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Abstract

Enterprise environments differ fundamentally
from the clean settings assumed in LLM research:
knowledge is distributed across heterogeneous
sources, often incomplete or inconsistent, and key
procedural logic is implicitly encoded in artifacts
rather than explicitly documented. In such set-
tings, retrieval-based approaches are insufficient,
as no single source contains the full workflow.

We propose a replication-driven knowledge dis-
tillation framework for scalable learning in
multimodal agents. The agent learns by
reverse-engineering validated artifacts (e.g., Ex-
cel workbooks), reconstructing the underlying
data pipeline, and distilling the inferred logic into
structured knowledge (claims, procedures, and
domain patterns). This enables synthesis and vali-
dation across noisy sources and supports reuse in
future tasks.

We evaluate on 120 simulated enterprise environ-
ments with multimodal inputs (SQL, spreadsheets,
documentation, messaging app, emails, images,
PDFs, CSV) and controlled noise. Our method
consistently outperforms retrieval-based baselines
on both task execution and conceptual understand-
ing, and remains robust under environmental drift.

1. Introduction

Enterprise environments present a fundamentally differ-
ent challenge from the clean, well-structured settings com-
monly assumed in LLM agent (Yao et al., 2023) research.
Knowledge is distributed across heterogeneous sources (e.g.,
spreadsheets, databases, documentation, and human com-
munication), often incomplete or inconsistent, and critical
procedural logic is frequently implicit rather than explicitly
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documented (Dong et al., 2024) (Hernes et al., 2020). Im-
portantly, no single source contains the full end-to-end work-
flow. Even validated “golden” artifacts, such as CFO-signed-
off Excel workbooks, encode only partial logic, while key
steps (e.g., data extraction or filtering rules) must be inferred
from other noisy sources or reconstructed through reason-
ing. As a result, agents must go beyond retrieval (Lewis
et al., 2020) (Gao et al., 2023) and reconstruct workflows
via iterative validation.

We propose a replication-driven knowledge distillation
framework for scalable learning in multimodal agents. In-
stead of relying on curated documentation, the agent learns
by reverse-engineering validated artifacts, reconstructing
the underlying data pipeline, and resolving inconsistencies
across sources. The inferred logic is distilled into structured
representations, claims, procedures and domain knowledge,
which are directly reusable and human-interpretable. This
design is inherently scalable in enterprise settings: obtain-
ing validated artifacts (e.g., signed-off files) is low-cost,
while producing clean documentation is often impractical.
Moreover, the distilled outputs (e.g., structured markdown
files and script) can be easily inspected and refined by users,
enabling efficient human-in-the-loop improvement.

We study this problem in the context of account reconcilia-
tion, a common enterprise task requiring analysts to verify
consistency across financial systems while explaining ex-
pected deviations (e.g., timing differences or adjustments).
The task involves data extraction, spreadsheet construction,
and judgment under uncertainty, making it a representative
setting for multimodal procedural learning (Appendix A
provides more background on account reconciliation task).

To evaluate our approach, we construct a controlled simu-
lation environment that mirrors real enterprise workflows,
where agents interact with multimodal tools including SQL,
spreadsheets, messaging app, email, and file systems con-
taining both validated artifacts and noisy knowledge sources.
Knowledge is intentionally fragmented and corrupted, re-
quiring agents to integrate and infer across modalities rather
than rely on any single source.

We evaluate a coding agent on two tasks: (1) artifact con-
struction, which tests end-to-end execution by requiring
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the agent to generate a reconciliation workbook for a new
period, and (2) Q&A, which probes deeper understanding of
the underlying logic and data. Together, these tasks assess
both procedural execution and conceptual reasoning, corre-
sponding to senior-level analyst capabilities. We compare
against a retrieval-style baseline implemented as direct ac-
cess to the original file system, rather than a conventional
RAG pipeline. In our setting, generic RAG performance
would be dominated by challenges in parsing and indexing
complex spreadsheet elements (e.g., formulas, comments,
embedded images), whereas our focus is on comparing
retrieval-based access versus knowledge distillation.

In summary, this paper makes three contributions. First,
we develop a framework for simulating noisy enterprise
environments, where knowledge is incomplete, incorrect,
and distributed across artifacts and communication chan-
nels. Second, we propose a replication-driven distillation
method that learns procedural enterprise knowledge by re-
constructing reconciliation workbooks, rather than relying
on retrieval from raw documentation alone. Third, we show
that distilled knowledge can serve as a guardrail for future
execution, enabling robust adaptation under environmental
changes such as schema drift, aggregation changes, and
ingestion failures.

2. Related Work

Spreadsheet and Excel agents. Recent work studies LLMs
as agents for spreadsheet manipulation and understanding.
SheetCopilot formulates spreadsheet control as atomic ac-
tions (Li et al., 2023). SpreadsheetAgent proposes multi-
agent reasoning over spreadsheet content and layout (Ren
et al., 2026). SheetMind uses manager, action, and reflec-
tion agents for spreadsheet task execution (Zhu et al., 2025).
These works focus primarily on inference-time spreadsheet
understanding or control, whereas we study learning enter-
prise procedures through workbook replication and distilling
them into reusable knowledge under noisy artifacts.

Coding agents and long-horizon task execution. Our set-
ting is also related to coding agents, where artifact construc-
tion requires iterative validation under complex constraints.
SWE-EVO emphasizes long-horizon software engineering
over isolated bug fixes (Thai et al., 2025), while Confucius
Code Agent studies scaffolding for agents operating over
large codebases (Wong et al., 2025). These works high-
light long-horizon artifact generation, but focus on software
repositories rather than spreadsheet-based business work-
flows with incomplete or outdated documentation.

Agents under noisy or imperfect environments. Agent-
NoiseBench studies robustness of tool-using agents under
user and tool noise (Wang et al., 2026). While closely re-
lated in motivation, it focuses on robustness degradation,

whereas we study how agents can acquire stable procedural
knowledge despite incomplete, incorrect, and contradictory
enterprise information.

Enterprise workflow agents and orchestration. Orches-
trating Agents and Data for Enterprise studies structured
coordination across agents, tools, and proprietary data (Kan-
dogan et al., 2025), while SOAN explores self-organizing
multi-agent workflows (Xiong et al., 2025). These works
focus on enterprise orchestration, whereas we focus on learn-
ing, distilling, and reusing procedural reconciliation knowl-
edge in noisy enterprise environments.

