RAG Components Are Not Independently Rankable
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Abstract

RAG systems are usually compared as com-
plete pipelines, making it difficult to attribute
improvements to individual components. We
evaluate chunking, retrieval, fusion, and rerank-
ing through a full factorial design with paired
component substitutions and equal context bud-
gets. Across five benchmarks, the effect of a
chunker depends on the retriever that consumes
its output, BM25 fusion changes direction by
domain, and reranking is the only intervention
we test that remains beneficial across upstream
configurations. Claim-level transitions further
show that similar net recall can conceal very
different changes in visible evidence. These
findings show that, for evidence delivery, RAG
components cannot be ranked independently,
and motivate interaction-aware evaluation in-
stead of winner-take-all pipeline comparisons.

1 Introduction

Retrieval-augmented generation is built from in-
terchangeable parts. A collection is chunked,
chunks are retrieved, candidates are optionally re-
ordered by a reranker, and some prefix of the result
reaches the generator’s context window. Practi-
tioners choose among these parts using end-to-end
benchmark scores.

Such comparisons cannot identify what a compo-
nent does. A leaderboard reports which complete
configuration won, not why—the failure to iden-
tify the sources of empirical gains that Lipton and
Steinhardt (2019) describe. When semantic chunk-
ing beats fixed-size chunking, the chunker may be
better, or may merely suit the retriever it was paired
with, or the dataset may favour the resulting evi-
dence geometry: different claims with different
consequences that no full-pipeline comparison can
separate.

The comparison is also unfair. Passages are not
a fixed unit of context, so five 512-token chunks
expose twice the text of five 256-token chunks, and

a system can score higher simply by supplying
more material.

We stop before generation. Answer accuracy is
a noisy proxy for evidence delivery: a generator
can succeed from parametric knowledge despite
poor retrieval, or fail despite sufficient evidence.
Adding generators would also add another factor
whose own behaviour—such as sensitivity to where
evidence appears in the context—would mix with
the component effects we want to isolate. Evidence
delivery is the stage that chunking, retrieval, and
reranking directly control, and a claim that never
reaches the context cannot be grounded in it.

Instead we run the complete 4 x 13 x4 factorial
grid at five equal token capacities. Because every
combination exists, a component effect is a paired
difference: hold the question, dataset, capacity, and
every other component fixed, change one compo-
nent, and average.

Three findings follow, and they do not agree.

Chunking and retrieval are complementary
rather than separately rankable. On FinanceBench,
semantic chunking relative to Fixed-512 costs 2.6
points under dense retrieval and gains 2.7 under
late interaction—an interaction of +5.24 points
[2.37, 8.23]. A global chunker ranking averages
this away.

Lexical fusion is not a safe default. Adding
BM25 to a matched neural parent helps on
MultiHop-RAG, QMSum and TAT-QA and harms
on FinanceBench and LegalBench-RAG. The
pooled effect is +0.91 points with an interval span-
ning zero, describing none of the five domains.

Reranking is the exception. It stays positive after
upstream choices vary: in all 240 dataset x chun-
ker x retrieval-family x reranker cells, and in 776
of 780 cells at the level of individual retrievers.

Our contributions are:

* A paired-substitution framework. Token-
normalized comparison, claim-level recall,
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and paired analysis each exist in prior work;
we combine them in one complete 4 x 13 x 4
grid, which yields exact counterfactual pairs
for component and interaction effects.

¢ Component effects are conditional up-
stream but stable downstream. The bet-
ter chunker depends on the retriever, and
the effect of BM25 fusion depends on the
dataset; both reverse sign. Reranking is posi-
tive in all 240 dataset x chunker x retrieval-
family x reranker cells.

¢ Claim transitions distinguish interventions
with equal net effects. Separating claims
gained from claims lost shows whether a sub-
stitution exchanges visible evidence or adds
1t.

2 Related work

Claim-level RAG evaluation. Automated RAG
evaluation frameworks assess dimensions such as
context relevance, answer faithfulness, and answer
relevance, including RAGAs and ARES (Es et al.,
2024; Saad-Falcon et al., 2024). Fine-grained fac-
tual evaluation has also decomposed generated text
into independently verifiable units: FActScore in-
troduced atomic-fact evaluation, while RefChecker
represented claims as claim triplets (Min et al.,
2023; Hu et al., 2024). Most directly, RAGChecker
defines retriever claim recall as the proportion
of reference-answer claims entailed by retrieved
chunks, alongside several generator diagnostics
(Ru et al., 2024). We adapt this claim-level con-
struct specifically to upstream evidence delivery:
reference answers are decomposed into claims and
each visible context is checked for claim support,
but no answer is generated and no generator-quality
metrics are computed.

Context normalization and chunking. Com-
parisons between retrieval and long context-
processing have emphasized the trade-off between
answer quality, context length, and computation
(Li et al., 2024). Chunk granularity itself has been
studied through passages, sentences, and propo-
sitions: Dense X evaluates four dense retrievers
and limits retrieved context to fixed token budgets,
demonstrating that granularity affects both retrieval
and downstream QA (Chen et al., 2024). Thus, nei-
ther token normalization nor multi-retriever chunk-
ing evaluation is new individually. Our distinc-
tion is to estimate paired chunker effects across

sparse, dense, late-interaction, fused, and reranked
pipelines, revealing when the effect of a chunker
changes with retrieval architecture or dataset.

Interaction-aware evaluation. IR evalua-
tion has long recognized that system effects can
vary across topics, motivating resampling and
interaction-aware statistical analysis (Voorhees
et al., 2017). Concurrent preprints apply facto-
rial designs to compound-Al answer quality and
to complementarity among document-, query-, and
answer-side RAG interventions (Lukassen et al.,
2026; Chong, 2026). Our scope is different. To
our knowledge, this is the first large-scale factorial
audit of upstream RAG evidence delivery that com-
bines equal-token exposure with claim-level seman-
tic recall and paired interventions across chunking,
retrieval architecture, lexical fusion, and reranking.
This design identifies not only average component
effects, but also chunker—retriever compatibility,
domain-conditioned sign reversals, and whether an
intervention makes new reference claims visible or
removes previously visible ones.

3 Controlled Factorial Evaluation of RAG
Components

3.1 Benchmarks

We evaluate on five benchmarks spanning finan-
cial, legal, multi-document, meeting, and numeri-
cal reasoning tasks: FinanceBench (Islam et al.,
2023), LegalBench-RAG (Pipitone and Alami,
2024), MultiHop-RAG (Tang and Yang, 2024),
QMSum (Zhong et al., 2021), and TAT-QA (Zhu
et al., 2021). Table 1 summarizes the task, evalu-
ation subset, document count, and question count
for each benchmark.

