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ABSTRACT

Deploying LLM-based agentic systems in high-stakes operational
settings requires achieving trustworthiness, explainability, consis-
tency, and adaptability simultaneously. Existing approaches such as
manual expert audit, supervised classifiers, or hard-coded rule sys-
tems struggle to achieve them within a unified framework. In this
paper, we introduce a LLM-based rule learning framework compris-
ing three modules: (1) an error-driven rule induction algorithm that
iteratively extracts both explicit and implicit domain knowledge
from limited labeled data via Chain-of-Thought prompting, with a
greedy set-cover-based pruning step to select a minimal, high-utility
rule set; (2) a rule deduction module that generates predictions us-
ing specific rules with auditable reasoning traces for each decision;
and (3) a rule generalization module that autonomously infers new
rules from out-of-distribution data. We evaluate the framework on a
real-world record reconciliation task. The system achieves 92% rec-
onciliation accuracy compared to 85% for a hard-coded rule-based
baseline. Ablation studies confirm that the induced rule library acts
as a consistency anchor, improving accuracy from 84% to 92%. The
rule generalization module identifies valid new rules from cases
that can’t be handled by existing rule library in 50% of samples,
demonstrating the system’s adaptability to evolving operational
environment. We discuss evaluation challenges unique to produc-
tion agentic systems, including sensitivity to data representation,
the trade-off between rule quantity and quality, and strategies for
continuous monitoring under absent ground truth.
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1 INTRODUCTION

As LLM-based agentic systems are increasingly deployed in produc-
tion environments for complex decision-making, evaluating their
trustworthiness becomes a critical challenge [1]. Unlike traditional
ML models evaluated on static benchmarks, agentic systems exhibit
stochastic behavior, operate in evolving environments, and must
provide explainable decisions—particularly in high-stakes domains
where errors carry significant financial consequences. The preva-
lence of domain-specific data further compounds this difficulty,
as the implicit knowledge required to judge correctness is often
scattered across systems.

In practice, several strategies exist for monitoring and evaluating
such systems, each with fundamental limitations. First, domain as-
sociates periodically audit decisions to assess system performance.
While reliable, this approach is costly, slow, and does not scale
to the volume of decisions made by production systems. Second,
lightweight classifiers trained on annotated data can automate per-
formance monitoring. However, these models require large-scale
labeled data that is expensive to obtain and need to be retrained
when the underlying data distribution shifts. Third, domain experts
abstract recurring patterns from audit judgements and formalize
them into standard operating procedures (SOPs) or rules that can
be applied systematically. While rule-based systems offer high in-
terpretability and deterministic decisions [3], they are inherently
rigid. They fail on cases that deviate even slightly from predefined
criteria and cannot generalize to unseen cases outside predefined
rules.

To address these, we propose an LLM-based agentic framework
that combines rule induction, deduction, and generalization with
iterative human-in-the-loop rule refinement to achieve accuracy,
explainability and adaptability simultaneously. In the rule induction
stage, the system builds a rule library from limited labeled data,
capturing both explicit rules commonly used in practice and implicit
rules embedded in domain expertise. Since operational patterns
evolve over time, the rule generalization module automatically
infers new rules when encountering data with previously unseen
patterns, addressing the fragility that prior work has identified
in LLM inductive reasoning under distributional noise [5]. In the
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rule deduction stage, the system applies the learned rules to solve
reasoning problems while providing clear explanations grounded
in specific rules for each decision.

Critically, we frame our contribution not merely as a system
paper, but as an evaluation framework that addresses multiple di-
mensions of agentic Al trustworthiness:

e Decision accuracy: The LLM generates and verifies rules
over a small annotated set, extracting both explicit and im-
plicit domain knowledge. This reduces the hallucination risk
inherent in prompting approaches that rely solely on the
model’s embedded knowledge, while also eliminating depen-
dence on manually crafted rules that may not be directly
interpretable by the model.

e Explainability: The induced rule library serves as a cen-
tralized, human-readable knowledge base that mirrors how
domain experts reason from established guidelines. Rather
than relying on opaque internal representations, the system
grounds each decision in specific rules drawn from this li-
brary, providing transparent reasoning traces that can be
audited and verified.