3. Simulation Environment
3.1. Overview

Figure 1 illustrates how the simulated enterprise environ-
ment is constructed. Our goal is to approximate the working
conditions of a human analyst who must recover a real busi-
ness workflow from incomplete and unreliable evidence.

At a high level, we begin with a hidden end-to-end recon-
ciliation process that transforms raw transaction data (sub-
ledger (SL) data from multiple tables) into final summarized
outputs (general-ledger (GL) data in a single table)'. This
process can be viewed as a latent computation pipeline: it
specifies how different data sources relate to one another,
how values are filtered or aggregated, and how recurring
patterns such as weekend effects, month-end effects, or
beginning-of-month effects arise.

Rather than exposing this process directly, we construct
the observable environment through two complementary
components. First, we retain a validated golden Excel rec-
onciliation workbook? that serves as a correct downstream
reference. The workbook always contains correct final out-
puts and may expose some local calculation logic, but it is
not a complete specification of the full process. Upstream
steps may be absent, some logic may be obscured through
hard-coded values, and some information may appear only
in non-tabular forms such as screenshots. Second, we dis-
tribute partial knowledge of the hidden process across mul-
tiple external sources, including documentation files, SQL
history, and simulated human contacts through messaging
app and email. These sources may be incomplete, outdated,
or incorrect.

Agents are given access to (i) the golden Excel workbook,
(i1) multiple versions of documentation, and (iii) enterprise-
style tools including a SQL interface, communication chan-

!See Figure A in Appendix A for additional background on the
reconciliation process and the roles of GL and SL systems.

2See Appendix B for more details on why a golden file is
required.
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nels (Message/Email), and an Excel compute engine.”

A key property of the environment is that knowledge is in-
herently fragmented. No single source provides a complete
and reliable description of the workflow. The workbook
provides correct outputs but only partial logic; documenta-
tion exists in multiple inconsistent versions; SQL history
contains both useful and irrelevant queries without reliable
indicators of correctness; and human sources provide incom-
plete, uncertain, and role-limited information. As a result,
agents must reconstruct the workflow through cross-source
reasoning and iterative validation rather than by reading
a single authoritative specification. For data patterns (e.g.
seasonality), we do not provide it in any location, agent is
expected to proactively infer data patterns and form domain
knowledge by itself.

Agents construct Excel workbooks programmatically via a
coding interface (e.g., file operations and script execution).
These capabilities are provided by the agent framework and
are not themselves part of the simulation environment, but
they are required for task execution.

3.2. Files and Tools

The environment provides two types of resources: artifacts
and fools.

Artifacts include multi-sheet Excel workbooks and multiple
versions of supporting documentation. The Excel work-
books contain accounting data drawn from multiple sys-
tems, manual adjustments, and reconciliation summaries.
Documentation files contain partial descriptions of proce-
dures, data dependencies, and business rules, but may vary
in quality and correctness.

Tools include a SQL interface (query,
describe_table, search_history), communi-
cation channels for interacting with simulated colleagues,
and an Excel compute engine for validating generated
outputs. Together, these tools allow the agent to inspect
data, test hypotheses, request missing information, and
verify whether a generated workbook reproduces the
expected outputs.

3.3. Coding Agent

We use a coding agent built on Claude Opus 4.5 to construct
and validate Excel artifacts. The agent is equipped with stan-
dard programming capabilities, including file operations and
code execution, and may delegate subtasks to a sub-agent

3Libraries such as openpyx1 do not evaluate Excel formulas,
which limits an agent’s ability to inspect the values of the workbook
it generates. We observed substantial improvements in accuracy
for both baseline and proposed methods after adding an Excel
compute engine that evaluates generated spreadsheets and exports
computed outputs (e.g., CSV, PDF, PNG).

with identical capabilities, except that recursive delegation
is not allowed.

We emphasize that the focus of this work is not the specific
design of the coding agent itself, but the learning paradigm
built on top of it. The coding interface serves as a generic
execution layer and could be replaced by alternative imple-
mentations without changing the core experimental setting.

3.4. Data Simulation

We simulate transaction data from two classes of accounting
systems: General Ledger (GL) and Sub-ledger (SL) systems.
In simple terms, SL systems record detailed operational
transactions, while the GL stores the summarized balances
that appear in financial reporting. The reconciliation task
is to determine how these detailed and summarized views
should align* .

Our simulation is based on real-world datasets with sen-
sitive information masked and values scaled. The simu-
lated data preserves several properties that make enterprise
workflows challenging in practice, including heterogeneous
schemas across systems, recurring seasonal patterns such as
month-end effects, and expected deviations such as timing
differences and manual adjustments. These deviations are
important because they ensure that reconciliation requires
judgment and causal reasoning rather than a simple equality
check between multiple tables.

In addition to simulating raw data, we also derive recurring
data-pattern configurations directly from the underlying pro-
cess. Examples include weekend effects, month-end spikes,
and beginning-of-month reversals. These patterns provide
important indirect evidence that agents may use when ex-
plicit procedural knowledge is incomplete.

3.5. Noise Simulation

To model the uncertainty of real enterprise environments,
we introduce controlled noise into the knowledge sources.

We begin with the ground-truth reconciliation process and
decompose it into discrete knowledge units, where each unit
represents a small piece of information such as a field map-
ping, a filtering condition, a query pattern, a transformation
step, or an explanation for a recurring adjustment. Each
knowledge unit is then assigned to one or more observable
sources, such as documentation, SQL history, or simulated
colleagues .

Given predefined missing and error rates, each (knowledge
unit, source) pair is assigned one of three states: correct,
incorrect, or missing. A correct unit is preserved as-is.

*See Figure A in Appendix A for additional background on the
reconciliation process and the roles of GL and SL systems.
Ssee Appendix C for examples of noise configurations
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An incorrect unit is replaced by a plausible but wrong al-
ternative, such as substituting transaction_date for
posting_date. A missing unit is omitted entirely from
that source.

