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Abstract. Reviewing documents against natural-language requirements
is hard when those requirements demand interpretation, contextual evi-
dence, and non-trivial judgment. It is even harder when the review is to
be automated reliably and made auditable. In domains like education,
where teaching materials must align with pedagogical models and evolv-
ing expectations, including the rise of Large Language Models (LLMs),
such decisions cannot be reduced to mechanical checks. When an LLM
assigns a verdict directly, interpretation, evidence selection, and judg-
ment collapse into a single opaque step, making errors hard to localize
and outcomes hard to audit.

AiDER separates interpretation from judgment under a deliberate 2B-4B
parameter constraint. Each natural-language requirement is compiled
into an executable Common Expression Language (CEL) rule, and static
analysis of that rule produces a bounded-evidence scaffold that constrains
what the model may extract from the document. The verdict is then com-
puted deterministically by applying the rule to the extracted evidence
(no LLM call at this step), yielding an inspectable trace from requirement
to rule, rule to evidence, and evidence to verdict.

We evaluate AiDER on four small models (Gemma 4 and Qwen3.5, at
2B and 4B) under three compilation strategies: human-written refer-
ence rules, direct compilation, and validation-loop repair. The evalua-
tion uses 200 requirement-document pairs from a higher-education course
pack. Across three performance dimensions (syntactic validity, semantic
fidelity, and document-level agreement), direct compilation often yields
valid but semantically divergent rules, whereas validation-driven repair
substantially improves both validity and fidelity across all four models.
An ablation shows that the static scaffold alone encodes most of the ex-
traction intent: LLM-generated extraction contracts add little when the
rule is well-specified, but matter more when it is ambiguous.
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1 Introduction

The rapid progress of Generative Artificial Intelligence (GenAl) has sparked in-
terest in automating review tasks long regarded as matters of human judgment.
In many domains, documents must be checked against requirements stated in
natural language (e.g., policies, guidelines, quality criteria, or institutional expec-
tations). Such requirements are easy to state but difficult to implement/audit.

The problem is acute in higher education. Course materials do more than
describe a course; they make intended learning outcomes, teaching activities, as-
sessment expectations, and students’ responsibilities explicit. This view of course
materials as explicit design artifacts aligns with constructive alignment, which
treats outcomes, instruction, and assessment as one design problem [2], and with
work on educative curriculum materials [11].

Many such requirements cannot be reduced to mechanical checks. A reviewer
may need to judge whether assessment criteria are sufficiently explicit to guide
students, whether feedback opportunities are meaningfully built into the course,
or whether a policy provides students with a clear basis for action. These judg-
ments must be grounded in the document’s content. However, they also require
interpreting how that evidence functions in context — a challenge that grows
when requirements are course- or institution-specific or tied to a particular ped-
agogical approach.

Recent work has begun to use Large Language Models (LLMs) to support
the evaluation and design of educational materials. Studies of document-level
pedagogical evaluation target lesson plans or K-12 instructional materials, where
models prove more reliable on explicit, textually grounded features than on high-
inference pedagogical criteria [17,20]. In higher education, related work examines
LLM support for generating and evaluating course materials, including syllabi,
assessments, and slides [35]. However, in most model-assisted review settings,
criterion interpretation, evidence selection, and final judgment remain coupled
in a single model-mediated process [4]. This entanglement makes the review hard
to audit: when a verdict is wrong, it is difficult to tell whether the failure stems
from misunderstanding the requirement, selecting weak evidence, or applying an
inconsistent decision rule.

To make such reviews auditable, we present AIDER*, a Small Language
Model (SLM) framework that separates interpretation from judgment. AiDER
requires each requirement to be represented as a rule in a restricted domain-
specific language (DSL) based on the Common Expression Language (CEL) [7].
Static analysis of the compiled condition yields an evidence scaffold that asks
the model to extract only the evidence needed to verify the rule. The model,
therefore, does not decide whether the requirement is satisfied; given the evi-
dence, the binary verdict follows deterministically from executing the compiled
condition. The resulting trace is inspectable by construction (each requirement
to its rule, each rule to its evidence, and each verdict to that evidence), and fail-

4 Source code and replication materials are available at https://github.com/
HISTLab-hevs/AiDER.
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ures are easier to diagnose, since errors in compiling rules, extracting evidence,
and reaching a verdict can be analyzed separately.