3.2 Factorial Component Grid

A configuration is = (¢, r, z), comprising a chun-
ker c, first-stage retrieval condition r, and reranking
condition z. As summarized in Table 2, we evalu-
ate the complete 4 x 13 x 4 factorial grid rather than
selecting a small number of end-to-end pipelines.
Every configuration is evaluated on every dataset
at five equal-token context capacities.

All retrievers return at most 20 candidates.
Rerankers reorder this fixed set and cannot intro-
duce new fragments, whereas fusion may change
candidate membership. The cutoff bounds rerank-
ing by construction: evidence below rank 20 is
invisible to every downstream condition, so our
reranker effects are lower bounds on what an unre-
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Table 1: Evaluation datasets.

Benchmarks Task and evaluation subset Documents Questions
FinanceBench (Islam et al., 2023) Financial-report QA; public 150-question set 11,948 150
LegalBench-RAG (Pipitone and Alami, 2024)  Legal retrieval; complete frozen archive 714 6,889
MultiHop-RAG (Tang and Yang, 2024) Multi-document news QA; non-null queries 609 2,255
QMSum (Zhong et al., 2021) Query-focused meeting summarization 35 244
TAT-QA (Zhu et al., 2021) Financial table-and-text QA; gold test set 277 1,660
Total 13,583 11,198

Table 2: RAG components evaluated in the factorial experiment. The pipeline grid contains 4 x 13 x 4 = 208

configurations, each evaluated at five context capacities.

Component Group Variants Levels
Chunking Fixed-256, Fixed-512, Sentence-512, Semantic-512 4
Retrieval Sparse BM25 13
Dense EmbeddingGemma-300M, Qwen3-Embedding-0.6B, GTE-ModernBERT,
LFM2.5-Embedding-350M
Late interaction =~ GTE-ModernColBERT, LFM2.5-ColBERT-350M
Fusion BM25-RRF with each of the six neural retrievers
Reranking None, GTE-Reranker-ModernBERT, Qwen3-Reranker-0.6B, 4
Llama-Nemotron-Rerank-1B-v2
Context capacity 256, 512, 1,024, 2,048, 4,096 visible content tokens 5

stricted pool would allow. Context is normalized by
tokens rather than by k. Ranked chunks are added
until the capacity is reached, and the remaining
budget is filled with an exact prefix of the boundary
chunk. This prevents differences in chunk length
from changing how much text the evaluator sees.

We group first-stage retrieval into three architec-
ture families—sparse, dense, and late interaction—
and treat BM25-RRF fusion separately, since fu-
sion is an intervention applied to a neural retriever
rather than a distinct architecture. Section 4.3 anal-
yses it as a paired contrast against each matched
neural parent; averaging over six parents would
conflate architecture with fusion, so it is excluded
from the chunker x family analysis.

3.3 Claim-level outcomes and paired
substitutions

We adapt RAGChecker’s atomic-claim evaluation
to retrieval only. In Stage 1, reference answers
and official supports are used once to construct
38,685 question-level reference claims. In Stage 2,
a pointwise judge receives only the question, ref-
erence claims, and one retrieved fragment, return-
ing one Boolean support decision per claim. It
does not observe the dataset, pipeline identity, rank,
score, capacity, reference answer, or official evi-
dence. We generate no answers and compute no

generator-quality metrics. Across the grid, Stage 2
comprises 5,441,601 fragment-evaluation requests
and 18,679,678 claim-level support decisions.

The judge is google/gemma-4-31B-it, with
reasoning disabled, temperature 0, and a fixed de-
coding seed. Prompts and schemas are given in
Appendix A.

For dataset d and question ¢, let G4, be the
set of reference claims. A pipeline configuration
x = (e, 7, z) consists of a chunker c, a first-stage
retriever 7, and a reranker 2. Let Vj ,(z, b) be the
set of fragments visible under x at a context capac-
ity of b tokens: the complete chunks that fit, plus
the prefix of the boundary chunk. Writing f |= ¢
when fragment f supports claim g, our primary
outcome is question-level claim recall:

1
|Gl gezgiq (1)
1[EIf € Vd,‘l(l‘ab) : f |: g],

Yd,q(:c, b) =

where 1[-] is 1 if the condition holds and O other-
wise. A claim is therefore covered when at least
one visible fragment supports it.

We do not report fragment precision: the number
of visible fragments varies with chunk size at fixed
capacity, so precision is not comparable across the
chunker substitutions we estimate.
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We estimate component effects using paired sub-
stitutions. For example, the effect of replacing
chunker ¢ with ¢ is

c'+c

Qoo = Yaq(c,r2,0)

2
—Yq4(c,r, 2,0). @

The question, dataset, retriever, reranker, and
capacity are identical on both sides; only the chun-
ker changes. Retrieval, fusion, and reranking ef-
fects are defined analogously, and interactions are
differences between paired effects: whether the
same substitution behaves differently under sparse,
dense, or late-interaction retrieval. Every effect
is reported against a fixed baseline—Fixed-512,
BM?25, the matched neural parent, and no reranker—
so0 a positive value always means the named condi-
tion delivers more claim coverage.

Questions are weighted equally within each
dataset, the five datasets equally in pooled esti-
mates, and capacities and unchanged component
levels evenly across the grid. Confidence intervals
use 2,000 deterministic paired bootstrap replicates
with seed 42, resampling questions within datasets
and hierarchically for pooled estimates. Our causal
interpretation is local to substitutions within this
frozen grid; it implies neither universal component
effects nor answer-level correctness.

A blinded human audit of 100 judge-positive
and 100 judge-negative decisions confirmed all
negatives but only 68 of the positives: the judge
rarely misses support but grants it too readily (Ap-
pendix A.4).

Complete model and retrieval configurations, in-
cluding representations, indexing settings, and in-
ference parameters, are provided in Appendix B.

4 Results

The factorial analysis reveals a clear asymmetry
between upstream and downstream interventions.
Chunking and fusion effects vary across datasets
and retrieval regimes, whereas learned reranking
remains beneficial after nearly every upstream con-
figuration.

4.1 Chunk Geometry Does Not Determine the
Best Chunker

Dataset manifests reveal substantially different ev-
idence geometry. In QMSum, only 4% of official
evidence spans are fully contained within a Fixed-
256 chunk, compared with 17% for Fixed-512 and
19% for Sentence-512. A reference span conse-
quently touches 5.57 Fixed-256 chunks on average,

compared with 3.27 Fixed-512 chunks. Evidence
in MultiHop-RAG and TAT-QA, by contrast, is
usually contained within a single chunk.

