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Abstract:  This illustrative numerical study separates source existence, lexical relevance and proposition 
support in a controlled scientific style corpus. A seeded generator creates 240 fictional arithmetic records for 
eighty material  lots  and 560 claims spanning supported forms and changes to  number,  unit,  condition, 
negation or entity.  All  supported evidence is retrieved first  by a specified weighted cosine retriever.  A 
citation presence rule accepts all 400 unsupported claims; a prescribed lexical threshold accepts 328, giving 
precision 32.8 percent. A six field parser and exact tuple check accept every supported claim and reject 
every unsupported claim within the declared closed grammar. Retrieving three passages adds no benefit 
over one. Removing source response content while retaining citation identity reduces supported recall to 
zero, although rejection of the majority class gives 71.4 percent accuracy. This is a symbolic attribution 
proxy with no language model, real scientific measurements or open language verification claim.
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1 A reference can exist without supporting a claim
A scientific sentence accompanied by a plausible reference presents at least two different questions. One 

asks whether the cited source exists and can be retrieved. The other asks whether the source actually supports 
the sentence's entity, numerical result, conditions and qualification. Retrieval augmented systems can answer 
the  first  question while  leaving the  second unresolved.  This  study separates  those operations  through a 
controlled corpus  of  fictional  arithmetic  records.  We construct  claims that  preserve  much of  a  source's 
vocabulary while changing one material field, then compare citation presence, lexical similarity and an exact 
typed evidence check. The purpose is to make an attribution mechanism inspectable, not to estimate the 
accuracy of an unexecuted language model.

Retrieval  augmented  generation  combines  parametric  generation  with  external  documents  [1].  Dense 
passage retrieval [2], contextualized late interaction [3], and passage based generative question answering [4] 
offer different ways to connect queries and retrieved information. REALM additionally incorporates retrieval 
into language model pretraining [5]. These developments establish the importance of retrieval but do not 
make  relevance  identical  to  support.  A  passage  can  be  highly  relevant  because  it  discusses  the  same 
experiment while disagreeing about the reported result. Our numerical example focuses on that narrow gap 
and deliberately uses a simple retriever so that the source of an accepted claim can be traced.

Fact  verification  benchmarks  distinguish  evidence  identification  from  a  support  judgment.  FEVER 
provides a large scale verification setting [6], SciFact focuses on scientific claims [7], and SciFact Open 
broadens  the  retrieval  setting [8].  Our  corpus is  not  drawn from those benchmarks.  It  contains  no real 
scientific result, public abstract or human annotation. Its records are generated from seeded integer fields and 
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fixed sentence patterns. That artificiality is useful for an exact attribution experiment because every field can 
be checked, but it makes the language and evidence substantially easier than in actual scientific literature.

The central comparison asks whether changing an entity, number, unit, condition or negation can pass a 
relevance oriented check. We include two supported sentence forms and five unsupported transformations for 
each fictional material lot. The typed verifier parses six fields and accepts only when one retrieved record 
matches  them  all.  Its  perfect  result  in  this  closed  language  is  expected  and  should  be  read  as  an 
implementation and representation demonstration. It is not a claim of general natural language inference, 
scientific truth assessment or state of the art citation verification. The useful contrast is the measured behavior 
of weaker checks on exactly the same claims and documents.

Recent citation research reinforces the need for an explicit evaluation target. CiteEval studies fine grained 
citation assessment [9], while work on imperfect factuality metrics documents the importance of evaluating 
the evaluators themselves [10]. Our experiment adopts a particularly narrow target: support within a fully 
specified fictional corpus. It  does not judge source authority, experimental validity, causal identification, 
publication quality or whether a claim is true outside the corpus. Keeping those questions separate makes the 
numerical success informative without allowing it to stand in for a broader scholarly review.

2 A corpus whose support relations are known by construction
The generator creates eighty fictional material identifiers, from lot000 through lot079. Each receives a 

base temperature drawn from twenty, thirty or forty degrees on the displayed C scale, an integer dose from 
one through four milligrams, and an integer response from two through eighteen. These fields are arbitrary 
symbolic values. They are not measurements of a material, a chemical response or a laboratory instrument. 
The word yield  supplies  a  scientific  style  endpoint  for  the  sentence  pattern,  but  it  carries  no empirical 
scientific claim. Every document visibly states that it is a fictional arithmetic record.