We target 2B-4B class models that can be deployed on-premises. Educational
materials are valuable intellectual property, and institutional policies may forbid
sharing internal documents with third-party cloud LLMs. Although we evaluate
AiDER in education, the pipeline is designed for auditable, requirement-based
document review more broadly; however, its transferability to other domains is
not evaluated in this study. Since these models may generate non-executable CEL
rules, AiDER uses compilation errors as feedback in a repair loop to iteratively
correct invalid rules. In turn, our work characterizes the reliability of rule compi-
lation through three aspects: (a) the SLMs’ ability to compile natural-language
requirements into executable and sound CEL rules; (b) the effect of validation-
driven repair on rule validity and fidelity; and (c) the impact of the resulting
rules on document-level verdicts, including the contribution of model-generated
extraction guidance.

To study these aspects, we instantiated AIDER on 200 applicable requirement-
document pairs from instructional PDFs, comparing human reference rules, di-
rect LLM-compiled rules, and validation-loop repair to trace how executable
formalizations affect document-level verdicts. We also conducted a scaffold-only
ablation to isolate the contribution of model-generated extraction guidance be-
yond the statically derived evidence scaffold.

The remainder of the paper is organized as follows: Section 2 reviews related
work; Section 3 presents the methodology; Section 4 reports the results; and
Sections 5 and 6 discuss limitations and conclude the paper.

2 Related Work

Recent works explore whether LLMs can evaluate educational artifacts against
pedagogical criteria. Hauk and Soujon [17] analyze written lesson plans and show
the difficulty of obtaining reliable judgments on criteria that require pedagogical
interpretation beyond explicit document features, while Li et al. [20] introduce
SciEval, where models evaluate K-12 science instructional materials by produc-
ing rubric-aligned scores and supporting evidence. In higher education, Yao et
al. [35] examine LLM-generated course materials, including syllabi, assessments,
and slides, showing that course-material quality can itself become an object of
model-supported evaluation. Broader work on LLM-assisted educational assess-
ment also emphasizes the importance of explicit rubrics, operational criteria,
and human refinement in model-supported evaluation workflows [12,6]. Across
these settings, a recurring limitation is that model-based evaluation often cou-
ples evidence identification, criterion interpretation, and verdict assignment in
a single model-mediated step.

The same concern appears in legal and compliance-oriented document review,
where recent systems move beyond direct document-level prompting by intro-
ducing structured intermediate steps. Narendra et al. [26] propose a template-
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to-contract comparison pipeline that extracts key concepts from legal templates
and checks their entailment in contracts through NLI/LLM-based reasoning.
Sun et al. [31] propose a RAG-based compliance-checking framework that com-
bines layered reasoning with eventic graphs for regulatory information. These
approaches show that structuring review before assigning a decision has benefits,
but their decisions still rely on entailment or retrieval-augmented reasoning over
intermediate representations. AIDER takes a different approach: whether the
requirement is given directly as a CEL rule or compiled from natural language,
the rule defines the evidence scaffold and the decision logic. The model extracts
structured, traceable evidence, but the final verdict is produced by deterministic
rule evaluation.

Our approach also relates to semantic parsing and neuro-symbolic Al. Seman-
tic parsing frames the problem as mapping natural language into executable log-
ical forms, making interpretation checkable through formal representations [21].
Recent LLM-based systems extend this idea by translating natural-language
problems into symbolic programs while relying on deterministic execution for
inference. For example, Logic-LM translates reasoning problems into symbolic
formulations and uses a solver to perform the final inference [29], while Crocetti
and Dragoni [9] translate natural-language problems into executable Prolog [18]
code and refine invalid programs through execution feedback. Similarly, Mensfelt
et al. [25] introduce PrologMCP, which exposes Prolog through the Model Con-
text Protocol (MCP)® as a reusable, stateful tool interface for LLM agents,
supporting solver-backed inference through a translate-run-inspect-repair loop.
More broadly, survey work on hybrid Al motivates combining data-driven and
rule-based components to support reliability and transparency, while noting that
evaluation and explanation practices remain fragmented [28]. AIDER integrates
these principles into an auditable pipeline for requirement-based document re-
view under a small-model constraint.