These intrinsic differences do not produce a con-
sistent chunker ranking. Figure 1 reports paired
changes in claim recall for each chunker substitu-
tion relative to Fixed-512. The direction and mag-
nitude of these effects vary across datasets, and no
alternative dominates universally. QMSum makes
the disconnect concrete: it has the worst Fixed-
256 containment of any dataset, yet Fixed-256 im-
proves claim recall there under dense retrieval (Sec-
tion 4.2). Geometry describes the representation
given to retrieval; whether it helps depends on the
retriever that consumes it.

4.2 Chunking and Retrieval Are
Complementary

The effect of a chunking choice depends on the
retriever that consumes its output. Figure 2 com-
pares each chunker with Fixed-512 under sparse,
dense, and late-interaction retrieval, with rerank-
ing disabled. Effects are averaged across the five
capacities and equally across models within each
family.

On FinanceBench, Semantic-512 changes claim
recall by 4-0.27 percentage points under sparse re-
trieval, —2.59 under dense, and +2.65 under late
interaction, a late-interaction-minus-dense interac-
tion of +5.24 points [2.37, 8.23].

The pattern also holds within matched back-
bones, so it does not come from averaging four
dense models against two late-interaction ones: the
effect rises from —3.1 to +1.4 for GTE and from
+1.6 to +3.9 for LFM2.5 when moving from dense
to late interaction (Figure 7).

Reversals occur elsewhere too. On LegalBench-
RAG, Fixed-256 changes recall by —2.17 under
sparse but +0.75 under dense, an interaction of
+2.92 [2.50, 3.30]; on QMSum the same substi-
tution gives —1.63 and +2.01, an interaction of
+3.64 [1.47, 5.86].

MultiHop-RAG bounds the claim: Fixed-256
helps under sparse (+5.34), dense (+4.34), and
late interaction (+4.64). Its evidence is short and
almost always sits inside one chunk, so smaller
chunks concentrate it rather than splitting it, and
every family benefits. Component effects are con-
ditional, not arbitrary: where evidence geometry
is uniform across a corpus, a chunker choice can
transport.

Overall, chunker effects change direction across
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Replacement for Fixed-512
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Figure 1: The effect of replacing Fixed-512 varies across datasets. Points show paired changes in claim recall,
averaged equally across the sparse, dense, and late-interaction retrieval families and across context capacities,
with reranking disabled. BM25-RRF fusion conditions are excluded (Section 3.2). Error bars denote 95% paired-
bootstrap confidence intervals; filled markers indicate intervals that exclude zero.

retriever families in four of the five datasets. This
means that a chunker should not be judged on its
own: whether it helps depends on the retriever used
with it.

4.3 BM25 Fusion Is Conditional on the
Upstream Pipeline

Figure 3 compares each BM25-RRF condition
with its exact neural parent while holding the
dataset, chunker, context capacity, and no-reranker
condition fixed. Averaged over the six matched
neural parents and four chunkers, fusion exhibits a
dataset-level sign reversal: claim recall decreases
by 5.92 percentage points on FinanceBench and
2.85 points on LegalBench-RAG, but increases by
4.53 points on MultiHop-RAG, 2.46 points on QM-
Sum, and 6.33 points on TAT-QA.

The reversal is not driven by one parent model.
On FinanceBench and LegalBench-RAG, none of
the six neural retrievers improves after fusion under
any chunker; on MultiHop-RAG, all six improve
under every chunker, with five or six on QMSum
and four or five on TAT-QA. The same matched
intervention reliably harms two datasets and helps
three. Magnitude is less even: on TAT-QA, fusion
with LEM Dense gains 18-21 points, several times
any other parent, so that dataset’s 4+-6.33 mean rests
largely on one model pair (Appendix C).

Averaging these opposing effects produces a
pooled gain of only 0.91 points, with a 95% confi-
dence interval spanning zero [—3.09, 4.82]. This

pooled estimate conceals a qualitative interaction:
BM25 fusion changes not only in magnitude but
also in direction across datasets. Fusion should
therefore be treated as a domain-conditioned inter-
vention rather than a generally beneficial retrieval
enhancement.

4.4 Net Effects Conceal Claim-Level
Transitions

4.5 Reranking Is Robust to Upstream Pipeline
Choices

Unlike chunking and fusion, reranking produces
positive effects in nearly every tested configuration.
Figure 4 compares each learned reranker with no
reranker, holding the dataset, question, chunker,
first-stage retriever, and capacity fixed. Averaged
equally across datasets and retrieval families, GTE-
Reranker-ModernBERT improves claim recall
by +5.74 percentage points [4.10, 7.87], Qwen3-
Reranker-0.6B by +6.50 [4.73, 7.68], and Llama-
Nemotron-Rerank-1B-v2 by +-8.76 [6.83, 10.51].

The consistency holds below the pooled av-
erage. All 240 dataset x chunker X retrieval-
family x reranker comparisons are positive (here
fusion counts as a fourth upstream group, since
reranking is applied after it), as are 776 of 780
cells at the level of individual retrievers; the four
exceptions are small and localized. The Nemotron
reranker is positive on every dataset, from +5.28
on QMSum to +11.05 on FinanceBench, and
varies with capacity +7.46 at 256 tokens, +11.30
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FinanceBench LegalBench-RAG MultiHop-RAG

Sparse Dense Late Sparse Dense Late Sparse Dense Late

QMSum TAT-QA

A claim recall (pp)

Sparse Dense Late Sparse Dense Late

Base-retrieval family
Late = late interaction; BM25-RRF excluded; no reranker

Chunker replacement (vs. Fixed-512)
—o— Fixed-256 -m- Sentence-512 —A- Semantic-512

Figure 2: Chunker effects depend on retrieval family and dataset. Each panel shows one dataset. Lines represent
chunker replacements relative to Fixed-512, while the horizontal axis varies the retrieval family. Points show paired
changes in claim recall, averaged across context capacities and equally across models within each family, with
reranking disabled. Error bars denote 95% paired-bootstrap confidence intervals; filled markers indicate intervals
excluding zero.

