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Abstract

Modern long-context large language models (LLMs) can read an entire document
in one prompt, and cache-aware serving makes re-reading an unchanged document
far cheaper than reading it cold. This unsettles the premise behind retrieval and
document-structuring methods—chunk-based RAG, tree-based summarization such
as RAPTOR, and graph-based community summarization such as GraphRAG—
which were built for small context windows, when fitting a long document into
one prompt was impossible and selecting or summarizing the relevant parts was
the only option. This thesis asks whether document structuring still pays once the
model can read the whole document, in the repeated-context setting where many
questions arrive over one fixed document. Its contribution is methodological: a
controlled benchmark that evaluates four QA approaches—flat full-context prompt-
ing (with cache-aware serving), Naive RAG, RAPTOR, and GraphRAG—on the
same documents, questions, answerer, and metrics. One cost-accounting rule prices
each method’s one-time preprocessing and its per-query answering together, so ap-
proaches whose costs fall at different points in the pipeline meet on one cost-quality
plane. We instantiate the benchmark on QASPER and NovelQA across 2,336 ques-
tions, each answered five times by a single fixed answerer, with NovelQA scored
against held-out gold answers and a closed-book control separating reading from
memorization. The full run record and analysis code are released, and every re-
ported number, table, and figure regenerates from them. The ranking is identical
on both datasets. Flat full-context prompting reaches the highest answer quality:
significantly so on the novels under a document-clustered bootstrap, which resam-
ples whole documents, and narrowly over Naive RAG on the short papers. The
cost-quality frontier collapses to two points—~flat full-context prompting for qual-
ity, Naive RAG for budget—and the added tree and graph structure of RAPTOR
and GraphRAG improves neither answer quality nor cost-quality position. With
long-context models, added document structure does not pay in this setting.

1 Introduction

Consider a researcher who asks ten different questions about the same 50-page paper,
or an analyst who repeatedly queries a 300-page regulatory document. In both cases,
the underlying text stays the same across questions. Yet current large language model
(LLM) systems typically process each question independently, reprocessing the document
for each query even though it has not changed.

This pattern—multiple questions over the same long document—appears in several
existing benchmarks: QASPER [14] pairs questions with the same research paper, and
Novel QA [51] asks questions about the same novel. We call this a repeated-context setting:
the context is fixed, and multiple queries arrive over time. These documents are long: in
this thesis they range from a research paper of a few thousand tokens to a full novel of
over 700,000 tokens.

When the entire document is concatenated with each query and sent to the model as
one prompt, we call this flat full-context prompting. This approach is simple, but it raises
two distinct problems—one of quality and one of cost.

The quality problem is that long inputs degrade reasoning: long-context models over-
look relevant evidence, underweight the middle of the input, and lose accuracy from
length alone |38} 33 21].



The cost problem is that flat full-context prompting reprocesses the entire document
on every query, even though the document is unchanged between questions. Modern
serving stacks soften this through cache-aware serving: the runtime stores its reading of
a shared document prefix and reuses it on later queries [29)], so reading less text per query
saves less than its token reduction suggests.

These two problems—degraded reasoning on long inputs, and the cost of reprocessing
them—are what document structuring was introduced to address. Such methods prepro-
cess each document once into a reusable structure—plain chunks for Naive RAG |30, [18],
a summary tree for RAPTOR [46], an entity graph with community summaries for
GraphRAG [I7]—and use only the relevant part of it at query time, so each query reads
less text and reuses work across questions. These approaches have not been compared
against each other—or against cache-aware flat full-context prompting—under one cost
accounting for the repeated-context setting.

These methods were developed when context-window capacity was small—typically a
few thousand tokens, far short of a long document. When a long document could not fit
in a single prompt at all, selecting or summarizing the relevant parts was mandatory, and
chunk-based RAG reported gains over a no-retrieval baseline, the model answering from
memory alone [30], while tree-based summarization such as RAPTOR reported gains over
reading truncated or unstructured input [46]. Long-context models now accept hundreds
of thousands of tokens [22] 28], and some up to roughly two million [53]. That capacity
weakens both of structuring’s original rationales at once: such models read long inputs
far more reliably than earlier models did, shrinking the quality penalty for length; and
they make re-reading cheap, shrinking the cost penalty for reprocessing. What does not
shrink is structuring’s own side effect: selecting or summarizing a document discards
information that the full text retains. This reframes the question that motivated this line
of work—once the document fits the window and re-reading it is cheap, does structuring
still help, or does the information it discards now cost more than the length it avoids?
This thesis answers that question for the repeated-context setting.

Three research questions structure the evaluation.

e RQ1: Which existing QA approaches give the best cost-quality tradeoff in the
repeated-context setting?

e RQ2: What explains the quality differences between the preprocessing-based ap-
proaches (summary tree, entity graph, plain chunks)?

e RQ3: At what query density—questions asked per document—does a preprocessing
approach pay off against reading the document in full, if it ever does?

The contribution of this thesis is a controlled benchmark: four existing QA approaches
compared in the repeated-context setting under the same documents, the same ques-
tions, and the same answerer model, a single long-context large language model (gemini-
3.1-flash-lite-preview) fixed across all methods. The benchmark is instantiated on
QASPER and NovelQA: 2,336 questions, each answered five times. Making that compar-
ison fair across methods that spend their cost in different places—one-time preprocessing
versus per-query answering—and across datasets with different task formats requires one
uniform cost-accounting rule: every method is scored on a single cost measure covering
both the per-query cost of answering and the one-time cost of preprocessing a document,
applied identically across QASPER and NovelQA. Quality is reported with each bench-
mark’s native metric. Together these place every method on one cost-quality plane, and



a break-even analysis tests whether the resulting ordering depends on how many queries
each document receives. The released code and run artifacts are recorded in Appendix [A]

The methods under test are: flat full-context prompting (with cache-aware serving
as the baseline [29]), Naive RAG (the most common practical approach [30, [18]), RAP-
TOR (tree-based hierarchical retrieval [46]), and GraphRAG (graph-based community
summarization [17]).

The remainder of this thesis is structured as follows. Section [2| provides the theoret-
ical background on long-context QA, RAG, and the repeated-context setting. Section
describes the benchmark methodology: the tasks, datasets, architectures under test, eval-
uation protocol, and implementation details. Section [4] reports the benchmark results.
Section [5] discusses the results and relates them to existing literature. Section [6] discusses
threats to validity. Section [7] concludes.

2 Theoretical Background

2.1 Challenges in Long-Context Question Answering

Modern long-context models can process increasingly large inputs, but more tokens do not
by themselves solve selective reasoning—attending to the relevant evidence in a long input
while ignoring the rest. A context is best treated as long not at a fixed token threshold
but in the range where a model’s effective context falls short of its advertised window.
In that range, accuracy becomes sensitive to input length and to the position of relevant
evidence rather than to the question alone [33], 22]. Several distinct failure modes appear
in this setting. Liu et al. show that information placed in the middle of a long context is
often underused even when it remains technically available to the model [33]. Retrieval
quality also degrades as the input grows, so the same fact is recovered less reliably deep
in a long prompt than in a short one [2I]. Simple single-fact “needle-in-a-haystack” tests
overstate this ability: once the question and its supporting evidence no longer use the
same words, or once answering requires tracing several facts, accuracy drops sharply well
within the advertised window [22] [38, 28]. Broad long-document benchmarks such as
LongBench and LongBench v2 |7, [§] likewise show that long-document reasoning remains
difficult across question answering, information seeking, and multi-document tasks.

Existing work establishes that long-document reasoning is hard, but it usually evalu-
ates isolated queries. In the repeated-context setting that this thesis studies (Figure |1),
the question becomes whether preprocessing the document once can cut the cost of an-
swering later questions without losing much answer quality.

2.2 Preprocessing-Based Approaches

One strategy for controlling repeated-context cost is to build a reusable artifact once
per document and answer later questions from that artifact. The one-time build cost is
then spread—amortized—over the later queries that reuse it (Figure [1)): a chunk index,
summary tree, or entity graph is constructed once, and each subsequent question uses the
artifact instead of re-reading the whole document. This split between a one-time build and
a per-query cost amortized over later queries is the long-standing accounting for indexing
in information retrieval and approximate-nearest-neighbour search, where construction
cost is reported as an axis distinct from per-query cost |35, 48]. A broad survey of
retrieval-augmented generation covers three forms of index for the source text: plain
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Figure 1: The repeated-context setting. A fixed document c is preprocessed once into
a reusable artifact H. (build cost Chyiq); each of the n later queries over that same
document is answered from the artifact (cost Cquery per query).

chunks, a hierarchy with summaries at its nodes, and a knowledge graph of entities [18].
This thesis benchmarks all three, each through a widely used representative: Naive RAG
for chunks, RAPTOR for trees, and GraphRAG for graphs.

Tree-based methods summarize document chunks into a hierarchy, so that evidence can
be retrieved at multiple abstraction levels [46, [49]. Graph-based methods build a graph
of the document’s entities and summarize groups of related entities for reuse at query
time [17, 43]. Chunk-based methods split the document into fixed-size pieces, embed
each piece with a dense encoder—a model that maps text to a vector so semantically
similar pieces lie close together—and retrieve the top-k matches per query [30]. All
three cut the document into pieces before indexing. A common refinement is to choose
those pieces from the document’s own structure—placing chunk boundaries at sections,
paragraphs, and rhetorical units rather than at fixed token offsets—so that each indexed
piece stays internally coherent |39, [15, 24]. Other designs vary the indexing rather than
the document structure—for example indexing single factual statements (propositions)
or linked memory entries [12] 19]—and so fall outside this structural comparison.

