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Abstract
Evaluating Retrieval-AugmentedGeneration (RAG) systems in closed-
domain settings — where answers must be grounded in a fixed,
domain-specific corpus — remains an open problem. Existing ap-
proaches rely on synthetic question generation, manual annotation,
or general-purpose benchmarks, each with structural limitations.
We propose repurposing expert-written multiple-choice questions
(MCQs) as a reusable evaluation signal for closed-domain RAG.
MCQs are human-authored, curriculum-aligned assessment arti-
facts: they test concepts domain experts consider important, are
written independently of the indexed corpus, and include expert-
designed distractors that distinguish correct understanding from
plausible misconceptions. Our methodology decomposes each cor-
rect answer into atomic factual claims, rewrites each option as
a standalone declarative probe, and evaluates the RAG system
through binary per-option judgments.

We instantiate the methodology on a production university tu-
toring system and release a publicly reproducible benchmark. The
per-option evaluation exposes differences in generation accuracy,
abstention behavior, and distractor credulity that are not captured
by retrieval-side evaluation alone. These results show that expert-
written MCQs provide a practical and diagnostically rich evaluation
resource for closed-domain RAG systems.

CCS Concepts
• Information systems → Retrieval models and ranking; •
Computing methodologies→ Natural language generation.
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1 Introduction
Retrieval-Augmented Generation (RAG) has emerged as the domi-
nant paradigm for deploying large language models over private
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or domain-specific document corpora. A standard RAG pipeline
operates in four stages [7]: (i) the corpus D is chunked into pas-
sages and each passage is embedded into a dense vector index;
(ii) at inference time the user query is embedded and the top-𝑘
passages most semantically similar to the query are retrieved from
the index; (iii) the query and retrieved passages are assembled
into a prompt; (iv) a generator LLM produces a response condi-
tioned on the retrieved context. Compared to relying solely on
parametric knowledge encoded during pre-training, this retrieve-
then-generate pattern grounds outputs in a specific authoritative
source and reduces hallucination on long-tail facts [6]. The archi-
tecture has proven particularly valuable in closed-domain settings
— where the retrieval corpus is fixed and bounded, as in enterprise
knowledge bases, clinical documentation, legal repositories, and
educational course materials — and answers must be grounded in
this corpus rather than general world knowledge.

Despite their widespread adoption, evaluating RAG systems in
closed-domain settings remains an open problem. The challenge
arises from three sources. First, the evaluation must be domain-
specific: a generic benchmark cannot capture whether a system
correctly retrieves and reasons over its own corpus. Second, evalu-
ation must distinguish failures at different pipeline components —
retrieval, generation, and their interaction can fail independently
and require different remediation. Third, obtaining high-quality
ground-truth question-answer pairs for system evaluation is expen-
sive: it typically requires manual annotation by domain experts or
synthetic generation by LLMs, both of which introduce noise, bias,
or significant cost.

A key observation of our work is that in many closed-domain
RAG settings — educational institutions, professional certification
bodies, medical licensing authorities, compliance training programs
— a valuable and largely untapped evaluation resource already ex-
ists: expert-written multiple-choice questions (MCQs). MCQs are
prevalent in these domains because they are machine-gradable and
easier to verify than open-ended questions. As a running example
throughout the paper (§3.3), we use the following MCQ from an
introductory-psychology exam:

Q. How does Parkinson’s disease affect movement?

A. Loss of serotonin neurons, producing mood symptoms
without motor effects.
B. Degeneration of dopamine-producing neurons in
the substantia nigra, reducing basal-ganglia signaling
needed for smooth voluntary movement. ✓
C. Excess dopamine release in the cerebellum, causing un-
controlled rapid movement.
D. Damage to peripheral motor neurons, preventing muscles
from receiving signals.
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Framework (pre-processing)

System Under Test

Framework (scoring)

MCQ (Parkinson’s, §3.3)
Q. How does Parkinson’s affect
movement?

A. loss of serotonin neurons
B. loss of dopamine neurons in
substantia nigra ✓
C. excess dopamine in cerebellum
D. damage to peripheral motor
neurons

Stage 1: Nuggetize Æ LLM

𝑛1 : dopamine neurons degenerate
𝑛2 : located in substantia nigra
𝑛3 : reduces basal-ganglia signal-
ing
𝑛4 : signaling is needed for move-
ment

Stage 2: Rephrase Æ LLM

𝑝𝐴 : serotonin-loss claim
𝑝𝐵 : dopamine/nigra claim (cor-
rect)
𝑝𝐶 : cerebellum-excess claim
𝑝𝐷 : peripheral-neurons claim

Stage 3: Binary Probing (RAG)

𝑝𝐴 :q No
𝑝𝐵 :¥ Yes
𝑝𝐶 :¥ Yes (false)
𝑝𝐷 :q No

+ retrieved 𝑅
(𝑘 )
𝑖

per probe

Retrieval metrics
Coverage@𝑘 ,

𝛼-nDCG@𝑘 , Recall@𝑘

Generation metrics
𝐴strict , Gen. Accuracy,

DG, FYR, Abstention Rate

𝑜∗

{𝑜𝑖 }

𝑁 (𝑞)

{𝑝𝑖 } {𝑦𝑖 }

𝑅
(𝑘 )
𝑜∗

Figure 1: MCQ-to-metrics architecture, traced on the Parkinson’s worked example (§3.3). Stage 1 decomposes the correct option
into atomic nuggets; Stages 2–3 submit each option as a standalone probe to the RAG system under test and collect a Yes/No
judgment. 𝑁 (𝑞) and 𝑅

(𝑘 )
𝑜∗ feed retrieval metrics; {𝑦𝑖 }, 𝑁 (𝑞), and 𝑜∗ feed generation metrics. Probe 𝑝𝐶 produces a false-yes on the

expert-designed distractor — the discrimination event DG and FYR surface.

For RAG evaluation, MCQs’ value is not only that they provide
a correct answer, but that the option structure separates the correct
claim from several plausible-but-wrong alternatives. The example
above illustrates why this structure can be turned into an evalua-
tion signal: the correct option contains the facts the system should
support, while the distractors encode confusable hypotheses the
system should reject. We therefore first describe how the method-
ology converts this structure into probes, and then return to why
this makes MCQs preferable to the main alternatives.

Figure 1 traces our pipeline on the question above. Given a
set of MCQs and their correct answers, the pipeline (1) decom-
poses each correct option into atomic nuggets [13, 23] — minimal,
self-contained factual claims (in our example: Parkinson’s causes
dopamine-neuron loss; dopamine neurons reside in substantia ni-
gra; substantia-nigra dopamine loss reduces basal-ganglia signaling;
basal-ganglia signaling enables voluntary movement); (2) rephrases
each option as a standalone declarative probe (e.g., probe 𝑝𝐶 asserts
“Parkinson’s involves excess dopamine in cerebellum”); (3) sub-
mits each probe independently to the RAG system, which returns
a Yes/No judgment per probe and a retrieved set; (4) scores the
outputs with standard nugget-based retrieval and answer-recall
metrics, together with additional generation metrics per-option
probing uniquely enables — notably the Discrimination Gap (DG),
which captures the asymmetry between the system’s judgments on
correct and distractor options. On our running example, the system
correctly rejects A and D and correctly accepts B but produces a
false-yes on 𝑝𝐶 : the expert-designed distractor (excess dopamine,
wrong region) is accepted as corpus-supported — exactly the dis-
crimination event the methodology is designed to surface. Framed
differently: the contribution is not using MCQs to test what the
system knows, but using the option structure to evaluate retrieval-
grounded discrimination within the constraints of a fixed corpus.

