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Abstract

Large Language Models (LLMs) are increas-
ingly asked questions on documents, yet it
remains unclear whether their responses re-
flect information from the provided source or
their pretraining. Existing document question-
answering benchmarks primarily evaluate an-
swer accuracy. In this work, we adapt educa-
tional assessment techniques to evaluate LLMs
and their use of context through document-
based question-answering experiments. Over
multiple iterations across a set of frontier mod-
els, we compare three different approaches that
estimate a model’s internal knowledge (as a
form of LLM metacognition). First, multiple-
choice questions are generated with the doc-
ument to test models. Second, models must
identify when no correct answer is present and
generate a missing correct answer. Third, the
models answers open-ended questions. Each
approach tested models with and without docu-
ment context. Altogether, we intend to evaluate
LLM recognition, error detection, and reason-
ing, just as these assessments would for learn-
ers. Experiments are conducted across multiple
models on a corpus of technical and nontech-
nical Wikipedia articles sampled across revi-
sion periods relative to model training cutoffs.
While access to document context consistently
improved performance, the magnitude of im-
provement depended strongly on assessment
strategy. Open-response evaluation produced
the largest absolute context gains compared
with standard multiple-choice questions, indi-
cating that recognition-based benchmarks may
underestimate the contribution of external doc-
uments to natural language generation related
tasks. We further find that document charac-
teristics, including domain and revision period,
influence context utilization, while model pair-
ings have comparatively little effect. These
findings provide a framework for evaluating
document-grounded language generation and
offer practical guidance for developing more
reliable retrieval-augmented language systems.

1 Introduction

LLMs are increasingly becoming prevalent as edu-
cational tutor, enterprise search, and retrieval aug-
mented generation (RAG) systems, where users
input one or more source documents for models to
retrieve and reason over their contents (Bhayana,
2024; Modran et al., 2024; Pasupuleti et al., 2024).
Although access to specific domain-specific doc-
uments should naively improve performance, it
remains unclear as to whether responses reflect
reasoning over the provided context or paramet-
ric knowledge acquired during pretraining. Dis-
tinguishing between these behaviors is especially
important in specialized or developing domains,
where pretrained knowledge may be outdated or
inconsistent with the supplied document. Existing
evaluations of document-based question answer-
ing primarily measure answer precision (Chen and
Mueller, 2024; Zhao et al., 2026). Furthermore,
standard benchmarks rarely examine model behav-
ior under alternative assessment settings, such as
identifying missing information and recognizing
flawed questions. For inspiration, we look towards
the education domain, wherein assessments have
historically employed multiple formats in order to
measure understanding beyond factual recognition.

In this work, we propose a document-based eval-
uation framework for measuring context utilization
and document usage. We evaluate models across
question-answering tasks, beginning with standard
multiple-choice questions (MCQ) answered with
and without document context, followed by ex-
periments requiring models to identify incorrect
answer sets, generate missing answers, and pro-
duce open-ended responses. Together, they assess
free-form reasoning and demonstrate whether mod-
els are able to answer factually with a dependence
on context or not. In addition to answer preci-
sion, we evaluate explanation quality subjectively
through a LLLM-as-a-judge pipeline. Experiments
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are conducted across ChatGPT and Gemini models
using a balanced corpus of technical and nontech-
nical Wikipedia articles sampled from revision pe-
riods spanning model training cutoffs. Our work is
guided by these research questions:

RQ1: How does model performance differ with
and without access to the source document?

RQ2: Which assessment strategy most effectively
differentiates document-grounded reasoning
from parametric knowledge?

RQ3: How do performance gains from document
context vary across domains and time periods?

These research questions examine when and to
what extent LLMs use documents over their para-
metric knowledge. Rather than evaluating end-to-
end RAG, we isolate the document ingestion stage.
This allows us to observe performance independent
of retrieval quality. RQ1 investigates the extent to
which document access may improve performance,
RQ2 asks which assessment strategy creates the
most clear distinction between document-grounded
and parametric knowledge, and RQ3 examines how
this varies across document characteristics. These
experiments aim to characterize and provide a new
framework for the evaluation of context-utilization.
These findings could inform the evaluation of a
wide range of downstream tasks, that require mod-
els to reason over provided context.