Where these preprocessing-based methods pay their cost once, up front, a second
class instead addresses long-context cost through per-query recursive control—inspecting,
decomposing, or critiquing the context at query time |61}, 52} [1l 45] [63] 5]. These methods
pay their full cost on every question rather than amortizing a one-time structure across
queries, so they fall outside the preprocessing-based comparison studied here.

A third class controls cost through routing and memory mechanisms that select re-
trieval behavior, reasoning depth, or memory tier per query under cost constraints [23], [62]
4T]. These too adapt cost per query rather than amortizing a one-time structure. Sleep-
time compute instead amortizes offline precomputation across related queries about one
context, but builds no retrieval structure to compare [32].

2.3 Cache-Aware Serving

Modern inference runtimes store the intermediate attention computations—the key-value
(KV) cache—for a shared document prefix and reuse them on later queries that share it:



a warm prefiz cache. PagedAttention, a memory manager for that cache, makes the reuse
efficient [29], and vLLM is a production serving system built on it [50]. For repeated-
context QA, cache-aware serving shifts the cost of the simplest baseline: a flat full-context
prompt that hits a warm prefix cache costs much less than the same prompt processed
cold. Any preprocessing-based method must therefore be compared against this cache-
aware baseline rather than an uncached one; otherwise the method looks cheaper than it
is, because part of the saving would have come from the cache anyway.

2.4 Reproducibility of LLM Inference

Even under greedy decoding—sampling temperature 7' = 0, where the model always
takes its highest-probability token—Ilarge language model inference is not reproducible
end-to-end, a property that directly shapes how evaluation results must be reported.
Atil et al. evaluate five LLMs across eight tasks at 7' = 0 over ten runs and report
accuracy variance up to 15% and best-vs-worst gaps up to 70%, with raw outputs rarely
bitwise-identical [6].

The root cause is that floating-point addition is not associative, so the order in which
a hardware kernel accumulates a sum changes its result in the last bits [60]. He et al.
show that this makes inference batch-variant: the same prompt produces different logits
depending on which other requests it is co-batched with [20]. At provider scale, serving-
stack choices such as load balancing and dynamic batching compound these effects [34],
and at the decoding step the resulting drift can flip the selected token.

This remaining randomness means a single run per configuration cannot be treated
as a point estimate of an architecture’s quality.

2.5 Long-Document Evaluation Benchmarks

The benchmark choice must match the evaluation question. This study evaluates QA over
long documents—real, structured texts such as papers and novels—under the repeated-
context requirement that each document carry many questions, so that preprocessing
cost can be amortized across queries. Table (1| weighs the candidate benchmarks against
both criteria. They split into synthetic long-contexrt benchmarks, which lack document
structure and (for the probe benchmarks) any question reuse, and long-document bench-
marks built from real texts. Several real-document benchmarks meet both requirements;
QASPER and NovelQA are the pair evaluated here (Table .

The pair sits at opposite ends of two axes—context length and gold format—so the
thesis evaluates both datasets and reports each with its native metric, Answer-F1 for
QASPER and accuracy for NovelQA. NarrativeQA meets both requirements, but its
long narratives are the role Novel QA already fills, and its free-form answers are the for-
mat QASPER already covers, so it adds no new point on either axis. The remaining
candidates measure something else or add no new point. Oolong is a long-context bench-
mark: its tasks count and filter facts spread across the context, over constructed and real
conversational inputs, not QA over a structured document. NoCha controls contamina-
tion—its novels are recent enough not to sit in any model’s training data—but it scores
claims at the pair level (both true/false variants of a claim must be judged correctly), so
it measures something different from per-question QA accuracy, and its copyrighted nov-
els must be sourced separately rather than shipping with the benchmark; and QuALITY
would mainly isolate length effects from format effects, which QASPER and NovelQA



Table 1: Long-context and long-document benchmarks weighed against this study’s
two requirements: real document structure (not a synthetically generated context) and
many questions per document (so preprocessing amortizes). Sizes and question counts
are approximate.

Benchmark Task and reuse Role here
Probe synthetic single-fact retrieval, a fresh context per probe (needle- out of  scope:
benchmarks  in-a-haystack [25], RULER [22], NoLiMa [38]); no document long-context, mnot

structure, no query reuse

QASPER [14] free-form QA over research papers; ~4 questions/paper; ~5k to-

kens; Answer-F1

NovelQA [51] multiple-choice QA over novels; ~25 questions/novel; up to

~T770k tokens; accuracy

a document
evaluated (short,
free-form)
evaluated (long,
multiple choice)

Oolong [10] long-contexrt aggregation—counting/filtering over constructed out of  scope:
and conversational contexts, no document structure; 25 ques- long-context, not
tions/context a structured doc-

ument

Narrative- free-form QA over books and film scripts; ~30 questions/docu- deferred: length

QA [27] ment and format al-

ready spanned
by QASPER and
Novel QA

NoCha [26] global comprehension via minimal-pair claims (paired true/false deferred: pair-
variants differing in one detail); many claims per recently pub- scored claims;
lished, contamination-controlled novel texts sourced

separately

QuALITY [42] multiple-choice QA over short (~5k-token) documents; multiple future: length vs.

questions per document

format

already bracket.

Care is needed when reading any static benchmark: scores can be distorted by con-
tamination and by a benchmark measuring something other than the ability it claims
to measure [b4, 9]. Long-context benchmarks also differ enough in task structure, gold-
evidence format, and context scale that results do not transfer directly from one to
another. Public leaderboards such as LM Arena [3], which ranks models by aggregat-
ing pairwise human votes [13], are useful for a first orientation, but a high position can
reflect answer style [4], sensitivity to prompt phrasing [2], or contamination [56] rather
than performance in the repeated-context setting.

3 Methods & Materials

The benchmark preprocesses each document once and answers many questions over it,
comparing the four architectures under one fixed answerer, one shared encoder for the
preprocessing-based architectures, one prompt template per task format, and a single
cost-accounting rule, so that observed differences reflect the context-handling strategy
rather than the experimental setup. The protocol was fixed before the experiments and
is recorded in Appendix [A]



3.1 Tasks

The benchmark asks each architecture to answer natural-language questions about a
long document, under the repeated-context setting in which many questions share one
preprocessed document (Figure [1)).

The task type is long-document question answering: the system reads one long source
document and answers questions about it, rather than retrieving answers from an open
collection of many documents (Section . The two evaluation datasets deliberately span
a range of question demands. QASPER labels each question by its answer type: extrac-
tive (copy a span from the paper—for example, which corpus a model is trained on),
abstractive (compose the answer in new words—for example, how an ablation was set
up), yes/no (for example, whether a baseline is compared), and explicitly unanswerable
questions, asked but not answered by the paper [44], [14]. NovelQA labels each question by
aspect (character, setting, relation, plot, paraphrase, counting, and span—questions need-
ing the exact wording of the text; the released meaning and times aspects are displayed
as paraphrase and counting throughout) and by complexity (single-hop, multi-hop that
combines evidence from several passages [57)], and detail: fine-grained fact lookup) [51].
This range is why answer quality is measured with each format’s own metric and why
results are not treated as interchangeable across datasets.

Two task formats are covered, and they drive different answer-quality metrics:

e Free-form short answers (QASPER): the architecture produces a short text
answer that is compared against the gold answer text. Evaluated with Answer-F1:
the token-overlap F1 between predicted and gold answer—the harmonic mean of
shared-token precision and recall, taking the best match over the annotators’ gold
answers [14].

e Multiple choice (NovelQA): the architecture selects one of a fixed set of options.
Evaluated with accuracy: the fraction of questions whose selected option matches
the gold option.

3.2 Datasets

The benchmark uses two datasets, each selected for a distinct role:

e QASPER [I4]: research papers averaging ~ 5k tokens, with multiple questions
per paper. Its gold answers ship with the dataset.

e NovelQA [51], 40]: novels averaging =~ 230k tokens, up to ~770k (Les Misérables),
with multiple questions per novel. Its test-split gold labels are kept private on Cod-
abench (the platform hosting the benchmark’s official scoring). The dataset also
releases manually annotated evidence excerpts, which this study does not use for
scoring. One novel (NovelQA’s internal ID B48, The History of Rome, ~2.6M to-
kens) is excluded from the main evaluation as a context-length outlier, and a second
(Frankenstein) because its gold answers could not be obtained from Codabench.

Evaluation is document-centered: within each document, all associated benchmark
questions are treated as repeated queries and amortized jointly. Eligible documents must
have at least two associated questions, so that amortization over repeated queries is well
defined. A small calibration split is set aside before evaluation: four NovelQA novels



Table 2: Dataset roles for the repeated-context study: the document unit, repeated-
context fit, task metric, and role in the main claim for each dataset.

Dataset Document Repeated-Context Task Metric Role in Main Claim

Unit Fit

QASPER Paper Direct fit: paper-level — Answer-F1 Locally scored quality compar-
questions align with ison on short documents; the
repeated-context reuse short-document contrast for the
and native document granularity analysis.
structure

Novel QA Novel Direct fit: multiple Accuracy Quality under held-out scor-
questions share one (multiple ing on long documents, where
very long narrative choice) build costs are large enough that
source context repaying them takes many ques-

tions.

and 20 QASPER questions, used only to select the models and settings of Section
(the pilot grid drew questions from three of the four novels). The four novels and all
calibration questions are excluded from the scored pools, so calibration data cannot leak
into the test metric. Table [2l summarizes each dataset’s role and metric.