This methodological framing clarifies why exam MCQs provide
a different and stronger evaluation signal than existing evalua-
tion sources. First, exam MCQs are authored about the material

rather than from it. Synthetic generators derive questions from in-
dexed passages, so they cannot ask about what the corpus does
not contain, biasing the benchmark toward facts the retriever can
already surface. Expert-written exams are produced independently
of the corpus: instructors write questions to test what they consider
essential, encoding an importance hierarchy the corpus may not
reflect, and exposing corpus gaps as evaluation failures rather than
masking them.

Second, examMCQs comewith expert-designed distractors: wrong
options written by domain experts to represent plausible miscon-
ceptions and near-correct alternatives, calibrated to challenge re-
spondents with partial understanding. Producing such distractors
is itself a non-trivial expert craft [3], and the literature consis-
tently reports that LLM-generated distractors underperform human-
authored ones on plausibility, cognitive engagement, and difficulty
balance [10, 11]. The MCQ banks already maintained by deployed
assessment programs therefore represent expert investment our
methodology reuses — and the per-option discriminative signal
they carry is one our methodology measures directly through the
Discrimination Gap metric introduced in §3.2.2. A natural alterna-
tive would be to convert each MCQ to an open-ended question by
dropping its options and using the stem alone, then applying open-
ended evaluation. This discards the option structure’s distinctive
value: only a per-option judgment tests whether the system rejects
expert-designed distractors written precisely to be confusable with
the correct option. The discriminative signal is in the options, not
the stem.

Exam MCQs are also pedagogical artifacts: instruments designed
to test whether a respondent can apply the material to a problem.
In settings where users engage with the corpus to apply it, exam-
derived probes and real user queries originate from the same under-
lying cognitive task, whereas synthetic questions, generated from
corpus passages, do not reflect this kind of application-oriented
usage. We verify this empirically on one deployment in §5.4.

To test whether these advantages translate into different eval-
uation signals in practice, we instantiate the methodology on a
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production RAG-based university digital tutor system [14] and run
experiments on three real undergraduate university courses: in-
troductory psychology, calculus, and health-economics policy. On
the same RAG system and corpora, exam-based and synthetic eval-
uation produce substantively different signals on both common
evaluation metrics and the methodology’s novel metrics (§5.3), and
a practitioner relying on synthetic evaluation alone would draw
materially different conclusions about how the system actually be-
haves. To our knowledge, no prior work has proposed a systematic
methodology for leveraging existing MCQs as a RAG evaluation
signal.

Contributions.
• An MCQ-based evaluation methodology for closed-domain
RAG: a per-option declarative-probing pipeline that pre-
serves the discriminative signal of expert-designed distrac-
tors, together with a metric set centered on the Discrimina-
tion Gap (DG). The methodology pairs these with standard
nugget-based retrieval and answer-recall metrics, making
expert-written exam MCQs a reusable evaluation artifact.

• A publicly reproducible benchmark on MIT OpenCourse-
Ware’s Introduction to Psychology (9.00SC), enabling direct
comparison on the same corpus by future work.

• Empirical findings from a production digital tutor on three
undergraduate courses: the metrics are sensitive to RAG con-
figuration changes and specific to the component varied, and
exam-based and synthetic evaluation diverge on both com-
mon and novel metrics in ways synthetic-only evaluation
would hide.

2 Related Work
RAG and its evaluation. RAG [6, 7] grounds LLM responses in

external knowledge and is now widely deployed in domain-specific
settings. Existing IR benchmarks such as BEIR [18] evaluate re-
trieval in zero-shot settings across heterogeneous domains but were
not designed for closed-domain RAG. CRAG [25], BRIGHT [17], and
RAGTruth [9] address specific aspects of RAG evaluation (factual
grounding, reasoning-intensive retrieval, hallucination detection),
but none provides a general methodology for constructing bench-
marks from existing domain resources.

Nugget-based benchmark construction. The closest work in spirit
to ours is FreshStack [19], which builds IR/RAG benchmarks from
Stack Overflow questions grounded in GitHub documentation. The
shared design principle is repurposing evaluation artifacts that al-
ready exist for non-RAG-evaluation purposes — community Q&A
in their case, expert-written exam MCQs in ours — rather than
synthesizing new ones. Our methodology departs in two ways:
(1) we source questions from MCQ exams rather than open-ended
community Q&A, preserving the expert-designed distractor struc-
ture; (2) we extend the generation-side metric set, which prior work
scores via nugget recall (𝐴strict [13]), with per-option discriminative
metrics (DG, FYR, Abstention Rate) that the MCQ option structure
uniquely enables.

MCQ benchmarks in NLP. MMLU [4], MedQA [5], and MedM-
CQA [12] use multiple-choice questions to evaluate LLM knowl-
edge directly. These benchmarks are designed to test what the LLM

knows, not how a RAG system retrieves and grounds information
from a specific corpus.

Synthetic question generation. RAGAS [2] and ARES [15] con-
struct evaluation sets by prompting an LLM to generate question–
answer pairs from passages sampled from the same corpus the
retriever retrieves from. This is appealing because it removes the
manual annotation bottleneck, but two structural limitations com-
pound: questions are biased toward facts easy to express in the
corpus’s own language (a property retrieval embeddings already
reward), and the resulting (𝑞, 𝑎) pairs lack expert-designed distrac-
tors and so cannot test discriminative reasoning over plausible
misconceptions — exactly the property synthetic generation cannot
reproduce [11]. Recent work has also questioned the trustwor-
thiness of synthetic benchmarks: van Elburg et al. [22] find that
synthetic-question rankings of RAG systems align with human-
labeled benchmarks for retriever parameters but break down when
comparing generator architectures. We show in our results (§5.3)
that the two regimes can produce substantively different readings
on both common evaluation metrics and the methodology’s novel
metrics on the same RAG system.

Option-aware retrieval. A separate line of work studies how to re-
trieve effectively for MCQ answering rather than how to use MCQs
to evaluate retrieval. QA-GNN [26] forms per-choice queries over a
knowledge graph; OADR [16] trains option-aware dense retrievers
using (question, option) embeddings supervised to match the oracle
(question + correct answer) embedding. Our option-rephrasing step
is motivated by the same compound-query failure mode but treats
decomposition as an evaluation-time query-construction choice
rather than as part of the retrieval system, keeping the methodology
non-invasive to the system under test.

3 Methodology
The methodology consists of an MCQ-to-probe pipeline (§3.1) that
transforms each MCQ into per-option probes against the RAG sys-
tem, and a metric set (§3.2) that scores the system’s responses with
standard nugget-based metrics together with additional metrics our
methodology enables. Figure 1 gives an overview.

3.1 MCQ-to-Probe Pipeline
The pipeline takes as input a set 𝑄 of MCQs over a fixed corpus
D. Each question 𝑞 ∈ 𝑄 has a stem, 𝑛 options {𝑜1, . . . , 𝑜𝑛}, and
a designated correct answer 𝑜∗ (𝑞).1 We assume the RAG system
under evaluation was intended to be built over the same corpus;
cases where the corpus is incomplete relative to what the exam
tests are themselves a signal the methodology surfaces, not a pre-
condition violation. The pipeline transforms each question through
three stages — nuggetization, option rephrasing, and binary fac-
tual probing — producing 𝑛 per-option probes that are submitted
independently to the RAG system. The pipeline requires no modifi-
cation or retraining of the retriever or generator; it only requires
that retrieved sets be exposed for logging.