¢ Robustness to distribution shift: We evaluate the agent’s
ability to generalize to novel patterns/rules through a rule
generalization module, testing whether the system can au-
tonomously identify valid new rules when encountering
previously unseen data distributions.

e Human-in-the-loop governance: We design an iterative
evaluation loop where domain experts validate agent out-
puts, correct errors, and feed validated labels back into the
system, establishing a continuous monitoring and improve-
ment cycle.

We demonstrate system efficacy on an industrial inventory match-
ing use case where shortage inventory must be reconciled with
surplus inventory to reduce defects. This domain exemplifies the
challenges motivating our work: supervised models trained on
matching labels require frequent retraining, ground truth is ex-
pensive to obtain, and model decisions are difficult to interpret
and evaluate. Domain specialists can investigate cases using their
expertise but cannot scale. An agentic system must therefore act
with domain-expert-level knowledge, adapt to new patterns, and
provide auditable explanations for each decision. Our experiments
show that the agentic system achieves 92% reconciliation accuracy
on 4K test cases, outperforming the deterministic baseline of 85%.
Ablation studies reveal that without the rule induction module,
accuracy drops to 84%, confirming that induced rules mitigate the
inherent stochasticity of LLM generation. The rule generalization
module successfully identifies valid new rules from unlabeled data,
demonstrating the system’s adaptability without retraining.

The remainder of this paper is organized as follows. Section 2
reviews related work on LLM evaluation and rule learning. Sec-
tion 3 describes the agentic system architecture. Section 4 presents
the dataset and trustworthiness evaluation across multiple dimen-
sions. Section 5 discusses evaluation challenges and lessons learned.
Finally, Section 6 concludes with future directions for agentic Al
evaluation.
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2 RELATED WORK

Evaluation of Agentic AI Systems. As LLM-based agents are de-
ployed in production, evaluation has emerged as a critical research
area. Traditional benchmarks assess static capabilities, but agentic
systems require evaluation of multi-step reasoning, adaptability,
and behavioral consistency over time. Recent work highlights chal-
lenges including stochastic agent behavior, absence of ground truth,
and the need for continuous post-deployment monitoring. LLM-as-
judge methods have been proposed for scalable evaluation, though
they introduce their own biases. Our work contributes to this space
by proposing an evaluation framework that combines automated
metrics with human-in-the-loop validation for a production agentic
system.

Trustworthiness and Explainability. Trustworthy Al requires
systems that are reliable, fair, robust, and explainable. For LLM-
based agents, explainability is particularly challenging due to the
opacity of neural generation. Rule-based explanations offer one
path to interpretability—if the agent can articulate which rules it
applied and why, human auditors can verify its reasoning. Our
framework evaluates explainability through induced rule libraries
that serve as both decision logic and audit trails.

LLM Rule Learning. Recent studies have integrated LLMs with
rule learning to improve reasoning and generalization. [10] inte-
grates LLMs with rule-based systems for interpretable autonomous
driving. [14] leverages LLMs to learn rules from robot trajecto-
ries, refine them, and translate to code. [13] explored LLM per-
formance in following predefined rules. [11] leverages LLMs to
infer logic rules from training data for downstream reasoning. [6]
use LLM generalization to generate new detection rules for web
security. The most relevant work is [15] which prompts LLMs to
learn rule libraries for reasoning. However, none of these works
evaluate the trustworthiness dimensions of rule-learning agents—
explainability, robustness to distribution shift, and human-in-the-
loop governance—which is the focus of our contribution.

In-Context Learning and Chain-of-Thought. LLMs with
hundreds of billions of parameters have demonstrated remarkable
emergent capabilities. [1] introduced in-context learning, where
LLMs generate expected outputs from few examples without gradi-
ent updates. Instruction tuning enables generalization to unseen
tasks [7, 8]. Chain-of-Thought (CoT) prompting [9] prompts LLMs
to reason step-by-step, improving performance on complex tasks.
These capabilities underpin our agentic system’s ability to induce
and apply rules, but also introduce evaluation challenges around
consistency and reliability that we address in this work.