The final environment is constructed by aggregating these
source-specific corrupted knowledge units across all sources.
Importantly, missing information does not imply that a task
is unsolvable. It only means that the corresponding knowl-
edge is not explicitly available in that particular source and
must instead be inferred from other evidence, such as SQL
history, workbook structure, or consistency with observed
outputs.

The golden workbook itself is never corrupted. It provides a
stable downstream reference that keeps tasks solvable while
still requiring the agent to recover missing logic through hy-
pothesis generation, cross-source comparison, and iterative
validation.

4. Methodology

4.1. Overview

We propose a replication-driven knowledge distillation
framework for learning procedural knowledge in noisy enter-
prise environments. The framework consists of two stages.
In the learning stage, the agent reverse-engineers a validated
artifact (the golden workbook) and distills the underlying
logic into structured knowledge. In the execution stage,
the agent is given only the distilled knowledge and must
perform the same task for a new time period. This sepa-
ration allows us to evaluate whether the agent has learned
generalizable procedures rather than memorizing specific
instances.

4.2. Replication as Learning

In our setting, no single source contains the full procedure,
and even the golden artifact encodes only partial logic. We
therefore formulate learning as a replication problem, where
the agent reconstructs the process that generates the artifact.

The agent produces an executable program that extracts data,
applies transformations, and generates an Excel workbook
matching the golden output. Correctness is verified by com-
paring computed outputs against the original artifact. This
induces an iterative loop of proposing candidate logic (e.g.,
queries, mappings, formulas), executing it, and refining it
based on discrepancies. Through this process, the agent
resolves inconsistencies and infers missing steps, effectively
learning via hypothesis testing and validation rather than
retrieval (Lewis et al., 2020) (Appendix D provides the
prompts).

4.3. Knowledge Distillation

The inferred logic is distilled into three components: claims,
procedures, and domain knowledge. Claims represent
atomic facts with uncertainty and evidence; procedures en-
code the end-to-end workflow along with executable scripts;
and domain knowledge captures higher-level patterns such
as expected ranges and typical deviations. This structure
separates factual grounding, execution logic, and judgment,
producing a representation that is both human-interpretable
and directly reusable.

4.4. Execution and Generalization

In the execution stage, the agent uses only the distilled
knowledge to construct a reconciliation workbook for a new
period and answer questions about the process. It does
not have access to the original artifact or external sources,
ensuring that performance reflects internalized knowledge
rather than retrieval.

4.5. Knowledge as Guardrail

Distilled knowledge also serves as a mechanism for ver-
ification and adaptation. When the environment changes
(e.g., schema updates or data issues), the agent converts its
knowledge into validation rules to detect inconsistencies and
adjust its workflow. This mirrors how experienced analysts
rely on internalized expectations to identify anomalies. As
a result, knowledge functions not only as memory, but as a
constraint system guiding reasoning under uncertainty. We
demonstrate this concept through robustness tests.

5. Evaluation
5.1. Evaluation Setup

We evaluate whether the proposed framework enables agents
to learn actionable, in-depth, and robust procedural knowl-
edge. Each experiment batch consists of 120 simulated
environments, spanning multiple business domains. Each
environment includes a golden Excel workbook constructed
using one of four common enterprise formats (e.g., pivot-
based summaries, screenshot-based inputs, hardcoded val-
ues, and comment-based metadata). These variants intro-
duce structural diversity and reflect real-world spreadsheet
practices. See Excel formatting details in Table 5 and screen-
shots of workbooks in Figure 3.

Following the two-stage protocol described in Section 4,
evaluation only focues on the output from execution stage.
We evaluate under three noise settings, clean, medium, and
high, with 0%, 25%, and 50% missing and incorrect knowl-
edge respectively). We use the raw file system as the primary
retrieval-style baseline, rather than a conventional RAG
stack, because our goal is to isolate the effect of knowledge
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representation rather than confound it with variability in doc-
ument parsing, chunking, and embedding quality. In our set-
ting, the environment includes heterogeneous artifacts such
as large Excel sheets with formulas, cell comments, embed-
ded images, and screenshot-only data sources that are not
reliably handled by most off-the-shelf RAG systems without
substantial task-specific engineering. Benchmarking against
a generic RAG pipeline would therefore primarily measure
limitations in artifact ingestion, rather than the distinction
we study between retrieval-based access and replication-
driven knowledge distillation. Since improving multimodal
parsing or retrieval infrastructure is not the focus of this
work, we use direct access to the original file system as a
stronger and fairer retrieval-style baseline, giving the base-
line access to the raw artifacts without introducing avoidable
losses from imperfect preprocessing.

5.2. Evaluation Tasks

We use two complementary tasks to evaluate both execution
capability and conceptual understanding.

The Excel task requires the agent to construct a reconcil-
iation workbook for a new period. This reflects the core
responsibility of a financial analyst and evaluates whether
the agent can correctly reconstruct and execute the end-to-
end workflow.

The Q&A task probes deeper understanding of the process
and data (See sample questions in Appendix F), includ-
ing identifying correct queries, explaining discrepancies,
and reasoning about expected deviations. Questions are
designed to require deriving the correct answer rather than
validating a given source, forcing the agent to reason across
noisy inputs. This task reflects the level of understanding
expected from a senior analyst.

5.3. Ablation Study

We perform prompt-level ablations to isolate key compo-
nents of the framework under high-noise settings.

No Replication removes execution-based learning, requir-
ing the agent to summarize knowledge without reconstruct-
ing the workflow, testing the necessity of learning through
execution.

No Claims remove structured claims.md and just use
knowledge and procedure, evaluating the role of uncertainty-
aware memory.

Single-Agent Distillation replaces the multi-agent distilla-
tion process with a single agent, testing the benefit of role
specialization.

5.4. Robustness Evaluation

We evaluate robustness under three environment changes
commonly seen in large enterprise in the high-noise setting.

Schema Drift: column renaming causes queries to return
empty results for one field for the new period, requiring
agent to identify the new field on its own.

Aggregation Change: previously merged SL sources ap-
pear separately, breaking GL—SL mappings.

Ingestion Failure: SL transactions from a specific category
are missing for 5 days, creating subtle discrepancies with
GL.

We report a drift detection rate, indicating whether the
agent identifies the underlying issue in its summary.