3.3 Architectures

The four architectures differ in what they build from the document, if anything, and in
what context they pass to the answerer at query time. Figure [2| contrasts them side by
side.

3.3.1 Flat Full-Context Prompting

The simplest approach concatenates the entire document with each query and sends it
to the answerer as a single prompt. It involves no preprocessing and no retrieval, so
flat full-context prompting (hereafter Flat) is the no-retrieval baseline against which the
three preprocessing-based architectures are measured: it builds nothing, and every query
pays for reading the entire document. Cache-aware serving (Section makes repeated
reads of the same document prefix much cheaper, so the benchmark tests the cache-aware
variant of this baseline. The cache resets for each new document; the first query reads
the document uncached, and the repeated queries after it reuse the stored prefix.

3.3.2 Naive RAG (Chunk-Based Retrieval)

Naive RAG splits the document into chunks of a few hundred tokens (this study: sentence-
boundary chunks of 384 tokens; Table [47, IT], embeds each chunk with a dense
encoder, and stores the embeddings in a vector index—a data structure that supports fast
nearest-neighbour lookup over those embeddings. At query time, the query is embedded
with the same encoder and the top-k£ most similar chunks are retrieved and passed to the
answerer.

Its build cost covers chunking and embedding the document; its query cost covers
embedding the query, the similarity search, and the answerer call on the retrieved chunks

(Section [3.4.1)).
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3.3.3 RAPTOR (Tree-Based Retrieval)

RAPTOR [46] recursively clusters and summarizes document chunks to build a hierarchi-
cal tree. Leaf nodes contain the original text chunks; internal nodes contain abstractive
summaries of their children.

At query time, the query is embedded with the same dense encoder used for the tree
nodes; no query rewriting, expansion, or decomposition is applied. Following RAPTOR’s
recommended default—the collapsed tree retrieval strategy—cosine-similarity search is
performed over all tree nodes (leaves and internal summaries) simultaneously, and top-
ranked nodes are concatenated into the retrieved context up to a fixed token budget,
without any reranking step. RAPTOR also supports an alternative tree-traversal strat-
egy that searches level-by-level; this benchmark uses the collapsed-tree default that the
original paper reports as consistently stronger.

Its build cost covers chunking, recursive clustering, and summary generation at each
level of the tree; its query cost covers embedding the query, searching over all tree nodes,
and the answerer call on the retrieved context.

3.3.4 GraphRAG (Graph-Based Retrieval)

GraphRAG [17] indexes the document as a graph of its entities rather than as retrievable
text spans. It uses an LLM to extract entities and relationships from the document, builds
a knowledge graph, and applies community detection to partition the graph into groups
of closely related entities. Each community is summarized at indexing time. At query
time, GraphRAG is run in its local-search mode, the mode the reference implementation
provides for entity-grounded questions about specific content [36]: the query is embedded
with the shared dense encoder, the top-ranked entities and their relationships are selected
by similarity, and they are packed—together with their community reports and source text
units—into a single fixed-budget context for one answerer call. GraphRAG’s alternative
global-search mode instead answers corpus-wide summarization questions by generating a
partial response from every community summary and aggregating them; its map step re-
reads the community summaries on each query, a per-query cost profile built for question
types these benchmarks do not pose.

Its build cost covers entity extraction, graph construction, community detection, and
community summarization; its query cost covers embedding the query, selecting entities
and relationships, and the answerer call on the packed graph context.

3.4 Evaluation Protocol
3.4.1 Cost Accounting

Every reported cost comes from one ledger. Each API call records its uncached input
tokens, its cached input tokens (which the provider bills at a discount), and its output
tokens; each local step (the embedding encoder) records its GPU-seconds; stored artifacts
record their size. A price card fixed before the experiments converts each ledger line to
dollars: the provider’s published API rates for model calls, and a fixed rate for GPU
time and storage so that local and API work land in the same currency (exact rates
in Appendix [A). Costs are reported under two such cards: the standard card (published
rates; cached input at one-quarter of the uncached rate) and a cache-discount card (cached
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Table 3: Local notation reference for the repeated-context cost and quality formulation.

Symbol Definition Unit / Do-
main
c Long source document, such as a paper or novel. Document in-
stance
qi i-th question over document c. Question in-
stance
n Number of questions amortized jointly for one document. Count
N Number of repeats per (architecture, query) pair (N = 5). Count
H, Persistent artifact bundle stored for document ¢ by the chosen Artifact set
preprocessing method (tree, graph, or chunk index with sum-
maries, embeddings, and metadata).
Chuia(€) One-time cost of constructing the reusable artifact for document Dollars per doc-

Cstore (Ca Hc)
CYquery (qi | C)

C_'deploy (C, n)

c.
Cost of persisting the artifact bundle H, over the 90-day study
horizon (Appendix [A)).

Cost of answering question ¢; over document c.

Amortized cost per query for a document that receives n ques-
tions.

Break-even density (Section .

Mean quality over the scored questions (benchmark-native met-
ric, normalized).

ument

Dollars per doc-
ument horizon

Dollars per
query
Dollars per
query
Count

[0,1]

input at one-tenth), a sensitivity check fixed in advance, because a deeper cache discount
is the pricing assumption that most favors full-context re-reading.

Each architecture’s dollars split into two parts. The build cost Cpyg is paid once
per document, before the first question arrives: chunking, embedding, summarizing, or
graph extraction. Flat builds nothing, so its Cypuiiq = 0. The query cost Cyuery is paid on
every question: embedding the query, any similarity search, and the answerer call on the
selected context. For a document ¢ that receives n questions qi, ..., q,, the comparison
quantity is the amortized cost per query,

= Cui c)+ ;L_ C(uer i| C
Coeptos () — 2 1a(c) Z; query (i | ), (1)

which falls as more questions reuse the same build. Storage is excluded from this
equation because it grows with time rather than with question count; it is reported
separately as a per-architecture footprint. A study-wide deployment total—the same
ledger summed over all documents and questions, still excluding storage—is recorded in
Appendix [A] for completeness. Reported deployment costs cover one repeat per querys;
the run-wide billed total over all five repeats is recorded there as well.

The quality axis is each benchmark’s native metric, normalized to [0,1] so both
datasets share one quality scale per panel (Section . Reported quality, written M, is
the mean over the scored questions. Table |3| collects this notation.

3.4.2 Scoring

Answers are scored against each benchmark’s own gold standard. On QASPER, the
official Answer-F1 scorer (Section runs locally against the released gold answers; on
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NovelQA, answer letters are submitted to Codabench and scored against the held-out
gold [51]. Per-architecture retrieval settings are set to the cited literature defaults rather
than tuned on our data (Table , so each architecture runs as its source paper published
it.

Statistical reporting. Whether one architecture beats another is decided by a document-
clustered paired bootstrap: whole documents (papers for QASPER, novels for Nov-
elQA) are resampled with replacement, and every architecture is re-scored on the same
resample—which is what makes the comparison paired.

Error-analysis definitions. The error analysis tallies every scored question (the full
scored pool). A Novel QA answer is correct when it matches the held-out gold option; a
QASPER answer is counted correct at a per-question mean Answer-F1 > 0.5 and wrong
at < 0.15, a band fixed in advance so that borderline paraphrases count for neither side,
with intermediate scores excluded from the tally. The losing subset is the set of questions
Flat answers correctly and both summary-based methods (RAPTOR and GraphRAG,
the two that answer from summaries) answer wrongly; it is used to count and to read
failures, not to compute rates.

Abstention is detected by a fixed list of hedge phrases (“not mentioned”, “cannot be de-
termined”, and similar; the full list ships with the released analysis code), and a multiple-
choice option counts as an “absent” option when its text indicates the item never appears
(a keyword rule, released with the analysis code). Novel QA aspect labels are regrouped
for display into three granularity groups, and the full ungrouped per-aspect results are
reported (Appendix so conclusions can be checked under any alternative grouping.
Uncertainty for these groups uses the same document-clustered paired bootstrap, re-
ported as 95% confidence intervals, with one shared resample drawn across methods; a
difference between two group gaps is recomputed inside every resample.

Break-even reporting. Amortized deployment cost is a continuous function of the
questions per document, so break-even is reported as the amortized-cost curve, summa-
rized by the break-even density n*: the smallest number of questions per document at
which an architecture’s amortized per-query cost falls below cache-aware Flat’s per-query
cost under the same price card, recovered from the data rather than fixed in advance.
Where a curve never crosses, no break-even exists.

Closed-book control. A closed-book control re-asks every question with the document
withheld: the model receives only the question, plus the answer options for NovelQA,
scored identically. Its floor separates reading from memorization.

3.4.3 Sampling Temperature

The sampling temperature is fixed at 7 = 0, greedy decoding (Section [2.4), for all
LLM calls in all four architectures, including preprocessing stages (summarization for
RAPTOR; entity extraction and community summarization for GraphRAG) and the
final answerer.

This choice has three justifications. First, it is the standard setting in closely related
QA work: the RAPTOR reference implementation hard-codes T = 0 for its answerer [46];
Self-RAG uses T' = 0.0 in its reference implementation [5]; Liu et al. explicitly state that
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they use greedy decoding when generating outputs [33]; the original RAG paper uses
greedy decoding for its QA tasks [30]; and LongBench’s reference evaluation script likewise
uses greedy decoding [7]. Second, using the same temperature for every architecture
means the decoding setting cannot explain any difference between them, so observed
differences between architectures are attributable to retrieval and preprocessing structure
rather than to decoding hyperparameters. Third, neither the RAPTOR, paper [46] nor
the GraphRAG paper [I7] specifies a temperature for the preprocessing stages; choosing
T = 0 for those stages follows community reproductions and keeps the built tree or graph
stable across constructions.