1For clarity we describe the single-correct-answer case throughout, as in our exper-
iments; the methodology extends to multi-correct MCQs by treating each correct
option as a Yes-target and averaging DG and FYR over the correct vs. distractor sets,
respectively.
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Stage 1: Nuggetization. The notion of a nugget originates in the
TREC QA tracks [23]. A nugget is a minimal, self-contained factual
statement that must hold for the correct answer to be considered
supported. For each 𝑞 ∈ 𝑄 , we decompose 𝑜∗ (𝑞) into a finite set of
atomic nuggets 𝑁 (𝑞) = {𝑛1, 𝑛2, . . .} via an LLM prompted with the
stem, all options, and the correct answer. The prompt instructs the
model to produce statements sufficient to justify the correct answer
and to resolve cross-option references (“none/all of the above”, etc.).
We extend the open-source Nuggetizer library of Pradeep et al. [13]
to the MCQ setting; the library has been human-validated against
gold nugget annotations in prior work [13, 19].

Stage 2: Option Rephrasing. We rephrase each option as an in-
dependent declarative probe 𝑝𝑖 , producing 𝑛 probes per question.
The rephrasing converts the stem-plus-option construction into a
standalone factual claim suitable for binary judgment in Stage 3,
expanding cross-option references where present (“none/all of the
above”). This step is motivated by a known failure mode in MCQ
retrieval: presenting the system with the original stem-plus-options
form produces noticeably worse retrieval as the embedding drifts
toward the union of all option hypotheses. OADR [16] addresses
a related concern by training option-aware dense retrievers us-
ing (question, option) embeddings supervised to mimic the oracle
(question + correct answer) embedding; our per-option probing
sidesteps the compound-query problem at the query-construction
stage, preserving non-invasiveness with respect to the system un-
der evaluation. The choice also mirrors a broader convergence
in retrieval-for-RAG toward breaking complex queries into struc-
tured sub-queries: Thakur et al. [19] report that GPT-4o question
decomposition outperforms other pooling techniques across five
technical-corpus topics, supporting structured query decomposi-
tion as an evaluation-time tool rather than a retriever modification.

Stage 3: Binary Factual Probing. Each probe 𝑝𝑖 is submitted to
the RAG system as a binary-judgment query asking whether the
probe’s claim is supported by the retrieved context; the method-
ology requires only that the system commit to a Yes/No verdict
per probe, or abstain, and that an explanation accompanying the
judgment be available for nugget scoring. The system returns its
judgment 𝑦𝑖 ∈ {Yes,No,⊥}, where ⊥ denotes abstention (the sys-
tem declines to commit because the retrieved context is insufficient),
together with a natural-language explanation and the retrieved set
𝑅
(𝑘 )
𝑖

. We write 𝑅
(𝑘 )
𝑜∗ for the correct-option probe’s retrieval and

𝑅 (𝑘 ) (𝑞) =⋃︁𝑛
𝑖=1 𝑅

(𝑘 )
𝑖

for the union across all probes. Following stan-
dard TREC RAG support-judgment protocols [20], we evaluate per-
document/per-nugget support: the support function 𝜎 : D ×N →
{0, 1}, where N is the universe of nuggets, is an LLM entailment
judgment [8, 21, 27] of whether document 𝑑 supports nugget 𝑛;
we overload notation to write 𝜎 (𝑅, 𝑛) = max𝑑∈𝑅 𝜎 (𝑑, 𝑛) for any
retrieved set 𝑅 ⊆ D. The retrieval metrics of §3.2 are computed
on 𝑅

(𝑘 )
𝑜∗ , the canonical query’s retrieval; the pool 𝑅 (𝑘 ) (𝑞) serves

as the judgment-pool device for Recall@𝑘’s relevant-document
approximation.

3.2 Metrics
The pipeline of §3.1 produces, per question, per-probe retrieved sets,
per-probe binary judgments and explanations, and the nugget set

𝑁 (𝑞) derived from the correct answer. We score this output along
two complementary metric families. The first comprises standard
nugget-based retrieval and answer-recall metrics from the TREC
RAG community [13] — Coverage@𝑘 , 𝛼-nDCG@𝑘 , Recall@𝑘 , and
𝐴strict — providing comparability with prior nugget-based RAG
evaluation work. The second family is enabled by the per-option
distractor structure that the MCQ-to-probe pipeline preserves, and
is the methodology’s distinctive contribution: Generation Accuracy,
theDiscrimination Gap (DG), the False-Yes Rate on distractors (FYR),
and the Abstention Rate. The two families align with two distinct
cognitive tasks an MCQ poses to a student: knowing the answer
and discriminating among expert-designed alternatives. We present
the metric definitions in §3.2.1 (retrieval) and §3.2.2 (generation).
Throughout this section, metrics are defined per-question; exam-
level numbers reported in §5 are means over the evaluation set 𝑄
unless stated otherwise.

3.2.1 Retrieval metrics. The retrieval stage in a closed-domain RAG
system is best read as evidence collection for the generator rather
than as a ranked list for direct user consumption: given unlim-
ited generation quality, could the correct answer in principle have
been assembled from the retrieved context? The metrics below —
standard nugget-based retrieval metrics from the TREC RAG com-
munity — are computed on the correct-option probe’s retrieval
𝑅
(𝑘 )
𝑜∗ and characterize how close that retrieval comes to a minimal

spanning document set: the smallest collection of documents that
jointly supports every nugget in 𝑁 (𝑞). Distractor probes’ retrievals
are not evaluated here; their role in the methodology is to elicit
per-option binary judgments scored by the generation metrics of
§3.2.2.
Coverage@𝑘 . Fraction of nuggets supported by at least one docu-
ment in the correct-option probe’s retrieval:

Coverage@𝑘 (𝑞) = 1
|𝑁 (𝑞) |

∑︁
𝑛 𝑗 ∈𝑁 (𝑞)

𝜎

(︂
𝑅
(𝑘 )
𝑜∗ , 𝑛 𝑗

)︂
. (1)

𝛼-nDCG@𝑘 . Diversity-aware ranking metric [1]. Intuitively, 𝛼-
nDCG rewards rankings that surface nugget-supporting documents
diversely: at each rank, the gain from supporting an already-covered
nugget is geometrically discounted by (1 − 𝛼), so retrieval that sur-
faces the same fact repeatedly is penalized relative to retrieval
that surfaces distinct facts early. Let 𝑅 (𝑘 )

𝑜∗ = (𝑑1, . . . , 𝑑𝑘 ) denote
the correct-option probe’s ranked retrieval. For each rank 𝑟 , let
𝑐 𝑗 (𝑟 ) =

∑︁
ℓ<𝑟 𝜎 (𝑑ℓ , 𝑛 𝑗 ) count prior coverage of nugget 𝑛 𝑗 by doc-

uments above rank 𝑟 , and define the gain at rank 𝑟 as 𝐺 (𝑟 ) =∑︁
𝑛 𝑗 ∈𝑁 (𝑞) 𝜎 (𝑑𝑟 , 𝑛 𝑗 ) (1 − 𝛼)𝑐 𝑗 (𝑟 ) . Then