4,096
-5.9
FinanceBench = e =0t = =
-2.8 2,048 S
S
LegalBench-RAG RS o S s =
+4.5 Z
A 1,024 8
MultiHop-RAG S ¢ S — g o
+2.5 o
X
y )
QMSum o DR S 512§
+6.3 o
TAT-QA J_k
256
-10 0 10 20 30

BM25-RRF minus matched neural parent (pp)

Figure 3: BM2S5 fusion has dataset- and pipeline-dependent effects. Each rug mark represents one fixed chunker,
neural parent, and context capacity. Ridges summarize paired changes in claim recall across the tested conditions.
Diamonds and lines show dataset-level mean effects and paired-bootstrap 95% confidence intervals.

at 1,024, 4-5.15 at 4,096—without reversing. The Reranking differs structurally from the preced-
fixed pool explains the shape: at 256 tokens few  ing interventions: it reorders a fixed pool rather
chunks fit whatever their order, at 4,096 much of  than changing the chunk representation or adding a
the top 20 is visible whatever the ranking, so re-  retrieval source. Under a constrained budget it can
ordering matters most in between. lift evidence above the visibility threshold without

308



GTE reranker
FinanceBench Qwen3 reranker

Nemotron reranker

GTE reranker
LegalBench-RAG Qwen3 reranker

Nemotron reranker

GTE reranker
MultiHop-RAG Qwen3 reranker

Nemotron reranker

GTE reranker
QMSum Qwen3 reranker

Nemotron reranker

GTE reranker
TAT-QA  Qwen3 reranker

Nemotron reranker

0

—_

[ | ———ti | 11 |

FlA

(I IR O I

Il #m-

NieeA 1 11

—_

HHHE+—H

bt ——

4

—E—il

| 1 —eHl 1l | I

8 12 16

Paired change in claim recall vs. no reranker (percentage points)

16 upstream cells

Observed min-max —&- Mean and 95% ClI

Figure 4: Learned reranking improves claim recall across upstream configurations and datasets. Each row
compares one reranker with no reranker. Pale segments show the observed minimum—maximum effect across 16
upstream configurations (four chunkers x four upstream groups: sparse, dense, late interaction, and fusion), and
small ticks mark the individual configurations. Colored markers show dataset-level paired means; black whiskers

denote 95% paired-bootstrap confidence intervals.

depending on a particular chunker—retriever pair-
ing. Within our frozen grid it is therefore more
stable than chunking or fusion—a conclusion lo-
cal to the evaluated pools, rerankers, datasets, and
capacities, not a claim that every reranker helps.
Claim recall also ignores order within the visible
context: a claim counts as covered wherever it
appears. Reranking changes where evidence sits,
and generators are sensitive to position (Liu et al.,
2024), so a gain in delivered evidence need not
become an equal gain in answer quality.

Aggregate recall changes do not reveal which
claims change coverage state. We therefore decom-
pose each paired intervention into two mutually
exclusive transitions: claims that become covered
under the intervention and claims that cease to be
covered. Their difference recovers the net recall
effect:

ARecall = P(0—1) — P(1—0). 3)

Figure 5a reports chunker transitions under the
complete-grid estimand, averaging across rerankers
as well as retrievers and capacities; the chunker
effects in Section 4.2 instead condition on the no-
reranker setting, so the two are not numerically
identical. Figure 5b conditions reranker transitions
on the upstream retrieval family, since a reranker
is defined only relative to a first-stage ranking. All
estimates weight capacities and datasets equally.

Replacing Fixed-512 with Fixed-256 illustrates
why a near-zero average effect need not imply
that the intervention is inconsequential. Fixed-256
newly covers 7.95% of claims but no longer cov-
ers 8.12%, a net change of only —0.16 percentage
points (95% CI [—3.10, 2.64]; computed from un-
rounded shares). Thus, approximately 16.1% of
claims change coverage state even though aggre-
gate recall changes little. The substitution changes
which evidence is visible rather than uniformly im-
proving or degrading coverage.
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No longer covered

Fixed-256

Sentence-512

Semantic-512

8 4

Newly covered

Net (pp)

-0.16

+0.60

+0.63

0 4 8

Share of reference claims changing coverage state (%)

(a) Chunker substitutions relative to Fixed-512.

GTE ModernBERT Qwen3-0.6B Nemotron-1B-v2
Lost Gained Net (pp) Lost Gained Net (pp) Lost Gained Net (pp)
Sparse 2.9 +6.12 2.8 +6.45 +8.14
Dense +6.20 iR +7.32 +9.62
Late interaction +4.19 +5.07 +7.76
BM25-RRF fusion +6.46 +7.18 sPHi) +9.53
4 0 4 8 12 4 0 4 8 12

Share of reference claims changing coverage state (%)

(b) Reranker substitutions relative

to no reranker, separated by upstream retrieval family.

Figure 5: Component substitutions change which reference claims are covered. Blue bars show newly covered
claims and pink bars show claims no longer covered. Net changes are reported in percentage points. Chunker effects
are averaged across datasets, capacities, retrievers, and rerankers. Reranker effects are averaged across datasets,
capacities, chunkers, and the models within each retrieval family.

Reranking produces a qualitatively different pat-
tern. Across every reranker and retrieval fam-
ily, newly covered claims outnumber claims no
longer covered. The Nemotron reranker yields the
largest net improvement in all four families: +8.14
points with sparse retrieval, +9.62 with dense re-
trieval, +7.76 with late interaction, and +9.53 with
BM25-RREF fusion. Its newly covered share ranges
from 10.10% to 12.30%, whereas only 2.15%—
2.69% of claims cease to be covered. The GTE
and Qwen3 rerankers are also repair-dominant, al-
though their gains are consistently smaller. For all
three rerankers, the smallest net improvement oc-
curs after late-interaction retrieval, suggesting that
stronger first-stage retrieval leaves less uncovered
evidence for reranking to recover.

These results show that net recall can conceal
materially different effect compositions. Chunking
may exchange one set of visible claims for another,
whereas reranking predominantly adds coverage in

this grid. Transition analysis describes how cover-
age changes under a controlled substitution; it does
not by itself identify the mechanism producing that
change.

5 Discussion

5.1 Component Quality Is Relational

The pattern in our results is not uniform variance.
Chunking and fusion change which candidates ex-
ist; reranking only reorders a fixed pool. The inter-
ventions that change the representation are the ones
whose sign depends on what consumes it, while
the one that leaves the candidate set alone trans-
ports across upstream regimes. A component’s
transportability tracks how much of the pipeline it
changes. This qualifies our third finding: reranking
may be more stable because it is a smaller inter-
vention, not because reordering is inherently more
reliable than representation.
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5.2 Implications for Evaluation

Three evaluation practices follow for studies of ev-
idence delivery. Report chunker results together
with the retriever they were measured against, since
a chunker effect without its retrieval family cannot
be interpreted. Compare fusion against its matched
neural parent on each target domain; our pooled
estimate of +0.91 points describes none of the five
datasets. And report sign-consistency counts along-
side pooled means, which otherwise cannot distin-
guish a small effect from opposing large ones.

These practices concern how evidence delivery
is measured. Whether the same component choices
improve generated answers is a separate question
our design does not test. What our results do show
is that a leaderboard cannot say which component
to change next: the answer depends on the dataset
and on what sits either side of the component.

6 Conclusion

We presented a controlled factorial evaluation of
RAG evidence delivery across chunking, retrieval,
fusion, reranking, and context capacity. Rather than
ranking complete pipelines, we estimated paired
component substitutions while holding the remain-
ing pipeline fixed and controlling visible context
by token capacity.

