.

Output of the tool. A rule that is still inaccurate when Algo-

rithm 3 returns is dropped from the output; apply_rules makes

this check cheap. A rule that is accurate but ungrounded is returned

and flagged for human review: either the documentation is incom-

plete (an eligibility condition that is not described in any provided

resource) or the billing system is behaving unexpectedly, and the

rule is classifying the anomaly. Because accuracy is defined relative

to the observed 𝑇 , the agent is re-run on an updated 𝑇 whenever

the corpus changes; this either confirms the existing rules or flags

the ones that need refinement.

5 Evaluation

This section evaluates the tool on AWS billing data of internal ac-

counts as an industrial showcase, i.e, how the approach behaves

inside our organization, not a controlled experiment for general-

ization. We answer four questions: RQ1 (Effectiveness): can the

tool learn a set of eligibility rules that explains the observed dis-

crepancies? RQ2 (Grounding): what fraction of learned rules can

be grounded in documentation, and what do the ungrounded ones

indicate? RQ3 (Size generalization): do rules learned on a small

sample continue to hold on larger slices of the corpus? RQ4 (Seed-

ing): does ML pre-seeding reduce discovery cost without sacrificing

rule quality?

5.1 Setup

The corpus is a 2026-04 snapshot of 1,695,467 discrepancies and

5,402,991 verified passes produced by running Algorithm 1 on the

line items and pricing terms of 100 internal service accounts that are

eligible for various discount pricing terms (no customer data). We

stratified-sample three sizes: 10k, 50k, and 200k line items, balanced

across the four discrepancy strata (the different types of pricing

terms), targeting a 1:1 discrepancy-to-pass ratio (e.g. 4999 errors

and 4999 passes at 𝑁=10k).

For each size we run two configurations of Algorithm 3. Cold:
L = ∅; the agent starts from the labelled sample and the documen-

tation corpus.Warm: L is a pair of ML learners, whose candidate

predicates are filtered for accuracy and handed to the agent as a head

start. Both configurations share the same agent (Claude Opus 4 via

Kiro CLI 2.0), the same prompt structure (hard constraints, ground-

ing guidance, stopping criterion), the same accuracy check, and

the same documentation corpus (11 internal wiki pages, 7 public

AWS docs). The only difference is whether the agent starts with ML

candidates or an empty rule set. Every (config, size) combination

is repeated 3 times with different seeds. A post-processing step

removes subsumed rules (rules whose error set is a strict subset of

another rule’s).

RQ1, RQ2, and RQ3 are answered from the cold configuration.

RQ4 (§5.5) introduces the warm configuration.

Discount programmes. The accounts in our corpus are enrolled

in several overlapping discount programmes. Percentage discounts:
cross-service (CSD) or service-specific (SSD) grant a fixed percent-

age reduction in exchange for a spending commitment or upfront

payment [5, 6]. Private Rate Cards (PRC) are negotiated per-SKU

Table 2: Cold-start results per 𝑁 across 3 runs. “Rules”: ac-

curate, non-subsumed rules returned. “Coverage”: percent-

age of discrepancy rows suppressed by at least one rule.

“Grounded”: rules with a supporting documentation passage.

“Credits”: LLM credits per run. “Time”: wall-clock seconds.

𝑁 Rules Coverage Grounded Credits Time (s)

10k 7–8 98.0–99.9% 5–7 11.3–16.2 822–1,089

50k 6–11 99.8–99.9% 6–9 13.9–19.0 1,173–1,964

200k 8–9 97.8–99.8% 6–8 16.0–16.7 3,640–4,176

rates that replace the public rate entirely, as offered through mar-

ketplace custom pricing [4]. A single line item can be eligible for

multiple programmes; the billing system applies them in a prece-

dence order that is not fully described in any single document. The

eligibility rules the tool discovers express which programme took

precedence and why.

5.2 RQ1: Effectiveness and Non-Redundancy

Table 2 summarizes the nine cold runs. Every proposed rule is

accurate. Zero pass-row matches under re-validation, and non-

subsumed after the deduplication step. A single run returns 6 to 11

rules and suppresses 97.8–99.9% of the sample’s discrepancies; the

average across the nine runs is 99.4%. LLM spend stays within a

narrow band (11.3–16.2–16.0–16.7 credits) and is essentially flat in

sample size: the agent issues roughly the same number of propose/-

validate/ground rounds at 200k as at 10k. Wall-clock time grows

with 𝑁 because the agent spends most of each round reading and

profiling the labelled data.