For each lot the corpus contains three records. The first uses its base temperature and response with a 
response unit of percent. The second raises temperature by ten and response by three while retaining percent. 
The third raises temperature by twenty and response by six and uses milligrams as the response unit. The 
dose remains the same across the three records. This creates 240 paragraphs with related vocabulary and 
deliberately different conditions. A verifier must therefore link a response to its condition and unit rather than 
find the lot  identifier alone. The records have stable document identifiers used as citation targets in the 
experiment.

The documents follow one controlled sentence pattern. Claims use either a closely related pattern or a 
rearranged paraphrase with the response described as a yield shift. Both forms remain within the parser's 
specified  grammar.  The  use  of  the  word  paraphrase  should  not  be  mistaken  for  unconstrained  natural 
language variation: it means exactly the second generated sentence pattern. There are no synonyms outside 
that pattern, pronouns, anaphora, tables, mathematical derivations or statements spanning several paragraphs. 
Table 1 lists the corpus dimensions and transformations so that the difficulty of the test is stated before its 
scores are interpreted.

Table 1. Executed fictional corpus and claim generation. The relation being evaluated is exact support within this closed 
corpus, not truth about a material.

Component Count or transformation Interpretation

Material identifiers 80 fictional lots No real measured material
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Component Count or transformation Interpretation

Source paragraphs 3 per lot; 240 total Condition and unit variants

Supported claims 2 per lot; 160 total Canonical and rearranged pattern

Unsupported claims 5 per lot; 400 total Number unit condition negation entity

Attribution methods 5 methods; 2,800 decisions No language model calls

Retriever TF IDF cosine; fixed vocabulary Source fields excluded from ranking

Each lot generates seven claims. The supported claim reproduces the base fields in a reordered sentence. 
The supported paraphrase uses the second grammar. The number transformation adds seven to the base 
response. The unit transformation substitutes milligrams for percent while retaining the base condition. The 
condition transformation raises temperature by ten while retaining the base response, which differs from the 
response in that lot's second document. The negation transformation inserts did not change. The absent entity 
transformation replaces the lot identifier with one not present in the corpus. Thus 160 claims are supported 
and 400 are unsupported under the stated exact relation.

No unsupported label is assigned solely because of a verbal intuition. For the number, unit and condition 
cases, no corpus record has the same complete tuple as the transformed claim. For negation, all generated 
source records are affirmative, so the negated claim lacks a matching supporting record. For absent entities, 
no document contains the requested identifier. We use the single label unsupported for these outcomes rather 
than conflate absence with contradiction. A real verification task may need several labels and reasoning about 
inconsistent studies; this binary experiment deliberately avoids that additional ambiguity.

Figure  1  presents  a  detailed  fictional  document  plate  with  an  actual  generated  evidence  sentence,  a 
supported claim and a number changed claim. The plate is drawn directly from the saved corpus fields and 
contains no downloaded paper image. It is both illustrative and data linked: its layout is a communication 
device, while its displayed sentences come from the executed generator. The figure does not imply that a 
scientific publication exists for the fictional lot. Real literature citations elsewhere in this manuscript provide 
methodological  context  and are separate from the synthetic  document identifiers used by the attribution 
experiment.

3 Retrieval is intentionally simple and fully specified
The retriever tokenizes lowercase text into alphabetic strings with optional trailing digits and standalone 

digit strings. Lot identifiers remain single tokens. A term count vector is calculated for every document. The 
inverse document frequency is the logarithm of the ratio between the corpus size plus one and the document 
frequency plus one, followed by addition of one. Multiplying counts by those weights gives a conventional 
term weighting representation. Every document vector is normalized to unit Euclidean length. This makes the 
retrieval score a cosine similarity without a trained encoder or external embedding service.

i d f ( t )= l o g [(D+1) / (d f ( t )+1)]+1 (1)
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Figure 1. Code drawn fictional scientific document plate using the actual generated first lot evidence sentence and claims. 
The page is synthetic and represents no real publication or laboratory measurement. Green annotation is supported under the 

controlled tuple relation; red annotation changes the response value.