5.5. Metrics
5.5.1. EXCEL EVALUATION

Evaluating Excel outputs is challenging due to implementa-
tion flexibility.® We therefore use rule-based metrics aligned
with human judgment.

Accuracy measures numerical correctness as the fraction of
ground-truth cells whose evaluated values match the agent

output:
> i L(vi =v7)
N b

where v; and v} are the evaluated values of the agent and
ground-truth workbooks, respectively. We first use the Excel
compute engine to materialize both workbooks into CSV
files before comparison. Cells in raw data sheets are ex-
cluded, since agents may import extra columns without
affecting the reconciliation logic.

Acc =

Formula usage ratio measures whether the agent uses for-
mulas rather than hard-coded values:

Formula = #{formula cells in agent workbook }

#{formula cells in ground truth workbook}

We do not require exact formula match, since equivalent
formulas may take many forms. Instead, this metric checks
whether the agent preserves formula-based computation,
which is critical for auditability in enterprise spreadsheets.
To prevent trivial cheating, we additionally verify that for-
mulas are semantically meaningful.

Layout similarity measures whether the agent preserves
the expected spreadsheet structure. For each sheet, we com-
pare the value range occupied by the agent output with the

SAgents are instructed to follow the exact template of the
golden workbook. This reflects real-world practice, where repeated
enterprise tasks typically rely on standardized Excel templates, and
also makes rule-based evaluation feasible.
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ground-truth range (e.g., whether the main table appears in
the same region such as A1:F9). This captures output sta-
bility, which is important because downstream workbooks
often depend on fixed sheet layouts.

Formatting score measures presentation quality using four
equally weighted binary checks: number formatting, column
width, cell coloring, and text styling. This metric captures
whether the workbook is formatted to be human-readable
and visually aligned with the template. Unlike layout, which
measures structural stability, formatting focuses on presen-
tation quality.

‘We combine these metrics into an overall Excel score:
Score = 0.7 Acc + 0.2 Formula + 0.05 Layout + 0.05 Format.

This weighting prioritizes numerical correctness while re-
warding formula-based computation and consistency with
the expected template.

5.5.2. Q&A EVALUATION

For the Q&A task, we measure accuracy using an LLM-
based judge, with manual verification applied to a subset of
cases.

5.5.3. EVALUATION DESIGN AND VALIDATION

We developed the evaluation framework iteratively through
multiple rounds of refinement and human review. Metrics
were adjusted to align with human judgment of spreadsheet
quality, particularly for handling equivalent formulas and
flexible implementations. We manually reviewed over 10%
of results and agent operation logs to validate correctness
and identify edge cases.

We also track auxiliary signals, including LLM-based scor-
ing and keyword-based Q&A accuracy. We explored using
an LLM-agent-based score as a reference metric by provid-
ing the agent with both generated and ground-truth work-
books, along with computed outputs (CSV) and a scoring
rubric. However, we observed high variability in scoring
across cases. For example, the same underlying error (e.g.,
using posting._date instead of transaction_date)
could be penalized inconsistently depending on whether it
was treated as a single logical mistake or multiple cell-level
errors. Due to this instability and the difficulty of validating
evaluation reasoning at scale, we do not use this metric for
final evaluation. Nevertheless, the score and accompany-
ing reasoning remain useful for identifying edge cases and
guiding manual review, to flag inconsistencies and trigger
further inspection.

Safeguards against cheating like formula keyword check are
included by verifying that formulas are semantically mean-
ingful (e.g., preventing trivial equality checks or circular
references).

5.6. Quantitative Results

Table 1 and Figure 4 shows that distillation consistently
outperforms the retrieval-based baseline across all noise
levels. Under high noise, Excel score improves from 75 to
89, driven by higher formula usage and improved accuracy,
while Q&A accuracy increases from 82 to 88. Performance
remains stable as noise increases, indicating robustness to
missing and incorrect knowledge.

Formatting (e.g bold text, cell width) is worse in the dis-
tilled setting, as the agent does not have access to original
files for direct copying. Despite this, distilled knowledge
achieves both higher correctness and stronger adherence to
best practices (e.g., formula usage).

In terms of efficiency, distilled knowledge uses 80-90%
of baseline tokens for Excel tasks and 40-50% for Q&A.
We observe that baseline agents often fail to use formulas
despite explicit instructions, likely due to attention dilution
after exploring noisy sources, leading to fallback behaviors
such as precomputing values outside Excel.

Ablation results (Table 7) confirm that replication is criti-
cal (Excel score drops from 89.1 to 83.7 without replica-
tion), while removing claims or using a single-agent dis-
tillation slightly degrades performance. Under drift sce-
narios (Ttable 8), the agent maintains strong Excel perfor-
mance (88-91) and achieves high detection rates (up to
98%), demonstrating that distilled knowledge functions as
an effective guardrail.

5.7. Qualitative Observations
5.7.1. COMMON FAILURE MODES

Incorrect field selection under subtle deviations. A recur-
ring failure mode arises when the agent relies on incorrect
SQL queries provided by documentation or colleagues, es-
pecially when both sources contain incorrect info. In par-
ticular, agents sometimes use posting_date instead of
transaction_date when performing daily reconcilia-
tion. Under high-noise conditions, cross-referencing multi-
ple sources is often insufficient to resolve this ambiguity, as
both fields are plausible and frequently appear in documen-
tation. Due to business characteristics, these fields produce
numerically similar outputs, with deviations that are small
(e.g., <5%) and therefore difficult to detect. In such cases,
correct resolution requires deeper reasoning, such as tracing
how dates are used in the formulas of the golden workbook.
This highlights a limitation of surface-level validation and
the need for artifact-grounded reasoning.

Failure to adapt formulas to reconstructed data pipelines.
Another observed failure mode occurs when the agent cor-
rectly reconstructs data extraction logic but fails to adapt
downstream Excel formulas accordingly. For example, if
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Table 1. Main results across all experiment settings. Excel Score is a weighted combination of sub-metrics (see Section 5).

