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Abstract

We introduce LEDGER to tackle the novel
context engineering challenge of agentic doc-
ument editing, where localized edits to long,
structured documents must be applied effi-
ciently without breaking cross-references or
semantic consistency. LEDGER constructs a
lightweight dependency graph that explicitly
models document structure, including hierar-
chical organization, explicit references, implicit
dependencies, and semantic relationships. For
each edit, graph-guided retrieval selects only
the necessary context, avoiding full-document
processing while preserving consistency. We
evaluate LEDGER on a curated benchmark
of 1.9k test cases with various document types
and lengths, spanning six state-of-the-art mod-
els: LEDGER improves consistency from 56%
to 76% across all six models and test sce-
narios while reducing token usage. Notably,
LEDGER with low reasoning effort matches
baseline performance at high reasoning effort
using fewer tokens, showing that explicit de-
pendency representations can partially substi-
tute for expensive internal reasoning in agentic
document editing.

1 Introduction

Agentic document editing (e.g., ChatGPT Canvas
and Agent Mode in Word) represents a new inter-
action paradigm for working with long, structured
documents. Instead of manually editing content,
users issue high-level natural language instructions
such as “clarify the experiment description,” “up-
date terminology,” or “revise the tone of Section 4”,
while an Al agent plans and executes the concrete
document modifications. This paradigm mirrors
recent code agents, where users specify intent and
the agent handles low-level edits, refactoring, and
consistency checks. However, unlike code, doc-
uments lack formal semantics, executable struc-
ture, or compiler-level guarantees, making agentic

document editing fundamentally more challeng-
ing. For example, a simple terminology change
such as renaming “Microsoft” to “MS” in one sec-
tion—requires identifying and updating multiple
surface forms (Microsoft, MS, MSFT) across the
document without a syntactic anchor, turning con-
sistency into a pattern recognition problem rather
than a deterministic replacement. Stylistic edits in-
troduce even subtler dependencies. Revising a para-
graph from passive to active voice requires careful
alignment with its adjacent paragraphs to avoid
abrupt stylistic breaks. Moreover, once a stylistic
modification is introduced, its downstream impact
must be considered: related sections elsewhere in
the document may now violate the intended global
style and require corresponding updates, even if
they are not directly adjacent or explicitly refer-
enced. Cross-references further complicate this
process: revising a figure caption may invalidate
descriptions in distant paragraphs that refer to “the
linear scaling shown in the figure” without explicit
citations.

These loose dependencies create a consistency
challenge that is fundamentally a context engineer-
ing problem in agentic document editing. In par-
ticular, preserving consistency in long documents
requires the agent to reason over structural and
semantic dependencies across the document, yet
naively providing the full document as context for
every edit is both inefficient and counterproductive:
beyond incurring prohibitive token cost and latency
as document length grows, full-document process-
ing can distract the model from the most relevant
regions, diluting attention and increasing the risk
of unfocused or incorrect edits. Retrieval-based
editing improves efficiency by selecting a subset of
context, but existing approaches primarily rely on
topical similarity and frequently miss structural de-
pendencies critical for consistency, such as explicit
cross-references, implicit mentions, or downstream
sections that depend on the edited content. As a
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Figure 1: Overview of LEDGER. (1) Graph construction converts documents to DOM trees, extracts units, and
applies LLM-based extraction protocols to create a dependency graph with four edge types. (2) Dependency-aware
retrieval identifies target nodes, expands to dependencies through graph traversal, prioritizes by edge type, and
packs within token budget. (3) Consistency verification checks reference integrity, terminology consistency, and
semantic coherence after modifications, then updates the graph incrementally.

result, agentic document editing faces a persistent
tension: efficient partial editing risks inconsistency,
while comprehensive context provision is expen-
sive and can impair the agent’s ability to focus on
the most consequential dependencies.

We introduce LEDGER (see illustration in Fig-
ure 1), a framework that addresses this context en-
gineering bottleneck through explicit dependency-
aware graph retrieval. The core insight is that
structured documents exhibit dependency patterns
that can be extracted once and queried efficiently.
LEDGER constructs a lightweight semantic graph
where nodes represent document elements and
typed edges encode explicit references ("Theorem
2"), implicit connections ("this result"), and seman-
tic relationships (conceptually related content). For
each edit, graph traversal identifies relevant depen-
dencies: both upstream context (what the target
relies on) and downstream impacts (what depends
on it). This retrieval is selective, gathering only nec-
essary elements within token budgets. After mod-
ifications, consistency verification validates struc-
tural invariants, ensuring that references resolve
correctly, terminology remains consistent, and se-
mantic relationships are preserved. The graph is
then updated incrementally to reflect the changes.

We evaluate LEDGER across the curated 1.9k
test cases spanning six state-of-the-art models
(Claude 4.5 Haiku/Sonnet/Opus, GPT-4.1/5/5.2).
LEDGER achieves 76% consistency versus 56%
baseline while maintaining constant token usage
( 1,500 tokens per edit regardless of document
size), achieving up to 85% reduction versus full-
document regeneration in scalability tests. Criti-
cally, LEDGER with low reasoning effort matches

baseline performance at high reasoning effort while
using fewer tokens, suggesting explicit dependency
representations can substitute for expensive inter-
nal reasoning. This has broad implications for
designing efficient agentic systems operating on
structured data such as coding agent.

Our contributions are: (1) A dependency-aware
framework that applies explicit semantic graphs
to document editing, resolving the context engi-
neering bottleneck through typed dependency ex-
traction and graph-guided retrieval; (2) A curated
benchmark for evaluating consistency in agentic
document editing, comprising 1.9k test cases across
diverse document types, edit scenarios, and com-
plexity levels; (3) Evidence that explicit structural
guidance substitutes for reasoning effort, establish-
ing a design principle for efficient agentic systems
operating on structured artifacts such as natural
language documents.

2 Related Work

Context Engineering for LLM Agents. Manag-
ing context for large language models on exten-
sive documents presents fundamental scalability
challenges (Zhang et al., 2025). Full-context meth-
ods maintain comprehensive awareness (An et al.,
2024) but face prohibitive scaling costs. Retrieval-
augmented generation (Lewis et al., 2020; La-
ban et al., 2024) and efficient attention mecha-
nisms (Lai et al., 2025; Martins et al., 2020; Song
et al., 2024; Hooper et al., 2025; Liu et al., 2024a)
reduce costs through semantic search and computa-
tional optimization, but struggle with structural de-
pendencies beyond topical similarity. A section ref-
erencing “Figure 3” exhibits structural connections



that embeddings cannot reliably capture. Mem-
ory systems (Maharana et al., 2024; Wang et al.,
2023; Xiao et al., 2024) maintain interaction history
rather than artifact structure, while long-context
models (Liu et al., 2024b; Jin et al., 2024) lack
explicit dependency tracking. Code editing sys-
tems (Chen et al., 2023; Wang et al., 2024; Shinn
et al., 2023) employ syntax-aware retrieval but tar-
get narrow domains. Our work differs by explicitly
representing structural dependencies through typed
graph edges, enabling constant time retrieval with
comprehensive dependency awareness.
Graph-Based Representations for Structured
Tasks. Graph structures enable dependency track-
ing across domains: abstract syntax trees for
program analysis (Allamanis et al., 2018; Guo
et al., 2021), knowledge graphs for semantic coher-
ence (Yasunaga et al., 2021; Zhang et al., 2022),
and directed acyclic graphs for workflow dependen-
cies (Huang et al., 2022; Chen et al., 2021). Graph
neural networks (Kipf and Welling, 2017; Hamilton
etal., 2017; Xu et al., 2019) provide learning archi-
tectures for such data. We synthesize these insights
for agentic editing, demonstrating that explicit de-
pendency graphs enable efficient context selection
and automated consistency verification. Critically,
our experiments show that structural guidance sub-
stitutes for expensive internal reasoning: cheaper
inference modes match or exceed quality achiev-
able through costly extended reasoning alone. This
reasoning substitution effect, validated across six
models and multiple domains, establishes a design
principle for efficient agentic systems operating on
structured data.

3 LEDGER

We formalize document editing as an iterative pro-
cess where an Al agent receives edit requests and
applies modifications while maintaining structural
consistency. A document D consists of units
U = {uy,uz,...,u,} organized hierarchically,
where each unit u; (section, paragraph, figure, equa-
tion) has content c;, type 7;, position p;, and unique
identifier id;. Units connect through three rela-
tionship types beyond the hierarchical tree: explicit
references (direct citations like "Figure 2"), implicit
dependencies (pronouns and contextual references
requiring coreference resolution), and semantic re-
lationships (topically related content). At time ¢,
the agent receives edit request &; specifying an in-
struction, target, and scope, and must retrieve rele-

vant context Ceontext © U to generate modifications
A; while preserving structural consistency.

The core challenge is selecting context that sat-
isfies three objectives simultaneously: consistency
(preserving structural invariants), efficiency (achiev-
ing |[Ceontext| = O(1) rather than O(|D])), and
quality (correctly addressing instructions). Full-
document methods achieve consistency but incur
O(|D|) costs; retrieval-based methods achieve ef-
ficiency but miss structural dependencies. For ex-
ample, editing a theorem in Section 3 requires re-
trieving Section 7’s proof that explicitly references
it, despite low topical similarity that embedding-
based retrieval cannot capture. As illustrated
in Figure 1, LEDGER addresses this through
three integrated components: graph construction,
dependency-aware retrieval, and consistency verifi-
cation. The detailed prompt is in Section A.