Our analysis demonstrates that the impact of
external document context depends strongly on
assessment type, with open-response producing
the largest absolute separation between document-
grounded reasoning and parametric knowledge.
Additionally, we show that document domain
and temporal recency influence context utilization,
while these trends remain consistent across model
pairings.

2 Related Work

2.1 Educational Evaluation Format

Educational assessment has long recognized that
no single examination format captures all aspects
of student understanding (Simkin and Kuechler,
2005; Yilmaz and Toker, 2022). MCQ primarily
evaluate recognition, whereas constructed-response
questions require learners to recall, synthesize,
and explain information without cues (Bennett
et al., 1991; Frary, 1985). Different assessment

formats place different cognitive demands on learn-
ers, which can produce variable estimates of ability
even when evaluating the same underlying mate-
rial.

MCQ are widely used to benchmark LL.Ms, not
only for their efficiency and simplicity, but also for
enabling evaluation across a wide range of subjects
(Hendrycks et al., 2021; Li et al., 2024). However,
this format has important limitations, including sen-
sitivity to option ordering, reliance on recognition
cues, and an inability to fully test a model’s knowl-
edge (Balepur et al., 2025; Molfese et al., 2025;
Zhang et al., 2024). In contrast, long-form gen-
eration has no fixed answer options, and avoids
the order sensitivity and recognition cues that af-
fect MCQ, though constructed responses are more
complex to score reliably than multiple-choice se-
lections (Balepur et al., 2025).

Recent work has examined LLLM capabilities that
go beyond standard MCQ accuracy. Kadavath et al.
(2022) introduce P(IK) ("Probability I Know"), a
learned prediction of whether a model can answer
a given question, and find that this self-assessed
knowledge increases when a relevant document is
added to the context. They further observe that re-
placing an answer option with "None of the Above"
degrades both accuracy and calibration, as models
are biased against selecting it. This suggests that
recognizing the absence of a correct answer is a
distinct reasoning capability rather than a byprod-
uct of answer selection. Madhusudhan et al. (2025)
build on this with Abstain-QA, a benchmark whose
unanswerable items remove the correct option and
substitute a plausible distractor, so that selecting
“None of the Above” is correct. This study found
that strong models abstain reliably on simple fac-
tual questions, but degrade on complex reasoning
tasks. However, these works each examine a sin-
gle format in isolation, and do not ask whether
the choice of format changes how much document
reliance we observe. To our knowledge, no prior
work has systematically compared recognition, ab-
stention, and generation formats on the same doc-
uments to measure how the estimated benefit of
context depends on the assessment format itself.

2.2 Parametric and Contextual Knowledge

When a language model answers a question about
a document, its response may originate from two
distinct sources. The first is the retrieved docu-
ment provided in the prompt, commonly referred
to as contextual knowledge (Longpre et al., 2021;
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Neeman et al., 2023). The second is information
encoded during pretraining and stored within the
model parameters, referred to as parametric knowl-
edge (Neeman et al., 2023; Petroni et al., 2019;
Roberts et al., 2020). When the two sources dis-
agree, models often disregard the provided passage
in favor of parametric memory (Chen et al., 2022;
Longpre et al., 2021), and whether they do so de-
pends on factors as brittle as the coherence of the
presented evidence and the model’s confidence in
its prior answer (Xie et al., 2024; Xu et al., 2024).
Distinguishing whether a response is grounded in
the document or recalled from memory therefore
remains a central challenge for evaluating retrieval-
augmented systems, however has been explored in
prior work. Mallen et al. (2023) introduced PopQA,
a benchmark designed to study when language
models require retrieval versus relying on mem-
orized knowledge. They demonstrate that retrieval
provides the greatest benefit for long-tail entities
and less frequently observed facts, while larger
models primarily improve performance on more
popular knowledge. Consistent with this, Kandpal
et al. (2023) show that how often a fact appears in
pretraining data strongly predicts whether a model
can recall it. These findings suggest that the value
of external documents depends on the availability
of corresponding parametric knowledge, motivat-
ing evaluations that explicitly distinguish between
the two sources.

Closely related is the problem of factual ground-
ing. Ji et al. (2023) distinguish hallucinations that
contradict the source document from those that
introduce unsupported information, emphasizing
the importance of determining whether generated
content is grounded in retrieved evidence. Grow-
ing mitigation literature already treats over-reliance
on parametric memory as a problem to engineer
around, through context-faithful prompting (Zhou
et al., 2023) and context-aware decoding (Shi et al.,
2024); these methods, however, modify model be-
havior rather than measure it. Rather than hallu-
cinations, our work examines how the need for
document grounding varies across assessment for-
mats.