Noise Level Environment Excel Score Q&A Acc. Accuracy Formula Usage Layout Format
Clean Distilled Knowledge 89.4 87.5 92.7 96.2 88.5 18.0
Original File System 78.7 83.7 91.8 37.2 86.0 53.1
Medium Distilled Knowledge 89.3 87.4 92.3 95.4 87.2 25.7
Original File System 75.4 81.4 89.3 30.8 86.7 46.5
Hioh Distilled Knowledge 89.1 88.0 91.9 96.0 88.3 22.7
£ Original File System 75.4 82.2 87.8 352 86.6 51.6

the generated dataset places the amount field in a different
column position, the agent may still copy formulas from
the golden workbook without updating cell references (e.g.,
using column B instead of column C). This error typically re-
sults in large discrepancies in reconciliation outputs, which
often triggers subsequent debugging by the agent. As a
result, this failure mode is less persistent, but it reveals a ten-
dency toward surface-level copying rather than full reverse
engineering.

Failure to validate all patterns. For ingestion failure sce-
nario in robustness experiment, the detection rate (71.7%) is
relatively low. Log analysis shows the agent did document
the knowledge in learning stage and did review the data
pattern as instructed in execution stage but fail to notice
the issue of zero transactions for 5 days in the middle of
the month because it was focusing too much on confirming
the month beginning and month end patterns. We failed to
find a better prompt or process (e.g. ask agent to compile
valdiation.py and/or validation.md, single agent vs more
sub-agent) that can fix the issue, but we can achieve a detec-
tion rate of 93.3% if we use Opus 4.6 instead.

6. Conclusion

We study the problem of learning procedural knowledge in
enterprise environments, where information is fragmented,
noisy, and often implicitly encoded in artifacts rather than
explicitly documented. In such settings, retrieval-based
approaches are insufficient, as no single source contains the
complete and correct workflow.

This work makes three main contributions. First, we de-
velop a framework for systematically simulating noisy en-
terprise environments, in which knowledge is incomplete,
incorrect, and distributed across heterogeneous artifacts and
communication channels. This simulation setting captures
key challenges of real-world enterprise workflows, includ-
ing fragmented documentation, unreliable human input, and
partially observable processes.

Second, we propose a replication-driven knowledge distilla-
tion approach, in which agents learn procedural knowledge

by reconstructing validated artifacts (e.g., reconciliation
workbooks), rather than relying solely on retrieval from raw
documentation. This paradigm enables agents to move be-
yond passive lookup, instead learning through hypothesis
generation, validation, and synthesis across sources. The re-
sulting knowledge, organized as claims, procedures, domain
patterns, and executable scripts -supports both execution
and reasoning under uncertainty.

Third, we show that the distilled knowledge functions as a
guardrail for future execution. By proactively learning do-
main patterns (e.g., seasonality and expected value ranges),
the agent can detect anomalies and adapt to environmental
changes such as schema drift, aggregation changes, and data
ingestion failures.

Through experiments in a controlled simulation environ-
ment, we demonstrate that the proposed approach substan-
tially outperforms retrieval-based baselines across both ex-
ecution (Excel tasks) and conceptual understanding (Q&A
tasks). Importantly, performance remains strong even un-
der high levels of noise, highlighting the robustness of the
learned knowledge representations.

More broadly, our results suggest a shift from static,
retrieval-based systems toward learning agents that con-
struct, refine, and operationalize knowledge over time.
While this work focuses on financial reconciliation as a
representative task, the underlying framework is applicable
to a wide range of enterprise workflows where knowledge
is distributed, implicit, and evolving.

Future work includes extending this framework to contin-
uous learning settings, improving knowledge updating un-
der repeated interactions, and exploring tighter integration
between structured knowledge representations and model
training.
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Scalable Agentic Learning in Noisy Enterprises: From Corrupted Knowledge to Reusable Intelligence

1. Simulating Noisy Enterprise Example Knowledge Distribution Table 2. Replication-Driven Agent
Environments (Simulated Environment Noise) Knowledge Distillation
: i ; Doc Doc sQL — Inputs
Step 1.1: Data Simulation & Ground Truth Chunk Vi V2 Kelly Bob History l’ u\ p
C o
Ul lU —» SimulateData — Qe —) ™ «
g g T X (= Q’ « ’ Ask Colleague
l 2 Validated Artifacts é
Real-Financial (e.g., Signed-off files) (& >
Ground-Truth . X X
Databases (GL/SL) GL/SL Relationship D
NA X N/A 28 (;orrupted A
iles
Step 1.2: Data-Pattern Configuration Mapping! X N/A N/A , Pl
" 1 < ’ Core Agent Logic:
apping. N/A N/A
Analen for e Agent Reverses Engineering
Pateras —> Month-End Effects (— u‘ ‘,‘7
58 vy = Reconstruct
Nt B et =correct X =wrong = missing = == Q Data Pipeline
L i N/A = not applicable — i;{z
Step 1.3: Knowledge Knowledge ) i i
Configuration. Configuration Inconsistency Resolution.
l Follow Docl Lj: L &
Step 1.4: Knowledge Distribution & Noise Ingestion 9 o
l - i Resolve Contradictions Across Sources
Knowledge Locations
hﬂ Documentation 0 Outputs l
Krowiedge Structured Outputs
A | o Colleague Persona: Kell: g :
—rb Pég't'?(!“ng E % e | Claims Procedures Domain
= | (Chunking) ‘ Knowledge
[ Colleague Persona: Bob e
Random 3
noise SQL History Q S
generators md md & py md
Knowledge Distribution & Noise Ingestion System
User Interaction
Step 1.5: Final Output. [ t}
Aggregate back to corrupted [ . —

