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Abstract
Agricultural evidence can be topically relevant
yet conflict with the conditions of a query, or lack
the information needed to support an action. We
present MaizeEviReason, an auditable interface
that keeps source conditions, distinguishes
applicable, inapplicable and undetermined states,
and separates applicability assessment from
deterministic release checks. The core evaluation
measures how much information is lost when
conditions are projected onto fixed fields and what
coverage is given up when supplied contracts are
enforced. Matched learning experiments evaluate
applicability prediction, and a public-pipeline
diagnostic examines whether the interface is
activated. On 49 constructed assignments from
five documents, a six-field projection wrongly
accepted 13 conflicting or unresolved assignments
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and reached an accuracy of 0.7347, against 0.8367
for direct interpretation of the text contract. The
complete rule agrees perfectly with its reference, as
expected, because those labels were derived from
the same contracts. On 120 constructed release
records, deterministic gating reduced observed
symbolic violations from 7 to 0, while coverage
fell from 55.83% to 50.00%. The prespecified
source-family comparison of decision accuracy
was not significant (Holm-adjusted p = 0.75),
and the eight-record source-bound test covered
only one family. On ten permanently held-out
documents, the condition-differential evidence
adapter (CDEA) obtained a macro-F1 of 0.4949 with
the state loss and 0.2518 with its full objective. In
the public evaluation the condition interface was
never activated, so its effect under usable condition
inputs remains untested. Taken together, these
descriptive diagnostics locate information loss in
the evaluated condition representation and mark
the operating scope of applicability assessment and
output checking; they are not evidence of general
decision-support effectiveness.
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1 Introduction
Digital tools for crop disease management have to
connect observations of plant health with knowledge
that is relevant to a particular production setting.
Machine learning and deep learning support disease
recognition, cropmonitoring and prediction [1, 2], and
research on agricultural decision support stresses that
the information delivered to users must be relevant
and usable [3]. In maize disease management, a
retrieved recommendationmay depend on the affected
organ, growth stage, region or management objective.
Checking these conditions is therefore a necessary step
between finding relevant information and using it to
support a decision.

Retrieval-augmented generation (RAG) grounds
language-model responses in external knowledge [4].
Dense passage retrieval learns query-passage
matching [5], while multilingual embeddings and
graph-based memory widen the available retrieval
mechanisms [6, 7]. Agricultural applications
combine these capabilities with domain information.
CornCare integrates visual recognition and
knowledge graphs for maize disease diagnosis [8];
a condition-aware retrieval framework for tomato
cultivation incorporates cultivation context [9];
Time-Aware Retrieval-Augmented Generation
(TARAG) addresses temporal applicability in crop
protection [10]; and the Structured Multimodal
Agricultural Retrieval-Augmented Transformer
(SMART) uses structured multimodal guidance for
plant disease diagnosis [11]. These systems show
that retrieved evidence needs to be linked to the
agricultural setting in which it will be used.

General-purpose RAG research has also examined
how reliably evidence is used. Self-RAG learns
when to retrieve and how to critique its own
output [12], and Corrective Retrieval Augmented
Generation (CRAG) scores retrievedmaterial to trigger
corrective actions [13]. Gao et al. [14] separate answer
correctness from citation quality in their evaluation
framework, and word-level analysis of unsupported
or contradictory claims in RAG responses shows
that faithfulness failures arise even when relevant
passages are retrieved [15]. Retrieval quality, citation
support and contextual conditions thus act on different
parts of the evidence-use process. The question

left open for the present study is how to carry the
necessary conditions of a source through the evidence
interface and make their role in applicability and
output decisions explicit.

The question matters most when source statements
contain compound requirements or when the query
gives incomplete context. A statement that requires
either of two alternatives together with a third
condition cannot be represented faithfully by listing
the same conditions without their logical grouping.
Likewise, a missing growth stage signals neither
agreement nor contradiction. A condition-aware
interface has to keep these distinctions and tie them
to an explicit output policy, and its evaluation has to
tell apart errors from incomplete condition recovery
or representation and errors in prediction and release
control.