3 METHODS

3.1 System Overview

As shown in Figure 1, the agentic system consists of two main
modules: rule induction and rule deduction. During induction,
Given a small set of human-annotated examples, the LLM generates
candidate rules that explain observed decision patterns, then prunes
redundant or contradictory candidates through verification against
the labeled data. The resulting rule library captures both explicit
criteria and implicit domain knowledge that experts apply intu-
itively but rarely formalize. During deduction, the agent retrieves
applicable rules from the library, applies them to the input data,
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and produces a prediction along with an explanation trace spec-
ifying which rules were triggered and why. When the deduction
module encounters cases that cannot be resolved by existing rules,
the system routes them to a generalization module. Here, the LLM
leverages the existing rule library as context alongside the novel
data to hypothesize new rules. Newly proposed rules are routed to
human validation before integration into the library.

Rule Induction

'

Human annotated data Rule Induction|
—

Data attributes + labels + Rule Prune

Rule

generalization

(Identify new

Rule Library

Rule id, Rule description

Inference data Output

» | rule
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Can’t make decision L,,,,,,,,,,,,,,E
based on rule library?

Figure 1: Agentic system architecture with evaluation touch-
points

3.2 Rule Induction

The rule induction module extracts structured decision rules from
a small set of curated labeled data, constructing a centralized rule
library that serves as the knowledge base for downstream reasoning.
Our method operates in a low-data regime, making it practical for
domains where labeling is expensive and expert time is scarce. The
induction process follows a two-stage algorithm (Algorithm 1):
iterative rule induction to maximize rule coverage, followed by rule
pruning to eliminate redundancy and retain only high-utility rules.

i Output label
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formulate the rule induction as an iterative hypothesis-and-verify
process. At each iteration k, the LLM is prompted with Chain-of-
Thought (CoT) reasoning over the current error set E to hypothesize
abatch of candidate rules Ry that explain the observed label patterns.
The combined rule set R U Ry is applied via the deduction module
(Section 3.3) to predict labels I; for all samples in E. The error
set is then updated to retain only misclassified samples. Iteration
continues until the error set is empty (E = 0) or the maximum
iteration count K is reached. Here, K is selected based on heuristics
(can be size of induction data N). This error-driven loop is analogous
to boosting in ensemble learning: each iteration focuses the LLM’s
inductive attention on residual errors that prior rules failed to
capture, progressively extracting rules that cover common patterns
first and edge cases later.

The iterative induction process intentionally over-generates
rules to maximize recall over diverse patterns. However, redun-
dant or overlapping rules degrade inference quality for two reasons:
(1) the LLM’s attention mechanism may over-weight repeated in-
structions at the expense of other critical rules during deduction,
and (2) a bloated rule library increases prompt length and inference
cost without much accuracy gains.

We address this through a greedy set-cover formulation inspired
by the weighted maximum coverage problem [14]. As shown in
Algorithm 2, given the validation set V and the candidate rule
library R = {Ry,..., Rk}, we seek a minimal subset R* C R that
maximizes prediction accuracy on V. We define the marginal cover
rate of a candidate rule R; with respect to the current mislabeled
set W as:

Number of mislabeled cases corrected by the rule

C Rate =
over rate Total number of mislabeled cases

At each iteration, the rule with the highest cover rate is added to
our refined rule library R*, and W is updated to reflect remaining
errors. This process continues until no additional rules improve
coverage.