𝛼-DCG@𝑘 (𝑞) =
𝑘∑︁
𝑟=1

𝐺 (𝑟 )
log2 (𝑟 + 1) , (2)

with 𝛼-nDCG@𝑘 (𝑞) normalizing by the diversity-greedy ideal 𝛼-
DCG over the same document set at rank𝑘 .We use𝛼 = 0.5, common
in nugget-based evaluation.
Recall@𝑘 . Standard IR recall on the correct-option probe’s retrieval,
with relevance defined at the nugget-support level following stan-
dard nugget-based evaluation practice: a document 𝑑 is judged rel-
evant to 𝑞 iff it supports at least one nugget in 𝑁 (𝑞). Let 𝐷rel (𝑞) =
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{𝑑 ∈ D : ∃𝑛 𝑗 ∈ 𝑁 (𝑞), 𝜎 (𝑑, 𝑛 𝑗 ) = 1}. Then

Recall@𝑘 (𝑞) =
|𝑅 (𝑘 )

𝑜∗ ∩ 𝐷rel (𝑞) |
|𝐷rel (𝑞) |

. (3)

Computing𝐷rel (𝑞) exhaustively over the corpus would require |D| ·
|𝑁 (𝑞) | entailment calls per question, which is prohibitive; following
standard TREC pooling practice [24], 𝐷rel (𝑞) is approximated via
a judgment pool formed from the union of retrieved sets across
all probes and all evaluated configurations. Documents that no
configuration ever retrieves are excluded from the pool; observed
Recall@𝑘 is therefore an upper bound on true recall over the full
corpus, with the gap shrinking as more diverse configurations
contribute to the pool.

3.2.2 Generation metrics. The generation metrics measure, con-
ditional on the retrieved context, whether the generator turns the
retrieval into a correct, well-grounded judgment about each option.
We use one nugget-recall metric (𝐴strict, defined below) and four that
the per-option distractor structure of the MCQ-to-probe pipeline
uniquely enables: Generation Accuracy, the Discrimination Gap
(DG), the False-Yes Rate on distractors (FYR), and the Abstention
Rate.
Generation Accuracy. Fraction of probes where the system’s judg-
ment matches its expected truth value, aggregated over all 𝑛 |𝑄 |
probes:

Gen. Acc.(𝑄) = 1
𝑛 |𝑄 |

∑︁
𝑞∈𝑄

𝑛∑︁
𝑖=1

1
[︁
𝑦𝑖 (𝑞) = 𝑦∗𝑖 (𝑞)

]︁
, (4)

where 𝑦𝑖 (𝑞) ∈ {Yes,No,⊥} is the system’s judgment on probe 𝑝𝑖
and the target 𝑦∗𝑖 (𝑞) = Yes if option 𝑖 is the correct answer 𝑜∗ (𝑞),
otherwise No. Since𝑦∗𝑖 (𝑞) ∈ {Yes,No}, an abstention (𝑦𝑖 = ⊥) never
matches the target and is therefore counted as incorrect; abstention
behavior is reported separately as the Abstention Rate below. Gen.
Acc. admits trivial-strategy baselines that score above zero without
doing any discriminative work: an always-Yes system scores 1/𝑛
(e.g., 25% with 𝑛 = 4), and an always-No system scores (𝑛 − 1)/𝑛
(75%). The DG metric below collapses to zero on both, which is why
DG complements Gen. Acc.
Discrimination Gap (DG).Direct measure of the asymmetry between
the system’s response to the correct option and to expert-designed
distractors. Intuitively, DG asks whether the system distinguishes
the correct option from the distractors: a perfect discriminator says
Yes to the correct option and No to all distractors (DG = 1), while a
system saying Yes (or No) to everything scores DG= 0. Per question:

DG(𝑞) = 1[𝑦𝑜∗ (𝑞) = Yes] − 1
𝑛 − 1

∑︁
𝑖≠𝑜∗

1[𝑦𝑖 (𝑞) = Yes] , (5)

with DG(𝑄) = E𝑞 [DG(𝑞)] ∈ [−1, 1]. Under the indicator 1[𝑦𝑖 =
Yes], abstentions evaluate to 0 on both terms, so a system that
uniformly abstains also scores DG = 0 — DG cannot distinguish a
uniformly cautious system from a uniformly credulous one without
the companion Abstention Rate. A perfect discriminator scores 1; a
system that says Yes (or No) to every probe scores 0; a system more
credulous on distractors than on the correct option scores below 0.
Where Gen. Acc. aggregates correctness over both directions into
one number, DG isolates the directional discriminative behavior the
MCQ’s distractor structure is designed to elicit, and is the metric

whose name maps directly to the methodology’s discriminative-
power claim. Two systems can share the same Gen. Acc. yet have
opposite-signed DG — e.g., a system that accepts the correct option
and two of three distractors versus one that rejects the correct
option and accepts one distractor both score Gen. Acc.= 50% (𝑛 = 4),
but the first has DG = +1/3 (right-direction asymmetry) while the
second has DG = −1/3 (anti-discriminating). The two metrics are
not redundant.
False-Yes Rate on Distractors (FYR). Per-probe rate at which the
system accepts a distractor claim as supported by the corpus:

FYR(𝑄) = 1
(𝑛 − 1) |𝑄 |

∑︁
𝑞∈𝑄

∑︁
𝑖≠𝑜∗

1[𝑦𝑖 (𝑞) = Yes] . (6)

FYR localizes what DG aggregates: a given DG of, say, 0.5 is consis-
tent with (correct-Yes = 1.0, distractor-Yes = 0.5) or with (correct-
Yes = 0.7, distractor-Yes = 0.2), and these reflect operationally
distinct behaviors (a credulous system that nevertheless accepts
the correct option vs. a cautious system that selectively rejects
distractors). FYR is the absolute distractor credulity rate, directly
testing the property that expert-designed distractors are designed
to probe.
Abstention Rate. Fraction of probes for which the system declines
to commit to a Yes/No judgment:

Abstain Rate(𝑄) = 1
𝑛 |𝑄 |

∑︁
𝑞∈𝑄

𝑛∑︁
𝑖=1

1[𝑦𝑖 (𝑞) = ⊥] . (7)

The generator returns ⊥ when the retrieved context is insufficient
to support a confident judgment; the rate at which this happens is
a property of the retriever–generator pair, since the same gener-
ator may abstain under sparse retrieval and commit under richer
retrieval. We track abstention because the synthetic-vs-exam com-
parison in §5.3 shows it is one of the metrics where the two evalua-
tion regimes diverge most sharply, exposing system behavior that
synthetic-only evaluation hides.
𝐴strict (Pradeep et al. [13], adapted). Fraction of nuggets supported by
the system’s response, following the TREC RAG 2024 nugget-recall
convention [13]:

𝐴strict (𝑞) =
1

|𝑁 (𝑞) |
∑︁

𝑛 𝑗 ∈𝑁 (𝑞)
1
[︁
answer(𝑞) supports 𝑛 𝑗

]︁
, (8)

where answer(𝑞) is the system’s natural-language explanation ac-
companying its judgment for the correct option’s probe 𝑝𝑜∗ . 𝐴strict
is evaluated only on the correct-option probe because nuggets are
defined relative to the correct answer; distractor explanations are
scored by the binary-judgment metrics (Gen. Acc., DG, FYR) rather
than by nugget recall. The metric is structurally identical to Pradeep
et al.’s 𝐴strict (nugget recall against the system’s text), but the arti-
fact being judged differs: in their setting it is the system’s free-form
open-ended answer to the original question; in our MCQ-probing
setting it is the shorter justification accompanying the binary Yes
verdict on the correct-option probe. Because 𝐴strict scores natural-
language explanations, it is sensitive to the prompt eliciting them;
we fix the prompt across configurations so that relative comparisons
remain meaningful. Comparing𝐴strict to Coverage@𝑘 characterizes
the retrieval-to-generation transmission on fact-stating content:
a gap Coverage@𝑘 − 𝐴strict > 0 indicates the retriever surfaced
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support the generator failed to use; a gap in the other direction indi-
cates the generator asserted nuggets that retrieval did not support —
though on corpora where the exam requires derivation rather than
fact recall, the latter direction may also reflect productive generator
reasoning rather than transmission error.