The query uses the same tokenization, count weighting and unit normalization. Tokens absent from the 
document vocabulary are ignored. That design is common in a fixed vocabulary bag of terms model, but it 
has an important consequence for absent entities: an unknown identifier may contribute no explicit mismatch 
penalty. The remaining words can still produce a high similarity with an existing document. The experiment 
measures that behavior rather than assuming that a missing query token automatically causes rejection. It 
provides one concrete  way a  relevance score can look reassuring even when a  source is  about  another 
fictional lot.

vd t= t f d t i d f ( t ) , ṽ d= vd / ‖ vd ‖2 (2)

Term specificity has long been central to information retrieval [11], and Okapi experiments provide a 
primary precedent for probabilistic ranking methods [12]. We do not implement BM25 or compare tuned 
retrieval  systems.  The  simple  weighted  cosine  model  is  chosen  because  every  contribution  can  be 
reconstructed from the corpus and query. Its limitations are part of the study. A stronger retriever could 
improve  relevance,  but  a  relevant  document  with  the  wrong  number  or  condition  would  still  need  an 
attribution judgment. The numerical experiment isolates that judgment rather than claiming a new retrieval 
algorithm.

s(q ,d )= ṽ q
T ṽ d , Rk (q )= t o p kd s(q ,d ) (3)

Documents are ranked by decreasing score, and the top one, two, three and five positions are examined for 
supported claim evidence recall. The typed attribution methods use one or three retrieved paragraphs. The 
presence and lexical baselines use the first retrieved paragraph. There is no document filtering by the hidden 
truth label and no use of the generated structured fields in ranking. The fields remain available for evaluating 
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support after retrieval. Because each supported claim includes a distinctive lot identifier and exact numerical 
information, the retrieval task is deliberately easy; the observed recall confirms how easy it is.

Figure 2 shows top three scores for the seven claim forms associated with the first lot and the aggregate 
supported evidence recall by retrieval budget. The complete support is retrieved first for every supported 
claim in this executed corpus. Increasing the budget from one to three or five therefore provides no additional 
supported evidence recall. This is a useful negative result. It prevents a later improvement in attribution from 
being incorrectly explained as a benefit of retrieving more passages. In the present construction the difference 
comes from the acceptance rule, because the relevant supporting record was already available.

Figure 2. Executed retrieval diagnostics. Left gives top three weighted cosine scores for seven generated claim 
transformations associated with the first lot. Right gives evidence recall for 160 supported claims; their complete supporting 

paragraph is already first, so larger budgets add no recall.

4 Three acceptance concepts and one evidence ablation
The citation presence baseline accepts every claim because the retrieval  procedure always returns an 

existing document identifier. This is intentionally weak. It represents the mistaken inference that a resolvable 
reference is sufficient evidence for the attached sentence. We do not attribute this behavior to a particular 
product,  researcher or language model.  Its  role is  to establish the maximum recall  and false acceptance 
pattern of a pure existence check under a fixed class prevalence. Since every returned identifier belongs to the 
synthetic corpus, the baseline has perfect document existence even when the entity or scientific field in the 
claim is wrong.

The lexical baseline accepts a claim if the top cosine score is at least 0.60. This threshold is prescribed 
rather than tuned on the generated test labels. It transforms a retrieval relevance measure into an attribution 
decision, which is precisely the heuristic being tested. A claim can retain nearly all words while changing a 
crucial unit or negation, so the score need not respond in the way the support label requires. We report its 
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actual threshold and complete confusion counts. There is no assertion that 0.60 is an optimal threshold for 
attribution or that another threshold would have the same quantitative behavior.

al e x(q )=1{s(q ,d1)≥0 .60 } (4)

The typed method extracts entity, temperature, dose, response value, response unit and a negation flag 
from the claim and each retrieved paragraph. The parser uses explicit regular expressions for the two claim 
forms and the source form. It recognizes the first lot identifier, the temperature followed by C, the dose 
pattern and a response introduced by by or was. A missing required field yields no tuple. Negation is detected 
through the generated not change phrase. This is exact pattern parsing within a small declared grammar. It is 
not an entailment model or a language model judge.