3.4.4 Number of Repeats

Each (architecture, query) pair is answered N = 5 times as a guard against the resid-
ual between-repeat variance that greedy decoding reduces but does not eliminate (Sec-
tion ; N was fixed before the experiments. The repeats are aggregated per question:
on QASPER, a question’s score is the mean Answer-F1 over the five repeats; on Novel QA
the first repeat’s answers are the ones submitted, and correctness is scored once against
the held-out gold after checking locally that the repeats agree.

The repeat count balances precision against cost: five repeats keep the between-
repeat spread small relative to the quality differences of interest, while staying affordable
on NovelQA, where answering a single query over a whole novel is far more expensive for
the full-context reader.

The repeats do not decide rankings; that is the job of the paired bootstrap of Sec-
tion [3.4.2l They serve per-question aggregation and stability checking only.

3.5 Implementation Details
3.5.1 Prompting Setup

Each architecture uses a fixed prompt template per task format (free-form short answers
vs. multiple choice). The answer prompt is identical across all four architectures; only
the {context} slot differs (the full document, retrieved chunks, tree nodes, or the packed
graph context). The summary and extraction prompts that RAPTOR and GraphRAG
use during preprocessing are those methods’ own defaults (Appendix [A]).

Both templates instruct the answerer to use the provided context and to commit to an
answer rather than abstain, because hedging is scored as just another answer: NovelQA’s
multiple choice offers no abstain option, and on QASPER a hedge scores only against the
minority of questions whose gold answer is itself “unanswerable”. The free-form template
is:

Answer the following question based on the provided context. Be concise
and specific; for yes/no questions reply with one word.

Context: {context}

Question: {query}

Answer:

The multiple-choice template adds the option list verbatim and requires a single option
label even on incomplete context:
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Table 4: Model-selection funnel: a twenty-two-candidate set narrowed to one shared
answerer. The pilot grid is the 9-candidate x 4-architecture evaluation. Per-candidate
outcomes appear in Table [AZ[]

Screen Criterion Remaining
Initial set eight vendor families 22
Provider screen  prompt-caching availability, context-window fit 17
Smoke testing T = 0 / Chat-Completions API support, account-tier rate limits, 9

context-window fit, serving cost and reliability under load
Final selection  cheapest closed candidate among the grid survivors; rank stability 1
checked on the pilot grid (Appendix D

Answer the multiple-choice question using the provided context. Always
choose the single most likely option, even if the context is incomplete
or does not fully contain the answer.

Context: {context}
Question: {query}
Options: {options}

Respond with only the letter of the correct option.

3.5.2 LLMs Used

The fixed configuration of Section [3| has three model roles: the answerer, the summary
model that RAPTOR and GraphRAG use during preprocessing, and the embedding
encoder. Each is pinned to one checkpoint—a fixed model version—for the whole study
and is not tuned per dataset; Table [5| gives the basis for each choice. Selection ran as a
funnel (Table |4]) that narrowed a twenty-two-candidate set spanning eight vendors—listed
per candidate in Table [Adl—to one. A provider-level screen and a smoke test removed
candidates that could not serve all four architectures at 7' = 0 under the repeated-
context interface. A pilot then ranked the nine survivors, across three vendors (Google,
xAI, DeepSeek), on a calibration pool of 15 NovelQA questions (from three of the four
held-out calibration novels) and 20 QASPER questions, scored through each benchmark’s
own gold route (Section on the four architectures.

The selection rule is the cheapest closed-weights (API-served) candidate among the
pilot-grid survivors; before one answerer was fixed, rank stability across the surviving
candidates was checked with Kendall’s 7,—a rank-correlation coefficient in [—1, 1]—on
each candidate’s four-architecture score vector (Appendix [A]).

Concrete model checkpoints and hyperparameter values are recorded in Appendix [A]

4 Results

4.1 Scored Pool and Exclusions

On NovelQA, the scored pool is 1,381 multiple-choice questions over 55 novels: what
remains after the exclusions fixed in Section (the four calibration novels, Frankenstein,
and B48). On QASPER, all 249 research papers are scored—no document is excluded,
and only the held-out calibration questions leave the pool (Appendix —giving 955
free-form questions. The evaluation therefore covers 2,336 distinct questions, scored as
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Table 5: The three fixed model roles and the basis for each choice.

Role Model Basis

Answerer gemini-3.1- selected by the funnel of Table |4} acceptable serving latency
flash-lite- at 600k-token inputs
preview
(Google)

Summary model gemini-3.1- reused for the RAPTOR and GraphRAG preprocessing
flash-lite- stages; pinned identically so built artifacts stay reusable
preview (same across repeats and any later cross-vendor comparison sees
checkpoint) the same preprocessing

Embedding encoder BAAI/bge-m3 shared dense encoder for the preprocessing-based architec-

(served locally tures; its top-20 gold-evidence retrieval (Recall@20: the

via Ollama, a lo- share of questions whose gold evidence appears among the

cal model server) top 20 retrieved chunks) cleared the > 0.85 threshold fixed
in advance on the QASPER calibration pool

specified in Section [3.4l The five repeats returned identical NovelQA answers on 99.7% or
more of questions for every architecture; QASPER needs no such identity check, because
all five of its repeats are scored and averaged (Section ; its repeats are nearly as
stable, with a mean within-question spread across repeats of at most 0.011 Answer-F1
for any architecture.

4.2 Per-Architecture Answer Quality

The answer-quality ranking is the same on both datasets: Flat first, Naive RAG and
RAPTOR in the middle, and GraphRAG last (Figure . On QASPER, mean Answer-
F1 is Flat 0.457, Naive RAG 0.444, RAPTOR 0.413, and GraphRAG 0.403; on NovelQA,
mean accuracy is Flat 0.757, Naive RAG 0.654, RAPTOR 0.646, and GraphRAG 0.600.

Table [0] lists each pairwise difference with its clustered-bootstrap confidence interval
and Holm-adjusted p (the Holm correction tightens each test’s threshold so that the six
tests per dataset jointly keep the 5% error rate); a pair is significant under the interval
rule when its 95% interval excludes zero. Flat scores highest on both datasets. On
Novel QA it beats every other architecture, both by the interval rule and after the Holm
correction. On QASPER it beats RAPTOR and GraphRAG by both rules too; its lead
over Naive RAG is smaller (A = 0.013, p = 0.040), and holds by the interval rule but not
after the Holm correction. On NovelQA, Naive RAG and RAPTOR are statistically tied
(A = 0.008; the confidence interval includes zero). GraphRAG trails every architecture
significantly on NovelQA; on QASPER it is significantly below Flat and Naive RAG and
statistically tied with RAPTOR.

This pattern holds across a 46x change in mean document length (= 5k-token papers
versus & 230k-token novels).

4.3 Error Analysis: Where Structure Loses

To explain the ranking (RQ2) we ask not only how much each method trails Flat but
on which questions, using each benchmark’s own question labels and reading the failing
answers. On NovelQA, 140 of the 1,381 scored questions are answered correctly by Flat
but missed by both summary-based methods (RAPTOR and GraphRAG)—the losing
subset of Section On 47 of these, Naive RAG—which retrieves plain chunks without
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Figure 3: Per-architecture answer quality on each dataset. Error bars are 95% con-
fidence intervals from the document-clustered paired bootstrap (clusters are papers for
QASPER and novels for NovelQA); the repeats do not enter the intervals. The dashed
line is the closed-book floor: the same questions answered without the document (Sec-

tion .

summarizing—is also correct: for that subset, plain chunk retrieval preserves the evidence
the question needs (Table ; on the remainder, plain chunk retrieval misses the answer
too.

Figure [4] groups the scored NovelQA questions by information demand, from gist
(384 questions) through mid-level (371) to fine-grained detail (626). The grouping orders
NovelQA’s aspect labels by the access the answer needs: plot and relational questions
ask for narrative structure a summary is designed to preserve (gist); character and set-
ting questions target localized facts a summary typically keeps (mid-level); paraphrase,
counting, and span questions need exact wording or exhaustive enumeration over the full
text (fine-grained). The full per-aspect results are in Appendix [B] The Flat-to-worst gap
widens with information demand: 0.08 on gist questions, 0.16 at mid granularity, and
0.20 on fine-grained questions that need verbatim wording or exhaustive counting. Both
steps away from gist are significant (mid — gist +0.08, 95% CI [+0.02, +0.13]; detail
— gist +0.12, CI [+0.04, +0.17]). The last step is not: mid and detail are statistically
indistinguishable (detail — mid +0.04, CI [-0.03, +0.10]).

The same pattern appears under NovelQA’s own complexity labels, with no regroup-
ing at all: the gap is 0.11 on single-hop questions, 0.16 on multi-hop, and 0.22 on the
benchmark’s detail class. The detail-to-single-hop difference is +0.12 (CI [+0.05, +-0.17]);
Table [Af] gives the full breakdown.

Presence-and-count questions ask whether, or how often, something occurs in the
novel. The relevant subset is the 63 such questions that offer a “never appears” option,
whose gold answer is a present option, and that Flat answers correctly. On this subset
RAPTOR picks the absent option 35 times and GraphRAG 37, versus 24 for Naive RAG.