We therefore introduce MaizeEviReason, an auditable
framework for evidence applicability and conservative
release in maize disease decision support. It stores
source spans, necessary conditions, extraction status
anddecision reasons, and labels evidence as applicable,
inapplicable or undetermined. Deterministic checks
then decide whether an output may be released under
the supplied conditions. Using constructed tests
and source-bound records, we examine information
loss under condition projection and extraction, the
coverage cost of enforcing supplied contracts, and
applicability prediction by a condition-differential
evidence adapter (CDEA) under matched learning
controls. A public-pipeline diagnostic checks whether
the condition interface actually takes part in judgment.
The evidence concerns condition compliance and
interface behaviour; agronomic effectiveness would
require independent validation.

The study makes three contributions. First, it
defines an evidence interface that keeps the
represented condition structure and unresolved
states open to inspection and separates applicability
assessment from output checking. Second, it compares
representations on identical condition assignments
to diagnose information loss caused by projection,
and complements this with an analysis of automatic
condition recovery. Third, it evaluates controlled
release by both symbolic violations and output
coverage, with separate learning and activation
diagnostics that clarify where the mechanism stops
working. These contributions give a basis for judging
when retrieved agricultural knowledge can be used
under stated conditions and what information is still
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Table 1. Core evaluation cohorts and the limits of their reference standards. Populations overlap or use different units and
must not be summed as independent agricultural cases.

Track Population / unit Reference and limit

Predicate diagnostic 5 documents; 49 assignments Supplied predicates; development
diagnostic

Automatic extraction 32 cases; 128 variants; 160 unique jobs 20-case cohort: 80 state judgments
Symbolic release 120 synthetic + 8 source-bound records Given contracts; sourced test: 1 family
Synthetic learning 100 / 20 / 30 base cases; 120 test

variants
Constructed contracts; 5 test families

Literal-scope learning 12 / 4 / 4 base cases; 16 test variants Literal scope; 4 test groups
Permanent holdout 10 documents; 40 scope records Constructed literal states; 2 task-bridge

components

needed when a decision has to be deferred.

2 Data and Dataset Construction
2.1 Condition references and source separation
Table 1 lists the evaluation populations. A contract
is an explicit specification of the conditions required
by a source statement, and its reference label
records consistency with that specification rather
than an independently established agronomic
outcome. Constructed conditions, source-bound
literal scope and official question answers are kept as
separate reference types throughout. Following
the transparency rationale of Datasheets for
Datasets [16], we document cohort composition,
reference provenance and intended use, so that it is
clear what each evaluation can support.

The synthetic pilot contains 100 training, 20
development and 30 test base cases drawn from
12, 3 and 5 source families, respectively. Each base case
has an applicable, a conflicting, a missing-value and a
meaning-preserving variant, all kept in the same split.
The 120 test records therefore contain 60 applicable,
30 inapplicable and 30 undetermined states. Repeated
variants and seeds do not add independent sources.

The literal-scope pilot starts from 20 source statements
split into 12 training, 4 development and 4 test
base cases. Each has four variants that retain the
task and material qualifiers of the source, so the
16 test records represent four test groups. A later
fixed-budget diagnostic uses ten permanently held-out
documents, each with four constructed scope states.
These documents were never used for training, epoch
selection or seed selection, but they form only two
conservative task-bridge components and therefore
give a bounded transfer diagnostic rather than broad
validation on unseen families.

2.2 Representation, extraction and release cohorts
The complete-predicate diagnostic uses supplied
logical contracts from five documents and 49
constructed assignments (20 satisfied, 14 conflicting
and 15 unresolved). It compares the complete rule,
a six-field projection and direct interpretation of
the text contract on the same assignments. Because
the reference labels of the rule are generated from
the supplied contracts, perfect agreement is only an
internal-consistency check.

The automatic-extraction diagnostic contains 32 base
cases, 128 variants and 160 unique query/evidence
extraction jobs. A 20-case literal-scope cohort
within this diagnostic supplies 80 state judgments
for checking whether the extracted conditions are
sufficient; these records are not additional CDEA
training examples. Fixed-candidate release uses the
120 synthetic records and a separate eight-record
source-bound literal test from one source family. The
two release tracks together comprise 128 records (120+
8), shared across all mechanisms; the eight-record
release test should not be confused with the 16-record
learned pilot.