τ (q )=(e ,T ,d , r ,u ,n ) (5)

A claim is accepted when its tuple matches at least one complete retrieved source tuple. Every field must 
match exactly, including the response unit and negation flag. No numerical tolerance, conversion between 
units or combination across sources is performed. This strict rule is suitable for the artificial exact integer 
corpus but would be incomplete for realistic scientific prose. For example, two equivalent units could be 
rejected, and a claim requiring subtraction of two reported means would lack a direct tuple match. The paper 
treats those cases as limitations rather than silently granting the verifier broader reasoning abilities.

at y p e d ,k (q )=1{∃ d ∈ Rk (q ): τ (d )= τ (q )≠∅ } (6)

The evidence ablation retains the same retrieved document identifiers but deletes the source response 
value and unit from its result phrase before parsing. It does not alter the claim, retrieval ranking or displayed 
citation identity. The typed method then has no complete evidence tuple and rejects the claim. This is a 
deliberate fail  closed behavior:  inability to parse the necessary support  is  not  converted into acceptance 
merely because a document exists. The ablation separates evidence content from citation metadata. It also 
creates a class imbalance caution, because rejecting everything can have a seemingly respectable overall 
accuracy while providing no supported claim recall.

5 Executed attribution results
Table 2 contains the full confusion counts over 560 claims. Citation presence accepts all 160 supported 

and  all  400  unsupported  claims.  Its  precision  is  therefore  28.6  percent,  exactly  the  supported  claim 
prevalence, and its recall is 100 percent. This is not a discovery about retrieval quality. It is the predictable 
consequence of using source existence as the acceptance rule. Reporting both precision and recall makes that 
consequence visible and avoids interpreting complete acceptance of supported claims as a sufficient sign of 
reliability. A system can have perfect recall while attaching support to every unsupported statement as well.

P=T P / (T P+F P ) , R=T P / (T P+F N ) (7)

The  lexical  threshold  accepts  every  supported  claim  but  also  328  unsupported  claims.  It  rejects  72 
unsupported claims and no supported claims, giving precision 32.8 percent and accuracy 41.4 percent. Its 
modest improvement over citation presence comes from rejecting some changed numbers and absent entities. 
It does not reliably detect changed units, conditions or negation at the stated threshold. Figure 3 displays 
these  counts  beside the  typed decision matrix.  The numerical  contrast  is  large because the  unsupported 
transformations preserve most of the original vocabulary while altering fields that the lexical score does not 
interpret.
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Table 2. Executed attribution confusion counts and metrics over 560 claims. Precision is undefined when no claim is 
accepted. The typed result is conditional on the declared grammar and exact field relation.

Method TP / FP FN / TN Precision Recall

citation_present 160 / 400 0 / 0 28.6% 100.0%

lexical 160 / 328 0 / 72 32.8% 100.0%

typed1 160 / 0 0 / 400 100.0% 100.0%

typed3 160 / 0 0 / 400 100.0% 100.0%

typed3_masked 0 / 0 160 / 400 Undefined 0.0%

Figure 3. Executed attribution confusion matrices over 560 constructed claims. Rows are corpus support labels and columns 
are accept or reject decisions. All source identifiers exist; citation presence and lexical relevance still accept unsupported 

statements.

Both typed top one and typed top three accept all 160 supported claims and reject all 400 unsupported 
claims. This perfect score is an exact closed language result. It follows from the parser covering the generated 
sentence forms and the equality rule matching the relation used to define support. We do not present it as 
evidence of broad semantic understanding. Its scientific  value is  to show that  explicit  field preservation 
resolves the particular errors that survive a relevance threshold, once the source is available. The equality 
between top one and top three is equally important: extra retrieval supplies no benefit in this controlled case.

After numeric evidence masking, the typed method accepts no claims. Supported recall becomes zero, 
while overall accuracy is 71.4 percent because all 400 unsupported claims are rejected. Precision is undefined 
when no claim is accepted; the result should not be described as high precision. This ablation demonstrates 
why overall accuracy alone can be misleading under an imbalanced claim set. A verifier that refuses all 
evidence can look better by accuracy than an overaccepting baseline while performing no useful positive 
attribution. Table 3 reports acceptance by transformation so that these very different behaviors cannot be 
conflated.

A c c=(T P+T N ) / (T P+T N +F P+F N ) (8)
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Table 3. Executed acceptance in percent by transformation. There are eighty claims in every column category. Top one and 
top three typed checks coincide because supporting evidence is already first.

Claim kind Presence Lexical Typed top 1 Typed top 3

supported 100 100 100 100

paraphrase 100 100 100 100

number 100 50 0 0

unit 100 100 0 0

condition 100 100 0 0

negation 100 100 0 0

absent 100 60 0 0

Figure 4 presents the same transformation level acceptance as a heatmap. The lexical method accepts 50 
percent of number changes, every unit change, every condition change, every negation and 60 percent of 
absent entities. These are executed proportions from eighty claims per transformation. They are not estimates 
of how a neural verifier behaves on scientific papers. The design shows why a relevance score can fail on a 
controlled set where the correct distinction resides in a few small fields. A system that uses lexical retrieval 
should therefore attach a separate support check before treating the retrieved identifier as attribution.