Prior efforts to measure this distinction have
largely relied on knowledge-conflict constructions:
editing the document by substituting entities or
generating counterfactual passages that contradict
memory, then observing which source the model
favors (Chen et al., 2022; Longpre et al., 2021; Nee-
man et al., 2023). While informative, such evalu-

ations require modified documents that deployed
systems rarely encounter, leaving open whether
context reliance can be measured on unmodified,
naturally occurring documents. We address this
by manipulating document availability and answer
options rather than document content, and by strat-
ifying our corpus by revision date relative to model
training cutoffs (Dhingra et al., 2022; Kasai et al.,
2023), so that whether content could have been
memorized is controlled by construction rather than
assumed. For RAG systems operating over fresh
or specialized documents, this is the practical dis-
tinction: an answer that sounds correct may be
recited from stale parametric memory rather than
read from the source.

2.3 Document Question Answering

LLMs are increasingly deployed in document ques-
tion answering pipelines, where retrieved docu-
ments are incorporated into the prompt to supple-
ment a model’s knowledge (Chen et al., 2017; Guu
et al., 2020; Karpukhin et al., 2020; Lewis et al.,
2020; Ram et al., 2023). Retrieval itself, however,
can fail even on simple entity-centric queries (Sci-
avolino et al., 2021). These systems have consis-
tently demonstrated improvements on knowledge-
intensive tasks by grounding responses in exter-
nal documents rather than relying solely on pre-
trained information. Despite these advances, evalu-
ation remains largely centered on answer correct-
ness. Reading-comprehension benchmarks score
systems by exact match or F1 against gold answers
(Kwiatkowski et al., 2019; Rajpurkar et al., 2018),
and RAG benchmarks and automated evaluation
frameworks similarly assess retrieval by measuring
accuracy improvements once documents are pro-
vided (Es et al., 2024; Mohammadi et al., 2025; Ru
et al., 2024; Saad-Falcon et al., 2024). Correctness
alone, however, is an incomplete signal: Adlakha
et al. (2024) show that traditional lexical metrics
misjudge instruction-following models, and that
a correct answer is not necessarily faithful to the
provided document. Although extractive bench-
marks introduced unanswerable questions precisely
to penalize guessing (Rajpurkar et al., 2018), this
scrutiny of the assessment format itself has largely
not carried over to document-grounded evaluation
of generative LLMs. Existing metrics quantify
whether retrieval improves performance, but pro-
vide little insight into when models actually use
retrieved information and whether different evalu-
ation formats reveal different levels of document
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reliance.

Our work addresses this limitation by adapt-
ing educational assessment principles to docu-
ment question answering. We compare differ-
ent assessment strategies—including recognition-
based, abstention-based, and open-response eval-
uations—to measure document utilization. We
show that the estimated benefit of retrieval depends
strongly on the assessment format, implying that
some assessments (e.g., self-generated multiple
choice) may over-estimate pretrained knowledge.

3 Methods
3.1 LLM Selection

To separate document generation from document
comprehension, we distinguish between genera-
tor and candidate models. Generator models are
responsible for constructing assessment questions
and producing reference answers or evaluation cri-
teria, while candidate models are evaluated on the
resulting assessments.

We evaluate two lightweight language models
in both generator and candidate roles: GPT-5.4-
mini (training knowledge cutoff: August 2025) and
Gemini-3.1-Flash-Lite (training knowledge cutoff:
January 2025) (OpenAl, 2025; Google DeepMind,
2025). Using both models (from different fami-
lies) as generators and candidates produces four
generator-candidate pairings, allowing us to mea-
sure not only differences in answering ability but
also the influence of question generation.

3.2 Dataset

The document corpus consists of 120 Wikipedia ar-
ticles sampled uniformly across six temporal buck-
ets (with 20 documents per bucket). Articles were
selected to span different stages relative to model
training cutoffs in order to vary the amount of para-
metric knowledge likely available to the models.
The six temporal buckets are:

¢ Year Ahead: June 2026 (current), Jan 2026
* Month Ahead: Sept 2025, Feb 2025
* Year Behind: Aug 2024, Jan 2024

Each time bucket contains an equal number of
technical and nontechnical Wikipedia articles, en-
abling evaluation across both scientific and popular
knowledge domains. Representative topics include
the Google Willow Processor and the 2025 NBA
All-Star Game, respectively.