Non-redundancy. For each run we classify every ordered pair

of rules by how their matched-discrepancy sets relate: disjoint (no
shared rows), subsumed (one is a strict subset of the other), or

overlapping (shared rows, neither contains the other). Across the

267 pairs in the nine cold runs, 260 (97%) are disjoint and 7 (3%)

overlap without containment. Zero pairs are subsumed. The post-

processing step already removed them. The agent finds distinct

eligibility conditions with high reliability.

5.3 RQ2: Grounding in Documentation

Table 3 lists all 15 rule categories with subsumption relationships.

To construct this table we evaluated every rule from all nine cold

runs against a shared anchor sample (200k, seed #1) and clustered by

Jaccard similarity ≥ 0.8 on matched-discrepancy sets. Subsumption

is a cross-run property: within any single run, the deduplication step
already removed subsumed rules (Table 2 reports the post-dedup

count). But when rules from different runs are evaluated on the

same anchor, a broad rule discovered in one run can subsume a

narrower rule discovered in another, the agent expresses the same

eligibility gap at different levels of generality depending on the

sample it sees.

The eleven non-indented rows are independent: removing any

one reduces coverage. The four indented rows are strict subsets of

their parent and add no marginal coverage. The table also illustrates

generality and groundability are in tension.
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Table 3: Rule categories discovered across the nine cold runs, ordered by peak discrepancies suppressed on the 200k anchor

sample. “Runs”: in how many of the 9 runs the category appears. “Grounded”: rule instances with a verbatim documentation

passage vs. total instances. Indented rows (⊂) are subsumed by the parent, their error set is a strict subset, and add no marginal

coverage. Categories are clustered by Jaccard similarity ≥ 0.8 on matched-discrepancy sets.

# Category Runs Discrepancies Grounded Short explanation

1 SP discount present, no CSD child 9/9 85,198 2/9 Savings Plan discount child present; no CSD/SSD child generated.

⊂ SP covers charge (Other prog.) 1/9 1,282 1/1 Savings Plan discount on “Other” programme; no CSD/SSD child.

2 PRC supersedes discount 9/9 9,091 9/9 PRC present; discount amount does not match oracle expectation.

⊂ PRC on private pricing 1/9 1,346 1/1 PRC on private-pricing line supersedes CSD/SSD.

⊂ PRC + SP supersede discount 1/9 951 0/1 Both PRC and SP present; no CSD/SSD child.

3 Discount-child amount mismatch (sibling) 8/9 2,329 9/9 Discount child present but amount differs; a sibling oracle was satisfied.

⊂ Discount child, no sibling passed 1/9 543 1/1 Discount child present; no sibling oracle passed.

4 Savings Plan supersedes CSD/SSD 6/9 1,684 6/6 Savings Plan discount child present; no CSD/SSD child.

5 PRC usage-amount mismatch 2/9 886 2/2 PRC present; usage-weighted amount differs from oracle.

6 Precision threshold 9/9 256 9/9 Expected discount < 10
−10

; below rounding precision.

7 SSD supersedes CSD within discount 5/9 209 5/5 Service-Specific overrides Cross-Service on same line item.

8 UBD not eligible for discount 8/9 126 5/8 Usage-Based Discount present; distinct mechanism.

9 Internal-only rate cards 6/9 52 6/6 Rate cards for internal accounts; not modelled by the pricing system.

10 SP alters discount percentage 2/9 30 2/2 SP and discount coexist; SP alters rate via composition rule.

11 Credit-only, no discount child 4/9 8 4/4 Only credit children; no discount child to match oracle.

Rule 1 (“SP discount present, no discount child”) is the largest

rule, covering 85,198 discrepancies, but it grounds in only 2 of 9 runs.

Its condition, “Savings Plan discount child exists and no CSD/SSD

child exists”, is a billing symptom that can arise from many different

causes, and no single documentation passage explains all of them.

By contrast, the independent rules that cover other reasons for a
missing discount child, e.g. usage-based discounts (5/8 grounded),

internal-only rate cards (6/6), credit-only (4/4), each name a specific

mechanism and can be anchored in a specific document. A deploy-

ment that cares about explainability would prefer the narrower,

groundable rules; a deployment that cares only about coverage

would keep the broad rule.

Rules about Usage-Based Discount (UBD, Rule 8) fail to ground

because the billing system calls the mechanism Usage-Based Dis-
count, but the public documentation refers to it as a bundled dis-
count4. The agent’s retrieval misses the synonym. This could be

addressed by enriching the grounding prompt with known syn-

onyms.