3 Methodology

AIDER replaces the single opaque verdict with a chain of inspectable steps.
The remainder of this section first formalizes the review task, then describes
the pipeline and compilation methods, and finally instantiates the setup in the
higher-education case study.

3.1 Task Formalization

Let R = {ri};; be a set of pedagogical requirements, D = {d;}"_; a corpus
of instructional documents, and 7 = {t,}7_, the set of document types, such
as slides, assessments, syllabi, and rubrics. The functions # and « associate each
requirement r; with its single applicable type 0(r;) € T, and each document
d; with its non-empty set of document types v(d;) C T, respectively. Each
document is represented as an ordered page sequence (Definition 1).

® https://modelcontextprotocol.io/docs/getting-started/intro
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dj = (pj1,Dj2, - - -+ Dje;) (1)

The review task is restricted to type-compatible requirement-document pairs
(Definition 2).
A={(ri,d;) € RxD|0(r;) € v(d;)} (2)

For each (r;,d;) € A, the goal is to assign a binary verdict y;; € {0, 1}, where
yi; = 1 indicates that d; satisfies r;, and y;; = 0 indicates that it does not. Pairs
outside A are not evaluated.

3.2 Pipeline Architecture

AIDER operates in five phases illustrated in Figure 1. Phases PH1, PH3, and
PH4 involve LLM inference, while PH2 and PH5 are deterministic. In PH1, the
model compiles each natural-language requirement r; into an executable CEL
rule, combining all sub-requirements into a single compound condition using the
evidence functions in Table 2. In PH2, the compiled rule is statically analyzed
to recover all evidence item kinds and field paths without any LLM calls, pro-
ducing an evidence scaffold that bounds what the extractor may emit. In PH3,
the model reads the scaffold and produces per-kind and per-field extraction in-
structions that are constrained to the scaffold’s kinds and fields. Together, the
scaffold and these instructions form the extraction specification. In PH4, each
document d; is processed in page batches, and the model returns structured
evidence items carrying a kind, a verbatim evidence quote, and a field map. In
PHS5, the aggregated evidence items are evaluated deterministically against the
compiled CEL rule, yielding the binary verdict y;; € {0, 1} without an LLM call.

— n
D ={d;j}j

! Verdigl
— m i€0,1

R ={ri}i%y dj = (pj1,Pj; - - - Pje;) i €5

PH1 PH2 PH3 PH4 PHS5

Rule ‘ ‘ Extraction CEL

Compilation Compiled Generation Evidence Contracts Extraction Extraction Evidence Evaluation
rule scaffold Items.

Fig. 1. Overview of the AiDER pipeline.

3.3 Rule Compilation Methods

Figure 2 illustrates the three methods for obtaining CEL rules. Let p; denote a
compiled rule for requirement r;, and let valid(p;) € {0,1} denote the determin-
istic validation procedure that checks whether the generated rule is syntactically
well-formed and compatible with the restricted rule interface.
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Under Reference rules, the human-written rule p} associated with each re-
quirement r; is loaded directly and used as the reference formalization against
which generated rules are assessed.

Under Direct compilation, the model translates each natural-language re-
quirement into a candidate rule in a single attempt (Equation 3):

pi = LLM (ri) (3)

Equation 4 represents the resulting compiled rule:

(4)

Adirect ﬁi, lf vahd(ﬁl) = 1
pi B 1, otherwise
where | denotes a compilation failure.