Algorithm 1 Two-stage Rule Induction with CoT

Algorithm 2 Rule Prune Algorithm

1: Require:
2. Induction data I = {(X;, li)}g\:’1

3. Validation data V = {(X], lj)}jy[:l
4: Step 1: Iterative Rule Induction
5. Initialize error set E =1
6
7
8
9

H k = O,R = (Z)
: while E # ) AND k < K do
k=k+1
Run CoT induction on E to induce rules Ry
10: Perform deduction on E to predict label I using E and R

1 E={(Xul) | I # LY,

12: R=RU Rk

13: end while

14: Step 2: Rule Pruning

15: Apply Algorithm 2 on R ={Ry,...,R¢} and V

16: Select optimal rule set R* maximizing accuracy on V
17: return Optimal rule set R*

1: Require:

2: Sample set V = {(X], lj)}?/il

3. Rule library R = {Ry, ..., R}

4: Initialize optimal rule set R* = {R; with highest accuracy}
5. Initialize cover rate CR = 1

6: Initialize mislabeled data W = {(X;, ! j)}ﬁi .

7: while CR > 0 do

8
9

Rrest =R — R*

for R; € Ryes; do
10: Perform deduction on W using R* U R;
11: Calculate cover rate CR;
12: end for

13: Select R} with highest CR; = max; CR;
14: R*=R*UR;

15: Update W = {(X;, ;) | ii *1; ?ﬁl

16: end while

17: return Optimal rule set R*

In Step 1, given induction data I where X; denotes the attribute
set and [; the ground-truth label and the validation data V, we

To adapt to emerging new patterns, we introduce a rule gen-
eralization module. When the deduction module cannot reach a
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decision using the existing rule library, the generalization module is
triggered. The LLM is prompted to infer new rules for unlabeled or
limited labeled input data based on the current rule library and high-
level domain knowledge. This design is grounded in two theoretical
observations. First, LLMs encode abstract relational structures that
transfer across tasks and distributions [1, 4] —they learn general
types of relationships rather than specific feature combinations [12],
enabling analogical reasoning over unseen data. Second, grounding
hypothesis generation in an established rule library constrains the
search space, mitigating the hypothesis drift and pattern overfitting
observed in unconstrained LLM inductive reasoning [5]. Newly in-
ferred rules are routed to human experts for validation, preserving
its integrity while allowing the system to evolve with shifting data
distributions.

3.3 Rule Deduction

During the deduction stage, the LLM outputs the predicted label, the
specific rules it applied, and a natural-language reasoning trace be-
hind model decision. Downstream systems consume the prediction
for execution while surfacing the reasoning trace as a stakeholder-
facing explanation. From an evaluation standpoint, it enables audi-
tors to verify not just what the agent decided, but why. In practice,
we regularly sample and evaluate model outputs to validate its
decisions. Human validated labels let us update the rule library by
running induction on the expanded labels.

4 EXPERIMENTS
4.1 Data

We evaluate our system on a discrepancy resolution task in indus-
try. Shortage record (expected but missing inventory) and surplus
(unexpected or excess inventory) are logged in the system. Due
to workflow complexity, the true linkage between corresponding
shortage and surplus records is often lost—yet accurate matching is
required both for financial reporting and for providing stakeholder-
facing explanations that justify each reconciliation decision.

Currently, domain specialists manually investigate each shortage
case, examining attributes across dozens of surplus candidates to
identify the best match. While reliable, this approach does not scale.
The existing automated evaluation system relies on hard-coded
rules commonly used by domain experts, yet these rules are rigid
with predefined criteria. Therefore, an agentic rule learning and
evaluation system is needed.

We sample 5K inventory discrepancy cases, collecting attributes
for both shortage and surplus records. Each shortage case has ap-
proximately 70 candidate surplus matches on average, making the
selection space large and accurate matching non-trivial. We split
the data into induction set (used for rule learning), validation set
(used for rule pruning), and 4K test samples for final evaluation.

For each sample, the shortage and surplus records are described
by the following attribute format:
<shortage> The missing date is XX, missing quantity is XX,
owner is XX, product is XX, etc </Missing>
<surplus> ID 1: the found date is XX and hour is XX,

Found quantity is XX, product is XX, etc </Found>

Ground-truth labels are costly, requiring expert manual investi-
gation by checking various data. We adopt a disagreement-based
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annotation strategy: a few-shot LLM and the deterministic rule
baseline are independently applied to all testing samples, and only
cases where the two disagree are routed to domain experts for
annotation. Agreement cases are accepted as pseudo-labels. This
focuses annotation effort on the most ambiguous and informative
instances.