On QASPER the same gap stays small across answer types (at most 0.105), with the
largest gap on yes/no questions rather than on the extractive questions closest to verbatim
access (Appendix . The residual QASPER loss falls on document-wide judgments,
where the preprocessing-based architectures sometimes abstain on questions the full text
settles (of the 413 questions Flat answers correctly and concretely, GraphRAG abstains
on 21, Naive RAG on 15, and RAPTOR on 13).
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Table 6: Paired clustered-bootstrap significance (10,000 resamples; percentile 95% CI
on the mean difference; two-sided bootstrap p with the Holm—Bonferroni adjusted pyoim
over the six tests per dataset; clusters are papers for QASPER and novels for NovelQA).
A pair whose 95% CI includes zero is statistically tied. T significant by the interval rule
but not after the Holm correction.

Pair A mean 95% CI of A P PHolm Verdict,
QASPER (Answer-F1)

Flat vs Naive RAG +0.013  [+0.001, +0.026]  0.040 0.081  significant’
Flat vs RAPTOR +0.044 [+0.029, +0.060] < 0.001 < 0.001 significant
Flat vs GraphRAG +0.055 [+0.039, +0.071] < 0.001 < 0.001 significant

Naive RAG vs RAPTOR +0.031 [+0.017, +0.045] < 0.001 < 0.001 significant
Naive RAG vs GraphRAG ~ +0.042 [+0.025, +0.058] < 0.001 < 0.001 significant

RAPTOR vs GraphRAG +0.011  [-0.007, 4+-0.028] 0.238 0.238 tied
NovelQA (accuracy)

Flat vs Naive RAG +0.104 [+0.082, +0.125] < 0.001 < 0.001 significant
Flat vs RAPTOR +0.112  [+0.085, +0.139] < 0.001 < 0.001 significant
Flat vs GraphRAG +0.158 [+0.127, +0.190] < 0.001 < 0.001 significant
Naive RAG vs RAPTOR +0.008  [-0.018, +-0.036] 0.532 0.532 tied

Naive RAG vs GraphRAG  +0.054 [+0.027, +0.085] < 0.001 < 0.001 significant
RAPTOR vs GraphRAG +0.046 [+0.017, +0.078]  0.001 0.002 significant

4.4 Cost, the Pareto Frontier, and Break-even

Deployment cost is accounted per architecture under the cost rule of Section and
reported under the two price cards fixed there; under either card the cache discount
reaches only Flat, the one architecture that re-reads a cached document prefix. Table
gives the per-architecture cost within each dataset: a novel costs far more to build and
to read than a paper, so a single pooled total is dominated by the novels and hides how
the ranking differs between datasets.

The cost ranking does not follow the quality ranking, and it differs by dataset (Ta-
ble . Naive RAG is cheapest and GraphRAG most expensive on both; in between, Flat
and RAPTOR swap. On the short QASPER papers Flat is cheaper ($0.38 vs. RAPTOR’s
$0.60, summed over all 249 papers), because a paper is cheap enough to re-read that RAP-
TOR’s one-time tree-summarization build does not repay at the observed query density;
on the long NovelQA novels RAPTOR is cheaper ($6.97 vs. Flat’s $10.52, summed over
all 55 novels), because Flat re-reads the whole novel on every query. The pooled ranking
(Naive RAG < RAPTOR < Flat < GraphRAG) is the novels’ ranking and does not hold
on the papers. Persistent-artifact storage stays a minor term throughout—at most 2.5%
of an architecture’s own total spend, for RAPTOR (Table .

Placing each architecture on its dataset’s cost-quality plane (Figure |5 collapses the
design space, on both datasets, to the same two-point Pareto frontier—the choices that
no alternative beats on both cost and quality: Flat, the quality-maximizing choice, and
Naive RAG, the budget choice. RAPTOR and GraphRAG are both dominated: another
architecture is better on one axis and no worse on the other. Naive RAG matches or
beats RAPTOR’s quality (Table @ at lower cost on both datasets, far lower on the novels
(Table , so RAPTOR is off the frontier. GraphRAG, the most expensive architecture
on both datasets, sits at the quality bottom (Section and is dominated on both axes.
Adding tree or graph structure therefore buys neither quality nor cost position in this
setting.
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Figure 4: NovelQA accuracy by question group. Per-method accuracy on three groups
of Novel QA questions ordered by how much verbatim or exhaustive text access the answer
needs; the grey whiskers mark the Flat-to-worst gap.

The one remaining trade—pay for Flat’s quality or save with Naive RAG—is quan-
tified by a break-even analysis. For RAPTOR and GraphRAG, amortized cost crosses
Flat’s only above the break-even density n* (Section [3.4)), when it crosses at all (Table 9]
Figure @; Naive RAG needs no threshold, staying cheaper than Flat at any density on
both datasets. The thresholds are read per dataset. On the short QASPER papers (~ 4
questions per paper) neither summary-based method repays—RAPTOR needs n* ~ 9
questions under the standard card, above the observed density, and GraphRAG never
breaks even, because its per-query pipeline already costs more than Flat’s cache-warm
re-read of the short paper. On the long Novel QA novels (= 25 questions per novel) only
RAPTOR repays, and only under the standard card (n* ~ 16, rising above the density
to 28 under the cache-discount card); GraphRAG needs ~ 71 questions per novel under
the standard card and =~ 126 under the cache-discount card—far beyond the observed
density either way—because its whole-novel entity extraction dominates the build.

4.5 Closed-Book Control

Under the closed-book control (Section [3.4]), the NovelQA floor is 0.59, well above the
0.25 chance rate of four-way multiple choice (Table . The document raises accuracy
unevenly across architectures: Flat gains +0.16 over the floor, while GraphRAG adds
+0.01. On QASPER the floor is 0.16, far below every architecture’s score, and every
architecture lifts substantially (Flat +-0.30, GraphRAG +0.24). The architecture ranking
on this low-floor dataset matches the Novel QA ranking (Section [4.2)). Figure[3|draws both
floors as dashed lines.
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Table 7: Example questions on which Flat and Naive RAG answer correctly while
RAPTOR and GraphRAG do not. Answers are the verbatim model outputs from the first
of the five repeats (run 0); for QASPER the gold column lists each annotator’s reference
answer. Question and gold text are quoted verbatim from the datasets, including any
typographical errors; long texts are shortened for space, and a trailing ellipsis marks the
table’s own truncation.

Question Gold Flat / Naive RAG / RAPTOR / GraphRAG

Novel QA: Who are in Valeria’s fam- D: Va- D: Valeria, Eustace Woodyville / D: Valeria, Eu-

ily? leria, stace Woodville / B: Uncle Starkweather, Rosa-
Eustace mond / B: Uncle Starkweather, Rosamond
Woodyville

NovelQA: In the novel The Law and C: Chap- C: Chapter 14 / C: Chapter 14 / D: Chapter 18 /

the Lady, in which chapter does ter 14 D: Chapter 18

there exist a sentence with the. ..

NovelQA: Agnes Fleming, Oliver’s D: A D: A retired naval officer. / D: A retired naval
mother, was the daughter of whom? retired officer. / B: A local parish clerk. / B: A local
naval offi- parish clerk.

cer.

QASPER: Do they build amodel to No / No No. / No. / Yes. / Yes.
automatically detect demographic,
lingustic or psycological dime. ..

5 Discussion

5.1 Interpretation of Outcomes

The likely mechanism behind the ranking is that long-context models remove the small-
window constraint these methods were built for (Section [2). When the whole document
fits the answerer’s window—as it does for both the QASPER papers and the scored Nov-
elQA novels—selection can only discard information the model would otherwise have used,
and summarization can only lose detail the answerer might have needed; cache-aware
serving then makes the repeated re-reads cheap. The lost-in-the-middle phenomenon [33]
that retrieval was meant to mitigate is, in this setting, smaller than the evidence loss
retrieval introduces. GraphRAG suffers most because its entity-graph summarization is
the most lossy transformation of the source text, which is consistent with its being last
on quality on both datasets.

The error tallies of Section support this reading. On the presence-and-count
questions, the summary-based methods conclude a phrase is absent more often than
plain chunk retrieval does (Section [4.3): the abstraction discards the exact wording the
question asks about, so the method concludes it is absent. The penalty also does not track
the amount of context retained: GraphRAG packs the largest per-query context of the
three preprocessing-based architectures yet answers worst, while Naive RAG’s mid-sized
budget of raw chunks matches or beats both summary-based methods (Table . This is
consistent with the penalty tracking how much of the source wording the retained context
preserves, and with the closed-book lifts (Section , where GraphRAG supplies little
usable evidence above the floor. In class terms: the whole document (Flat) preserves
everything, verbatim excerpts (Naive RAG) preserve what similarity search selects, and
summary-based context (RAPTOR and GraphRAG) rewrites what survives.

The short QASPER papers act as the contrast case: there the gap stays small across
answer types, with none of the widening seen on Novel QA (Section , consistent with
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Table 8: Per-architecture deployment cost in USD, computed within each dataset (stan-
dard card): the one-time build cost (the per-document Cl,yjq summed over the dataset’s
documents), the answering cost summed over its queries, their sum (Total)—the total
deployment spend, i.e. the numerator of C’deploy before amortizing over the query count—
and the marginal per-query answering cost Cqyyery (m$, 1073 USD).

Build Answer  Total Cguery
Architecture (USD) (USD) (USD) (mS$)

QASPER (= 4 questions/paper)

Flat 0.00 0.38 0.38  0.39
Naive RAG 0.01 0.26 0.27  0.27
RAPTOR 0.37 0.22 0.60  0.23

GraphRAG 2.50 0.50 3.00 0.52
Novel@QA (= 25 questions/novel)

Flat 0.00 10.52 10.52  7.62
Naive RAG 0.02 0.39 0.41 0.28
RAPTOR 6.67 0.30 6.97  0.21

GraphRAG 27.33 0.85 28.17  0.61

the penalty arising where the summaries have substantial text to compress—a short paper
leaves little of the exact wording to discard. That comparison is corpus-level: the two
datasets also differ in metric and question taxonomy, so it bounds rather than isolates
the effect of document length.