3.3 Experimental Design

For every document, a generator model first pro-
duces the assessment materials. The same gen-
erated questions are cached and answered by ev-
ery candidate model, ensuring that all candidate
models are evaluated on an identical question set.
Unless otherwise noted, every candidate model
completes each experiment twice: once without
access to the document and once with the com-
plete document provided as context. This paired
evaluation isolates the contribution of external doc-
ument grounding over parametric knowledge. An
example of the experiment workflow can be seen
in Figure 1. Example questions are displayed in 2.

[ Wikipedia Document ]

Generator Model
GPT-5.4-mini or
Gemini-3.1-Flash

Experiment 1
Multiple Choice

Experiment 2
None of the Above

Experiment 3
Open Response

Without Context
No document provided
with questions

With Context
Document provided

Candidate Model
GPT-5.4-mini or
Gemini-3.1-Flash

Evaluation
Done by Generator Model

|\ J

Figure 1: Questions generated from Wikipedia docu-
ments are evaluated without and with document context.
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Example document: Cockatiel Color Genetics, Technical, September 2025

Experiment 1: MCQ

Q: What causes White-faced cock-
atiels to have no psittacofulvin pig-
ments?

A. Pearl gene increases gray pigments
B. Blue gene deactivates yel-
low/orange pigments

C. Cinnamon oxidizes eumelanin

Experiment 2: None of the Above
Q: Which mutation has no visual ef-
fect on pigment, but instead changes
pigment distribution?

A. White-faced

B. Lutino

C. Cinnamon

D. Pied

Generator: GPT-5.4-mini

Experiment 3: Open Response

Q: Explain how Cinnamon and Pearl
mutations differ in their effects on col-
oration and inheritance.

Reference answer:

Pearl changes pigment distribution
whereas Cinnamon alters eumelanin
pigmentation. Both are sex-linked re-

D. Pied removes wing markings

E. None of the Above

cessive, and male Pearls lose their
pearled appearance after the first
molt.

Figure 2: Example questions generated from a single document illustrating the three assessment strategies.

3.3.1 Experiment 1: Standard MCQ

Experiment 1 measures standard document ques-
tion answering performance. For each document,
the generator model produces five MCQ, each con-
taining one correct answer and three plausible dis-
tractors. The generator also provides the correct
option and a reference explanation.

Each candidate model answers every question
under both the no-context and with-context con-
ditions by selecting a single answer option and
providing a brief explanation.

3.3.2 Experiment 2: None of the Above

Experiment 2 evaluates error detection by asking
whether a model can recognize that none of the
presented answers are correct. For each document,
the generator produces MCQ in which all four op-
tions (A-D) are intentionally incorrect but remain
plausible distractors derived from the document. A
fifth option, None of the Above, is appended and is
the correct answer for every question.

Candidate models answer each question with
and without document context, selecting one op-
tion and providing a short explanation. Unlike stan-
dard multiple-choice evaluation, success requires
rejecting every presented answer rather than select-
ing the most plausible distractor, providing a direct
measure of error detection.

As a follow-up to Experiment 2, we evaluate
whether models can reconstruct the missing correct
answer rather than simply recognizing that none
of the provided options are correct. Responses are
evaluated by the generator model using the rubric
score described below, where 0 indicates an incor-
rect answer and 3 indicates complete satisfaction.
This provides a stricter test of document-grounded
answer generation.

3.3.3 Experiment 3: Open Response

Experiment 3 evaluates unrestricted document-
grounded reasoning. For each document, the gener-
ator model produces open-ended questions together
with a reference answer and a rubric describing the
required concepts.

Candidate models answer each question with
and without document context using natural lan-
guage. The generator model acts as an LLM judge
and evaluates the factual accuracy of each response
using a Likert-style satisfaction rubric (0-3), a com-
monly used approach for assessing graded levels of
performance rather than binary correctness (Roke-
man, 2024; Harpe, 2015; Lee et al., 2025). Higher
scores indicate closer agreement with the generator
model’s accuracy criteria based on the document
content. Responses are subsequently rescaled to the
range [0, 1] to enable comparison with the multiple-
choice experiments’ scores. Figure 3 shows an
example evaluation rubric.