!\ | Efficient Human-in-the-Loop
g Refinement

files and colleague personas

Figure 1. Overview of the simulated enterprise environment. We begin with a hidden reconciliation process that transforms raw
transactional data (multiple sub-ledger data tables) into final outputs (a single general-ledger table), which defines recurring patterns and
dependencies across data sources. We additionally introduce realistic deviations (e.g., manual adjustments and timing differences), so that
reconciliation requires pattern-based reasoning and judgment rather than direct equality checks. To construct the observable environment,
we decompose the hidden process into small knowledge units and distribute them across multiple sources, such as documentation, SQL
history, and simulated colleagues. Each source may contain correct, incorrect, or missing information depending on the environment’s
noise level. In parallel, the Excel reconciliation workbook is retained as a correct but incomplete artifact: it contains valid final outputs and
may reveal some local logic, but it does not fully specify the upstream process. The agent must therefore recover the missing workflow by
combining fragmented evidence across sources and validating hypotheses against the workbook. Beyond reconstructing procedural logic,
the agent must also proactively learn recurring data patterns (e.g., seasonality and value ranges), forming domain knowledge that serves as
guardrails for detecting anomalies and adapting to future environment drift.
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A. Background on Account Reconciliation
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Figure 2. Nllustration of large enterprise finance system. Finance system typically has multiple layers (Hemati et al., 2021), (Schreyer et al.,
2019). The decentralized operational layer captures raw transaction events (e.g. customer ordering, inventory movements). Translation
layer map those events to accounting entries (credits and debits) and ingest to sub-ledgers, which contain high-granularity records. Finally,
sub-ledger data is standardized, merged and aggregated to general ledger. The GL is the ultimate source of truth” used to generate
external financial statements. A data flow failure can occur between any two layers. For example, a Billing system failure (Layer 1) might
mean transactional data is never sent to the Translation Layer (Layer 2). Due to the tight timeline to release financial results, automated
pipeline typically cannot be re-run for that specific day or event. Instead, an accountant must manually calculate and inject a corrective
patch (the Blue Manual Adjustment boxes) directly into the affected layer (the Sub-Ledger or the GL) to resolve the state mismatch. This
necessity for human-in-the-loop state correction, potentially requiring identify silent failures within the 5-7 day month-end close cycle,
apply duplicated adjustments across multiple connected sub-systems, represents the primary bottleneck and complexity during enterprise
accounting reconciliation work.

To make our setting concrete, we introduce the domain of account reconciliation, a standard financial process used across
virtually all organizations.

At a high level, large companies maintain multiple financial systems. The General Ledger (GL) is the authoritative system
used for financial reporting, while Sub-Ledgers (SL) represent operational systems (e.g., bank transactions, payment
processors, or customer remittance systems). Because these systems operate independently, their balances often do not
match exactly at any given point in time.

The goal of reconciliation is to verify that these systems are consistent after accounting for known differences. Importantly,
reconciliation does not require exact equality between systems. Instead, differences must be explained and justified. For
example:

* Timing differences: Transactions recorded in one system may appear in another system with a delay (e.g., bank processing
delays).

* Manual adjustments: Manual corrections or reclassifications applied directly in the GL due to reported system failure.

These differences are expected deviations, and identifying them requires domain judgment. A key challenge is distinguishing
these expected deviations from true errors, such as missing transactions due to unreported system failures, which have to be
corrected via additional manual adjustments.

10



Replication as Learning: Scalable Knowledge Distillation for Multimodal Enterprise Agents

A.1. Typical Human Workflow
In practice, reconciliation is a multi-step process performed by human analysts:

1. Data extraction. Analysts retrieve GL and SL data, typically by writing SQL queries or requesting data from other
teams via email or messaging tools.

2. Workbook construction. Analysts build an Excel workbook to compare GL and SL balances, aggregating data and
computing differences.

3. Deviation analysis. Analysts investigate discrepancies to determine whether they are expected deviations (e.g., timing
differences) or true errors (e.g., missing or incorrectly recorded transactions).

4. Validation and reporting. The final workbook serves as both a computational artifact and an audit record, often reviewed
and approved by senior stakeholders.

A.2. Role of Domain Knowledge

Beyond procedural steps, effective reconciliation relies heavily on domain knowledge about data patterns. Experienced
analysts develop an internal understanding of:

* Seasonality (e.g., higher retail sales transaction volumes during sales and holidays, no bank transaction over weekends)
» Expected value ranges for different sources
* Typical behaviors of specific systems (e.g., known delays or processing quirks)

This knowledge enables them to quickly assess whether a deviation is expected or indicative of a real issue. For example, a
small discrepancy at month-end may be normal due to timing, while an unusually large or persistent discrepancy may signal
a system failure.

Such knowledge is rarely formalized in documentation but plays a critical role in decision-making. In this work, we treat this
form of pattern-based reasoning as domain knowledge, and evaluate whether agents can acquire and leverage it to achieve
senior-level understanding and judgment.

B. On the Role of Golden Artifacts

A central component of our framework is the use of a “golden” artifact (e.g., a validated reconciliation workbook) as the
starting point for replication-driven learning. We clarify the motivation for this design choice and its relevance to real-world
enterprise settings.

B.1. Golden Artifacts as Anchors for Learning

The proposed framework relies on reverse engineering, which fundamentally requires a reliable starting point. In noisy
enterprise environments, knowledge is often distributed, incomplete, and internally inconsistent, making it difficult to
determine correctness through aggregation alone.

In contrast to LLM pretraining - where correctness is implicitly approximated through large-scale statistical patterns -
enterprise settings do not provide such guarantees. For example, a particular procedure or rule may appear repeatedly across
multiple versions of documentation, yet still be incorrect due to outdated practices or copy-paste propagation. As a result,
frequency of occurrence does not imply correctness.

Golden artifacts provide a necessary anchor of correctness in this setting. By definition, these artifacts represent outputs
that have been validated and approved (e.g., signed off for audit or reporting purposes). They serve as a reference point
against which candidate hypotheses can be evaluated during replication. Without such an anchor, the agent would have no
principled way to distinguish between competing or conflicting knowledge sources.

B.2. Practical Availability in Enterprise Workflows

The assumption of access to golden artifacts is not only methodologically useful but also practically realistic.

In enterprise environments, it is common to encounter multiple versions of documentation with inconsistent or outdated

information, several intermediate or draft artifacts reflecting work-in-progress states, or a small number of finalized artifacts
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that have been reviewed, approved, and used for reporting or auditing.

While curating and consolidating documentation requires significant effort and organizational alignment, sharing finalized
artifacts is comparatively low-cost. In practice, stakeholders are often willing to provide validated outputs (e.g., a reconcilia-
tion workbook submitted for audit), even when comprehensive documentation is unavailable or unreliable. In other words,
it is often infeasible to enforce high-quality documentation at scale, but feasible to obtain validated artifacts.