Under Validation-loop compilation, invalid rules enter a bounded repair loop
initialized with pl(-o) = p;. At iteration k, the model is given the previous invalid
rule and the corresponding validation error, and produces a repaired candidate

as illustrated in Equation 5:

pl(.k) = Repairy, (ri,pl(-kfl), egkfl)) (5)
where egk_l) is the validation error from the previous attempt. The model

temperature is raised across repair attempts as Ty, = 1o + k - AT, with k =
1,...,5, AT = 0.1, resulting in repair temperatures from 0.1 to 0.5 [9]. The loop
returns the first valid repaired rule (if one exists) or L otherwise.

3.4 Dataset and Rule Corpus

We evaluated AIDER on open-access Business Communications 2 course pack [24],
a first-year undergraduate course at Coast Mountain College. The course spans
13 weeks and covers professional communication strategies, including bad-news
delivery, informational reports, persuasive messages, and presentation design.
The corpus contains 15 unique PDFs. Because some PDFs belong to multiple
document types, the applicable-type counts are 8 slide decks, 6 assessment doc-
uments, 5 rubrics, and 1 syllabus.

We defined 40 human-written rules, distributed evenly across the four docu-
ment types, to serve as a reference formalization. The rules’ design was inspired
by literature on Al-aware assessment design [8,22], peer instruction and active
learning [10,13], syllabus design and tone [16,30,5|, constructive alignment [2],
formative assessment and feedback [27,14], cognitive-load reduction in multime-
dia learning [23], and rubric design [3]. The resulting benchmark set is designed
to cover common pedagogical concerns while exercising a diverse range of con-
dition structures.

For each reference rule, we also defined a paired natural-language require-
ment request, written in plain English and without formal notation. Table 1
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Reference rules Direct compilation Validation-loop compilation

Natural-language
requirement

Human-written rules

Natural-language
requirement

Compiled

rule LLM (Tp) LLM (%)

Compiled Compilation Compiled LLM Repair (T}) .
rule failure rule 1

Compiled k=5
rule Compilation
failure

Fig. 2. Overview of the three compilation methods tested.

shows one reference rule and its paired natural-language request. Applicability
is determined by matching each requirement to the corresponding document
type. This type-matching procedure yielded |A| = 200 applicable requirement-
document pairs in the evaluated corpus.

Table 1. Example of a reference rule and its paired natural-language requirement.

Document Natural-language requirement Reference rule
type

Assessment At least one grading criterion should be stated item_count_where("grading_criterion",
explicitly enough that students understand "normalized.is_explicitly_stated",
how their work will be evaluated. "==", "true") >= 1

AIDER’s rule language is deliberately restricted to a fixed CEL interface.
The interface exposes seven custom functions over extracted evidence items, cov-
ering item counts, existence checks, distinct-value counts, filtered counts and ra-
tios, monotonic ordering checks, and group-level coverage checks. Human-written
reference rules and model-compiled rules are therefore expressed through the
same executable vocabulary. Table 2 lists the supported signatures.

This fixed set of functions makes each rule statically inspectable. Since evi-
dence item kinds and field paths appear explicitly as function arguments, they
can be recovered deterministically from the CEL condition. These elements de-
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Table 2. The seven custom functions in AIDER. kind selects the evidence kind; path
(and o_path/v_path the ordering/value keys, grp/£p the grouping/filter keys) is a field
path that must begin with normalized.; op/val form a filter predicate field op val;
dir € {non_decreasing, strictly_increasing}; supported operators: ==, 1= > >=,
<, <=, in, not_in.

# Signature Returns
1 item_count (kind) int

2 item_exists(kind) bool

3 item_distinct_count(kind, path) int

4 item_count_where(kind, path, op, val) int

5 item_ratio_where(kind, path, op, val) float

6 item_ordered(kind, o_path, v_path, dir) bool

7 item_all_groups_have(kind, grp, fp, op, val) bool

fine an evidence scaffold that constrains what the model must retrieve before
any extraction instructions are generated.