4 Results

Across all experiments, providing document con-
text resulted in statistically significant improve-
ments. For the remainder of the analysis, context
gain refers to the within-document difference be-
tween rescaled performance [0, 1] with and without
access to the source document, and is numerically
comparable across assessments. For all graphs,
error bars indicate 95% confidence intervals.

4.1 RQ1: How does access to document
context influence LLM performance?

Figure 4 summarizes model performance with and
without access to the source document across the
three assessment strategies.

For standard MCQ (Experiment 1), average accu-
racy increased from 0.848 without context to 0.976
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Example document: Cockatiel Color Genetics, Technical,
September 2025

Generator: GPT-5.4-mini

Candidate: Gemini-3.1-Flash-Lite

Question
Explain how Cinnamon and Pearl mutations differ in their
effects on coloration and inheritance.

Required Accuracy Criteria
* Pigment alteration vs. distribution

¢ Sex-linked recessive inheritance
¢ Male Pearl first-molt effect

LLM Judge Accuracy Scale (0-3)

0 Does not satisfy the required concepts.

1 Partially satisfies the required concepts.

2 Mostly satisfies the required concepts with minor
inaccuracies.

3 Fully satisfies the required concepts and agrees

with the reference answer.

Score: Without Context = 1.6/3,
With Context = 3.0/3.

Judge rationale:

The without-context response incorrectly explains avian sex-
linked inheritance and misuses X/Y and ZZ/ZW terminology.
With document context, the response correctly identifies both
mutations as sex-linked recessive and explains the male Pearl
first-molt effect.

Figure 3: Example of an abridged LLM rubric eval-
uation used in Experiment 3. The judge assigns an
accuracy score from 0-3. Higher scores indicate closer
agreement with the reference answer.

with context, corresponding to a mean improve-
ment of 0.128 (+15.1% relative gain; ¢(479) =
14.83, p < 0.001). While baseline performance
was already high, document access nearly elimi-
nated remaining errors.

The improvement was larger in the None of the
Above task (Experiment 2). Accuracy increased
from 0.359 to 0.570, representing a mean gain of
0.211 (+58.8% relative gain; t(479) = 14.71, p <
0.001). This suggests that identifying when every
presented answer is incorrect benefits more from
document grounding than the traditional multiple-
choice evaluation. Despite generating the assess-
ment questions itself, the model was substantially
less effective at answering the None of the Above
questions than standard multiple-choice questions.
The low baseline performance on this task and the
fact that it is well under other methods, even with
context, suggests that alternate prompts might yield
even larger context gains.

The largest absolute improvement occurred in
the open-response evaluation (Experiment 3). Per-
formance increased from 0.625 to 0.966, corre-
sponding to an average improvement of 0.341
(+54.5% relative gain; t(479) = 34.69, p <

Performance Without vs With Document Context

) o
o ®

Mean rescaled performance
°
4

Assessment
% Exp. 1: MCQ

Exp. 2: None of the Above
—&— Exp. 3: Open Response

o
o

0.0
Without Context With Context

Document Context

Figure 4: Performance with and without document con-
text across the three assessment strategies.

0.001). The larger gain indicates that unrestricted
generation benefits more from document access
than recognition-based assessment.

Open-response evaluation produced the largest
absolute context gain, while the None of the Above
assessment exhibited the largest relative improve-
ment over its no-context baseline. Collectively,
these findings demonstrate that document context
consistently improves model performance, with
increasingly larger effects as assessment formats
require greater reasoning and generation.

4.2 RQ2: Which assessment strategy best
distinguishes document-grounded
reasoning?

To quantify the influence of document context, we
compared context gain across the three assessment
strategies. As shown in Figure 5, context gain
differed significantly across assessment formats
(one-way ANOVA, F' = 91.27, p < 0.001). Post-
hoc Tukey comparisons indicated that all pairwise
differences were significant (p < 0.01).