The results show that component effects are con-
ditional. The effect of a chunker depends on the
retriever that consumes its output, and BM25-RRF
fusion helps on some datasets while harming oth-
ers. Reranking improves claim recall in nearly ev-
ery configuration we test, with smaller gains after
late-interaction retrieval. Claim-transition analysis
further shows that similar net effects can hide very
different changes: chunking often exchanges which
claims are covered, whereas reranking mostly adds
coverage.

For evidence delivery, these findings argue
against treating RAG components as independently
rankable modules. Evaluation should combine
equal-context comparison, paired substitutions, in-
teraction analysis, and claim-level diagnostics, so
that it shows not only which pipeline performs best
but which components drive the difference and un-
der what conditions.

Limitations

Our conclusions are local to the five datasets, com-
ponent implementations, candidate pools, context
capacities, and retrieval evaluator used in this study.
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The factorial design identifies controlled effects
within this frozen grid, but it does not establish
that the same effects will hold for other domains,
models, indexing strategies, or context windows.
Candidate pools are capped at the first-stage top 20
(Section 3.2), so we cannot measure the ceiling an
unrestricted pool would permit.

We evaluate evidence delivery rather than gen-
erated answers. Claim recall indicates whether
retrieved fragments contain reference claims, but it
does not measure answer correctness, faithfulness,
fluency, or downstream reasoning. Delivering a
claim is necessary for grounding an answer in it,
not sufficient: generators differ in how well they
use the evidence they receive. Testing whether the
component effects reported here carry over to an-
swer quality, using several generators on a subset
of the grid, is the most direct next step.

The same frozen model constructs the reference
claims and judges support, so the judge may more
readily confirm claims phrased the way it would
phrase them. A blinded audit confirmed 68 of
100 judge-positive and all 100 judge-negative de-
cisions (Appendix A.4), so the judge is permissive
and absolute claim recall is overstated. Paired ef-
fects are affected only if the false-positive rate dif-
fers between compared conditions—for example,
if reranked contexts expose the judge to more frag-
ments that are on-topic but do not support the claim.
A larger audit stratified by chunker, reranker, and
claim type would bound this more tightly.

Support is judged one fragment at a time, which
interacts with chunk size in two opposite ways. Ev-
idence split across fragments cannot be combined,
so0 a claim whose support crosses a chunk boundary
is undercounted, as can occur in MultiHop-RAG
and TAT-QA; this penalizes finer chunking. At the
same time, smaller chunks yield more fragments
within a fixed capacity, each another chance for
a false positive; this favors finer chunking. Be-
cause the number of fragments depends only on
the chunker and capacity, this effect is the same on
both sides of every reranking and fusion contrast
and cancels in the chunker X retrieval-family in-
teractions. It can bias chunker main effects, such
as Fixed-256 against Fixed-512, in a direction the
audit cannot determine.

Retrieval implementations are not symmetric.
Late-interaction candidates come from approxi-
mate FastPLAID search with 4-bit residual com-
pression, whereas dense retrieval is exact and
exhaustive, so part of any dense versus late-



interaction difference may reflect implementation
rather than architecture. The families are also
unbalanced: four dense models against two late-
interaction models. Matched GTE and LFM2.5
backbones show the same direction (Section 4.2),
which addresses model composition but not search
approximation; repeating the comparison with ex-
act MaxSim retrieval would separate the two.

Finally, equal-token capacity controls context
exposure but does not capture all deployment costs.
Latency, index size, retrieval throughput, reranking
cost, and generator sensitivity to evidence ordering
remain outside the present analysis.
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A Evaluation Prompts, Schemas, and
Validation

This appendix reports the complete instructions
used for reference-claim construction and point-
wise claim-support evaluation. Gemma 4 31B-
IT was used as reported in Section 3.3. Think-
ing was disabled, temperature was 0, top-p was 1,
and the random seed was 42. Structured outputs
were generated with strict JSON schemas using the
guidance backend. The static prompt text below
is reproduced verbatim; expressions enclosed in
angle brackets denote values inserted separately for
each question or retrieved fragment.

A.1 Reference-Claim Construction

The first evaluation stage converted each bench-
mark reference answer into a set of standalone ref-
erence claims. Official benchmark evidence was
supplied to ground the claims and retain prove-
nance.

Stage 1: Clai

construction system message

You create reference claims for evaluating retrieved
evidence. The user provides a question, reference
answer, claim-coverage requirement, optional answer
annotations, and labelled official evidence. Create a
complete, non-redundant set of standalone atomic
claims that follows the claim-coverage requirement.

Coverage comes before minimization. Include every
material assertion, explanation, qualifier,
comparison, and calculation required by the specified
coverage. Remove a claim only when it repeats the same
proposition and removing it does not reduce the
required coverage.

Each claim must state one independently verifiable
proposition and be understandable without the
question, answer, other claims, or evidence. Resolve
pronouns and preserve every necessary entity,
relationship, date, unit, scope, qualifier,
definition, and comparison direction. Keep an
exception or limitation in the same claim as the
proposition it qualifies; never separate their
meanings.

For a prose answer, decompose every material assertion
and explanation. For a short entity or scalar answer,
combine the question and answer into standalone
propositions; never write "the answer is X."” For a

calculated answer, create claims for the required
operand facts and one final calculation claim
containing the operation, operands, result, and unit
or scale. If that result directly establishes a yes/no
or comparison conclusion, include it in that
calculation claim instead of repeating the result.

Use official evidence as grounding and provenance for
claims needed to establish the reference answer. Do
not create a claim merely to cite every supplied item:
evidence may contain headings, bridge text, redundant
context, adjacent rows, or distractors. Leave an item
uncited when it adds no material proposition required
by the answer. Ignore unrelated details, rebuttals, or
counterarguments in the same item. In answer-first
mode, evidence does not introduce extra claims.

Every claim must cite all and only the official
evidence items that support it. evidence_ids may
contain only supplied labels such as E@@1. Evidence
IDs represent provenance, not dependencies between
claims. Never put claim IDs in evidence_ids, evidence
labels in claim text, or use outside knowledge. Before
returning, verify completeness, atomicity, grounding,
arithmetic, units, and non-redundancy. Remove any
claim whose deletion would not reduce required answer
or evidence coverage. Return only the required
structure.

The corresponding user message was rendered
from the following template.

Stage 1: User-message template

QUESTION:
<question>

REFERENCE ANSWER:
<reference answer>

<optional reference-answer annotations>

CLAIM COVERAGE REQUIREMENT:
<coverage requirement>

ALLOWED OFFICIAL EVIDENCE IDS:
<Eo001, EQ02, ...>

OFFICIAL EVIDENCE:

[Ee01]
<official evidence text>

[E002]
<official evidence text>

When benchmark annotations were available,
they were inserted using the following fields. Only
available fields were included.