4 Results

We evaluated four models under the intentional 2B—4B parameter constraint:
GEMMA-4-E4B-1T, GEMMA-4-E2B-IT [15], QWEN3.5-2B, and QWEN3.5-4B
[34]. Each model was assessed under the three configurations reported in Fig-
ure 2. Each model was run three times; all tables report mean 4+ sample standard
deviation over these runs. All inference calls in the AIDER pipeline were served
locally with vLLM [19], on a single NVIDIA DGX Spark workstation®.

All models were run with sampling temperature Ty = 0 and constrained
decoding enabled. Constrained decoding restricts token sampling at each step to
tokens permitted by the target JSON schema, so the model can emit only output
that conforms to the expected structure [32]. The validation error returned to
the repair loop (Section 3.3) is therefore always a CEL compilation error.

We turned off thinking mode across all runs. In preliminary experiments,
the smaller Qwen models, in particular, tended to enter reasoning loops when
thinking was active, exhausting the token budget within the <think> block and
returning empty content.

For document-level evaluation, we employed Claude Opus 4.8 [1] as a fixed
external LLM judge, following the LLM-as-a-judge evaluation protocol [36]. The
judge is not part of the AIDER pipeline; it was used only to obtain a stable
reference signal for evaluation. For each applicable pair, the judge received the
document, the human reference rule description, and the condition. The resulting
reference verdict was therefore anchored to the reference formalization and held
constant across all runs. Consequently, generated rules may be penalized when
they encode a reasonable alternative interpretation that differs from the human-
written rule. Since the latter is fixed, differences across models in the reference-
rule condition reflect extraction quality rather than variation in rule content.

S https://www.nvidia.com/en-us/products/workstations/dgx-spark/
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FEvaluation metrics. From the rule perspective, we report the validation pass
rate and three fidelity metrics relative to the human-reference rule. Evidence-
kind Jaccard measures overlap in the evidence item kinds used by the two rules.
Clause F1 compares executable structure by decomposing CEL conditions into
clauses and scoring each clause by its best-matching counterpart in the other
condition, using the mean Jaccard over rule function, evidence kind, and field
paths. Cosine similarity, computed with BGE-small-v1.5 [33], captures semantic
proximity but not executable equivalence. Failed compilations received a score of
0 on all rule-fidelity metrics. From the document perspective, we report Cohen’s
x and Matthews Correlation Coefficient (MCC) against the fixed judge reference
over all applicable requirement-document pairs. When compilation failed, and
no verdict could be produced, the missing verdict was treated as maximal dis-
agreement with the judge by assigning the opposite label. Negative agreement
values therefore reflect both wrong verdicts and unrecovered compilation fail-
ures under this penalty. In the extraction-guidance Ablation, Ax and AMCC
denote the gain of the complete extraction specification over the scaffold-only
setting. Together, these metrics allowed us to analyze the three aspects outlined
in Section 1.

Compilation quality

Table 3 reports compilation along two axes: whether a rule executes (Valid%)
and how closely it matches the reference (Kind J., Cl.F1, Cosine). Under di-
rect compilation, the 4B models compile most rules correctly, but validity and
fidelity differ by model. Gemma-4-E4B-it leads on both, whereas Qwen3.5-4B
approaches its validity yet trails sharply on evidence-kind Jaccard: its rules exe-
cute but rest on different evidence. The ordering Cosine > Kind J. > CI. F1 holds
for every model, since cosine rewards rough semantic agreement while Kind J.
demands an exact match of evidence kinds. A valid rule that reads closely to the
reference can still select the wrong evidence, which is the component that deter-
mines what a rule actually checks and whose effect surfaces in the document-level
results.

Table 3. Rule-compilation quality under direct and validation-loop compilation.