Standard MCQ exhibited the smallest context
gain (0.128), followed by the None of the Above
task (0.211), while open-response evaluation pro-
duced the largest context gain (0.341). Although
the None of the Above assessment showed the
largest proportional improvement over its lower no-
context baseline (58.8%), open-response evaluation
yielded the greatest absolute gain from document
context. These results indicate that conventional
MCAQ are less sensitive to the contribution of ex-
ternal documents, whereas open-ended generation
provided the clearest separation between document-
grounded reasoning and responses generated from
parametric knowledge.
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Context Gain by Strategy

°

° ° °
S £y ®
)
W
<

Context gain in rescaled performance

°
o
=
@

°
°

Exp. 1: MCQ Exp. 2: None of the Above Exp. 3: Open Response

Figure 5: Mean context gain for each assessment strat-
egy.

Context Gain by Document Domain

S B @

Context gain in rescaled performance

_I. 1

nontechnical technical

Figure 6: Context gain across technical and nontechni-
cal documents.

4.3 RQ3: How do document characteristics
(content, recency) influence context
utilization?

We next examined whether document type and doc-
ument recency influenced reliance on external con-
text. Across every assessment strategy, nontechni-
cal documents produced larger context gains than
technical documents Figure 6. For open-response
questions, context gain reached 0.413 for nontech-
nical documents compared with 0.268 for technical
documents. Similar patterns were observed for
standard MCQ (0.158 vs. 0.099) and None of the
Above (0.269 vs. 0.153). These results suggest that
models may need less context on technical topics,
since the material can be more consistent over time.

Document modification period also affected con-
text utilization Figure 7. Older articles generally
exhibited larger context gains than more recent
articles. For example, open-response gains were
highest for August 2024 documents (0.444) and
lowest for June 2026 documents (0.288). While
the relationship is not strictly monotonic across all
temporal buckets, this finding suggests that the re-
cency of content affects not just direct knowledge
but also context use. These results raise the ques-
tion of whether stronger pretrained knowledge of
a topic enables models to leverage newly provided
document context more effectively.

Context Gain by Document Modification Period

|y
o

Assessment Strategy
- Exp. 1: MCQ

Exp. 2: None of the Above
—— Exp. 3: Open Response

S g

0.0
January 2024

14 =4 14
IS o ®

o
o

Context Gain in Normalized Performance

August 2024 February 2025 September 2025  January 2026

Document Modification Period

June 2026

Figure 7: Context gain across document modification pe-
riods. Results are averaged across Gemini and ChatGPT
and shown by month. Interpretation of the aggregated
trend should account for the different model knowledge
cutoffs (January 2025 and August 2025, respectively).

4.4 Missing Answer Generation

As a follow-up to the None of the Above experi-
ment, we evaluated whether models could recon-
struct the missing correct answer after recognizing
that no listed option was correct. Performance was
consistently high across both document domains,
evaluated using the previously described rubric
score out of 3. Mean scores between generated
answers and the reference answers were 2.53 for
both technical and nontechnical documents, with
narrow confidence intervals and negligible differ-
ences between domains. These results indicate that
once models recognize that the correct answer is
absent, they are generally capable of reconstructing
semantically equivalent answers directly from the
document.

4.5 Model Pairings

We also compared performance across our
generator-candidate model pairings to determine
whether observed effects were consistent across
model families. Averaged across all assessment
strategies and generator models, candidate model
performance was similar. Without document con-
text, GPT-5.4-mini achieved a mean score of 0.586,
compared with 0.635 for Gemini-3.1-Flash-Lite.
With document context, models achieved mean
scores of 0.825 and 0.850, respectively. Overall,
trends remained consistent regardless of the LLM
used for question generation and answering, sug-
gesting that the observed improvements are primar-
ily driven by assessment strategy and document
context rather than specific model type.
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5 Conclusion

The proposed assessment framework reveals com-
plementary aspects of model behavior. Experiment
2, None of the Above, measures whether a model
can recognize a case where all provided options are
incorrect, while the follow-up missing-answer gen-
eration task evaluates whether it can reconstruct
the correct information once recognition occurs.
Together with Experiment 3, open-response evalu-
ation, these assessments distinguish LLM recogni-
tion, error detection, answer generation, and free-
form reasoning, providing a more comprehensive
characterization of document utilization than stan-
dard MCQ (Experiment 1) accuracy alone. Al-
though document context consistently improved
performance across all experiments, the magni-
tude of improvement varied substantially with as-
sessment strategy. Standard MCQ showed only
modest gains and ceiling effects, while None of
the Above and open-response evaluation produced
larger improvements. Consequently, evaluations
based solely on multiple-choice accuracy may un-
derestimate the contribution of external documents.