Optional reference-answer annotations

REFERENCE ANSWER ANNOTATIONS:
Answer type: <answer type>
Answer unit or scale: <scale>
Official answer rationale:
<rationale>

Official derivation: <derivation>
Official facts:

- <fact>
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Coverage policies. FinanceBench, LegalBench-
RAG, and QMSum used the following answer-first
coverage requirement.

Answer-first coverage requirement

Represent every material assertion and explanation in
the reference answer. Use official evidence and answer
annotations to ground and validate those claims. Do
not create claims from redundant, structural,
incidental, or unrelated text.

MultiHop-RAG and TAT-QA used the following
evidence-fallback requirement. This policy was
used when short reference answers did not them-
selves express all supporting operands or evidence
requirements.

Evidence-fallback coverage requirement

The reference answer alone does not contain the
complete evidence requirements. Use the question,
answer annotations, and official evidence to construct
them. Represent every nonredundant evidence fact
required to establish the answer.

A.1.1 Claim Output Schema

Claim responses were generated under a strict
JSON schema. At request time, the enum under
evidence_ids was replaced by the exact set of
official evidence labels supplied for the question.

Stage 1: Claim-construction schema

"type": "object”,
"additionalProperties”: false,
"required”: ["claims"],
"properties”: {
"claims”: {
"type": "array",
"minltems”: 1,
"items": {
"type": "object”,
"additionalProperties”: false,
"required”: [
"claim_id",
"text",
"evidence_ids"
i
"properties”: {
"claim_id": {
"type": "string"
1
"text": {
"type": "string”
1
"evidence_ids": {
"type": "array”,
"minItems”: 1,
"items": {
"type": "string",
"enum”: [
"EQQ1",
"E002",

A.2 Pointwise Claim-Support Evaluation

The second stage evaluated whether each retrieved
fragment supported each reference claim. Every
request contained one retrieved fragment and all
reference claims for the corresponding question.
Decisions were therefore pointwise with respect
to a single fragment: evidence from different frag-
ments could not be combined.

Stage 2: Pointwise-support system message

Decide whether the single retrieved chunk supports
each reference claim. A claim is supported only when
this chunk by itself entails the complete claim. Do
not use outside knowledge, the question alone, or
information from another chunk. A partial match is not
enough.

For a calculated quantitative claim, mark it supported
when the chunk contains every required input with the
labels and units needed to interpret it, and the
stated calculation follows correctly from those
inputs; the derived result does not need to appear
verbatim in the chunk. When the claim explicitly
states a formula or operational definition, evaluate
that stated formula or definition; do not replace it
with a different conventional definition. Return
exactly one decision for every reference claim in the
required structure.

The corresponding user message was rendered
as follows.

Stage 2: User-message template

QUESTION:
<question>

REFERENCE CLAIMS:
[CLO@1] <claim text>
[CL@@2] <claim text>

RETRIEVED CHUNK:
[C001] <retrieved fragment>

A supported=true decision therefore means
that the single displayed fragment entails the com-
plete target claim by itself. A fragment that sup-
ports another claim, or only part of the target claim,
receives supported=false for that target claim.

A.2.1 Support Output Schema

For a request containing IV reference claims, both
minItems and maxItems were set to N. The
claim_id enumeration was also replaced by the
exact claim identifiers supplied in that request.
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Stage 2: Pointwise-support schema

{
"type": "object”,
"additionalProperties”: false,
"required”: ["claim_results"],
"properties”: {
"claim_results”: {
"type": "array",
"minItems”: <N>,
"maxItems”: <N>,
"items": {
"type": "object”,
"additionalProperties”:
"required”: [
"claim_id",
"supported”
il
"properties”: {
"claim_id": {
"type": "string",
"enum”: [
"CLOO1",
"CLO@2",

false,

]

1
"supported”: {
"type": "boolean"

A.3 Validation and Retry Policy
A.3.1 Claim Validation

Claim responses were accepted only when they
completed before the 8,192-token output ceiling,
decoded as a JSON object containing at least one
claim, and passed the following protocol checks:

* every claim was represented by a JSON ob-
ject;

* claim text was non-empty and not duplicated
within the response;

* evidence labels such as [E@01] did not appear
inside claim text;

* every claim cited at least one official evidence
1D;

* evidence IDs were strings and were unique
within each claim; and

* every cited evidence ID occurred in the al-
lowed set supplied with the question.

After validation, claim identifiers were assigned
canonically as CL@@1, CL@@2, ... in output order.
The original model-generated identifier did not de-
termine the final claim identifier.

The validator did not require every supplied of-
ficial evidence item to be cited. Official evidence
could contain headings, bridge text, adjacent rows,
redundant context, or distractors. Uncited supplied
evidence IDs were retained in an audit field but did
not invalidate an otherwise valid claim set.

These checks validate response structure and
evidence provenance; they do not independently
establish semantic entailment between a claim
and its cited official evidence. We deliberately
used no lexical-overlap, number-matching, OCR-
normalization, or arithmetic heuristics to accept
or reject claims. Semantic grounding, arithmetic,
units, completeness, and atomicity were governed
by the frozen prompt and inspected through manual
auditing.

A.3.2 Claim Retries

A failed initial claim response received at most
three retries, producing a maximum of four at-
tempts. Every retry reused the complete original
request and appended the following instruction.

Stage 1: Retry instruction

Recreate the complete claim set from the original
input and apply every system rule.

Ensure the claims jointly establish the reference
answer, every claim is necessary and grounded,
calculations and units are exact, and evidence_ids
contain only supplied official evidence labels—not
claim IDs. Return the complete corrected structure.

For every attempt, we retained the exact request
body, raw response, proposed claim objects, failure
code, evidence IDs, token usage, finish reason, and
latency. Failed-attempt claims were never passed
to the support-evaluation stage.

Following audited retry exhaustion, two re-
sponses remained invalid solely because they re-
peated byte-identical claim text. These duplicates
were losslessly consolidated: one copy of each dis-
tinct text was retained and its evidence-ID list was
replaced by the union of the duplicated copies. No
claim text was rewritten and no evidence ID was in-
vented. This removed three duplicate claim objects
across two questions.

A.3.3 Support Validation

Support responses were accepted only when they:

» completed before the 2,048-token output ceil-
ing;

* decoded as a valid JSON object;
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* returned a Boolean decision for every supplied
claim ID;

* returned each supplied claim ID exactly once;
and

* contained no unknown or duplicated claim
IDs.

A failed support response received one retry, for
a maximum of two attempts. The retry reused
the original request and appended the following
instruction.