4.2 Evaluation Framework Design

Evaluating an LLM-based agentic system in production requires
addressing challenges absent from traditional ML evaluation. We
organize our evaluation along five dimensions grounded in our ex-
perimental design as summarized in Table 1. For accuracy, we mea-
sure reconciliation accuracy as the percentage of correct matches
among all reconciled cases. For coverage, we report binary label
recall, i.e., the percentage of reconcilable cases the agent correctly
identifies as reconcilable. For explainability, we manually verify
each induced rule’s validity. For consistency, we conduct ablation
studies comparing rule-guided vs. direct prompting to quantify how
the rule library reduces stochastic variation. For adaptability, we
evaluate new rule identification rate on unseen dataset.

Table 1: Evaluation dimensions, metrics, and methods used
in this work.

Dimension Metric Method
Comparison with validated labels

Accuracy Reconciliation accuracy

Coverage Binary label recall Detection of reconcilable cases
Consistency ~ Accuracy with/without rules  Ablation study
Adaptability ~ New rule identification rate ~ Distribution shift test

Explainability ~ Rule validity Expert audit of induced rules

4.3 Evaluation Results

Prompting strategy evaluation. In the induction stage, we evalu-
ated standard zero-shot prompting, few-shot prompting, and Chain-
of-Thought (CoT) prompting on data labeled by hard-coded rule-
based baseline. Few-shot achieved comparable performance to stan-
dard prompting (84% reconciliation accuracy). CoT prompting adds
a deep analysis module that prompts the LLM to generate internal
reasoning traces before articulating rules. CoT achieved signifi-
cantly higher reconciliation accuracy (92% vs 84%) and generated
a more complete and precise rule library compared with standard
prompting. Additionally, CoT identified additional rules not identi-
fied by standard prompting strategy.

Data representation evaluation. Converting tabular attribute
data into LLM-readable format significantly impacts agent perfor-
mance. We evaluated three representation strategies—JSON, mark-
down tables, and textual enumeration—which are widely used in
LLM tabular data applications [2]. Table 2 shows that textual enu-
meration achieves the highest reconciliation accuracy (78%), out-
performing JSON (74%) and markdown (32%). The intuition is that
textual enumeration converts tabular data into a language-like for-
mat that LLMs can naturally parse and reason over, consistent with
their pretraining distribution. Further improvements come from
using comparison-based features (checking whether surplus at-
tributes match shortage attributes, improving to 80%) and grouping
candidates by features (improving to 84%).
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Table 2: Reconciliation accuracy across data representation
strategies on the validation dataset.

Data representation Accuracy
JSON 74%
Markdown 32%
Text enumeration 78%
Text enum + Comparison features 80%
Text enum + Comparison + Grouping 84%

Comparison with deterministic baseline. We performed rule
induction on curated data to build a rule library and ran the de-
duction module on test data. The baseline is a deterministic rule-
based system built by domain experts who manually identified
high-precision reconciliation rules and hard-coded them over the
course of many months. These rules tend to be high-level and often
fail when multiple attributes must be analyzed simultaneously. We
use aforementioned labeling strategy to correct labels from baseline
method and report final evaluation results in Table 3. From the table,
the agentic system achieves 92% overall accuracy vs. 85% for the
deterministic baseline and comparable recall.

Table 3: Evaluation of reconciliation accuracy and binary
label recall: deterministic baseline vs. agentic system.

Size Accuracy Recall
Rule-based Agentic Rule-based Agentic
4,101 85% 92% 100% 98%

Ablation study: evaluating consistency. To validate the ne-
cessity of the rule induction module for behavioral consistency, we
conducted an ablation study by removing it entirely and relying
solely on zero/few-shot prompting for direct deduction. Without
the rule library, accuracy drops to 84%. This demonstrates a key eval-
uation insight: induced rules help eliminate the inherent stochas-
ticity of LLM generation. When using direct few-shot prompting,
LLMs produce inconsistent outputs for similar inputs due to their
probabilistic nature. The rule library acts as a consistency anchor,
ensuring stable reasoning across predictions—a critical property
for trustworthy deployment.