3.3 Worked Example
We now compute the metrics end-to-end on the running Parkin-
son’s MCQ of §1 (traced through the pipeline in Figure 1), mak-
ing the formal definitions of §3.2 concrete. The MCQ decomposes
into four nuggets (𝑛1: Parkinson’s disease causes loss of dopamine-
producing neurons; 𝑛2: dopamine-producing neurons are located
in the substantia nigra; 𝑛3: loss of substantia-nigra dopamine neu-
rons reduces basal-ganglia signaling; 𝑛4: basal-ganglia signaling is
needed for smooth voluntary movement). With 𝑘 = 3, the per-
probe retrievals from the course corpus are 𝑅

(3)
𝐴

= (𝑑1, 𝑑3, 𝑑5),
𝑅
(3)
𝐵

= (𝑑1, 𝑑3, 𝑑2), 𝑅 (3)
𝐶

= (𝑑4, 𝑑1, 𝑑5), 𝑅 (3)
𝐷

= (𝑑2, 𝑑1, 𝑑3), with pool
𝑅 (3) (𝑞) = {𝑑1, . . . , 𝑑5} and support values 𝜎 (𝑑, 𝑛 𝑗 ) in Table 1. The
system’s verdict pattern is (𝑦𝐴, 𝑦𝐵, 𝑦𝐶 , 𝑦𝐷 ) = (No, Yes, Yes,No) against
the target (𝑦∗

𝐴
, 𝑦∗

𝐵
, 𝑦∗

𝐶
, 𝑦∗

𝐷
) = (No, Yes,No,No) — a correct accep-

tance of 𝑝𝐵 , correct rejections of 𝑝𝐴 and 𝑝𝐷 , and a false-yes on the
expert-designed distractor 𝑝𝐶 .

Table 1: Support values 𝜎 (𝑑, 𝑛 𝑗 ) over the pool 𝑅 (3) (𝑞) for the
worked-example question.

Doc 𝑛1 𝑛2 𝑛3 𝑛4

𝑑1 (lecture: dopamine and Parkinson’s pathology) ✓ – – –
𝑑2 (slide: basal ganglia dysfunction in Parkinson’s) – – ✓ ✓
𝑑3 (reading: dopamine in motor disease) ✓ – – –
𝑑4 (reading: cerebellum and motor coordination) – – – –
𝑑5 (slide: neurodegenerative disease overview) – – – –

Retrieval metrics. On 𝑝𝐵 ’s retrieval 𝑅 (3)
𝑜∗ = (𝑑1, 𝑑3, 𝑑2):

Coverage@3. From Table 1, 𝑛1 is covered by {𝑑1, 𝑑3}, 𝑛3 and 𝑛4
are covered by {𝑑2}, and 𝑛2 is uncovered — a typical course-corpus
gap where the anatomical anchor is implicit in the materials. Cov-
erage@3 = 3/4.
𝛼-nDCG@3. Themetric additionally penalizes the ranking because
𝑑3 repeats support for 𝑛1 before 𝑑2 contributes two new nuggets
(𝑛3, 𝑛4). With 𝛼 = 0.5, this gives 𝛼-nDCG@3 ≈ 0.80 — a signal
Coverage@3 alone does not capture. Recall@3 is corpus-relative
and reported course-level in §5.1.

Generation metrics. The false-yes on 𝑝𝐶 reflects the distractor’s
surface keyword overlap (cerebellum + dopamine + motor) being
accepted despite 𝑑1’s directionality cue, because 𝑛2 (the substantia
nigra anchor) is uncovered.
Gen. Acc.Matches across probes: 𝐴 (No = No) ✓, 𝐵 (Yes = Yes) ✓,
𝐶 (Yes ≠ No) ✗, 𝐷 (No = No) ✓. Gen. Acc. = 3/4.
DG.DG(𝑞) = 1[𝑦𝐵 = Y]− 1

3 (1[𝑦𝐴 = Y] + 1[𝑦𝐶 = Y] + 1[𝑦𝐷 = Y]) =
1 − 1

3 (0 + 1 + 0) = 2/3.
FYR. 1

3 (0 + 1 + 0) = 1/3 — one false-yes across three distractors.
𝐴strict. 𝑝𝐵 ’s natural-language explanation asserts 𝑛1, 𝑛3, 𝑛4 but not
𝑛2, giving 𝐴strict = 3/4, matching Coverage@3 (no transmission
gap on this question).

Traditional MCQ-accuracy scoring would mark this question cor-
rect, hiding the 𝑝𝐶 discrimination event entirely; the methodology
reports it independently, and FYR aggregated course-wide would
surface a systematic distractor-credulity pattern if one existed.

4 Experimental Setup
Target system. We evaluate the digital tutor [14], a production

RAG-based digital tutor deployed at a large research university
serving students acrossmultiple faculties. The system retrieves from
course-specific corpora of lecture transcripts, slides, and reading
materials and generates responses using a large language model
conditioned on the retrieved context.

Courses and corpora. We evaluate three courses spanning distinct
knowledge domains:
Introduction to Psychology (MIT OCW 9.00SC), drawn from
MIT OpenCourseWare. We use the entire 2011 final exam (42 ques-
tions) as the primary evaluation, plus the entire 2010 final exam (32
questions, run against the 2011 corpus) for the year-to-year stability
check (§5.5). This course is our publicly reproducible benchmark.
MIT OCW may appear in LLM pretraining; the deployed RAG sys-
tem grounds its judgments in retrieved context by design, and the
two non-public corpora below serve as additional contamination
checks.
Calculus 1B (Anonymous University), an undergraduate cal-
culus course covering sequences, series, limits, and real analysis.
We use the entire final exam (23 questions). The course represents
knowledge that is highly relational and conditional: correct answers
depend on understanding the direction and scope of mathematical
claims rather than isolated fact recall.
Cost-Effectiveness in Health and Medicine (Anonymous Uni-
versity), an undergraduate course in health economics and policy
evaluation, with lecture materials and assigned readings.We use the
entire final exam (20 questions). The course occupies an intermedi-
ate position between factual-declarative and relational knowledge,
including both definitional content and policy reasoning.

Datasets. For each course we construct two evaluation datasets.
The exam-based dataset draws MCQs directly from official course
exams that were administered to enrolled students at MIT and
the anonymous university; each evaluation set is the complete
final exam for the course. We do not author or modify any items,
only nuggetize each correct answer via the open-source Nuggetizer
library [13] and rephrase each option into a probe per the pipeline
of §3. The synthetic dataset is generated from the same corpus
with RAGAS [2] configured with persona-conditioned question
generation over a corpus-derived knowledge graph rather than a
naive single-passage generator. On the Calculus corpus the RAGAS
knowledge-graph construction failed because the corpus consists
of lecture transcripts dense in mathematical symbols, derivations,
and verbal transitions, from which knowledge-graph construction
cannot extract clean factual triples; the pipeline fell back to passage-
local generation. We discuss this in §5.3: the resulting weakness of
the synthetic baseline on Calculus reflects a structural limitation
that no synthetic-question generator can fully escape, since all
of them derive questions from the corpus and therefore cannot
produce questions that require derivation beyond what the corpus
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directly states. Table 2 summarizes statistics. Most MCQs use 𝑛 = 4
answer options; a small number of Calculus items have 𝑛 = 5.