Direct compilation Validation-loop compilation

Model Valid% Kind J. ClLF1 Cosine Valid%  Kind J. CLF1 Cosine

Gemma-4-E4B-it 86.7+3.8 .611+.05 .408+.02 .761+.04 95.8+1.4 .702+.02 .462+.01 .841+.01
Qwen3.5-4B 79.24+1.4 412400 .326+.00 .701+£.01 95.04£0.0 .438%.00 .365+.00 .840+.00
Gemma-4-E2B-it 36.7+1.4 .108+.01 .104+.01 .3154+.01 56.7+2.9 .250+.00 .188+.01 .490+.03
Qwen3.5-2B 67.5+2.5 .216+.06 .212+.02 .582+.02 89.24+2.9 .3204.02 .2944.01 .772+.03
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Table 4. Decomposition of compilation validity into first-attempt and repair-recovered
rules, out of 40. Final valid equals initial valid plus recovered rules.

Model Recovered Unrecovered F. Valid
Gemma-4-E4B-it 3.7+1.2 1.7+0.6 38.3+0.6
Qwen3.5-4B 6.340.6 2.040.0 38.0+0.0
Gemma-4-E2B-it 8.0+1.0 17.3+1.2 22.7+1.2
Qwen3.5-2B 8.7+0.6 4.3+1.2 35.7+1.2

Repair effects

The validation loop lifts both axes (Table 3, right): three of the four models
exceed 89% validity, and fidelity rises across the board. The two 4B models,
however, expose a limit of repair. Their cosine becomes nearly identical, while
Qwen3.5-4B’s evidence-kind Jaccard stays far below Gemma-4-E4B-it’s (.438
vs .702): repair closes the semantic gap between them but not the gap in the
evidence each rule requests, so Qwen’s reliance on different evidence kinds is a
stable trait rather than a repairable error. Table 4 locates the remaining failures:
Gemma-4-E2B-it still leaves almost half of its initially invalid rules invalid after
repair, whereas Qwen3.5-2B leaves only a small fraction. Repair, therefore, makes
natural-language rules far more usable by recovering validity. Still, the evidence
a rule targets is set at the first compilation and changes little afterward, which
bounds how much repair can help downstream.

Document-level behavior

Table 5 reports agreement against the judge. The Reference rules column isolates
extraction. It is the pipeline’s strongest result: with a well-specified rule, three of
the four models reach moderate to substantial agreement (up to x = .686), and
Gemma-4-FE2B-it’s score nearly matches Qwen3.5-4B’s, so even a small model
extracts evidence well once the rule is sound. Agreement drops for rules gener-
ated from natural language, and the negative values for the 2B models reflect
the design penalty, since every failed compilation is scored as maximal disagree-
ment. The two 2B models swap ranks between the settings: under reference rules
Gemma-4-E2B-it leads (.534 vs .323) as the stronger extractor, but once the rule
has to be created, the order reverses (.066 vs —.328), because Gemma-4-E2B-it’s
frequent compilation failures are penalized while Qwen3.5-2B compiles reliably
enough to stay positive despite weaker extraction.

Ablation: scaffold-only versus guided extraction

The ablation evaluates whether LLM-generated extraction instructions provide
useful guidance once the scaffold has already defined the admissible evidence
types and fields. We compared the complete extraction specification with a
scaffold-only variant, restricting the comparison to pairs associated with valid
compiled rules under both extraction settings. Compilation failures were there-
fore excluded, so the values are not directly comparable to Table 5.
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Table 5. End-to-end verdict agreement against the judge reference, pooled over 200
pairs.

Reference rules Direct Validation-loop
Model K MCC K MCC K MCC
Gemma-4-E4B-it .686+.04 .697+.04 .246+.04 .246+.04 .336+.03 .344+ .03
Qwen3.5-4B .5394+.03  .543+.03 .028+.05 .028+.05 .276+.03 .2824+.03
Gemma-4-E2B-it  .5344+.01  .5594.01 —.504+.05 —.506+.05 —.328+.12 —.336+.12
Qwen3.5-2B .323+.03  .323+.03 —.228+.08 —.2284.08 .066+.04 .073+.05

Table 6. Extraction guidance ablation: per-method gain from LLM-generated extrac-
tion contracts vs. the judge reference.