All other rules could be grounded in the provided documentation.

Of the 73 rules returned across the nine cold runs, 62 (85%) are

grounded in a verbatim documentation passage. The remaining

11 (15%) are flagged quote-missing. Eight of these are vocabulary
mismatches (Rule 1’s broad condition does not map to a single

documentation passage) and three are synonym gaps (Rule 8’s

UBD mechanism, discussed above). No overfitted or vacuous rules

survived in the nine cold runs. We revisit this under RQ4 where

the ML pre-seeder does produce candidates that the accuracy filter

rejects.

5.4 RQ3: Size Generalization

Since every sample is drawn from the same corpus, we can ask

whether rules learned at a small size continue to be both accurate

and high-coverage on a larger sample. Table 4 reports both numbers.

4
https://docs.aws.amazon.com/cur/latest/userguide/discount-details.html

Table 4: Cross-size evaluation per seed. Each cell shows cov-

erage (%) on the test sample using rules learned on the train-

ing sample. Numbers after “/” count pass rows incorrectly

matched (accuracy violations when evaluated on a sample

the rules were not trained on).

Train

Random Seed #1 Random Seed #2 Random Seed #3

10k 50k 200k 10k 50k 200k 10k 50k 200k

10k 99.9 99.8 99.8/8 98.0 97.9 98.0/13 99.8 99.8/8 99.8/26

50k 99.9 99.9 99.8/11 99.8 99.8 99.8/12 99.9 99.9 99.9/6

200k 99.9 99.8 99.8 99.7 99.6 99.7 97.9 97.8 97.8

Coverage is stable. A rule set learned at 10k covers 97.9–99.8% of

discrepancies at 200k, comparable to what the same rules achieve

on their training sample. The agent’s rules generalize: concepts

that discriminate discrepancies from passes at 10k continue to do

so at 200k.

Accuracy occasionally breaks at larger sizes. Six of nine cross-size
evaluations show a small number of pass rows (6–26) matched by a

rule that was accurate on its training sample. The largest violation,

seed #3’s 10k rules leaking 26 passes (0.03%) at 200k, concerns rules

whose conditions are accurate on the stratified 10k slice but not on

the broader distribution. These are not bugs in the tool: they are

empirical evidence that our stratification is too narrow.When a rule

needs to be promoted for production use, it must be re-validated

against a larger sample before shipping.

5.5 RQ4: Impact of ML Pre-Seeding

The warm configuration differs from cold only in that the agent

starts with ML-mined candidate predicates (filtered for accuracy

before the agent sees them). Both configurations share the same

https://docs.aws.amazon.com/cur/latest/userguide/discount-details.html
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Table 5:Warm-start results per𝑁 . Thewarm agent starts with

ML candidates (filtered for accuracy), then runs the same

residual-discovery loop as cold. Columns match Table 2.

𝑁 Rules Coverage Grounded Credits Time (s)

10k 3–7 99.9% 3–7 13.2–17.4 814–992

50k 6–8 98.0–99.9% 6–7 16.4–19.2 1,675–1,907

200k 11 99.9% 6 13.7 4,001

prompt structure, grounding guidance, accuracy check, and stop-

ping criterion (≥1% residual reduction). Table 5 reports the seven

completed warm runs.

Warm converges faster at comparable quality. Across the seven
warm runs, total Kiro agent cost is 114.5 credits (vs. 144.2 for the

nine cold runs) and total wall time is 3.4 hours (vs. 5.4 hours for

cold). Per-run, warm is roughly 20% cheaper in credits and 37%

faster in wall-clock time. Coverage and accuracy are comparable:

warm achieves 98.0–99.9% coverage with zero pass leaks, matching

cold’s 97.8–99.9%. The ML candidates give the agent a head start

that saves roughly one exploration round; both configurations then

converge to the same fixed point.

The accuracy filter catches leaky ML candidates. The ML learners

use a 90% precision threshold internally and can emit rules that leak

passes. The warm agent’s first action is to filter the candidate set

against the sample’s pass rows; 1–3 candidates per run are dropped

this way. This is the accuracy-is-a-weaker-property argument from

§4 made concrete: the ML stage produces accurate-sounding rules

that the symbolic check immediately rejects, and the agent never

spends LLM budget on them.

Operational recommendation. The two configurations reach the

same quality; warm gets there faster. A production deployment

should use warm when a nightly pipeline budget constrains wall-

time, and coldwhen simplicitymatters (noML infrastructure needed).