Stage 2: Retry instruction

Check the result again. Return exactly one decision
for every supplied claim. Mark supported as true only
when the single retrieved chunk entails the complete
claim by itself.

No support request required a retry in the final
production run.

A.4 Human Audit of Support Decisions

The Stage 2 judge marked 539,201 of 18,679,678
claim—fragment decisions as supported (2.9%). We
audited a blinded sample of 100 judge-positive and
100 judge-negative decisions. On this balanced
sample, overall agreement was 84.0% (x = 0.68):
the annotator confirmed 68 of 100 positive deci-
sions (95% Wilson interval 58.3—-76.3%) and all
100 negative decisions (96.3—100.0%). Reweight-
ing the same cases to the production frequencies
of dataset, chunker, and judge label gives 68.6%
agreement on positives, 100.0% on negatives, and
99.1% overall (v = 0.81); the intervals above de-
scribe the sampled cases, not the reweighted rates.
The judge therefore rarely misses support but grants
it too readily, so absolute claim recall is overstated.
Because this bias is present on both sides of every
paired substitution, it affects effect estimates only
where the false-positive rate differs between the
compared conditions. Table 3 reports the break-
down by dataset.

A.5 Inference Parameters

Claim construction used a 22,000-token model con-
text, an 8,192-token output ceiling, tensor paral-
lelism of two, and at most three retries after the
initial attempt. Pointwise support evaluation used a
16,384-token model context, a 2,048-token output
ceiling, and at most one retry. Both stages used
BF16 inference, FlashAttention 4, eager execution,
strict guided JSON decoding, disabled thinking,
temperature 0, top-p = 1, and seed 42.

Scope Judge+ A4 A_  Overall K
All 29 69 100 99.1 0.81
FinanceBench 20 63 100 99.2 0.77
LegalBench-RAG 3.0 66 100 99.0 0.79
MultiHop-RAG 32 71 100 99.1 0.82
QMSum 1.5 55 100 99.3 0.70
TAT-QA 2.1 85 100 99.7 091

Table 3: Human audit of Stage 2 support decisions (n =
200; 40 per dataset). Judge+ is the production share of
positive decisions (%). A and A_ are agreement on
judge-positive and judge-negative decisions, reweighted
to production frequencies; Overall and « are prevalence-
weighted. Per-dataset rows rest on about 20 audited
decisions per label and are indicative only.

B Model and Retrieval Configuration

Neural retrieval. Table 4 summarizes the six
neural retrievers. Prefixes are concatenated di-
rectly with the input. Dense embeddings are
L2-normalized and searched using exhaustive
float32 cosine similarity with TF32 disabled. Late-
interaction models use L2-normalized token em-
beddings and MaxSim.

Semantic chunking. Semantic-512 uses jina-
embeddings-v5-text-nano-text-matching.
Three-sentence windows are encoded with the
Document: prefix, an 8,192-token model limit,
768-dimensional normalized embeddings, BF16,
and FlashAttention 4. Gradient-based boundaries
use a sentence buffer of one. The resulting
source-exact chunks have zero overlap and are
hard-capped at 512 0200k_base tokens.

BM25 and fusion. BM25 uses BM25S with
Lucene term weighting and IDF, k; = 1.2, and
b = 0.75. Text is normalized with NFKC, Uni-
code case-folded, and split into Unicode alphanu-
meric runs. We apply neither stemming nor stop-
word removal. Each hybrid condition combines
the saved BM25 and neural top-20 rankings using
equal-weight reciprocal-rank fusion:

1
SRRF(u) = —_—.
m€{BM2Z5,neural} 60 + rankm(u)
Late-interaction retrieval. Both ColBERT mod-
els use FastPLAID with 4-bit residuals, four
k-means iterations, seed=42, n_ivf_probe=8,
n_full_scores=8192, and no token pooling.
Dense retrieval performs an exhaustive corpus scan,
whereas FastPLAID candidate generation is ap-
proximate; we discuss this implementation asym-
metry as a limitation.
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Table 4: Neural retriever models and representations.

Model Representation

EmbeddingGemma-300M Native pooling; 768-dimensional L2-normalized embedding
Qwen3-Embedding-0.6B Last-token pooling; 1,024-dimensional L2-normalized embedding
GTE-ModernBERT CLS pooling; 768-dimensional L2-normalized embedding
LFM2.5-Embedding-350M CLS pooling; 1,024-dimensional L2-normalized embedding
GTE-ModernColBERT 128-dimensional L2-normalized token embeddings with MaxSim
LFM2.5-ColBERT-350M 128-dimensional L2-normalized token embeddings with MaxSim

Reranking We use the GTE, Qwen3, and
Nemotron rerankers (Table 2). Each reranker
scores only the raw question and a retrieved chunk
and preserves the first-stage top-20 candidate set.
GTE uses the tokenizer’s question—document pair
format with an 8,192-token limit. Nemotron uses
question:{query} \n \n passage:{document}
with an 8,192-token limit. Qwen uses its retrieval
instruction and scores logit(yes) — logit(no) with
a 32,768-token limit. Over-length inputs remove
document tokens before question tokens.

C Complete Per-Configuration and
Per-Model Results

This appendix reports the complete model-level
results underlying the aggregated analyses in Sec-
tion 4. All displayed values use the arithmetic
mean of question-level claim recall across the five
context capacities (256—4,096 tokens). Figure 6 is
descriptive; Figures 7—11 report paired component

substitutions.

Reranker  Dataset Chunker Retriever A (pp)
GTE FinanceBench  Fixed-256 EmbeddingGemma  —0.40
GTE FinanceBench  Fixed-256 Qwen3 Emb. —2.00
GTE FinanceBench  Sentence-512  Qwen3 Emb. —1.20
Qwen3 TAT-QA Fixed-256 GTE ColBERT —0.02

Table 5: The four negative reranker effects among the
780 cells. A is the paired change in claim recall relative
to no reranker, averaged across the five capacities.
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Complete 208-configuration grid

Each point is one chunker X retriever x reranker configuration; higher is better

No reranker GTE reranker
BM25 $ Cmg
EmbeddingGemma Ebo ﬁ‘
Qwen3 Emb. @ OQ
GTE Dense QO %
LFM Dense ¢ ° Be
GTE ColBERT D~O a .
LFM ColBERT e Omy
BM25 + EmbeddingGemma %o OD‘
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Dataset-balanced average claim recall across 256-4,096 tokens (%)

Figure 6: Descriptive results for all 208 pipeline configurations. Each point represents one chunker—retriever
combination within the indicated reranking condition. Values are dataset-balanced average claim recall across

the five context capacities. This figure describes complete-pipeline performance and is not interpreted as a paired
component effect.
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Chunker substitutions by base retriever and dataset