Ref. rules Direct Repair
Model Ak AMCC Ak AMCC AR AMCC
Gemma-4-E4B-it .045+.04 .040+.03 .085+.05 .058+.06 .038+.02 .013+.02
Qwen3.5-4B .001+.02 —.002+.02 .035+.05 .035+.04 .001+.01 .000+.01
Gemma-4-E2B-it —.039+.01 —.040+.01 .052+.14 .089+.19 .058+.01 122+ 05
Qwen3.5-2B —.181+.03 —.194+.03 .080+.13 .086+.14 .078+.03 .085+.02

The scaffold already captures much of the extraction intent. Additional in-
structions add little to human-written reference rules, where the scaffold is well-
specified, and can even hurt weaker models such as Qwen3.5-2B. Their benefit
is clearer with natural-language-compiled rules, where the scaffold is derived
from imperfect model-generated conditions, leaving more room for disambigua-
tion. The pattern is therefore consistent across methods: the statically derived
scaffold carries most of the extraction intent on its own, and model-generated
extraction contracts pay off mainly when the underlying rule is weak or under-
specified. Once the scaffold is already well-formed, they become redundant or
even counterproductive.

5 Limitations

The results of this study should be read in light of the evaluation’s scope and
design choices. The evaluation was designed as a focused case study in one higher-
education setting. It used one course pack, with 15 PDFs, 40 requirements, and
200 applicable requirement-document pairs. This setting was useful for studying
AIDER’s behavior in detail, but it does not demonstrate how the framework
would perform across many courses, institutions, or document types. Future
work should therefore test the approach on larger and more diverse collections.

The human-written CEL rules served as reference rules, but they are not the
only way to express each requirement. Indeed, some pedagogical requirements
can be interpreted in more than one reasonable way. For this reason, the rule-level
metrics indicate how close the generated rules are to our reference rules, rather
than proving that a single rule is the only correct interpretation. Similarly, the
document-level judge provides a consistent reference signal, but its proprietary
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nature limits strict reproducibility; future work should therefore include expert
human review.

Overall, AIDER reduces the role of model-based judgment, but it still de-
pends on LLM outputs in some parts of the pipeline. In particular, the model is
used for rule compilation, extraction guidance, and evidence extraction. Errors
in these steps can still affect the final verdict, even though the verdict itself is
computed deterministically. The rule interface is also intentionally limited to
keep the system inspectable and easy to validate. Extending the interface while
preserving auditability and benchmarking runtime remain future work.

6 Conclusion

We introduced AIDER, a framework for auditable, requirement-based document
review, which we evaluated here on teaching materials under a small-model con-
straint. Its central design choice is to separate interpretation from judgment:
requirements are compiled into executable CEL rules, rules induce bounded ev-
idence scaffolds, and verdicts are obtained through deterministic rule execution
over extracted evidence.

The results show that syntactic validity, semantic fidelity, and document-
level agreement are distinct dimensions of the same auditability problem. The
4B models can already produce valid rules, but these may still define a different
evidence scaffold or decision boundary from the intended reference formalization.
Given a well-specified rule, even small models can extract sufficient evidence to
produce reliable deterministic verdicts, which is the clearest sign that the de-
sign works. Validation-driven repair improves validity and fidelity jointly, yet
its end-to-end benefit is scale-dependent: the 4B models recovered measurable
document-level agreement, whereas the 2B models remained limited even after
repair. At the document level, the binding constraint for generated rules is there-
fore rule semantics rather than executability. Finally, the extraction-guidance
ablation shows that the statically derived scaffold already encodes most of the
extraction intent, with model-generated guidance adding value primarily when
the compiled rule is imperfect.

Overall, the findings support treating pedagogical review as a formalization
and evidence problem rather than as a direct model-judgment task. AIDER does
not remove the need for expert rule design or human oversight. Still, by making
rules and evidence inspectable, it traces each failure to a specific stage rather
than to a single opaque verdict. Future work should scale the evaluation to more
courses and institutions, complement LLM-based judgment with expert human
review, explore heterogeneous setups that pair a stronger model for compilation
with a small model for extraction, and extend the DSL without compromising
static analysis.
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