3.1 Semantic Graph Construction

Given document D with units U =
{u1,ug,...,u,}, LEDGER constructs a
graph G = (V, E) where each node v; € V
corresponds to unit u; € U. We convert the
document to HTML and parse it into a DOM tree,
where each structural element (section, paragraph,
figure, table, equation) becomes a unit with unique
identifier id;, content ¢;, type 7;, and position p;.
Each unit u; maps to graph node v; =
(id;, s;, €i, Ti, pi, t;) where s; is a summary of
ci, i € R4 is the embedding vector, and ¢;
is the modification timestamp. The edge set
E CV xV x T encodes four dependency types:
Erer = {(vi,vj, REFERENCES) | 7exp(us, uj)} for
explicit references, Epgp = {(vs,v;, DEPENDS) |
Timp(ui, u;)} for implicit dependencies, Ecoy =
{(vs,v;,CONTAINS) | u; € w;} for hierarchical
containment, and Erey = {(v;, vj, RELATED) |
Tsem (Ui, ;) } for semantic relationships.
Explicit references. For edges where rexp (u;, u;)
holds, content c; contains a substring m that ex-
plicitly refers to identifier id;. The computa-
tional challenge is ensuring three critical proper-
ties. First, minimality: the substring m must be
minimal such that removing any token breaks the
reference. Second, unambiguity: the reference
must explicitly name id; rather than relying on
semantic similarity. Third, validation: the iden-
tified id; must exist in {idy,...,id,}. We imple-
ment these requirements through a structured ex-
traction protocol (Appendix A) that queries a lan-
guage model with formal constraints and parses



the structured output, returning validated pairs
{(mu,id;,), (ma,id},), ...} where each my, is a
minimal span and id;, € {idy,...,id,}, enabling
edge creation (v;, v;, REFERENCES).

Implicit dependencies. For edges where
Timp (s, u;) holds, unit u; provides semantic pre-
requisites necessary to interpret u,;. The computa-
tional challenge is determining whether removing
u; would make u; semantically incomplete, am-
biguous, or ill-defined. This requires evaluating ne-
cessity rather than mere relatedness: u; is a prereg-
uisite only if u; relies on definitions, assumptions,
variables, or conceptual constructs introduced in
that cannot be resolved from generic background
knowledge. We must also verify directionality: the
dependency must be u; — u;, not bidirectional or
circular. We implement this through a counterfac-
tual testing protocol (Appendix A) that presents
both units to the language model with formal test-
ing procedures, returning a directional dependency
judgment enabling edge creation (v;, vj, DEPENDS)
when rimp (u;, uj) = 1.

Semantic relationships. = For edges where
Tsem(i, u;) holds, units discuss related topics.
We compute cosine similarity sim(e;, ej) =
% and create edge (v;,vj, RELATED) when
sim(e;, ej) > 6, provided (v;,v;) ¢ Eger U Epep.
The threshold 6 balances precision and recall; we
use = 0.7 based on standard practice for high-
confidence semantic similarity (Kandola et al.,
2002). The embeddings e; require summaries s;
that capture semantic content, which we extract
through type-specific protocols (Appendix A). Hi-
erarchical edges Fcoy come directly from the DOM
tree structure.

3.2 Dependency-Aware Context Retrieval

For edit request & = (instruction, target, scope),
LEDGER retrieves context Ceontext & U through
graph traversal in four steps.

Step 1: Target identification. We identify tar-
get nodes /\/target C V. If the instruction spec-
ifies an explicit target (e.g., "Figure 3"), we re-
solve it directly: Marer = {v; | id; = target}.
Otherwise, we compute the instruction embedding
eg = Embed (instruction) and select the most simi-
lar nodes based on cosine similarity sim(eg, ¢;).
Step 2: Dependency expansion. We expand to
include all connected nodes: Ngeps = Marget U
Nupstream U Ndownstream Where upstream dependen-
cies (what targets depend on) are Nypsiream = {; |

Jv; € Marget; (i, vj,t) € E'} and downstream im-
pacts (what depends on targets) are Ngownstream =
{vj | Fv;i € Marger, (vj,vi,t) € E}.

Step 3: Priority scoring. We prioritize nodes in
Ndeps based on their relationship to target nodes.
Target nodes receive highest priority. Among
connected nodes, we prioritize explicit references
(REFERENCES) as critical for structural integrity,
followed by implicit dependencies (DEPENDS) as
necessary for semantic completeness, then contain-
ment relationships (CONTAINS) for hierarchical con-
text, and finally semantic relationships (RELATED)
as optional background. This ordering reflects each
edge type’s importance for maintaining document
consistency.

Step 4: Budget-constrained packing. Given
token budget B, we construct context by select-
ing nodes in descending score order. We define
Ceontext = {ui | vi € Pack(Ngeps, B)} where
Pack (N, B) greedily selects nodes sorted by score
until the cumulative token count D, 1o eq lCil
exceeds budget B. This achieves |Ceontext| = O(1)
tokens regardless of | D|, typically retrieving 10
to 15% of total content while ensuring all critical
dependencies are included.

3.3 Consistency Verification

After applying modifications A to produce Dy, 1,
LEDGER validates structural invariants on the set
of modified nodes NVpoq € V through three checks.
Reference integrity. For all outgoing reference
edges from modified nodes, we verify targets
exist in the updated graph: Ver = {(vi,v;) |
(vi,v;,REFERENCES) € E,v; € Nmod, vj & Vit1}.
Any pair in Vs represents a broken reference re-
quiring correction.
Terminology consistency. For modified nodes, we
extract key terms 7 (¢;) from content and compare
with dependent nodes: Vierm = {(vi,v;) | v; €
Ninod, (05,03, t) € E,T(2Y) # T(c21)}. These
indicate terminology changes requiring review of
dependent content.
Semantic coherence. We recompute embeddings
el = Embed(c]®") for modified nodes and iden-
tify cases where semantic relationships have weak-
ened significantly: Viem = {(vi,v;) | v €
Nimod, (vi, vj,RELATED) € E,sim(ef*V,e;) <
sim(eS!, e;)}. These indicate potential semantic
drift requiring review.

The graph updates incrementally by removing
old edges incident to NVpoq and recomputing new



Full Doc. LEDGER
Model
Consistency Ref. Valid. Edit Quality Pass Tokens Consistency T Ref. Valid. Edit Quality 1 Pass T Tokens .
Claude Haiku 4.5 53.23 63.41 63.18 35.72 1,759 80.12 80.36 83.05 84.27 1,479
Claude Sonnet 4.5 55.48 58.62 67.19 36.54 1,725 74.31 72.44 70.26 73.58 1,575
Claude Opus 4.5 61.17 69.53 70.28 43.61 1,736 75.42 77.18 78.34 77.66 1,508
GPT-4.1 54.69 60.71 62.44 4322 1,974 74.53 81.29 79.16 74.84 1,478
GPT-5 Chat 57.36 66.24 68.57 41.63 1,825 77.08 74.19 76.42 82.11 1,489
GPT-5.2-High 57.59 67.33 71.14 45.26 1,910 77.44 74.61 75.38 75.92 1,683
Average 56.59 64.31 67.13 41.00 1,822 76.48 76.68 77.10 78.06 1,535

Table 1: Comparison of LEDGER and baseline approaches across six language models. For each method, the first
four columns report percentage (%) metrics (Consistency, Reference Validity, Edit Quality, and Overall Pass), while
the last column reports the average number of tokens per edit. Results are the average value over testing cases.

edges using the construction algorithm, maintain-
ing G synchronized with document state Dy ;.

4 [Experiments

Evaluation Benchmark. We curated 1,900 test
cases across six editing scenarios: Local refine-
ment (120 cases) targets specific paragraphs with-
out structural changes (e.g., "make this paragraph
more concise"). Cross-reference updates (200
cases) modify content referenced elsewhere, re-
quiring the system to identify all citing sections
(e.g., editing Figure 3’s caption affects all para-
graphs referencing it). Structural reorganization
(160 cases) moves or renumbers sections while
maintaining cross-reference validity (e.g., "move
Section 4.2 before Section 4.1"). Content addition
(120 cases) inserts new material while preserving
coherence. Iterative editing (160 cases) applies 3
to 5 dependent edits testing multi-step consistency.
Scalability tests (120 cases) apply identical opera-
tions to documents from 5K to 100K tokens, testing
whether token usage remains constant as document
size increases.

Models. We evaluate six models: Claude 4.5
Haiku/Sonnet/Opus and GPT-4.1/5/5.2, with GPT-
5.2 tested across four reasoning effort levels. Our
primary baseline is the full-document approach,
where the entire document is provided as input con-
text to the LLM for each edit operation, but only
the targeted section is modified. Note that token
usage in this case reflects the input context pro-
vided to generate modifications, not full document
regeneration output. For scalability analysis (Fig-
ure 7), we additionally compare against theoretical
full-document regeneration, which would require
regenerating all 5K-100K tokens as output and thus
scales linearly with document size. We measure
consistency (structural validity and cross-reference
integrity), reference validity (percentage of correct
cross-references), edit quality (correctness of modi-

fications), overall pass rate (percentage meeting all
criteria), and token usage per edit.

Baselines. We compare LEDGER against full-
document regeneration (processes entire document
for each edit, our primary baseline), sliding win-
dow (fixed 4K token context), RAG-based retrieval
(semantic search without structural awareness), and
Claude+Memory (built-in memory without explicit
graph structure).

Metrics. We measure consistency (reference va-
lidity, structural coherence, and overall preserva-
tion of structural constraints), efficiency (token us-
age per edit and percentage reduction versus base-
line), and quality (correctness of edits and over-
all pass rate combining all criteria). Metrics are
computed automatically through programmatic val-
idation with LLM as judge, with quality assessed
against gold-standard human edits for 200 test
cases. We also include the examples for Metrics
evaluation in Appendix Section C.

4.1 Main Results

Table 1 presents results comparing LEDGER
against full-document baseline across all six mod-
els. LEDGER achieves 76% average consistency
versus 56% baseline, a 20 percentage point im-
provement that remains consistent across model
families. This translates to 78% overall pass rate
versus 41% baseline. Token usage averages 1,535
tokens per edit for LEDGER versus 1,822 for base-
line. The benefits prove particularly pronounced for
smaller models: Claude Haiku 4.5 with LEDGER
achieves 80% consistency versus 53% baseline (27
point gain), while larger models show 14 to 20
point gains. This suggests explicit structural mem-
ory provides larger relative benefits when model
capacity is constrained.