Reference: Fixed-512; no reranker; arithmetic mean across capacities

FinanceBench LegalBench-RAG
Fixed-256 -15 +1.6 -1.1 -05 22 +1.3 +0.2 +0.6 +0.9 -02 -0.1
Sentence-512|-08 -32 -1.9 -09 -15 -0.3 -1.1 +0.1 +2.2 +1.4 +1.6 +2.5 +0.6 +1.2

Semantic-512 -1.0 +1.7 +1.9 +0.4 +0.9 +0.1 +0.6
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Sentence-512|+1.2 -0.1 +1.2 -1.4 -0.0 +0.7 +0.8 -0.2 +3.2 +1.6 -0.3 +1.5 +1.8 +1.5
Semantic-512 | +0.4 +1.5 +0.9 +1.2 -1.1 +1.1 +0.1 +0.9 +2.3 +0.9 +1.0 +1.5 +1.4 +0.1
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Figure 7: Chunker effects for every dataset and base retriever. Each cell reports the paired change in claim recall
from replacing Fixed-512 with the indicated chunker, while holding the dataset, retriever, capacity, and no-reranker
condition fixed. Values are percentage-point effects averaged equally across capacities.

319



BM25-RRF effects relative to each neural parent
Color capped at +/-10 pp; cells show true values. No reranker; mean across capacities.
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Figure 8: All 120 matched BM25-RRF fusion effects. Each cell compares a BM25-RRF retriever with its exact
neural parent under the same dataset, chunker, capacity, and no-reranker condition. Values are paired percentage-
point changes in claim recall, averaged equally across capacities. Colors are capped at =10 points so that smaller
effects remain visible; cells show the true values.
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GTE reranker effect by upstream pipeline

vs. no reranker (pp) -Illﬂﬂl | . . Mﬂlﬂ_
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Figure 9: GTE reranker effects across 260 upstream cells. Each cell is the paired percentage-point change in
claim recall relative to no reranker for the same dataset, chunker, and retriever, averaged equally across the five
token capacities. Burgundy outlines mark negative effects.

321



Qwen3 reranker effect by upstream pipeline

vs. no reranker (pp) _IIIIII[ ! : . ]IIIIIII-

-20 -10 0 10 20

260 model-level cells; burgundy outlines mark negative effects

Fixed-256 | +6.8 +2.6 +0.8 +51 +7.7 +56 +58 +55 +3.5 +6.7 +10.8 +6.9 +7.6

£7.6 +105 +106 +10.8 $145 4133 4134

+6.2 +9.5 +10.6 +10.1-+11.9

Fixed-512 | +6.9 +3.2 +0.7 +10.8
FinanceBench
Sentence-512 | +5.8 +6.2 +1.9 +9.9

Semantic-512 | +4.6 +8.4 +1.7 +8.8 +6.3 +5.6 +9.1 +9.6 +10.9 +11.1 +11.5 +12.8

Fixed-256 | +6.4 +4.3 +54 +6.3 +4.3 +6.3 +45 +7.4 +7.8 +7.5 +5.0 +83 +6.8

Fixed-512 | +8.1 +4.6 +5.8 +7.4 +44 +69 +5.8 +7.8 +83 +84 +54 +9.3 +8.0
LegalBench
Sentence-512 | +94 +5.1 +6.2 +7.9 +49 +89 +6.3 +9.1 +9.6 +99 +6.7 +11.4 +9.2

Semantic-512| +89 +5.6 +58 +82 +6.2 +7.2 +6.1 +9.3 +9.1 +9.4 +6.6 +9.8 +85

Fixed-256 | +7.2 +9.6 +7.3 +10.9 +9.0 +6.1 +7.1 +7.3 +5.8 +7.7 +7.5 +6.6 +9.7
Fixed-512 | +6.8 +8.9 +6.4 +10.3 +9.2 +6.8 +7.0 +6.2 +4.8 +7.1 +7.0 +6.7 +9.1
MultiHop
Sentence-512 | +6.7 +10.1 +6.1 +12.3 +10.2 +7.2 +7.3 +7.4 +52 +82 +7.7 +6.8 +9.1

Semantic-512 | +7.3 +8.6 +6.5 +9.2 +10.1 +7.0 +7.6 +7.3 +6.2 +7.0 +8.8 +7.0 +10.1

Fixed-256 | +2.9 +2.5 +2.8 +3.2 +4.3 +1.4 +1.9 +2.0 +2.9 +3.0 +45 +2.8 +1.7
Fixed-512 | +3.5 +4.7 +4.4 +3.8 +4.6 +2.0 +1.4 +3.4 +2.1 +2.0 +4.8 +1.8 +1.6
QMSum
Sentence-512 | +4.6 +4.1 +4.8 +6.2 +6.3 +2.1 +2.3 +2.4 +3.2 +4.0 +4.4 +3.4 +2.6

Semantic-512 | +3.0 +39 +3.4 +4.0 +5.0 +2.7 +2.4 +1.6 +3.3 +2.9 +52 +1.8 +1.7

Fixed-256 | +5.7 +7.5 +5.7 +8.9 -0.0 | +0.9 +3.7 +2.7 +5.4 +10.8 +1.3 +2.0

Fixed-512 [ +8.0 +11.1 +8.0 +10.9 +4.6 +3.1 +6.4 +5.1 +8.2 F3HG +4.8 +4.7
TAT-QA
Sentence-512 | +7.6 +11.0 +8.2 +10.5 +3.4 +32 +7.0 +4.9 +8.3 E3VA] +4.0 +4.3

Semantic-512 | +8.8 +9.4 +6.4 +9.2+3.1 +3.3 +6.7 +3.7 +7.2 ;3504 +4.0 +4.1

tofv{,wq.a/\/\run)q,q,/\/\
$ SR EEEEESLEESE
T 5 v g 4 f £ 5 5 9 g & 7
CHE S & ¢ ° 4 s &
S & &~ g s + K g
~S§Owﬁ’$~5wo\//‘\“5
S © o\,g?g*»«O\/
o < +
g g 78 & o g
'Y ' Q)Cné\’é\’

* T @

g

3

Figure 10: Qwen3 reranker effects across 260 upstream cells. Cells use the same paired comparison and capacity
averaging as Figure 9. Burgundy outlines mark negative effects.
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Nemotron reranker effect by upstream pipeline

vs. no reranker (pp) _ﬂﬂll[ ! : . ]IIIIIII_
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Figure 11: Nemotron reranker effects across 260 upstream cells. Cells use the same paired comparison and
capacity averaging as Figure 9. Across these three figures, 776 of the 780 effects are positive; burgundy outlines
identify the four negative cells.
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