2.3 Supporting data and interface diagnostics
Supporting image and scenario data come from
two maize disease dataset releases [17, 18]. Visual
recognition, calibration, topical retrieval and the
original 80-case maize scenario study serve only
as upstream context and are not analysed further
here. Their references are source-image labels,
silver relevance judgments or constructed context,
with no independent case-level reference for action
support, so they define the scope of upstream controls
and local adaptations rather than providing an
end-to-end test of the present mechanism. The
public-interface diagnostic uses the pinned release
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Figure 1. Evidence interface and its evaluation boundaries. Panels show (a) evidence and context, (b) conditional
applicability and (c) conservative output. The core framework preserves source conditions, three-state judgments and
independently recorded release checks. The grey condition-differential evidence adapter (CDEA) branch denotes a

learned diagnostic; ID denotes identifier. The dashed input supplies complete contracts only for controlled tests and does
not represent automatic recovery of compound predicates. Public reranking keeps unjudged candidates in host order,
whereas the separate symbolic-release task can withhold unresolved actions. The interface is not an end-to-end validated

agricultural intervention pipeline.

of the Agricultural Multimodal Understanding
(AgMMU) benchmark [19].

3 Proposed Method
3.1 An auditable evidence interface
Figure 1 separates source acquisition, applicability
assessment and release control. Each candidate
keeps its document identifier, verbatim source
span, necessary conditions, extraction status and
resulting applicability state. The image, question and
available context supply observations and provisional
hypotheses; a predicted disease is kept apart from an
observed fact, and the frozen retrieval host provides
the shared candidate pool.

The quoted-field extractor admits only directly
supported facts and necessary or prohibited

conditions. It does not infer them from filenames,
answer options or background knowledge, and
ambiguous alternatives stay unknown. Empty
requirements and extraction failure are recorded with
different reasons, and neither implies applicability.
Automatic extraction is treated as a possible point of
failure, not as an oracle.

3.2 Preserving logical scope and unresolved states
A conditional contract specifies what must hold for
a source statement to apply. The original span
and its logical scope are kept separate from any
reduced, field-based representation. For example,
(u1 ∨ u2) ∧ u3 requires either of two alternatives
together with a third condition, and a list of the same
atoms without their grouping loses this requirement.
The example illustrates representation semantics and
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is not an additional agricultural test result. The
complete-predicate diagnostic supplies the logical
structure explicitly and compares it with a six-field
projection on identical assignments; we do not claim a
general automatic predicate parser.

We use three applicability labels. Applicable means
that the available context satisfies the recovered or
supplied necessary conditions under their stated logic.
Inapplicable means that known context violates those
conditions. Undetermined means that a condition
contract is available but missing or ambiguous
context prevents its truth value from being resolved.
Unjudged is a processing status, not a fourth class:
no applicability label is issued because no evaluable
condition representation was obtained, for example
after an empty or invalid extraction. For compound
contracts, labels follow the full logical expression
rather than isolated mismatches between atoms.

The six-field same-input rule first checks for known
contradictions in the necessary fields, which yield
inapplicable. Without a contradiction, missing
necessary information yields undetermined; otherwise
every necessary field must match for the record to
be applicable. Complete predicates are evaluated
under their supplied logic. The complete-tree rule, the
projected-field rule and the learnedfield-based adapter
thus receive explicitly distinguished representations,
and perfect agreement of the tree rule with a reference
derived from the same contract measures internal
consistency only.

Fact Extraction and VERification (FEVER)
distinguishes supported, refuted and insufficiently
evidenced claims [20]. Our states concern instead
whether the necessary conditions of a source are
met; they say nothing about whether the source
statement itself is true. The distinction between
missing knowledge and intrinsic variability drawn
in uncertainty analysis [21] is also relevant here:
the undetermined state marks missing information
needed to evaluate the contract, not a calibrated
probability of error.

Applicability is also distinct from the decision to
release an action. In public reranking, explicit
failures are excluded and unjudged candidates keep
their original relative order, so retaining a passage
does not assert that it supports an action. In
the separate fixed-candidate release task, only a
reference-applicable symbolic item is eligible for
release. The two policies serve different tasks and their
outcomes are never pooled.

3.3 Deterministic checks and symbolic release
The interface records parsing status, evidence
identifiers, literal quotation checks and explicit field
conflicts separately. The procedural output vocabulary
is allow, withhold, clarify and refer, where refer denotes a
need for external verification rather than an observed
expert intervention. A literal quotation check verifies
copied text but not whether the text entails a proposed
agricultural action.