Table 2: Dataset statistics. |D| = number of corpus documents.
†Used only for the year-to-year stability check against the
2011 corpus.

Course |D | Exam |𝑄 | Avg. |𝑁 (𝑞) | Synth. |𝑄 |

Psych. 2011 exam 287 42 1.7 50
Psych. 2010 exam† 287 32 1.9 —
Calculus 1B 94 23 1.4 69
Health Econ. 168 20 3.1 30

Configurations. The default (baseline) configuration uses the sys-
tem’s production hybrid retrieval (combining dense vector search
with BM25 sparse retrieval) with cosine similarity on the dense
side, 𝑘 = 7 retrieved documents per probe, Voyage-3 embeddings
(1024-dim), 1024-token chunks, and Claude Sonnet 4.5 as the gen-
erator. Entailment scoring uses GPT-4o under the same structured
binary-judgment prompt as FreshStack [19]. For sensitivity analy-
sis we vary one axis at a time relative to baseline: retrieval depth
𝑘 ∈ {3, 7, 10, 20}; retrieval method (hybrid vs. dense-only vs. sparse-
only); embedding dimension (Voyage-3 1024-dim baseline vs. Voyage-
3 256-dim projection); chunk size (1024-token baseline vs. 256-
token); generator LLM (Sonnet 4.5 vs. Haiku 3.5); and corpus ex-
tent (default vs. extended with the course’s scanned textbooks). A
random-retriever condition (uniform document sampling) provides
a negative control.

5 Results
The results section reports the methodology’s empirical behav-
ior on our instantiated system. §5.1 profiles three courses sharing
an identical retriever and generator, showing how the methodol-
ogy’s metrics expose structurally different system behaviors across
corpora. §5.2 validates that the metrics are sensitive to RAG configu-
ration changes and specific to the component varied. §5.3 contrasts
exam-based with synthetic evaluation on the same system, showing
that the methodology’s metrics diverge between regimes in ways
that synthetic-only evaluation would have hidden. §5.4 provides
a single-deployment external-validity check on user queries. §5.5
closes with a year-to-year benchmark-stability check supporting
the public benchmark release.

5.1 Cross-Domain Profiles
Table 3 reports baseline metrics for the three courses under an iden-
tical retrieval configuration (𝑘 = 7, same generator, same entailment
judge).

Moving from Psychology to Calculus, Coverage@7 collapses
from 76.8% to 20.0%, Gen. Accuracy drops from 82.1% to 6.5%, and
the abstain-per-probe rate rises from 0.0% to 68.5%; Health Eco-
nomics sits between the two on every metric. The methodology’s
metrics surface several distinct facets of this spread that a single
accuracy number would conflate. On Psychology, Gen. Accuracy
exceeds Coverage (82.1% vs. 76.8%): the system answers correctly
on more probes than direct retrieval support would predict, sug-
gesting that the generator contributes beyond retrieval — through

reasoning, parametric knowledge, or interpolation across the re-
trieved set. On Health Economics, Gen. Accuracy tracks Coverage
closely (52.0% vs. 53.0%), indicating no surplus generator contri-
bution beyond what retrieval provides. DG separates two opera-
tionally distinct failure modes that a single accuracy number con-
flates: anti-discrimination, where the system is more credulous on
distractors than on the correct option (DG < 0 — e.g., it says No to
the correct claim while accepting some distractor as supported; the
random-retriever control in §5.2 exhibits this, with DG = −0.05),
and non-discrimination, where the system refuses to commit either
way (DG ≈ 0 via mass abstention). On our courses, the hard end
(Calculus) is non-discrimination: DG is 0.04 not because the system
is being fooled by distractors, but because it almost never accepts
the correct option and abstains on most probes. FYR confirms this
from the distractor side — distractor credulity is only 2%, so the
dominant failure mode is not false acceptance of distractors but
refusal to engage with the option set.

In our three-course instantiation, the same retriever, the same
generator, and the same evaluation pipeline produce this spread.
The structurally different signal profiles across courses suggest that,
in our setting, the position of the exam content on a corpus-specific
axis — roughly, how often the exam’s answers appear in the corpus
directly versus must be derived from it — shapes the methodology’s
output strongly. We frame this as one signal the methodology sur-
faces on the systems we evaluated, not as a universal property of
closed-domain RAG; cross-system generalization is future work.

The magnitude of this variation under identical pipeline choices
was larger than expected and translates directly to what students
experience from the deployed tutor: Psychology users encounter a
system that answers most queries with grounded confidence; Cal-
culus users of the same tutor face one that refuses to commit on
more than two thirds of its option-level probes. The methodology’s
metrics surface this course-by-course fit at evaluation time, identi-
fying which courses the system serves well and which it does not
before deployment exposes the gap to users.

5.2 Sensitivity and Specificity
This section validates the methodology’s diagnostic utility: when
we change a component of the RAG system, do the metrics reflect
the change in interpretable ways? A useful methodology must be
both sensitive (metrics respond when the system changes) and spe-
cific (movements localize to the component that changed); without
both, the metrics can detect that something is different but cannot
attribute the change to a particular pipeline component. We test
these properties on Psychology 2011 by holding the corpus and
the rest of the pipeline fixed and varying one component at a time.
Table 4 reports a compact view; the random-retriever negative con-
trol collapses every retrieval metric to zero and Gen. Accuracy to
27%, near the always-Yes floor of 1/𝑛 = 25%.
The configuration ablations move the relevant per-component met-
rics as expected (retrieval-side changes shift Coverage@𝑘 and 𝛼-
nDCG@𝑘 ; generator swap shifts Gen. Acc. while leaving retrieval
metrics unchanged). The Discrimination Gap is the most informa-
tive of these: DG tracks the Gen. Acc. trend on 𝑘 (0.58 → 0.69)
and falls 21 points on the Haiku-3.5-generator swap (0.66 → 0.45)
while retrieval metrics are unchanged — localizing the regression
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Table 3: Cross-domain baseline on exam-basedMCQs at identical retriever and generator (𝑘 = 7). The same RAG system produces
qualitatively different signal profiles across courses.

Course Cov.@7 𝛼-nDCG@7 Recall@7 𝐴strict Gen. Acc. DG FYR Abstain

Psychology 2011 76.8% 0.81 0.92 74.2% 82.1% 0.66 19% 0.0%
Health Econ. 53.0% 0.61 0.71 51.4% 52.0% 0.45 11% 28.6%
Calculus 1B 20.0% 0.28 0.34 18.3% 6.5% 0.04 2% 68.5%

Table 4: Sensitivity & specificity on Psychology 2011, with
each variant differing from the baseline (𝑘 = 7, Voyage-3
1024-dim, 1024-token chunks, Claude Sonnet 4.5) along a
single axis. Bold marks the baseline row.

Configuration Cov.@𝑘 𝛼-nDCG Gen. Acc. 𝐴strict DG

Baseline 76.8% 0.81 82.1% 74.2% 0.66

Retrieval depth
𝑘 = 3 68.0% 0.74 78% 65.3% 0.58
𝑘 = 10 81.9% 0.84 84% 78.4% 0.69
𝑘 = 20 81.5% 0.82 83% 77.9% 0.67

Embedding dimension
Voyage-3 (256-dim) 75.3% 0.78 82% 72.1% 0.65

Chunking strategy
256-token chunks 72.0% 0.75 79% 69.1% 0.61

Generator LLM
Haiku 3.5 generator 76.8% 0.81 69.6% 65.8% 0.45

Corpus / negative control
Extended materials 82.5% 0.85 84% 79.8% 0.70
Random retriever 0.0% 0.00 27% 0.0% −0.05

to the generator’s discriminative behavior, not its retrieval. The
random-retriever control collapses DG to slightly negative (−0.05),
confirming that without useful retrieved context the system can-
not tell correct options from expert-designed distractors. DG thus
responds in the right direction to every axis, satisfying the same
sensitivity-and-specificity criterion as the rest of the methodology’s
metrics.