5.2 Relation to Existing Literature

The headline that Flat is hard to beat in the repeated-context setting is consistent with
the long-context QA literature that motivates this study: “Lost in the Middle” [33] and
the LongBench benchmarks [7, 8] document that long-context models read imperfectly,
but the present result adds that preprocessing-based remedies do not, on balance, improve
quality once the document already fits the window.

Our RAPTOR QASPER Answer-F1 sits below the source paper’s own evaluation [46]
(Section [6)).

GraphRAG was designed for query-focused sensemaking over million-token corpora—
broad summarize-the-whole-collection questions rather than specific-fact QA [17]; at the
single-document scales used here its community-summary machinery has little of the
cross-document aggregation it was built for, which is the most likely reason it transfers
poorly to focused QA.

The closest prior work compares retrieval against long-context prompting head to
head, and the conclusions are mixed. Retrieval has been reported to improve even long-
context models regardless of their window size [55], and adding more text than the ques-
tion needs has been reported to make the answer worse [59]; yet when the window is large
enough to hold the input, long-context prompting has also been found to match or beat
retrieval on quality, leaving retrieval’s advantage mainly in cost. Self-Route [31] turns
that trade-off into a per-query router: for each question it answers from the retrieved
chunks when the model judges they contain the answer, and otherwise reads the full doc-
ument. This thesis sharpens that comparison on three fronts. It compares flat full-context
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Figure 5: Deployment cost (log USD) against answer quality, one panel per dataset;
cost is computed within each dataset, so an architecture sits at its own cost on each panel.
Filled markers lie on the Pareto frontier; hollow markers are dominated. Whiskers are
95% clustered-bootstrap intervals on quality.

prompting not only against Naive RAG but against the summary-based methods built to
beat it, RAPTOR and GraphRAG. It scores both sides under one resource ledger (Sec-
tion , so “cheaper” is an amortized cost this study measures rather than assumes.
And it holds the whole model configuration fixed across methods (Section , isolating
the structuring method from model scale—a control that broad long-context benchmarks
such as HELMET [58|, which vary tasks and models together, are not designed to provide.
The result favors reading the whole document when it fits the window, and warm-cache
serving closes the cost gap that made retrieval attractive. For a document that already
fits, the open question is therefore no longer whether to retrieve or to read, but whether
any structuring beyond plain chunking is still worth building.

6 Threats to Validity and Failure Modes

Setting narrowness. The study is narrow on two axes. First, it evaluates the repeated-
context setting. Applications that ask only one or a few questions per document fall
outside it, and the findings may not transfer to them. Second, it evaluates real long
documents, not the synthetic long-context setting (probe benchmarks, aggregation tasks),
so the findings apply to long-document QA rather than to all long-context tasks.

Benchmark and architecture coverage. The comparison spans two datasets and
four architectures. The two datasets—one short and free-form, one long and multiple-
choice—bracket the length and format axes but cannot represent every document type,
and the four architectures are three common preprocessing structures (tree, graph, and
chunk) plus the flat baseline, not the full space of retrieval and structuring designs. The
ranking reported here is therefore established on this sample of datasets and architectures;
whether it transfers to other datasets (for example NarrativeQA [27] or Oolong [10])
or other architectures (indexing single factual statements, memory-graph indexes, or
retrieval that combines keyword and embedding search or re-scores retrieved chunks with
a second model) is left to future work.
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Table 9: Break-even density versus cache-aware Flat, computed within each dataset.
An architecture’s one-time per-document build cost Chyjiq amortizes over n questions
per document; the two n* columns give the break-even density (Section under the
standard card and the cache-discount card.

Chuild C1que1ry n* n*
Architecture  (m$) (m$) standard card cache-discount card
QASPER (=~ 4 questions/paper; Flat 0.39/0.37 m$/q standard /cache-discount)
Naive RAG 0.02 0.274 any n > 1 any n > 1
RAPTOR 1.51  0.233 9.3 11.0
GraphRAG 10.05 0.522 never never
NovelQA (= 25 questions/novel; Flat 7.62/4.55 m$/q standard/cache-discount)
Naive RAG 0.30 0.285 any n > 1 any n > 1
RAPTOR 121.32  0.215 16.4 28.0
GraphRAG  496.84 0.613 70.9 126.0

QASPER NovelQA

—— Flat — standard card ($0.39m/q)
—— Flat — cache-discount card ($0.37m/q)
—— Naive RAG

RAPTOR
—— GraphRAG

—— Flat — standard card ($7.62m/q)
— = Flat — cache-discount card ($4.55m/q)
—— Naive RAG

RAPTOR
—— GraphRAG

75 {j/doé

10-1 4

QASPER 4 /ot
NovelQA

n*=71

10734

Amortized cost per query (USD, log scale)

é Zl é é 1‘0 1‘2 1‘4 10 2‘0 3‘0 4‘ 0 5‘0 6b 7‘0 8‘0
Questions per document n Questions per document n
Figure 6: Amortized deployment cost per query against questions per document, one
panel per dataset. Fach preprocessing-based architecture’s build amortizes over the
queries; the crossing with Flat’s per-query line marks the break-even density n* (marker
on the standard card), and Flat is shown under both price cards. The dotted vertical line
marks each dataset’s observed query density (~4 questions per paper, ~25 per novel).

Hyperparameters at literature defaults. Each architecture runs at its published
defaults (Section [3.4). This leaves open whether settings tuned to these datasets would
narrow or reverse the reported gaps; GraphRAG’s defaults in particular target corpus-
scale summarization questions (Section [5)). A tuned re-comparison is left to future work.

Summary-based evidence loss. Summary-based preprocessing (as in RAPTOR and
GraphRAG) may discard evidence that later queries need, rather than retrieving it but
using it poorly; the answer-quality results are consistent with this. Isolating the effect
requires retrieval interfaces that emit spans aligned to QASPER’s sentence-level gold
annotations, and it is in any case ill-defined for Flat, which ingests the whole document
and so trivially contains every gold sentence. This study therefore reports answer quality
(M) only; a span-level evidence-grounding comparison across the preprocessing-based
architectures is left to future work.
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Table 10: Closed-book control: per-architecture answer quality against the closed-book
floor (the same questions asked with the document withheld; Section . The lift
column is the with-document score minus the closed-book floor.

QASPER Answer-F1 Novel QA accuracy

Architecture with doc. lift with doc. lift
Closed-book floor 0.16 — 0.59 —
Flat 0.457 +0.30 0.757 +0.16
Naive RAG 0.444 +0.28 0.654 +0.06
RAPTOR 0.413 +0.25 0.646 +0.05
GraphRAG 0.403 +0.24 0.600 +0.01

Cost accounting. Cost accounting may be incomplete if preprocessing, storage, batch-
ing, or serving-side caching are not measured honestly. The resource ledger reports de-
ployment cost under both price cards (Section ; the Pareto frontier and the quality
ranking hold under both cards (the discount lowers only Flat’s cost, so no dominance
relation can flip), and the one card-dependent outcome—whether RAPTOR’s Novel QA
build repays within the observed query density—is reported under both (Appendix ,
Section [4.4)).

Flat’s per-query cost is a modeling choice worth stating. Flat pays an uncached first
read of each document and cheaper cached re-reads thereafter, and this analysis charges
it the realized mean of the two over the observed questions per document. That first read
could instead be treated as a one-time build cost, giving Flat its own amortizing curve
rather than a density-independent per-query cost. The two treatments agree exactly at
the observed density, so the reported costs and the Pareto frontier are unaffected; they
differ away from it, so the break-even densities depend on this choice. Re-deriving break-
even under the alternative treatment changes no verdict at the observed densities on
either card. The one qualitative change lies well above the observed density on the cache-
discount card, where Flat’s cached re-reads undercut Naive RAG on short documents.

Benchmark artifacts. NovelQQA’s multiple-choice format can reward eliminating some
wrong options without knowing the answer, and shifts the domain toward long narrative
understanding, while QASPER question difficulty depends on the question mix and on
how figure and table questions are handled |14, [51].

Expected failure cases. A summary keeps the main content of a document and drops
the rest, so the questions at risk under summary-based preprocessing are those whose ev-
idence sits in what gets dropped: detail-seeking questions (exact wording), numeric ques-
tions (exact counts), and rare-entity questions (entities mentioned too rarely to survive
summarization). The error analysis in Section examines the first two kinds; neither
dataset labels which questions target rare entities, so that group cannot be formed and
is not analyzed. That analysis tallies observed errors; it manipulates nothing experimen-
tally. Group sizes bound its precision (per-group intervals in Appendix , the failing
answers it quotes are illustrative, and the granularity regrouping is an analysis-time
choice, checked against the benchmark’s own complexity labels (Section .
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Dynamic contexts. Dynamic or continuously updated contexts are out of scope, be-
cause rebuild-cost accounting would define a different amortization problem.

Adversarial-context faithfulness. The benchmark does not directly measure whether
preprocessing introduces adversarial-context faithfulness failures—summarization that
smooths over contradictions in the source text, distinct from the evidence loss above.
Contextual faithfulness benchmarks such as FaithEval [37] are left to future work.