The fixed-candidate study compares soft prompting,
pre-generation gating, gating with explicit deferral,
and deterministic checking of the soft output. Each
record supplies one symbolic action and a complete
reference contract. Post-checking reuses the soft
response, which isolates the effect of the check
from that of new generation. The outcomes are
release coverage, violation rate over all records
and completion of reference-applicable records, and
they describe the supplied symbolic task only.
Selective prediction, exemplified by SelectiveNet [22],
likewise evaluates accepted predictions together with
coverage. Our release study relies on explicit
contracts rather than a learned reject option, but
the connection motivates reporting withheld output
alongside observed violations.

3.4 CDEA as a matched learning diagnostic
CDEA is evaluated as a learning diagnostic. It
combines fixed query and evidence embeddings with
explicit condition comparisons (Figure 2). Let q and
e denote the 1,024-dimensional query and evidence
embeddings produced by BGE-M3 (BAAI General
Embedding, M3) [6]. Their concatenation with the
elementwise product forms the semantic vector a. The
42-dimensional condition vector c covers crop, target,
organ, stage, region and validity: for each field it
contains four comparison indicators (match, conflict,
unknown and irrelevant) and three indicators that
record whether the field is necessary and whether
the query and evidence values are present. GELU
denotes the Gaussian error linear unit;W and b denote
trainable weight matrices and bias vectors.

a = [q; e; q � e], a ∈ R3072, c ∈ R42 (1)

z = GELU(Wpa+ bp), g = sigmoid(Wgc+ bg) (2)

h = z +W↑
[
g �GELU(W↓z + b↓)

]
+ b↑ (3)

p = softmax
(
Wh[h; c] + bh

)
, p = [pA, pI , pU ] (4)

Here z, h ∈ R64, g ∈ R16, and pA, pI and pU are the
predicted probabilities of the applicable, inapplicable

195



Digital Intelligence in Agriculture

Figure 2. CDEA as a matched learning diagnostic. Panels show (a) CDEA computation, (b) paired objectives and (c)
matched architecture and loss controls. CDEA denotes condition-differential evidence adapter, MLP multilayer

perceptron and GELU Gaussian error linear unit. A denotes an applicable case, C a conflict or missing-condition variant
and N a neutral rewrite. The identity path and the direct 42-dimensional condition path are retained. T0 is the MLP with

state loss, T1 the MLP with the full objective, T2 CDEA with state loss and T3 CDEA with the full objective; the
deterministic veto lies outside the learned model. The full objective is a tested hypothesis, not a configuration shown to

be superior.

and undetermined states. The semantic projection
has width 64 and the gated residual bottleneck has
width 16. The final classifier takes the 64-dimensional
adapted vector together with the direct 42-dimensional
condition input. All CDEA linear layers are trainable
and BGE-M3 is frozen, giving 199,809 trainable
parameters. The comparator concatenates a and c,
passes them through one 64-unit hidden layer with
GELU activation and predicts the same three states
with 199,555 parameters, about 0.13% fewer than
CDEA. A deterministic rule receives the same exposed
condition information.

The four controls T0-T3 in Figure 2 cross two
architectures, CDEA and a capacity-matched
multilayer perceptron (MLP), with two objectives,
state loss and the full objective. The paired terms
contrast changed conditions with meaning-preserving
rewrites. All four arms are reported; T2 was not
chosen after inspection to replace the originally
frozen public T3 checkpoint. Learned scores cannot

override explicit conflicts, and the controlled release
comparison isolates deterministic enforcement rather
than CDEA.

4 Experimental Protocol
4.1 Controlled release and original endpoints
Coverage is the number of released records divided by
the total number of input records. The violation rate is
the number of records released despite an inapplicable
or undetermined reference label, divided by the total
number of input records. Completion is the number of
correctly released reference-applicable records divided
by the total number of reference-applicable records.

The four mechanisms share the 128 input records.
Generating decisions for the three generative
mechanisms requires 384 requests (3× 128), whereas
deterministic post-checking reuses the soft outputs.
The ledger keeps 383 received responses and counts
one interrupted, unverifiable request as a failure. The
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archived protocol names decision accuracy as the
primary inferential endpoint; this report concentrates
on descriptive coverage and violation. A closed-corpus
comparison with CRAG [13] is not reported, because
its single-candidate setting does not match the present
task.