5.3 Synthetic vs. Exam-Based Evaluation
We compare exam-based metrics with synthetic RAGAS-generated
questions over the same corpora and identical RAG configuration.
The two regimes broadly agree on the direction of sensitivity under
configuration changes (both correctly register 𝑘-variation, model
swaps, and the random control). They disagree, however, in the
readings they produce on common evaluation metrics, in ways
that are structured by which corpus is being evaluated. Table 5
summarizes.

The headline observation is that the methodology’s metrics ex-
pose corpus-system fit problems that synthetic evaluation does
not. On Calculus, abstention under exam-based evaluation is 68.5%,
against only 8.7% under synthetic — a practitioner relying on syn-
thetic evaluation alone would observe a system that commits on
∼91% of probes and achieves 70.7% generation accuracy, while exam-
based evaluation reveals that the same system declines to commit

on more than two thirds of exam-derived probes and achieves only
6.5% generation accuracy. This gap is the result the synthetic-vs-
exam comparison is built to surface, and it is not localizable from
retrieval-side metrics alone: retrieval metrics show that the exam
setting is harder (e.g., Calculus Coverage@7 drops from 38.4% under
synthetic to 20.0% under exam-based), but not whether the failure
is abstention, distractor credulity, or correct-option rejection. Cov-
erage@7 on Psychology differs by only −4.8 pp between regimes,
consistent with the embedding-favored retrievability of corpus-
derived questions, but does not on its own signal that the regimes
are producing materially different pictures of system behavior.

Themechanism is structural rather than implementation-specific.
Synthetic questions are generated from the corpus and can only
ask about what the corpus directly states. Expert-written exams
are authored about the material, can ask about content the cor-
pus is supposed to teach but does not directly state, and come
with expert-designed distractors that test discriminative reason-
ing rather than fact lookup. On Calculus the contrast is sharpest:
RAGAS could not build its knowledge graph over the Calculus
corpus and fell back to passage-local question generation, produc-
ing notably easier questions — but the failure mode generalizes. A
passage-local generator would degrade silently to the same easy-
question regime; the constraint applies to passage-derived synthetic
generators broadly (KG-based, passage-local, instructor-style LLM
generation, adversarial-distractor approaches), since all derive their
questions from the indexed corpus and therefore cannot construct
conditional-reasoning questions that are not statable from any sin-
gle passage. Health Economics presents a different relationship be-
tween the two regimes, but the direction of the broader observation
is unchanged: synthetic and exam-based evaluation are complemen-
tary rather than interchangeable — synthetic reports on retrieval
over corpus-derived content, exam-based reports on curriculum-
aligned discriminative behavior — and the methodology’s metrics,
particularly DG and Abstention, are where the divergence is visible.

5.4 Relevance to Real User Queries
Section 5.3 showed that synthetic and exam-based evaluation pro-
duce substantively different readings of system behavior on the
same RAG system. This raises a deployment-relevance question:
which of the two sets of queries do real user queries more closely
resemble? If user queries align with exam-derived questions, the
exam-based metrics are the deployment-relevant ones; if they align
with synthetic, synthetic is the closer match. We test this on the
production-deployed Calculus 1B course — the case where the
synthetic–exam divergence is largest (§5.3) and where the question
is most pointed.
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Table 5: Synthetic vs. exam-based evaluation under an identical RAG configuration (𝑘 = 7, Voyage-3 1024-dim, Claude Sonnet
4.5). Δ = Exam − Synth (sign chosen so positive = exam exposes harder behavior).

Psychology Health Econ. Calculus 1B

Metric Exam Synth Δ Exam Synth Δ Exam Synth Δ

Coverage@7 76.8% 81.6% −4.8 53.0% 65.1% −12.1 20.0% 38.4% −18.4
𝛼-nDCG@7 0.81 0.85 −0.04 0.61 0.72 −0.11 0.28 0.46 −0.18
𝐴strict 74.2% 78.5% −4.3 51.4% 63.7% −12.3 18.3% 36.1% −17.8
Gen. Accuracy 82.1% 89.0% −6.9 52.0% 81.4% −29.4 6.5% 70.7% −64.2
DG 0.66 0.78 −0.12 0.45 0.62 −0.17 0.04 0.21 −0.17
FYR 19% 11% +8.0 11% 7% +4.0 2% 3% −1.0
Abstention Rate 0.0% 0.0% 0.0 28.6% 5.2% +23.4 68.5% 8.7% +59.8

Setup. We collected 150 raw student queries from the system’s
Calculus 1B deployment and excluded social and system messages
(greetings, presence checks, and other queries that did not invoke
the RAG pipeline), leaving |𝑈 | = 80 substantive course queries. For
each query 𝑢 ∈ 𝑈 we computed its cosine similarity to the nearest
exam-derived question 𝑒 in the original Calculus 1B final-exam
stems set 𝐸, and the analogous similarity to the nearest RAGAS-
generated synthetic question 𝑠 ∈ 𝑆 . Each query was classified
as exam-like or synthetic-like by two independent methods: an
embedding classifier (assigning the verdict with the higher cosine)
and an LLM-as-judge classifier shown all three sets and prompted
to judge style, intent, complexity, length, language, and content
alignment per query. Table 6 reports results.

Table 6: User-query relevance on Calculus 1B (|𝑈 | = 80 sub-
stantive queries).

Quantity Value

Mean cosine to exam set 𝐸 / synthetic set 𝑆 0.590 / 0.416
Paired difference Δ (per query) 0.174, 𝑝 = 0.002
Embedding-classifier exam-like verdict 50/80 (62.5%)
LLM-classifier exam-like verdict 50/80 (62.5%)
Inter-classifier agreement 80/80 (100%)

Qualitative examples. The classification split is intuitive in prac-
tice. Queries about applying or computing on the material tend to
align with exam-derived questions, while definitional or lookup
queries tend to align with synthetic. Representative examples from
the deployment:

• Exam-like: “Evaluate
∑︁∞

𝑛=1
1

𝑛2 log𝑛 for convergence.”
• Synthetic-like: “What is the definition of a Cauchy sequence?”

Interpretation. On this one application-oriented deployment, real
student queries align systematically more with exam-derived ques-
tions than with corpus-derived synthetic questions (Δ = 0.174,
𝑝 = 0.002): exam-based evaluation is closer to what students actu-
ally ask than synthetic generation is. A minority of queries align
with synthetic (the definition-lookup pattern above); both regimes
capture some real user behavior, but exams capture the dominant
one. This demonstration is scoped to one deployment; we do not

extend the claim to deployment contexts that are not application-
oriented (casual conversation, operational support, open-domain
lookup).