Performance over Editing Types. Figure 2 breaks
down LEDGER performance across editing sce-
narios. Cross-reference updates (86% consistency),



g9 m ®»
©
8
3 80 v
@ Content Addition ~ {/ Local Refinement
i= 70 < Iterative Editing () Consistency Critical
Tg' Cross-Ref Updates ¢ Structural Reorg
& Scalability Tests
2 604
o
E *
Z 504 @
500 1000 1500 2000 2500
Output Tokens
Content Addition >%89%,
Iterative Editing 4 87%%
Cross-Ref Updates oo
ity Tests e 7% 81%
83
Local i 9 40" %
Consi Critical 55%@5% = Consistency
Ref Validi
Structural Reorg 543/_%1% Edit Quallttyy
0 20 40 60 80 100

Quality Score (%)

Figure 2: Performance breakdown by edit operations.
Top chart shows token usage and quality metrics across
seven edit categories. Bottom bar chart shows the per-
formance of LEDGER on different editing categories.

content addition (88%), and iterative editing (86%)
achieve the strongest results because these scenar-
ios heavily exercise dependency tracking. Local
refinement achieves 85% consistency with minimal
token usage (560 tokens), reflecting efficient tar-
geted retrieval. Structural reorganization achieves
only 54% consistency despite higher token usage
(2,749 tokens), representing the most challenging
category where cascading updates across structural
levels strain graph construction capabilities.
Consistency Evaluation. Figure 3 visualizes the
efficiency-quality frontier across all models and
configurations. LEDGER configurations (filled
markers) cluster in the upper-left quadrant with con-
sistency exceeding 70% and token usage between
1,200 to 2,000 tokens. Baseline points (hollow
markers) scatter across lower consistency regions
(40-65%) with widely varying token usage. Pareto
frontier analysis reveals most LEDGER configu-
rations lie on or near the optimal frontier, meaning
no alternative configuration achieves substantially
better quality without increasing tokens, or better
efficiency without decreasing quality.

Token Efficiency. Figure 4 compares average to-
ken usage between baseline and LEDGER across
six models for documents ranging from 5K to 100K
tokens. LEDGER consistently achieves 85 to 92%
token reduction across all models when compared
to full-document regeneration at scale, with mean
reduction of 88.5%. The consistency demonstrates
model-independent efficiency gains.

Editing Quality Analysis. Figure 5 visualizes
quality preservation across models and evaluation
dimensions. LEDGER maintains or improves
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all experimental conditions. Each point represents one
(model, edit type) combination.
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vation (74-80%), reference validity (72-81%), and



Reasoning Level Method Cons. (%) Ref. Val. (%) Pass (%) Tok./Edit |

None FullDoc.  39.28 46.61 28.43 1,521
LEDGER  67.14 69.37 65.82 1,497

L FullDoc.  48.52 55.18 34.64 1,494
oW LEDGER  80.12 82.41 79.33 1,508
Medium Full Doc.  42.67 50.39 30.58 1,837
LEDGER  77.26 79.14 75.49 1,522

Hieh Full Doc.  57.59 67.33 4526 1,910
g LEDGER  78.08 79.46 7719 1,653

Table 2: GPT-5.2 performance across reasoning efforts.

edit quality (70-83%). The heatmap shows con-
sistent performance across model families with no
systematic degradation, suggesting benefits stem
from framework architecture rather than model-
specific capabilities.

4.2 Reasoning Effort Analysis

Table 2 presents GPT-5.2 performance across rea-
soning effort levels. LEDGER with low reason-
ing effort achieves 80% consistency substantially
outperforming baseline with high reasoning effort
(57% consistency). This demonstrates that explicit
structural representations can substitute for approx-
imately one level of internal reasoning while us-
ing 70% fewer tokens. LEDGER provides consis-
tent 20-32 percentage point improvements across
all reasoning levels. The baseline exhibits non-
monotonic performance where medium reasoning
(43% consistency) underperforms both low (49%)
and high (57%), suggesting increased computation
without structural guidance can introduce complex-
ity rather than resolve it.

Figure 6 visualizes this reasoning substitution
effect. The left panel shows LEDGER maintains
stable consistency (71-80%) across all reasoning
levels, while baseline exhibits a U-shaped pattern
with medium reasoning (51%) underperforming
both low (58%) and high (57%). The right panel
shows both systems experience increasing token
usage with higher reasoning effort, but LEDGER
consistently requires 11-15% fewer tokens at equiv-
alent levels. The stability of LEDGER across rea-
soning modes indicates that explicit dependency
information provides structural guidance that com-
pensates for limited reasoning capacity, reducing
the burden of inferring relationships through ex-
tended internal deliberation.

4.3 Scalability Analysis

Figure 7 demonstrates that LEDGER maintains
constant token usage averaging 1.5k tokens per
edit across all document lengths from 5K to 100K
tokens, while full-document regeneration scales
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(a) Token Usage Scaling Across Approaches
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Figure 7: Token usage scaling across document editing
approaches.

linearly. At 100K tokens, LEDGER maintains ap-
proximately 1.5k tokens per edit. This constant
time behavior emerges from dependency-aware
graph retrieval’s architectural properties. For each
edit, graph traversal identifies a locally relevant
subset of nodes and retrieves only their content.
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Figure 8: Per-model scalability analysis across six LLM models. All models demonstrate consistent patterns:
LEDGER maintains constant efficiency across document sizes.

Configuration Consistency (%) 1 Ref Valid (%) T Overall Pass (%) 1

LEDGER (Full System) 76.18 76.01 78.06
w/o Dependency Tracking 62.47 65.12 58.69
w/o Graph-based Retrieval 68.33 71.58 65.41
w/o Consistency Verification 71.06 72.44 70.27
GPT-5.2-High (Full Doc) 57.59 67.33 45.26

Table 3: Ablation study removing individual compo-
nents. All three components contribute to overall perfor-
mance, with dependency tracking providing the largest
single contribution.

Crucially, whether the full document contains 50
nodes or 5,000 nodes, the retrieved context size
remains comparable because dependencies are in-
herently local rather than global. A paragraph edit
requires awareness of its containing section, refer-
enced definitions, and downstream citations, but
not the entire document structure. Additional anal-
ysis is provided in Figure 8, where per-model scal-
ability demonstrates architecture-independent con-
stant token usage across all six models.

4.4 Ablation Study

Table 3 isolates the contribution of individual com-
ponents. Removing dependency tracking (relying
only on semantic similarity) reduces consistency
to 62%, a 14 point drop, validating that explicit
tracking of structural edges is crucial. Removing
graph-based retrieval (using full-document context
instead) achieves 68% consistency, indicating that
targeted context selection improves consistency

beyond simply providing more context. Remov-
ing consistency verification achieves 71% consis-
tency, showing that post-edit validation prevents
error propagation. All three components contribute
independently to overall performance.

5 Conclusion

We introduce LEDGER, a framework that address
the context engineering bottleneck in agentic docu-
ment editing through explicit dependency graphs.
By extracting and representing structural and se-
mantic dependencies as typed edges, LEDGER
achieves 76% consistency versus 56% baseline
while reducing token usage. We contribute a cu-
rated benchmark of 1,900 test cases across diverse
document types and edit scenarios, enabling rigor-
ous evaluation of consistency maintenance. Criti-
cally, LEDGER with minimal internal reasoning
substantially outperforms baselines with expen-
sive extended reasoning while using fewer tokens,
demonstrating that explicit structural representa-
tions can substitute for costly computation. This
design principle generalizes to code refactoring,
knowledge bases, and multi-step workflows. Fu-
ture directions include richer dependency detec-
tion incorporating coreference resolution and dis-
course structure, extending to collaborative and
cross-document editing with conflict resolution
mechanisms, and multimodal extensions to pre-
sentations and rich media documents.



Limitations

While LEDGER demonstrates consistent improve-
ments across diverse test cases, several limitations
warrant discussion. First, the framework is opti-
mized for structured documents with clear hier-
archical organization and explicit identifiers (sec-
tions, figures, equations), and may perform sub-
optimally on unstructured content such as cre-
ative writing, conversational text, or documents
lacking consistent formatting conventions. Sec-
ond, our evaluation focuses primarily on English-
language documents; the dependency extraction
protocols may require adaptation for languages
with different syntactic structures, particularly for
implicit dependency detection that relies on coref-
erence resolution. Third, although we demonstrate
generalization across six models, the quality of
dependency extraction and editing operations re-
mains bounded by the underlying LLM’s capa-
bilities—weaker models may produce less accu-
rate dependency graphs, partially offsetting effi-
ciency gains. Fourth, the framework assumes a
relatively stable document structure during edit-
ing sessions; operations that fundamentally reor-
ganize document architecture (e.g., merging chap-
ters, restructuring entire sections) may require full
graph reconstruction rather than incremental up-
dates. Fifth, our experiments focus on single-agent
editing scenarios, and the framework’s behavior
under concurrent multi-agent editing with potential
conflicts requires further investigation. Sixth, while
we evaluate consistency through reference validity
and structural coherence metrics, these may not
fully capture subtle semantic inconsistencies that
human readers would detect. Finally, the constant
token usage achieved by LEDGER represents an
average across test cases; pathological documents
with extremely dense interconnections might re-
quire retrieving larger context subgraphs, though
this remains substantially more efficient than full-
document processing.

Potential Risk

The proposed method’s effectiveness depends crit-
ically on the accuracy of LLM-based dependency
extraction protocols. Errors in identifying explicit
references, implicit dependencies, or semantic re-
lationships during graph construction propagate
through subsequent editing operations, potentially
causing the system to miss critical dependencies or
retrieve irrelevant context. The extraction protocols

require careful prompt engineering and may ex-
hibit inconsistent performance across document do-
mains, with technical specifications having clearer
structural patterns than creative or conversational
content. Additionally, the graph construction and
incremental update processes introduce computa-
tional overhead: while amortized across multiple
edits, the initial graph construction for very large
documents (>100,000 tokens) or documents with
dense interconnections can be time-consuming.
The semantic similarity threshold for RELATED
edges represents a design choice that balances pre-
cision and recall but may require domain-specific
tuning. Furthermore, the method assumes docu-
ment structure can be reliably parsed into DOM
trees, which may fail for poorly formatted docu-
ments, legacy formats, or content with inconsistent
markup. Finally, the framework’s reliance on ex-
ternal graph memory introduces a synchronization
challenge: if the graph becomes desynchronized
from the document state due to external edits or
system failures, consistency guarantees no longer
hold until the graph is reconstructed.