4.2 Matched learning and independent units
The original T0-T3 pilots use seeds 17, 29, 43, 71 and
101, AdamWwith a learning rate of 0.001 and a weight
decay of 0.0001, a batch size of 64 and at most 50
epochs. Early stopping uses a patience of five epochs
and selects the earliest epoch that attains themaximum
development macro-F1. A later diagnostic with a fixed
budget of 50 epochs holds samples, architecture, losses,
optimizer, seeds and batch order constant to examine
the original stopping behaviour. It was designed
after the pilots and is not a preregistered confirmatory
experiment.

Applicability is scored by accuracy, macro-F1 over
the three fixed states, condition-change response
and neutral-change rate. A paired response counts
as correct only if both ends receive the correct
state, so a constant predictor can be stable under
neutral changes while being insensitive to condition
changes. Seeds quantify training variability. Statistical
independence is assessed at the source or base-case
level; variants, predictions and seeds are not
counted as new sources. The invariance and
directional-expectation tests of CheckList [23] are a
methodological precedent for separating responses
to meaningful changes from stability under neutral
ones, and the risk that contaminated evaluation units
inflate apparent performance motivates respecting
source-level independence when defining evaluation
populations [24].

The synthetic pilot averages repeated seeds within
cases and uses its five test families for paired bootstrap
and exact sign-flip comparisons. Its three contrasts
compare T3 with T1, T2 and the rule, with Holm
correction [25]. The four literal test groups and the
two task-bridge components of the permanent holdout
limit population inference.

5 Results
5.1 Condition completeness limits applicability

assessment
On the 49 supplied-contract assignments, the six-field
projection reaches an accuracy of 0.7347 and a
macro-F1 of 0.7259 (Table 2). It wrongly accepts

six conflicting and seven unresolved assignments.
Direct interpretation of the text contract reaches an
accuracy of 0.8367 and amacro-F1 of 0.8176; it wrongly
accepts seven unresolved assignments, and its one
remaining error labels an unresolved assignment
as conflicting. The complete rule agrees perfectly
with the reference generated from its own predicates.
These differences are descriptive comparisons within
a constructed diagnostic: they show information
loss in the chosen projection but do not validate the
agronomic correctness of the predicates.

Table 2. Complete-predicate diagnostic on the same 49
constructed assignments from five documents. Perfect
complete-rule agreement follows from the reference

construction. False acceptance means that a conflicting or
unresolved assignment is classified as satisfied.

Representation Acc. Macro-F1 False
acceptance

Six-field
projection

0.7347 0.7259 13 (6 conflict +
7 unresolved)

Direct text
interpretation

0.8367 0.8176 7 unresolved

Complete
supplied rule

1.0000 1.0000 0 by
construction

Automatic extraction adds a further bottleneck. In
the 20-case literal cohort, the query fields match
their contract references and the extraction outputs
are structurally valid, yet the recovered sets of
necessary evidence conditions do not match their
references, so all 80 records receive the unjudged
processing status. The extractor accepts only
explicitly quoted necessary or prohibited conditions;
descriptive mentions and ambiguous alternatives are
not promoted to requirements. A structurally valid
output can therefore lack the condition information
needed for judgment. The result points to insufficient
condition recovery in the evaluated interface, not to
an absence of applicable conditions in the source
statements.

5.2 Deterministic checks and the coverage cost
On the 120 constructed records, soft prompting
releases 67 records, seven of which are violations.
Pre-gating and post-checking each release 60 records
with no observed violation. Coverage thus falls from
55.83% to 50.00%, a decrease of 5.83 percentage points,
while completion of reference-applicable records stays
at 100%. Gating with explicit deferral releases 59
records and reaches a completion of 98.33%, because
the retained failure is not counted as successful
assistance (Table 3 and Figure 3).
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Table 3. Fixed-candidate release results. Released and violation entries are counts over all input records; coverage is the
released count divided by the total number of input records, and completion is the correctly released applicable count
divided by the number of reference-applicable records. Synthetic records contain 60 applicable items and source-bound

records contain four. Post-checking reuses the soft outputs; the interrupted request remains a failure.