5.5 Year-to-Year Stability
A benchmark whose metrics drift sharply with the choice of exam
year would be a poor target for future comparison. We test stability
by running the 2010 Psychology exam (32 questions) against the
same 2011 corpus used for our baseline evaluation and compar-
ing to the 2011 exam (42 questions) results. The 2010 run yields
Coverage@7 = 78.3% vs. 76.8% on 2011 (+1.5 pp on the headline
retrieval metric); Gen. Acc. = 84.4% vs. 82.1% (+2.3 pp); DG = 0.68
vs. 0.66 (+0.02). The methodology therefore produces consistent
signal across exam years for the same corpus across all three head-
line metrics, suggesting that exam-specific idiosyncrasies do not
dominate the evaluation. This stability is a precondition for the
publicly released benchmark and supports rotating exam years over
time as a contamination-mitigation strategy without invalidating
year-to-year comparisons. More broadly, on courses with stable
year-over-year syllabi, this is exactly how students themselves pre-
pare: they study with prior-year exams against the current course
material and are expected to be able to solve them. The RAG system,
given the same corpus, is asked to do the same task.

6 Discussion
Component-level diagnosis. A conventional end-to-end accuracy

number is sufficient to rank systems but insufficient to localize
why one outperforms another. The configuration ablations make
this concrete. Replacing Sonnet 4.5 with Haiku 3.5 as the generator
drops Gen. Accuracy by 12.5 pp and DG by 21 points while leav-
ing retrieval metrics essentially unchanged; an end-to-end metric
would register the regression without locating it. The inverse holds
for the Voyage-3 256-dim projection, which shifts retrieval met-
rics while Gen. Accuracy stays at 82%. The methodology’s metric
set localizes the regression in each case to the responsible com-
ponent. Abstention, reported alongside, adds a further diagnostic
axis: on Calculus the system does not merely answer incorrectly —
under exam-based evaluation it refuses to answer 68.5% of the time,
against only 8.7% under synthetic, a qualitatively different failure
mode a practitioner must address differently from low accuracy
and one synthetic-only evaluation would have masked. Production
usage on the deployed Calculus tutor is qualitatively consistent
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with this pattern: many real student queries receive non-answers
rather than substantive responses, matching what the probe-level
abstention measurement predicts.

Exam-answerability contract. MCQ exam questions come with
a built-in answerability guarantee: instructors design exams to be
answerable from the course material together with the student’s
reasoning. This contract obviates the need for the oracle-retriever
upper-bound evaluation that Thakur et al. [19] use to estimate
retrieval headroom from gold-answer queries. Whether the corpus
actually captures that material is itself a property the methodology
surfaces — corpus gaps appear as evaluation failures rather than
precondition violations.

Stated vs. derivable, and identifying course–system fit. A priori, a
practitioner cannot easily predict which courses a deployed RAG
system will serve well: under an identical retriever, generator, and
prompting pipeline, the same system delivers grounded confident
answers on Psychology and abstention-dominated failure on Calcu-
lus. The cross-domain spread (§5.1) showed that these qualitatively
different profiles align with a corpus-specific axis — roughly, how
often the exam’s answers are stated in the corpus versus only deriv-
able from it. More importantly, the methodology gives practitioners
a tool for identifying which courses are well-served by the exist-
ing RAG system (high Coverage, high DG, low abstention) and
which are not (low Coverage, abstention-dominated, or distractor-
credulous) — a per-course fit signal that single-corpus end-to-end
accuracy cannot provide, and one that helps prioritize where corpus
improvement or methodological change is needed.

Practical recommendation. For practitioners choosing between
exam-based and synthetic RAG evaluation, our recommendation
turns on two factors: artifact availability and deployment-query
alignment. When MCQs are available and real user queries resemble
exam-style questions (typically: education, professional certifica-
tion, medical licensing), our methodology is the stronger choice:
it leverages a curriculum-aligned, expert-validated evaluation sig-
nal, and the Discrimination Gap and per-option Yes/No structure
surface distractor-credulity failures that retrieval-side metrics and
end-to-end accuracy both miss. Otherwise — when MCQs are un-
available, or when real user queries diverge from exam-style con-
tent even with MCQs available — synthetic generation retains
substantial value as a low-overhead default. In practice, the two
regimes probe different query distributions — exam-based tests
application-oriented reasoning while synthetic tends toward defi-
nitional/lookup tasks (since synthetic queries derive from corpus
passages) — so MCQs alone may not capture all real user behavior.
Our Calculus deployment illustrates this: a minority of real student
queries (definitional lookups) fell outside the exam-aligned class
but were captured by synthetic, so running both regimes is valuable
even when MCQs are available.

Limitations. (1) Two of the methodology’s three LLM compo-
nents — nugget extraction (via the Pradeep et al. Nuggetizer) and
support judgment (via the GPT-4o protocol of Thakur et al.) — have
prior human-validation studies on technical-documentation cor-
pora that we inherit [13, 19, 20]; domain transfer to educational
content and validation of the option-rephrasing step (introduced
here) are future work. (2) We instantiate the methodology on a

single deployed RAG system across three courses; cross-system
generalization of the empirical profiles is future work. (3) We do
not disentangle whether low-Coverage failures reflect genuinely
missing corpus evidence or cases where the evidence exists but
requires reasoning beyond the current prompt; separating these fac-
tors is future work. (4) MCQs are expert-written probes, not natural
user queries; the user-query alignment of §5.4 is validated on one
deployment, and complementing MCQ-based measurement with
query-log-based measurement is appropriate where deployment
data is available. (5) The evaluation signal is only as strong as the
source exam: ambiguous questions, weakly designed distractors, or
factual errors propagate directly into the metrics.

7 Conclusion
We introduced an evaluation methodology for closed-domain RAG
that repurposes expert-written multiple-choice exams as a ready-
made evaluation signal. The methodology has two intertwined
contributions. First, it enables RAG evaluation on artifacts that al-
ready exist in the deployment context — expert-written, instructor-
validated exams produced by the same authority that defines what
users should be able to learn from the corpus. Synthetic genera-
tion and exam-based evaluation answer different questions about
a system: synthetic asks whether the system can retrieve and use
what its corpus directly contains; exam-based asks whether the
system handles the curriculum-aligned discriminative tasks the cor-
pus is supposed to teach. Both questions matter; neither substitutes
for the other. Second, the per-option pipeline together with the
Discrimination Gap provide a metric set that measures discrimina-
tive judgment between expert-designed alternatives — a property
unique to MCQs and absent from open-ended evaluation. A system
can score high on standard retrieval and nugget-recall metrics yet
still be fooled by plausible distractors; DG and Generation Accuracy
surface exactly this failure mode.

We instantiated the methodology on a production RAG-based
digital tutor across three undergraduate courses and release a re-
producible benchmark on MIT OpenCourseWare’s Introduction to
Psychology. In our instantiation, exam-based and synthetic evalu-
ation produced complementary but non-interchangeable signals:
synthetic questions better reflected corpus-derived lookup behavior,
while exam-derived probes exposed application-oriented failures,
abstention patterns, and distractor credulity that synthetic-only
evaluation would have hidden. The contrast was especially pro-
nounced in Calculus, where exam-derived probes revealed a course-
system fit problem that was largely masked by synthetic evaluation.

These findings suggest a practical role for expert-written MCQs
in closed-domain RAG evaluation. When such artifacts are available
and resemble the tasks users expect the system to support, they pro-
vide a reusable, expert-validated benchmark for measuring not only
whether the system retrieves relevant evidence, but whether it can
discriminate correct claims from plausible alternatives. MCQ-based
evaluation should therefore complement, not replace, synthetic and
query-log-based evaluation: together, these regimes give practition-
ers a fuller picture of how a deployed RAG system behaves across
corpus-derived lookup, curriculum-aligned reasoning, and real user
demand.
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