6 Units and conditions are part of the proposition
The unit  transformation is especially informative because it  changes only a word while retaining the 

numerical response and all acquisition conditions. In the corpus, percent and milligrams describe different 
response quantities. The typed verifier rejects the mismatch, while the lexical threshold accepts all eighty 
changed unit claims. This is not a demonstration of dimensional analysis: no conversion or physical equation 
is evaluated. It is a demonstration that a proposition's unit field cannot be replaced by another unit merely 
because the surrounding sentence remains similar. Real numerical verification would need richer quantity 
representations, conversion rules and awareness of what the measured endpoint means.

The condition transformation also preserves most vocabulary. Raising the stated temperature by ten points 
to another record for the same lot, but that record has a different response. A verifier that checks entity and a 
nearby number independently could combine fields from incompatible records. Our equality rule requires one 
source tuple to match the complete claim. It therefore blocks that cross condition assembly. The experiment 
is  a  simple instance of  a  common evidence binding problem: supporting the components  of  a  sentence 
separately does not necessarily support their conjunction under one experiment or setting.

Negation changes the logical status of the response without changing its entity, condition, dose, number or 
unit. The lexical baseline's complete acceptance of these cases shows that the selected cosine threshold treats 
the added words as a small relevance change. The typed method's negation flag makes the distinction explicit. 
Again, this is a limited parser rule, not general logical reasoning. It detects exactly the generated phrase and 
does not understand every way a source might deny, qualify or fail to establish an effect. The experiment 
identifies the importance of the distinction while keeping the implemented recognition mechanism narrow.
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Figure 4. Executed acceptance fraction for eighty claims in each transformation category. Typed matching covers the 
declared closed sentence grammar. Numeric evidence masking preserves citation identity but removes the response fields 

required for a complete match.

The absent entity cases expose a separate retrieval artifact. Unknown lot identifiers are absent from the 
fixed document vocabulary and are ignored when constructing query vectors. Shared scientific words and 
numerical  tokens  can  still  match  existing  records  strongly  enough  to  exceed  the  lexical  threshold. 
Consequently, 48 of eighty claims about absent lots are accepted by that heuristic. The typed verifier rejects 
them because the parsed identifier must match a retrieved record. This result illustrates how a vocabulary 
design decision can affect an attribution decision when a relevance score is used without an entity binding 
check.

Figure 5 displays field differences between the seven first lot claims and its primary record, alongside the 
evidence masking recall result. The field plate is a diagnostic visualization of the exact tuples, not a learned 
explanation generated after  prediction.  It  makes the locus of  each perturbation inspectable.  The masked 
evidence experiment then removes the response content while keeping citation identity fixed. Together, these 
controls distinguish three things that can otherwise be collapsed in a generated answer: a related document, a 
matching numerical statement and a complete source bound proposition.

7 Attribution differs from scientific truth
Support within the corpus does not establish that any material actually changes yield. The records are 

invented and explicitly labeled fictional. An accepted claim only matches an affirmative source tuple in that 
corpus. This distinction is central to scientific citation checking. A published source can support a sentence 
while containing a flawed experiment, an invalid inference or a result that does not replicate. Conversely, a 
scientifically true statement may lack support in the particular retrieved collection. Our binary label measures 
attribution under an exact  source relation,  not  truth in the world,  evidential  quality or consensus across 
independent studies.
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Figure 5. Executed typed mismatch and evidence ablation plate. Left identifies which of six fields changes in first lot claims. 
Right shows supported recall before and after masking source response content while keeping retrieval and document identity 

fixed.

Measuring attribution in generated language formalizes the relationship between statements and identified 
sources  [13].  ALCE  evaluates  generation  with  citations  [14],  and  fine  grained  factual  precision  work 
separates atomic claims from long form output [15]. Our experiment generates each claim atomically, so it 
avoids sentence decomposition as a source of error. That simplification is consequential. A real scientific 
sentence can combine a numerical result, a causal interpretation and a generalization beyond the studied 
population. A tuple matching one number would not establish support for the entire sentence. The present 
equality rule is appropriate only because the generated claims have a known fixed structure.