Evaluating robustness to distribution shift. A key trustwor-
thiness requirement is the agent’s ability to handle novel patterns
without retraining. We evaluated this through the rule generaliza-
tion module on 100 cases from a different data distribution contain-
ing a novel feature not present in the training data. The existing
rule library was insufficient for these cases.

The rule generalization module automatically proposed new
reconciliation rules when existing ones didn’t apply. The agent suc-
cessfully identified a common matching pattern in approximately
50% of cases. This demonstrates that the agent can identify valid
reconciliation patterns even when new features are introduced and
no labeled data is available. To illustrate the agent’s reasoning dur-
ing rule generalization, we show a representative output below.
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The agent applies existing rules (quantity match, date match, prod-
uct match, time proximity) while simultaneously proposing a new
container-matching rule:

<best_found_id>ID 1</best_found_id>

<used_rules>1, 3, 4, 5, 8, 10</used_rules>

<new_rule>When a Found item has the same container as

the Missing item, it should be preferred over

items in different container, especially when other

key attributes match.</new_rule>

<reconciliation_analysis>

</reconciliation_analysis>

This output demonstrates three evaluation-relevant properties:
(1) the agent provides a complete reasoning trace that can be au-
dited; (2) it correctly applies existing rules while identifying gaps;
and (3) the proposed new rule is specific and actionable, enabling
human validators to quickly assess its validity.

Evaluating explainability quality. Beyond accuracy metrics,
we evaluated the quality of the agent’s explanations. For each of
the rules in the induced rule library, domain experts verified rule
validity. All CoT-induced rules were confirmed as valid domain
knowledge.

5 DISCUSSION: EVALUATION CHALLENGES
FOR AGENTIC AI

Our experience evaluating this agentic system surfaces several chal-
lenges relevant to the broader agentic Al evaluation community:

Absence of ground truth. In production settings, obtaining
ground truth labels is prohibitively expensive. We addressed this
through a disagreement-driven labeling approach: using high- con-
fidence deterministic outputs as pseudo-labels and targeted human
review for cases where the agentic system disagrees with the base-
line. This focuses expensive annotation on the most informative
cases. However, this approach introduces a potential bias: we may
underestimate errors on cases where both systems agree incorrectly.
Periodic random audits are necessary to detect such systematic
blind spots.

Stochastic agent behavior. LLMs are inherently probabilistic,
producing different outputs for identical inputs across runs. Our
ablation study quantifies this effect: without the rule library, accu-
racy drops from 92% to 84%. The rule library serves as a consistency
mechanism, constraining the agent’s reasoning space to produce
stable outputs. This finding has broader implications for agentic
Al evaluation: any evaluation framework must account for output
variance and measure not just mean performance but consistency
across runs.

Sensitivity to input representation. Our data representation
evaluation (Table 2) reveals that the same agent with the same rules
produces dramatically different accuracy depending on how tabular
data is formatted—from 32% (markdown) to 84% (text enumeration
with grouping). This sensitivity is a trustworthiness concern: small
changes in the input pipeline can cause large performance swings.
Evaluation frameworks for agentic systems should include robust-
ness testing across input format variations.

Rule quality vs. rule quantity. The rule pruning algorithm
(Algorithm 2) addresses a counterintuitive finding: more rules do
not always improve performance. Redundant or repetitive rules
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can degrade accuracy because LLMs’ attention mechanism may
give disproportionate weight to frequently mentioned instructions,
causing it to overlook other important rules. Our pruning algorithm,
framed as a maximum coverage problem, selects a minimal effective
rule set. This suggests that evaluation of rule-learning agents should
assess not just rule validity but also rule set optimality.