Document characteristics also influenced context
utilization. Nontechnical documents consistently
produced larger context gains than technical docu-
ments, suggesting that models benefited more from
explicit grounding when reasoning about general
interest topics than specialized technical content,
which could be because these subjects are asso-
ciated with more diverse discourse and evolving
contextual information, as compared to structured
technical domains. In addition, context gains were
generally smaller for more recently modified docu-
ments. Additional experiments would be needed to
determine the factors driving this effect.

Finally, we observed relatively small differences
across generator-candidate model pairings com-
pared with the much larger effects of assessment
strategy. This suggests that the proposed evaluation
framework is largely model-agnostic, and captures
properties of document-grounded reasoning rather
than artifacts of a particular language model family.

6 Future Work

This framework provides a useful benchmark for
evaluating document-grounded language genera-
tion and contributes toward more rigorous and in-
terpretable assessment of retrieval-augmented lan-
guage models. Our findings complement recent
work on LLM self-assessment that seek to estimate

a model’s prior knowledge before document re-
trieval via metacognition (Deshpande et al., 2026;
Igbal, 2026; Zhou et al., 2024). Together, these
directions move toward evaluation frameworks that
can determine both what a model already knows
and when external documents meaningfully con-
tribute additional knowledge.

This work has implications beyond document
question answering, including document-grounded
classification, explanation generation, educational
tutoring, and other RAG-based applications where
distinguishing retrieved evidence from parametric
knowledge is essential to interpret model behav-
ior (Akbarova et al., 2026; Modran et al., 2024).
The present framework intentionally adopts a more
rigid assessment strategy, providing a high-level
characterization of document utilization across mul-
tiple task formats. Future work could investigate
adaptive evaluation strategies that iteratively probe
model understanding to identify the boundary be-
tween parametric and contextual knowledge. Sim-
ilar to adaptive testing or oral examinations, such
approaches could progressively refine questions
until the point at which retrieval becomes neces-
sary, distinguishing background knowledge from
information that depends on the provided document
(Cheng et al., 2024; Zhuang et al., 2023).

Limitations

This work has several limitations. First, our eval-
uation corpus consists exclusively of Wikipedia
articles. While Wikipedia provides high-quality
and varied documents, it may not capture expert
complexity or the nature of real-world retrieval set-
tings, such as enterprise knowledge bases, medical
records, legal documents, etc.

Second, our temporal analysis is based on each
article’s most recent revision date. Although docu-
ments were selected from a year before, a month
after, and a year after model training cutoffs, infor-
mation in later revisions may have existed in earlier
versions or in other publicly available sources. Con-
sequently, revision date serves only as a proxy for
model familiarity rather than a definitive measure
of whether particular knowledge was available dur-
ing pretraining.

Third, generated-answer quality was evaluated
using an LLM-as-a-judge framework. While this
provides a scalable and consistent evaluation pro-
cedure, it may introduce systematic biases and may
not perfectly align with human judgment of perfor-
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mance. Furthermore, because the assessment ques-
tions were themselves generated by LLMs, they
may be more closely aligned with the capabilities
of language models than with human-authored as-
sessments, as suggested by the high baseline perfor-
mance in Experiment 1 without document context.
Finally, our experiments focus on two propri-
etary model families (GPT and Gemini). Fu-
ture work should extend this evaluation frame-
work to newer frontier models, additional com-
mercial systems such as Claude, and open-source
models including Llama and Qwen. Evaluating
a broader range of architectures would help de-
termine how well these findings generalize across
different model families and deployment settings.

Ethical Considerations

All evaluation documents were collected from
Wikipedia, whose content is distributed under the
Creative Commons Attribution-ShareAlike 3.0 Un-
ported (CC BY-SA 3.0) license. No human subject
data was used.

We used commercially available LLMs, ac-
cessed through their respective APIs. All evalu-
ations were fully automated and no model outputs
were used to make decisions affecting individuals.

Experiments were parallelized across multiple
CPU processes on a high-performance computing
cluster. Parallelization was used solely to reduce
runtime and did not alter the evaluation protocol
or model outputs. The complete evaluation frame-
work, prompts, and analysis code will be made
publicly available to support reproducibility.
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