B.3. Implications for Learning

The use of golden artifacts enables a learning paradigm based on working backwards from validated outputs, rather than
relying on forward reasoning from potentially unreliable inputs. This has two key implications:

Grounded verification. Candidate procedures can be validated against a known-correct outcome, enabling iterative
refinement through hypothesis testing.

Robustness to noise. Since correctness is anchored in the artifact rather than inferred from source frequency or consensus,
the agent is less susceptible to systematic errors in distributed knowledge sources.

Importantly, golden artifacts do not contain complete procedural information. Key elements such as data extraction logic,
filtering rules, and implicit assumptions may be missing, hard-coded, or indirectly encoded. As a result, replication still
requires substantial reasoning and inference, ensuring that the learning process remains non-trivial.

C. Example of Noise Simulation Config

To illustrate how knowledge is distributed and corrupted in the environment, we provide a simplified example of our noise
distribution config file below with tables 2, 3, 4.

Table 2. Knowledge distribution across sources. Legend: v* = correct, X = incorrect, — = missing, N/A = not applicable.
Chunk DocVl DocV2 Kelly ... Bob SQL History
1 GL Query X v — e X v
2 SL Query (BankDeposit) — v — . X v
3 SL Query (Remittance) X — v e — v
5 Reconciliation Formula X — v e — N/A

Table 3. Examples of incorrect knowledge injected into sources.

Location Chunk Error Description Wrong Value Correct Value
1 Doc V1 GL Query Missing date filter SELECT...WHERE SELECT...WHERE
DESCRIPTION PERIOD =...AND
LIKE... DESCRIPTION
LIKE...

2 Bob GL Query Uses wrong table SELECT...FROM SELECT...FROM
(gl_transactions gl_transactions gl_entries
instead of
gl_entries)

3 Kelly Adjustment Process Incorrect identification filter on keyword “ad- filter on keyword
logic justment” “ADJ”
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Table 4. Example SQL query history entries.

Query ID  Description Query
1 d205... GL extraction query SELECT...
2 6cd5... SL query (BankDeposit) SELECT...
3 e96b... SL query (Remittance) SELECT. ..
4

D. Knowledge Distillation Prompt
D.1. Stage 1: Learning Prompt

Learn from the {source_period_display} recon file and produce
distilled knowledge for future use.

Key Concepts:

— Golden source: The Excel recon file in {source_folder}/ is
verified and correct

- Noisy environment: Documentation and people’s knowledge may
be outdated - reason through uncertainty using claims

- claims.md: Track hypotheses with evidence and status
(verified/rejected/uncertain)

— knowledge.md & procedure.md: Created AFTER successful
replication, containing only verified learnings

Constraints:
- Only read/write files within this workspace (no ../ paths)
— Excel sheets and CSVs may contain thousands of rows. Review

wisely by checking file size, row count, header, review
aggregated view.

Process:

Phase 1: Analysis with Sub-Agents

Launch two sub-agents to analyze different aspects of the
reconciliation:

Sub-Agent 1: Data Pattern Analyzer (CSV Focus)

Goal: Explore and document data patterns from CSV/SQL sources
into {target_folder}/claims.md

- Cross-reference with documentation and domain experts

(Message/Email) to verify patterns
- Flag any discrepancies between data and other sources

*+Claim format for data patternsxx:

ANAURY

## Claim N: [Data Pattern Title]
**xClaim**: [Your hypothesis about the data pattern]

*xSourcex*: [SQL query / CSV file / person’s name]
x**xEvidencexx: [Query results, row counts, sample data that supports this]
**Statusxx: verified | rejected | uncertain

ANRNRY

Sub-Agent 2: Excel Formula Analyzer (Excel Focus)

Goal: Reverse engineer the golden Excel file and draft the

recon script

- Study the {source_period_display} Excel workbook structure

- Document findings as claims in ‘{target_folder}/claims.md' (append to existing)

- Draft a Python script (‘run_procedure.py‘) that can recreate the workbook structure
- The script must use Excel formulas for calculations

*xClaim format for Excel structurexx:

ANRNRY

## Claim N: [Excel Structure Title]
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**Claimxx: [Your hypothesis about what you observed]
**xSource**: [Sheet name / cell reference / formula]
**Evidencexx: [What you observed - exact formula, cell location, computed result]

**Statusxx: verified | rejected | uncertain

AURNRY

Phase 2: Merge and Review

After sub-agents complete:

— Review claims.md for completeness and consistency

- Ensure data patterns align with Excel formulas

— Resolve any conflicts between sub-agent findings

- Finalize the recon script based on combined understanding

Phase 3: Replication Testing
Run the script to generate the {source_period_display} recon
file and validate against the golden source. This is an

iterative process.

Phase 4: Document Verified Knowledge
After successful replication:

- Create {target_folder}/procedure.md
- Create {target_folder}/knowledge.md

Deliverables:
- claims.md, procedure.md, knowledge.md

- run_procedure.py

- summary.md
- test_recon.xlsx and validation files (csv/png/pdf)

D.2. Variation of Stage 1 Learning Prompt
For ablation studies, we make the following modifications:

1. No replication: remove Phase 3 and deliverables test_recon_x.csv/png/pdf.
2. No claims: remove all wording related to claims, leaving only procedure .md and knowledge .md.
3. Single agent: remove wording “launch sub-agent” and phase 2 merge and review. We validate the logs to confirm the

number of agents used.

D.3. Stage 2: Task Execution Prompt

Generate the {target_period_display} recon file using the
distilled knowledge.

Available Resources: {available_resources}

Key Concepts:
— Prior knowledge: The md files and scripts were created by

your colleague that learned from a verified golden source

- Scripts are tools: You CAN run the provided scripts if they
exist - adapt the logic for current period as needed

- Knowledge as guardrail: Use procedure.md and knowledge.md
to validate your work

- Noisy environment: Documentation and people’s knowledge may
be outdated - reason through uncertainty

Process:
Step 1: Review Available Resources in the folder
Step 2: Generate Target Period Reconciliation
Option A: Use Existing Scripts (Recommended if available)

Run scripts with {period} parameters
Export key sheets to csv/png/PDF to validate calculated values against each documented data pattern

Option B: Manual Generation
Review prior month’s recon files and documentation
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Use SQL/Message/Email to gather {target_period_display} data and knowledge

Create Excel workbook with structure and format that exactly follows prior month’s recon file

Use Excel formulas for calculations

Export key sheets to csv/png/PDF to validate calculated values. Document your findings. Modify the :
Step 3: note steps, key findings, results in summary.md

Deliverables:
- month_end_recon_{unit_id}_{target_period}.xlsx

- Validation files (csv/png/pdf)
— summary.md

E. Excel Format Variants and Screenshots

Table 5. Excel workbook variants used in the simulated environments.