Scientific  text  models  and corpora offer  richer foundations for  real  language tasks.  SciBERT studies 
domain specific representation learning [16], S2ORC provides a large research corpus [17], and QASPER 
anchors information seeking questions in research papers [18]. None supplies data to the current numerical 
study. Their relevance is to identify what the controlled grammar omits: varied discourse, section context, 
scientific terminology and answers distributed across a paper. A realistic extension would need to evaluate 
parsing and evidence binding on such material rather than assume that success on two sentence patterns 
transfers automatically.

MuSciClaims adds scientific figures and multimodal evidence to claim verification [19]. Our document 
plate contains only generated text and is not a multimodal reasoning benchmark. The parser cannot read an 
image, identify a plotted series or infer a value from an axis. The citation context therefore must not be 
expanded into a claim of figure verification. The comparison instead provides a small text only mechanism 
study that can serve as a baseline conceptual distinction when multimodal systems are assessed: retrieval of 
the right paper remains different from identification and interpretation of the actual evidence supporting a 
claim.
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8 Implications for retrieval augmented pipelines
The experiment suggests an explicit division of responsibility. A retriever locates candidate evidence; an 

attribution stage checks whether the candidate contains the proposition being asserted. In our code the first 
stage uses weighted cosine and the second uses a tuple parser. In a richer pipeline either stage could be 
learned, symbolic or hybrid. What matters is that their outputs are evaluated separately. Complete evidence 
recall cannot excuse an acceptance rule that confuses conditions, and a precise verifier cannot support a claim 
whose evidence was never retrieved. The controlled corpus makes the second point dormant because recall is 
already perfect, which helps isolate the first.

Evidence  guided  generation  explicitly  studies  the  relation  between  retrieved  passages  and  generated 
content [20], while Self RAG introduces retrieval and self critique mechanisms [21]. We do not execute 
either system or claim that its errors match our lexical baseline. Those methods are relevant because they 
make  evidence  use  part  of  the  model's  design.  Our  result  provides  a  transparent  diagnostic  that  can 
complement aggregate answer quality: perturb a number, unit, condition or negation while holding much of 
the text fixed and measure whether attribution changes. Such tests can reveal a field binding weakness that a 
broad relevance score conceals.

RAGAS supplies automated evaluation components for retrieval augmented generation [22], and long 
context experiments show that evidence use can depend on where information appears [23]. Our corpus has 
one short result sentence per paragraph, and the verifier checks each paragraph independently. It therefore has 
no context  length  or  position problem.  This  absence should be  stated rather  than credited to  the  typed 
checker. A real document can introduce the entity in one paragraph, define units in a table caption and qualify 
the result in a later section. Extending the tuple method would require reliable context assembly before exact 
field comparison becomes meaningful.

Natural  language  inference  datasets  such  as  SNLI  [24]  and  MultiNLI  [25]  study  broader  sentence 
relationships  than  our  parser  handles.  They  do  not  guarantee  that  a  verifier  trained  on  them will  bind 
scientific quantities or experimental conditions correctly. The present study neither trains such a verifier nor 
evaluates  transfer  from those  datasets.  It  uses  them as  context  for  the  distinction  between  a  controlled 
symbolic  relation and open language support.  The perfect  tuple  result  is  best  interpreted as  a  reference 
behavior for the declared grammar, against which more general systems could later be compared on the same 
controlled transformations.

Selective prediction studies the option to abstain when a model cannot make a reliable decision [26]. The 
numeric evidence ablation gives an elementary example of why an attribution stage may need such an option. 
The implemented checker rejects a claim when required evidence is absent, conflating no support found with 
incomplete parsing in its binary output. A practical system should expose that distinction to a user. We do not 
build a user interface or calibrate abstention probabilities here. The result simply shows that preserving a 
citation identifier while deleting its substantive result should not leave a positive support decision unchanged.

9 Limitations of a closed language experiment
The typed checker and the labels share a field representation. Its perfect performance is therefore partly a 

consequence of experimental design, not a surprising discovery. The meaningful comparison lies in how a 
purely relevance based rule behaves when a few proposition fields change. This limitation should be central 
to interpretation. We do not claim that regular expressions solve scientific citation verification. They solve 
the  exact  grammar  supplied  to  them.  The  experiment's  value  is  to  isolate  support  relations  and  failure 
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mechanisms without introducing unknown model behavior, then make the assumptions available for critique 
and extension.