Ethical Considerations

The deployment of Al agents for automated doc-
ument editing raises several ethical concerns that
warrant careful consideration. First, the system’s
ability to maintain cross-document consistency and
propagate changes efficiently could facilitate unau-
thorized modifications or manipulation of collab-
orative documents if access controls are inade-
quate, particularly in settings involving multiple
stakeholders or version-controlled content. Second,
while the framework assists human editors, over-
reliance on automated editing agents may reduce
critical human oversight, potentially allowing er-
rors or inappropriate modifications to propagate
undetected through dependency chains. The LLM-
based dependency extraction and editing compo-
nents may also inherit biases present in their train-
ing data, potentially affecting how relationships are
identified or how edits are formulated across dif-
ferent document types, domains, or writing styles.
Third, the system processes document content to
construct semantic graphs and generate embed-
dings, raising privacy concerns when applied to
sensitive or confidential documents—organizations
must ensure appropriate data handling practices
and consider on-premises deployment for sensi-
tive applications. Fourth, the framework’s effec-



tiveness in maintaining consistency might create
false confidence in fully automated editing work-
flows, whereas human judgment remains essential
for evaluating semantic appropriateness, stylistic
coherence, and domain-specific correctness that
automated systems cannot fully capture. We em-
phasize that LEDGER is designed as an assistive
tool augmenting human editors rather than replac-
ing them, and recommend that deployed systems
include human-in-the-loop verification for critical
editing operations, maintain comprehensive au-
dit trails, and provide transparency about which
modifications were Al-generated versus human-
authored.
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A Dependency Extraction Protocols

This section provides the complete extraction protocols for each dependency type. Each protocol is
designed to operationalize the formal relation definitions from Section 3 through structured constraints
that ensure mathematical rigor.

Remark on the token cost for Graph Construction. Graph construction incurs a one-time cost of
O(n) for document parsing and embedding computation, plus O(n - k) for dependency extraction,
where k is the average number of candidate dependencies per unit (typically 5-10 nearby units for
implicit dependencies, avoiding all-pairs O (n?) computation). For a typical 10K token document with
100 units, this requires approximately 500 pairwise LLM calls for implicit dependency extraction,
completing in 2-3 minutes. This cost is amortized across multiple editing operations on the same
document, with incremental updates (Algorithm 2) adding minimal overhead per edit.

A.1 Explicit Reference Relation (rexp)

Operator definition reminder: re.,(u;,u;) = 1 if and only if there exists a minimal span m C wu; that
explicitly refers to identifier id;.

Extraction Protocol for 7exp:

You are given a text unit u; from a technical document with known identifiers {idy, ..., id,}.

Task: Identify all substrings m C u; that establish explicit references to other units.

Constraints:

1. Explicit naming: The substring m must explicitly and unambiguously refer to another document
unit by identifier (e.g., section number “Section 2.1, equation label “Equation 3”, figure caption
“Figure 5, named definition “Theorem 17).

2. Minimality: The span m must be minimal — removing any token from m must break the reference.
For example, in “as shown in Figure 3 above”, the minimal span is “Figure 3”, not “Figure 3 above”.

3. Surface-level only: Do not infer references that rely on semantic similarity, paraphrasing, or topic
relatedness. Only surface-level, identifier-based references are allowed. For example, “the matrix
operation discussed earlier” is NOT an explicit reference unless it includes an identifier.

4. LaTeX references: Include LaTeX cross-references (e.g., \ref{sec:method}, \eqref{eq:loss},
\cite{smith2020}) as explicit references when the label can be resolved to id;.

Output format: Return a set of pairs {(my,id;, ), (mg,idj,), ...} where each my, is the minimal
substring and id;, is the referenced identifier. If no such spans exist, return an empty set.

l Graph Update Consistency Verification I

Graph Dependency-aware

Construction Retrieval
Document |———— — o

o @g
Hierarchy Editing Agent

I
—
L Connections ‘T/
] “Move Figure 1 from
Instructions Section 2 to Chapter 17

Figure 9: LEDGER workflow for document editing with dependency awareness. The system constructs a semantic
graph from the input document, capturing hierarchical relationships (solid blue lines) and implict, explict and
semantic connections (dotted orange lines). When an edit instruction is received, the graph guides context retrieval
to identify relevant dependencies (highlighted in red). The editing agent applies edits with consistency verification,
and the semantic graph is updated incrementally. Example operations include updating cross-references (e.g., figure
references), reorganizing sections (e.g., update Chapter 1 — 2), and adding examples while maintaining consistency
across all dependent elements.

Updated
Document
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Example:
¢ Input: “The method described in Section 2.1 extends Theorem 4 from (?).”
e Output: (“Section 2.17, “sec-2-17), (“Theorem 4”, “thm-4"), (“(?)”, “cite-jones2019”)

A.2  Implicit Semantic Dependency Relation (7iyp)

Operator definition reminder: 7iyp(u;, ;) = 1 if and only if u; provides semantic prerequisites
necessary to interpret u;.

Extraction Protocol for 7iyp:

You are given two text units (u;, u;) from the same document, where u; appears before u; in document
order.

Task: Determine whether u; is a necessary semantic prerequisite for understanding ;.

Test procedure:

1. Counterfactual removal: Consider u; in isolation, assuming that u; (and only u;) is removed from
the document. All other units remain available.

2. Semantic completeness check: Decide whether u; becomes semantically incomplete, ambiguous,
or ill-defined due to missing content from u;. Specifically, check if u; relies on:

¢ Definitions or terminology introduced in u;

* Mathematical notation or variables defined in u;
 Assumptions, constraints, or problem setup from u;

¢ Conceptual constructs or frameworks established in u;
* Results, lemmas, or intermediate conclusions from u;

3. Specificity requirement: Identify the specific elements in u; that rely on content introduced in u;.
The dependency must be concrete, not merely topical similarity.

4. Generic knowledge exclusion: The dependency must not be resolvable by generic background
knowledge in the domain. For example, if u; uses the term *“gradient descent” and u; defines it, but
gradient descent is common knowledge in machine learning, this does NOT establish 7imp (s, ;).

5. Directionality: Verify that the dependency is strictly directional: u; — w;. The relationship cannot
be bidirectional or circular.

Output format: Return True if all conditions are satisfied, establishing rimp(ui, uj) = 1. Otherwise,
return False. If True, also return the specific elements in u; that depend on u;.
Example:

e u;: “We define the loss function £(60) = Y7 (y; — fo(x:))2”

* u;: “To minimize £(6), we compute the gradient with respect to .”

* Output: True, with dependency elements: {“£(6)”, “loss function definition”}
* Justification: Without u;, the symbol £(6) in u; is undefined.

A.3 Semantic Relatedness Relation (7gem)

Operator definition reminder: 7y (u;,u;) = 1if and only if units u; and u; discuss semantically
related topics, quantified as sim(e;, e;) > 6 where e;, e; are embedding vectors and 6 is a threshold.

Extraction Protocol for rsey,:

You are given a text unit u; of type 7; € {section, paragraph, figure, table, equation}.

Task: Generate a concise summary s; that captures the semantic content of u; for embedding-based
similarity computation.

Type-specific protocols:

For sections (7; = section):
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1. Extract the main claim or thesis of the section (1 sentence)

2. Identify 2-3 key contributions, findings, or concepts introduced

3. Exclude: Structural markers (“In this section...”), transitional phrases, citations
4. Target length: 50-100 tokens

For paragraphs (7; = paragraph):

1. Identify the central idea or main point (1-2 sentences)

2. Include key technical terms or concepts

3. Exclude: Supporting details, examples, citations

4. Target length: 30-50 tokens

For figures (7; = figure):

1. Use the figure caption directly as s;

2. If caption is very long (>100 tokens), extract the first sentence and key technical terms
3. Include figure type (e.g., “graph showing”, “architecture diagram of™)

For tables (7; = table):

1. Use the table caption as s;

2. If caption is uninformative, describe what is being compared or measured (e.g., “Performance
comparison of methods on datasets™)

3. Include column/row headers if they convey key concepts
For equations (7; = equation):
1. Extract any accompanying description or inline explanation

99

2. If no description exists, describe the equation type (e.g., “optimization objective”, “probability
distribution”)

3. Target length: 20-40 tokens

Output format: Return summary s; as a coherent text string. The embedding e; = Embed(s;) is
computed from this summary.

Semantic edge creation: After computing embeddings for all units, create edge (v;, vj, RELATED)
when:

* sim(e;,ej) = m > § where § = 0.7
* (vi,v;) ¢ Erer U Epgp (not already connected by explicit or implicit dependency)
Example:

* Input (section): “This section introduces our novel attention mechanism. We propose a multi-head
cross-attention layer that attends to both encoder and decoder states. Experiments show significant
improvements over baseline transformers.”

* Output: “Novel attention mechanism using multi-head cross-attention over encoder and decoder
states, improving transformer performance.” (18 tokens)
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A.4 Implementation Notes

Validation and quality control:

* For rexp: Validate that all extracted id; exist in the known identifier set {idy, . ..,id, }. Discard any
references to non-existent identifiers.

* For rinp: Apply the protocol to unit pairs (u;, u;) where j < i (i.e., u; precedes v;). The test is
computationally expensive, so prioritize pairs where u; is close to u; in document order (e.g., within
5-10 units).

* For rem: Compute embeddings using a consistent model (e.g., text-embedding-ada-002,
sentence-transformers/all-mpnet-base-v2). The threshold # = (0.7 balances precision (avoid-
ing spurious edges) and recall (capturing true semantic relationships).

Edge priority: When multiple edge types could connect the same unit pair, prioritize: Eggr > Epgp >
FreL . This ensures explicit dependencies take precedence over semantic relationships.

B LEDGER aided Document Editing Examples

B.1 Example Task: Revising a Theorem Statement with Cascading Updates

Task Description: Revise Theorem 2 in Section 3.2 by tightening the revenue bound from O(logn) to
O(1), ensuring all dependent sections remain consistent with the updated statement.

Document Context: A 10,000-token academic paper on dynamic pricing for hotel room allocation,
containing 7 sections with multiple cross-references between theoretical results, algorithm descriptions,
case study validation, and discussion.