Variant Description

Type A (Pivot) Reconciliation summaries use Excel pivot tables rather than explicit formulas. Agents must infer the
underlying aggregation logic to replicate the calculation for new periods.

Type B (Screenshot) One or more SL data sources exist only as embedded screenshot images rather than tabular data,
simulating scenarios where source system access is restricted and data must be obtained through
informal channels. Agents must identify the data owner from the image (not available anywhere else)
and request updated data via email or messaging app.

Type C (Hardcoded) Adjustment amounts are entered as literal values rather than formula references. Agents must distinguish
formula cells from constants and reverse engineer the source and calculation logics of hardcoded values.

Type D (Comment) Adjustment explanations and source references are stored in cell comments rather than visible cells.
Agents must discover and extract metadata embedded in comment annotations.

F. Sample Q&A Questions

Q&A tasks are dynamically generated based on the actual data pattern per environment. For example, simulation environment
1 contains data from Japan subscription business whose reconciliation involves 5 SL data source and 1 GL data source.
Questions and ground truth answers are then generated based on those 6 data sources and adapt to their unique data patterns.
For each data source, we systematcially generate questions related to data extraction (columns, filter, groupby), reconciliation
logic (field mapping between SL and GL), expected data pattern.

Table 6. Sample Q&A evaluation questions.

Question Ground Truth Answer

In GL, how should I get the data for SL Remittance? Look for journal_source = ’Remittance’ in GL entries.

In SL BankDeposit, which amount column maps to func- settlement_amount.
tional amount in GL?

I noticed there are no BankDesposit transactions on Feb ~ No, this account typically receives no bank deposits on Saturday.
21,2026 (Saturday). Should I talk to IT to confirm if there
is any data ingestion failure??

I noticed a significant gap (over IMM) between SL  No. Timing differences only occur near month boundaries (first/last
BankDeposit and GL on Dec 15-17. Is that expected? few days).

For remittance entries in Japan music subscription, [ no- No. Due to timing differences, SL should typically be higher than
ticed GL is consistently higher than SL at the beginning  GL, not the reverse.
of the month. Is that expected?

Note: For illustration only, not real finance practice.
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Table 7. Ablation study results under high noise (50% missing and incorrect knowledge).

Noise Level Variation Excel Score Q&A Acc. Accuracy Formula Usage Layout Format
High No Replication 83.7 84.8 87.0 93.6 70.3 11.9
High No Claims 88.6 87.2 90.9 94.9 88.9 30.2
High Single Agent Distillation 87.1 87.3 89.5 95.0 87.5 20.6

Table 8. Robustness under drift scenarios (high noise setting).

Noise Level Drift Scenario Excel Score Detection Rate Accuracy Formula Usage Layout Format
High Schema Change 88.2 98.3 90.0 99.2 90.8 15.8
High Aggregation Change 90.3 88.3 92.8 99.5 90.9 17.5
High Ingestion Failure 87.9 71.7 90.4 96.0 92.4 15.8

G. Additional Evaluation Results
H. LLM and Agent Usage Disclosure

The core ideas and problem formulation in this work are based on challenges observed in real-world production systems.
The paper was initially drafted by the authors and subsequently refined and edited with the assistance of a SOTA LLM. The
authors reviewed and validated all content for accuracy and originality.
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Remittance Reconciliation by Date
Compares GL Remittance amounts to SL Remittance amounts by date

Accounting Date GL Amount SL Amount Difference
2025-10-01 -14,624.08 -169,928.54 155,304.46
2025-10-02 -49,055.44 -159,752.17 110,696.73
2025-10-03 -9,887.83 -59,860.09 49,972.26
2025-10-06 -22,331.60 -22,331.60 0.00
2025-10-07 -8,927.34 -8,927.34 0.00
2025-10-08 -12,058.16 -12,058.16 0.00
2025-10-09 -9,787.97 -9,787.97 0.00
2025-10-10 -9,038.44 -9,038.44 0.00
2025-10-13 -22,303.33 -22,303.33 0.00
2025-10-14 -8,696.17 -8,696.17 0.00
2025-10-15 -12,224.90 -12,224.90 0.00
2025-10-16 -9,883.12 -9,883.12 0.00
2025-10-17 -6,859.48 -6,859.48 0.00
2025-10-20 -21,470.16 -21,470.16 0.00
2025-10-21 -8,729.01 -8,729.01 0.00
2025-10-22 -12,530.51 -12,530.51 0.00
2025-10-23 -9,187.34 -9,187.34 0.00
2025-10-24 -9,218.44 -9,218.44 0.00
2025-10-27 -24,644.62 -24,644.62 0.00
2025-10-28 -9,370.38 -9,370.38 0.00
2025-10-29 -13,702.90 156,386.82 -170,089.72
2025-10-30 -9,972.67 -3,301.04 -6,671.63
2025-10-31 -8,878.35 27,159.49 -36,037.84
TOTAL -323,382.24 -426,556.50 103,174.26
UNAPPLIED CASH SUMMARY

Total GL - SL Difference: 103,174.26

GL_Data SL_BankBankDeposit SL_Ordering SL_Remittance Bank_Recon Remittance_Recon Recon_Summary

Figure 3. Screenshot of Excel built by agent via replication. To build this sheet, agent needs to know the extraction logic of remittance
data from GL, the extraction logic of remittance data from SL, date and amount field that matches in the two sources, then compare them
date by date. For robustness scenarios, agent needs to know that expected deviation only occurs at the beginning and end of month and
must be in the expected direction, positive at beginning of month, negative at end of the month.
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Figure 4. Chart of excel score, Q&A accuracy and token usage across 3 noise levels. Token usage reflects token used at execution stage
only. The learning stage takes around 20-25K tokens on average. Clean, medium and high maps to 0%, 25% and 50% noise level
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