The corpus also lacks numerical uncertainty. Responses are integers, equality is exact and there are no 
confidence  intervals,  rounding  conventions,  significant  figures  or  statistical  qualifiers.  A  statement  of 
approximately twelve percent and a source reporting 11.8 percent would need a tolerance policy that depends 
on context. A claim of a significant increase would require interpreting uncertainty and comparison groups 
rather than matching a response value. None of those operations is included. Extending the checker to them 
would  require  a  richer  proposition  model  and  new experiments,  especially  because  an  overly  generous 
tolerance could create false support.

There is no multi source synthesis. The acceptance rule requires one complete matching record and cannot 
combine evidence across documents. This is deliberate for preventing condition mixing, but it would reject 
legitimate claims that summarize several compatible studies or calculate a derived quantity. It also cannot 
reason about source disagreement, updated results or a retracted finding. Those are essential scholarly issues 
beyond the current proxy. The paper does not describe the corpus as a representative sample of citation 
practice; it is a controlled diagnostic set whose narrowness makes the comparisons exact.

The lexical threshold is only one prescribed value. We do not optimize it or present a receiver operating 
curve, so the reported precision and accuracy are properties of that specific rule. Another threshold could 
trade recall for fewer false acceptances. However, a threshold cannot by itself provide the semantic meaning 
of  a  temperature or  unit  field.  A broader  study could compare calibrated thresholds,  learned entailment 
models and typed tools using held out grammar variations. Such an extension should assess its own evidence 
rather than inherit a broad performance claim from the present closed corpus.

10 A limited success with an explicit evidence boundary
The executed study separates source existence, lexical relevance and proposition support.  All  sources 

returned by retrieval have valid synthetic identifiers, but citation presence accepts 400 unsupported claims. A 
cosine threshold rejects some changed numbers and absent entities yet still accepts 328 unsupported claims. 
An exact typed check rejects those transformations and accepts every supported sentence form within its 
declared grammar. Increasing the retrieval budget adds no benefit because all supported evidence was already 
ranked first. Removing numeric evidence drives supported recall to zero even while overall accuracy reaches 
71.4 percent through rejection of the majority class.

These outcomes support a specific methodological claim. A citation checking pipeline should preserve the 
binding among entity, result, unit, condition and qualification, and it should evaluate support separately from 
retrieving a plausible document. The controlled checker demonstrates that distinction without claiming open 
language understanding or scientific truth assessment. Its complete corpus, claims, decisions and figures are 
archived  with  the  generator,  making  every  accepted  and  rejected  sentence  inspectable.  The  result  is  a 
reproducible numerical example of evidence discipline: the source attached to a statement must support that 
statement's proposition, not merely share its vocabulary or exist at a valid identifier.

11 Error accounting makes the comparison interpretable
The lexical method's 328 false acceptances can be decomposed without a fitted explanation. Forty come 

from changed numbers, eighty from changed response units, eighty from changed temperatures, eighty from 
negation and forty eight from absent entities. These categories sum exactly to the false positive count in 
Table 2. The breakdown matters because two methods with the same overall precision could fail for different 
reasons.  A threshold might  reject  rare  identifiers  well  while  remaining insensitive  to  units,  or  handle  a 
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negation  phrase  while  mixing  experimental  conditions.  Transformation  level  accounting  makes  those 
differences visible and provides concrete targets for a later verifier rather than a single undifferentiated error 
percentage.

The source response value varies  between two and eighteen,  so adding seven can introduce either  a 
familiar or less familiar standalone digit token. The cosine score responds to that lexical change through the 
corpus vocabulary and inverse document frequencies. Its fifty percent acceptance rate for number changes is 
therefore not evidence of arithmetic reasoning. The method never subtracts the claim value from the source 
value. It only compares weighted token vectors. The exact numerical behavior depends on the generated 
values and token distribution, which is why the seed and full corpus are necessary for replication.

F Pl e x=40+80+80+80+4 8=328 (9)

The absent entity result is similarly corpus dependent. An identifier unseen by the document vocabulary is 
dropped from the query vector, leaving its other tokens to determine similarity. That can actually increase the 
relative contribution of shared words after normalization. The method does not possess an explicit unknown 
entity category. The typed parser does retain the identifier string, so it can require exact equality even if the 
string never appeared during retrieval vector construction. This is a concrete example of two stages using 
different representations of the same query, with a predictable consequence for attribution.