B.1.1 Dependency Graph Construction
GUIDE constructs a semantic graph identifying three types of dependencies:

Explicit References:
* Theorem 2 (Section 3.2) < cited by [Section 4.paral, Section 5.para2, Section 6.paral]
e Lemma 1 (Section 3.1) < cited by [Section 3.2.para2, Section 4.para2]
* Equation (5) (Section 2.2) < cited by [Section 3.1.proof, Section 4.para3, Section 5.para3]
Implicit References:
* “the optimality guarantee” (Section 4.paral) — Theorem 2
* “our main theorem” (Section 5.para2) — Theorem 2
* “this bound” (Section 3.2.proof.para2) — Lemma 1
Semantic Dependencies:
* Section 4.paral builds_on Theorem 2 (algorithmic extension)
 Section 5.para2 validates Theorem 2 (empirical confirmation)

* Section 6.paral extends Theorem 2 (multi-hotel generalization)

B.1.2 Edit Execution with Dependency Tracking

GUIDE identifies that modifying Theorem 2 triggers the critical dependency rule: If Theorem 2 changes
— MUST verify [4.paral, 5.para2, 6.paral ]. The agent executes targeted edits in dependency order:
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Step 1: Update Theorem 2 statement (Section 3.2)

Original: “...within O(logn) of the optimal offline benchmark”
Revised: “...within O(1) of the optimal offline benchmark”

Step 2: Update proof outline to align with new bound

Original: “Combining these bounds across n periods and applying harmonic series properties
yields the O(log n) gap”

Revised: “...we charge each deviation to a constant decrease in a suitable potential function,
implying only O(1) total loss”

Steps 3-7: Propagate to dependent sections

* Section 3.2 proof paragraph: Update to “horizon-independent constant bound”

» Section 4.paral: Change “optimality guarantee” to “constant-gap optimality guarantee”
* Section 4.para3: Update reference to “constant-gap guarantee specified in Theorem 2”
* Section 5.para2: Replace “O(log n) bound” with “O(1) bound”

» Section 6.paral: Insert “preserving the constant additive gap”

B.1.3 Efficiency Analysis
Token Utilization:

e Total document: 10,000 tokens

¢ Retrieved context: ~1,200 tokens (12% of document)

— Theorem 2 statement and proof
— Explicit dependencies: [4.paral, 4.para3, 5.para2, 6.paral]
— Implicit reference text

* Processing overhead: 7 targeted paragraph replacements

Comparison to Baseline Approaches:

* Full document rewrite: Would require processing all 10,000 tokens, with risk of introducing
inconsistencies in unrelated sections

* Local edit without dependency tracking: Would update Theorem 2 but miss the 6 dependent
references, breaking document consistency

* GUIDE approach: Processes 12% of document tokens while maintaining global consistency through
explicit dependency tracking

B.1.4 Consistency Verification

GUIDE ensures consistency across multiple dimensions:

1. Referential Integrity: All explicit citations to Theorem 2 now correctly describe the O(1) bound

2. Semantic Coherence: Algorithm design and case study sections align with the tightened theoretical
guarantee

3. Proof Validity: Proof outline mechanism (potential-based charging) supports the stronger constant
bound

4. Terminology Consistency: Uniform use of “constant additive gap” and “O(1) bound” throughout
dependent sections

The edit preserves document flow while implementing a substantial theoretical improvement that
cascades through algorithm description, empirical validation, and discussion sections—demonstrating
GUIDE’s capability to maintain consistency in complex, interconnected technical documents.
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C Evaluation Metrics and Examples

This appendix provides formal definitions of the evaluation metrics used to assess LEDGER performance,
along with concrete examples from our benchmark dataset illustrating how each metric is evaluated.

C.1 Metric Definitions

We evaluate system performance across seven complementary metrics organized into three categories:
dependency awareness, efficiency, and quality.
Dependency Awareness Metrics:

* Dependency Detection (Explicit): Measures whether the system correctly identifies all explicit
references in the document, including section citations (“‘Section 3.2”), figure references (“Figure
17), table references (“Table 2), equation citations (“Equation (1)), and algorithm references
(“Algorithm 17). This metric is computed as the percentage of explicit references correctly identified
and included in the retrieved context.

* Dependency Detection (Implicit): Measures whether the system correctly resolves implicit refer-

LR N3

ences such as anaphoric expressions (“this approach”, “the metric”, “these results”) and contextual
29 13

references (“the preceding computation”, “as described earlier””). This metric is computed as the
percentage of implicit references correctly resolved to their referents.

* Dependency Detection (Semantic): Measures whether the system recognizes semantic relationships
between document elements that lack explicit citations, such as conceptual dependencies (one section
building on another), comparisons (contrasting methods), and synthesis (combining results). This
metric is computed as the percentage of semantic dependencies correctly identified through graph
edges.

Efficiency Metrics:

» Token Efficiency: Measures the ratio of tokens retrieved for an edit operation to the total document
size. An efficient system retrieves only the minimal context necessary for consistency. This metric
is computed as: Token Efficiency = Totzlf’]k)?cﬁlzt:fﬁgens x 100%. Lower percentages indicate higher

efficiency, with typical values ranging from 10 to 15% for LEDGER versus 100% for full document
approaches.

Quality Metrics:

* Reference Validity: Measures whether all explicit references (section numbers, figure citations,
table references) remain correct after an edit operation. This metric is computed as the percentage
of explicit references that correctly resolve to their intended targets after modifications. A broken
reference (e.g., citing “Figure 3” when only Figures 1 and 2 exist) constitutes a failure.

* Consistency Preservation: Measures whether edits maintain semantic coherence with dependent
content. This includes verifying that implicit references remain meaningful, terminology changes
propagate to dependent sections, and semantic relationships remain valid. This metric is computed
as the percentage of dependent elements that remain consistent with the edited content.

* Edit Quality: Measures whether the edit correctly addresses the instruction while maintaining
appropriate style, clarity, and factual accuracy. This metric is computed through comparison with
gold standard human edits, assessing whether the modification achieves the stated goal without
introducing errors or unintended changes.

C.2 Evaluation Examples

We present three representative examples from our benchmark dataset to illustrate how these metrics are
applied in practice.
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C.2.1 Example 1: Local Paragraph Refinement

Scenario: Academic paper (12K tokens) with 6 sections. Edit instruction: “Improve the clarity
of the second paragraph in Section 4.1 (Limitations) by presenting a more balanced discussion of
memory overhead and suggesting potential mitigation strategies.”

Document Structure:

» Explicit references: Figure 2 cited in 4 locations; Definition “token efficiency” cited in 2
locations; Algorithm 1 cited in 3 locations

* Implicit references: “the metric” in Section 4.1 refers to Definition “token efficiency”

* Semantic dependencies: Section 4.1 builds on Algorithm 1; Section 5 synthesizes findings from
Section 4

Metric Evaluation:

Dependency Detection (Explicit): System must identify that Figure 2 appears in paragraphs 1.3, 3.2.2,
4.1, and 5.2; Algorithm 1 appears in sections 2.2 and 4.1; Definition “token efficiency” appears in sections
3.1 and 4.1. Pass criterion: All 5 explicit reference types correctly identified.

Dependency Detection (Implicit): System must resolve that “the metric” in Section 4.1 paragraph 2
refers to Definition “token efficiency” in Section 3.1, requiring coreference resolution across sections.
Pass criterion: Implicit reference correctly resolved and included in context.

Dependency Detection (Semantic): System must recognize that Section 4 paragraph 1 semantically
compares baseline methods with the Local Refinement Module from Section 3.2, despite no explicit
citation. Pass criterion: Semantic comparison relationship detected.

Token Efficiency: System should retrieve: Section 4.1 second paragraph (target, 150 tokens) + Definition
“token efficiency” (80 tokens) + Algorithm 1 (200 tokens) + Figure 2 caption (70 tokens) + Table 1 caption
(50 tokens) = approximately 550 tokens. Pass criterion: Retrieved tokens < 1,500 tokens (12.5% of 12K
document).

Reference Validity: After refinement, all explicit references in Section 4.1 paragraph 2 must correctly
resolve: Algorithm 1 still exists, Definition “token efficiency” still exists, Section 3.1 still exists. Pass
criterion: All explicit references remain valid.

Consistency Preservation: Updated paragraph must maintain coherence with the implicit reference
“the metric” and align with the memory overhead discussion in Section 5 paragraph 2. Pass criterion: No
semantic contradictions introduced.

Edit Quality: Paragraph provides balanced discussion of memory overhead, adds at least one concrete
mitigation strategy (e.g., “implementing lazy loading of intermediate matrices”), and improves clarity
without altering factual content. Pass criterion: Instruction requirements satisfied, no factual errors.

C.2.2 Example 2: Content Addition with Dependencies

Scenario: Technical document (5K tokens) explaining credit risk calculations. Edit instruction:
“Insert a concrete example illustrating the Probability of Default (PD) component of the Expected
Credit Loss calculation at the end of the second paragraph of Section 3.1.”

Document Structure:

» Explicit references: Figure 2 cited in Overview, Section 3.1, Section 4.1, Section 6; Equation
(1) in Section 3.1

* Implicit references: “the preceding computation” in Section 3.2 refers to Equation (1)

» Semantic dependencies: Section 6 compares Section 3 methodology with legacy approaches

Metric Evaluation:
Dependency Detection (Explicit): System identifies explicit references to Figure 2 in 4 locations, Table
1 in 3 locations, Equation (1) in Section 3.1, and Definition PD in Section 2.2. Pass criterion: All explicit
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references in relevant sections identified.

Dependency Detection (Implicit): System resolves that “the preceding computation” in Section 3.2
paragraph 2 refers to Equation (1) in Section 3.1, ensuring the new example aligns with this implicit
reference. Pass criterion: Implicit reference correctly resolved.

Dependency Detection (Semantic): System recognizes that Section 6 paragraph 2 semantically compares
Section 3 methodology with legacy spreadsheet approaches, despite no explicit citations. The new example
may affect this comparison. Pass criterion: Semantic comparison relationship detected.

Token Efficiency: System should retrieve: Section 3.1 all paragraphs (300 tokens) + Definition PD from
Section 2.2 (50 tokens) + Table 1 (60 tokens) + Equation (1) (40 tokens) + Figure 2 caption (50 tokens) =
approximately 500 tokens. Pass criterion: Retrieved tokens < 10% of 5K document (500 tokens).

Reference Validity: All explicit references (Figure 2, Table 1, Equation (1), Definition PD, Section 2.2)
must remain valid after inserting the new example. No renumbering should be triggered. Pass criterion:
All explicit references still resolve correctly.