Both configurations share the accuracy check and deduplication

step, so their outputs are directly comparable.

5.6 Threats to Validity

As an industrial showcase, we do not attempt to generalize beyond

the AWS billing domain. Results depend on the model (Claude

Opus 4), the Kiro CLI harness, the prompt, and the grounding

corpus. All four evolve. We mitigate with 3 seeds per configuration

and by re-validating every rule against the full pass set rather than

the sampled subset. The accuracy check assumes the pass set is

correctly labelled: pricing-term compilation is deterministic, and

a manual review of 200 sampled passes found no labelling errors;

if an oracle is wrong, the check conservatively flags the rule as an

unexplained discrepancy rather than suppressing it.

The cross-size accuracy violations in RQ3 (Table 4) show that ac-

curacy on a small stratified sample does not guarantee accuracy on

a larger sample. In practice our deployment re-validates every rule

against the full pass set before production use, which catches the

small-sample leaks; the main threat is that our initial stratification

strata (four discount-programme categories) may not capture all the

dimensions along which eligibility conditions vary. The predicate

grammar is single-line-item; cross-line-item conditions (volume

tiers spanning charges, cross-hour commitment tracking) require

grammar extensions we leave for future work.

6 Related Work

The oracle problem. Barr et al. [8] survey the test oracle prob-

lem. In our domain the oracles themselves are given (derived from

pricing terms), so the challenge is not generating oracles but learn-

ing the eligibility conditions they leave implicit. TOGA [13] and

TOGLL [18] use neural methods and LLMs to generate test oracles

from code context; Hossain et al. [19] found that TOGA produces

false positives 47% of the time.

Invariant detection and learning from examples. Daikon [14] dis-

covers likely program invariants from execution traces using statis-

tical analysis over observed values. Our bootstrapping adapts this

idea to billing data, treating discrepancies and passes as the two

partitions. The ICE framework [16] learns invariants from positive

examples, negative examples, and implication counterexamples.

Our setting provides natural ICE instances (passes, discrepancies,

and counterexample feedback from the validator). MELT [27] mines

lightweight code-transformation rules from pull-request histories,

treating each PR as a labelled example of a rewrite; we mine eligi-

bility rules from the analogous label, passes vs. discrepancies, on

billing traces. Recent work on LLM-based invariant generation [30]

uses language models to propose loop invariants with counterex-

ample guidance; structurally similar to our iterative loop, applied

to program verification rather than oracle refinement. CEGAR [11]

iteratively refines an abstract model by analysing spurious coun-

terexamples; our methodology follows this structure.

Model learning and black-box checking. Angluin’s𝐿∗ algorithm [7]

learns a minimal DFA from membership and equivalence queries.

Peled et al. [25] combine 𝐿∗ with model checking to verify black-

box systems against temporal specifications, learning a model and

checking it against a property in an interleaved loop. Vaandrager [31]

surveys applications of model learning to protocol conformance

testing, where learned automata are compared against RFC speci-

fications. Meinke and Sindhu [24] apply learning-based testing to

reactive systems, incrementally building Kripke structures from

observations. Our work shares the learn-and-check structure: we

learn eligibility rules (analogous to a model) and check them against

documentation (analogous to a specification). The key difference is

that our “model” is a set of predicate rules rather than a state ma-

chine, and our “specification” is natural-language documentation

rather than a formal property.

Grey-box and code-augmented analysis. Grey-box testing com-

bines black-box techniques with partial access to system inter-

nals [17]. DSD-Crasher [12] combines Daikon invariants with sym-

bolic execution. These approaches require deep tooling integration.

CodaMosa [23] uses LLMs to generate test inputs for hard-to-cover

branches; our work applies a similar idea to rule discovery rather

than input generation.

LLM-based specification mining. RBCTest [20] uses LLMs to mine

oracles from API response bodies. Kamath et al. [21] leverage LLMs

to propose program-verification artifacts that are then discharged
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by a symbolic back-end. The same two-tier propose-and-check

pattern we instantiate with a documentation grounding step. Diff-

Spec [28] drives an LLM with natural-language specifications to

produce differential tests for eBPF runtimes and Wasm validators;

our agent similarly consumes natural-language documentation, but

targets rule grounding rather than test generation. Our agent re-

fines existing oracles rather than mining from scratch, benefiting

from the structure provided by pricing terms.