The presence baseline's precision is also prevalence dependent. With 160 supported claims among 560, 
accepting everything gives two sevenths precision. If the generator produced a different balance of supported 
and  unsupported  transformations,  the  same baseline  behavior  would  yield  a  different  precision  without 
becoming more discerning. The reported percentage therefore should not be generalized to a real corpus's 
citation quality. It is a property of the controlled evaluation mixture. The complete confusion counts allow 
readers to recompute performance under alternative class weights without mistaking that reweighting for a 
new executed language experiment.

π =160 / 560=2 / 7 , Pa l l= π (10)

The masking control illustrates the opposite extreme. Rejecting every claim gives five sevenths accuracy 
because five of the seven transformation classes are unsupported. It provides no positive evidence service at 
all. This is why the paper gives recall and acceptance counts beside accuracy. A practical verifier could also 
report abstention coverage and distinguish an explicit contradiction from a missing parse. The present binary 
output does not make that distinction, so its perfect rejection of unsupported masked claims should not be 
praised as successful verification. The ablation demonstrates dependence on evidence content and a metric 
pitfall at the same time.

12 Exact support is an evidence binding contract
Table 4 summarizes the contract implemented by the typed checker. A supported result needs an entity, 

temperature, dose, response value, response unit and polarity from the same retrieved paragraph. This same 
paragraph condition is important. If a claim has the base temperature but a response from the warmer record, 
separate matches across documents would create a false conjunction. The current implementation avoids that 
by comparing complete tuples one record at a time. It does not search the corpus for one matching field after 
another and assemble a composite source that no document actually states.
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Table 4. Exact evidence binding contract and scope. Every positive decision needs one complete matching tuple from one 
retrieved paragraph.

Required field Implemented check Outside present scope

Entity Exact lot string Coreference and aliases

Temperature and dose Exact parsed integers Unit conversion or uncertainty

Response value and unit Exact integer and unit token Rounding and derived quantities

Polarity Generated negation phrase General qualification and logic

Evidence completeness One paragraph has all six fields Multi source synthesis

Missing result phrase Reject incomplete tuple Distinguishing parse failure from no support

The evidence masking operation is confined to the result phrase in retrieved documents after ranking. The 
document identifier, lot identifier,  temperature, dose and remaining explanatory sentence remain present. 
Thus retrieval scores and citation identities are held fixed by design, while the checker loses the response 
value and response unit required for a complete tuple. This is a counterfactual content ablation, not a claim 
that a real paper's evidence has been removed from the world. Its interpretation is causal within the code: 
changing those source fields  is  sufficient  to  eliminate  every positive typed attribution in  this  controlled 
setting.

τ (m(d ))=∅⇒ at y p e d (q ;m(Rk ))=0 (11)

The parser's strictness also creates obvious false negative possibilities outside the declared grammar. A 
source could state a dose in micrograms, use a negative signed response, write a temperature in words or refer 
to a previously defined material with a pronoun. The current regular expressions would fail or produce an 
incomplete tuple. Those failures would be limitations of parsing rather than evidence against the claim. A 
practical  system  should  preserve  the  difference.  Our  experiment  does  not  hide  it  behind  a  language 
understanding claim: the accepted grammar is part of the method and the perfect score is conditional on that 
grammar.

A useful next experiment would generate equivalent quantities in different units while preserving their 
physical  meaning. That  would require selecting canonical  units,  checking dimensional  compatibility and 
defining rounding tolerances before evaluation. Another extension could split a result and its condition across 
two adjacent sentences while retaining an unambiguous entity reference. That would test context assembly 
rather than exact sentence parsing. These are concrete falsifiable changes to the current contract. We do not 
predict that the present checker would handle them; its code makes clear that it generally would not without 
modification.

The narrowness of the current success is therefore part  of its value. It  provides an explicit  reference 
behavior for a known support relation, and it exposes how citation presence and lexical overlap can deviate 
from that behavior even when retrieval is perfect. A more general model could be evaluated against the same 
transformation categories before moving to natural scientific text. If it failed a unit or condition change here, 
the error could be diagnosed precisely. If it succeeded, that would still be a preliminary control rather than a 
substitute for evaluating real prose, uncertain quantities, multimodal evidence and source quality.
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