Consistency Preservation: The implicit reference “the preceding computation” in Section 3.2 and
semantic comparisons in Section 6 remain accurate after example insertion. The new content must not
contradict existing methodology descriptions. Pass criterion: No contradictions with implicit or semantic
dependencies.

Edit Quality: The inserted example clearly demonstrates PD calculation using a simple numerical
scenario (e.g., “For a borrower with credit score 650 and debt ratio 0.4, the estimated PD is 2.3%"),
is positioned correctly after Section 3.1 paragraph 2, and uses consistent terminology. Pass criterion:
Example is clear, concrete, and properly positioned.

C.2.3 Example 3: Cross-Reference Update

Scenario: API documentation (20K tokens) with code examples. Edit instruction: “Update the
signature of the reserveRoom endpoint in Section 3.2 from reserveRoom(hotelld, guestInfo) to
reserveRoom(hotel_id, guest_profile) and make sure every code example and reference throughout
the document is updated consistently.”

Document Structure:

» Explicit references: Figure 1 cited in 3 locations; Endpoint “/api/v1/reserveRoom” in 3 code
listings; Listings 2 and 3 cited in 2 locations

* Implicit references: “this endpoint” in Section 4.1 refers to Section 3.2; “the previous signature”
in Section 6 refers to old parameter names

* Semantic dependencies: Listing 3 builds on authentication flow; Section 5 compares reserve-
Room vs cancelBooking

Metric Evaluation:

Dependency Detection (Explicit): System identifies all explicit references: Figure 1 in sections 1.2, 3.1,
and 4.1; Endpoint “/api/v1/reserveRoom” in Listings 2, 3, and Section 5.1; Table 1 in sections 2.2, 4.1.3,
and 4.2.4. Pass criterion: All explicit references to endpoint and parameters identified.

Dependency Detection (Implicit): System resolves: “this endpoint” in Section 4.1 paragraph 2 refers
to Section 3.2 reserveRoom definition; “these examples” in Section 5 paragraph 2 refers to Listings 2
and 3; “the previous signature” in Section 6 paragraph 1 refers to reserveRoom(hotelld, guestinfo). Pass
criterion: All implicit references correctly resolved.

Dependency Detection (Semantic): System infers: Listing 3 builds on authentication flow from Section
4.2; Section 5 paragraph 3 compares reserveRoom versus cancelBooking semantically; Section 4.1
paragraph 3 synthesizes Table 1 with Listing 2 output. Pass criterion: Semantic dependencies identified.

Token Efficiency: System should retrieve: Section 3.2 endpoint definition (200 tokens) + Listings 2 and
3 (400 tokens each) + all paragraphs referencing endpoint or parameters (600 tokens) + changelog line
(50 tokens) = approximately 1,650 tokens. Pass criterion: Retrieved tokens < 10% of 20K document
(2,000 tokens).
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Reference Validity: After updating parameter names from camelCase to snake_case, all explicit
references must still resolve correctly: Figure 1 references unchanged, endpoint path unchanged, listing
citations unchanged. Pass criterion: All explicit references remain valid.

Consistency Preservation: Implicit references (“this endpoint”, “the previous signature”) and semantic
comparisons remain meaningful after parameter name changes. Text referring to “hotelld” must be
updated to “hotel_id” throughout. Pass criterion: Terminology changes propagated to all dependent text.

Edit Quality: reserveRoom signature updated in definition and all code examples (Listings 2, 3, and
inline examples); code compiles without errors; explanatory text aligns with new parameter names using
snake_case convention consistently. Pass criterion: All occurrences updated, code valid, terminology
consistent.

C.3 Metric Computation

For each test case, we compute metrics through automated validation:

Dependency Detection Metrics: We programmatically compare the set of dependencies identified by
the system against the ground truth dependency annotations in each test case. For explicit references, we
extract all citations using pattern matching (e.g., “Figure \d+”, “Section \d+.\d+”). For implicit references,
we verify that anaphoric expressions resolve to the correct antecedents through coreference chains. For
semantic dependencies, we check that the graph contains edges representing conceptual relationships
marked in the ground truth.

Token Efficiency: We measure the total number of tokens in the context provided to the model for each
edit operation and compute the ratio to total document size. This is measured directly through tokenization
of the retrieved content.

Reference Validity: We parse the edited document to extract all explicit references and verify that each
reference target exists in the updated document. For example, a citation to “Figure 3" must correspond to
an actual figure with that identifier. References are validated through programmatic document structure
analysis.

Consistency Preservation: We check that implicit references remain resolvable and that terminology
changes propagate correctly. For example, if a definition is modified, we verify that dependent sections
using that term are also updated. We also check semantic coherence by comparing embeddings of related
sections to ensure similarity remains above threshold 0 = 0.7.

Edit Quality: For a subset of 200 test cases, we compare system outputs against gold standard human
edits. We assess whether the modification achieves the instruction goal, maintains appropriate style and
tone, preserves factual accuracy, and introduces no unintended changes. Quality scores are aggregated
across these dimensions.

Final scores for each metric represent the percentage of test cases that meet the pass criterion, averaged
across all applicable test cases and models.

D Benchmark Construction

We construct a comprehensive benchmark to evaluate consistency preservation, efficiency, and scalability
in agentic document editing. This appendix describes the test scenario taxonomy, document generation
process, and evaluation framework.

D.1 Benchmark Overview

Our benchmark comprises 1,900 test cases spanning seven categories of editing operations, designed to
systematically evaluate agent performance across diverse document structures, edit complexities, and
document sizes. Each test case consists of: (1) a source document with explicit structure and dependencies,
(2) a natural language editing instruction, (3) ground-truth expected modifications, and (4) validation
criteria for consistency, quality, and efficiency.

The benchmark is designed around the core challenges of document editing identified in Section 1:
maintaining cross-references during modifications, preserving semantic consistency across dependent
sections, and scaling efficiently with document size. Test cases range from localized refinements with
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minimal dependencies to structural reorganizations requiring global updates, enabling fine-grained analysis
of system capabilities.

D.2 Test Scenario Taxonomy

We organize test scenarios into seven categories, each targeting specific aspects of dependency-aware
editing.

D.2.1 Category 1: Local Refinement Edits

Local refinements modify specific paragraphs or sections with minimal cross-document dependencies.
These scenarios evaluate whether systems can apply targeted improvements without unnecessary context
retrieval or unintended modifications to unrelated content.

Subcategories:

» Paragraph and section refinement (120 cases): Instructions targeting clarity improvements, argu-
ment strengthening, or content simplification within localized scope. Examples include “Improve the
clarity of the second paragraph in Section 3.2” and ‘“Make the proof in Section 4.1 more concise
while preserving logical steps.” These test the system’s ability to retrieve minimal context (target
paragraph plus containing section) while avoiding unnecessary full-document processing.

* Local content enhancement (80 cases): Adding examples, definitions, or explanatory text within
sections. Examples include “Add a concrete example demonstrating the algorithm after its description
in Section 3.1” and “Insert a worked example illustrating the calculation process.” These test whether
systems can identify the appropriate insertion point and maintain local coherence without disrupting
document structure.

* Error correction (60 cases): Fixing typos, incorrect values, broken references, or outdated infor-
mation. Examples include “Fix the typo in the third paragraph of Section 2.1 and “Correct the
incorrect parameter value in the code example.” These test precision in locating and modifying
specific elements without introducing unintended changes.

Expected behavior: Systems should retrieve only the target section and immediate structural context,
typically 200-800 tokens. Consistency requirements are minimal since dependencies are local. Token
efficiency is the primary evaluation focus.

D.2.2 Category 2: Cross-Reference Dependent Edits

Cross-reference edits modify content that is referenced by or depends on multiple other sections, requiring
the system to identify and update all dependent locations.
Subcategories:

* Figure and table caption updates (80 cases): Modifying captions for elements referenced through-
out the document. Example: “Update Figure 3’s caption to clarify the x-axis label” where Figure
3 appears in 4-6 sections. Tests whether the system identifies all referencing sections and includes
them in context to verify descriptions remain accurate.

* Definition and terminology changes (70 cases): Revising definitions or changing terminology used
consistently across the document. Example: “Revise the definition of "token efficiency’ in Section
2.1 to add precision” where the term appears in 5-8 locations. Tests both explicit reference tracking
(e.g., “see Section 2.1 for the definition”) and implicit usage (paragraphs relying on the definition
without citation).

* API and code example updates (60 cases): Changing function signatures, parameter names, or
code structures used in multiple examples. Example: “Update the reserveRoom endpoint signature
from reserveRoom(hotelld, guestInfo) to reserveRoom(hotel_id, guest_profile) throughout all code
examples.” Tests tracking of both explicit code references and implicit dependencies where examples
build on earlier code.
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* Theorem and mathematical content updates (50 cases): Modifying theorems, lemmas, or equa-
tions referenced in proofs or derivations. Example: “Revise Theorem 2’s bound from O(n log n)
to O(n) and verify dependent proofs remain valid.” Tests mathematical dependency tracking and
semantic coherence validation.

 Citation and bibliography updates (40 cases): Modifying citation formats, adding/removing
references, or updating bibliography entries. Example: “Change all citations to use APA format
instead of ACM format.” Tests systematic updates across the document while maintaining reference
integrity.

Expected behavior: Systems should identify all sections containing explicit references (via REFERENCES
edges), implicit dependencies (via DEPENDS edges), and semantically related content (via RELATED edges).
Context retrieval should be proportional to the number of dependencies (typically 800-2,000 tokens for
elements with 4-6 references). Consistency preservation is the primary evaluation focus.

D.2.3 Category 3: Structural Reorganization

Structural reorganizations involve section reordering, merging, splitting, or hierarchy changes that require
updating all cross-references and maintaining document coherence.
Subcategories:

* Section reordering (60 cases): Moving sections to different positions while updating numbering
and cross-references. Example: “Move Section 5 to appear before Section 3” requires updating all
references like “as described in Section 5 and renumbering subsequent sections. Tests whether
systems track both forward and backward references.

* Section merging and splitting (50 cases): Combining or dividing sections while maintaining
hierarchy. Example: “Split Section 4 into two sections: ’Methodology Overview’ and ’Imple-
mentation Details” requires updating section numbers, redistributing subsections, and adjusting
cross-references. Tests hierarchical consistency maintenance.