Track / mechanism Released Violations Coverage (%) Completion (%)

Synthetic / Soft prompt 67/120 7/120 55.83 100.00
Synthetic / Pre-gate 60/120 0/120 50.00 100.00
Synthetic / Gate + defer 59/120 0/120 49.17 98.33
Synthetic / Post-check 60/120 0/120 50.00 100.00
Source-bound / Soft prompt 6/8 2/8 75.00 100.00
Source-bound / Pre-gate 4/8 0/8 50.00 100.00
Source-bound / Gate + defer 4/8 0/8 50.00 100.00
Source-bound / Post-check 4/8 0/8 50.00 100.00

Figure 3. Observed coverage-violation trade-off under supplied contracts. Panels show (a) 120 constructed records and
(b) eight source-bound records from one source family. Bars distinguish compliant and violating releases; pale grey
segments denote withheld or failed output. Labels report exact counts and all-record denominators. No population

confidence interval or agronomic safety interpretation is implied.

On the eight source-bound records, soft prompting
releases six, including two violations, and each
deterministic mechanism releases four with no
observed violation. Coming from a single source
family, this result cannot be used to estimate a
population violation rate. The reductions are
attributable to enforcement of the supplied contracts,
not to CDEA.

For the original decision-accuracy endpoint, the
source-family comparison of post-checking against
soft prompting gives a Holm-adjusted p-value of 0.75.
The comparison therefore shows no significant gain
in decision accuracy, and non-significance should not
be read as equivalence. The zero observed violation
count is a separate, descriptive finding.

5.3 Learning diagnostics and limits of the full
objective

All learned arms predict applicable for every record in
the original synthetic test, which gives an accuracy of
0.5000, a macro-F1 of 0.2222 and a condition-change
response rate of zero. In the literal pilot, T3 obtains a
macro-F1 of 0.2869 ± 0.1093 and a condition-change
response rate of 0.0500 ± 0.1118 (mean ± standard
deviation over five training seeds); with four test
groups, no stable advantage can be shown. The
same-information rule is perfect against the supplied
contract labels.

All 20 original synthetic training runs select epoch
1 and stop at epoch 6. The fixed-budget replay
reproduces the first six epochs and then reaches a high
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Table 4. CDEA and capacity-matched controls on 40 constructed scope records from ten permanently held-out documents.
Values are five-seed means. CE denotes cross-entropy state loss; full denotes state loss plus the paired differential and

neutral terms; MLP denotes multilayer perceptron; CDEA denotes condition-differential evidence adapter. The
documents form two conservative task-bridge components; the rule is evaluated against supplied contract truth.

Arm Epoch 1 accuracy Epoch 1 macro-F1 Epoch 50 accuracy Epoch 50 macro-F1

T0 MLP / CE 0.500 0.2222 0.250 0.1333
T1 MLP / full 0.500 0.2222 0.250 0.1333
T2 CDEA / CE 0.505 0.2351 0.545 0.4949
T3 CDEA / full 0.505 0.2351 0.320 0.2518
Contract rule 1.000 1.0000 1.000 1.0000

development macro-F1, which identifies the stopping
rule as one optimization bottleneck; these development
results are not independent test results. On the
ten permanently held-out documents, T2 reaches a
macro-F1 of 0.4949 at epoch 50, compared with 0.2518
for T3 and 0.1333 for both MLP controls (Table 4). The
higher T2 score justifies further work within this small
diagnostic, but with only two task-bridge components
it supports neither a general advantage, nor the full
objective, nor a causal account of why that objective
failed. No arm is promoted to a new confirmatory
result.

6 Discussion
6.1 Conditional information is the substantive

object of evaluation
The representation and release experiments address
two connected but distinct questions. The projection
diagnostic asks whether an interface keeps the
distinctions present in a supplied contract; the release
study asks what enforcing that contract changes in
a fixed output task. Keeping a crop or stage label is
not enough if alternatives, conjunctions or unknown
necessary values lose their meaning. This finding
concerns the six-field projection that was evaluated;
richer structured representations may avoid the loss.

The contribution is therefore more specific than
applying a rule to its own reference. The study shows
where the chosen representation accepts conflicting or
unresolved assignments, keeps the source-level scope
needed to inspect those errors, and reports both the
benefit and the cost of checking generated releases.
Perfect complete-rule agreement remains a consistency
result, and zero observed violations remain a property
of the evaluated records; neither validates the truth,
completeness or agronomic consequences of the
supplied conditions.