Evolving data distributions. Production data distributions
shift over time as new defect patterns emerge. Static evaluation
on fixed test sets cannot capture this. Our rule generalization eval-
uation provides a methodology for assessing adaptability: hold
out data with novel features and measure whether the agent can
autonomously discover valid rules. In our experiment, the agent
identified valid new rules in 50% of cases from a shifted distribution—
useful but not sufficient for fully autonomous operation, reinforcing
the need for human-in-the-loop governance.

Explainability enables efficient human oversight. The three-
part output structure (prediction, rules used, reasoning trace) en-
ables a form of evaluation that is impossible with black-box models:
auditors can identify why the agent made an error, not just that
it erred. In our complex cases, manual review of disagreements
between the agentic system and the baseline system revealed that
many baseline labels were actually incorrect. The agentic system’s
reasoning traces facilitated this review process by providing audi-
tors with the agent’s rationale for each disagreement.

CoT as an evaluation tool. Our comparison of standard vs.
CoT prompting reveals that CoT serves dual purposes: it improves
agent performance (92% vs 84% accuracy) and simultaneously pro-
duces richer evaluation artifacts. The reasoning traces generated
during CoT induction expose the agent’s understanding of domain
relationships, enabling qualitative assessment of whether the agent
has correctly internalized domain knowledge.

6 CONCLUSIONS AND FUTURE WORK

In this paper, we present an evaluation framework for an LLM-based
agentic system applied to record reconciliation, addressing multiple
dimensions of trustworthiness: explainability through induced rule
libraries, consistency through rule-constrained generation, robust-
ness to distribution shift through autonomous rule generalization,
and governance through human-in-the-loop iterative refinement.
The agentic system achieves 92% accuracy on 4K test cases while
providing transparent reasoning traces, and demonstrates adapt-
ability to novel patterns without retraining.

Our findings suggest several directions for future work in agentic
Al evaluation:

¢ Continuous monitoring metrics: Developing real-time
metrics for detecting performance degradation as data distri-
butions evolve, including rule coverage drift and confidence
calibration.

e Scalable human oversight: Designing efficient audit pro-
tocols that maximize evaluation coverage while minimizing
expert annotation burden, potentially using LLM-as-judge
methods for preliminary screening.

e Cross-domain generalization: Evaluating whether the
rule induction—-deduction-generalization framework trans-
fers to other high-stakes agentic applications (e.g., fraud
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detection, compliance monitoring) with similar trustworthi-
ness requirements.

¢ Behavioral consistency benchmarks: Developing stan-
dardized benchmarks for measuring LLM agent consistency
across runs, including sensitivity to prompt variations and
input ordering.
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A DATA PREPROCESSING

The data representation comparison and CoT prompting evaluation
are presented in Section 4.2 of the main text. Here we provide
additional examples of the data formats evaluated.

For JSON format, each row of tabular data is represented as a
dictionary:
<shortage>{'attr_1': XX, 'attr_2': XX,

'attr_3': XX, ..., 'attr_n': 'XX',}</shortage>
<surplus>{'id': 1, 'attr_1': XX, 'attr_2': XX,
‘attr_3': XX, ..., 'attr_n': XX}</surplus>

For markdown format, the entire table is inserted directly:
Missing table:
| attr_1 | attr_2 | attr_3 | ... | attr_n |
[ === === === | -

| XX | XX XX | XX | XX |

Found table:

| attr_1 | attr_2 | attr_3 | ... | attr_n |
e e Bl B e B Bl
| XX ] XX ] XX XX | XX | ... | XX |

KDD’26, August 2026, Jeju, Korea


https://openreview.net/forum?id=tAmfM1sORP

	Abstract
	1 Introduction
	2 Related Work
	3 Methods
	3.1 System Overview
	3.2 Rule Induction
	3.3 Rule Deduction

	4 Experiments
	4.1 Data
	4.2 Evaluation Framework Design
	4.3 Evaluation Results

	5 Discussion: Evaluation Challenges for Agentic AI
	6 Conclusions and Future Work
	References
	A Data Preprocessing