LLM-based testing at industry scale. Meta’s TestGen-LLM [2]

uses LLMs to generate unit tests that improve code coverage, de-

ployed at scale on production code; its generate-and-filter pipeline

mirrors our accuracy and grounding checks. The accompanying

Assured LLMSE position [3] frames this filtering explicitly as the

way to deploy LLM-generated software artefacts at scale. Ansi-

ble Lightspeed [29] is a companion example of a production LLM

code-generation service. Konstantinou et al. [22] show that LLM-

generated test oracles tend to capture actual rather than expected
behavior. These systems generate test inputs or assertions for

general-purpose code; our system learns eligibility conditions for

a domain-specific oracle, with documentation grounding as the

additional filter that distinguishes expected from merely accurate-
on-the-training-data.

Code-documentation inconsistency. Zhou et al. [33] detect direc-

tive defects in API documentation by comparing code behavior

against documentation claims. Our documentation grounding step

inverts this direction: we start from learned rules (derived from

system behavior) and search for documentation that explains them.

Ungrounded rules are documentation gaps, i.e., places where the

system’s behavior is not described.

7 Conclusion

We presented a neuro-symbolic tool that learns the implicit eligibil-

ity rules governing complex itemized bills and grounds each learned

rule in public documentation. Once learned, these eligibility rules

function as a light-weight abstraction of the actual billing logic

and can support several use cases. We use the system to answer

common questions, such as “why did I not receive this discount on my
line item?”, and more general questions like “Can I stack an RI dis-
count with a Savings Plan?”. This can be used to accelerate/automate

customer support tickets and incident responses.

We also use our system as a regression detection tool: Our billing

system is large, and code changes frequently. Our system tries to

explain every single line item produced in pre-prod stages. If a new

unexplained discrepancy emerges, we have to decide if this is a

planned behavior change, if our rules need refinement, or if a code

change introduced unexpected behavior.

Finally, we can use the grounding of eligibility rules to test our

documentation. If documentation or rules change, we can easily

check if all rules are still explainable. We can even use the eligibility

rules to synthesize a compact explanation of the (observed) logic

of the billing system.

Two observations stand out from our showcase. First, grounding

learned rules in public documentation is an effective filter: it rejects

accurate-but-vacuous candidates that a pure classifier would have

retained, and it produces rules that generalize beyond the training

sample. Second, delegating the learning loop to an agent kept our

implementation effort minimal. For a pipeline that runs daily on the

order of hours, the agent’s cost is small relative to the engineering

work it replaces.

Broader applicability. The methodology applies wherever pricing

terms are explicit, but eligibility conditions are implicit: insurance

claims processing, healthcare billing, telecommunications invoicing,

and tax computation. The inputs are domain-independent: pricing

terms, line items, and a documentation corpus.

Future work. Three directions follow directly from the evaluation.

Extending the predicate grammar to cross-line-item conditions

(volume tiers spanning charges, cross-hour commitment tracking)

would cover eligibility rules the current grammar cannot express.

A held-out evaluation across disjoint account sets would stress-test

the generalization we measured within a shared pool in RQ3. And

embedding the learned rules in a customer-facing support agent,

where symbolic rules select the relevant documentation passage

and an LLM produces a natural-language explanation of a specific

charge, is the payoff the tool was designed to enable.

Disclosure of Generative AI Use

Generative AI is both the subject and an instrument of this work.

The rule-learning agent we present is built on Claude Opus 4 via

the Kiro CLI harness, as described in §4 and §5.1. The same tools

were used heavily in preparing this manuscript: LLM assistants

(Claude, via Kiro CLI) drafted and revised text, tables, and figures,

and assisted in analyzing and summarizing the experimental logs.

All content was reviewed and edited by the authors, who take

full responsibility for it; all technical claims, numerical results,

and bibliographic references were verified by the authors against

primary sources.

Data Availability Statement

All tools and models used in this paper are publicly available: the

C4.5 tree learner is open source, and the Kiro CLI agent framework

and Claude Opus 4 are commercially available off-the-shelf com-

ponents. Since our approach operates on billing data, we cannot

share concrete line items, even for internal accounts. However, a

reader can download line items for their own account via the billing

API of their preferred cloud provider in the open-source FOCUS

format [15] and apply the methodology directly.

Our approach uses three prompts: one to prepare the knowledge

base (which we cannot share because it references internals of our

billing system), one to learn eligibility rules (which can be recreated

from the algorithm and grammar described in this paper), and one

to ground the discovered rules in documentation (which reads the

produced rules and compares them against public documentation).

We are confident that a motivated reader can reproduce our method-

ology, but since the underlying agent framework and model will

evolve outside of our control, exact reproduction of our specific

numerical results is unlikely.
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