Answer randomness. For a given prompt, the same architecture can return different
answers across repeats. The protocol mitigates this with 7= 0 and five repeats per (ar-
chitecture, query) pair (Section[3.4.4). Greedy decoding at 7' = 0 also narrows the output
distribution: it does not reflect the higher-temperature sampling typical of production
deployments.

Memorization. Memorization is a general threat to any benchmark drawn from public
text, but here it is far more visible on NovelQA than on QASPER. The scored Novel QA
novels are public-domain classics that long-context models have very likely seen in pre-
training, so absolute NovelQA accuracies are inflated by memorization and should not
be read as pure reading comprehension. The closed-book control (Section bounds
this. Because the same ranking holds on QASPER, whose floor sits far below every score
(Section , the comparative finding survives the memorization caveat even though
the NovelQA absolute numbers do not. A contamination-controlled benchmark such as
NoCha [26] (Section [2) would harden this check and is left to future work.

Held-out scoring and excluded novels. NovelQA’s gold answers stay private on
Codabench (Section [3.4.2), so all NovelQA correctness values depend on a scorer this
study cannot inspect; a scoring error there would pass through undetected. The check
available locally was run: each returned score was matched one-to-one to its question,
ruling out misalignment. The scored pool and its exclusions are defined in Section [4.T}
including the calibration novels changes no headline result and slightly narrows Flat’s
lead.

Absolute quality levels are configuration-dependent. The absolute Answer-F1
levels reported here sit below the figures the source architectures report under their own
configurations, because the benchmark fixes a single small, low-cost answerer and holds
the rest of the configuration identical across architectures (Section [3). The claims of this
thesis are comparative—which architecture wins, and by how much—and do not depend
on reproducing any source paper’s absolute level.

Answerer portability. The single-answerer design supports architecture comparisons
within one answerer but not across vendors. A cross-vendor study arm—re-running
the four architectures under a non-Google answerer that already cleared the study’s
serving gates, grok-4-fast-reasoning (xAI) or deepseek-v4-pro (DeepSeek)—would
test whether the architecture ranking is answerer-portable, and is left to future work.
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Pilot small-sample caveat. The pilot rank-stability statistic that informed the single-
answerer design is a preliminary diagnostic computed at a small per-cell sample size,
and its median sits at the edge of moderate agreement rather than safely above it
(Appendix . No quantitative claim rests on it—all reported intervals come from the
document-clustered paired bootstrap on the full scored pools—and re-estimating rank
stability on a larger sample is left to future work.

7 Conclusion

This thesis studied repeated-context question answering through the controlled bench-
mark of Section [3] comparing flat full-context prompting, Naive RAG, RAPTOR, and
GraphRAG. The headline is that with long-context models, the tree and graph structure
that RAPTOR and GraphRAG add does not pay in this setting.

On the cost-quality tradeoff (RQ1) the ranking is identical on QASPER and NovelQA:
flat full-context prompting answers best, Naive RAG and RAPTOR follow (statistically
tied on NovelQA), and GraphRAG is last (statistically tied with RAPTOR on QASPER).
The cost-quality plane leaves a two-point Pareto frontier—Flat for quality, Naive RAG
for budget—with RAPTOR and GraphRAG both dominated (Section [4.4)).

What explains the differences (RQ2) is how each pipeline treats source wording rather
than how much context it retains (Section [5.1): retrieval omits evidence the full text
retains, and summarization rewrites wording that survives retrieval.

On query density (RQ3) Naive RAG’s build is cheap enough to undercut Flat from
the first question on both datasets. The summary-based builds need a threshold. Against
the ~ 25 questions each novel is asked, RAPTOR repays only on the novels and only
under the standard card (n* ~ 16), while GraphRAG never crosses on the papers and
needs ~ 71 questions on the novels (Section [4.4)).

The controlled benchmark is the contribution; the per-architecture verdict is the find-
ing. Reproducibility was a design goal throughout: the full run record—per-question
predictions, resource ledger, and configuration manifest—is public alongside the pipeline
and analysis code, and every number, table, and figure in this thesis regenerates deter-
ministically from those artifacts (Appendix |A)).
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Table Al: Per-architecture protocol parameters used in the benchmark. All
embedding-aware methods share one encoder (BGE-M3, served locally via the
Ollama model server); the final answerer and all preprocessing summaries use
gemini-3.1-flash-lite-preview at temperature 0 with a 256-token answer cap.
The clustering (UMAP+GMM: UMAP dimensionality reduction followed by Gaussian-
mixture clustering), community-detection (Louvain), and gleaning (repeated-extraction)

steps are the RAPTOR and GraphRAG defaults [46), [17].

Architecture

Preprocessing / index

Query-time retrieval and an-
swer context

Flat None; the full document is used verbatim. None; the entire document is

passed to the answerer.

Naive RAG Sentence-boundary chunks of 384 tokens Top-8 chunks by cosine similarity
with zero overlap; every chunk embedded  (~3,000-token context).
with the shared encoder.

RAPTOR 100-token leaf chunks; recursive Collapsed-tree retrieval of the
UMAP+GMM clustering up to 5 layers; top-20 nodes within a 2,000-token
one ~200-token abstractive summary per  budget.
internal node; leaves and summaries em-
bedded.

GraphRAG 600-token chunks (100-token overlap); per- Local search over the top-10 en-

chunk entity and relationship extraction
with one gleaning pass; NetworkX Louvain
communities; one report summary per
community.

tities and top-10 relationships,
packed into an 8,000-token con-
text (community / text-unit pro-
portions 0.15/0.50).

A Protocol Summary

This appendix records the protocol defaults for the benchmark study, all fixed before
experiments begin. They are the settings used in this study, not recommended settings
in general. To place a new method or dataset on the same cost-quality plane, three
inputs suffice: a per-call resource ledger (uncached input, cached input, and output
tokens, plus any local compute), the task’s native quality metric normalized to [0, 1], and
the document-level unit used for clustered resampling.

A.1 Preprocessing and Representation

Table lists the per-architecture preprocessing, indexing, and retrieval parameters used
in the benchmark; the architectures themselves are specified in Section

A.2 Break-even and Cost Reporting

RQ3 is read off the amortized-cost curve (Sections and [4.4). Table[9reports the per-
document build cost and per-query cost per dataset, and n* under both price cards. Even
a warm re-read is not automatically cheap: a long novel still presents a very large context
on every read, so a discounted re-read of a big document can cost almost as much as an
undiscounted first read of a small one. The fixed GPU and storage rates (Section[3.4.1)) set
GPU time on the experiment laptop’s RTX 4070 at $0.30 per GPU-hour (8.33 x 1075 USD
per GPU-second), a community-cloud rate for a comparable consumer GPU rather than
a datacenter accelerator. Persistent storage is billed at $0.023 per GiB-month (AWS S3
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Standard list price, 2026-04) over a 90-day horizon, a one-quarter-year reporting window
fixed in advance. The only GPU-rate term in this study is the BGE-M3 embedding
compute.

Per-architecture storage footprints are measured, except Naive RAG’s, which is es-
timated from its index size; Flat’s small storage line is the cached raw document text.
Serving latency enters the study only as a qualitative model-selection gate (Section ,
not as a reported cost axis. Table [A2|and Figure [7] break each architecture’s deployment
cost into its parts—one-time build versus per-query answering, each split into LLM API
calls and local embedding, with storage shown separately. Build cost is dominated by
LLM calls (Table ; of Flat’s answering total, $7.09 is the warm re-reads that the cache-
discount card reprices and $3.81 is the uncached first read of each document, which no
cache discount touches. The study-wide deployment total is $50.32 under the standard
card and $46.06 under the cache-discount card.

Table A2: Where each architecture’s deployment dollars go, summed over the whole
study (standard card; the per-dataset split is Table [8): the one-time build cost (the
per-document Chyjq summed over all documents) and the answering cost (the per-query
Cquery summed over all queries), each split into LLM API calls and local BGE-M3 em-
bedding. Persistent-artifact storage (Cstore) is shown separately and is excluded from the
deployment totals. All values in USD.

Build Answer

Architecture  LLM embed  LLM embed Total Storage
(USD) (USD) (USD) (USD) (USD) (USD)

Flat 0.00 0.00  10.90 0.00  10.90 0.004
Naive RAG 0.00 0.02 0.62 0.03 0.68 0.013
RAPTOR 4.45 2.60 0.45 0.07 7.57 0.192

GraphRAG 29.82 0.01 1.31 0.03 31.17 0.104

Realized versus modeled cost. The dominant LLM term applies the provider’s pub-
lished rates to the realized per-call token ledger and is therefore measured, not estimated;
only the embedding GPU rate and the list-price storage term are modeled. The single
actually-billed quantity is the run-wide Gemini total of $101.13, from which the per-
deployment figures are projected (one repeat over the scored pool, each build charged
once per document).

A.3 Model Selection and Statistical Reporting

Leaderboard signals only screen candidates (Section [3.5.2). The calibration pool is used
to select the answerer, and its QASPER half to confirm the embedding encoder; cali-
bration questions are excluded from the scored pools, and the four NovelQA calibration
novels are additionally held out entirely (Section . Retrieval settings follow Table
(Section [3.4); nothing is tuned on the calibration pool. Each evaluated system’s answers
over the full evaluation split are recorded under one run manifest per fixed checkpoint
(five repeats per question; Section . Final paired confidence intervals are computed
offline using 10,000 clustered bootstrap resamples.
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Figure 7: Where each architecture’s deployment cost comes from, decomposed by ledger
source (standard card, scored pool). (a) The one-time build cost Chyjg, split into LLM
calls and dense embedding. (b) The per-query answering cost Cquery, split into its
uncached-input, cached-input, output, and retrieval-embedding components. The two
panels are the two terms of the amortized deployment cost (Section .