* Section deletion and addition (30 cases): Removing or inserting sections while updating references.
Example: “Delete Section 3.2 and merge its content into Section 3.1” requires identifying all
references to 3.2, updating them to reference 3.1, and renumbering subsequent subsections. Tests
dangling reference detection.

» Hierarchy restructuring (20 cases): Changing nesting levels and parent-child relationships. Ex-
ample: “Promote all subsections of Section 4 to be top-level sections” requires restructuring the
containment hierarchy and updating all hierarchical references. Tests CONTAINS edge maintenance.

Expected behavior: Systems should retrieve the entire structural hierarchy affected by the reorganization,
including all sections with references to moved/modified sections. Token usage varies significantly
(1,500-4,000 tokens) based on reorganization scope. Both structural integrity and reference validity are
critical evaluation dimensions.

D.2.4 Category 4: Content Addition with Integration

Content addition scenarios require inserting new material that integrates coherently with existing structure,
maintaining appropriate cross-references and dependencies.
Subcategories:

* Example and illustration addition (60 cases): Inserting examples, case studies, or visual elements
that reference existing content. Example: “Add a detailed walkthrough example demonstrating the
three-phase workflow described in Section 2” requires understanding the workflow definition and
creating consistent terminology and structure.

* New subsection addition (40 cases): Adding complete subsections that extend existing sections.
Example: “Insert a new subsection comparing the proposed approach with the baseline method after
Section 4.1” requires understanding both approaches and maintaining consistent comparison criteria.
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* Cross-cutting content addition (20 cases): Adding content that synthesizes or references multiple
existing sections. Example: “Add a paragraph synthesizing findings from Sections 3, 4, and 5 at
the beginning of Section 6” requires retrieving context from all referenced sections and maintaining
semantic coherence.

Expected behavior: Systems should retrieve all sections referenced in the instruction plus semantically
related content to ensure stylistic and terminological consistency. Context retrieval should scale with
the number of sections involved (800-1,800 tokens). Coherence with existing content is the primary
evaluation focus.

D.2.5 Category 5: Multi-Round Iterative Editing

Iterative editing scenarios simulate realistic collaborative writing workflows with sequences of 3-5
dependent edits, where each edit builds on previous modifications.
Subcategories:

* Sequential refinement workflow (40 cases): Progressive refinements to improve content quality.
Example: Three-step sequence: (1) “Revise Section 3.2 to emphasize the key contribution,” (2)
“Add supporting experimental evidence after the revised paragraph,” (3) “Strengthen connections
between Section 3.2 and the results in Section 5.” Tests whether the graph updates incrementally and
subsequent edits have access to previous modifications.

¢ Iterative restructuring workflow (35 cases): Multiple structural changes building on each other.
Example: Three-step sequence: (1) “Move Section 4 earlier,” (2) “Merge it with Section 2,” (3) “Add
new content to the merged section.” Tests incremental graph updates and consistency maintenance
across multiple structural operations.

* Content development workflow (35 cases): Incremental content addition across sections. Example:
Three-step sequence: (1) “Add a definition of "context efficiency’ in Section 2,” (2) “Add an example
using this definition in Section 3,” (3) “Reference both the definition and example when discussing
results in Section 5.” Tests dependency creation and tracking across editing rounds.

* Complete revision workflow (50 cases): End-to-end revision cycles combining multiple edit types.
Example: Four-step sequence: (1) “Revise the introduction,” (2) “Update Figure 2’s caption,” (3)
“Strengthen the argument in Section 4,” (4) “Reorganize section order.” Tests sustained consistency
over complex editing workflows.

Expected behavior: Systems must update the dependency graph after each edit and use the updated
graph for subsequent operations. Token usage should remain constant per edit even as document state
evolves. Overall consistency across the editing sequence is the primary evaluation focus.

D.2.6 Category 6: Scalability Test Scenarios

Scalability scenarios apply identical editing operations to documents of varying lengths (5K, 10K, 20K,
50K, 100K tokens) to test whether token usage remains constant as document size increases.
Test configurations:

* Local edits across sizes (20 operations x 5 sizes = 100 cases): Simple refinements like “Improve
clarity of a paragraph in Section 3.2.” Expected token usage should remain constant ( 500 tokens)
regardless of document size.

* Cross-reference edits across sizes (10 operations x 5 sizes = 50 cases): Dependency-heavy edits
like “Update Figure 3’s caption” where the figure is referenced in 4-6 sections (constant across
document sizes). Expected token usage should remain constant ( 1,500 tokens) even though total
document size varies by 20x.

* Structural edits across sizes (10 operations x 5 sizes = 50 cases): Reorganizations like “Move
Section 5 to appear before Section 3.” Expected token usage should scale sublinearly, retrieving only
affected sections rather than the entire document.
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Expected behavior: Token usage should remain constant or scale sublinearly with document size,
demonstrating O(1) rather than O(|D|) behavior. This validates the core efficiency claim that dependency-
aware retrieval enables scalable editing.

D.2.7 Category 7: Consistency Critical Scenarios

Consistency-critical scenarios are designed as pass/fail tests where any consistency violation (broken
reference, terminology mismatch, semantic contradiction) constitutes failure.
Subcategories:

» Cascading reference updates (50 cases): Edits that should trigger automatic updates in all depen-
dent locations. Example: “Rename Section 4 to ’Experimental Methodology’ ” should update all
references like “see Section 4” or “as described in the Methods section.” Failure modes include:
missing references, partially updated references, or broken cross-reference links.

* Dependency chain edits (30 cases): Modifications to foundational content that affects derived
content. Example: “Modify the definition of ’retrieval precision’ in Section 2 to include a threshold
parameter” should propagate to all calculations, examples, and results using this metric. Failure
modes include: orphaned dependencies, inconsistent terminology, or contradictory statements.

* Structural integrity tests (40 cases): Reorganizations that could violate hierarchy if not handled
correctly. Example: “Delete Section 3 which contains subsections 3.1, 3.2, 3.3” should properly
handle the child sections (either delete them or promote them). Failure modes include: orphaned
subsections, broken containment relationships, or incorrect section numbering.

Expected behavior: Systems must achieve 100% consistency on these test cases. Any broken reference,
terminology inconsistency, or structural violation is considered a failure. These cases validate the reliability
of dependency tracking and consistency verification mechanisms.

D.3 Document Generation Process

We generate synthetic documents with controlled structure and dependencies to enable systematic evalua-
tion.

Document structure: Each document follows a hierarchical structure with 5-12 top-level sections, 2-5
subsections per section, and 3-8 paragraphs per subsection. Documents include structural elements
(sections, paragraphs), referenced elements (figures, tables, equations), and semantic content (definitions,
examples, proofs). We ensure controlled dependency density: each figure/table is referenced by 4-6
paragraphs, each definition is used in 5-8 locations, and each theorem is cited by 2-4 dependent results.
Size variations: We generate five document size categories by varying content length while maintaining
consistent structural complexity:

* Small (5K tokens): 5 sections, 15 subsections, 60 paragraphs

* Medium (10K tokens): 7 sections, 21 subsections, 100 paragraphs

* Large (20K tokens): 9 sections, 30 subsections, 150 paragraphs

* Very large (50K tokens): 11 sections, 40 subsections, 250 paragraphs
* Extreme (100K tokens): 12 sections, 50 subsections, 400 paragraphs

Dependency injection: We programmatically inject dependencies during document generation to ensure
reproducibility. Explicit references are inserted using templates (“as shown in Figure X”, “see Section Y”).
Implicit dependencies are created through pronoun chains and contextual references (“This approach...”,
“The aforementioned method...”). Semantic relationships emerge from topical coherence within sections
and subsections discussing related concepts.

Ground truth: For each test case, we generate ground-truth expected modifications by applying the
edit operation programmatically to the document structure. For reference-updating edits, we identify all
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affected locations through dependency analysis. For structural reorganizations, we recompute section
numbering and update all cross-references. For content additions, we specify insertion points and expected
integration patterns. This ground truth enables automated evaluation metrics described below.

D.4 Benchmark Statistics

Table 4 summarizes the distribution of test cases across categories and complexity levels.

Category Cases Avg. Deps Avg. Tokens
Local Refinement 260 1.2 650
Cross-Reference 300 5.8 1,520
Structural Reorg. 160 8.4 2,350
Content Addition 120 3.6 980
Iterative Editing 160 4.2 1,180
Scalability Tests 780 2-6 500-2,800
Consistency Critical 120 6.5 1,640
Total / Average 1,900 4.7 1,380

Table 4: Benchmark statistics. “Avg. Deps” indicates average number of dependency edges per target element.
“Avg. Tokens” indicates expected context size for optimal retrieval. Scalability tests span multiple document sizes,
hence the range.

Dependency complexity distribution: 35% of test cases involve localized edits with <2 dependencies
(testing efficiency), 45% involve moderate dependencies with 3-8 dependent sections (testing consistency),
and 20% involve high-complexity scenarios with >8 dependencies or structural reorganizations (testing
scalability and robustness). This distribution ensures comprehensive coverage of real-world editing
complexity.

Document type distribution: Documents are evenly distributed across four domains to test generalization:
technical reports (25%, emphasis on figures and algorithms), research papers (25%, emphasis on theorems
and proofs), API documentation (25%, emphasis on code examples and specifications), and policy
documents (25%, emphasis on cross-referencing and hierarchical structure). Domain diversity ensures the
evaluation does not overfit to specific document styles.

D.5 Evaluation Protocol

For each test case, we measure four dimensions aligned with our optimization objectives (Section 3):

1. Consistency preservation: We compute three sub-metrics: (a) Reference validity checks whether all
cross-references resolve correctly after edits (e.g., “‘see Section 4” still points to an existing Section 4), (b)
Terminology consistency verifies that all usages of modified terms or definitions remain aligned, and (c)
Semantic coherence ensures no contradictions are introduced between dependent sections. Consistency is
measured as the percentage of test cases where all three sub-metrics pass.

2. Token efficiency: We measure tokens per edit as the sum of input context tokens (document content
provided to the LLM) and output tokens (generated modifications). For scalability tests, we additionally
compute the scaling coefficient by fitting token usage as a function of document size and verifying it
approaches O(1) rather than O(|D]).