6.2 Prediction failure and interface inactivity
require different explanations

CDEA has two separate limitations in the present
evidence. Under supplied inputs, the original pilots
collapse and the full objective lacks stable support on
the later holdout. T2 scores higher than the matched
MLP controls in that small diagnostic, which is a
reason for further investigation rather than evidence
of general superiority, and it says nothing in favour
of the full objective. The post hoc ablations of the
differential and neutral losses are limited in scope and
cannot isolate a general cause of failure.

The quoted extractor does not recover sufficient
source requirements in the literal cohort, and the
public diagnostic likewise leaves all 15,420 candidate
condition states unjudged. On 771 AgMMU questions,
hybrid retrieval with and without the frozen CDEA
answers 678 questions correctly, with identical top-20
candidate order and identical predicted answers. The
condition interface therefore did not take part in this
pipeline, and the comparison tests neither CDEA
under usable condition inputs nor a gain on public
questions. The unjudged cases reflect limited condition
recovery and judgment coverage, not an observed
applicability class. Keeping unjudged candidates in
host order avoids unsupported applicability claims,
but it also leaves the benefit of the module under
usable conditions unestimated. Condition recovery,
prediction given conditions and checked output
therefore need separate evaluation on new sources
after any change to losses, prompts or stopping rules.

6.3 Agricultural scope and evidence limits
For agricultural knowledge systems, the interface
makes a missing growth stage, a conflicting source
condition or an unresolved requirement visible and
records why a decision was deferred. This is
an audit function. Disease recognition, topical
retrieval, applicability and action support remain
separate claims; any improvement in recognition

199



Digital Intelligence in Agriculture

from the supporting visual adaptation, which is not
reported here, would leave its effect on downstream
applicability and action support untested.

The contract studies rely on few independent sources,
constructed states and a reference tied to the
supplied conditions, and the source-bound release
test covers only one family. The supporting relevance
judgments are incomplete silver labels, the public
retrieval corpus is restricted, and the source-image
labels were not independently re-established. The
later diagnostics were designed after earlier results
were known, and the name of a model endpoint
alone cannot confirm the provenance of its public
weights. Any local re-implementation of CornCare,
tomato cultivation retrieval or graph-based methods,
and any generation-coverage result, is subject to
implementation and scoring limitations.

No experiment measures treatment efficacy, yield,
environmental effect or prospective benefit to farmers.
The next priority is independently sourced conditions
with an explicit reference scope, followed by evaluation
of condition recovery and of the activated interface on
held-out sources.

7 Conclusions
MaizeEviReason provides an auditable framework
for assessing whether retrieved agricultural evidence
applies to a stated context and for checking outputs
against supplied conditions. The experiments
yield two descriptive findings. On 49 constructed
assignments from five documents, the six-field
projection falsely accepts 13 conflicting or unresolved
assignments, which shows that keeping field values
alone can lose distinctions in the supplied logical scope.
On 120 constructed release records, deterministic
enforcement reduces observed symbolic violations
from 7 to 0, while coverage decreases from 55.83%
to 50.00%. These changes concern compliance with
the supplied contracts and come at a measurable
cost in output availability; the original source-family
comparison shows no significant gain in decision
accuracy (Holm-adjusted p = 0.75).

The contribution is a condition-preserving evidence
interface together with a diagnostic evaluation of
representation loss and controlled release. Source
spans, necessary conditions, unresolved states and
decision reasons stay available for inspection. Because
condition recovery, applicability prediction and output
checking are separated, their failures can be told
apart, and effects of deterministic enforcement are

not credited to the learned adapter. For agricultural
knowledge systems, this gives a way to inspect the
conditions attached to retrieved advice and to identify
the information still needed before an action can be
supported. The demonstrated scope is auditability
within the evaluated tasks and explicit handling of
incomplete evidence.

The findings are bounded by constructed states and
few independent sources. CDEA shows no stable
superiority with its full objective, and the public
pipeline does not activate the condition interface.
Agronomic safety, treatment efficacy and farmer
benefit are not established. Further validation requires
independently sourced conditions, reliable recovery
of their scope and evaluation of an activated interface
on held-out sources.
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