Pilot audit summary. The pilot grid and its calibration pool are specified in Sec-
tion m The grid used three of the four designated calibration novels (Section ;
all four remain excluded from scoring. It fixed the configuration the main study inherits.
The pilot’s scoring scripts are part of the public companion code repository.

Pilot rank stability. Rank stability was checked before the answerer was fixed (Sec-
tion , over the (g) = 36 candidate-pairs per dataset; Table reports the distri-
bution. On both datasets the median pairwise 7, sits at the value of a single rank swap
among four architectures, so cross-candidate agreement is moderate rather than strong—
with several pairs in each dataset in perfect agreement. Following Dror et al. [16], boot-
strap 95% confidence intervals use 10,000 resamples over candidate-pairs, and one-sided
permutation p values use 10,000 candidate-ranking shuffles with add-one smoothing; the
permutation test rejects the no-agreement null on both datasets (Table . On the four-
architecture grid 7, is confined to {—1,—2/3,—1/3,0,1/3,2/3,1}, and the pilot per-cell
sample is small (Section [6).

Statistic Novel QA QASPER
Median pairwise 7 2/3 2/3
Mean pairwise 7, 0.630 0.722
Permutation p value (one-sided) 5x107*  3x107*
Pairs with perfect agreement 7, = 1 9/ 36 11 /36
Pairs with 7, > 2/3 2% /36  31/36

Pairs with 7, < 0 (rank-disagreement) 3/ 36 0/ 36

Table A3: Distribution of pairwise Kendall’s 75, across the 36 pilot candidate-pairs on
each dataset under gold scoring. Statistics use 10,000 bootstrap resamples and permu-
tation shuffles with add-one smoothing [16].
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Two causes eliminate the most candidates in the funnel (Table [Ad]), three each:
account-tier rate limits on input tokens, and missing API support for greedy decod-
ing. The rate limits block the Anthropic family and gpt-5.4 on repeated long-context
calls; gpt-5.4 fails only the funnel’s smoke test, because its 600k-token tier returns a
rate-limit error rather than a latency or format failure.

Reproducibility artifacts. The main study is a single complete run (one run iden-
tifier, fixed answerer, summary model, and embedder above). Its per-cell predictions,
resource ledger, run manifest, and the derived analysis artifacts are released as a public
dataset,E] and the pipeline and analysis code in the public companion code repositoryE]
Every reported metric, table, and figure is regenerated from those artifacts by deter-
ministic, version-controlled scripts: per-cell scoring, the clustered-bootstrap confidence
intervals and paired tests (fixed resample count and seed), the per-architecture cost ac-
counting under both price cards, the break-even analysis, and figure generation. The
prompt templates are fixed and quoted in Section and the locked configuration is
recorded in the released run manifest.

B Error-Analysis Details

This appendix gives the full per-method breakdown behind the error analysis of Sec-
tion[4.3] computed deterministically from the released per-question scores and the datasets’
own question labels. Aspect labels follow Novel QA’s released question taxonomy [51], dis-
played under the renaming of Section the aspect-to-group mapping behind Figure
is stated with its rationale in Section Section also repeats the analysis under
NovelQA’s own complexity labels, with no regrouping. The two axes are distinct: count-
ing and span questions all fall in the multi-hop class, not the detail class, yet carry the
largest per-aspect penalties (Table . The complexity dimension alone would therefore
not isolate the verbatim-access effect the mechanism analysis targets, and the complexity
check is a complementary test rather than the same grouping re-run. All tables report
per-subset sample sizes and 95% clustered-bootstrap confidence intervals (clusters are
novels for Novel QA and papers for QASPER). Table reports Novel QA accuracy per
architecture by question aspect, and Table reports QASPER Answer-F1 per architec-
ture by answer type.

'https://huggingface.co/datasets/jonkhout/repeated-context-qa-artifacts
Zhttps://github.com/BCJonkhout/msc-thesis-code

36


https://huggingface.co/datasets/jonkhout/repeated-context-qa-artifacts
https://github.com/BCJonkhout/msc-thesis-code

Table A4: LLM answerer-candidate screening funnel for the pilot. Seventeen candi-
dates across six vendor families entered Step 1 smoke testing; the nine that cleared every
serving gate entered the 9 x 4 evaluation grid. Five further candidates (bottom group)
were screened out before Step 1 on provider-level prompt-caching availability or context-
window limits. Gates, left to right: API—greedy decoding (T = 0) and Chat Com-
pletions support; Window—context window covers the longest non-B48 Novel QA novel
plus prompt overhead (~780k tokens in total); Smoke—Step 1 latency below ten min-
utes and well-formed output across the 5k/150k/600k tiers; Cache—Step 2 KV-cache
and rate-limit viability under repeated long-context calls; Cost—operational cost and
serving reliability under load. v passed, X failed (drop point), == not reached. T selected
answerer; | candidate designated for the cross-vendor study arm (future work, not run
in the main study).

Candidate API Window Smoke Cache Cost In grid
Anthropic

claude-sonnet-4-6 v v v X - X

claude-opus-4-7 v v X - - X
OpenAl

gpt-5.4 v v X - - b

gpt-5.5 X - - - - X

gpt-5.4-pro X - - - - X

gpt-5.5-pro X - - - - X
Google

gemini-3.1-pro-preview v v v v X X

gemini-3.1-flash-lite-preview! v v v v v

gemini-flash-latest v v v v v v
zAIl

grok-4.3 v v v v v v

grok-4-1-fast-non-reasoning v v v v v v

grok-4-fast-reasoning? v v v v v v

grok-4.20-0309-non-reasoning v v v v v v

grok-4.20-0309-reasoning v v v v v v
DeepSeek (via OpenRouter)

deepseek-v4-pro v v v v v v

deepseek-v4-flash v v v v v v
Moonshot (via OpenRouter)

kimi-k2.6 v X - - - X
Screened before Step 1 (provider-level)

qwen3.6-flash no prompt caching exposed via OpenRouter X

minimax-m2.7 prompt caching unverified X

qwen3.6-27b provider (DashScope) inaccessible X

gemma-4-26b-adb-it 256k window < 780k requirement X

gemma-4-31b-it 256k window < 780k requirement X

37



Table A5: Novel QA per-method accuracy by question aspect (full scored pool). Brack-
ets give 95% clustered-bootstrap confidence intervals (percentile method, 10 000 resam-
ples, resampling novels with replacement); n is the number of questions in the subset.

subset n Flat Naive RAG RAPTOR GraphRAG
Counting (times) 356 0.45 0.34 0.29 0.24
[0.40, 0.50] [0.29, 0.40]  [0.25, 0.35] [0.18, 0.30]
Paraphrase (meaning) 248 0.77 0.63 0.65 0.58
[0.68, 0.84] [0.54,0.72]  [0.59, 0.72] [0.49, 0.68]
Span (span) 22 0.91 0.64 0.59 0.73
[0.79, 1.00] [0.43,0.82]  [0.38, 0.77] [0.52, 0.91]
Character 241 0.89 0.79 0.80 0.73
[0.82, 0.94] [0.71,0.85]  [0.72, 0.86] [0.64, 0.80]
Setting 130 0.91 0.81 0.84 0.74
[0.78, 0.99] [0.68, 0.90]  [0.71, 0.93] [0.61, 0.84]
Relational (relat) 115 0.84 0.80 0.78 0.82
[0.76, 0.92] [0.71, 0.88]  [0.69, 0.87] [0.73, 0.90]
Plot 269 0.91 0.83 0.82 0.80
[0.83, 0.95] [0.75, 0.88]  [0.74, 0.89] [0.72, 0.85]

Table A6: NovelQA per-method accuracy by the dataset’s own complexity labels
(single-hop, multi-hop, detail). Same CI method as Table ; n is the number of ques-
tions in the subset. Accuracies are rounded to two decimals; gaps quoted in the text are
computed from the unrounded values.

subset n Flat Naive RAG RAPTOR GraphRAG
Single-hop (sh) 476 0.94 0.86 0.85 0.83
[0.90, 0.96] [0.82, 0.89]  [0.80, 0.89] [0.77, 0.87]
Multi-hop (mh) 567 0.59 0.49 0.46 0.44
[0.54, 0.65] [0.43,0.55]  [0.40, 0.52] [0.37, 0.50]
Detail (dtl) 338 0.78 0.64 0.67 0.55
[0.70, 0.84] [0.57,0.72]  [0.61, 0.73] [0.49, 0.62]

Table A7: QASPER per-method Answer-F1 by answer type (full scored pool). Brackets
give 95% clustered-bootstrap confidence intervals (percentile method, 10000 resamples,
resampling papers with replacement); n is the number of questions in the subset.

subset n Flat Naive RAG RAPTOR GraphRAG
yes,/no 111 0.79 0.75 0.72 0.68
[0.70, 0.87] [0.66, 0.83]  [0.64, 0.80] [0.60, 0.76]
extractive 509 0.48 0.47 0.44 0.43
[0.45, 0.50] [0.45, 0.50]  [0.41, 0.47] [0.40, 0.46]
abstractive 244 0.36 0.35 0.32 0.31
[0.33, 0.40] [0.32,0.39]  [0.28, 0.35] [0.28, 0.35]
unanswerable 91 0.19 0.16 0.15 0.14
[0.12, 0.27] [0.09,0.23]  [0.09, 0.22] [0.08, 0.21]
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