3. Edit quality: We assess whether modifications correctly address the instruction using LLM-as-judge
evaluation. A subset of 200 test cases includes human-annotated gold-standard edits for validation. Quality
is measured as the percentage of test cases where the edit satisfies the instruction without introducing
eITors.

4. Overall pass rate: We compute the percentage of test cases passing all criteria (consistency, efficiency
within expected bounds, and quality), representing end-to-end system reliability.

Automated validation: We implement programmatic validators for consistency metrics:

* Reference validator: Parses all cross-references (“Section X”, “Figure Y”, “Theorem Z”) and
verifies targets exist with correct identifiers
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» Terminology validator: Extracts key terms from definitions and verifies consistent usage across all
mentions

 Hierarchy validator: Checks section numbering sequences, parent-child relationships, and contain-
ment consistency

* Semantic validator: Uses LLM-based entailment checking to detect contradictions between depen-
dent sections

These automated validators enable large-scale evaluation across 1,900 test cases while maintaining
reproducibility and consistency with human judgments (validated on the 200-case human-annotated subset
with 94% agreement).

E Pseudocode for LEDGER Algorithm
E.1 GUIDE Algorithm Details

We provide detailed algorithms for the three core components of LEDGER: semantic graph construction,
dependency-aware context retrieval, and incremental consistency verification.

E.1.1 Semantic Graph Construction

Algorithm 1 describes how LEDGER constructs and maintains the semantic dependency graph.

The algorithm constructs a semantic graph in three steps. First, it extracts explicit references through
pattern matching for citations like “Theorem 2”, “Equation (5)”, and “Figure 1” (lines 6-13). Second,
it detects implicit references through coreference resolution to identify anaphoric expressions like “this
bound” or “the lemma above” (lines 14-18). Third, it computes semantic embeddings using DistilBERT
and connects nodes with high cosine similarity (¢ = 0.7) that lack explicit connections (lines 19-28). The
graph construction completes in 2-3 seconds for a typical 50-page paper with 150 semantic units, while
incremental updates after edits complete in under 200ms by reprocessing only modified nodes.

E.1.2 Dependency-Aware Context Retrieval

Algorithm 2 describes how LEDGER efficiently retrieves relevant context for each edit operation.

The algorithm retrieves context in four steps. First, it identifies target nodes either through explicit
mentions (e.g., “Section 3.2”") or semantic similarity for ambiguous instructions (lines 4-11). Second, it
expands to include all nodes connected by dependency edges, capturing both upstream context (what the
target relies on) and downstream impacts (what depends on the target) (lines 12-16). Third, it prioritizes
nodes using an additive scoring scheme: direct targets (100 points), explicit references (50 points, critical
for consistency), implicit dependencies (30 points), and semantic relations (10 points, optional context)
(lines 17-28). Fourth, it packs content in priority order until the token budget B is exhausted (lines 29-38).
This approach typically retrieves 10-15% of document tokens while ensuring all critical dependencies are
included, as demonstrated in the Appendix example where only 1,200 of 10,000 tokens were needed.

E.1.3 Consistency Verification
Algorithm 3 describes how LEDGER validates document consistency after edits.

F Potential Risk

Risks. The proposed method’s effectiveness depends critically on the accuracy of LLM-based depen-
dency extraction protocols. Errors in identifying explicit references, implicit dependencies, or semantic
relationships during graph construction propagate through subsequent editing operations, potentially
causing the system to miss critical dependencies or retrieve irrelevant context. The extraction protocols
require careful prompt engineering and may exhibit inconsistent performance across document domains,
with technical specifications having clearer structural patterns than creative or conversational content.
Additionally, the graph construction and incremental update processes introduce computational overhead:
while amortized across multiple edits, the initial graph construction for very large documents (>100,000
tokens) or documents with dense interconnections can be time-consuming. The semantic similarity
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threshold for RELATED edges represents a design choice that balances precision and recall but may
require domain-specific tuning. Furthermore, the method assumes document structure can be reliably
parsed into DOM trees, which may fail for poorly formatted documents, legacy formats, or content
with inconsistent markup. Finally, the framework’s reliance on external graph memory introduces a
synchronization challenge: if the graph becomes desynchronized from the document state due to external
edits or system failures, consistency guarantees no longer hold until the graph is reconstructed.

G Ethical Considerations

The deployment of Al agents for automated document editing raises several ethical concerns that warrant
careful consideration. First, the system’s ability to maintain cross-document consistency and propagate
changes efficiently could facilitate unauthorized modifications or manipulation of collaborative documents
if access controls are inadequate, particularly in settings involving multiple stakeholders or version-
controlled content. Second, while the framework assists human editors, over-reliance on automated
editing agents may reduce critical human oversight, potentially allowing errors or inappropriate modi-
fications to propagate undetected through dependency chains. The LLM-based dependency extraction
and editing components may also inherit biases present in their training data, potentially affecting how
relationships are identified or how edits are formulated across different document types, domains, or
writing styles. Third, the system processes document content to construct semantic graphs and generate
embeddings, raising privacy concerns when applied to sensitive or confidential documents—organizations
must ensure appropriate data handling practices and consider on-premises deployment for sensitive appli-
cations. Fourth, the framework’s effectiveness in maintaining consistency might create false confidence in
fully automated editing workflows, whereas human judgment remains essential for evaluating semantic
appropriateness, stylistic coherence, and domain-specific correctness that automated systems cannot fully
capture. We emphasize that LEDGER is designed as an assistive tool augmenting human editors rather
than replacing them, and recommend that deployed systems include human-in-the-loop verification for
critical editing operations, maintain comprehensive audit trails, and provide transparency about which
modifications were Al-generated versus human-authored.
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Algorithm 1 Semantic Graph Construction

W W W W W W WK N NERNENIRDINRDN = — — = e e e

WX RN R

Input: Document D, Previous graph G = (V, E))
Output: Updated graph G' = (V', E')

V' <« ParseSemanticUnits( D) {Extract sections, paragraphs, equations, figures}

// Step 1: Build explicit reference edges
Eexplicit — @
for each node v; € V'’ do
refs < ExtractReferences(v;) {e.g., "Theorem 2", "Equation (5)", "Figure 1"}
for cach reference r in refs do
v;j < ResolveTarget(r, V')
Eexplicit — Eexplicit U {(Ui, vj, REFERENCES)}
end for

. end for

: // Step 2: Build implicit reference edges

¢ Eimplicit < 0

. anaphora +— DetectAnaphoricExpressions(V’) {e.g., "this bound", "the lemma"}
: for each (v;, expr, v;) in anaphora do

Eimplicit <= Fimplicit U {(Uiy Vg, DEPENDS)}

: end for

: // Step 3: Build semantic dependency edges
: Esemantic — @
. for each node v; € V' do

v;.embedding <— Embed(Summary(v;)) {DistilBERT embeddings}

: end for
: for each pair (v;,v;) where i # j do

sim <— CosineSimilarity (v;.embedding, vj.embedding)

if sim > 0 and no explicit/implicit edge exists then
Esemantic < Esemantic U {(Ui7 Vj, RELATED)}

end if

. end for

D B Eexplicit U Eimplicit U Esemantic
: return G' = (V' E')
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Algorithm 2 Dependency-Aware Context Retrieval
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Input: Edit instruction £, Graph G = (V, E), Token budget B
Output: ContextC C V

// Step 1: Identify target nodes

Marget —0

if £ specifies explicit target (e.g., "Section 3.2") then
Narget < {ResolveNode (€ .target, V) }

else
eg < Embed(& .instruction)
Marget < TopKSimilar(eg, V, k = 3)

. end if

: // Step 2: Expand to dependencies
: N deps < Marget
: for each v € Myreer do

Naeps = Naeps U{u : (u,v,t) € E} {Upstream: what v depends on}
Naeps < Naeps U {u : (v,u,t) € E} {Downstream: what depends on v}

. end for

// Step 3: Prioritize by dependency type

: for each v; € Ngeps do

score[v;] < 0

if v; € Marge: then
score[v;] < score[v;] + 100 {Direct target}

end if

if 3(v;, vj, REFERENCES) € E : v; € Marger then
score[v;] <— score[v;] + 50 {Explicit dependency (critical)}

end if

if 3(v;, v;,DEPENDS) € E : v; € Niarger then
score[v;] < score[v;] + 30 {Implicit dependency}

end if

if 3(v;, vj, RELATED) € E : vj € Marger then
score[v;] <— score[v;] + 10 {Semantic similarity }

end if

: end for

: I/ Step 4: Pack context within token budget
: ranked SortDescending(Ndeps, score)

: C < {}, tokens + 0

. for each v; in ranked do

¢; < Content(v;)
if tokens + |¢;| < B then
C+CU {Cz}
tokens < tokens + |¢;|
else
break
end if

. end for
. return C
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Algorithm 3 Consistency Verification

1: Input: Modified nodes NVyoq C V, Updated document D', Graph G = (V, E)
2: Output: Violations V, Updated graph G’

3:

4: V<10

5:

6: // Check 1: Reference integrity

7: for each (v;, v;, REFERENCES) € E : v; € Npoa do
8:  if v; does not exist in D’ then

9: V ¢« V U {(BROKEN_REF, v;, 1)}

10:  end if

11: end for

12:

13: // Check 2: Terminology consistency

—_
N

. for each v; € Nyoq do

15:  for each (vj,v;,t) € E : t € {REFERENCES, DEPENDS} do
16: orig_term <— ExtractTerminology(v;.before)

17: new_term <— ExtractTerminology(v;.after)

18: if orig_term # new_term then

19: V < V U {(TERM_CHANGE, v;, vj, orig, new) }

20: end if

21:  end for

22: end for

23:

: // Check 3: Semantic coherence

[\
N

25: for each v; € Nyoq do

26:  enew + Embed(Summary (v;.after))
27:  for each (v;,v;,RELATED) € E do
28: sim <— CosineSimilarity (enew, v;.embedding)
29: if sim < O, then

30: V « VU {(SEM_DRIFT, v;, v;)}
31: end if

32:  end for

33: end for

34:

35: // Update graph incrementally

G+~ @G

. for each v; € Npoq do

Remove old edges incident to v; from G’
Recompute edges for v; using Algorithm 1
Add new edges to G’

: end for

: return V,G’

A A D W WL W W
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